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Abstract

Historical maps are commonly used as a source of information to find indicators of soil contami-
nation. The Netherlands has an extensive collection of historical maps, which makes it possible to
analyse maps of any location from up to 200 years in the past. Because the analysis of the maps
is time-consuming, an automated solution is sought. This thesis makes the first step in this regard
by semantically segmenting 90 years of historical maps and detecting changes in the landscape
per decade. Automatic change detection with historical maps is a novelty. The methods for this
are based on work on remote sensing data. To perform both segmentation and change detection,
one general convolutional neural network architecture is proposed, of which several variations are
tested. The variations serve to distinguish and compare three main influences on the performance:
the first is the influence of multi-temporal inputs on semantic segmentation. Adding the map from
a decade after the segmented map to the input did not result in significantly higher performances
overall; it is primarily useful in situations where a feature is drawn ambiguously while it is drawn
clearly in the decade after it. The second influence is the chosen method to combine multiple
maps. The two methods that were tried, namely concatenation and Convolutional Gated Recur-
rent Units, did not differ in performance for any task. Concatenation is therefore concluded to be
the superior method, as it is faster and simpler. The final influence is the choice of performing the
two tasks simultaneously or individually. Performing both tasks improved the change detection
score while decreasing the segmentation score. Overall, the models learned to generalise features
on maps from different decades and locations, with a semantic segmentation F1 score of 88% and a
change detection F1 score of 72%. These scores are significantly higher than those of the baseline
models based on random forests, which shows the added value of using neural networks for tasks
that benefit from context information.
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1 Introduction

1.1 Background

TAUW is a consultancy and engineering bureau that focuses on environmental topics and sustain-
ability. The largest subdivision of TAUW is concerned with the inspection and analysis of the
soil. This analysis concerns several domains such as soil quality, groundwater levels and quality,
and contaminants like lead or asbestos. These analyses are commissioned by third parties for
specified areas of land, and the reasons for them differ considerably. For example, they can be
used to determine the possible land uses of a plot, to estimate the value of a plot before selling
it, or to estimate the risks of new projects. In cases where dangerous contaminants are involved,
legal responsibilities and liability claims come into play, which increase the urgency of determining
the exact cause and location of the contamination. In order to get an estimate of the substances
that are present in the soil, samples need to be taken at the site. The exact locations where soil
samples should be taken have to be planned and marked on a map prior to the collection of the
soil, in order to ensure that a representative sample is taken and that no important information is
missed. The process of choosing the location for such samples is done manually; the soil advisors
check various sources about the site before choosing the recommended sampling locations. These
locations are then given to the field workers who collect the samples.

Manually choosing the sampling locations ensures that the analysis of the site is customised to
the exact needs of each project, and allows for the use of different sources of information depending
on the need. Nevertheless, there are parts of the planning procedure that are repeated for each
project. One of these is the inspection of historical maps to determine what the land was used for
in the past. Any landmarks or changes in the land use that could be significant are marked on the
map to ensure that those locations are sampled thoroughly. The analysis of the maps is done by
hand, and involves looking at all maps throughout the years that depict the site. In order to speed
up this repetitive task, TAUW is looking into automating it.

The practical motivation for this research is the wish to create a model that can help soil ad-
visors with the analysis of historical maps of different time periods. The academic motivation is
that there exists no common approach to solve such a task for this kind of data, and that finding
a solution for this problem could be useful for researchers in many fields. Furthermore, there is a
large database of historical maps of the Netherlands available, which allows for a wider approach
than just a case study with one time period or location as is usually the case. The first step in
this work is to find out what kind of information needs to be extracted from the maps, which is
explained in the rest of this chapter: Section 1.2 first explains how the planning of soil sampling is
done in broad terms. Section 1.3 then explains what planners look for on a historical map. Finally,
Section 1.4 presents the exact problem description and research questions of this thesis.

1.2 Soil Sample Planning

This section details what the current workflow is when deciding a sampling plan, and what elements
influence the decisions in this process. The sampling locations for a project are decided based on
different factors, depending on the situation and the aim of the project. The most common
types of soil investigation are the following [64]: geotechnical investigations are concerned with
the soil types and the structure of their layers, as well as the groundwater. The second type is
biological investigation, which concerns the organisms and organic materials that are present. This
information is valuable for determining the fertility of the soil. The third type is environmental
health investigation, which concerns the presence of contaminants and harmful substances in the
soil. This is important information for the health of the population and the environment, and
such investigations are frequently performed when the owner or use of a plot changes. While
there are many other types of soil investigation, for this paper we shall focus on the third type:
environmental health investigation.

Contamination in the soil is for a large part caused by human activities, from depositing waste
to pesticides that enter the soil through rain [47]. The causes of the contamination can often not
be seen when looking at the site, either directly or through aerial photographs. This is because the
contamination may have occurred a long time ago; many contaminants do not degrade naturally,
or only do so very slowly. Depending on the composition of the contaminant, the soil type, the
pH levels and the drainage, harmful substances can spread across the land or stay at the same
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location for a very long time [48]. Because the properties of a plot are generally not homogeneous
and external conditions such as rainfall are not known, the spread of contaminants cannot be
predicted entirely even if the source location of the contamination is known. The sampling needs
to be planned intelligently in order to detect not only the contamination at the source location, but
the spread across the site as well. If it is not certain whether or where there is a contamination, a
sampling plan needs to be drawn up that can detect them with a reasonable probability.

The choice of the sampling locations is not just left to the expertise of the soil advisor. The
norms of handling soil investigations in the Netherlands are recorded by the Dutch Normalisation
Institute (Nederlands Normalisatie Instituut, NEN). The NEN records norms for all kinds of do-
mains, not just the soil investigations. These are guidelines defined by commissions made up of
parties involved in the market, and are not legally binding. Nevertheless, they are followed in order
to ensure the quality of the investigations. The NEN norms are divided into separate documents
for each kind of investigation, such as asbestos investigations in debris or water bed investigations.
The document for exploratory investigations is the most relevant one for this research, as it con-
cerns the sampling for possible contaminants in the soil. For regular exploratory investigations
this promotes an even spread of sampling points, a given set of drilling depths and the number of
sample points depending on the size of the plot [54]. When there is a reason to suspect that there
is a contamination, the number of required sample points increases. If the location of the contam-
ination is also known, the sampling points should cover the area of the contamination; otherwise,
they should be spread evenly but in a denser pattern. In short, the number of sampling points and
their general pattern is dictated by the NEN norms.

The exact locations of the sampling points are chosen by the soil advisors themselves. There
are several approaches to making a sampling pattern, and often multiple are used for a single
site [19][76]. Firstly there is judgement sampling, where the sampling locations are chosen based
on historical and visual information, and the expert judgement of the sampler. The reliability of
this approach relies on the completeness of the information and the knowledge of the sampler. This
always be used to some extent when sampling for contaminants with suspicion. A general location
chosen with judgement sampling can then be combined with systematic approaches. These include
grid sampling, where the area is divided into evenly spaced blocks, or transect sampling which
samples in a line. If the area is heterogeneous, stratified random sampling can be used to divide
the area into sample areas with different sizes and shapes based on their characteristics. These
techniques can be combined in order to match the situation at the sampling location. For example,
a transect can be laid across an elongated contamination, while the rest of the terrain is sampled
with a systematic grid. The indicators that show where possible contaminants are located are
discussed in the next section.

1.3 Indicators of Contamination

The choice of the sampling location is based on the norms dictated by NEN, knowledge of appropri-
ate sampling approaches, and knowledge about any suspicious areas with respect to contamination
at the site. The suspicious areas are determined by knowledge about how the land was used in
the past. The kinds of activities and landmarks that are indicators of contamination have been
compiled in the Netherlands by Rijkswaterstaat, a part of the Ministry of Infrastructure and Water
Management. This list, called the Uniform Source Classification (Uniforme Bron Indeling, UBI),
contains all indicators of contamination along with a UBI class which denotes the expected level
of contamination. These range from 1 to 8, with 1 denoting the lowest chance of serious con-
tamination and 8 the highest, along with an urgency indicator meaning that action is required
immediately [59]. On the list are currently about 1350 activities and distinguishes between dif-
ferent types of factories, landfills with different contents, agricultural uses, types of infrastructure,
and many more categories. In order to find out which kinds of activities have occurred at the site
throughout the years, historical sources need to be consulted; specifically historical maps. Not all
sub-categories can be determined from maps; they are often too specific to be recorded on a map,
which only show the general use of the land.

The general categories of interest when doing a preliminary investigation are listed below, along
with the kind of contamination that they might indicate and what they look like on maps.

• Filled up ditches and waterways: This category is mentioned first because it is the most
commonly searched indicator. When ditches are no longer in use, for example if meadows are
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exchanged for housing or industry, the ditches are filled up with dirt or waste. Waterways
can be forced to change course, in which case the old riverbed has to be filled as well. The
UBI class of this category ranges from 1 in case normal dirt is used, to 8 in case industrial
waste is used. In case the filling is not known the class is 2.

• Artificial elevations and landfills: While these two categories are separate on the UBI
list, they are mentioned together because they often look the same on a map: either with
height lines or with small stripes around them. It often cannot be seen whether such an
elevation is artificial or natural, which means other sources are required as well. They have
relatively high UBI classes; 6 for artificial elevations, and 8 for landfills. This is because it is
almost certain that the waste contained in them is harmful for the environment.

• Orchards: Orchards are at risk because of their probable use of pesticides and herbicides.
Their UBI class is therefore 5. Orchards are often well-documented on maps, and therefore
easily retrieved. Other forms of agriculture are also on the UBI list, but they are not always
visible on maps.

• Roads and railways: These categories are both easily found on maps, as they are some of
the most important features of a topographic map. They are also likely at the same location
as they are now, especially railways. As for contamination, the foundation of a road can
contain debris and possibly asbestos. When there is a suspicion of asbestos the UBI class
is 7, with normal debris it is 5. Contamination from railways can come from wear and tear
of the wheels, overhead cables, rails and the maintenance of the tracks [58]. The threat of
these contaminants is not exceedingly large, and the tracks are regularly monitored, giving
it a UBI class of 4.

• Industrial terrain: Industry is a large polluter, which is reflected in the fact that the
majority of the items on the UBI list are different types of factories. These can range from
a UBI class of 1 for fur processing to an 8 for chemical industries. The type of industry can
sometimes be derived from the names written on the maps; otherwise it only indicates that
it is some kind of industrial terrain or even just that there are buildings. In the latter cases,
other sources have to be consulted to find out what was manufactured there.

• Buildings from 1945-1993: This period is suspicious because of the widespread use of
asbestos in construction projects at the time. Any building that was built in this time-frame
could contain asbestos, and any demolished building from this period is marked with a UBI
class 6. Because maps are not remade every year, particularly as one goes further back
in time, the exact building date may not be visible from the map alone. Still, they can
provide an estimate of when new buildings were erected. If more detailed information is
needed, the Dutch Base Registration of Addresses and Buildings (Basisregistratie Addressen
en Gebouwen, BAG) can be consulted.

It should be noted that if one searches for these indicators on historical maps, they are primarily
looking at indicators that are not there in the present; the advisor is likely already aware of those.
An exception to that rule are buildings, as the building year needs to be known before an estimate
of their contamination can be determined. In fact, any significant change in the land can be
important to know, as land changes go hand-in-hand with the moving of soil, either to the site or
from it. It is therefore important to monitor the indicators mentioned above as well as any changes
in the landscape, whether they involve the indicators or not.

1.4 Problem Description

In the previous subsections, it was discussed how a soil advisor plans the locations of soil samples
and how suspicious landmarks are discovered using historical maps. This thesis focuses on au-
tomating the task of extracting information from historical maps to assist the soil advisors in the
planning process. Specifically, a tool is desired that can identify and report suspicious landmarks
and changes in the landscape. The landmarks that are identified are water, orchards, and buildings.
These three are chosen because they commonly occur on maps, are useful for the soil advisors, and
have distinct characteristics. These characteristics provide different challenges, which give insight
into how the models react to certain types of features. On the maps in question, the waterways
are very narrow and long, which requires high precision and information from the context in order
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to classify them properly. Especially ditches, which are not always coloured, require context in-
formation to separate them from other black lines. The orchards are marked with a pattern that
does not cover the whole space, meaning that the boundaries of the area need to be found by the
model. Finally, the buildings are quite small but filled in. They require high precision, and the
model needs to distinguish them from letters on the map which are also black and of a similar size.
This category also covers industrial terrains. Aside from the indicators, any significant change in
the landscape are reported as well. Figure 2 illustrates the desired segmentation and landscape
changes for a given input.

The models have to assign each pixel to one of the segmented classes, and determine whether
it has changed or not. To do so they need information about the context of the pixel, and learn
to generalise the features of maps of different time periods. To accomplish these tasks, a sub-
category of neural networks called convolutional neural networks (CNNs) is used. These machine
learning models can learn to process image data and return useful information about them based
on training examples. Within this basic framework, there are three aspects which we can vary:
the input that goes into the models, the architecture of the models themselves, and the output
that it must learn to produce. The first option, namely the input, is at minimum a single map
to be segmented semantically or two maps between which the changes must be detected. While
multiple maps are not necessary for semantic segmentation, the maps of other decades may pro-
vide additional information that is useful to the current decade. The influence of multi-temporal
inputs on semantic segmentation has not been explored before, which makes it the first topic that
is explored in this thesis. For both change detection and the expanded semantic segmentation, a
way to combine multiple maps within a single model is necessary. This brings us to the variation in
model architecture: two ways of combining multiple maps are investigated, namely concatenation
and a recurrent neural network (RNN). Concatenation simply adds the maps together, resulting
in a fully convolutional neural network (FCNN), while a recurrent unit has a more complex way of
combining temporal inputs. While both methods are used in the literature for these kinds of tasks,
there is as of yet no consensus as to which is preferred. The difference between these two methods
is investigated for both tasks. Finally, there is the output that the models have to return. There
are two tasks that need to be performed, but the choice remains to perform them simultaneously or
individually. The difference between these two conditions is the final point of interest. Concretely,
this thesis answers the following research questions:

1. Does input from maps of other time periods make FCNNs and/or RNNs perform better at
the semantic segmentation of historical maps than if they would only receive input from the
current time period?

2. Does an RNN perform better than a FCNN at the semantic segmentation and/or change
detection of historical maps?

3. How does learning both semantic segmentation and change detection simultaneously affect
the performance of the models compared to when they learn them separately, and does an
RNN perform the combined task better than a FCNN?

(a) 2000, not annotated (b) 2000, annotated (c) 2000, differences (d) 2010, not annotated

Figure 2: Example of (b) the desired segmentation and (c) the differences between the maps. (a)
and (d) show the original images.
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2 Literature

This section discusses relevant literature related to the analysis of historical maps, and the image
processing techniques that are relevant to the topic. To the knowledge of the author there has
been no research yet in the application of automated analysis of historical resources in the field of
soil analysis. Section 2.1 starts with a general exposition of the different challenges and techniques
that are encountered when digitising historical maps. Section 2.2 discusses the techniques that are
commonly used in the field of remote sensing. The segmentation of maps by land use and detecting
the changes in the landscape are common topics when working with remote sensing data. Although
the data sources differ, many of their techniques are applicable to the current topic. Section 2.3
explains the general techniques that are used to extract meaning from images with neural networks,
and relates this back to work in map analysis. Finally, the lessons that can be learned from the
literature are discussed in Section 2.4.

2.1 Map Analysis

Historical maps are relevant in many branches of research such as history and social or environ-
mental studies. They are an important source of geographical and political information, and this
importance is highlighted even more the further one goes back in time. The large-scale digitisation
of these maps started in the 1980s [16], and has led to a large amount of available scanned maps
distributed over various repositories and databases. Still, the information stored in these maps is
difficult to obtain in practice. They are only scanned pictures, and it is therefore not possible to
look up their information through a search engine or the like. The points on the map are often
not linked to coordinates, or the given coordinates might not be correct; the scale of the map
might not match the distances found in the real world. This not only complicates relating maps
to the real world; it also means that maps of the same area cannot always be compared directly.
This comparison is hindered further by the fact that different representations are used in different
maps, which requires cross-referencing the legends and cartographic practices; assuming that a
legend is available. These different challenges of the digitisation of historical maps are explained in
more detail below. First, the extraction of interesting landmarks and features on maps is discussed
in Section 2.1.1. Secondly, the comparison between different maps is discussed in Section 2.1.2.
Finally, the challenges of using neural networks for historical maps are discussed in Section 2.1.3.

2.1.1 Segmentation

Segmentation of historical maps can be done either with features that correspond to real-life objects
such as buildings, or with abstract features such as parking symbols. The term ‘feature’ on a map
refers to anything that was put on the map with an intended meaning: the land use, cities, roads,
points of interest, soil composition, and so on. Extracting these features from a scanned map gives
more semantic information about what is displayed on the map. Very old maps are relatively
difficult to analyse automatically, so much work is still done by hand [42]. The georeferencing
of recent paper maps is often better and more consistent, which makes automated approaches
more viable. Finding abstract symbols is relatively easy because they always look almost exactly
the same. This task is done both semi-automatically and fully automatically. Semi-automatic
approaches often use SURF (Speeded Up Robust Features), which needs an example image and
finds all similar symbols on the map by moving a sliding window with twice the size of the example
over the map [5]. The candidate list can be further refined with histogram matching. Histogram
matching makes a histogram of the occurrences of all pixel intensities in the candidate image, and
compares that to the histogram of the example [46]. A more general description of the shape
can handle more diverse drawings within the same map, such as the recognition of drawn trees
in [36]. While an advantage of the above techniques is that not much training data is needed, a
disadvantage is that each map needs its own hand-picked examples. When there are interfering
symbols or different scan qualities, it does not hold up. Additionally, they cannot be used for
geographic features which differ in shape. There are several segmentation algorithms that split up
the image into regions that differ in shape and size. Region-growing segmentation uses the colour
of nearby pixels compared to the mean of the whole to segment a picture. An example of this
is the work of Shaw et al. [71], who extract the shapes of lakes from old maps in this way. A
downside to such methods is that they need an additional step in order to classify the regions. In
order to do that, or to do both the segmentation and the classification in one step, recent work
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has been done in the application of machine learning to the field. Many GIS programs provide
packages for the automatic segmentation and classification of maps, which are generally used on
satellite images. Object-based Image Analysis (OBIA) divides the whole map into segments based
on the similarity of areas, which are then classified with a range of machine learning techniques.
It needs annotated points in the map in order to start classifying, and the segmentation needs to
be tuned to the features of the map in question. This has also been used with historical maps,
with an additional step of removing any text from the map [92]. Convolutional neural networks
(CNNs, see Section 2.3) are popular as well for map segmentation. They are useful for detecting
the general location of features that have no clear border, such as road intersections [67]. They are
also used for semantic segmentation, as can be seen in [11]. The paper details a recent competition
in the segmentation of historical maps; all of the participating methods use some form of CNN.

A specific type of feature that is very useful on a map is the text. This can be used to
georeference the map; to connect it to real-world locations. When talking about the recognition
of text in complex scenes, the term ‘scene text recognition’ is used. One possibility for scene text
recognition is to use a CNN for the whole process of extracting the letter locations and extracting
the characters themselves, as is done by Xie et al. [89]. A more popular option is to first extract the
letters from the image with a CNN, and then use a recurrent neural network (RNN, Section 2.3.3)
to decipher the characters. Examples of this are the network architectures of Cheng et al. [14]
and Loginov [45]. Such an approach is also effective for map content, as is shown by Weinman et
al. [87]. Once the characters and/or words are extracted from the map, they need to be linked
to an actual place name. When the name consists of multiple words the two first need to be
added together before they can be matched to their real counterpart; such work can be aided by
information about the fonts and capitalisation, as is done by Lin et al. [41]. This is taken further by
Chiang et al. [39], who use a combined network where a textual predictor decides which separate
words belong together based on fonts and capitalisation, and a visual predictor which is concerned
with the neighbourhood of the words. A gazetteer containing historical place names can be used
in a Bayesian model together with the CNN output to output correct place names as is done by
Weinman [86]. The methods above all involve finding specific features on single maps. The next
section explains more about how the comparison of such features over time is typically done.

2.1.2 Change Detection

Detecting changes on historical maps allows one to study changes in the landscape that were
made much further back in time than is possible with satellite data. Because maps are relatively
difficult to classify automatically, this is often done by hand, after which the comparison is done
automatically. Examples of this are the work of Li et al. [38], who combine data from historical
maps and satellite data to map the urban growth around Beijing, and Chen et al. [13], who map
the general land use of Taiwan with similar data. Picuno et al. [62] also classify the land use
manually, but use machine learning software to map the changes between the classified maps.
Others use more automated approaches, such as Liu et al. [42] who use random forests for the
classification of general land-use in Chancellorsville, USA and analyse the proportions over the
years. Another example is the work of Fuchs et al. [21], who use maximum likelihood estimation
to classify maps of central Europe based on colour, and then use an automated spatial allocation
model to combine different sources. Two general trends can be seen in the literature: firstly,
they classify everything on the map into general classes, after which they compare the differences
between those classifications. Secondly, the use of machine learning techniques is not very common.
Neural networks in particular are rare in this field. Possible reasons for this are that the studies
need a high level of precision, or that the maps are too heterogeneous to process with common
automated techniques [77]. In the previous section it was seen that machine learning is frequently
used for the extraction of features from maps, but it seems that this does not hold for change
detection. Bringing the techniques from other fields to the field of map analysis could ease the
burden of ecologists and historians considerably. In Section 2.2.2 some of the techniques that
are used with remote sensing data for this task are detailed. These papers can be used as an
inspiration for work with historical maps. When creating models with historical map data one
encounters additional hurdles, which are outlined in the next section.
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2.1.3 Using Neural Networks for Historical Maps

Using neural networks for historical map segmentation comes with some difficulties which one
needs to take into account. First of all, there is not a lot of training data available. For real-world
photographs there are very large data-sets available online, as well as networks that are trained
on them. For scanned maps this is not the case, which means that the researcher has to create
training data themselves. One can inflate the number of training images by manipulating existing
training samples, such that an annotated image can be used multiple times [87]. Current-day data
about the locations of landmarks can also help to create training data automatically as in [81].
A common approach to solve the problem of insufficient training data is to use transfer learning:
finding a network trained on photographs or another domain, and then using them in a network
for scanned maps. One does need to take into account that photographs and scanned maps have
different characteristics, such that the features on maps are relatively small compared to objects
in a photograph; coarse classifiers might not be able to locate them accurately. Because of this,
enough training data for the scanned maps is still needed, and the borrowed model still has to be
trained from the shallow layers to perform well [15]. Some therefore choose not to use transfer
learning after all, as the differences are too great [13].

Secondly, there are often interfering elements on maps. This includes text elements, paper folds,
and edges where different maps have been added together. Some examples of these can be seen in
Figure 3. While a neural network can learn to work around distractors, it needs a large enough
receptive field to see from the context which lines are from map features and which are not. An
additional difficulty arises when maps from different times and sources are used. The cartographic
designs, scan qualities and the archival conditions of the maps can differ across the maps. This
large variability needs to be taken into account for design choices such as the complexity of the
model, multiple models per cartographic style, or explicitly balancing the different styles in the
training data [82]. It could be that some features are clearly visible on one map, but not on the
other. One needs to balance the need for generalisation and the extent to which a network can
do so. For example, in [22], a network based on U-Net (see Section 2.3.2) is used in order to find
archaeological sites on historical maps. For each depiction of ruins, such as mounds and the Arabic
word for settlement mound, a different classifier was trained. This makes the search for different
representations of the same element explicit, rather than letting the network figure out which set of
representations belongs to the same class. On the other hand, this does mean that several models
have to be trained, which takes more time and computational power.

In short, when using a neural network for finding features on scanned maps one needs to keep the
following in mind: the resolution of the output needs to be high enough to find the small features,
the training set needs to be balanced to cover all cartographic variations, and pre-processing and/or
transfer learning might be needed to compensate for insufficient amounts of data. With this in
mind, we can turn to the exact techniques that are used to build such a model.

Figure 3: Examples of distractors. Red: overlapping text. Yellow: distortions at the border of
adjoining maps. Green: different representations of the same feature. Blue: grid lines.
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2.2 Remote Sensing

Remote sensing (RS) data pertains to data that is collected from a distance, such as from satellites
or aircrafts. Measurements such as radar also fall under RS. The most common type of measure-
ment that is taken for landscape monitoring is reflected sunlight. This can vary from photographs
with three bands for the visible colour spectrum to hyperspectral data which can have more than
200 narrow colour bands. These are not limited to the visible colour spectrum; short-wave and
thermal infra-red are also used [24]. With this kind of data, it is possible to gather information
about areas that are difficult to traverse otherwise. Although the study of this kind of data is not
directly related to the analysis of historical maps, the usage of the data is: to determine the land
use of an area and to monitor the changes in the landscape are both frequent aims of studies with
RS data. A summary of techniques used for determining the land use is given in Section 2.2.1,
while Section 2.2.2 discusses the techniques used for change detection.

2.2.1 Segmentation

Segmentation of satellite images is mostly done to classify the land use of an area. Machine learning
techniques are commonly used for this task. Especially in the past, it was most common to classify
the pixels separately. These pixel-based methods previously had difficulty with low-resolution
images, as these could contain more than one land cover type. The current-day satellite images are
of a much higher resolution and do not have this problem, as most real-life objects are distributed
over multiple pixels [26]. By using the large spectral range of RS data it is possible to classify
pixels with only minor input from the surrounding landscape. For example, Sesnie et al. [69] use
a large amount of spectral and spatial data to classify each pixel individually by using a decision
tree. For some of the parameters a block of 3 × 3 pixels is used, such as for the local texture.
A more recent example is the work of Pan et al. [60], who use a recurrent neural network with
spectral data as input to classify single pixels.

Another quite popular method is object-based image analysis (OBIA). These methods first
segment the image into objects which ideally correspond to real-life objects and then classify those.
GIS software often has options for this kind of classification built-in, such as ArcGIS or GRASS.
Object-based methods have the advantage that information such as shape and area can also be used
for classification, alongside spectral information. The quality of those parameters depends heavily
on the quality of the segmentation, because over- or under-segmentation can lead to inaccurate
assessments of the shape and size of an object [43]. The dependency of the classification on the
segmentation accuracy is increased when there is only limited spectral information available. An
example of object-based classification is the work of Smith [75], who first segments multi-spectral
images before classifying them into land-use classes with a random forest classifier. The objects
can also represent parcels, as is done by Huang et al. [27]; they first segment the area into parcels,
and then overlay it with a grid to produce square tiles as input for a neural network. The weighted
average class of those tiles is then used as the class of the parcel. Many more examples can be
found in the review of object-based segmentation by Hossain et al. [26]. A comparison between
pixel-based and object-based methods is made by Liu et al. [42], who use a pixel-based method
combined with maximum likelihood classification and an object-based method combined with
random forest classification. The object-based method provides a more clean picture, while the
pixel-based method shows a ‘salt-and-pepper’ effect; small islands of a class.

A third option is to classify all pixels at once, without splitting the image into blocks. This has
the advantage that context information is taken into account as well. Neural networks are useful
for such a task, as they can process many parameters at once and can have many output values.
An example of such a method is the work of Kampffmeyer et al. [33], who use patches of 256× 256
pixels and classify each pixel at once. The classes that are used in their work are objects such as
houses and cars, rather than land-use classes. They also compare this method with a patch-based
method which only classifies the centre pixel. The full-image version performed better.
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2.2.2 Change Detection

Change detection pertains to the detection of changes over time in a region of interest. Such work
is done on satellite images and other remote sensing data to document the changes in the Earth’s
land coverage. This is useful for many applications, including urban development monitoring,
land use detection and disaster assessment. Care is often taken to compare images that were
taken around the same time of the year to reduce the effect of the seasons and differing sun
angles. Radiometric, atmospheric, and topographic corrections are also used to properly align
the images and to reduce noise [29]. Change detection can be done in different ways; one option
is to first classify both images separately, and then to find the differences in classification. This
method is called post-classification change detection. Example applications of the method are tree
coverage [79] or general land use [6]. This only works if the classes cover all possible uses of the
space; a change in a non-classified part of the image cannot be identified. Another option is to
directly compare the images and then output the differences. This can be done either as a binary
classification of changed/not changed, or with more specific classes such as changes in waterways
or buildings.

Such change detection algorithms can be roughly classified into two steps: First, a quantitative
measurement of the difference between the images has to be made. Secondly, a threshold or other
method needs to be used to convert the measurement into a binary classification of changed or
not changed. The first step can be done by simply subtracting the values of the pixels from
one another (image differencing) or dividing one image by the other (image ratioing) [1]. More
advanced methods are principal component analysis (PCA) or change vector analysis (CVA) [3].
PCA is normally used to reduce the number of dimensions in high-dimensional data by combining
correlated dimensions into single components. In the case of change detection, PCA is performed on
the combination of the two images. The idea is that the first components represent unchanged areas,
while later components represent changed areas and the final ones are simply noise. Downsides of
the method are that it can be difficult to identify which components should be used and that the
results are specific to the images that are given as input. CVA computes both the magnitude and
the direction of the change between two sets of data. The direction is mostly useful for applications
where changes tend to be of the same domain such that they can be readily recognised, for example
soil moisture changes [2]. These methods can in principle be used for each pixel pair if the two
images are well-aligned. For more robust results, however, it is better to take the surrounding
pixels into account as well [63]. For example, each pixel can receive information of the 3x3 pixel
block surrounding it, after which the output is applied to the middle pixel [34]. Another option is
to first detect the objects in the image with segmentation algorithms, and to compare those [29].
Which method is preferred differs greatly between communities and applications [2][3].

The methods above output some measurement of the difference between the two images. These
‘change masks’ need to be classified into binary values of changed or not changed. One option when
the numeric values are stable is to pick a threshold based on some examples; this is not practical for
scene-dependent methods such as PCA, or methods which output multiple values. More specific
techniques can be split into unsupervised and supervised methods, which range from statistical to
machine learning algorithms. Unsupervised methods are for example auto-encoders or clustering
algorithms such as K-means or Fuzzy C-means clustering [10]. Such algorithms are very useful
when no annotated data is available. Supervised methods are for example maximum likelihood
classification [2], decision trees [30] and neural networks. Examples of neural networks that are
used for change detection can be found in Section 2.3.4. It should be noted that both clustering
and supervised methods can be used without first merging the images into a change mask; in that
case the way in which the inputs of the algorithm relate to each other needs to be learned by the
algorithm itself. This can present problems for less complex methods such as clustering algorithms.

RS data has many convenient properties which make these methods viable. Firstly, it contains
multi- or hyperspectral data. Such data contains rich information about each pixel, which makes
classification possible with very little context data [60]. Secondly, satellite images are likely to be
quite similar if no real changes have occurred, aside from changes in the shadows and the weather
conditions. Finally, the images have no scale differences as long as they are taken from the same
height, meaning that the images can be combined with high spatial accuracy. This means that
pixel-wise and object-based methods can be quite successful, as the overlap of the features is very
precise. For images that do not have these properties, neural networks can be used as a more
robust alternative.
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2.3 Image Processing with Neural Networks

In order to detect and locate the important features on the maps and the changes in the landscape
over time, convolutional neural networks (CNNs) are employed. The general structure of a CNNs
is explained in Section 2.3.1. The task for which they are used in this thesis is segmentation, which
requires a specific architecture. This is discussed in Section 2.3.2. Finally, Section 2.3.3 discusses
recurrent neural networks (RNNs), which are used to process temporal data, such as images or
maps from different times.

2.3.1 Convolutional Neural Networks

CNNs are a type of neural network that deals with three-dimensional data, where information is
assumed to be spatially correlated; this mostly comes down to images. The third dimension is
generally for colours when images are involved; a ‘depth’ of 3 for the values red, green and blue
form the colour of a single pixel. CNNs are loosely based on the structure of the animal visual
cortex; the early layers encode patterns and simple shapes with high spatial resolution, while the
deeper layers encode more global information which combines the outputs of the earlier layers. In
contrast to the visual cortex and conform to most neural network architectures, standard CNNs
are completely feed-forward; this means that no information from later layers is relayed back to
the earlier ones. A CNN consists of a series of layers, just like a normal neural network. Each
layer receives as input an array of numbers called a tensor, applies one or multiple operations to it,
and outputs a new tensor. Three main types of layers are used with CNNs: convolutional layers,
pooling layers, and fully-connected layers.

Convolutional layers are used to extract features that span multiple elements in the input. This
is done by sliding a kernel, which is a weight matrix, over the image. The weights are multiplied
with the value at the corresponding element, which are then added together to create a single
element in the resulting output. The output of a convolutional layer is called a feature map. An
example can be seen in Figure 4. The weights remain constant throughout the convolution, which
means that the same pattern is collected at each part of the image. The speed at which the kernel
moves over the image is determined by its stride: a stride of one means it moves one element at
a time, a larger stride that the weights ‘skip’ some elements. In order to ensure that the feature
map remains similar in size to the input tensor, padding is used. Padding refers to adding a layer
of zeroes around the input tensor, to ensure that the tensor starts with its middle weight at the
top left corner. In this way, each element is at the centre of the kernel once (with a stride of
1). Multiple kernels are typically applied in one layer. Each of those kernels results in a feature
map which are combined as channels in the resulting output, serving as the third dimension. In
numbers: if the input tensor is of size n×n, and kernels of size m×m are applied to it with stride
s and p padding, then the resulting feature map is a square with length and width n−m+2p

s + 1.
The third dimension is equal to the number of kernels. When the input has multiple channels, the
kernel averages over all channels to produce its feature map; its size therefore becomes m×m× c.
The kernel size, number of kernels, stride and padding are hyperparameters and have to be chosen
beforehand. Only the weights in the kernels are learned [90]. The resulting feature maps are put
through an activation function before serving as the input of the next layer. Activation functions
are important in neural networks to keep the numbers within an acceptable range for computation,
and to introduce non-linearity into the architecture. The most commonly used activation function
is currently a rectified linear unit (ReLU), which filters out negative numbers by setting them to
zero [53].

The second type of layer is the pooling layer. A pooling layer is used to reduce the dimensionality
of the feature maps, in order to decrease the number of parameters and to generalise the maps.
They have a sqaure filter with a set size, which slides over the input. The two most common
types of pooling are max pooling and average pooling. Max pooling takes the maximum value of
the elements in its filter and relays that to the feature map. Average pooling takes the average
of its elements and returns that. Pooling reduces the size of the image, but it does not change
the number of channels that results from the use of multiple kernels in a convolutional layer. An
advantage of dimensionality reduction with pooling is that no weights need to be trained for the
layer. An alternative for dimensionality reduction which does need trainable weights is using a
convolutional layer with a stride higher than 1; an advantage of such a method is that the process
is more controlled.

The third type of layer is a fully connected layer. Contrary to convolutional layers, it does not
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Figure 4: Example of a convolution operation with a kernel size of 3x3.[90]

take the spatial structure of the data into account; each element has its own corresponding weight.
Each neuron in this layer takes a vector as input and multiplies this with its weight vector. It then
adds those results together along with a bias term, puts them through an activation function and
outputs a single value. This results in an output size equal to the number of neurons. Because this
layer requires one-dimensional input, output of the convolutional layers first has to be flattened
before they can be used. The flattening comes down to listing all values in the feature maps in a
row. A fully connected layer has as hyperparameters the number of neurons and the choice of acti-
vation function. The ReLU activation function is typically used here as well. In the case of image
classification a fully connected layer is often used as the last layer, with each neuron representing
a possible class.

Both the convolutional and the fully connected layers have weights that have to be learned. The
purpose of any neural network is to be an advanced function approximator; the function that it has
to approximate has to be learned from examples. This involves training the network with many
input-output pairs in a supervised manner. First, the difference between the desired output and
the output of the network is computed; this is done with a loss function. For simple classification
this is commonly done with cross-entropy loss, both for binary and multi-class problems. The goal
is to minimise this loss as much as possible, which amounts to minimising the difference between
the network output and the desired output. Once the loss is computed, the weights are updated
using back-propagation, which uses the gradient of the loss with respect to the weights in order to
estimate how much the individual weights have to be changed. The actual change of the weights
depends on the optimisation function that is used, which show different behaviours when faced
with the same gradients. For more information about back-propagation one can consult [23]. The
goal of training a network is to use it on new data. While the network is trained on a training
dataset, a test set needs to be kept separately to see whether the network can generalise to other
inputs. This is important because the number of weights that is needed for a neural network is
hard to estimate from the start. If too high a number is chosen, the network can be prone to
overfitting.

A common goal of a CNN is to say something about the input as a whole. This means that the
last layer of the network is often a fully connected layer, which results in one or multiple classes.
An example of a class domain is the land use that is visible on remote sensing images as done by
Huang et al. [27], where a large image is first cut into pieces according to additional data about
the street blocks. Those pieces are then classified as a whole, and combined to form a pattern of
the large image. Such a technique for finding the locations of classes in an image is only possible if
a way to decompose the image is known beforehand. Otherwise, both the locations and the classes
in the image need to be discovered by the network. This process is called image segmentation.

2.3.2 Segmentation

Within the context of neural networks, segmentation is commonly combined with classification.
When one wants to assign specific classes to the found segments there are some options to consider,
which can be seen in figure 5. Firstly, there is semantic segmentation. This assigns a class to
each pixel, but it does not recognise to which object that pixel might belong. Secondly there is
classification and localisation. This classifies the picture as a whole, but it also shows where the
object roughly is with a bounding box. The third option is object detection; here multiple objects
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are classified, and also classified as separate objects rather than pixels belonging to a class. The
objects are marked with a bounding box. Finally, instance segmentation finds the separate objects,
classifies them, and also marks the exact pixels that belong to the object. For the segmentation of
historical maps the first option, semantic segmentation, is most appropriate. The reason for this
is that the exact locations of the landmarks are important to decide the sampling locations, but
the exact object to which the landmark belongs does not matter. The remainder of this section
therefore focuses on techniques for semantic segmentation.

Figure 5: Different options for partitioning a picture into classes. Adapted from [37]

In order to semantically segment an image, the output needs to be as follows: it needs to be
the same size as the input image, and the number of channels needs to be equal to the number
of classes in order to assign each pixel a class. As we have seen in section 2.3.1, a standard CNN
only has layer options to decrease the size of the image. The simplest option is to use a Fully
Convolutional Network (FCN), which replaces the usual fully-connected layer at the end of a CNN
with a convolutional layer with the size of the input image [50]. In order to get to the size of the
input image, the information of previous layers needs to be up-sampled. To prevent the output
from being too coarse, skip connections are used which transfer the feature maps of earlier layers
to the final layer which are then combined to create the up-sampled output. Networks that use
a lot of skip connections are also called residual networks. Huang et al. [28] go even further with
their network DenseNet and include skip connections from each feature map between convolutional
blocks to all future feature maps. Skip connections help to ensure that the resolution remains high
after many convolutions, and prevent vanishing gradients in large networks.

Another well-known architecture is the encoder-decoder network, introduced by Noh et al. [56].
Instead of up-sampling at the last moment, this architecture is ‘symmetric’. It first reduces the sizes
with regular convolutions, which is the encoder. It then uses transposed convolution, also called
deconvolution, to gradually up-sample to the intended image size; this is the decoder. A more
detailed explanation of transposed convolutional layers can be found in [51]. Such a network still
has some trouble with keeping fine-grained information intact, as the encoding process removes
spatial information. To remedy this, skip-connections can be added between the encoder and
decoder layers with the same size. This was first proposed by Ronneberger et al. who called the
architecture U-Net [65].

Rather than increasing the receptive field gradually, one might want to take into account
information at both global and local scales at the same time. For this a multi-scale pyramid
structure can be used [50]. It uses several pooling operations in parallel at different kernel sizes
to extract information at different scales. These are then independently convoluted, after which
they are all up-sampled and combined again. A representative example of such a network is the
Pyramid Scene Parsing Network (PSPNet) by Zhao et al. [93]. It first lets any other CNN create
a feature map of the image, after which a pyramid pooling module is inserted. The result of this
is then combined with the original feature map and convolved once more before outputting the
segmentation.

In order to take a large part of the image into account by increasing the receptive fields, one
needs large kernel sizes. It is, however, computationally expensive to use those as they have many
weights that need to be trained. A solution for this is to use dilated convolutions [91]. These
kernels have zero padding between their weights, such that they cover a larger area at a time; the
overall size of the kernel can be 5 × 5, even though it only uses 3 × 3 weights; this is illustrated
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in figure 6. As long as a stride of 1 is used, no elements are skipped completely. Because these
layers can already reduce the dimensions of the image drastically, the use of pooling layers is less
essential. This is advantageous, as pooling layers decrease the resolution of the final image. One
thing to keep in mind is that the input needs to be padded more in order to properly take the edges
of the image into account. Applying convolutions in parallel with different dilation rates can have
a similar effect to pyramid pooling. An example of this is the work of Wang et al. [85], who use
multiple dilation rates and concatenate their results to improve on the general U-Net architecture.

There are many more advanced techniques in image segmentation, which cannot all be discussed
in detail here. Attention-based models first decide which areas of the image to focus on before
classifying it. Generative Adversarial Networks use two models, one for creating a realistic seg-
mentation and one for discriminating between the generated and the ground-truth segmentations.
Some models are combined with non-neural network approaches, such as active contour models
or conditional random fields. A good overview of the possible methods can be found in [50]. An
important point to consider is that many techniques that are used in such architectures have been
carried over from image classification with standard CNNs. One should be mindful not to assume
that techniques that work well for classification, also work well for semantic segmentation [91].
An example is the use of pooling layers; these inevitably decrease the resolution, which can be
detrimental to the result. The different techniques that we have seen above that aim to improve
the results for segmentation specifically are the use of skip connections, transposed convolution,
pyramid pooling, and dilated convolutions. These are mixed and matched with regular convolution
and other techniques to form the final architectures of the many segmentation networks available.

In order to train a segmentation network, a suitable loss function has to be chosen. One can
use one loss for the entire image, similar to how it will be judged in the end; examples for this
are the Jaccard loss and dice loss [31]. These are attractive because one can see during training
how well the model will perform in the evaluation. Another option is to compute a loss function
separately for each pixel; in this case variants of the cross-entropy loss are often used. The exact
variant depends on the distribution of the classes in the data.

Figure 6: A dilated convolution with kernel size of 3 × 3 and a dilation rate of 2. The dark blue
elements are weighted and added to form the dark green element in the next feature map.[80]

2.3.3 Recurrent Neural Networks

RNNs are neural networks that focus on processing sequential data. They are widely used in
areas such as language processing and generation, speech recognition, and providing image de-
scriptions [68]. An RNN has, contrary to regular neural networks, cycles in its structure. It has a
hidden state which is updated with information from a timestep and then passed to the next. The
originally proposed structure of an RNN is hardly used anymore because it suffers from vanishing
gradients and cannot capture long-term dependencies [50]. There are two widely used variants:
Long Short-Term Memory (LSTM) and Gated Recurrent Units (GRU). Both architectures make
use of ‘gates’ to control the flow of information, instead of the original RNN which combined the
new input with the output of the previous without any filter. LSTM makes use of three gates:
a forget gate which decides what information to keep in memory from the previous output, an
input gate which decides what values in the memory will be updated, and an output gate which
decides the output. A GRU has only two gates: an update gate which decides what information
from the past to keep, and a reset gate which decides what information from the past to forget.
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Because the GRU has a simpler structure and fewer parameters, it can be trained faster. The
performance of the two models is comparable, although LSTM seems to be more suited for very
long sequences [17]. Because the sequences for our application are not particularly long and simple
architectures are preferred, only the GRU is discussed in more detail; a comprehensive explanation
of LSTMs can be found in [57].

Figure 7: Schematic of a GRU. 1: update gate. 2: reset gate. xt: input at the current timestep.
ht−1: output of the previous timestep. σ: sigmoid function. Yellow circles: element-wise product.
Pluses: element-wise additions. Pink W: multiplication with weights. Adapted from [35]

A schematic of a GRU can be seen in figure 7, which is explained here in more detail. The
past information ht−1 that is passed on in a GRU is the output of the previous timestep; there
is no difference between what is kept in the cycle for the future, and what is given as output for
the rest of the model at the same timestep. The computation of the new state ht is as seen in
Equation 1. Both parts of the equation use the term zt. This denotes the output of the update
gate, which determines how much information of the previous timestep should be kept. The gate
has a weight for both xt and ht−1, adds them together, and puts it through a sigmoid function
to form an output between 0 to 1. These numbers denote how much of the past information is
relevant. The exact computation can be seen in Equation 2.

The next part that needs to be computed is the candidate state h′
t, which stores the information

from the present combined with filtered information from the past. For this, the output of the reset
gate has to be computed. The reset gate decides how much of the previous information should be
forgotten; if the output is close to 0, it will read the new input as if it is the first timestep. The
reset gate rt is computed in the same way as the update gate, which can be seen in Equation 3.
Once this is computed, the candidate state can be computed by first combining rt with a weighted
ht−1, and then adding that to a weighted xt. Equation 4 shows the exact computation.

The information from the past ht−1 is weighted by multiplying it element-wise with the output
of the update gate zt. This value is then added to the candidate state h′

t, weighted with (1− zt),
which holds information about the present. The final computation is seen in Equation 1. The
resulting architecture is a recurrent unit that can retain long-term information from sequential
data. Each of these units has 6 weight vectors that have to be trained, which have the same
dimensions as the input. A layer has multiple GRU units in parallel, which can all focus on a
different type of information. One might be reminded of the different kernels in a CNN layer,
which are similarly separated.

ht = (1− zt) ◦ h′
t + zt ◦ ht−1 (1)

zt = σ(W x
z xt +Wh

z ht−1) (2)

rt = σ(W x
r xt +Wh

r ht−1) (3)
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h′
t = tanh(W x

c xt + rt ◦Wh
c ht−1) (4)

GRU architecture can also be used in combination with a CNN, for instance to analyse
videos [73][74] or magnetic resonance images [25]. These examples use the input from the other
images to enhance the segmentation of the current one. One can see that in the video images,
the shared movement of object parts give more information about whether they belong together.
In some cases, the output of a CNN is first converted into 1D data before running it through the
RNN, in which case the structure described above is still used. The pixels can also be run through
a GRU independently, using the colour spectrum as the sequential dimension [60][78]. When a 2D
image has to be processed by a GRU a large number of weights have to be trained, as the weight
vectors of a standard GRU are fully connected. A solution to this was proposed by Ballas et al. [4],
who replace the weight vectors in the GRU with convolutional kernels; they call it a GRU-RCN
(GRU Recurrent Convolution Network). For each channel in the input, a different set of GRUs is
needed. The number of weights therefore becomes 6 × k1 × k2 × Ox × Oh, where k1 × k2 is the
kernel size, Ox is the number of channels in the input, and Oh is the number of GRU units per
channel. The input of the layer can be either raw image data or output from another CNN; [4] uses
the latter. An LSTM version was also proposed by Shi et al. [72], which does not use a separate
network as input and only has LSTM-CNN layers.

2.3.4 Change Detection

Neural networks are relatively robust, and can deal with noisy data. This is useful for change
detection, where much noise is present due to misalignments of images and irrelevant differences.
Additionally, they can infer semantic information from the images to generalise the representations,
which is especially useful with images that have different graphical styles. Many of the architectures
that have been discussed before could be used for change detection. One question still remains:
how does one give multiple images as an input to a network? A first option is to stack them on
top of each other as if they were channels of the same image. An example of such a network is
that of Liu et al. [44], who stack the images and then use convolutional layers to arrive at a binary
output of changed or not changed. A second option is to use image differencing; using the absolute
difference of the two images as input. Daudt et al. [9] use a ‘Siamese’ network similar to U-Net,
where the two images are first processed in parallel by the encoder network. The decoding part of
the network then uses the differences between the two feature maps from the encoding network as
input. They also have a version where a concatenation of the two feature maps is used instead of
the difference. The difference between concatenating at the start or at the middle of the network is
also explored by Lim et al. [40]. Concatenation and differencing can also be used together: Seydi
et al. [70] use a network that has three paths, two for the images and one for their differences. The
third path gets both the stacked feature maps of the other two and their difference as input after
every few convolution steps. A final option for combining the two images is to use RNNs. This can
be done by first processing the two images separately with a CNN, and then flattening the feature
maps to put them through an RNN [52][12]. They both use a fully connected RNN which results
in a fully connected layer to create the output. In both cases there are only two timesteps for the
RNN; one for each image. Such a model can also be extended to use multiple images, for example
to predict future land use [7]. While the advantage over the CNN methods is not apparent when
two images are used, the possibility to generalise to more images makes RNNs a good choice when
multiple timesteps are concerned.

There is no clearly favoured method for change detection, although there are indications that
the RNN methods generalise better for data with irregular time intervals [8]. All of the methods
shown above focus only on either change detection or precise classification, and have no other
outputs. There are indications that networks that have both similarity and classification outputs
perform better on the similarity task than those that give only a similarity output [94][10]. This
could be because the network has more feedback on what features make the pictures different.
While both papers have a model that outputs the changes and the classification at the same time,
Caye Daudt et al. [10] also have a model which is first trained on the classification, and re-uses
the trained classification layers in the change detection task. That version performed even better
than the combined task, suggesting that a sequential training order is beneficial.
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2.4 Discussion

Several lessons can be learned from the existing literature regarding map analysis and image
processing. Based on previous studies, the difficulties of the models come from obscuring elements
on the maps such as grid lines and text, as well as the high precision that is needed for the small
elements. To mitigate these problems, models need to be built that incorporate information about
larger parts of the map to distinguish between distractors and features, and that retain a high
resolution of the image. To accomplish this, a CNN can be used for the segmentation, which is a
common approach for extracting features from both maps and satellite images. The high resolution
of the image will be retained by using dilated convolutions and skip connections within the model
architecture. To circumvent the distractors even more, information from other maps of the same
location can be used. As long as the landscape has not changed, this could help to fill in missing
information where one map has distractors but the other has not. One can go even further with an
RNN to include images from more distant timeframes, which is not feasible with fully convolutional
methods. Supporting the semantic segmentation with maps from other time-frames is the first of
the tasks that will be compared in the evaluation. A final problem concerns the lack of training
data for historical maps. One option to solve this is to use transfer learning, but this comes with
its own share of problems because of the large differences in the data domains. Because of this, the
model will be trained on the map data only. To avoid overfitting on the smaller dataset the chosen
network will be kept relatively small, and data augmentation will used to inflate the number of
datapoints.

Aside from segmenting the images correctly, the changes in the landscape also have to be de-
tected. Change detection is usually not automated when working with historical maps. Satellite
data, on the other hand, has a longer history of automated change detection. Based on the model
architectures that are used there, both our own models and the baseline models can be constructed.
One point of contention remains as to how the maps have to be combined; concatenation, subtrac-
tion, division and recurrent units are all used. Division is more frequently used in models where the
combination is done before putting it in a machine learning models, which makes it well-suited for
the baseline models. The neural networks will compare concatenation and recurrent units, as these
are the most common within neural network models. The trade-offs between these two methods
will be the focus of the second task in the evaluation.

Because this research stands on the intersection of several fields of study, it can contribute
to several of them. Firstly, the soil remediation and analysis branches can benefit from a more
automated analysis of historical land use. This can contribute to the swift and thorough analysis
of the soil, which in turn is good for the environment. Secondly, researchers in ecology and history
can benefit from more automation in the detection of changes and features in the landscape. While
feature detection is automated relatively frequently, change detection is not. The added value for
feature detection is that the existing studies are often centred around a single map or a small
set of maps, while this study uses many different maps, from a large range of time. This can
give a more general idea of how well the models perform with map data, without focusing on the
exact specifics of individual maps. It can also show whether the models are able to generalise
the different representations of map features. Finally, the field of AI can benefit from a more
thorough comparison of CNNs and RNNs with regards to image data. Especially the processing of
image data from different sources with RNNs has not been tested often. This thesis hopes to shed
more light on the strengths and weaknesses of these networks with regards to image segmentation
and change detection, and how the combination of these tasks influences the performance of the
networks.
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3 Methods

3.1 Data

The data consist of topographic maps of the Netherlands. The maps have been gathered by
the Dutch Topographic Service since 1815, and have been managed by the Kadaster since the
Topographic Service merged with it in 2004. The maps are available online on the website
Topotijdreis.nl [32]. The maps that are used are dated from 1929 to 2019. This time range
was chosen because older maps often have more scale inconsistencies, which hampers the compar-
ison between maps of the same area. It is also the timeframe that is most useful for soil advisors
with regards to detecting possible contamination. They are all georeferenced in the EPSG 28992
(Amersfoort / RD New) datum. The georeferencing of the older maps has been done by hand,
while the newer maps are automatically georeferenced. Unfortunately the Kadaster has no data in
its possession concerning the estimated accuracy of the maps, because a large part of the work was
done years ago. The inaccuracy of the maps is therefore not taken into account when evaluating
the performance of the models. Not every year has its own map; the maps are only created peri-
odically, and these time intervals are not constant over the country and over the years. If all years
are used by default, this will result in large amounts of data where no changes in the landscape can
be seen at all. The maps are therefore sampled at a 10 year interval. Because some maps could not
be loaded into the software properly, the sampled maps are not exactly 10 years apart; the maps
are from 1929, 1940, 1950, 1962, 1970, 1980, 1990 and 2019. Note that these are the maps that
were the most recent at that time, not the year that the map was created. Maps of multiple scales
are available, but only the largest scale is used, which is roughly 1:6000. This is done because the
features that are sought are not very large, and can be missed on smaller-scale maps. Because
there is some variability in the landscape between the provinces, 10 different locations across the
country are chosen for sampling. The exact sampling locations are chosen by hand, rather than
sampling randomly; this is done to ensure that the frequency of the segmentation classes is high
enough. From each location an area of 1 to 3 square kilometres is selected and annotated, after
which the samples are taken from that area in a grid pattern. A total of 256 tiles is sampled, which
results in 2.560 sample images in total; one for each year.

1929 1962 1990 2019

Water

Orchards

Buildings

Figure 8: Examples of the segmentation classes over time.

The features that have to be detected are waterways, orchards, and buildings. Examples of
these features can be seen in Figure 8. Any changes in the landscape have to be reported as well.
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The changes are given as a difference between the more recent map and the current map, meaning
that the sequence goes from 2020 to 1930. The marking of these features on the map is done
manually by the author using the open-source software QGIS. Because this is done manually, the
annotations are flawed; the segmentation could be off by some pixels, and in the case of change
detection it is very possible that changes have been missed.

To annotate the maps, some criteria were set to ensure that they were annotated consistently.
Regarding the buildings, every building is annotated, even if it is only a shed rather than a full-sized
building. Related features such as greenhouses or covered storage areas are annotated differently
on the maps and are not included. Regarding the waterways, any water that is in contact with the
ground is included. This means that a water purification plant does not count, as it is separate
from the groundwater. Of special interest are the ditches. It can be unclear on maps whether a
line is a ditch or simply a partition between two plots when no colouring is used. In such cases,
it is marked as a ditch if there is a bridge over it, or if the maps of both the past and the future
of the area have coloured it as a ditch. Regarding the orchards, the whole plot is marked when
an orchard pattern in found on it. Houses on the same plot are only given a buffer around them
when this is also apparent in the orchard pattern; otherwise, only the house is spared out. Finally,
the changes in the landscape have a set of rules. Something is denoted as a change when the land
use type has changed. Examples of land use are croplands, grasslands, orchards, forests, roads and
rivers. When it appears that a building has been extended, the extension is only marked if it is
a large expansion. Concretely, this means that residential houses generally do not have marked
expansions, but factories and other large buildings do. If it appears that a building has been
replaced, both the old and the new building are marked. Small changes such as the disappearance
of a bridge over a ditch is not marked, as these are not always drawn even if they are there. When
the features of the two maps are not correctly aligned because of differences in the georeferencing,
the presumed location on the older map is used. If this location cannot be determined because
there is no common reference point close to the feature, the change is drawn on the location of the
feature on the newer map.

The distribution of the classes on the tiles can be seen in Tables 1 and 2. As can be seen, the
distributions are not equal across the years. Because each dataset has the same number of tiles
for each year, this is no cause of concern for the train-test split. However, it does mean that years
which have a significantly higher percentage of a certain class will have more weight in the total
assessment. As for the general distributions, it can be seen that water is present in the largest
percentage of tiles, while orchards are more rare. However, when counting the number of pixels, it
can be seen that the orchards make up a relatively large number of pixels compared to the other
two segmentation classes. This is because each orchard takes up much more pixels than individual
buildings. The changes are both present in many tiles, and in many pixels. The distribution across
time shows a visible dip in 1940; this is because the maps used in 1940 and 1950 are often the same
ones. A probable reason for this is the Second World War. 1950 has many changes compared to
the other years, with the same probable cause. Finally, it should be noted that the distribution
across the individual tiles is not equal; some locations have more examples of a certain class than
others. Because this imbalance is not taken into account when making the train and test splits, it
is possible that the distributions between the sets differ as well.

Class 1929 1940 1950 1962 1970 1980 1990 2000 2010 2019 Mean

Building 51.95 55.47 58.98 62.11 63.28 64.06 64.45 65.23 65.23 67.97 61.88
Water 67.97 67.58 65.23 62.89 60.55 69.53 72.27 83.20 85.16 87.11 72.15
Orchard 27.11 43.26 48.44 29.61 51.95 46.48 41.41 39.84 39.06 37.50 43.48
Change 62.11 25.00 93.36 62.11 71.88 87.11 92.97 91.41 82.81 – 74.31

Table 1: Percentages of tiles that contain at least 1 pixel of the classes.

Class 1929 1940 1950 1962 1970 1980 1990 2000 2010 2019 Mean

Building 1.96 2.65 3.38 4.13 4.36 4.36 4.83 5.01 4.86 4.99 4.05
Water 4.52 5.05 4.48 4.38 4.46 7.41 7.92 8.32 8.60 8.95 6.41
Orchard 6.23 10.23 11.79 15.19 15.23 9.74 7.93 8.15 7.93 8.56 10.10
Change 10.15 4.16 15.96 8.30 16.72 20.58 17.67 11.75 11.32 – 12.96

Table 2: Percentages of pixels that contain the classes.
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From the larger marked area, equal-sized images are extracted to serve as input for the models.
These images are 256 × 256 pixels, with each pixel representing approximately one square metre.
The images are sampled in a grid with a stride of 249 meters. This means that there is an overlap of
7 meters between adjacent tiles. The overlap is present because the sampling areas were previously
fitted to tiles of 200 × 200 pixels, but were later changed to the current image size to conform to
standard neural network inputs sizes. In order to make the model more robust to small changes in
the images and to create more training data, augmented versions are added to the dataset as well.
This includes adding Gaussian noise with a standard deviation of 0.01, blurring it with a mean
filter with kernel size 5, flipping it vertically or horizontally, and rotating it [67]. The rotation is
either 90, 180 or 270 degrees. The augmented images are not saved on the disk, but are generated
during training in order to save memory. Each augmentation has a set chance of being activated
after an image has been chosen for training, which means that multiple augmentations can be
applied at the same time. The dataset is repeatedly split into training, validation and test sets
for the experiments. A tile is only present in one of those sets, in order to prevent similar images
from occurring in both the training and the test set. This also means that all years are perfectly
balanced between the sets. The proportions of features that are shown are not explicitly balanced.
Only the training data are augmented; the validation and test data are not. The test data therefore
consists of tiles with the same dimensions of the training data. Although classifying a larger area
is also interesting, a downside to such an approach is that there is less variation in the landscape
that is classified, as there is only a limited amount of data available. This possibility is therefore
not part of the experiments.

3.2 Models

This Section details the architectures of the models that are used to segment and classify the maps.
In order to put the performance of the main models into perspective, two baseline models have
been constructed which are detailed in Section 3.2.1. The neural network models are detailed in
Section 3.2.2. A short summary of these models can be found in Table 3, along with the shorthand
names that are used to refer to them.

Model Input Format Output format No. Input Maps Combine method
Forestblock 7× 7 pixel block single pixel 1 (segment) / 2 (cd) division
Forestobject features object all pixels object 1 (segment) / 2 (cd) division
NN1 full map all pixels map 1 none
NN2 full map all pixels map 2 concatenation
RNN2 full map all pixels map 2 CGRU
RNNall full map all pixels map all newer maps CGRU

Table 3: The models that are tested. CD stands for change detection.

3.2.1 Baseline models

Two baseline models are constructed to put the performance of the neural networks into context.
They do not represent the state-of-the-art with respect to image segmentation; rather, they are
used to give an idea of how the neural networks compare to non-neural network models. The two
models differ in the way in which they segment the image before processing the segments, and
represent two ways of doing so that are popular with remote sensing data: pixel-based and object-
based classification [29][43]. Predicting the whole image at once is not feasible for conventional
classification algorithms. The first model is pixel-based: it takes a block of 7× 7 pixels, and uses
this to predict the class of the middle pixel. The values that are used here are the colour values of
all the pixels. The second model is object-based: it first segments the image into objects, and then
classifies the whole object based on its characteristics. The segmentation algorithm that is used
is Quickshift [83]. Felzenszwalb [20] and a variation of Watershed [55] were also tried, but those
resulted in segmentations that did not capture the objects in the image well. Characteristics that
are used are mean colour (three values, RGB), standard deviations of the colour, area in number of
pixels, perimeter and hu moments (7 values), resulting in 15 values for each object. The separate
colours of the pixels in the object cannot be used, as this would result in different numbers of values
between objects. There is no information about the neighbouring objects for the same reason. The
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values of both methods are processed by a random forest classifier, which outputs a single class
for either the middle pixel or the object. Because pixel-wise methods are known to produce a
‘salt-and-pepper’ pattern, its result is smoothed with a 3×3 averaging operation to filter out small
islands of classes. The output of the object-based model is taken as is. These models are used both
for semantic segmentation and for change detection. In all cases, the input map is smoothed with
a 5× 5 averaging operation to remove some noise from the images. For change detection, a change
mask is created by dividing the older map by divided the values of the newer map. Subtraction
was also tried for the change mask, but this gave worse results in test runs. This change mask
is then given to the models as input; the object-based methods finds objects in the change mask
itself, not in the individual maps.

3.2.2 Neural Networks

The neural networks are based on the general architecture of U-Net [65], with an encoding branch
that downsamples the images with an increasing number of channels, and a decoding branch that
upsamples the images again. Skip connections are used between parts of the encoding branch
and the decoding branch that have the same dimensions. The general architecture can be seen
in Figure 9. The number of downsampling steps is reduced to 3 compared to the original U-Net
to keep the network small and to prevent overfitting. To compensate for the resulting smaller
receptive field, each depth has one convolutional layer with a dilation rate of 2. The result of this
layer is concatenated with the result of the previous layer without dilation and passed to the next
depth together. This structure is inspired by the work of Wang et al. [85]. The downsampling
is performed with a strided convolution instead of with max-pooling, as this resulted in a higher
output resolution. This strided convolution is done with a kernel size of 2×2 instead of the regular
3×3 to reduce checkerboard patterns caused by overlapping pixels. The exact layout of the layers,
which is repeated at each depth, can be seen in Figure 10.

The difference between the models lies in how many timeframes they use as input, and how they
combine inputs from multiple timeframes. The first model NN1 is the simple semantic segmentation
model, which does not receive input from other timeframes. It therefore passes the feature maps
from its own encoding path directly to its decoding path. The second model NN2 combines the
inputs of the two timeframes by concatenating the two before passing it the the decoding branch.
This structure is inspired by the work of Caye Daudt et al. [9], who use a similar set-up. Subtracting
and dividing the two maps was also tried in test runs, but this resulted in erratic training curves
and lower performances. The third and fourth models, RNN2 and RNNall, combine the maps by
using a convolutional GRU; a GRU with convolutional layers. This GRU has the same number of
feature maps as output as the individual input maps. The difference between the third and fourth
model lies in how many timeframes they get as input; the third model gets two, while the fourth
gets all maps that are more recent than the current one.

All models use the same loss function, namely the pixel-wise cross-entropy loss. The outputs
of the model are put through a sigmoid function to create outputs between 0 and 1. A sigmoid is
used rather than softmax because the probabilities of the different classes are not related to each
other; a pixel can be both changed and a building. For evaluation, the threshold for classifying
the pixel as the class is set to 0.5. The standard cross-entropy function can be seen in equation
5, where ŷ denotes the predicted class and y the true class. This is computed separately for each
class. The loss is therefore not a single value, but separate values for each pixel and each output
class.

Li = −(y · log(ŷ) + (1− y) · log(1− ŷ)) (5)

The optimisation function that is used is Nesterov Adam. This is a variant of the commonly used
Adam optimiser that uses Nesterov momentum, and has been shown to perform better than Adam
in some cases, for example for change detection [52]. Adam in general is an adaptive optimiser,
which means that the learning rate is not equal for each parameter; rather, each parameter has its
own learning rate that is changed over time. The learning rate that is given to the algorithm is
therefore a maximum learning rate, not an absolute one. Still, it can sometimes be useful to clip
the learning rate manually to prevent it from getting too high in the latest stages of learning. Both
clipping the learning rate manually with a scheduler or by clipping it based on the validation loss
was tried in test runs, but it did not increase the performance or training time. The maximum

22



learning rate is therefore used during the whole training session. A summary of optimisation
techniques can be found in [66].

Figure 9: The general model structure. The numbers on the left are the sizes of the feature maps,
the numbers in the blocks the number of feature maps (the channels). C stands for the number of
classes that are predicted. The exact layers in the encoding and decoding blocks can be found in
Figure 10.

(a) Encoding path.

(b) Decoding path.

Figure 10: Exact layers for the encoding and decoding paths. These are used at each depth in
Figure 9. FM stands for the number of feature maps. The size is the height and width of the
image; p stands for the size that the output of the block has, which can be seen on the left side in
Figure 9.
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4 Experimental Setup

4.1 Parameters

This section lists the exact parameters that are used during the experiments. The experiments
are run on an external computer through a virtual machine. The computer has an Intel Xeon
E5-2690 v4 processor running at 2.60GHz with 6 CPU cores, 112 GiB of RAM, a NVIDIA Tesla
1X P100 GPU, and it runs Windows 10. It should be noted that the baseline models run on the
CPU, while the neural networks are trained on the GPU. This is done because there is no Random
Forest implementation available that supports GPU computation. The parameters for the baseline
models are the following: the maximum depth of the decision trees is 40, the minimal number of
samples for a split is 30, and the minimal number of samples for a leaf node is 5. Six decision
trees are produced for each model. These trees are built in parallel using the six CPU cores.
Each decision tree uses one third of the training data. The Random Forest implementation of
the Python package Scikit-learn [61]. The Quickshift segmentation algorithm of model Forestobject
converts the colours to Lab colour-space first, and uses a sigma of 0.3 for additional smoothing.
The implementation is that of the Python package Scikit-image [84]. As for the neural networks,
the Nadam optimiser uses a maximum learning rate of 0.001 with a clip normalisation of 0.001.
The batch size is 16 for all models except for the RNNall model, which uses a batch size of 8.
These batch sizes were chosen because of memory limitations. Additionally, the RNNall model is
limited to batches which contain the same year, as opposed to the other models where the batches
are mixed. This is done because the software cannot handle batches that contain data of different
sizes. While the learning rate is relatively high for the used batch size, it gave better results in
test runs compared to lower values. The number of training epochs depends on the performance of
the models on the validation set; if this performance does not increase for 20 epochs, the training
session is stopped. An upper bound of 250 training epochs is set in case this does not happen.
The implementation of the neural networks is done with the Python package Tensorflow [49]. The
data is also preprocessed for the neural networks. Each augmentation of the training data a 30%
chance to be activated, meaning that the chance that the original image is shown is 24%. Multiple
augmentations can be activated at the same time.

4.2 Evaluation

The models are compared with one another in different aspects. The training time, number of
parameters and loss over time are shown as a measure of efficiency. The performance of the models
is shown separately for the necessary tasks. First of all, the performance of the models when
only segmenting the images without change detection is tested. Secondly, the performance of the
models when only detecting changes in the landscape is tested. Finally, the performance of the
models when performing both the segmentation and the change detection task is tested. This is
measured both separately for the two tasks, and as a combined score. The segmentation results
are presented separately as a mean of the performance of all classes. Which model configurations
perform which task can be seen in Table 4.

Model Segmentation Change detection Both
Forestblock yes yes no
Forestobject yes yes no
NN1 yes no no
NN2 yes yes yes
RNN2 yes yes yes
RNNall yes yes yes

Table 4: Overview of which models participate in which experiments.

The performance is measured in several ways based on the number of true positives (TP),
true negatives (TN), false positives (FP) and false negatives (FN). A positive means that the
model predicts that the class is there, a negative that it is not; it is true if the ground truth
agrees with the classification, otherwise it is false. The measures are precision, recall, F1 score,
and intersection over union (IoU, also called Jaccard similarity). The calculations can be seen in
equations 6 to 10. The precision shows how many of the classified pixels were actually of that
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class; a low score means that that class is assigned too liberally. The recall shows how many of
the pixels of the class were successfully detected. The F1 score provides a balanced combination of
precision and recall. IoU focuses on the overlap between the classification and the ground truth;
the true negatives are not important as those are ignored by both. While the F1 score and the
IoU are similar in their calculations, the interpretation of their results is slightly different; the IoU
punishes misclassifications more harshly, which results in a ‘worst-case’ performance measure. The
F1 score, on the other hand, averages the scores more evenly. The accuracy denotes how many of
the classifications were correct, taking into account both the positive and the negative cases. These
measurements are commonly used in image segmentation, and provide a balanced estimation of
the performances of the models [79][44][91].

The first round of tests does not distinguish between mistakes that were made because the
model mistook a feature for another, and those that were made because of imprecision. This
distinction is important, as imprecision is less problematic because an estimate of the location of a
feature can still be useful. This imprecision can be caused by different factors. Firstly, the ground
truth may not be accurate, as it is hand-drawn by the author. The error margin here is assumed
to be no more than two pixels for semantic segmentation. Another cause of imprecision is the
shift of features between maps of different time periods due to imprecise georeferencing. Because
this displacement can differ significantly even on a single map, no definite buffer size can be given
for it. This influences not only the performance of the models, but also the quality of the ground
truth. Finally, imprecision can be caused by the model itself. To get an estimate of how many
of the mistakes were caused by imprecision, the scoring of the classifications is also tested with
buffers. This means that a pixel that is misclassified is still marked as correct if the model did
classify a nearby pixel as the true class of the pixel. As it is difficult to choose a buffer size based
on the displacements of the maps, the acceptable level of imprecision for the models is estimated
to be equal to that of the author, which means that a buffer of two pixels is used. These buffered
results are then compared with one another in the same way as the non-buffered experiments.

To see whether any found changes in performance are significant, 5-fold cross-validation is
performed on all models, with each model using the same folds. This number of folds is used
because running the model more times than that would be too expensive and time-consuming.
They are then compared with one another using paired ANOVA analyses, to see whether there is
any difference between the models. To find out which models differ, paired t-tests with Benjamin-
Hochberg False Discovery Rate correction (FDR-BH) are performed. This is only done with the
macro F1, because performing statistical tests on all the metrics would result in too many tests,
which in turn increases the chance of a type 1 error. The F1 scores provide a balanced score of
the performances of the models for comparison. The other metrics are used for analysing how the
models perform. It is known that the samples used in the tests are not independent because the
training samples are used in multiple folds. This violation of the independency assumption can
lead to a higher probability of a type 1 error [18]. Although a 5× 2 cross-validation is sometimes
recommended in such cases, this is not feasible for this study as it would make the training set too
small. The probability of a type 1 error is not excessively high, and some are even of the opinion
that it is negligible [88]. Still, it is kept in mind during the data analysis. In addition to these
risks, a sample size of 5 is relatively small for an ANOVA test. There is therefore a good chance
that the statistical power of the outcomes is relatively low, which in turn increases the chances of
a type 2 error. This, too, must be kept in mind. As with any statistical analysis, the significance
should not be accepted blindly, but combined with careful examination of the data. Finally, the
difference in performance is weighted with the difference in computational efficiency to make an
estimation of which method is preferred for which task.

Precision (P) =
TP

TP + FP
(6)

Recall (R) =
TP

TP + FN
(7)

F1 =
2 · P ·R
P +R

(8)

Intersection over Union (IoU) =
TP

TP + FP + FN
(9)

Accuracy =
TP + TN

TP + TN + FP + FN
(10)
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5 Results and Evaluation

For each of the experimental conditions the models were run 5 times, each time with a different
subset of the training data. The results that are shown here are averages over those 5 runs. All
data on which statistical tests are performed are tested on sphericity and normality, to make sure
that they adhere to the assumptions of the tests. The sphericity is checked with Mauchly’s test of
sphericity. This checks whether the variances of the differences between the independent variables
are equal. The normality of the data is tested with a Shapiro-Wilk test for each model. These
assumptions hold for all data that are used. The effect size that is reported in all comparisons is
Hedges’ g, rather than the commonly used Cohen’s d. This is done because Hedges’ g gives a more
reliable result with small sample sizes.

After the models have been compared on their general performance, their behaviour is examined
in more detail. This is done by showing the performances separately for each decade and class, and
by showing the change in performance if the evaluation is slightly more lenient. This is done for
both the segmentation task and the change detection task. Where possible, the results are related
back to the data to explain the patterns in the models’ behaviour.

5.1 Speed and Memory Consumption

The training time and the number of trainable parameters give an indication as to how efficient
a model is. These numbers can be found in Table 5. It should be noted that the random forest
models are trained on the CPU, while the other models are trained on the GPU. If the neural
networks were trained on the CPU as well, they would be much slower than the random forest
models. The prediction times are timed with all models running on the CPU to show how fast
they would be when used in practical applications. The times of predicting one image are averages
over 100 images. The time it takes to give predictions for 100 images is less than 100 times the
time of predicting one image for all models; both random forests and neural networks have efficient
implementations for predicting many samples at once. The number of parameters refers for the
random forest models to the number of nodes in their decision trees, and for the neural networks
to the number of trainable weights. These are roughly the same for the neural networks across the
different tasks, as the only difference between them is the number of weights in the final layer. The
RNN models have a larger number of weights because the GRU needs several weight kernels for
each unit. The number of nodes in the Forestblock model is much larger than that of the Forestobject
model. This is likely because it has more input variables.

Task Metric Forestblock Forestobject NN1 NN2 RNN2 RNNall

Segment

train time 1:49 0:20 0:15 0:21 0:54 2:31
predict 1 0:21 1:03 0:09 0:11 0:20 0:49
predict 100 19:28 34:88 6:15 8:62 19:54 43:64
no. param 10.135.412 71.463 225.963 280.603 682.315 682.315

CD
train time 0:51 1:45 - 0:31 0:53 2:34
predict 1 0:18 1:76 - 0:11 0:21 0:51
predict 100 17:76 135:83 - 8:76 19:26 47:02
no. param 9.661.337 505.115 - 280.569 682.281 682.281

Both
train time - - - 0:40 0:56 3:25
predict 1 - - - 0:11 0:20 0:50
predict 100 - - - 7:87 17:66 43:05
no. param - - - 280.620 682.332 682.332

Table 5: Training times in h:m format, prediction times in s:ms format, and the number of param-
eters in the models.

Interestingly, the Forestblock model is much slower to train in the segmentation task than the
Forestobject model, while these roles are reversed for the change detection task. A probable cause
is that the objects that are found for the Forestobject model are much smaller and less informative
than those found during segmentation, thereby requiring more splits in the decision tree. During
prediction the Forestblock model is faster than the Forestobject model in both conditions, likely
because the preprocessing of the images takes up a larger percentage of the time during prediction
than during training. As for the neural networks, they get progressively slower the more complex
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the model is. The simplest model NN1 takes 15 minutes to train, while the RNNall model which
processes all previous years is the slowest at two and a half hours of training for the individual
tasks. This trend can be seen in the prediction times as well. Of note is that the NN2 model
takes more time to learn the change detection task than the segmentation task, while there is no
noteworthy difference for the RNN models between the tasks. Still, both RNN models remain
slower than the NN2 model in all conditions.

5.2 Segmentation

The scores for the segmentation task can be seen in Table 6. The macro scores reflect the average
of the scores of the individual segmentation classes, while the micro score takes class imbalance
into account. This results in more weight being given to the orchard class, which has as many
pixels as the other two classes combined. The results are the averages over all training data, with
no distinction between the different years. A repeated measures ANOVA test is performed on the
F1 macro scores to see whether the performances of the models differ. It shows that the models
perform significantly different from one another [F(8, 32)=544.25, p<0.001, η2=0.99]. In order
to find out which models differ from which, several pairwise T-tests with FDR-BH correction are
performed.

First of all, let us look at the baseline models. These perform significantly worse than the
neural network models in each pairwise one-tailed T-test, with all corrected p-values below 0.001.
The effect size of each comparison was also quite large, ranging from −6.5 between Forestblock
and RNNall(both), to −21.2 between Forestobject and NN1. All comparisons can be found in
Appendix A in Table 11. Looking at the recall and the precision of the models, it can be seen that
the difference in precision between the baselines and the neural networks is larger than that of
the recall. This is especially the case for the Forestobject model, with a macro recall of 75% and a
macro precision of 54%. Looking at the individual classes, it can be seen that both models perform
poorly on the orchard class in particular, with F1 scores of 51% and 58% compared to 87% to 91%
for the other models. As the orchard class is the one with the largest number of pixels, this makes
the difference between the baselines and the neural networks larger in the micro average scores
than in the macro average scores. The two baselines also perform significantly different from one
another in a two-tailed T-test [t(4)=50.3, p-corr<0.001, g=7.8]. From Table 6 it can be seen that
the Forestblock model tends to perform better than the Forestobject model. The only metric where
the Forestobject model performs better is the recall for orchards, at 70% against 67%. Because its
precision is relatively low (41%) for that class, however, it does not lead to a better F1 score.

Secondly, the NN1 model is tested against the other neural networks with the assumption that
the others would do better, as they have access to additional information. This assumption does
not hold in any of the T-tests, meaning that the other models do not perform significantly better
than the NN1 model. In fact, the NN1 model performs better than the models that are trained
on both tasks. The comparisons between the segmentation-only model are: NN2 [t(4)=−0.95,
p-corr=0.34, g=−0.40], RNN2 [t(4)=−0.75, p-corr=0.39, g=−0.29], and RNNall [t(4)=−0.87, p-
corr=0.35, g=−0.43]. When looking at the performances of the individual classes, it can be seen
that the NN1 model performs similarly to the other segmentation-only models when classifying
buildings and orchards. For the water class it has a lower recall (82% against 85% to 86%), while
having the highest precision (91% against 89% to 90%).

Thirdly, we test whether the RNN2 model performs better than the NN2 model, as it has a
more controlled way of integrating the two maps. This is not the case, neither for the models
trained only on the segmentation task [t(4)=0.23, p-corr=0.58, g=0.10], nor for those trained on
both tasks [t(4)=−0.5, p-corr=0.48, g=0.18]. The NN2 model consistently performs slightly better
overall when performing only the segmentation task. It also has a higher recall for all classes, while
the RNN2 model has a higher precision for all classes. As for the models trained on both tasks,
the RNN2 model performs slightly better than the NN2 model. This is the case for both the water
and the orchard class, while the two have the same score for the buildings class. No particular
pattern between the recall and the precision scores is seen in this case.

Fourthly, the RNNall model is tested against the RNN2 model, to see whether having input
of more than two maps is helpful. This is not the case, neither for the models trained on the
segmentation task [t(4)=0.22, p-corr=0.42, g=−0.1], nor for those trained on both tasks [t(4)=1.79,
p-corr=1, g=1.0]. In fact, when trained on both tasks the RNNall model tends to perform worse
than the RNN2 model (85.2% against 86.8%).
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Finally, it is of interest to see whether the models perform differently when they only perform
the segmentation task as opposed to when they perform both tasks. As there was no clear prior
for this difference, this is tested with a two-tailed test. The NN2 model performed significantly
different in the two conditions [t(4)=−5.1, p-corr=0.008, g=−1.75]. The RNN2 model did not
[t(4)=−3.8, p-corr=0.03, g=1.16], nor did the RNNall model [t(4)=−3.4, p-corr=0.04, g=−2.1].
From Table 6 it can be seen that the models that only performed the segmentation task tend to
perform better than those that perform both tasks.

The best performing models on this task are the NN2 model and the RNNall model trained on
the segmentation task, with a shared macro F1 score of 88.3%.

Class Task Model Accuracy Recall Precision IoU F1

Building

Seg

Forestblock 98.3 (0.3) 84.7 (2.1) 75.0 (4.6) 66.1 (4.5) 79.5 (3.3)
Forestobject 96.0 (0.5) 79.6 (1.8) 49.4 (7.6) 43.8 (6.2) 60.7 (6.0)
NN1 98.9 (0.2) 87.0 (3.7) 85.7 (2.1) 76.0 (4.2) 86.3 (2.7)
NN2 98.9 (0.3) 87.3 (1.5) 86.2 (2.4) 76.6 (2.8) 86.7 (1.8)
RNN2 99.0 (0.1) 84.6 (5.7) 87.9 (1.9) 75.8 (5.4) 86.1 (3.6)
RNNall 99.0 (0.3) 86.9 (3.4) 87.8 (2.1) 77.4 (2.2) 87.3 (1.4)

Both
NN2 98.9 (0.2) 84.8 (3.0) 85.6 (3.1) 74.2 (4.1) 85.2 (2.7)
RNN2 98.9 (0.2) 85.3 (4.2) 85.3 (3.1) 74.3 (3.9) 85.2 (2.6)
RNNall 98.9 (0.2) 83.8 (2.8) 86.0 (3.3) 73.7 (3.4) 84.8 (2.3)

Water

Seg

Forestblock 98.1 (0.2) 85.3 (3.9) 83.4 (4.3) 73.0 (5.9) 84.3 (4.0)
Forestobject 96.7 (0.3) 75.4 (4.1) 71.2 (7.5) 58.0 (7.2) 73.2 (5.9)
NN1 98.4 (0.2) 82.3 (5.2) 91.0 (2.9) 76.2 (5.7) 86.4 (3.7)
NN2 98.5 (0.2) 85.9 (3.6) 88.6 (3.2) 77.4 (5.2) 87.2 (3.3)
RNN2 98.5 (0.1) 84.6 (4.2) 90.0 (2.8) 77.4 (5.4) 87.2 (3.5)
RNNall 98.4 (0.2) 84.9 (4.4) 88.5 (2.9) 76.5 (4.8) 86.6 (3.1)

Both
NN2 98.3 (0.2) 82.2 (4.7) 87.9 (3.1) 73.9 (5.5) 84.9 (3.7)
RNN2 98.3 (0.2) 82.5 (7.0) 87.9 (3.1) 74.1 (6.4) 85.0 (4.3)
RNNall 98.2 (0.3) 79.3 (6.1) 88.0 (3.5) 71.7 (6.5) 83.4 (4.5)

Orchard

Seg

Forestblock 90.5 (0.7) 66.6 (1.7) 52.2 (6.3) 41.2 (3.8) 58.3 (3.8)
Forestobject 86.7 (0.3) 70.2 (2.0) 40.6 (6.5) 34.5 (4.5) 51.2 (5.0)
NN1 98.2 (0.3) 90.1 (0.3) 92.0 (1.7) 83.5 (1.3) 91.0 (0.8)
NN2 98.2 (0.2) 90.8 (0.4) 91.4 (2.1) 83.7 (1.7) 91.1 (1.0)
RNN2 98.3 (0.3) 90.8 (1.9) 91.9 (1.9) 84.0 (1.4) 91.3 (0.8)
RNNall 98.3 (0.3) 89.4 (1.9) 93.0 (1.5) 83.8 (1.3) 91.2 (0.8)

Both
NN2 97.9 (0.2) 90.0 (1.1) 89.5 (2.5) 81.4 (2.0) 89.7 (1.2)
RNN2 98.0 (0.3) 90.4 (1.1) 90.1 (2.0) 82.2 (1.8) 90.2 (1.1)
RNNall 97.5 (1.1) 85.3 (7.9) 89.8 (2.2) 77.8 (7.2) 87.4 (4.8)

Macro

Seg

Forestblock 95.6 (0.1) 78.8 (1.8) 70.2 (1.7) 60.1 (1.8) 74.0 (1.4)
Forestobject 93.1 (0.2) 75.1 (1.4) 53.7 (1.9) 45.4 (1.8) 61.7 (1.4)
NN1 98.5 (0.1) 86.5 (1.6) 89.6 (0.6) 78.6 (1.1) 87.9 (0.7)
NN2 98.6 (0.1) 88.0 (1.3) 88.7 (1.0) 79.2 (1.7) 88.3 (1.1)
RNN2 98.6 (0.1) 86.7 (2.3) 89.9 (0.7) 79.1 (1.7) 88.2 (1.1)
RNNall 98.6 (0.1) 87.1 (1.8) 89.8 (1.3) 79.2 (1.6) 88.3 (1.0)

Both
NN2 98.4 (0.1) 85.7 (1.2) 87.7 (0.8) 76.5 (0.8) 86.6 (0.6)
RNN2 98.4 (0.1) 86.1 (3.0) 87.8 (1.5) 76.9 (1.8) 86.8 (1.3)
RNNall 98.2 (0.4) 82.8 (2.4) 87.9 (0.8) 74.4 (2.4) 85.2 (1.6)

Micro

Seg

Forestblock 95.6 (0.1) 76.2 (2.7) 65.5 (4.0) 54.4 (3.4) 70.4 (2.9)
Forestobject 93.1 (0.2) 73.9 (1.6) 49.7 (3.9) 42.3 (2.8) 59.4 (2.8)
NN1 98.5 (0.1) 87.5 (1.3) 90.7 (0.9) 80.3 (0.9) 89.1 (0.6)
NN2 98.6 (0.1) 88.7 (1.1) 89.9 (1.1) 80.7 (1.7) 89.3 (1.0)
RNN2 98.6 (0.1) 88.1 (1.2) 90.9 (1.2) 80.9 (0.4) 89.4 (0.3)
RNNall 98.6 (0.1) 87.8 (0.7) 90.7 (1.8) 80.5 (1.4) 89.2 (0.9)

Both
NN2 98.4 (0.1) 87.0 (1.0) 88.7 (1.3) 78.3 (1.2) 87.8 (0.8)
RNN2 98.4 (0.1) 87.6 (1.6) 88.7 (2.1) 78.8 (1.3) 88.1 (0.8)
RNNall 98.2 (0.4) 83.6 (3.8) 88.9 (0.8) 75.7 (3.3) 86.1 (2.2)

Table 6: Mean segmentation scores as percentages, with the standard deviation in brackets.
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5.2.1 Yearly Comparisons

The models are all trained on maps from different years. While the average score is useful for
determining which model performs best, the performances over the years can provide additional
insights. The macro F1 scores over time are shown in Figure 11. Please note that this and
subsequent figures start their y-axis at a score of 0.3, as the scores do not get lower than that.
The models that are trained on both tasks are not shown in these graphs, as the trend of their
behaviour is similar to that of their counterparts which were only trained on the segmentation
task. It can be seen that all models follow a similar trend: they score the worst on the 1930
maps, and gradually get better until 2000, where the scores stabilise. At 1990 there is a dip in
performance for all models. As for the baselines, it can be seen that the difference between the
Forestobject model and that of the neural networks gets smaller as the maps get more recent. In
1990 the dip of the Forestobject model is more pronounced than that of the other models as well.
This suggests that the change in difficulty between the years has a stronger impact on this model
than on the others. The Forestblock model has a high jump in performance in 2000, after which its
score is quite close to that of the neural networks. Before that, the changes in performances over
the years are slightly more pronounced than those in the neural networks, but less so than those of
the Forestobject model. Next, we can look at the differences between the neural networks. In 2019
the performances of the neural networks are almost exactly equal. The NN1 network performs
better than the other models in 1930 and 1940, after which it becomes slightly worse than the
other networks. The NN2 and the RNN2 model are never far apart in terms of performance,
with the largest difference between them in 1990. The RNNall model has the worst performance
compared to the other neural networks in 1930, and becomes similar in score to the NN2 and
RNN2 model in 1950. Its performance is better than the others from 1980 on. This means that it
benefits from having less maps as input, rather than more. To summarise, the NN1 model shows
a downward trend in the ranking over time, while the RNNall model shows an upward trend. The
other two models remain either in the middle of the rankings, or perform slightly better than the
other two. These rankings are based on the averages over the different classes, which might even
out differences that are especially pronounced for specific classes.

Figure 11: The macro F1 scores for the segmentation task over time.

To get more insight into the differences between the classes they are examined individually,
starting with the water class. The F1 scores over time for the water class can be seen in Figure 12.
The general trend that can be seen in the macro F1 scores is also present here, with lower scores for
1930 which rise until 2000, where it stabilises. While the scores in the recent years are quite similar
to the macro score, the lower scores from 1930 to 1950 are much lower than the macro scores. The
performance of the Forestblock model is quite close to that of the neural networks, especially from
1950 on. The Forestobject model performs better than its macro score, but it remains behind the
other models. There are two years where the NN1 model performs worse than the other neural
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networks which stand out, namely 1950 and 1990. The RNNall model performs at roughly the
same level as the other neural networks with multiple inputs, except for 1940; there it performs
much worse, at about the same level of the Forestblock model.

Figure 12: Macro F1 scores over time for the water class.

Secondly, the orchard class is examined. The scores over time for the orchard class can be seen
in Figure 13. Two points stand out: First, that the scores of the neural networks do not fluctuate
much over time. There are two blocks which have similar scores, namely from 1930 to 1990 and
from 2000 to 2019. Only 1930 and 1990 have slightly lower scores. The second point is that the
baseline models perform much worse from 1930 to 1990 compared to 2000 to 2019. Especially the
Forestblock model shows much improvement from 2000 on. There are no meaningful differences to
be seen between the neural networks.

Figure 13: Macro F1 scores over time for the orchard class.

Finally, the building class is examined. The scores over time for the building class can be seen
in Figure 14. This is the only class where the scores are not at their highest in the period between
2000 and 2019; instead, the years 1970 and 1980 provide the highest scores. The period from 1930
to 1960 has lower scores, with an upward trend towards the more recent years. The slope of this
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trend is not very steep, however. The NN1 model performs best in 1930 and 1940, and comparable
to the other neural networks otherwise. The RNNall model performs the best from 1980 to 2010,
and in 1940 as well.

Figure 14: Macro F1 scores over time for the building class.

From the graphs of the individual classes, the trends in the macro scores can be explained in
more detail. Firstly, the poor performances of the baselines can for quite a large part be attributed
to their low scores on orchards between 1930 and 1990. This is especially the case for the Forestblock
model, which performs much closer to the neural network models otherwise. The Forestobject model
consistently reflects shared changes in the performance of the other models with larger intensity.
This includes the decrease in performance from 1930 to 1960 for water and buildings and the de-
creases in performance for water and orchards in 1990. As such we can conclude that the observed
behaviour in the macro score did not happen by chance because of a product of different trends,
but rather that it is a continuation of the same behaviour for all classes. Compared to the other
models, the RNNall model consistently performs better in later years and worse in earlier years.
This is in line with the trend seen in the macro scores.

The trends that are seen above can be traced back to the characteristics of the data. A gen-
eral trend that is seen is that the early years from 1930 to 1950 are often classified worse. A
probable cause for this is that the maps from these years are less consistent; while later years use
the same style all over the country, the early ones can differ per location. It is also more likely
that subsequent years use the same map, which results in less training data being available. Let
us now look at the findings per class. First of all, there are trends in the water class. This class is
classified worse in the early years from 1930 to 1950 and shows a drop in performance in 1990 as
well. A probable cause for this is that ditches are often not coloured in on those maps, or only in a
subtle way. The way in which ditches are coloured also changes between the different maps of 1930
to 1950, while the later years have a consistent style. Furthermore, there are fewer pixels in those
years that show water, which results in even fewer examples per graphical style. Another noticeable
point is that the drop in 1990 is less pronounced for the neural networks that receive input from
multiple maps, compared to the NN1 model. This is likely because the locations of the watered
ditches in 2000 aid the recognition of those in 1990. Secondly, there are the orchards. This class
is classified markedly worse from 1930 to 1990 by the baseline classes. A probable cause for this is
that these years only use a dot pattern to denote orchards, while from 2000 to 2019 they are also
marked with a different colour. This pattern might be more difficult to detect for the baselines, as
they do not have a large receptive field. The improvement from the easier pattern can also be seen
in the performance of the neural networks. The slightly lower performance in 1990 may be caused
by the relatively small dots that are used in those maps. Thirdly, there are the buildings. The
best performing years here are 1970 and 1980, after which the performance drops a bit. This drop

31



is likely caused by the fact that from 1990 on the buildings are marked in black, while previously
they were marked in red. There are more markers on the map which are also black, which can
make it more difficult to distinguish them. The lower performance in the years before 1970 can
be either due to the varying graphical styles, or because there are simply fewer buildings on those
maps. Both result in smaller amounts of training data. The changing graphical style may also
account for the superior performance of NN1 in 1930 and 1940; the conflicting information about
the locations of buildings may have had a detrimental effect on the models with multiple maps as
input.

Class Task Model Accuracy Recall Precision IoU F1

Building

Seg

Forestblock 98.7 (0.4) 94.3 (9.6) 76.9 (2.0) 73.5 (7.5) 84.7 (5.2)
Forestobject 96.3 (0.3) 88.1 (8.5) 51.9 (2.5) 48.4 (4.6) 65.0 (4.4)
NN1 99.2 (0.3) 94.2 (7.2) 86.7 (1.0) 82.3 (6.3) 90.3 (4.0)
NN2 99.2 (0.3) 94.7 (7.5) 87.1 (1.0) 83.1 (6.6) 90.8 (4.1)
RNN2 99.3 (0.3) 92.9 (8.4) 88.9 (1.0) 83.3 (7.5) 90.9 (4.7)
RNNall 99.3 (0.3) 94.7 (7.8) 88.6 (0.9) 84.4 (7.0) 91.5 (4.3)

Both
NN2 99.2 (0.3) 93.4 (8.6) 86.7 (1.2) 81.8 (7.5) 89.9 (4.8)
RNN2 99.2 (0.3) 93.4 (8.1) 86.4 (1.1) 81.4 (7.1) 89.7 (4.5)
RNNall 99.2 (0.3) 92.7 (8.9) 87.2 (1.2) 81.5 (7.8) 89.8 (5.0)

Water

Seg

Forestblock 98.5 (0.4) 91.4 (6.2) 84.4 (1.0) 78.3 (5.2) 87.7 (3.4)
Forestobject 97.0 (0.3) 80.5 (5.1) 72.5 (1.3) 61.9 (3.9) 76.2 (3.1)
NN1 98.9 (0.5) 90.2 (7.9) 91.8 (0.8) 83.5 (7.3) 91.0 (4.6)
NN2 98.9 (0.4) 92.8 (7.0) 89.4 (0.8) 83.7 (6.3) 91.1 (3.9)
RNN2 99.0 (0.5) 92.3 (7.7) 90.8 (0.8) 84.5 (7.0) 91.5 (4.3)
RNNall 98.9 (0.5) 92.7 (7.8) 89.4 (0.9) 83.5 (7.0) 91.0 (4.4)

Both
NN2 98.8 (0.5) 90.1 (7.9) 88.9 (1.0) 81.0 (7.1) 89.5 (4.6)
RNN2 98.8 (0.4) 90.4 (7.9) 88.9 (1.0) 81.2 (7.1) 89.5 (4.6)
RNNall 98.7 (0.5) 88.7 (9.4) 89.2 (1.2) 80.1 (8.4) 88.9 (5.5)

Orchard

Seg

Forestblock 92.0 (1.4) 80.8 (14.2) 56.9 (4.7) 50.0 (8.8) 66.6 (8.3)
Forestobject 87.4 (0.7) 77.2 (7.0) 42.9 (2.3) 37.9 (3.5) 54.9 (3.7)
NN1 98.5 (0.2) 92.5 (2.4) 92.2 (0.2) 85.8 (2.3) 92.3 (1.3)
NN2 98.5 (0.2) 93.2 (2.4) 91.6 (0.2) 85.9 (2.3) 92.4 (1.3)
RNN2 98.5 (0.2) 93.1 (2.3) 92.1 (0.2) 86.2 (2.1) 92.6 (1.3)
RNNall 98.5 (0.3) 92.2 (2.8) 93.2 (0.2) 86.4 (2.6) 92.7 (1.5)

Both
NN2 98.2 (0.3) 92.5 (2.5) 89.7 (0.2) 83.6 (2.2) 91.1 (1.3)
RNN2 98.3 (0.3) 92.9 (2.5) 90.3 (0.2) 84.5 (2.3) 91.6 (1.4)
RNNall 97.9 (0.4) 89.1 (3.8) 90.3 (0.4) 81.3 (3.4) 89.6 (2.2)

Macro

Seg

Forestblock 96.4 (0.7) 88.8 (10.0) 72.7 (2.6) 67.3 (7.2) 79.7 (5.6)
Forestobject 93.6 (0.5) 81.9 (6.9) 55.8 (2.0) 49.4 (4.0) 65.4 (3.7)
NN1 98.9 (0.3) 92.3 (5.9) 90.2 (0.6) 83.9 (5.3) 91.2 (3.3)
NN2 98.9 (0.3) 93.6 (5.6) 89.4 (0.7) 84.2 (5.0) 91.4 (3.1)
RNN2 98.9 (0.3) 92.8 (6.1) 90.6 (0.7) 84.6 (5.6) 91.6 (3.4)
RNNall 98.9 (0.4) 93.2 (6.1) 90.4 (0.7) 84.7 (5.5) 91.7 (3.4)

Both
NN2 98.7 (0.3) 92.0 (6.3) 88.5 (0.8) 82.1 (5.6) 90.2 (3.6)
RNN2 98.7 (0.3) 92.2 (6.2) 88.5 (0.8) 82.4 (5.5) 90.3 (3.5)
RNNall 98.6 (0.4) 90.1 (7.3) 88.9 (0.9) 81.0 (6.6) 89.4 (4.2)

Micro

Seg

Forestblock 96.4 (0.7) 86.9 (10.7) 68.4 (2.9) 62.0 (7.6) 76.5 (6.1)
Forestobject 93.6 (0.5) 80.6 (6.6) 51.9 (2.1) 46.1 (3.8) 63.0 (3.6)
NN1 98.9 (0.3) 92.4 (4.9) 91.2 (0.4) 84.8 (4.5) 91.8 (2.7)
NN2 98.9 (0.3) 93.5 (4.8) 90.4 (0.5) 85.0 (4.3) 91.9 (2.6)
RNN2 98.9 (0.3) 93.1 (5.0) 91.3 (0.4) 85.5 (4.6) 92.2 (2.7)
RNNall 98.9 (0.4) 93.0 (5.2) 91.2 (0.5) 85.3 (4.8) 92.0 (2.8)

Both
NN2 98.7 (0.3) 92.2 (5.2) 89.3 (0.6) 82.9 (4.6) 90.7 (2.8)
RNN2 98.7 (0.3) 92.6 (5.0) 89.3 (0.5) 83.3 (4.5) 90.9 (2.8)
RNNall 98.6 (0.4) 89.9 (6.3) 89.6 (0.7) 81.4 (5.7) 89.7 (3.6)

Table 7: Segmentation scores with a buffer of 2 pixels, as percentages. The improvement with
respect to the non-buffered performance is given in brackets.
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5.2.2 Buffered Performance

It is of value to know whether lower scores are caused by actual mistakes by the model, and which
are caused by imprecision by either the models or the ground truth. To get more insight into this,
the performance of the models when given a buffer of two pixels around their predictions is shown
in Table 7. This buffer is only counted when it is a correct prediction, to prevent a decrease in
the precision score. Because of this, all scores can only improve; this improvement can be seen
in brackets behind the mean score. As this buffer only gives an increase in the true positives and
a decrease in the false negatives, the changes can be seen most strongly in the recall scores. Let
us first look at the macro scores. The two baseline models have the largest improvement in their
scores, closely followed by models that are trained on both tasks, and the neural networks trained
on only the segmentation task have the least improvement. The general trend seems to be that
the models that performed the worst show the most improvement. The IoU scores show a sharper
increase in performance than the F1 scores. This metric punishes mistakes more harshly, but ends
at a score of 1 for a perfect segmentation just like the F1. This means that at higher scores it
improves faster than F1. The accuracy does not change as much as the other scores because only a
small percentage of the pixels belongs to one of the segmentation classes. Looking at the individual
classes, one can see that the trend of improvement is not the same over the classes and the models.
All models benefit with 3% to 5% in their F1 scores in the buildings and water classes. In the water
class the neural networks benefit more from the buffer than the baselines, with about 1% more
improvement on average. The orchard class shows a marked difference between the improvements
of the baselines and those of the neural networks. The baselines have a sharp increase in score,
particularly the Forestblock model; it has an increase in its recall of more than 14%. The neural
networks, on the other hand, show less improvement in this class compared to the other classes.

An explanation for the differences in the improvement scores can be found in both the nature
of the output of the models, and in the way the ground truth was created. Firstly, there are the
large improvements for the baselines in the orchard class. This class consists of large areas, mean-
ing that changes around the edge of an orchard do not influence the overall score as much. A trend
that is seen in particular with the Forestblock model is that it often has holes in its predictions for
this class. An example of this behaviour can be seen in Figure 15. This is likely because it has a
small receptive field, and therefore cannot link the gaps between the dots to the dots themselves.
The Forestobject model can have similar issues if the area between dots is marked as a different
object than the dots themselves. These gaps can be filled up with the buffer, causing a large
increase in performance.

(a) Map (b) Ground truth (c) Forestblock (d) Forestobject (e) NN1

Figure 15: Example outputs of several models showing how they segment orchards. These outputs
are not buffered.

Next, there are the substantial increases in performance in both the building and the water
classes. These can be partially explained by the way in which the ground truth is constructed; the
shapes from which the objects are made always have straight lines, as they are made by connecting
corner points. This means that objects that have soft edges are often drawn slightly too large in
the ground truth. The effect is especially noticeable in objects which have small surface areas, such
as buildings and waterways. An example of this can be seen in Figure 16. Because the borders of
the ditches and the buildings are blurry due to the low graphical quality, the size of these objects
becomes even more subjective. The models tend to output softer borders than the ground truth,
meaning that a buffer around their predictions helps to classify objects that they have identified
more accurately.
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(a) Map (b) Ground truth (c) Forestblock (d) Forestobject (e) NN1

Figure 16: Example outputs of several models showing how they segment buildings and water.
These outputs are not buffered.

5.3 Change Detection

The scores for the change detection task can be seen in Table 8. A repeated measures ANOVA
test is performed on the F1 scores to see whether the performances of the models differ. It shows
that there is a significant difference in performance [F(7, 28)=143.7, p<0.001, η2=0.97]. In order
to find out which models differ from which, several pairwise T-tests with FDR-BH correction are
performed. To start with, the baseline models perform significantly worse than almost all neural
network models. Only the RNNall model that was trained on the change detection task does not
perform significantly better than the Forestblock model [t(4)=2.3, p-corr=0.19, g=−0.98]. The
comparisons between all other models yield corrected p-values lower than 0.001. The effect sizes
are also quite large, ranging from −5.1 to −14.4. The largest effect sizes can be found between
the baselines and the models that were trained on both tasks. These are between −7.1 and −9.3
for the Forestblock model and −12.0 to −14.4 for the Forestobject model, compared to −5.1 to
−5.6 and −5.1 to −10.3 when tested against the single-task models. This means that there is a
larger difference between the behaviour of the baselines and that of the models trained on two
tasks, compared to the models trained on one task. The full results of the T-tests can be found
in Appendix A in Table 12. The two baseline models also perform significantly different from one
another in a two-tailed T-test [t(4)=30.2, p-corr<0.001, g=6.3]. From Table 8 it can be seen that
the Forestblock model performs better on average.

Task Model Accuracy Recall Precision IoU F1

CD

Forestblock 89.3 (0.6) 53.3 (1.2) 59.9 (3.8) 39.3 (1.7) 56.4 (1.8)
Forestobject 80.4 (0.7) 52.9 (0.8) 33.8 (3.4) 25.9 (2.0) 41.2 (2.5)
NN2 93.0 (0.2) 64.4 (4.0) 77.3 (2.5) 54.2 (3.5) 70.2 (2.9)
RNN2 93.1 (0.3) 63.6 (3.5) 79.1 (2.9) 54.4 (3.2) 70.4 (2.7)
RNNall 91.2 (0.5) 50.8 (4.7) 72.9 (6.1) 42.6 (3.9) 59.7 (3.9)

Both
NN2 93.3 (0.3) 67.9 (0.7) 77.7 (3.4) 56.8 (1.5) 72.4 (1.3)
RNN2 93.4 (0.5) 65.0 (3.0) 80.3 (2.3) 56.0 (2.6) 71.8 (2.1)
RNNall 92.9 (0.7) 63.9 (3.2) 77.1 (3.1) 53.6 (2.1) 69.8 (1.8)

Table 8: Change detection scores, given as percentages.

Aside from the baselines, several comparisons between the neural networks are also made. First
of all, the difference between the NN2 and RNN2 models is tested. The assumption was made that
the RNN2 model would perform better. This is not the case, as the results of the one-tailed T-test
are not significant for both the change detection-only models [t(4)=−0.43, p-corr=1, g=−0.06]
and for the models trained on both tasks [t(4)=0.76, p-corr=1, g=0.33]. In fact, the NN2 model
performed better when trained on both tasks.

Secondly, the difference between the RNN2 and the RNNall model is tested. No particular
hypothesis was made whether having more maps as input would assist change detection, as changes
from another year are not closely connected to changes in the current year. As such, the two
are compared with a two-sided T-test. For the change detection task there was a significant
difference [t(4)=4.7, p-corr=0.01, g=2.88], while for the models trained on both tasks there was
not [t(4)=1.21, p-corr=0.37, g=0.92]. The RNNall model performed much worse in the change
detection-only task (70% against 60%), and slightly worse when both tasks were trained (72%
against 70%).

34



Finally, the difference between the models that were trained on the change detection task and
those trained on both tasks is tested. The assumption is that training on both tasks improves
the performance. There was a significant improvement only for the RNNall model [t(4)=5.5,
p-corr=0.007, g=2.98], from 59.7% to 69.8%. For the NN2 model there was not [t(4)=2.0, p-
corr=0.11, g=0.88], with an improvement from 70.2% to 72.4%. There was no significant improve-
ment either for the RNN2 model [t(4)=1.1, p-corr=0.26, g=0.51], with an improvement from 70.4%
to 71.8%. This improvement mostly comes from the higher recall scores. Another point of note is
that the standard deviations of the models trained on both tasks are lower than their counterparts:
the NN2 model goes from 2.9 to 1.3, the RNN2 model goes from 2.7 to 2.1, and the RNNall model
goes from 3.9 to 1.8. This means that their improved performance is also more consistent.

An example of the model outputs can be seen in Figure 17. Of note is the difference in which
the models segment the orchards in the upper middle and right; the models trained on both tasks
identify both of them properly, while the other models do not. More examples can be found in
Appendix C. In general, the best performing model on this task is the NN2 model trained on both
tasks, with a mean F1 score of 72.4%. It is followed by the RNN2 model, also trained on both
tasks, with a mean F1 score of 71.7%.

(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock (e) Forestobject

(f) NN2 (g) RNN2 (h) RNNall (i) NN2(both) (j) RNN2(both)

Figure 17: Example outputs. Note the different segmentation of the orchard in the upper centre
between the models trained on both tasks and those trained only on change detection.

5.3.1 Yearly Performance

It is interesting to see whether there are differences between the performances in change detection
over the years, seeing as the similarity and deviations in georeferencing of neighbouring decades
are not stable over the years. The performances of the models trained only on change detection are
shown in Figure 18. The models that were trained on both tasks are not shown because they show
the same pattern as their counterparts, only with slightly higher scores. The change detection is
done between a year and the decade after it; for example, the scores in 1940 denote the differences
between 1940 and 1950. A general pattern that can be seen is that the performances of all models
improve over the years, with the lowest scores in 1930 and the highest in 2000. The scores in
2010 are slightly lower than those of 1990 and 2000. The RNNall model performs much worse
than the other neural networks in the early years. This difference diminishes over the years, and
its performance is comparable to the other two in 2000 and 2010. The Forestblock model shows
a sharper increase in performance over the years than the neural networks; in 1929 the difference
between them is almost 20%, while in later years it is closer to 5%.

The lower performance of all models in the earlier maps can be traced back to the fact that
the georeferencing of those maps often does not match well. The changing sizes and locations of
features make it difficult to discern whether a feature has changed or whether only its representation
has changed. The drop in performance in 2010 cannot be explained as easily; the georeferencing is
very similar between 2010 and 2019, and the styles are almost the same. It could be that because
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of these properties the ground truth contains smaller differences, as it was easier for the author to
detect changes in this year. However, 2010 does not contain more changes than the years before it,
as can be seen in Table 2. As the objective number of changes is unknown, this therefore remains
speculation. The changing difference between the Forestblock model and the neural networks can
be traced back to the fact that it classifies changes based on the graphical differences between the
maps. The earlier maps differ more in graphical style than the later maps, which makes it harder
to discern for the model whether something is an actual change in the landscape or not.

Figure 18: F1 scores over time for change detection.

5.3.2 Buffered Performance

Imprecision is especially difficult for change detection, where imprecise georeferencing can lead to
uncertainty as to whether and where the landscape has changed. The impact of such problems
cannot be traced completely, but the performance of the models with a buffered prediction can
give some insight into how many mistakes were made due to slight imprecision. The buffered
performances can be seen in Table 9. The buffer only improves the scores because the additional
false positives are not counted; this improvement is shown in brackets behind the scores. The
increase is mostly seen in the recall scores, as the buffer increases the number of true positives
and reduces the number of false negatives. A general trend that can be seen is that the models
that scored lower in the regular results have a larger gain in the buffered results. This can be
seen in the difference between the neural networks trained on the change detection task and their
counterparts that are trained on both tasks. Especially the Forestblock model has a large increase
in performance, from an F1 of 56% to one of 67%. This is followed by the Forestobject model
which has an increased performance from 41% to 48%. It should be noted that these models have
a relatively low precision in the normal condition, which means that many pixels are classified as
changed when they are not. This gives them a larger buffer than the other models, which can aid
the detection of truly changed pixels without the additional penalty of decreased precision. This
is similar to the pattern that was shown for orchards in Section 5.2.2. The increases for the neural
networks are similar to their improvements in the segmentation macro F1 scores seen in Table 7.

All changes are grouped together in a single class, meaning they cannot be separated by shape,
size and land use like the segmentation classes can. It can therefore not be said with certainty
whether these characteristics influence the performances of the models. From observing the pre-
dictions it seems that it matters which type of land use is changed to which, and how large the
change is. For example, a ditch that changes to a meadow is more easily missed than a meadow
that is replaced with a residential area. Exact data on these differences cannot be given, but some
examples can be found in Appendix C.
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Task Model Accuracy Recall Precision IoU F1

CD

Forestblock 91.2 (1.9) 67.9 (14.6) 65.5 (5.6) 50.0 (10.8) 66.7 (10.3)
Forestobject 82.0 (1.5) 64.7 (11.8) 38.4 (4.6) 31.7 (5.8) 48.1 (7.0)
NN2 93.6 (0.6) 69.0 (4.6) 78.5 (1.2) 58.0 (3.9) 73.4 (3.2)
RNN2 93.8 (0.7) 68.6 (5.1) 80.3 (1.2) 58.8 (4.3) 74.0 (3.6)
RNNall 91.9 (0.7) 56.3 (5.5) 74.9 (2.0) 47.3 (4.6) 64.1 (4.4)

Both
NN2 93.9 (0.6) 72.3 (4.5) 78.8 (1.1) 60.5 (3.8) 75.4 (3.0)
RNN2 94.0 (0.6) 69.6 (4.6) 81.4 (1.1) 60.0 (4.0) 75.0 (3.2)
RNNall 93.6 (0.7) 69.4 (5.5) 78.6 (1.4) 58.3 (4.6) 73.6 (3.8)

Table 9: Change detection scores with a buffer of 2 pixels, given in percentages. The improvement
with respect to the non-buffered score is given in brackets.

5.4 Segmentation and Change Detection

The scores of the combined task are shown in Table 10. The macro score refers to the average of
the macro segmentation score and the score of the change detection. The individual scores can be
found in Tables 6 and 8, respectively. The micro score is computed over all pixels, meaning that
the segmentation score has a higher weight. A repeated measures ANOVA is performed on the
macro F1 score to see whether there are any differences between the performances of the models.
This shows that there is no significant difference between them [F(2, 8)=1.48, p=0.28, η2=0.27].
The η2 is also quite low, suggesting that any effect that could be there is very small. With this
being the case, there is no reason to perform additional T-tests on the individual models.

The roughly equal performances are line with the results of the separate tasks, where the
models did not perform significantly different from one another either. The NN2 and the RNN2

models have negligible differences in their performance. The models that receive input from two
maps perform slightly better than the RNNall model, with macro F1 scores of 79.5% and 79.3%
compared to one of 77.5%. This effect is more prominent in the recall scores, which can be seen
in both the segmentation scores in Table 6 and in the change detection scores in Table 8. The
performance of these models compared to their counterparts, which are only trained on a single
task, differs per task. While on the segmentation task they perform worse, on the change detection
task they perform better. It can therefore not be said one way or the other whether they are better
or worse than their counterparts; it depends on which task is deemed more important.

Class Model Accuracy Recall Precision IoU F1

Macro
NN2 95.8 (0.1) 76.8 (0.8) 82.7 (1.9) 66.7 (0.8) 79.5 (0.6)
RNN2 95.9 (0.2) 75.5 (2.9) 84.0 (1.9) 66.4 (2.1) 79.3 (1.6)
RNNall 95.5 (0.5) 73.3 (2.3) 82.5 (1.7) 64.0 (1.9) 77.5 (1.4)

Micro
NN2 97.1 (0.1) 79.5 (0.9) 84.7 (2.1) 69.5 (1.4) 82.0 (1.0)
RNN2 97.2 (0.1) 78.8 (2.5) 85.8 (2.0) 69.7 (2.0) 82.1 (1.4)
RNNall 96.8 (0.5) 76.0 (3.2) 84.6 (1.6) 66.7 (2.7) 80.0 (2.0)

Table 10: Averaged scores for both tasks. The macro score averages the macro segmentation score
and the change detection score, while the micro score weighs all pixels equally.

5.5 Overarching Results

Having seen the performances of the models on all test conditions, it is now possible to say some-
thing about the performances of the models in general. Firstly, the Forestblock model performs
relatively well on small features, and performs worse on larger ones that require the recognition of
a pattern. This is in line with expectations, as it only has a perceptive field of 7×7 pixels. It is also
relatively slow to train compared to the fastest neural network models. Secondly, the Forestobject
models consistently performs the worst out of all models. Although the OBIA technique works
well for satellite images, it seems to have difficulty with drawn map data. Aside from distracting
factors and the low graphical quality, the method also suffers from the type of features that need
to be identified. Normally a segmentation algorithm does not count borders of large patches as
separate objects, but it is forced to do so in this case because otherwise none of the waterways
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would be detected. This high sensitivity leads to small object sizes that do not reflect the size and
shape of the actual object. An example of this can be seen in Figure 19, which shows that the
segmentation contains many more objects than necessary. It can also be seen that parts of the
ditches are not classified correctly because they are part of too large an object, and that parts of
the orchard are not classified because their objects are too small.

(a) Map (b) Segmentation (c) Classification

Figure 19: Example segmentation and classification of the Forestobject model. The colours in (b)
only show the different objects, not classes.

Let us now look at the neural networks, starting with the NN1 model. This model can only be
used for semantic segmentation, and is the fastest neural network for that task. Its performance is
a little worse than the other neural networks when those perform only the segmentation task, but
not significantly. This dip in performance is mostly seen in specific combinations of classes and
years where the features are not presented clearly, such as the waterways in 1990.

The NN2 model, which combines multiple maps with concatenation, performs well at both indi-
vidual tasks and the combined task. Its training time increases as the task gets more complicated:
while the segmentation task took 20 minutes on average, the change detection task took 30 and
the combined task 40. Compared to the other neural networks it tends to have a slightly higher
recall, but a lower precision.

The RNN2 model, which combines two maps with a CGRU, performs equally well on the
individual tasks and the combined task. Because the CGRU component has more parameters, it is
slower to train; about 55 minutes for each task. There is only a few minutes difference between the
different tasks. It does not have any particular trends in its precision or recall scores, remaining
close to the scores of the other models with multiple maps as input. There is no significant difference
between its performance and that of the NN2 model.

The RNNall model receives input from all maps that are more recent than the segmented map,
in addition to the segmented map. It is relatively slow to train, with 2 and a half hours training
time for the individual tasks and almost 3 and a half hours for the combined task. This makes
it slower than both the baselines and the other neural networks. In the semantic segmentation
task it is one of the best models, although its performance gets comparatively slightly worse as
the maps get older. In the change detection task it performs much worse than the neural networks
when trained on only the change detection task, while it performs almost as good as the other two
neural networks when trained on both tasks.
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6 Discussion

The results show that the models are able to generalise features on maps spanning 90 years. The
scores for semantic segmentation are quite high at a macro F1 score of more than 88%, which
increases to 91.5% when the evaluation is set to be more lenient by using a buffer around the
predictions. The change detection scores are lower than the segmentation scores but still usable
with an F1 score of 72%. This is also lower than the change detection scores that are achieved with
remote sensing data [40][12][42], likely due to the additional challenges of imprecise georeferencing
and changing graphical styles. The scores are not equal over the years; the earlier years have
lower scores, particularly for change detection and the segmentation of water. The impact of the
timeframe is not the same for all classes, meaning that this should be examined individually for
each class that is added to the program in the future. This study set out to examine three main
questions about the influences on the models: whether input from maps from different timeframes
supports the semantic segmentation of a single map, whether there is a difference between the
two methods of combining the maps, and whether performing both tasks has any influence on the
general performance of the tasks. We will go over the answers to these questions in sequence.

Multi-temporal Input

The first matter of interest is to see whether input from other timeframes of the same location has
a positive influence on the semantic segmentation of a map. The models that received both their
own map and the map from ten years later perform somewhat better than the model that receives
only one map as input, although this difference is not significant. From the yearly results it can be
seen that the advantage of two-map models is mostly present in years where the representation of a
feature is unclear, such as years where ditches are not coloured as water. Contrary to expectations,
the input of multiple years does not help substantially with the avoidance of distractors, as that
would have resulted in a general increase in performance. This means that the use of multiple years
as input will mostly be helpful for similar projects when segmenting maps on which the visibility
of features differs between the years. The models that received additional input from all years
before the segmented map perform worse on maps from long ago, which have many maps as input.
This means that the input from many maps may in fact be detrimental to the performance of a
model, possibly because changes in the landscape over the years provide too much contradicting
information. Another cause for this behaviour could be the fact that a GRU variant is used in the
RNN model; this component has no way to separate information for later maps in the chain and
information that is relevant for the current output. It could be that using an LSTM variant will
reduce the unwanted side effects of using many maps as input, as such a unit can separate the two
streams of information better. Comparing these two variants in further studies should shed more
light on what causes the decreasing performance. Such comparisons have been done in studies with
two maps, like the work of Mou et al. [52] and that of Chen et al. [12]. Nevertheless, it has not
been done before with more than two maps, where the difference between the two architectures
should be more apparent. Another point of interest is that the additional maps that were provided
in the experiments were always more recent than the segmented map. For further studies it could
be interesting to see whether input from the decade before the segmented map could have some
positive influence as well. Having both the map from a decade before and the one from a decade
after the segmented map could help to filter out which features are relevant, as features that are
present both a decade before and a decade later are more likely to be present on the segmented
map. This was not tried in this thesis, as the sequential nature of the GRU elements does not lend
itself to output about the middle of the sequence.

Combining Maps

This brings us to the second research question pertaining to the difference between the models
with a CGRU and those that concatenate the two feature maps. There is no discernable difference
in performance between these models, in none of the test conditions. While the CGRU has more
flexibility in its options to filter out information from other maps, the convolutions in later parts
of the model seem to perform this task properly as well. As mentioned previously the addition of
more than two maps does not improve the performance either, which was deemed as a possible
perk of using a CGRU. This result brings more clarity to the question of which architecture
is more effective for the combination of two images. Where most papers that discuss such an

39



architecture do compare it to other models, they tend not to compare it to the same architecture
with and without the RNN component. This trend can be seen in papers which test different RNN
architectures [52][12], as well as those that test fully convolutional networks [10][40][70]. Several of
these do compare different variants of combination, but limit it to either types of RNN or ‘simple’
types of combination like concatenation and subtraction. With the results of this study in mind,
it can be said that the addition of a computationally expensive RNN component is not a necessity
for either semantic segmentation or change detection in the presented conditions.

Combining Tasks

Aside from combining the maps, the potential of combining tasks has also been studied. Training on
both the segmentation task and the change detection task improves the performance of the models
on the change detection task, although this improvement is not significant for most models. It is
probable that the improvement mostly comes from the changes that are related to the segmented
features. The changes that need to be detected are not limited to the features that need to
be segmented, which might explain why the improvement is only mild. It would therefore be
interesting to see whether an increase in the number of features that are segmented would result
in a larger improvement as well. Such an effect could be seen in the work of Caye Daudt et
al. [10], who segment the whole map into land-use types and use that segmentation to inform
their change detection. They conclude that that approach performs much better than the model
that only performs change detection. The structure of their models differs from the presented
models, as the semantic segmentation of the two maps is done separately; they do not receive
information about the other map. Based on the results of this study, a more compact model which
uses shared paths could be used without impacting the performance and may aid the segmentation
of difficult features. The semantic segmentation score did decrease slightly when performing both
tasks compared to the models that only segment. Again, this difference was only significant for
one of the models. There was no significant difference between the different models that performed
both tasks, meaning that concatenating and using a CGRU are equally viable methods to perform
the tasks simultaneously.

6.1 Limitations

There are some aspects of this study which were held back either by practical restrictions, or by
the choices that were made in the process. These involve either the way in which the experiments
were conducted, or the data that was used for training and testing the models.

Experimental Conditions

There are some practical limitations to the experiments, which may have hampered the results.
Firstly, the RNNall model does not have the exact same training conditions as the other neural
networks. It has a smaller batch size compared to the other models, because insufficient memory
was available for the desired batch size. Furthermore, each batch only contains maps of the same
year because the training architecture cannot handle items of different sizes in the same batch.
Especially the last point may have been detrimental to its learning process, as it makes each batch
less representative of the whole dataset.

Secondly, the models were only run five times for the statistical tests due to limited resources.
This is quite a low number for ordinary statistical testing, which also means that the statistical
power of the comparisons is relatively low. It should be noted that running large neural networks
for more than 5 times is not customary due to the long training times and expensive resources.
Any effects that were not found to be significant may therefore be still be worth exploring more in
future studies, to see whether the insignificance was truly due to there being no difference, or due
to the limited statistical power of the tests.

Thirdly, the results of the models are compared to relatively simple baseline models only. The
state of the art in semantic segmentation features much larger and advanced neural networks
than those presented in this study. However, such models require much more training data and
computational power to be retrained than the created models, and as such they are not shown
here. Aside from such large models, neural networks from papers that perform similar tasks to
the ones shown here could have been used for a comparison. As there was no clear consensus on
which was the best-performing model, however, this would have required rebuilding and training
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multiple additional models. The resources needed for this were not realistic for the current study.
Instead, the models presented aim to represent the different modelling choices that others have
used, to provide a clear comparison between the techniques rather than comparing whole models.
This does mean that the overall performance of the models cannot be said to be better or worse
than that of any state of the art model.

Finally, the way in which the buffers have been implemented may not be ideal. If a model has
incorrectly classified a random pixel and correctly classifies a nearby pixel because of the buffer,
this leads to a misleading improvement in its score. As the buffer is only two pixels wide this is
not likely to happen often, except for cases where a model has very low precision. Still, other kinds
of buffer could have been used, such as the approach of Kampffmeyer et al. [33]. They leave the
borders of ground truth objects out of the evaluation, meaning that it does not matter whether
the model classified it correctly or not. A downside to such an approach is that small objects only
have very few pixels left to be classified. The current study has many small or narrow objects, and
as such the chosen method of buffering was thought to be more fitting. In retrospect it might have
been better to implement the buffers as Kampffmeyer et al. did, considering the low precision of
some of the models.

Data

The data was selected and annotated completely by the author. This is a time-consuming task,
which led to several choices to keep the work within reasonable bounds. First of all, the test data
consists of the same tile size as the training data. One of the advantages of a CNN is that it is able
to handle images of different sizes, and the presented models will likely be used for much larger
images than those in the training data. The models were not tested on larger maps, however,
because this would require annotating much more land to get enough diversity in the landscapes.
Another choice that was made was between which years the differences would be annotated. For
the purposes of the soil advisors at TAUW it was deemed convenient to know when changes had
taken place, which made annotating the differences between adjacent decades the logical choice.
However, it does mean that the models at present cannot generalise to differences between any two
maps, temporally adjacent or not. This would be an interesting functionality to have if the model
is to be used in more general contexts.

There are also some faults to be found in the data that was used. While much effort was made to
annotate it as accurate as possible, there are most certainly mistakes in the annotations, especially
in the changes. These mistakes may have influenced the results, as it makes training more difficult
and the evaluation less accurate. Neural networks are able to work with noisy data, and as such
the impact on the training is not assumed to be very large. The evaluation is more problematic; it
means that the scores that are given in the results should be taken as indications rather than exact
scores. Further improvements to the datasets could help to eliminate this imprecision. Not only
the annotations could use improvement; more accurate georeferencing of the maps would facilitate
the both the annotation and the training of the networks greatly.

Finally, it cannot be said for certain whether the data is representative of the Dutch landscape
in general. The locations that were chosen for annotation are from all over the country, but care
was taken to ensure that the segmentation classes were present on enough tiles. Orchards, for
example, are much more common in the data than they are in the actual landscape. The only way
to ascertain whether it generalises well is to use the program in practical applications.

6.2 Practical Recommendations

Based on the capabilities and limitations of the models that we have seen above, an estimation
can be made of how these models could be used in practice; specifically, which model is preferable
for which task and timeframe. This is based on the models as they are currently, without any
additions or changes.

Let us first look at the case where only semantic segmentation is needed. If orchards or buildings
are important, all years can be used reliably without too many changes in the performance. For
the water class, on the other hand, the performance drops in 1929 and 1940 to an F1 score of
65% to 70% respectively. This is still usable, but it needs more thorough checking by the user.
Regarding the choice of model, the NN2 model is preferable when features need to be segmented
which are unclear in isolated years, such as the water class in 1950 and 1990. If such features are
not important or computation time is of the essence, the NN1 model is the better choice.
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Let us now look at the case where only change detection is needed. The performance of all
models is worse the earlier in the timeline the maps are; in 1929 the highest F1 score is 50%, which
turns into 60% by 1950 and 70% by 1970. This needs to be taken into consideration when using
the models for older maps, especially when a high recall is important. The models are better at
finding large changes than smaller ones; if only large changes are needed, the models need less
supervision. As for the choice of model, the ones that are trained on both the segmentation task
and the change detection task perform the best at this task. These are especially recommended
if the changes that need to be found are related to the segmented features. The NN2 model is
preferred because of its faster computation times.

Finally, there is the case where both tasks are needed. The same recommendations for time-
frames and class importance hold here as in the individual tasks. If the slight decrease in the
segmentation scores is not a problem, the models trained on both tasks can be used. In this case
the NN2 model would be preferable as well. The decrease amounts to 1% in the F1 score. If this
decrease in performance is not acceptable and computational resources are not an issue, a model
trained only on the segmentation task can be used for segmentation, while the both-task model is
used for change detection. In this case, the recommendations that are given above hold as well.

6.3 Future Research

Some ideas for future research have been suggested in the paragraphs above; the ones that are
deemed to be most interesting are included here. There are three global directions that future
research could take based on the results of this study. The first is to shed more light on how
the current models work, and the influences on this performance. The second is to improve the
performance of the models for the current tasks. The third is to expand the functionality of the
models. As for the further study of the current models, the two most important options pertain
to the data. First of all, the models could be tested on maps from other parts of the country on
which they are not trained. The tiles of these areas can also be larger than those that were used
for testing in the current study. Such a test could show whether the models can generalise to other
landscapes, which is valuable to know for practical use. A larger step would be to see whether it
can generalise to maps of other countries without additional training. Secondly, the georeferencing
of the maps could documented, such that imprecision due to georeferencing can be distinguished.
Showing which mistakes are related to the misalignment of features would help to differentiate
them from mistakes due to graphical style or other influences, which the current approach with
a buffer cannot do. This in turn would give an indication of the importance of improving the
georeferencing of the maps. Such work is especially important for the change detection task, but
the models which receive multiple maps as input could benefit from it as well. The imprecision
that was not caused by imprecise georeferencing can still be studied with a buffer as was proposed
in this study. Finally, the influences of RNN components on the performance could be explored
further. The RNNall model did not perform well on older maps; it could be that replacing the
GRU with an LSTM results in a different pattern due to the separation of the output and the
internal state.

There are many ways to improve the current models’ performance. Without changing their
architecture, they would already benefit from a more accurate training dataset. The changes
between maps in particular could be made more consistent and complete, and their relevancy for
the desired application could be checked by an expert to avoid trivial changes. The earlier years
from 1930 to 1950 have more variability in their graphical styles, and could therefore benefit even
more from additional training data. As an addition to the current procedure some post-processing
could be used to refine the results, such as Conditional Random Fields to make the model outputs
resemble the shape of the features more closely [50]. Finally, the loss function could be modified.
The models often have difficulty with smaller changes and objects, such as narrow ditches that
have disappeared. If these are given larger weights when computing the loss, the models will learn
to discern these features better.

In order to expand upon the existing models, several options can be explored. The most
straightforward option is to include more classes for semantic segmentation. For example, roads
are useful to identify in many applications, and are frequently involved in landscape changes. An
interesting option would be to include distractors such as text as an explicit class, to see whether
this helps to counteract their influence. An expansion of classes could also be applied to change
detection; rather than a binary classification of changed or not, different classes could represent
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which feature has changed into which. A higher number of segmentation classes could introduce an
imbalance in the models if the classes are not equally common, as each class has the same weight
in the loss function. Other design choices are more appropriate with a high number of classes,
such a weighted loss to inflate the importance of rare classes. Another option for expanding the
capabilities could be to train them to detect changes between any two maps, not just temporally
adjacent ones. This would expand the number of applications for which the models can be used.

7 Conclusion

The original motivation of this study was to automate the retrieval of indicators of soil contam-
ination from historical maps spanning 90 years. As a representative set of the most important
indicators, three features were chosen for semantic segmentation: water, buildings and orchards.
Additionally, the changes in the landscape had to be determined for each decade. Multiple CNN
models were designed to accomplish this, building upon previous work on both historical maps and
satellite images. The results show that the models can learn to generalise the features of maps from
different decades, and that changes in the landscape can be separated from changes that are caused
by graphical styles. This demonstrates that CNNs are a useful tool for extracting information from
historical maps. To put their performance into perspective, two baseline models were constructed
as well. Both were based on random forests, with either a patch-based or an object-based input. In
comparison with the baseline models the CNNs performed significantly better, especially in cases
where a larger pattern such as an orchard had to be identified. This shows that using CNNs is
especially useful in cases where context information is important.

The goal was not just to build suitable models, but also to examine which kinds of methods
work best for these tasks. Three main influences were investigated: multi-temporal inputs, ways
to combine multiple maps, and combining the two tasks. The multi-temporal inputs were either
an additional map from a decade later, or all maps that were more recent than the segmented one.
Giving this additional input for semantic segmentation was shown to be useful only in specific
cases, where the segmented feature is drawn ambiguously while it is drawn clearly in the decade
after it. The usefulness of the additional input hence depends on the needs of the user. Having
more than two maps as input did not result in a larger improvement. For both multi-temporal
segmentation and change detection there were two methods of combining multiple maps that were
tried; concatenation and a CGRU. There was no significant difference between the two methods,
which gives preference to the concatenation method as that one is faster. This resolves some
disagreement in the community as to which method of combination should be preferred with im-
age data. The tasks of segmentation and change detection were performed both separately and
simultaneously. Performing both tasks slightly increases the performance in change detection,
and slightly decreases the performance in segmentation. These effects were not significant for
all models, but they do warrant further investigation. The increased performance in change de-
tection in particular could be valuable, especially with the further addition of segmentation classes.

This study has given more insight into which approaches are useful for the analysis of drawn
maps. It is not often that a collection of maps spanning such a large area and timespan is avail-
able for studies. As such, this provided a unique opportunity to examine both the capabilities for
generalisation of CNNs, and the influence of multiple maps on the segmentation of single maps.
Furthermore, this study has performed the first step to fully automate the change detection of
drawn maps, which was previously either partially automated or done by hand. The promising
results of this study encourage further development of convolutional neural networks for both se-
mantic segmentation and change detection. The digitisation of historical maps is an arduous task
of which this study is only a small part, but each automation step can contribute to the availability
of a wealth of knowledge to the general public.
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A Tables

Model 1 Model 2 T p-corr Hedge’s g

Forestblock

NN1 -25.9 < 0.001 -11.0
NN2 -32.5 < 0.001 -10.0
RNN2 -16.9 < 0.001 -9.9
RNNall -28.9 < 0.001 -10.3

NN2 (both) -27.1 < 0.001 -10.3
RNN2 (both) -21.9 < 0.001 -8.5
RNNall (both) -12.0 < 0.001 -6.5

Forestobject

NN1 -55.7 < 0.001 -21.2
NN2 -96.8 < 0.001 -19.0
RNN2 -39.2 < 0.001 -18.9
RNNall -72.0 < 0.001 -19.6

NN2 (both) -62.2 < 0.001 -20.8
RNN2 (both) -68.1 < 0.001 -17.0
RNNall (both) -26.3 < 0.001 -13.9

Table 11: One-tailed T-test results for the segmentation task of the baseline models against the
neural network models. All tests have 4 degrees of freedom.

Model 1 Model 2 T p-corr Hedge’s g

Forestblock

NN2 -11.9 < 0.001 -5.1
RNN2 -13.9 < 0.001 -5.6

NN2 (both) -44.8 < 0.001 -9.3
RNN2 (both) -22.3 < 0.001 -7.1
RNNall (both) -11.2 < 0.001 -6.8

Forestobject

NN2 -31.0 < 0.001 -9.7
RNN2 -30.2 < 0.001 -10.3
RNNall -13.7 < 0.001 -5.1

NN2 (both) -55.4 < 0.001 -14.4
RNN2 (both) -30.0 < 0.001 -12.1

RNNall -21.0 < 0.001 -12.0

Table 12: One-tailed T-test results for the change detection task of the baseline models against
the neural network models. All tests have 4 degrees of freedom.

B Semantic Segmentation

The segmented map is always the second map; the first is the map from one decade after it, to
which only the models with multiple maps as input have access. The classes are coloured as follows:
red for buildings, green for orchards, and blue for water.
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(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN1 (g) NN2 (h) RNN2

(i) RNNall (j) NN2(both) (k) RNN2(both) (l) RNNall(both)

Figure 20: Note the long and narrow residential blocks. Only Forestblock and NN2(both) identify
them correctly; the others likely identified them as roads because they are also coloured red in this
time period.

(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN1 (g) NN2 (h) RNN2

(i) RNNall (j) NN2(both) (k) RNN2(both) (l) RNNall(both)

Figure 21: Note how the contour lines interrupt the segmentations of all models.
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(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN1 (g) NN2 (h) RNN2

(i) RNNall (j) NN2(both) (k) RNN2(both) (l) RNNall(both)

Figure 22: Note the ditch at the bottom, which is missed by some models. Also note that most
models correctly include the yellow province border as water.

(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN1 (g) NN2 (h) RNN2

(i) RNNall (j) NN2(both) (k) RNN2(both) (l) RNNall(both)

Figure 23: The letters interrupt the ditches of all models, even though the additional map has
uninterrupted ditches. The orchard in the bottom right is identified mostly by models with both
maps as input, presumably because the other map also has an orchard there.
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(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN1 (g) NN2 (h) RNN2

(i) RNNall (j) NN2(both) (k) RNN2(both) (l) RNNall(both)

Figure 24: Big black letters are sometimes confused with buildings.

(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN1 (g) NN2 (h) RNN2

(i) RNNall (j) NN2(both) (k) RNN2(both) (l) RNNall(both)

Figure 25: The buildings here are very similar to the roads, but most models separate them well.
Only the road in the middle underneath four individual buildings is seen as a building by multiple
models.
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C Change Detection

The changes between the two given maps are detected, with the first map being the more recent
decade. White denotes changed areas, black not changed.

(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN2 (g) RNN2 (h) RNNall

(i) NN2(both) (j) RNN2(both) (k) RNNall(both)

Figure 26: Note that multiple models identify the upper part of the orchard as changed, because
it was longer in the newer map. This change is not in the ground truth because of the imprecise
georeferencing of the older map, but this is not visible to the models.
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(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN2 (g) RNN2 (h) RNNall

(i) NN2(both) (j) RNN2(both) (k) RNNall(both)

Figure 27: Large patches of single colours are easily identified as changed. Note the yellow road
at the middle right; while it is missed in the ground truth, some models pick up on it.

(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN2 (g) RNN2 (h) RNNall

(i) NN2(both) (j) RNN2(both) (k) RNNall(both)

Figure 28: Hardly any change is found here by the models; the georeferencing and the graphical
style differ too much between the two maps.
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(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN2 (g) RNN2 (h) RNNall

(i) NN2(both) (j) RNN2(both) (k) RNNall(both)

Figure 29: Note the difference between the models trained on both tasks and those trained on CD
only; they identify the new harbour more completely.

(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN2 (g) RNN2 (h) RNNall

(i) NN2(both) (j) RNN2(both) (k) RNNall(both)

Figure 30: The ground truth misses the orchard in the upper right corner, but is (partially) spotted
by several models. The orchard on the left is correctly found by most.
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(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN2 (g) RNN2 (h) RNNall

(i) NN2(both) (j) RNN2(both) (k) RNNall(both)

Figure 31: The ground truth misses the small ditch in the upper middle. Several models do spot
it correctly. Note that the text is on almost exactly the same spot; this is often the case

(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN2 (g) RNN2 (h) RNNall

(i) NN2(both) (j) RNN2(both) (k) RNNall(both)

Figure 32: The letters hinder the change detection of most models, although those trained on both
tasks are less affected.
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(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN2 (g) RNN2 (h) RNNall

(i) NN2(both) (j) RNN2(both) (k) RNNall(both)

Figure 33: Large changed areas are not marked in as much detail as smaller changes.

(a) Map 1 (b) Map 2 (c) Ground truth (d) Forestblock

(e) Forestobject (f) NN2 (g) RNN2 (h) RNNall

(i) NN2(both) (j) RNN2(both) (k) RNNall(both)

Figure 34: Small changes such as individual buildings are more easily missed.
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