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Abstract

Series or animations of classified choropleth maps are an important form of reproducing multi-temporal, cardinally scaled
data sets, especially in media. However, there are problems with such representations that are not taken into account by the
known methods of data classification (such as equidistant grouping or quantiles), and therefore lead to visualizations that are
not sufficiently suitable for use. On the one hand, different questions and change analysis tasks are not explicitly considered
in the process of making these maps. In the following, typical change tasks are singled out (i.e. show absolute differences,
absolute percentage changes, positive changes and deviations from the trend) and the corresponding metrics for quantitative
description are proposed. On the other hand, there are no measures in the usual procedures to avoid the loss of significant
changes after classification (i.e. the regions belong to the same class). In the following, a procedure is therefore proposed
that begins with rules for assigning value differences to class differences (e.g. based on statistical significance). Based on
this, a preservation measure is defined that describes the success of obtaining the desired class differences after applying
the classification. This measure can also be used to guide a new classification procedure. Using two multi-temporal data
sets, the effects of the developed measures and methods are demonstrated both numerically and visually in corresponding
choropleth maps.
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Aufgabenorientierte und veranderungsbewahrende Datenklassifikation fiir multitemporale
Choroplethenkarten

Zusammenfassung

Serien oder Animationen von klassifizierten Choroplethenkarten sind, gerade in Medien, eine wichtige Form der Wieder-
gabe multi-temporaler, kardinalskalierter Datensitze. Gerade bei solchen Darstellungen gibt es aber Probleme, die durch die
bekannten Verfahren der Datenklassifikation (wie dquidistante Einteilung oder Quantile) nicht beachtet werden und daher zu
nicht hinreichend gebrauchstauglichen Visualisierungen fithren. Zum einen werden unterschiedliche Frage- bzw. Aufgaben-
stellungen bei Verinderungsanalysen nicht explizit beriicksichtigt. Im Folgenden werden typische Verianderungsaufgaben
herausgegriffen (d.h. zeige absolute Differenzen, absolute prozentuale Anderungen, positive Anderungen, Abweichungen
vom Trend) und entsprechende Metriken zur quantitativen Beschreibung vorgeschlagen. Zum anderen gibt es bei den
iiblichen Verfahren keine MaBlnahmen, um den Verlust signifikanter Verinderungen nach der Klassifikation zu vermeiden
(d. h. die Regionen gehoren derselben Klasse an). Im Folgenden wird daher ein Vorgehen vorgeschlagen, das mit Regeln zur
Zuordnung von Werteunterschieden zu Klassenunterschieden (z. B. basierend auf statistischen Signifikanzen) beginnt. Darauf
aufbauend wird ein Maf} definiert, das die Erlangung der gewiinschten Klassenunterschiede nach Anwendung der Klassi-
fikation beschreibt. Dieses Maf3 kann auch verwendet werden, um ein neues Klassifikationsverfahren zu steuern. Anhand
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zweier multi-temporaler Datensitze werden die Wirkungen der entwickelten Mafle und Methoden sowohl nummerisch, als
auch visuell (durch entsprechende Choroplethenkarten) demonstriert.

Schliisselwdrter Choroplethenkarten - Multi-temporale Daten - Datenklassifikation - Verdnderungsanalysen - Animationen

1 Introduction

Both the demand for and the availability of multi-temporal
geodata are increasing: On the one hand, there is a growing
demand due to current and time-critical applications—such
as epidemiology, climate, meteorology, mobility or energy
supply. On the other hand, the provision of large multi-
temporal data sets is generally no longer a problem due to
the technical developments of satellite-, drone- or terrestrial-
borne sensors and advanced distribution via the web. In
this context, cartographic visualization (and associated
generalization steps for reducing complexity) plays an
important role in providing effective and efficient insights
into such data sets for experts or laypersons.

If such multi-temporal data sets consist of cardinally
scaled, relative and area-related data, series of choropleth
maps are a very frequently used form of communication,
especially in the media (Mooney and Juhész 2020), either
as dynamic cartographic animation or as static map series
(in particular, small multiples).

In addition to the inherent disadvantages that static
choropleth maps already bring with them (such as the ‘area
size bias’; Schiewe 2023a), there are further problems
with multi-temporal representations. These problems can
essentially be traced back to the limited capacities of the
human memory levels (sensory, working and long-term
memories), which only allow incomplete capture and
further processing of the extensive information, presented
in a short period of time (Harrower 2007). Conversely, the
number of visual stimuli is normally too large for working
memory capacity, which can be caused by a large number
of enumeration units, class values (or related colours),
epochs or change events. These effects are emphasized by
simultaneous and opposing changes in different parts of the
map.

To enhance visual contrasts and improve readability, data
are often classified for the display in choropleth maps. This
article will address two problems that arise specifically with
multi-temporal data classification and make usable change
detection and analysis more difficult:

e Missing task orientation: The existing methods of data
classification work purely data based, and there is no
explicit consideration of different, more specifically
described types of change (or questions or tasks). On the
contrary, it is obvious that questions such as ‘show signif-
icant value changes’, ‘show trend changes’ or ‘show max-
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imum positive changes’ require different pre-processing
and sometimes also different visual representations.

e Missing change preservation: The preservation of value
changes Ax between two epochs after data classifica-
tion is the essential prerequisite for them to be visible
in classified maps (then as class changes Ac). However,
when determining class boundaries, the typical methods
of data classification (such as equidistant, quantiles or
natural breaks) do not take into account the preservation
of ‘important’ or statistically significant changes, nor
the desire to categorize very small changes into differ-
ent classes. This results in various cases of correct and
incorrect reproduction of changes (Fig. 1).

The goals of this article arise from these problems, which
relate to the multi-temporal representation of cardinal, area-
related data:

e To integrate different change tasks (expressed through
related change metrics) into the data classification
method and to visually and numerically demonstrate the
differences of the respective outcomes.

e To integrate suitable change preservation metrics into
the classification process and to visually and numerically
demonstrate the progress against a conventional method
(such as equidistant).

The remainder of this paper is structured as follows:
Sect. 2 describes selected work on the fundamental problems
of multi-temporal choropleth maps and on task-oriented
data classification. Section 3 covers the methodology—this
includes the description of selected change tasks and change
metrics as well as a measure that defines the preservation
of changes after data classification. This measure is then
also used in a customized data classification method—the
application of this method to real data sets is demonstrated
in Sect. 4 and discussed in Sect. 5. Section 6 summarizes the
results and provides an outlook for future work.

2 Previous Work

With regard to solving general perceptual problems with
multi-temporal map displays, two general approaches can
be identified in previous work. These are mostly related to
cartographic animations, but can also be partially trans-
ferred to map series. The first approach deals with different
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epoch 1 »important” value change is defined as 23 epoch 2
True Positive False Positive
important value change (+3) not important value change (+2)
10 10 is coded as change 13 12 is coded as change
10 7 11 10
True Negative False Negative
not important value change (+1) important value change (+3)
is coded as no-change is coded as no-change

[ ] o.11 [ ] o.1
I 12..20 B 12..20

Fig.1 Cases of desired and undesired class differences Ac (and respective grey coding) between two epochs—in this example, an ‘important’

class change is defined for value differences of Ax>3

graphical or interactive design options. These include, in
particular, the integration of interactive elements (e.g.
Harrower and Fabrikant 2008), placement of legends (e.g.
Kraak et al. 1997), use of speech or sound (e.g. Muehlen-
haus 2013) or the interpolation (‘tweening’) between map
frames (e.g. Fish et al. 2011).

The second general approach is related to data or map
generalization methods, both for the spatial and temporal
dimensions (Panopoulos et al. 2003). They follow the basic
recommendation that the multi-temporal information to be
displayed should be reduced to the necessary minimum.
Temporal generalizations include the selection of certain
epochs, aggregation (e.g. from daily values to monthly
averages) or smoothing (e.g. by averaging an epoch and a
certain number of previous epochs (e.g. Traun et al. 2021).

If one focuses on data classification as a specific form
of necessary generalization, there is extensive treatment
in the literature—relevant overviews are provided by
Cromley and Cromley (1996) or Coulsen (1987). However,
data-driven methods for static representations are usually
discussed here—the multi-temporal and possibly dynamic
representation considered in this paper, on the contrary,
receives little attention.

An exception is the contribution by Monmonier (1994),
who (unsuccessfully) tried to avoid small or unwanted
class changes. Harrower (2003) advocated aggregation
into two or three classes, which of course represents a
high loss of information. Also, Becontyé et al. (2022)

emphasized the loss of information for the case of aggre-
gation in the course of pre-processing for choropleth maps.

Brewer and Pickle (2002) found in their studies that
when existing classification methods are taken into
account, the quantile method produces the best results for
map comparisons. However, it must be mentioned that
classifications were only made into three classes and that
a posteriori processing was necessary due to numerous
false positives. In addition, it was empirically confirmed
that identical classifications and legends for all epochs
significantly increased the accuracy of map comparison (by
28%).

There are also only a few publications regarding the
consideration of specific change tasks (as well as associated
change metrics) based on multi-temporal (choropleth) maps.
For example, Brewer and Pickle (2002) did not consider
different change tasks. The quantile method, which has been
found to be optimal (see above), is certainly well suited to
represent only very few, large changes—but a classification
based on significant change values has not been considered.

Schiewe (2018) and Schiewe (2022) used the triad model
of Peuquet (1994) and the task typology of Andrienko and
Andrienko (2006) to categorize cases of change and possible
forms of visualization. Halpern et al. (2021) pointed out
(using the example of communication COVID-19 data)
that data classifications should in principle be individually
adapted for each application.

There are definitely empirical findings for the choice of
a classification method for mono-temporal representations,
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which particularly take the given data distributions into
account (e.g. highly skewed distributions should usually
not be treated by an equidistant classification, as this leads
to many weakly and a few strongly populated classes).
However, transferring such findings to multi-temporal data
sets does not make sense, as this creates a ‘new’ large data
set of all epochs, for which the data distribution no longer
has any connection to the individual epochs.

In summary, it can be stated that the influence of
undesirable loss and preservation of changes in the context
of data classification has not yet been adequately addressed
in the literature and with that no implementations in standard
software can be observed.

3 Methods
3.1 Change Tsks and Metrics

The focus in this article is on area-related, cardinal data,
which limits the scope of possible tasks or questions
regarding changes in the data sets. According to the triad
model by Peuquet (1994), a related, possible general change
task description consists of the input parameters space
(‘where’) and time (‘when’) and the change information as
output ("what’).

A rough categorization of the spatial component leads
to local tasks (i.e. related to a single enumeration unit)
and regional tasks (i.e. related to more than one, up to all
enumeration units). The temporal component defines the
number of epochs, the overall duration and the temporal
resolution of the given data. Depending on specific
applications, the change information as such (based on area-
related, cardinal data) can be expressed as value differences,
value quotients (or percentages), trends or derived metrics.

Value differences or quotients are typically of bi-temporal
nature with a certain time lag. One obtains a series of
differences or quotients for multi-temporal data sets (with
three or more epochs).

Trends might be expressed qualitatively (e.g. increase,
decrease and no change) or with quantitative metrics (such
as numerical trend functions).

Based on these basic metrics, a couple of derived metrics
might be necessary for specific applications, in particular:

e Extreme values (maximum, minimum)—e.g. to search
for outliers, etc.;

e Other statistical values (mean, median, standard
deviation, etc.)—e.g. to get a summary or overview of
the time series, etc.;

e Magnitude of absolute (positive, negative) change values
only—e.g. to filter out locations that show increased
information only, etc.;
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e Deviations from given (legal, etc.) thresholds—e.g. to
identify critical locations in time that exceed certain
thresholds, etc.

e Deviation of values from trend functions—e.g. to identify
strong deviations that take also the general development
of values of time into account.

In principle, all combinations of the aforementioned
spatial, temporal and change information components are
possible to describe concrete change tasks. As the central
idea of this paper is to integrate different change tasks
(expressed through related change metrics) into the data
classification method, it can be concluded that in principle
all numerical values mentioned before can be used as input.
The example (Sect. 4.2) will tackle a small subset.

3.2 Change Preservation Metrics

Based on the core problem that ‘important” changes (which
of course require a prior definition of ‘important’) can be
lost through data classification, the following approach is
proposed to improve the preservation of changes (see also
Schiewe 2023b):

¢ Defining which changes should be represented by class
differences or number of class changes,

e Carrying out data classification and

e Comparing the actual class changes achieved with the
required changes using a change preservation metric.

The first and third steps are described in more detail
below. The intermediate data classification can be carried
out using any method—the new data classification will be
discussed in Sect. 3.3 in more detail.

The definition of the required class differences Ac,¢quireq
can be done in different ways (Schiewe 2023b). In general,
an upper threshold value Ax,,, is set, which should lead to
a class difference of one (in the case of a binary representa-
tion) or to a maximum class difference of k-1 (with k: num-
ber of classes) (Fig. 2). In the second case, a proportional
assignment between value and class difference can be made
below this threshold:

INT(k;le>for Ax < Axyppeg

Axypper
k—1else

A

Crequired =

The assessment of how well these required class
differences were reached after using a data classification
procedure makes a change preservation metric necessary.
This metric can also be used for a new classification
method that explicitly takes the preservation of changes
into account (Sect. 3.4). The POCC (preservation of
class changes) metric is used below, which looks at the
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Fig.2 Transformation of
value differences Ax to class AXMIN

Value differences

differences Ac (a: binary |
assignment; b: proportional l

assignment; each based on the

upper threshold value Axpp.,)

difference between the requested (Ac,qyireq) and the
actually received class difference (Ac,gieyeq) as follows:

- Ac

Zi w;e |Acrequired,i achieved,i |

POCC=1-
2iwieAc

required,i

The measure uses normalization so that the range of
POCC is between 0 and 1. The larger the POCC, the better
the preservation. The index i runs over all enumeration
units with a specified time difference (e.g. in direct
succession of epochs). The weights w can be used to
emphasize the preservation of certain class differences
(e.g. very high value differences; see also Sect. 4.3).

P Ac

regiured

Class differences

3.3 POCC Data Classification

The change preservation metric (POCC) described above
can also be used to control a data classification process,
which aims for an improvement of the preservation of
desired class differences Acequireq-

It is assumed that a consistent classification across all
time epochs will be used—whereas separate classifications
for each individual time point will hinder the visual change
detection (Brewer and Pickle 2002)—as Fig. 5 also shows.

The class boundaries are determined using a sweep line
method (Fig. 3). The attribute values x are shown on the
right axis. All value differences (alternatively, all value
quotients) between all epochs are plotted below. The sweep
line is pushed from left to right over these intervals. The
option currently pursued here is that the stop points are

.

Ve ™\
value interval Ax
(from - to)

P original attribute
values x

l

s B
exemplary sweep line

(possible class break)
AS J

) ::ﬁ::ﬁ:ﬁ"""""""""

\\
\\
number of
intersections
| interval/sweep |

Fig.3 Sweep line procedure: Horizontal black lines below number line show placement and width of all value intervals Ax; dashed vertical lines

are sweep lines with stop points at start of each interval
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/proportional
to Ax

computed
class break

value interval Ax
(from - to)

\ J

"number of computed\
class breaks  —Jp» original attribute

values x

crequired Acachieved \

2 2
0+1+1+0

2 1 >> POCC=1- —— =0.67
2+2+1+1

1 2

1 1)

Fig. 4 Example for POCC calculation: For demonstration purposes, the given values AC,qquireq are simply proportional to the interval widths;
AC,chieved 18 derived from number of intersections between class breaks and interval

defined by all start values of the intervals. Each intersection
or point of contact between the sweep line and the interval
line represents a possible class boundary. For each sweep
line, the number of intersection points is counted. Then, all
combinations of sweep lines for a given number of classes
are taken into account (leading to a brute force approach).

Based on this, also different required class breaks
Ac equired depending on the interval width number can be
considered, which allows the computation of the POCC met-
ric (as introduced in Sect. 3.3). Figure 4 shows an example
for POCC calculation for one possible class break setting.
The maximum POCC value of all combinations for the given
number of classes determines the best solution.

4 Experiments

4.1 Data

This study uses a prominent data set from the Robert Koch
Institute (Berlin, Germany)—the description of daily
COVID-19 incidences for the 16 federal states of Germany
between September 11, 2021, and April 17, 2023. To reduce
the data set, temporal aggregation was carried out by averag-
ing to monthly values. Two subsets were generated from the
total number of epochs—one with four epochs (months 5-8;
Fig. 5) and one with six epochs (months 10-15).

4.2 Experimental Design

The following experiments consider the following independ-
ent variables:
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e Number of epochs: As described above, two factors (four
and six epochs) will be treated.

e Number of classes: Two factors with typical numbers
(four and five classes) will be used.

e Change tasks and related measures: The following three
factors will be introduced:

o Show absolute change of COVID-19 cases: Absolute
differences between two consecutive epochs;

o Show relative change of COVID-19 cases: Absolute
quotients between two consecutive epochs;

o Show deviations from temporal trend to consider
general, temporal behaviour of COVID-19 cases
of entire area of interest: Absolute deviations from
trend (the trend is defined by the average of the
current and the three previous epochs)

In any case, statistical significance will be defined
by those numbers that are above the 80% percentile
(arbitrary setting) of the processed values (absolute
difference, etc.) for the entire data set.

e Data classification method: Two factors are considered—
POCC method (Sect. 3.4) and equidistant method
(probably being the most frequently used standard
method).

All in all, this leads to a factorial design of
2x2x3x2=24 scenarios.

The dependent variables are the numerical class breaks
(which can be used for the follow-up visualization of multi-
temporal choropleth maps) and the change-preserving
measure POCC (Sect. 3.3).
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[ 427 .. 629 ] 783.. 966
[ 630 .. 832 [ 967..1149
[0 833 ..1034 [ 1159..1333
I 1035..1237 I 1334..1516
I 1238..1439 B 1517..1699

Fig.5 Four-epoch data set (months 5-8) of absolute COVID-19 inci-
dences in German States also demonstrating the almost impossible
detection of changes when using an individual classification (here:

4.3 Results

The parameters of the above factorial design and the associ-
ated results (i.e. class breaks and POCC values) are sum-
marized in Table 1.

When calculating the POCC metric, the weights w were
set proportional to the desired class jumps. This means that
small differences for which no class difference is desired
are given a weight of zero, so that they play no role in the
evaluation of preservation.

Figure 6 shows selected results of this study—for the
case of four epochs and five classes. The incorrect assign-
ments are also marked here—on the one hand, the false
positives (i.e. those class differences greater than or equal

[ ] 939.1171 [ 461 .. 572
[ 1172..1403 [ 573 .. 683
[ 1404 ..1635 [ 684 .. 794
I 1636 .. 1867 B 795 .. 905
I 1868 ..2099 Il 006 ..1016

equidistant) and colouring for each single epoch (source: https:/
www.rki.de/DE/Content/InfAZ/N/Neuartiges_Coronavirus/Daten/
Inzidenz-Tabellen.html)

to 1, which, however, should not show a class change due
to the small change in values or quotients), and on the
other hand, the false negatives (i.e. class differences of 0,
which, however, should show a class change larger than 0
according to Ac,qyired)-

The occurrence of false positives in particular is very
hindering for change detection—these cases are listed
in Table 2. This shows that the equidistant method has
a slightly (but not significantly) lower number of false
positives.

One approach to reduce false positives is to introduce
non-zero weights (w) for the class of changes that should
not result in a class change. Table 3 shows an exemplary
comparison: The introduction of weights shows slight

Table 1 Results of POCC vs. equidistant data classification for different change tasks

Epochs | Classes | Change task POCC classification Equidistant classification
Class breaks POCC Class breaks POCC

4 4 Absolute difference 972 /1273 /1557 .87 845 /1263 / 1681 .76
Absolute quotient 936/1085/1218 .70 .66

Deviation from trend | 253 /452 /664 .83 232 /461 /691 .80

5 Absolute difference 986 /1125 / 1404 / 1557 .87 761/ 1096 / 1430 / 1765 .69

Absolute quotient 936 /1016 /1125 /1278 72 .64

Deviation from trend | 253 /400 /509 / 687 .81 186 /369 /553 /736 .73

6 4 Absolute difference 309 /395 /543 .86 311 /500 / 690 .69
Absolute quotient 309 / 332/ 395 .76 .60

Deviation from trend | 75/143 /176 .88 130/258 /386 .50

5 Absolute difference 309 /386 /457 /548 .85 273 /424 /576 /727 .61

Absolute quotient 309/332/336/395 73 .55

Deviation from trend | 75/86 /164 /176 .87 104 /207 /309 / 412 .48
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Equidistant

[T 427. 761
[ 762..1096
[ 1097..1430
I 1431..1765
Il 1766 .. 2099

Absolute difference

[ 1 427. 986
[ 987.. 1125
[ 1126..1404
I 1405 .. 1557
B 1558 .. 2099

Absolute quotient

1 427. 936
[ 937..1016
[ 1017..1125
B 1126..1278
I 1279..2099

Deviation from trend

L1 o0. 253

1 254 .. 400

[ 401 .. 509

I 510 .. 687

EE 688 .. 920

[ @ False Positives o False Negatives j

Fig.6 Choropleth maps for data set with four epochs and five classes: tasks; Last row: deviation from trend uses different colour scheme to
Top: equidistant grouping (here, definition of false positives and express the fact that not the original value space (but differences from
negatives is done according to thresholds for absolute differences); trend) is used

Rows below: Maps derived from POCC classifications for different
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Table 2 Relative number of false positives (four epochs and five
classes) in relationship to all change cases with AcC.gieq=0 (n0
change required)

Table 4 Correlation coefficients between required class differences
for different change tasks (case: four epochs, five classes; i.e. 3X 16
class differences per change task)

Change task POCC classification Equidistant Change task Absolute Absolute Deviation
classification difference quotient from trend
Absolute difference 3/7 077 Absolute difference 1.00 0.84 0.34
Absolute quotient 317 1/7 Absolute quotient 1.00 0.38
Trend difference 1/9 3/9 Deviation from trend 1.00

improvements; however, these are not yet statistically
proven and require further investigation.

5 Discussion
5.1 Consideration of Change Tasks

The first goal of this article was to present the added value that
arises from considering explicit change tasks and associated
change metrics in the data classification process for multi-
temporal data sets.

A simple visual analysis of the choropleth maps (Fig. 6)
and the examination of the class boundaries (Table 1) show
that different classifications are created depending on the
change task selected. In contrast, conventional methods such
as equidistant methods always produce exactly one solution
regardless of a change task (Fig. 6, top row), since the division
is purely mathematically defined along the number line.

Of course, the different definitions of change metrics
associated to the change are responsible for these effects. This
becomes clear when comparing the change tasks in Fig. 6:
For example, between the first and second epochs for the two
southern federal states (Baden-Wiirttemberg, Bavaria), one
observes increases for the ‘absolute value difference’ task
and decreases for the ‘deviations from trend’ task. In the first
case, the pure changes in values are considered; in the second
case, the focus is on ‘outliers’ that cannot be traced back to
the general trend.

A numerical analysis confirms this visual impression: If one
looks at the pairwise correlations between the required class
differences for change tasks (Table 4), there is a strong positive
linear, but also inconsistent correlation (r=0.84) between
absolute differences and quotients. The deviations of these two
methods from the ‘deviation from trend’ task, on the contrary,
show weak correlations (r=0.34 and »=0.38, respectively),
which reflects the clear diversity of these change tasks.

5.2 Consideration of Change Metrics

The second goal of the article dealt with the better preserva-
tion of desired changes by using the POCC data classifica-
tion. The POCC metric demonstrates the superiority of the
method over equidistant classification in all variants of the
experiment (Table 1). This is also logical, since the POCC
measure controlled the classification process.

It is noticeable that the POCC metrics for a given task
(e.g. ‘absolute difference’) are very similar regardless of the
number of epochs and classes, while there are significant
differences between tasks.

If the POCC classification is compared with the
equidistant classification regarding their false positives and
false negatives (Fig. 6, Table 2), comparable values occur.
Beyond this ‘binary consideration’ (class change correct or
incorrect), the consistently higher POCC measure for the
POCC classifications shows a better representation of the
magnitude of the class changes (regarding different values
for Acrequired)'

Undesirable false positives occur in almost all variants, so
that small value differences lead to undesirable class changes
and thus make it more difficult to recognize the important
‘real’ changes. This effect was not absorbed by the previous
choice of parameters—the weighting w only considered the
preservation of larger differences, but not the preservation of
identical classes for small value differences. Other weights
have already been experimented with in Table 3—this
approach needs to be expanded upon.

Table 3 Different weighting

‘ h 0 " Change task w=0 (rf. to Table 1, w=1 w=max. number of
(w) of no change-classes (four Table 2) classes
epochs and five classes)
POCC  False positives =~ POCC  False positives POCC  False positives
Absolute difference  0.87 0.87 2/7 0.86 2/7
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6 Summary and Future Work
6.1 Summary

The first goal of this article was to show the added value
of explicitly considering different change tasks in the
data classification methods. This could be demonstrated
both visually (simplified by the differences in the map
results) and numerically (through the pairwise correlation
coefficients) using four selected tasks.

The second aim dealt with the added value of a data
classification that was directly controlled by a measure
to preserve class differences. In a comparison with an
equidistant classification, there were no significant
differences in a purely ‘binary’ view (class change correct
or incorrect). However, the significantly better POCC
measures, which have explicitly introduced through
weights proportional to the desired class difference (and
not just a grouping of change vs. no-change), show the
superiority of the POCC over the equidistant grouping.

All in all, this work has shown a promising approach for
task-orientated data classifications and thus reducing the
effect of information loss through classification, which is
relatively little discussed in the literature. The information
to be preserved (here: statistically significant changes)
must be specified in advance—this step can be performed
either manually or by a priori statistical analyses. This
approach can also be applied to the preservation of other
information (e.g. spatial patterns; Schiewe 2018) and
offers added value—especially compared to the common
application of standard procedures such as equidistant,
quantiles or natural breaks in GIS software packages,
which lead to unpredictable information preservation.

6.2 Future Work

The experiments carried out in this article were usually
based on a fixed parameter setting. This also reveals the
potential for experimental extensions and algorithmic
improvements, e.g.:

e A key point is the explicit consideration (or weighting)
of unwanted class changes. A first approach (see
Table 3) already suggests a reduction of false positives
through such weighting, but still needs more testing.

e The current model for calculating the desired class
changes Ac equireq Used an upper threshold Ax,,,.,. In
this article, a fixed rule was used to determine it (80%
percentile), which should be varied by other values.

e In addition, in this article, a maximum class difference

of k — 1 was used for changes above the threshold value
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Axyppers followed by a proportional distribution of the
smaller value differences below this value. Tests that
use different settings are still missing.

e A general problem arises from the high computing time
for the POCC data classification that results from the
brute force approach (Sect. 3.4)—Ileading to calculation
times of 5 min and more for the most complex cases in
this study (six epochs and five classes) using a standard
laptop. Heuristic procedures must be designed and
implemented here to enable better usability.

Very importantly, empirical studies must verify or
falsify the hypothesis that—depending on change tasks
and parameter settings—a correspondence actually exists
between the POCC measures and the level of human change
perception. Certainly, here a distinction must be made
between cartographic animations and map series.

This paper has put the focus on the classical setup of
a series of epochs. Obviously, the disadvantage of this
approach is the fact that changes are not displayed in an
explicit manner so that users need to invest additional
mental resources for detecting changes. Difference maps
are a typical solution to this problem; however, in these,
the original absolute values are removed, which might be
an important loss of information for some applications.
However, it can also be envisaged that the classification of
difference maps can be improved on the fundament of the
above-presented method.
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