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European initiatives for data harmonization and the establishment of remote-sensing-
based services aim at the production of up-to-date land-cover information according to
generally valid standards for the accurate qualification of thematic classification results.
This is particularly true since new satellite systems provide data of high temporal and
geometric resolution. While methods for point-related thematic accuracy assessment
have already been established for years, there is a need for a commonly accepted frame-
work for the geometric quality of tematic maps. In this study, an open and extendable
framework for the geometric accuracy assessment is presented. The workflow begins
with the definition of basic geometric accuracy metrics, which are based on differences
in area and position between samples of classified and reference objects. The combi-
nation of user-defined metrics enables both a geometric assessment of single objects as
well as the total data set. In an example of thematically classified agricultural fields in a
German test site, we finally show how object relations between classified and reference
objects can be identified and how they affect the global accuracy assessment of the total
data set.

1. Introduction

The European Earth Observation Programme COPERNICUS aims at the establishment
of remote-sensing-based services delivering customized and up-to-date geo-information
to support the implementation and monitoring of environmental and security policies
(Schreier et al. 2008). In this context, new satellite systems have been planned and launched
to provide thematic geodata of fine spatio-temporal resolution. This ensures a more robust
and long-term monitoring of dynamic land-surface phenomena (Berger et al. 2012).

The quality of thematic geodata can be considered as a desired goal characterized by
their suitability for the intended use in decision-making and planning (Versic 2009). Quality
represents the totality of features and characteristics of a product or service. To address dif-
ferent users’ requirements, the International Organization for Standardization (ISO) has
published specific group norms for cartographic products that help data producers objec-
tively describe the quality of data and determine their quality using statistics rather than
subjective judgements.

*Corresponding author. Email: markus.moeller@geo.uni-halle.de
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8686 M. Möller et al.

Positional and thematic accuracies are among the most important ISO standard quality
elements (Jakobsson and Giversen 2008). Thematic accuracy is particularly concerned with
the correctness of class assignments. In the context of the accuracy of classified remote-
sensing data, many point-related thematic accuracy metrics have been established (Stehman
1997; Foody 2002; Zhan et al. 2005; Liu, Frazier, and Kumar 2007; Olofsson et al. 2013).
They are mostly related to the well-known confusion matrix, which ‘presents a tabulated
view of map accuracy’ (Liu, Frazier, and Kumar 2007).

The (absolute) positional accuracy is defined as ‘closeness of reported coordinate values
to values accepted as or being true’ (ISO 19138 2006). Coordinate values are related to, for
example, points, lines, or two-dimensional polygons. With the emergence of object-based
image analysis (OBIA) techniques in remote sensing in the last decade, the geometric accu-
racy assessment of two-dimensional objects has become more important and is identified
as one of the ‘hot’ OBIA research topics (Blaschke 2010). In particular, post-classification
comparison methods for classified object change detection (COCD) prevail, which were
often applied for the updating of already existing maps or geographical information system
(GIS) layers (Chen et al. 2012; Hussain et al. 2013).

In connection with COCD methods, several metrics to quantitatively compare the geo-
metric correspondence of classified and reference objects were introduced in recent years.
Geometric accuracy is related to the ‘problem of matching objects’ (Zhan et al. 2005).
A complete matching can be assumed if there exists a one-to-one correspondence between
objects accepted as or being true and objects which should be assessed (Clinton, Holt, and
Gong 2010). Most common used metrics’ variants are based on overlap relations between
classified and reference objects for the quantification of over-segmentation and under-
segmentation errors (e.g. Straub and Heipke 2004; Möller, Lymburner, and Volk 2007;
Pontius et al. 2007; Clinton, Holt, and Gong 2010; Persello and Bruzzone 2010; Hernando
et al. 2012; Sebari and He 2013). Under-segmentation describes the situation when a classi-
fied object is bigger than the corresponding reference object. In contrast, over-segmentation
leads to a classified object which is too small compared to the reference object (Liu and Xia
2010). Some authors have also quantified differences between the locations of the centres
of gravity of overlapping objects (e.g. Möller, Lymburner, and Volk 2007; Clinton, Holt,
and Gong 2010; Wang, Jensen, and Im 2010; Sebari and He 2013). Persello and Bruzzone
(2010) introduced the metrics edge location, fragmentation error, and shape error. The first
index measures the precision of object edges, and the second one describes the degree of
sub-partitioning single objects into different small regions. The shape error characterizes
object differences regarding shape metrics such as compactness.

The calculation of geometric accuracy metrics requires the existence of independent
reference objects. Furthermore, each reference object has to be spatially assigned to at
least one corresponding classified object (Persello and Bruzzone 2010). Such assignment
is often realized by a GIS-based overlay of reference and classified objects. As a result,
different types of hierarchical object relations emerge. In this study, we show how object
relations can be identified (Section 2.3) and how they affect the global accuracy assessment
of the total data set. Therefore, we use statistical metrics characterizing and comparing
distributions (Section 2.4). This investigation is embedded in a framework for the geometric
validation of thematic maps, which includes the definition of geometric accuracy metrics
based on hierarchical object properties (Section 2.1) and their user-specific combination
(Section 2.2) as well as the local and global accuracy assessment (Section 2.4).

The background of this study is the geometric disaggregation of the land-use class
agricultural land by up-to-date field objects on which the geometric assessment framework
is exemplified (Section 3). The geometric accuracy of field objects is important because of
their impact on sediment transport and soil erosion modelling (Evans 2013). In addition,

D
ow

nl
oa

de
d 

by
 [

M
os

ko
w

 S
ta

te
 U

ni
v 

B
ib

lio
te

] 
at

 0
5:

33
 2

7 
N

ov
em

be
r 

20
13

 



International Journal of Remote Sensing 8687

field boundaries are legislative reference units for measures of soil conservation (Volk,
Möller, and Wurbs 2010).

2. Methods

2.1. Geometric metrics

According to the requirements of ISO quality elements, the degree of matching of field
objects is described by the hierarchical consideration of both the overlap and positions
of the objects. In Figure 1(a), a reference object (R) overlaps a classified object (F). The
intersection of R and F is S and corresponds to the Boolean AND operation (Figure 1(b);
Equation (1)). The OR metric is derived from the ratio of the metrics Area of Intersection
(AS) and Area of the Reference Object (AR) as shown in Equation (2); on the other hand, OF

is derived from the ratio of AS and the metric Area of the Classified Object (AF):

S = F ∩ R, (1)

OX = AS

AX
with X ∈ [R, F] . (2)

Positional differences of two-dimensional objects can be expressed by distances between
their gravity centres. In Figure 1, the gravity centres cR, cF, and cS of the objects R, F,
and S are shown. The distances between the cS and cR (dist(cS, cR)) or F (dist(cS, cF)) are
referred to as the Relative Position metrics PR and PF (Equation (3)). As the normalization
factor, the maximal distance between cS and cR*,max (dist(cS, cR*,max)) or cF*,max is used
(dist(cS, cF*,max)) whereas the objects R*, F*, R*,max and F*,max result from Boolean NOT

F
*

c
R

c
F

F

(a)

(c)

c
S

c
S

S

S

R*
,max

R*

F*
,max

c
R*,max

c
F*,max

c
F*

c
R*

(b)

R

Figure 1. Visualization of object features for the calculation of geometric accuracy metrics: (a)
overlap of R and F, (b) comparison of S and R, and (c) comparison of S and F (R, reference object;
F, classified object; S, intersection of R and F; cF, gravity centre of F; cR, gravity centre of R; cS,
gravity centre of S; R*, relative complement of R and S; F*, relative complement of F and S; R*,max,
relative complement of R and S whose gravity centre has the farthermost distance from cS within the
extent of R; F*,max, relative complement of F and S whose gravity centre has the farthermost distance
from cS within the extent of F; cF*, gravity centre of F*; cR*, gravity centre of R*; cR*,max, farthermost
gravity centre from cS within the extent of R; cF*,max, farthermost gravity centre from cS within the
extent of F).
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8688 M. Möller et al.

operations according to Equations (4) and (5). In the majority of cases, more than one
relative complement arises as a result of an overlay operation (see Trimble 2012; Wang,
Jensen, and Im 2010). In Figures 1(a) and (b), in each case two complements emerged. The
calculation of the PR or PF metrics only considers the distance for normalization which is
farthermost from cS within the extent of R or F. However, the normalization factor can cause
inaccuracies when the complement is characterized by an irregular shape. For instance, the
gravity centres of a horseshoe-shaped river or road objects can be situated outside of the
polygons. In such situations, a normalization factor such as the square root of the Area of
Intersect (AS) is more suitable:

PX = 1 − dist
(
cS, cX

)
dist

(
cS, cX∗ ,max

) with X ∈ [R, F], (3)

R∗ = R/F, (4)

F∗ = F/R. (5)

2.2. Combination of basic accuracy metrics

All basic metrics (B) represent a value range between 0 and 1. While the value 0 stands
for no match, the value 1 indicates a complete correspondence of S with R or F regarding
area or position. The normalized value ranges enable an easy combination of basic met-
rics. There is a wide variety of statistical methods averaging values (Crawley 2007). The
often used root mean square and quadratic mean (Clinton, Holt, and Gong 2010) leads to
a stronger emphasis of high summand values. However, geometric quality is mainly deter-
mined by minimal overlaps and maximal positional distances of classified and reference
objects (see Figure 1). Thus, combined metrics (C) based on the geometric and harmonic
mean are more appropriate in order to smooth the effect of high values. In this study,
geometric means were calculated according to Equation (6). A precondition is that each
factor should be greater than zero, which is ensured by the definitions of the basic metrics
(Equations (2) and (3)). This is especially true for the metrics PF and PR where the nor-
malized distance between gravity centres is subtracted from the value 1. Thus, non-existing
distances are represented by the value 1:

C =
(

n∏
i=1

Bi

) 1
n

with C ∈ [O, P, GR, GF, G
]

and B ∈ [
OR, PR, OF, PF

]
,

(6)

where n is the number of used metrics. All combined metric variants C are listed in Table 1.
The combination of OR and OF as well as of PR and PF results in the metrics O or P, which
show the total mismatching of the objects regarding area and position. In doing so, two
hierarchical points of view are considered, meaning that the total geometric inaccuracy of
an object results from the inaccuracies of both the reference and classified object.

The geometric mean of P and O is considered the Overall Geometric Accuracy (G).
The combinations of OF and PF as well as of OR and PR represent other points of view. The
resulting metrics reflect the Classified-Object-Related (GF) and Reference-Object-Related
Geometric Accuracy (GR) regarding area and position.
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International Journal of Remote Sensing 8689

Table 1. Combined metrics (C; see Equation (6)) and associated basic metrics (B).

C Description B

O Combined relative area OR, OF

P Combined relative position PR, PF

GF Classified-object-related geometric accuracy OF, PF

GR Reference-object-related geometric accuracy OR,PR

G Overall geometric accuracy OR, PR, OF, PF

2.3. Hierarchical object relations

As already mentioned in Section 1, the overlay of reference and classified objects leads to
different types of hierarchical object relations.

(1) Figure 2(a) represents a one-to-one relation where the intersected object (S) is
related unambiguously to one reference or classified object (X).

(2) Figure 2(b) demonstrates one-to-many relations between X and the intersected
objects S1, S2, S3, and S4, whereas the objects can vary in size.

(3) One-to-one and one-to-many relations are characterized by unique object identi-
fier combinations. This is in contrast to many-to-many relations where spatially
disconnected reference and classified objects are labelled by the same identifier
(Figure 2(c)). Such objects are often sliver polygons, which occur as a typical side
effect of overlay operations (Chen et al. 2012).

One-to-one, one-to-many, and many-to-many relations are detectable by the analysis of
object identifier combinations. Using the R functions ddply and count (Wickham 2011),
a stepwise filtering procedure was applied.

(1) One-to-one, relations are characterized by the fact that each reference and classified
object identifier as well as their combination is unique.

(2) One-to-many relations can be analysed considering two points of view which reflect
possible users’ requirements and affect geometric assessment results.
(a) The first variant uses unique object identifier combinations but allows dupli-

cates of reference or classified object identifiers. In Figure 2(b), this is true for
all X:S relations.

(b) One-to-many relations can also be filtered according to the highest overlap
within each reference or classified object (Persello and Bruzzone 2010). After
this operation, one-to-one relations remain. In Figure 2(b), only the relation
X:S1 would be taken into account.

X

S
(a) (c)(b)

X

S1 S2 S3 S4

X

S

X

S

X

S

Figure 2. Schematic representations of (a) one-to-one, (b) one-to-many, and (c) many-to-many rela-
tions between classified or reference objects (X) and their corresponding intersection(s) (S). The S
objects’ diameters stand for different overlap sizes.
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8690 M. Möller et al.

(3) Similar to variant (2)(b), the application of the majority function on many-to-many
relations leads to one-to-one relations. Objects with the greatest overlap would be
detected. For instance, this is true for the right-hand object relation in Figure 2(c).

The majority filtering operation applied on one-to-many (type (2)(b)) and many-to-
many relations (type (3)) leads to a reduction of sliver polygons. This is not true for the
first one-to-many filtering operation (type (2)(a)) where all intersected objects within a
reference or classified object remain. The determination of object size thresholds which are
considered as meaningful geometric changes depends on user-specific needs.

2.4. Local and global assessment

The local validation aims at single objects. A relative comparison of objects can be realized
by using the combined metrics O, P, or G. Their relations to classified- and reference-
object-related metrics express the kind and strength of mismatching of local objects (M l).
In this study, we use the expression OF – OR for the characterization of the classified-
object-related under-segmentation (M1(O) < 0) and over-segmentation (M l(O) > 0). The
additional consideration of positional differences leads to the expression GF – GR. The
strength of mismatching is revealed by the positive or negative value distance from zero,
whereas zero represents a total correspondence of one-to-one objects (Equation (7)):

M1 (Y ) = Y F − Y R with Y ∈ [O, P, G] . (7)

Means (x(O, P, G)) and medians (x̃ (O, P, G)) of the distributions of combined metrics
are used for the global assessment of the total data set. In addition, cumulative distri-
bution functions of basic and combined metrics f (C, B) allow a global assessment of
mismatching (Mg) regarding strength and kind similar to the local assessment approach.
But instead of using metrics related to single objects, normalized distances D between
distributions of classified-object-related metrics (OF, PF, GF) and distributions of their cor-
responding reference-object-related metrics (OR, PR, GR) are calculated. This is realized
by the non-parametric Kolmogorov-Smirnov (KS) goodness-of-fit test, which quantifies
whether two distributions are the same as or significantly different from each other (Thas
2010). Applying the ks.test function from the R package dgof (Arnold and Emerson
2011), the distances of the function f (OR,PR,GR) left (D−) and right D+ from the function
f (OF,PF,GF) are measured (Equation (8); Figure 3):

D+ = max+ |f (Y F
)− f

(
Y R
) |,

D− = max− |f (Y F
)− f

(
Y R
) |,

with Y ∈ [O, P, G].
(8)

Finally, Mg results from the difference between D−(OF,OR) and D+(OF,OR)
(Equation (9)). The expression Mg < 0 stands for a data set which mainly contains under-
segmented classified objects with or without the consideration of positional differences.
The condition Mg > 0 characterizes the opposite case of over-segmentation:

Mg
(
Y F,Y R

) = D− (Y F,Y R
)− D+ (Y F,Y R

)
with Y ∈ [O,P,G]. (9)
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0.0 0.2 0.4 0.6 0.8 1.0

0.
0
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4

0.
6

0.
8

1.
0

OF,OR

f(
O

R
,O

F
)

D−

D+

D−(OF, OR) = 0.26

D+(OF, OR) = 0.46

f(OF)
f(OR)

Figure 3. Principle for the calculation of D+ and D− values on the example of the cumulative dis-
tributions functions of the metrics, f (OF) and f (OR). D− is calculated from the left-hand side and D+
from right-hand side of the function f (OF).

2.5. Sampling of reference objects

The introduced geometric accuracy assessment approach is part of a validation process
chain where thematically verified maps and classifications are geometrically assessed. The
thematic validation should ‘include a clear description of the sampling design [. . .], an
error matrix, the area or proportion of area of each category according to the map, and
descriptive accuracy measures such as user’s, producer’s, and overall accuracy’ (Olofsson
et al. 2013, 1). Especially, an appropriate sample size – characterized by specifications such
as significance level and power – is of importance for the interpretation and comparability
of mapping results (Foody 2009). Radoux et al. (2011) introduced an object-based sam-
pling framework which enables the statistically sound definition of a minimal sample size.
In this study, all classified objects are spatially associated with corresponding reference
objects. Their survey can be, for example, the result of a manual on-screen digitization of
remotely sensed data such as ortho-photographs and satellite imagery, which should fit to
the thematic target scale (Möller, Lymburner, and Volk 2007).

3. Application

3.1. Study site and input data

The accuracy assessment procedure is applied on a study site with an area of 263 km2

(Figure 4). The study site is situated in the south of the German Federal State of Saxony-
Anhalt. For this area, a remote-sensing-based land-use classification exists, which was
carried out in 2011 for a target scale of 1:25,000. The geometric accuracy assessment is
exemplified on 277 classified agricultural field objects; 324 reference objects were digitized
by a visual interpretation of aerial photographs.

3.2. Local accuracy assessment

The local accuracy assessment is exemplified on two one-to-one objects (Figure 5(a)
and (b)) and one one-to-many classified object (Figure 5(c)). The classified objects are

D
ow

nl
oa

de
d 

by
 [

M
os

ko
w

 S
ta

te
 U

ni
v 

B
ib

lio
te

] 
at

 0
5:

33
 2

7 
N

ov
em

be
r 

20
13

 



8692 M. Möller et al.

0 2 4 8 0 2 4 8km km

321000

309000 309000
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C
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57
32
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0

57
16

00
0

57
16

00
0

57
32

00
0

321000
Study siteSaxony-Anhalt

Figure 4. Test site location within Germany and Saxony-Anhalt (a), classified data set (b), and
reference data set (c). The characters A, B, and C indicate example objects (Projection: EPSG code
32633; see Spatialreference 2013).

(c)

(a)
C4

C3

C5
C2

C1

(b)

Figure 5. Visualization of the example objects A (a), B (b), and C (c). Their locations are shown
in Figure 4. The classified objects are characterized by black-coloured boundaries and cross-marked
gravity centres. The reference objects have white-coloured boundaries and gravity centres. The labels
C1–C5 represent reference objects of a one-to-many relation.

black-framed and can be distinguished from the reference objects, which have white-
coloured boundaries.

The corresponding basic and combined accuracy metrics are listed in Table 2.
Accordingly, the G values of the examples A and B show a similar accuracy, whereas
the classified object B is more accurate (G = 0.88) than object A (G = 0.81). The
same can be seen in the O and P values. However, both examples differ in the cor-
responding GR and GF values. Their relation points out the direction of mismatching.
Example A represents an over-segmented classified object which is smaller than the ref-
erence object. This is indicated by a positive M l(G) value. Example B shows the opposite

D
ow

nl
oa

de
d 

by
 [

M
os

ko
w

 S
ta

te
 U

ni
v 

B
ib

lio
te

] 
at

 0
5:

33
 2

7 
N

ov
em

be
r 

20
13

 



International Journal of Remote Sensing 8693

Table 2. Local geometric accuracy results of the example objects A, B (one-to-one relations), and
C (one-to-many relation; see Figure 5). The bold emphasized columns indicate one-to-one relations
(objects A and B) as well as a majority filtering result (object C4) according to relation (2)(b) (see
Section 2.3).

Metrics A B C1 C2 C3 C4 C5

OR 0.65 0.97 1.00 1.00 1.00 1.00 1.00
OF 0.95 0.70 0.04 0.37 0.08 0.42 0.06
O 0.78 0.82 0.19 0.61 0.28 0.64 0.24
PR 0.73 0.99 1.00 1.00 1.00 1.00 1.00
PF 0.98 0.88 0.66 0.54 0.53 0.54 0.32
P 0.85 0.93 0.82 0.73 0.73 0.73 0.57
GR 0.69 0.98 1.00 1.00 1.00 1.00 1.00
GF 0.97 0.78 0.15 0.45 0.21 0.47 0.14
G 0.81 0.88 0.39 0.67 0.45 0.69 0.37
M1(O) 0.31 −0.27 −0.96 −0.63 −0.92 −0.58 −0.94
M1(P) 0.25 −0.10 −0.34 −0.46 −0.47 −0.46 −0.68
M1(G) 0.28 −0.19 −0.85 −0.55 −0.79 −0.52 −0.86

case of under-segmentation (M l(G) < 0), which is also true for all reference objects of
example C.

The relative strength of mismatching results from the comparison of absolute M l values:
the more different is the value from zero, the more inaccurate is the object. Examples
C1 and C5 are the most inaccurate objects with M l,C1(G) = –0.85 and M l,C5(G) = –0.86.

The joint consideration of O, P, and G values reveals which kind of inaccuracy dom-
inates. For instance, example C1 is characterized by the smallest overlap leading to the
lowest O value (OC1 = 0.19). The overlap of C5 is higher (OC5 = 0.24), but the grav-
ity centres’ distance is longer, which leads to a less positional accuracy (PC1 = 0.82,
PC5 = 0.57).

3.3. Global accuracy assessment

3.3.1. Effect of object size thresholds

The overlay of the 324 reference and 277 classified data set resulted in 2617 objects. Hence,
the global accuracy assessment requires the selection of meaningful objects. As men-
tioned in Section 2.3, a simple way to reduce the object number is the determination of
a user-specific object size threshold. Figure 6 shows for the study area the relation between
thresholds of object sizes as well as corresponding object numbers (N) and the overall accu-
racy metrics (G). Accordingly, the threshold 0.1 ha leads to the most significant change of
N and G. Applied on the data set, the object number would be reduced to 361 objects.

3.3.2. Effect of object relations

The overlay data set of 2617 objects was filtered according to (1) one-to-one, (2) one-to-
many, and (3) many-to-many relations (Section 2.3). Two filtering variants were applied on
one-to-many relations which differ in regard to the consideration of all one-to-many rela-
tions (type (2)(a)) and objects which are characterized by the maximal overlap of spatially
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Figure 6. Relation between thresholds of object sizes, object numbers (N), and overall geo-
metric accuracies (G). N has been normalized with zero minimum using the R function
data.Normalization (Dudek and Walesiak 2012).

Table 3. Global geometric accuracy assessment results based on means (x), medians (x̃), and cumu-
lative distribution distances (D+, D−) of the metrics O, P, and G for the relations (1), (2)(a), (2)(b),
and (3) (see Section 2.3; N – object number).

Relation type Metric N X x̃ D− D+ Mg

(1) O 87 0.92 0.95 0.00 0.68 −0.68
(2)(a) O 211 0.55 0.58 0.04 0.53 −0.49
(2)(b) O 145 0.81 0.89 0.01 0.62 −0.61
(3) O 165 0.23 0.01 0.04 0.42 −0.38
(1) P 87 0.96 0.98 0.00 0.52 −0.52
(2)(a) P 211 0.55 0.58 0.04 0.53 −0.49
(2)(b) P 145 0.87 0.94 0.01 0.47 −0.46
(3) P 165 0.41 0.43 0.01 0.37 −0.36
(1) G 87 0.94 0.97 0.00 0.66 −0.66
(2)(a) G 211 0.61 0.67 0.04 0.52 −0.48
(2)(b) G 145 0.85 0.92 0.01 0.60 −0.59
(3) G 165 0.28 0.09 0.01 0.41 −0.40

connected reference and classified objects (type (2)(b)). The last relation type is exempli-
fied in Table 2, where the reference object C4 shows the greatest match within the classified
object. This is indicated by a maximal O value of 0.64.

In Table 3, for each relation the means (x) and medians (x̃) as well as the cumulative
distribution distances of the metrics O, P, and G are listed. Accordingly, 87 one-to-one
and 165 one-to-many relations were detected. As was to be expected, there exist more
(2) (a) than (2)(b) relations. Each relation type shows different x and x̃ values. The one-to-
many relations (type (1)) are characterized by the best accuracies followed by the relations
(2) and (3).

Assessing the total data set, the selection of the one-to-many filtering variant is cru-
cial for the overall accuracy. The accuracy metrics contained in Figure 7 illustrates the
effect: the combination of the relations ‘(1) + (2)(a) + (3)’ resulted in an accuracy which
is significantly lower than of the combination ‘(1) + (2)(b) + (3)’. Both combinations also
show different object numbers of 463 and 397, which both differ from the object number
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Figure 7. Visualization of global geometric accuracy assessment results based on means (x), medi-
ans (x̃), and cumulative distribution distances (D+, D−) of the metric G for the combined relations
‘(1) + (2)(a) + (3)’ (a) and ‘(1) + (2)(b) + (3)’ (b) (see Section 2.3; N – object number).

resulting from the threshold-based filtering (N = 361; Section 3.3.1). This means that both
combinations contain objects which are smaller than 0.1 ha. Their elimination would lead
to different accuracy values.

For all relations, the KS test resulted in small D− and higher D+ values. The cor-
responding negative Mg values indicate that the majority of the classified objects are mainly
under-segmented, which is also true after the consideration of positional mismatching.
Figure 7 exemplifies the situation for both combinations of the total data set, where the
cumulative distribution distances (D+, D−) of the metrics GF and GR are shown. According
to the Mg values listed in Table 3, one-to-one relations present the highest strength of mis-
matching followed by the relation types one-to-many and many-to-many. This means that
one-to-one relations contain more under-segmented classified objects than other relation
types in spite of the fact that their geometric accuracies – expressed by x and x̃ values – are
the highest. In Figure 7, the strength of mismatching is slightly smaller for the combination
‘(1) +(2)(a) + (3)’.
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4. Discussion and conclusion

European efforts to harmonize and provide geodata lead to increased demands regarding
the thematic and geometric quality of classification results. While standard techniques for
the point-related thematic accuracy assessment have already been established, there is a
deficit in commonly accepted protocols for the geometric assessment of two-dimensional
classified objects.

In this study, a framework for the geometric validation of thematic maps is presented.
Framework means that the underlying methods and geometric metrics can be adapted
to user-specific requirements (Pontius et al. 2007). The framework is based on accuracy
metrics whose calculation corresponds to a hierarchical comparison of the properties of
reference and classified objects. Here, basic metrics based on differences regarding objects’
areas and gravity centre positions were calculated. Their combination to aggregated met-
rics enables a user-specific identification and assessment of geometric inaccuracies which
are related to overlapping and positional mismatching. Independent of the combination
approach (here, geometric mean), the metrics make both possible a relative geometric
accuracy comparison of single objects as well as an assessment of the kind (over- and
under-segmentation) and strength of mismatching.

The global accuracy assessment was realized by statistical metrics characterizing distri-
butions. Means and medians of combined accuracy metrics describe the overall accuracy.
The kind and strength of mismatching of data sets is assessed by relations between
cumulative distribution distances.

The framework includes the detection of one-to-one, one-to-many, and many-to-many
object relations, which result from the overlay of classified and reference objects. Thus,
users can control which objects should go into the global accuracy assessment. This
concerns in particular one-to-many object relations. The assessment can contain all rela-
tions or only objects which are filtered according to the highest overlap of reference
and classified objects. On the example of a German test site, we could show that their
selection is crucial. Both accuracy assessment results could be considered as domain of
uncertainty.

The accuracy assessment framework can also be adapted to users’ requirements by
weighting of metrics (e.g. according to object areas) and by the integration of metrics,
characterizing other object properties within a value range of zero and one.

The geometric accuracy results can be coupled with a point-related thematic accuracy
assessment (Persello and Bruzzone 2010). In this respect, the introduced approach can be
considered as an in-depth assessment of thematically tested objects. In doing so, the sam-
ples used for the thematic validation also have to mark the locations of the corresponding
reference objects.

Reference objects should fit to the scale of the classified data set which is to be
assessed. However, there often exists a scale-related gap between reference and classified
objects meaning that the delineated reference objects are ‘too accurate’ or ‘too coarse’.
In principle, the proposed framework offers levers to deal with this issue. For instance,
users can define which minimal object size is relevant for the accuracy assessment (see
Section 3.3.1). Another option is the definition of tolerance levels based on the local
mismatching metric (M l; Section 2.4). For instance, the strength of mismatching is an
expression of the difference in area of objects. A tolerance level could define which dif-
ference is acceptable and reflects the scale-specific gap. This issue is the subject of further
investigations.
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