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Abstract 

Sketch maps are drawn from memories and they are in general 
schematized and distorted. However, the schematizations and distortions 
are not random. They are a consequence during the cognitive process of 
perceiving, memorizing and producing spatial layout. This paper describes 
an empirical study to investigate the impact of distortions on similarity 
perception. The study is designed as a human-subjects experiment of 
similarity ranking with two scenarios. Subjects were presented with 45 
sketch maps and one reference map in each scenario, and they were asked 
to rank the sketch maps according to their similarities with the reference 
map. The results of the experiment are used to develop a cognitively 
motivated alignment strategy for computer-based comparison of sketch 
maps and metric maps. 

1 Introduction 

The last few years have been seeing a substantial growth in user-generated 
content that is firmly related to Geographic Information Science (GIS): 
collaborative Internet applications such as Google Map, Wikimapia and 
OpenStreetMap, which allow users to contribute online geographic 
information. Such volunteered geographic information (VGI) has profound 
impacts on GIS, particularly on the local level of various geographic 
locations that go unnoticed by authoritative mapping agencies. Though 



VGI applications opened more capabilities of GI systems to the general 
public, the technical requirement for contributing geographic information 
voluntarily is still demanding: technologies such as Web 2.0, 
Georeferencing, Geotags, high-quality graphics and its computing and 
dynamic visualization and broadband communication are still required to 
make VGI possible (Goodchild 2007). An interface using sketch maps to 
contribute geographic information meets the current requirement of VGI 
systems. Most people can sketch a map of a local environment to update or 
query spatial database: computers, Internet and the knowledge for Geotags 
and Georeferencing are not necessary. Users can simply take a picture of a 
sketch map and send it as MMS to a sever. Thus, an intuitive human-
computer interface is necessary to ease the way that users interact with 
VGI applications, as well as less request for technologies from the user 
side. 

Sketching a map is an intuitive way of communication about spatial 
information. Everyone has associations with the area he/she lives in and 
creates a mental spatial layout of his/her environment. It provides a 
framework for wayfinding and navigation or serves as a general view of an 
area. Over the last several decades, sketch maps have been externalized for 
studying individuals’ environmental knowledge. They reflect human 
spatial thinking, so they are especially effective in tasks that involve 
spatial information. Accordingly, sketch maps have been utilized 
frequently by environmental psychologists and geographers to investigate 
how humans represent spatial information (e.g., Ladd 1970; Beck and 
Wood 1976; Montello et al. 2005; Tversky 2003, 2005). Also, asking 
subjects to produce a two dimensional view of an area from an aerial 
perspective was already demonstrated as a reliable data collection method: 
the same individual will produce essentially the same sketch map of the 
same area over a short period of time despite varied instructions and 
familiarity with the area to be sketched (Blades 1990). In the last decade, 
applications using sketches have already been developed in the GIS 
domain, e.g., Blaser and Egenhofer (2000) proposed a visual tool using 
sketches to update or query a spatial database; Forbus and his colleagues 
(2003) developed CogSketch, which is a general architecture for sketch 
understanding built on nuSketch (Forbus et al. 2001). The existing sketch 
interpretation approach query-by-sketch (Egenhofer 1996; Blaser and 
Egenhofer 2000) and the sketching applications as CogSketch are not 
based on cognitive insights on human spatial thinking. This paper 
addresses this gap and investigates an alignment strategy accounting for 
human spatial cognition. The paper describes a human-subjects experiment 
to discover the impact of sketch map distortions and schematizations on 
similarity perception, and concludes with a computer-understandable 



strategy for automatic sketch map alignment. The results of the experiment 
shall contribute the cognitive insights to develop GI systems for sketch 
map comparison guided by cognitive principles. 

2 Sketch Map Alignment 

The empirical study on similarity perception is focused on four sketched 
aspects: street networks, topological relations, directional relations and 
order relations. This section explains why these four sketched aspects are 
important and have been investigated in this study. Moreover, ingredients 
of sketch maps for alignment are introduced here. During the empirical 
study, we applied variations to these sketch map ingredients to vary the 
stimuli systematically. 

2.1 Accuracy and Errors in Sketch Maps 

Usually, sketch maps do not represent the reality metrically correct but 
rather correctly depict topological relations between the sketched objects. 
Egenhofer and Mark (1995) claimed that in human cognition “topology 
matters, metric refines”. As external representations of cognitive maps, 
sketch maps are by all means distorted, rearranged and illogical (Lynch 
1960). Based on the previous empirical study, we found that four sketched 
aspects are usually “accurate”, i.e., the binary relations between sketched 
objects are the same as the relations in the metric city map. These aspects 
are street networks, topological relations, directional relations and order 
relations. They are relevant for sketch map alignment and the empirical 
study is centered on these sketched aspects. 

2.2 Ingredients of a Sketch Map 

The definition of ingredients of a sketch map helps to make a down-to-
earth alignment strategy. Also, variations were applied to the ingredients to 
produce experiment stimuli in this empirical study. In (Blaser 1998), 
sketch elements are divided into objects, relations and annotations. The 
relevant alignment aspects that we mentioned before are based on sketch 
objects and the binary spatial relations between them. In detail, sketched 
objects refer to landmarks and street networks; and spatial relations refer to 
topological relations, directional relations and order relations. According 
to Blaser’s (1998) definition that “an object is a logical instance or entity 



in a sketch” and “objects may enclose multiple independent sub-objects”, 
street networks can be sub-divided into city blocks, street segments and 
junctions. The following are the definitions of ingredients in a sketch map. 
Among the ingredients, landmarks, streets segments, junctions and all 
binary relations are atomic elements while city blocks are super elements 
that are composed of street segments and junctions. 
 Landmarks. A landmark is an atomic element of a sketch map. In our 

study, a landmark is a two-dimensional object. Artificial landmarks, 
such as buildings are usually of regular square shape, while 
geographical landmarks such as water bodies are of irregular shape. 

 Street segments. A street segment is an atomic element of a sketch map. 
In accord with the definition of “path” from Lynch (1960) that a path 
network contains a main road, the junction angles and branchings, a 
street segment can either be a segmentation of a main road in-between 
two nearby junctions or a branching connecting to the main road by a 
junction. A street network is represented as a set of vertices and a set of 
edges that connect pairs of vertices (see Fig. 1). No matter if streets are 
sketched as one-dimensional or two-dimensional objects, a street 
segment is an edge in this context. Moreover, we distinguish simple and 
complex street segments. A simple street segment is a straight edge 
while a complex street segment is a curved edge. The distinction of 
simple and complex street segments helps for the further directional 
calculation using a curved street segment as a reference object. 

 Junctions. A junction is a place where two or more street segments 
meet. Together with street segments, they form a street network. In the 
context of sketch map alignment, junctions are represented as a 
collection of vertices. In Fig. 1, the black points are junctions and the 
grey ones are end nodes, which either indicate the boundary of a sketch 
map or represent dead-end streets. 

 City blocks. A city block is the smallest two-dimensional area that is 
surrounded by street segments. City blocks form the basic unit of a 
city’s urban fabric and most cities are composed of city blocks. They 
provide the space to locate buildings, e.g., the church is inside the city 
block surrounded by the high way and the village road; and regularly 
arranged city blocks can be used as distance calculation unit, e.g., the 
church is two blocks from here. City blocks appear quite often in 
sketches. Compared to street segments and junctions, this super sketch 
element provides more possibilities for alignment. In this study, we 
distinguish two types of city blocks: closed ones and open ones (see Fig. 
1). The open city blocks are common at the boundary of a sketch map. 



We assume that people did not complete them because those streets are 
not necessary for the sketching task.  

Fig. 1. A street network extracted from a sketch map used in our study and its 
representation using graph theory 

The binary spatial relations such as topological relations, directional 
relations, and order relations are calculated in-between atomic elements, 
such as landmarks, street segments as well as super sketch elements as city 
blocks. Annotations cannot be used for graphical alignment. Thus, they are 
excluded in this study. 

3 Methodology 

We aim to develop an automatic comparison for computers to align sketch 
maps and metric maps. It is necessary to investigate the impact from 
distortions on alignment. The empirical study is designed as a similarity-
ranking experiment. During the experiment, we provided subjects with a 
set of sketch maps that have variations on sketch map ingredients. We 
distinguished four types of variations, i.e., variations applied on street 
networks, topological relations, directional relations, and order relations. 
We asked the subjects to rank these sketch maps according to their 
similarity to a reference map. The aim of this experiment is to investigate 
which stimuli are considered most similar or dissimilar, i.e., which 
variations are considered least severe by similarity perception, and which 
variations are considered the most severe ones. We hypothesize that less 
severe variations in sketch maps are distortions that people often do when 



they draw sketch maps. However, variations that lead to very dissimilar 
sketch maps are distortions that usually do not happen when people 
produce sketch maps. Therefore, perceptually least severe variations do not 
have negative influence and can be used by computers for automatic 
alignment. On the other hand, perceptually severe variations are indicators 
for an automatic misalignment. The similarity-ranking experiment is to test 
this assumption in more detail. We aim to understand whether different 
kinds of variations on the four sketched aspects have the same effect on 
similarity perception. 

3.1 Materials 

Two sketch maps depicting a part of Brueggen in Germany served as the 
basis for stimuli and scenario creation. Both maps were drawn in a survey 
perspective by people who are familiar with this area. We produced 
different stimuli by varying systematically the original sketch maps with 
different types of variations. We designed 15 types of variations. Table 1 
shows the details of labels and descriptions of these variations.  

Table 1. Textual labels and descriptions of 15 types of variations 

Label Description 
s_extraSeg add an extra street segment 
s_extraBlock add an extra street segment and form a city block 
s_dir alter the direction of the connected street segment to the junction 
s_junctT alter junction type from X to T 
s_junctX alter junction type from T to X 
s_omitSeg leave out a street segment 
s_omitBlock leave out a street segment and open a city block 
l_dirLmSeg alter the directional relation between a landmark and its 

neighboring street segment 
l_dirLmLm alter the directional relation between landmarks 
l_orderSame alter the order relation with respect to the landmark on the same 

side of a street 
l_orderOpp alter the order relation with respect to the landmark on the 

opposite side of a street 
l_topoBlock move a landmark out of a city block 
l_topoSeg alter the location of the landmark with respect to its neighboring 

street segments 
l_touchLm change from relation “touch” to “disjoint” with respect to a 

landmark 
l_touchSeg change from relation “touch” to “disjoint” with respect to a street 

segment 



For each variation type, we produced three different examples, i.e. three 
stimuli with the same variation type form one equivalence class. 
Equivalence class is used for testing the consistency of perception 
similarity. Seven variations (“s_”) are related to street network, and the 
remaining eight variations are related to landmarks (“l_”). In each 
scenario, we have 15 equivalence classes and in total 153 stimuli. By 
testing two different sketch maps with the same types of variations, 
negative impact from conceptual effects is decreased. Both sketch maps 
contain different landmarks and the drawing styles are different. The final 
material is amount to an overall number of 90 sketch maps as stimuli.  

                                
              s_extraSeg                                          s_extraBlock                                        s_dir 

                   
              s_junctT                                                                          s_junctX 

                
              s_omitSeg                                                                       s_omitBlock 

   
              l_dirLmSeg                                                                     l_dirLmLm 

               
              l_orderSame                                                                    l_orderOppo 



                
              l_topoBlock                                                                    l_topoSeg 

                
              l_touchLm                                                                      l_touchSeg 

Fig. 2. Fifteen variation types on four sketched aspects to make stimuli used in the 
experiment 

The following table shows the basic information load and ingredient types 
in the two scenarios. From the table, we can see that in scenario 2, the 
spatial layout for similarity perception is more complicated since it 
contains more information load. 

Table 2. Information load and ingredient types used in the experiment 

 Scenario 1 Scenario 2 
Landmarks 
With annotation 
Without annotation 

12 
10 
2 

16 
15 
1 

Street segments 
Simple 
Complex 

28 
22 
6 

44 
34 
10 

Junctions* 
Cross-shape 
T-shape 

14 
4 
10 

23 
6 
17 

City blocks 
Open 
Closed 

12 
7 
5 

18 
10 
8 

* A junction here refers to the intersected point and its connected street segments 

3.2 Subjects and Procedure 

All the subjects were not familiar with the sketched areas tested in the 
experiment. Ten subjects joined the pre-test to assess the understandability 
and the feasibility of the experiment. Only minor modifications of 
variations were necessary. We deleted the variations on the street segments 
that are located at the boundary of a sketch map, because they were out of 



focus during perception. The selected group of 24 subjects in the formal 
experiment is acquainted with geographic information science. They are 
either students who joined the GIS class or the faculty of the Institute for 
Geoinformatics. The average age of subjects is 26.6 years, including 11 
female subjects and 13 male subjects. The experiment instruction is as 
below: 

In this experiment, you have two trials of ranking tasks for different sketch 
maps printed as cards. In each trial, we will show you one reference map, and the 
task is giving different ranks to all sketch maps based on “how similar these 
sketch maps are to the reference map”. You can put a few sketch maps together 
during ranking if you think they are equally similar with respect to the reference 
map. There is no time restriction. 

All the 24 subjects took two trials of the experiment. They did the 
similarity ranking on 45 sketch maps of scenario 1 in the first trial, and 
after a short break they continued the second trial with another 45 sketch 
maps of scenario 2. A total of 22 subjects’ results have been returned and 
analyzed. The other two subjects’ results were excluded from the further 
analysis because the subjects only assigned in total two ranks for each 
scenario. Hence, they conducted rather a grouping task than a ranking task 
during the experiment. 

4 Results 

The average number of groups with equal ranking is 12.33 for the first 
scenario and 13.09 for the second one. The minimal number of groups a 
subject made is three in the first scenario and four in the second scenario, 
whereas for both scenarios, there are subjects who made 45 ranks for 45 
stimuli. In Fig. 3, the ranking distribution is quite similar between both 
scenarios. A strong tendency to rank more stimuli with the values ranging 
from 0 to 0.2 can be observed in our experiment. The remaining values 
that are ranging from 0.2 to 1 are rather uniformly distributed. As 
mentioned in the methodology section, we have 45 stimuli in each scenario 
with 15 equivalence classes. Since the average numbers of groups formed 
by subjects in both scenarios are close to 15, we can argue that in general, 
the similarity perception in our experiment is consistent. 

 



 

Fig. 3. Distribution of normalized similarity rankings (the range of normalized 
ranking value is from 0 to 1, 0 refers to “identical” while 1 refers to the most 
dissimilar) 

4.1 Significance of Variations 

For the alignment strategy, we need information about which variations are 
reliable in terms of human perceptions. Reliability is assessed by 
investigating how the ranking values are spread among subjects. If the 
distribution of values for one particular variation differs significantly from 
all the others, we consider that variation a significant one. If not, the 
variation does not make a difference. The latter case applies to those 
variations whose distribution has a mean value around 0.5 or has a wide 
quartile range. Variations that are not significant are not reliable so they 
cannot be used for alignment. 

For the comparison of ranking distributions, a Kolmogorov-Smirnov 
test (K-S test) was used because of its robustness when being applied to 
small data sets and a lack of normality for most of the distributions. The 
Null-Hypothesis that distributions are the same is retained on a 95% 
confidence level. We identify those insignificant variations with having a 
p-value higher than 0.05. After K-S test, the result of significant variations 
is shown in Table 3. 

 
 
 



Table 3. Variations with significant distributions 

Scenario Similar Dissimilar 
1 s_omitSeg, l_dirLmSeg, l_dirLmLm 

l_orderOpp, l_touchSeg 
s_dir, s_junctT, s_omitBlock 
l_topoBlock, l_topoSeg 

2 s_junctT, s_junctX, l_dirLmLm 
l_touchLm, l_touchSeg 

s_extraBlock, s_dir 
s_omitBlock, l_topoBlock 

 
The most significant variation from the K-S test is l_touchSeg (D = 
0.4152, p < 10-8) in the first scenario, and l_touchLm (D = 0.4576, p < 10-

10) in the second scenario. On the other hand, we got the least significant 
variation s_junctX (D = 0.0828, p = 0.7896) in the first scenario, and the 
least significant variation s_extraSeg (D = 0.1101, p = 0.4413) in the 
second scenario. 

4.2 Consistence of Variations 

In addition to the significance, we also evaluated the consistence of the 15 
variations. The evaluation checks two kinds of consistence of variations: 
consistence across scenarios and consistence within the equivalence 
classes.  

Apparently, the box plots of two scenarios in Fig. 4 do not look the 
same: there seems to be scenario-dependent factors that influence 
particular variations. In this case, the K-S test was applied to check 
whether the normalized rankings of one variation from two different 
scenarios could be the data sample of the same distribution. This should 
definitely be the case if we assume that there is no difference between 
scenarios. We sorted variation s_extraSeg (D = 0.0758, p = 0.9915) out to 
be the most consistent while variation s_junctT (D = 0.6364, p < 10-11) was 
picked as the least consistent one. For variations s_extraSeg, l_touchSeg, 
s_dir, l_topoBlock, l_orderSame, s_omitBlock, s_extraBlock, the Null-
Hypothesis holds on a 95% confidence level, whereas the rest of the 
variations were ranked to be significantly different across scenarios and 
considered as inconsistent ones. One reason for this might be that these 
variations are perceived differently depending on the information load (see 
Table 2), drawing styles or conceptual properties. Another reason could be 
hidden qualities that had been applied differently when creating the stimuli 
and caused unexpected ranking criteria. However, the inconsistent 
variations are still worth a closer examination. It would be interesting to 
know whether the inconsistency stems from the experiment design in 
particular or human perception in general. However, such a discussion is 
beyond the scope of this paper. 



 

 

Fig. 4. Normalized similarity ranking results of two scenarios 

Apart from consistence of variations across scenarios, we also checked 
consistence of variation with its equivalence class: distribution of 
normalized similarity rankings for one stimulus against the distribution of 
all three stimuli in the same equivalent class. Again, the K-S test was 
applied on a 95% confidence level. Those stimuli that do not pass K-S test 
are considered as outliers within the equivalence class, which means the 



variation related to this equivalence class is not consistent in human 
perception. In fact the p-value turned out to be quite bad for all three 
stimuli in that case, because for such a small set of values the distributions 
are highly interrelated. Variations with outliers are l_dirLmSeg, 
l_dirLmLm and l_touchLm in the first scenario and l_orderOppo and 
l_topoSeg in the second one. The strongest outlier stimuli occur in 
variation l_dirLmSeg (D = 0.3939, p < 0.02) for the first scenario, and in 
variation l_orderOpp (D = 0.3485, p < 0.04) for the second scenario. 

4.3 Summary 

Combining all findings, variations l_touchSeg (change from relation 
“touch” to “disjoint” with respect to a street segment), s_extraBlock (add 
an extra street segment and form a city block ), s_dir (alter the direction of 
the connected street segment to the junction), s_omitBlock (leave out a 
street segment and open a city block ) and l_topoBlock (move a landmark 
out of a city block) are the most reliable ones since they are significant 
within one scenario, consistent within the equivalence class and also 
consistent across scenarios during similarity perception. They can be 
applied to the sketch map alignment depending on their ranking value: the 
ones that ranked as similar can be used as strategy for alignment while the 
dissimilar ones can be used for misalignment, e.g. a landmark being touch 
or disconnect to a same street segment can be considered as the same 
(l_touchSeg), because people perceive these two kinds of sketched 
topological relations as similar. According to our assumption, while 
sketching a landmark near to a street, people would not distinguish these 
two relations. The example for misalignment strategy is: if different city 
block types (s_extraBlock and s_omitBlock) are detected from different 
maps, then it is very probable that those maps are not about the same area. 
According to our assumption, the perceptually dissimilar variations are 
usually the ones people would draw correctly.  

Other variations that are only significant and consistent within one 
scenario (see Table 4) can still be possible candidates for sketch alignment. 
Further investigation of what makes such differences cross scenarios is 
necessary. From another perspective, combined with ingredients of 
alignment that we defined in section 2, the final result can be interpreted as 
in Table 5. Except for the variations related to binary spatial relations, the 
rest are variations on the street network, e.g. s_extraBlock, s_junctT, 
s_junctX, s_omitSeg and s_omitBlock, which are variations on city block, 
junction type and street segment. 



Table 4. Final result of significance and consistence of variations across/within 
scenarios 

Scenario across two scenarios within one scenario 
Similar Dissimilar Similar Dissimilar 

1 l_touchSeg s_extraBlock 
s_dir 
s_omitBlock 
l_topoBlock 

s_omitSeg 
l_orderOpp 

l_topoSeg 

2 l_touchSeg s_extraBlock 
s_dir 
s_omitBlock 
l_topoBlock 

s_junctT 
s_junctX 
l_dirLmLm 
l_orderOpp 

NULL 

Table 5. Interpretation of final result with alignment ingredients and spatial 
relations 

Alignment ingredients Binary spatial relations between ingredients 
 Topology Direction  Order  
Landmark l_topoBlock 

l_topoSeg 
l_touchSeg 

l_dirLmLm l_orderOpp 

Street  
Network 

Segment l_topoSeg 
l_touchSeg 

s_dir l_orderOpp 

Junction* NULL NULL NULL 
City block l_topoBlock NULL NULL 

* Junction is presented as a point object and only makes sense if it is combined 
with its connected street segments. 

5 Discussion of Experiment 

This empirical study is evolved from the demand to know more about how 
distortions influence the alignment of sketch maps and metric maps. We 
are primarily interested in evidence of reliable sketched aspects that can be 
used for building up the alignment strategy. In the scope of this study, we 
designed a similarity-ranking experiment with four sketched aspects, 
which are street networks, topological relations, directional relations and 
order relations. To make more computer-understandable elements, we 
defined ingredients for a sketch map and applied variations on these basic 
ingredients to produce the stimuli. 

During our experiment, we experienced that subjects relied a lot on 
street networks while doing similarity ranking. Variations on any basic 
ingredients of street network were all considered severe. Among all 11 



variations that are significant and consistent across scenarios or within one 
scenario, five of them are related to street network (see Table 5) and six of 
them consist of changes of elements of street network themselves. It is not 
surprising that the street network plays an important role during similarity 
perception: because street network is the arrangement of intersecting street 
segments, which is central for structuring the urban environment and 
human path planning. People seldom make mistakes in drawing main 
streets and their connectivity. On the one hand, even though minor off-
street paths or minor side streets are left out in sketch maps such as 
s_omitSeg, street network with major streets can still be used for 
alignment. On the other hand, different types of city blocks and junctions 
indicate a high possibility of different sketched areas, e.g., s_extraBlock, 
s_dir, s_junctT, s_junctX, s_omitBlock and l_topoSeg can be used for the 
strategy for misalignment. 

Spatial relations of objects in a sketch map are important for alignment 
as well. We have found that people were sensitive to certain changes 
applied to topological relations and order relations. Again, those relations 
are strongly related to the street network. The accuracy of topological 
relations between landmarks and city blocks or neighboring street 
segments (l_topoBlock and l_topoSeg) is an important clue to decide 
whether two sketch maps describe the same location or not. Order relations 
can also be an alignment criterion. We found that the sequence of 
landmarks along opposite sides of a street segment is always be sketched 
correctly (l_orderOpp), which provides another possibility for alignment 
while there is no commonality existing. We can explain this result by 
arguing that when people are moving in a spatial environment, they 
usually perceive and memorize the landmarks that are located at the same 
side of a street.  

The experiment results also reveal the observations of metric changes in 
sketch maps from subjects. The extreme case is the different rankings on 
variation l_touchLm, which is about the change of topological relations in-
between landmarks. We changed the “touch” relation to “disjoint” relation. 
We assumed that all subjects would rank this variation as being very 
similar to the reference map since we found that people drew two 
landmarks being close to each other to represent the actual “touch” 
relation. However, we got different ranking results from different scenarios 
(see Fig. 4): in scenario 1, the ranking distribution is dispersed, whereas in 
scenario 2, the ranking distribution is concentrated and close to 0. We 
checked the stimuli and found that metric information affects the similarity 
perception. Fig. 5 (left) shows that in scenario 2, the distances between two 
landmarks from two stimuli are very small and can still indicate a “touch” 
relation. However, in scenario 1 (Fig. 5 (right)), one stimulus has a much 



bigger distance between landmarks compared to the others, which may 
indicate a “disjoint” relation instead of a “touch” relation. How metric 
information is represented in sketch maps is still a challenge and it can be 
achieved by investigating sketching habits and patterns. The results will be 
helpful for the alignment strategy to deal with fuzzy binary relations. 

 

 
(a)                                                                   (b) 

Fig. 5. Metric information influences similarity ranking results: in (a), people still 
think these two sketches represent the same location while in (b) people think the 
opposite even though there is no change on objects and their annotations 

6 Conclusion 

Sketch map alignment is the initial step to integrate different map 
resources and achieve a sketching interface for VGI systems. Due to 
inevitable distortions in sketch maps aiming at developing an automatic 
comparison by computers, it is necessary to investigate how these 
distortions influence sketch map alignment. In this study, we focus on the 
alignment strategy based on spatial objects and relations, which are street 
networks, landmarks, topological relations, directional relations and order 
relations. The empirical study shows the importance of the street network 
for alignment and the necessity to further distinguish its atomic elements. 
City block can be extracted and defined as a super element of street 
network. The type of the city block as well as its topological relations with 
respect to other objects can be an important criterion for alignment. The 
correctness of order relations of objects along a street segment is also an 
alignment criterion. Even “topology matters and metric refines” holds true 
in most cases, metric information needs to be taken into account when 
building automatic alignment for computers. For future work, the 
definition of detailed and computational alignment ingredients are 
necessary and the existing calculi of topological, directional and order 



relations will be studied and revised in a sketch map context. The 
computer-based algorithm for alignment is expected afterwards. 
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Appendix 1 (reference maps and example stimuli) 

Scenario 1: reference map (right) and one stimulus with variation type 
s_extraSeg (left)  

 
 
Scenario 2: reference map (right) and one stimulus with variation type 
l_touchSeg (left) 

 
 



Appendix 2 (tables of similarity ranking values) 

Scenario 1 

 
 

 



 
 
 
Scenario 2 

 



 
 

 


