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Abstract

In automatic map generalization, the formalization of cartographic principles is important. This study proposes
and evaluates the selection method for road network generalization that analyzes existing maps using reverse
engineering and formalizes the selection rules for the road network. Existing maps with a 1:5,000 scale and a
1:25,000 scale are compared, and the criteria for selection of the road network data and the relative importance
of each network object are determined and analyzed using Topfer’s Radical Law as well as the logistic regression
model. The selection model derived from the analysis result is applied to the test data, and road network data
for the 1:25,000 scale map are generated from the digital topographic map on a 1:5,000 scale. The selected road
network is compared with the existing road network data on the 1:25,000 scale for a qualitative and quantitative
evaluation. The result indicates that more than 80% of road objects are matched to existing data.
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1. Introduction

The development of network data at various scales is
useful in providing a web map service or a search route for
network data. In particular, a multi-scale model of network
data is required for maintenance of digital topographic
maps in national mapping agencies and for the generation
of a map cache for various zoom levels in a web map
service. Although several mapping rules for topographic
maps exist, in many cases, the rules are ambiguous, and the
subjective judgment of the cartographer can be interrupted
during mapping processes. Because of the ambiguity of the
production rules and the dependence on manual editing,
production of homogeneous mapping results is a complicated
problem. Thus, to generate a map dataset with various scales,

automated map generalization methodologies should be

applied to the original map data.

For map generalization of linear data such as road
network, selection operation is important (Choe and Kim,
2007). Because the road network database is composed of
several intersection nodes and linear links, the selection is
implemented by measuring the relative importance of each
node or link (Thomson and Richardson, 1995; Mackaness and
Machechnie, 1999). A measurement of the relative importance
of the network object utilizes various characteristics. Li
and Choi (2002) analyzed the six attribute values of roads,
including road type (class), length, number of lanes, number
of directions, width, and connectivity. Zhang (2005) built
the stroke using the road name and built the ordered strokes
using three topographical centralities: degree, closeness and
betweenness. Chen et al. (2009) measured importance by

considering the road class, the length of the stroke, and the
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connectivity for mesh-based elimination of road segments.
Liu et al. (2010) measured four attributes for the road (i.e.,
statistical, quantitative, topological, and thematic) based on
the stroke and the Voronoi diagram for road selection. Zhou
and Li (2011) undertook a comparative analysis of different
properties (e.g., length, degree, closeness, betweenness,
and road class) to determine the importance of individual
roads for road network selection methods. Recently, pattern
recognition methodologies are having been applied to map
object selection model. Zhou and Li (2014) applied a SOM
(Self Organizing Map) and BPNN to road network data
to update them. The SOM worked as an unsupervised,
clustering approach and the BPNN worked as a supervised,
classification approach. Zhou and Li (2017) compared
nine machine learning methods (ID3, C4.5, CRT, Random
Forest, SVM (Support Vector Machine), Naive Bayes, KNN
(k Nearest Neighbor), Multilayer Perception, and Binary
Logistic Regression) for road network selection. Lee (2017)
tested four machine learning methods such as Naive Bayes,
Decision Tree, kNN, SVM for generalization of building
objects.

Most of road network selection methods consider road ob-
ject attribute information and select road objects for a target
scale level considering the attributes. In this process, objects
that should be eliminated are determined by importance of
each object. However, there are few studies which consid-
er two questions of ‘which objects should be selected’” and
‘how many objects should be selected’ simultaneously. In this
study, methodology using Topfer’s radical law and a regres-
sion analysis to estimate selection model with relative weight
for attributes of road network is proposed and evaluated. In
the next section, the details of the proposed method are pre-
sented and a qualitative evaluation is analyzed in section 3.

And section 4 concludes this study.

2. Proposed method
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Fig. 1. Workflow of this study

This study uses the workflow as shown in Fig. 1. First,
the road centerline data from existing map series with a
1:5,000 scale and a 1:25,000 scale are superimposed, and the
matching pairs within the road objects for the two scales are
detected. The attribute information for the matched object
group and the unmatched object group is measured and
analyzed using the regression analysis for calculating the
influence of the attributes. Based on the analytical results
obtained, the selection model is derived from a form of the
probability function with the attribute values and is used
as the criteria for the selection of the network objects. The
flowchart for the overall processes of knowledge acquisition
and the formalization of the road selection is presented in the

upper part (extraction of selection model) of Fig. 1.



2.1 Preprocessing and object matching

Automated map generalization for road network needs rich
semantics for each road centerline data, thus it is necessary to
enrich the source road network with additional information.

Table 1 shows attribute schema for the above centerline data.

Table 1. Attribute schema of reconstructed road

centerline data
Attribute Attribute information Attribute
name type
National expressway,
national road, local road,
Road class | road between towns, STRING
narrow path, unclassified
road
Width of | Length between outer ends DOUBLE
road of the curb
Le?(itg of Length of road object DOUBLE

Then, matching pairs of road centerlines in the two maps
at different scales are detected. From the matching pairs, the
road centerlines on a large scale map are divided into two
groups: centerlines that exist on both maps for both scales
and centerlines that exist only on the larger scale map.
Assuming that the generalized result for the large-scale
map serves as the road data for the small-scale map, the
centerlines selected and eliminated during the generalization
process are therefore distinguished. The detection process for
the matching pair of road centerlines for the two scale levels

is shown in Fig. 2.
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Fig. 2. Extraction process for matching pair of road
centerlines between different scales
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The network matching methodology at this stage is buffer
polygon-based matching, which is generally applied. At
first, using buffer polygons, road outline polygon objects on
a 1:5,000 scale and road centerlines on a 1:25,000 scale are
super imposed. The road outline polygons on the 1:5,000
scale that include the centerline of the 1:25,000 scale are
extracted. The road centerlines at the 1:5,000 scale, which
correspond to the extracted outline polygons, are classified
by the selected object group, and the other centerlines are

classified by the eliminated object group.

2.2 Statistical analysis of characteristics

As the first statistical analysis process for determining
the criterion for the appropriate number of segment in road
networks, the Radical Law, modified to use the length of the
network instead of the number of objects (Park ef al, 2012),
is applied to the network, and the constant for symbolic
exaggeration is calculated (Park et al, 2012; Topfer and
Pillewizer, 1966; Wilmer, 2010). The constant of symbolic
exaggeration is an additional factor for the Radical Law used
to address the difference between the appropriate number
of features and the actual features on a map (Joao, 1998;
Wilmer, 2010). The equation for the modified Radical Law

for the road network selection is as follows (Eq. (1)):

n=n,xCx \M,/M; M

Where #y is the length of the road objects shown at the
target scale, n, is the length of road objects shown on the
source map, M, is the scale denominator for the source map,
M is the scale denominator for the derived map, and C is the
constant for symbolic exaggeration.

To determine the influence of each road attribute on the
selection, statistical analysis of the relationship between
the selected/eliminated groups and the attribute values is
performed. A multiple regression model, multi-criteria
decision analysis, classification of machine learning, and
data mining can be used as methodologies to analyze the
characteristics and to group the objects. In this study, a
qualitative response regression model in econometrics is
used as the analytical methodology. The qualitative response

regression model is a type of probability model that calculates
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the probability that a dependent variable will be ‘1" according
to the independent variables when the dependent variable is
a binary or dichotomous variable (e.g., Y = 1 if something
happens and Y = 0 if nothing happens). For this model, the
LPM (Linear Probability Model), Logit model, and Probit
model were developed (Gujarati and Porter, 2009).

Among these models, the Logit model is adapted in this
study to analyze the relationship between the object groups
and the attribute information for the objects. The Logit model
is a statistical methodology for measuring the probability
of an event using a linear combination of the independent
variables and is called a logistic regression. By calculating
the probability of the dependent variable to equal ‘1’, while
LPM utilizes the probability function of the linear form, the
Logit model applies a function of a nonlinear form, which is
similar to a cumulative distribution function and enhances
the power of explanation.

The expressions in the Logit model are as follows (Egs.

(2) and (3)):
1

P B~ 10~ gy @
P
Li=1In (ﬁ) =pripX; ®)

where, ¥; is the dependent variable, Xi is the independent
variable, P; is the probability of ¥; to equal ‘I, B is the
regression coefficient, and L; is the odds ratio.

3. Experiment

3.1 Data training

Fig. 3. Road centerline of digital topographic map at
1:5,000 (left) and 1:25,000 (right) scale for target area of
training data (all over Giheung-gu, Yongin-si)

The dataset for the experiment is the road centerline data
of the digital topographic maps at a 1:5,000, 1:25,000 scale of
two neighboring area in Suwon-si and Yongin-si. The maps
of Yongin-si were used for training data as shown in Fig. 3.
The relationship between the selected object group and the
attributes such as road length, width and class is derived as

Eq. @).

1
{1 +e —(B1 +[3widthWidthi+ﬁlengthLengthi"'ﬁclassClaSSi)}

Pi:

1
{1+e—(—7,5155+0.029><Widthi+0,007xLengthi+0v2182xclassi)} (4)

The #-test was performed on the analysis result of the Logit
model as follows. In this model, as the number of samples
approaches 917, the degree of freedom becomes infinite,
and the threshold of the ¢ value is 1.96 at a 95% confidence
interval. Because the t values for each regression coefficient
are -13.0401, 3.7460, 3.1291, and 10.1811, all absolute values
are higher than the threshold of the ¢ value. Therefore, all
variables are statistically significant. With the P; value, the
SPF (Selection Probability Function) for all road centerlines
in the test dataset is calculated with Eq. (4) and Fig. 3 shows
the histogram of the calculated SPF values.

Based on the SPF values, the objects that have a high
probability should be selected, and the objects with a low
probability should be deleted according to the target scale
level. To determine whether an object should be selected or
eliminated, establishing a threshold SPF value is necessary.
In this study, a method to determine the threshold SPF value
according to the target scale level using the modified Radical
Law is developed. Namely, the total length of a line from
the test map at a 1:5,000 scale, the constant for symbolic
exaggeration derived in Section 2, the scale denominator for
the source map and the target scale are applied to the Radical
Law. The total length of the line for the result map at the

target scale is calculated.
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Fig. 4. Histogram of SPF value for road network of test
data

After developing a cumulative function around the SPF
value and the length of the centerline objects, the threshold
for the SPF value is calculated by applying the total length
of the target line to the cumulative function graph. Fig. 5
describes the process of calculating the threshold for the
SFP value using the total length of the target line and the

cumulative function for the SPF-length of the line.

Cumulative
length of line

Cumulative function of

| SPF-length of line

lotal length of
target line

0 L4
0 SPE 1
Threshold SPF

Fig. 5. Threshold estimation using total length of target
line, the cumulative function of SPF and length of line

3.2 Evaluation

For quantitative evaluation of the selected result, the
matching ratio is measured using the matching results
between the road centerlines for the selected results and those
in the NGII (National Geographical Information Institute)
map. Table 2 shows the total length of the road network for
the matching results between the selected road centerlines
from the two methods and the NGII map data.

Generalization of Road Network using Logistic Regression

Table 2. Total length of the road network for the matching
results between the selected road centreline from the two
methods and the NGII map data

Total Length of lg)ft ;’l[;;illll%:lh Matching
Network (m) Objects (m) Ratio (%)
Selected
result
of the 295,389.3 245,207.8 81.66
proposed
method

From the above table, the performance of the selected
result for the road centerline is calculated using the matching
ratio (precision) (Eq (5)).

matching ratio=

Total length of matched objects in the selected road segments
g d g x100% (5)

Total length of selected road segments

The matching ratio was calculated as 81.66% for the selected
result from the proposed method. This means that the overall
network structure is largely matched, and some unmatched
portions are observed. These unmatched portion may be
categorized into the following three cases: (a) discrepancy
due to the gap in the update period, (b) discrepancy due to
the gap in the method which expresses a dual line as a single
line, and (c) discrepancy due to the excessive expression of
road centerline data. The figures below (Figs. 6, 7 and 8) are
enlargements illustrating examples of the unmatched cases
discussed above. The problem in case (a) can be resolved if
the latest renewal is performed. The problem in case (b) can
be resolved if the dual line is converted to a single line. In
case (c), the road objects are not eliminated due to the simple

selection rules using length, width and class.

Fig. 6. An example of the discrepancy caused by gaps in the
update period (the matched line (black) and commission
error (gray) of the proposed method, The vertical road in

the middle: a road object that was inserted after renewal of

the NGII digital map)
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Fig. 7. An example of the discrepancy caused by gaps in

the method that expresses a dual line as a single line (the

matched line (black) and commission error (gray) of the
proposed method)

Fig. 8. An example of the discrepancy caused by excessively
expressed small road centerlines (the matched line (black)
and commission error (gray) of the proposed method)

4. Conclusion

In this study, a methodology that selects or eliminates road
network data according to the target scale level is proposed
and examined as a step toward the generalization of digital
map data. The criteria for the selection of the road network
object are analyzed by comparing an existing digital map
at the 1:5,000 scale and the 1:25,000 scale and by applying
Topfer's Radical Law and the Logit model. The selection
model, which is drawn from the results of the analysis, is
applied to the test map data, and the generalized 1:25,000
scale network dataset is derived from the 1:5,000 road
centreline layer.

For the evaluation of the proposed method, the selection
result obtained using the rule-based road selection method
is compared with the result obtained using the proposed
method. The 1:25,000 digital map produced by NGII is used

as a benchmark for the qualitative and quantitative evaluation
of the two results from the road network selection methods.
The result of the quantitative and qualitative evaluation for
the generalized output showed that 81.66% of road centerlines
in the proposed method were matched with the digital map
produced by NGII and this value is higher than that of the
rule-based method.

This study has some limitations. Preserving network
topology is not discussed in this study, although it an
important factor in network generalization. In addition, a
greater variety of test sites may be considered to validate the
methodology of this study. Moreover, an analytic comparison
with other methods for network thinning is not conducted in
this study. These limitations should be addressed in future

work.
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