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Abstract

A map is a combinatorial presentation of map objects and labels providing users with sufficient and
useful information. Text placement is the most time-consuming and cumbersome work in a map
production process, and many methods have been proposed to automate this process. However, text
placement evaluation lacks exploration, especially when artificial intelligence (Al) methods are

experiencing prosperous development.

To bridge the gap, this master thesis proposed an Al method for a text placement evaluation.
Firstly, London street maps were simplified and rasterized based on cartographic rules formulated
by experienced cartographers. Secondly, a text placement quality measurement schema was designed.
Thirdly, datasets were prepared by manually classified rasterized maps into different quality levels.
Fourthly, GoogLeNet, a widely accepted convolutional neural network, was trained, and its

performance was validated.

The results showed the GoogLeNet model’s poor training accuracy and validation accuracy in
the training process and bad performance in evaluating text placement. All the test images were
classified as having bad text placement. These pieces of evidence indicated that the trained
GoogLeNet model was not reliable and qualified for evaluating text placement at this stage. The
negative results might be caused by the capacity issue, dataset issues and model issues. These issues
were discussed in the latter part of the report. Finally, some limitations and perspectives of using Al

for text evaluation were listed in the end for further enlightenment.

Keywords: Text placement evaluation; Artificial intelligence; GoogLeNet.
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1 Introduction

1.1 Background

A map is a presentation of real-world objects with pictorial or literal labels to provide users with
sufficient and useful information (Haunert & Wolff, 2017). Labels are annotations associated with
the corresponding objects. There is a complicated relationship between labels and map features, and
such relationship restricts the label placement in the map. These relationships are defined as
cartographic rules, which are sensitive to many factors, such as user preference, type of map objects
(Freeman, 2005), and scales (van Dijk et al., 2002). Labels should follow specific cartographic rules
for better readability. For example, labels should avoid obscuring each other and other map objects.
Not only cartographic rules but also aesthetic requirements should be satisfied. Quality of a map,
however, highly depends on cartographers’ experiences, especially if a generalization is needed. Such
complexity and ambiguity make text placement become the most time-consuming and skilled work
in a map production process, which takes nearly 50% of the work (Yoeli, 1972). Therefore, how to
automate text placement has been drawing much attention in cartography area (Yoeli, 1972; Hirsch,
1982; Mower, 1993; van Kreveld, Strijk, & Wolff, 1999; van Dijk, Steven, & Dirk, 2004; Revell,
Regnauld, & Bulbrooke, 2011).

Many previous studies have focused on text placement related issues (Imhof, 1975; Dent, 1996).
Text label placement was initially manually accomplished by highly qualified experts; however, it
takes considerable time and costs to achieve high-quality results. Geographic information system and
remote sensing technology development enrich technologies of observation and storage of
geographic data. The development brings an increasing need for various types of maps, such as a
topographic map, national map, and transportation map. Consequently, many automated labelling
methods are developed for efficiency and advancement in map-making (Yoeli, 1972; Jones, 1989;
Zoraster, 1997; van Kreveld, Strijk, & Wolff, 1999; Freeman, 2005). Sequential placement method
(Jones, 1989), combinatorial optimization method (Zoraster, 1997) and slider model (van Kreveld,
Strijk, & Wolff, 1999) were widely discussed and used in related literature. Based on these algorithms,

some automated text placement tools or systems were produced. Cook and Jones (1990) proposed a



prolog rule-based automated text placement system. Freeman (2004) designed a new text placement

model called Label-EZ, which could place texts according to users’ preference.

However, cartographic rules change with purpose, target area and map objects, which leads to
the problem that automated text placement approaches are not suitable for all scenarios. Therefore,
map evaluation is critical in map production, especially for commercial mapping companies.
According to evaluation results, subsequent manual modification is performed to complete text
placement. Besides, numerous automated text labelling methods have been developed, then how to
compare their performance is important. However, rather few studies focused on this topic (van Dijk
et al., 2002). Evaluation is integrated into a map production process since the manual work after
automated text placement process essentially tackles the work of it. Therefore, map evaluation is of

significance for improvements since its results should be a guidance of subsequent processing.

Artificial intelligence (Al) has become popular in many areas in recent decades, such as image
recognition (Wu et al., 2015), image classification (Zhao & Du, 2016) and robot technology (Levine
et al., 2018). Many researchers advanced previous methods in cartography with deep learning
approaches. For example, some researchers discussed deep learning methods for map generalization
(Sester, Feng, & Thiemann, 2018; Touya, Zhang, & Lokhat, 2019) and point labelling (Haunert &
Wolff, 2017). The study on map labelling using Al methods, however, remains as a gap and requires
more exploration. The achievements of deep learning in recent years show more possibilities for its
application in text placement domain, but integrating Al into text placement encounters several
challenges. On the one hand, how to quantify relationships between labels and objects into a model
is an essential problem. On the other hand, Al methods need quite a large size of datasets for training,

which could ensure a satisfactory accuracy.
1.2 Aim

To fill the gap in related work, this master thesis proposes a text placement evaluation method based
on an Al network. The aim is to design, implement and assess the Al method for evaluating text

placement.

1.3 Disposition



The remainder of this master thesis is arranged as follows. Section 2 provides a review of previous
studies on text placement rules, automated text placement method, map evaluation and Al techniques.
Section 3 presents a theoretical framework for integrating Al into text placement evaluation process.
Section 4 presents the text placement evaluation results. The discussions on the performance of the
proposed method, encountered issues and limitations are provided in Section 5. Section 6 summarizes

the main conclusions.



2 Literature review

2.1 Text placement rules

A map contains substantial information that competes for the limited space on the map; therefore,
some cartographic rules are necessary for managing placement. Cartographic rules strongly associate
annotations with map objects in all forms of maps, such as web maps and paper maps. There are
some slight differences between a traditional paper map and an interactive web map, while in this
section only the rules for paper maps are discussed. Many studies have proposed and summarized
labelling rules to achieve a high-quality map (Alinhac, 1962; Yoeli, 1972; Imhof, 1975).
Cartographic rules for different types of objects (i.e., point, line, and area feature) are separately
explained. However, there are some foremost and universal rules that apply to all objects. Labels
should have distinct and close associations with their referents; on the other hand, labels should not

overlap with other labels or point features. Peculiar rules for different features are listed as following.
Point features

e A label should be closely around the corresponding point feature.

e A label on the right of the point is preferred than on the left of the point, and a label above the
point is better than below the point (Fig. 2.1).

e A horizontal label is more suitable for users’ visual habits.

e A label should align on the same side of the point when the point and a line are placed too close
(Freeman, 2005).

e A polygon boundary should not split a label and its point referent when the point is located within
an area feature.

e Leader lines and numbers are also used for labelling in some maps with dense features.
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Fig. 2.1. Text placement position of a point feature in order of priority and some examples of text placement of line
features (Modified from Slocum et al., 2005, p. 216-217).

Line features

e A label is generally placed along the object and conforming to the object’s curviness.

e Especially for city maps, the placement of street names can be along with the street object or
within the objects (Chiri€ 2000; Freeman, 2005).

e Some special scenarios are worth consideration (Fig. 2.1). A text could be placed more than one
time for a long line feature. Besides, a label could be placed parallel to the trend line of the line

feature if it has intensive curves.
Area features

e A label is ideally positioned inside the polygon unless there is not enough space inside the area
feature for the label. The other choice is placing the text label outside the feature with a leader
line or numbering the feature with a legend (Freeman, 2005).

e Horizontal text placement is preferred for better legibility. Vertical and angled placement are
options under space limitation (Freeman, 2005).

e A label should not overlap with other labels or point features.



e A text should be labelled more than one time if the area feature has several disconnected parts.
2.2 Automated text placement methods

Many studies have been carried out to improve automated text placement methods. Scholars explored
different algorithms for automating text placement, and some methods were implemented into
software since the 1970s (Kern & Brewer, 2008). The automatic text placement logic comprises three
steps, namely, candidate selection, layout evaluation, and placement decision (Yoeli, 1972; Hirsch,
1982). The first step identifies several possible positions for each map object. A global evaluation is
performed through all candidates in the second step, and the third step makes the final decision based

on evaluation results. Many proposed methods are based on this idea.

A rule-based algorithm is a basic form of automatic text placement methods. It labels map objects
based on defined cartographic rules and weights. For example, Freeman and Ahn (1984) proposed a
rule-based system called AUTONAP, which labels map objects sequentially. All candidate positions
for each map object are identified at first. Then the annotations of polygon features, point features,
and line features are sequentially placed based on conflict detection. However, the system is not
flexible to some extent since there is no backtracking which limits its performance on dense maps.
Some advanced methods are developed to improve flexibility, such as Jones (1989) who developed
a sequential placement method with backtracking, Freeman (2005) who updated the initial rule-based
algorithm. Later, some studies progressed the rule-based algorithms by programming cartographic
rules into a language (Jones, 1993). Prolog, a logic programming language, is used to define
cartographic rules for identification of trial positions. A subsequent conflict detection finds a

satisfiable combination for all objects, and then labels are placed.

Along with technology development, an expert system is introduced, which is a system that
consists of numerous rules and knowledge from cartographers and skilled-experts. It was widely
accepted in applications; for example, an expert system was used in the United States census map
production (Ebinger & Goulette, 1990). Besides, there are also some improvements proposed for
certain types of features. Candidate positions for a point were changed from only eight fixed positions
(Yoeli, 1972) to any position around the point (Hirsch, 1982). These improvements make text

placement problem easier for a map with high-density features.



An optimization algorithm is used in automated text placement methods for better quality
(Christensen, Marks, & Shieber, 1994; Edmondson et al., 1996; Zoraster, 1997). This method’s
framework consists of two main processes. The first process is a mathematical evaluation for each
label. This process considers many factors, such as disturbance, legibility. Cartographic rules
abovementioned could also be criteria for the evaluation. For example, Zoraster (1997) defined a
combinatorial optimization method for point labelling. A cost function was developed measuring the
cost from four aspects (i.e., properties, disturbance, overlap, and removal), where the better result is
the solution with the lowest cost. The second step generates an optimal solution by comparing
different position combinations in each iteration. Some studies used local optimization methods to
solve label conflicts iteratively (Christensen, Marks, & Shieber, 1994, 1995). It starts with a selected
solution and updates the solution in each iteration if a new position of text could improve the solution.

It stops when there are no changes after a specified number of iterations.

Slope descending algorithm is an example of the optimization algorithm, which could find the
best result in an acceptable time (Christensen, Marks, & Shieber, 1995). However, this kind of local
optimization method has a fatal weakness that the number of global optimization solution is much
less than that of local optimization solutions. A solution could trap in an optimal local position if an
intermediate improvement significantly changes the solution. Some algorithms are introduced to
solve this problem, such as genetic algorithm (Verner et al., 1997; van Dijk, 2001; van Dijk, Steven,
& Dirk, 2004; Yamamoto & Lorena, 2005; Liu & L{(j 2008). Simulated annealing algorithm (Russell
& Norvig, 1995) was also widely used in many studies since it could skip a locally optimal position
to the global optimized position (Zoraster, 1997). Many experiences have proven the excellent
performance of optimization algorithms for automated text placement (Edmondson et al. 1996;

Zoraster, 1997).

Slider model algorithm is another classic automated text placement method (van Kreveld, Strijk,
& Wolff, 1999; Strijk & van Kreveld, 2002; Kameda & Imai, 2003; Zhang & Harrie, 200643, b). It
significantly extends the choices of labels’ positions based on a no-conflict basis. A slider model is
generally divided into three stages. Firstly, all possible labelling areas are generated for each object
sequentially. Secondly, each candidate area shrinks based on the detection of obstacles for each

object. Thirdly, the final position is chosen from left areas considering the legibility and association
7



between label and map object. Moreover, some studies also combined other algorithms, such as

introducing a leader line to indicate a particular point in a dense area (Kameda & Imai, 2003).
2.3 Map evaluation
2.3.1 Map evaluation methods

Great efforts have been directed towards map evaluation process for assessing differences between
desired and achieved presentation of a map (van Dijk et al., 2002; Mackaness & Ruas, 2007; Stoter
et al., 2014). A map evaluation was initially performed by visual evaluation, which is considered to
be the most intuitive and inefficient method since different examiners have different preferable
designs. However, automatic drafting, generalization and text placement speed up the map
production process and more maps are demanded nowadays. Therefore, visual evaluation is not ideal

in many cases, and quantitative methods are expected.

Many quantitative map evaluation methods are proposed for assessing a generalization process
(Brewer et al., 2013; Zhang et al., 2013). For example, some approaches have paid attention to an
estimation of a generalized map’s readability with supervised machine learning methods (Harrie,
Stigmar, & Djordjevic, 2015). However, fewer approaches have been proposed for a text placement
evaluation. An example is a combinatorial optimization method that integrates the map evaluation.
This evaluation is replaced by a cost function, which scores different text placement combinations,
and the final output is the best combination. However, such quantitative measurement only assures a
theoretical satisfaction of text placement without any considerations on aesthetics or exceptional
cases. To bridge this gap, van Dijk et al. (2002) made progress by proposing a quality function to
evaluate text placement from four aspects, namely, aesthetics, label visibility, feature visibility and

the association between label and feature based on a series of rules.
2.3.2 Text placement measurement

Text placement is a complex rule-based process that is subjective to cartographers’ experiences.
Therefore, no measurement can fully describe text placement, which, as noted by some scholars who
summarized the criteria for text placement, there are four measurements that are important for text

placement (van Dijk et al., 2002; Hirsch, 1982; Huffman & Cromley, 2002; Kern & Brewer, 2008).



Aesthetics

Design of text varies with map type, mapmaker, or other factors. Despite the fact that some
parameters (e.g., the font type and font colour) are not relevant to text placement, they are still
affecting the aesthetics of a map. A mapmaker’s experience decides text distribution on a domain.

Some cartographers tend to place texts dispersedly, while some people prefer to cluster texts.
Legibility

Many factors have impacts on legibility, for example, font type, font size, and label position. Font
should be striking and easily identified. Different objects’ text placement should be avoided on a

horizontal level (van Dijk et al., 2002).
Disturbance

A text should not obscure and cover other map information except the corresponding line or area

feature.
Association

Associations between text labels and their corresponding features should be considered, where labels

should be close to their referents and not separated by other labels or features.
2.4 Artificial intelligence

Al is a technique that simulates human intelligence, and its prosperous development draws much
attention from different disciplines, such as image recognition, robotics, and expert system (Hohnson
& Basoglu, 1989; Durkin, 1997). For example, expert systems played important roles in many fields
that require rule-based decisions, because they could provide inference based on pre-stored expert
knowledge, release workload and improve work efficiency. In addition, considerable Al algorithms
are also utilized in cartography related filed, such as deep learning, evolutionary algorithm, and
Bayesian network. Researchers used random forest classifier to achieve the extraction of urban
landmarks (Lin et al., 2019). Identification of road networks was also performed by multiple deep

learning models (Fu et al., 2016; He et al., 2018).

2.4.1 Machine learning



Machine learning methods are widely utilized nowadays, and they are playing important roles in

geography-related fields.

Supervised and unsupervised classification methods play important roles in remote sensing
image processing. Traditional land use classifications use conventional classifiers, such as Minimum
distance, Maximume-likelihood, and K-means. These methods could provide moderate accuracy since
the ‘curse of dimensionality’ reduces its performance (Chen et al., 2014). Machine learning methods
provide a possibility to achieve higher accuracy, and some studies have proven the better capability
of support vector machine (SVM) in a series of common machine learning algorithms (Ambikapathi

et al., 2013; Gualtieri & Chettri, 2000; Chen et al., 2014).

Regression algorithms can reveal relationships between two or more factors, and these
algorithms are welcomed in the spatial analysis field. Traditional regression models, such as ordinary
least squares and geographically weighted regression, can only build a linear relationship between
factors; however, relationships are always more complicated (i.e., non-linear relationship). Machine
learning regression methods could enrich details of such a complex relationship by a decision tree
(e.g., random forest) or network (e.g., neural network). For example, Zhang et al. (2017) used random
forest regression to disclose the relationship between tea expansion and local biophysical as well as

socioeconomic factors in China.
2.4.2 Deep learning

One type of machine learning is denoted deep learning. Deep learning algorithms are highly involved
in geography studies and gradually replace traditional methods. Its essence is training a model with
large datasets and generating outputs based on the model. There are many types of deep learning
approaches widely used in different subfields of geography, while they are all based on neural

networks.

Neural network shows strong image interpretability and tackles many image recognition tasks
(Almeida et al., 2015). Introducing convolutional layers and pooling layers strengthens the capability
of a neural network (i.e., convolutional neural network, CNNs). Many improved networks are
proposed based on these advancements, for example, SegNet (Badrinarayanan, Kendall, & Cipolla,

2017), GooglLeNet (Szegedy et al., 2015), and AlexNet (Krizhevsky, Sutskever, & Hinton, 2012).
10



Previous studies proved the performance of deep learning; for example, He et al. (2018) proved the

feasibility of utilizing AlexNet to identify road junctions.
2.4.3 Al methods applied in cartography

Using Al methods in text placement was earlier a research hotspot in cartography domain, and many
scholars attempted to achieve it before 2003 (Freeman & Ahn, 1984; Ebinger & Goulette, 1990; cf.
section 2.2 above). A mature expert system technique ensured its application in solving text
placement issues. Johnson and Basoglu (1989) discussed whether an expert system could be used in
text placement for more flexibility. Freeman (1988) developed an expert system that could
automatically enter and label texts. The capability of an expert system became insufficient and
inefficient for dense-featured maps. Therefore, later studies shifted to other automated text placement
methods, where some evolutionary algorithms are introduced to improve text placement approaches.
Zoraster (1997) incorporated a simulated annealing algorithm for labelling point features. Yamamoto
and Lorena (2005) proposed an approach to position point features using constructive genetic
algorithm. However, integrating Al methods into text placement did not have significant progress in

the last decade.

Using Al methods in map generalization has also drawn researchers’ attention in recent years
(Steiniger et al., 2008; Harrie, Stigmar, & Djordjevic, 2015; Ma, 2017; Touya, Zhang, & Lokhat,
2019). Traditional map generalization tasks are solved based on geometric considerations (Sester,
Feng, & Thiemann, 2018). However, map generalization’s graphic essence makes it an ideal
application for deep learning (Touya, Zhang, & Lokhat, 2019). Many studies proposed Al
generalization methods for different applications. Lee et al. (2017) proposed a building generalization
method based on deep learning classification algorithms. They evaluated the capability of four
algorithms (naive Bayes, decision tree, k-nearest neighbour, and support vector machine), and the
satisfactory accuracy results proved their reliability. Similarly, Zhou and Li (2017) tested the
performance of different deep learning approaches in road generalization. Multiple neural networks
are applied in building generalization domain (Feng, Thiemann, & Sester, 2019). However, Al
methods are only performed on how to achieve generalization instead of evaluating generalization

performance.

11



2.5 GooglLeNet

GoogLeNet is a deep convolutional neural network used for improving object detection capability to
meet growing needs (Szegedy et al., 2015), and has achieved great influence since 2014 as the winner
of the ImageNet Large Scale Visual Recognition Competition 2014 (ILSVRC14). It draws increasing
attention on many domains, such as image recognition (Zhong, Jin, & Xie, 2015), classification

(Singla, Yuan, & Ebrahimi, 2016), and detection (Salavati & Mohammadi, 2018).

Along with increasing needs for object classification and detection, previous deep learning
networks have insufficient capabilities and go into a design problem when searching for improvement.
The common way to improve performance is increasing network depth and width, which refer to the
number of layers and the number of neurons of a network, respectively. However, such method limits
development from several aspects. Firstly, too many parameters caused by an expansion of a network
scale lead to overfitting issues when the training dataset is limited (Szegedy et al., 2015). Secondly,
consequent computational complexity makes usage inapplicable and unachievable. Thirdly, there is
a vanishing gradient problem, which means a gradient will decrease sharply along with an increase
of propagation depth, hinders the model optimization by weakening a model learning ability
(Hochreiter, 1998). To break the bottleneck, GoogLeNet introduces Inception architecture to
optimize a sparse structure to enhance network performance and resource efficiency (Szegedy et al.,
2015). Such attempt makes GoogLeNet achieve a higher accuracy but with smaller model size
compared to other networks (Russakovsky et al., 2015), which is suitable when there are limited

computing resources (e.g., GPU, Storage).
2.5.1 Theory

GoogLeNet has experienced a development of versions of V1, V2, V3, V4, and other versions (loffe
& Szegedy, 2015; Szegedy et al., 2015, 2016, 2017) and many adjustments are applied to its model
structure. For example, GoogLeNet V1 and V3 use input images with 224 x 224 and 299 x 299 image
resolution, respectively. Their core theoretical basis, however, remains the same regardless of
improvements. The theory of GoogLeNet V1 is introduced below, and a brief description is based on

Szegedy et al. (2015).

12



GoogLeNet V1 has 22 layers based on Inception module (Fig 2.2(a)). An Inception module
stacks convolutions (1x1, 3x3, 5x5) and max pooling (3x3) together. A convolution is a mathematical
operation on input with a moving window. Max pooling extracts the largest value from input, where
a moving window covers it. The main idea of this structure is increasing computational resources
utilization within the network. Convolutional layers (3x3 and 5x5) can extract every detail of input
and max-pooling can reduce feature size and avoid overfitting. At the same time, to reduce the large
thickness of a feature map which caused by excessive calculation, 1x1 convolution layers are added
before 3x3 convolutions, before 5x5 convolutions, and after max pooling. Such a structure benefits
the model from dual perspectives. On the one hand, it increases the width of the network; on the other
hand, it also increases the adaptability of the network to scale. Several Inception modules stack upon
each other to achieve the full architecture of GoogLeNet. An excerpt from GoogLeNet model is
depicted in Fig 2.2(b), which demonstrates how two Inception modules are connected. There are

more layers in the model, and the full architecture of GoogLeNet V1 is presented in Appendix A.
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Fig. 2.2. Structure of Inception module in GoogLeNet (a) and an excerpt of GoogLeNet full architecture (b) (re-
produced from Szegedy et al. (2015) with permission from publisher IEEE). © Copyright [2014] IEEE
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The essence of GoogLeNet model is identifying a series of features or patterns that are hidden
behind pixels. Three datasets are involved in this process, namely, training dataset, validation dataset
and test dataset. GooglLeNet uses a multilayer perceptron to capture these features. The training
dataset is entered into the input layer and passing through many hidden layers between the input layer
and the output layer. These hidden layers have parameters whose weights are adjusted in the model
through continuous learning. At the same time, GooglLeNet model verifies accuracies by the
validation dataset and thus improves learning. The features are finally obtained in the output layer.
Training finally stops when the number of iterations achieves the maximum iteration or specified
accuracy is achieved. Then the trained model reads images from the test dataset and classifies them
based on knowledge. Each test image is given one label which has the highest accuracy among all

candidates.

Since such CNN aims at simulating a human brain, it needs a substantial number of parameters.
Most parameters are within layers and trained to build model, while some essential parameters are
outside layers and used to define model training. Learning rate refers to the number of updated
weights towards minimum loss function during iterations, and it varies from 0 to 1. The loss function
is a function of evaluating how well the network accomplishes its intended work. The smaller the
loss function is, the more accurate the model is. There are many loss functions for CNN, such as
mean squared error, cross-entropy, and categorical cross-entropy (Zhao et al., 2016). Optimizer
algorithm is an algorithm that updates parameters to achieve lower loss function. Batch size is the
number of utilized images in each iteration. Maximum iteration is the maximum number of training

iterations if a model does not achieve specified accuracy.
2.5.2 Applications

Many scholars have used GoogLeNet to achieve various applications, and some examples are

introduced as follows.

Szegedy et al. (2015) proposed GoogLeNet and attended ILSVRC14 in object classification
competition. 1.2 million images from ImageNet dataset were used to train the model. Its training was

performed with CPU on DistBelief (Dean et al., 2012) distributed machine system; however, the
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authors believed it could be trained within one week by using multiple high-performance GPUs.

GoogLeNet won the competition with 93.33% accuracy in classification.

Zhong et al. (2015) achieved a high-performance GoogLeNet model for handwritten Chinese
character recognition. They used 2.14 million characters to train the model where each character
image had an image resolution of 112 x 112. The experiment was run with GTX TITAN BLACK

GPU with 6 GB memory. The final testing accuracy of this model is 96.26%.

Singla et al. (2016) classified and categorized food and non-food images with pre-trained
GoogLeNet. A total of 13296 images from two datasets were used for model training in the study.
They trained and verified the model for food as well as non-food classification and food
categorization, respectively. Food and non-food classification model obtained accuracy over 90%
with 10,000 iterations training, and food categorization model achieved over 70% accuracy with

40,000 iterations.
2.6 Challenges for Al methods in cartography

As discussed in section 2.3, the Al technique includes a variety of algorithms, and some of them are
implemented in cartography field. For example, expert systems were popular in automated text
placement tools (Freeman, 1988; Ebinger & Goulette, 1990). Although expert systems contain
explicit knowledge information of cartographic rules, its disadvantages hinder its application. A
critical disadvantage is the insufficiency of knowledge acquisition. An expert system essentially
provides information based on pre-stored rule-based knowledge, while it is difficult to update
knowledge in time. Besides, the size and computational complexity of an expert system will decrease

its performance when knowledge reaches a certain level.

Given the above disadvantages, machine learning and deep learning algorithms provide new
approaches to boost Al techniques (Yanase & Triantaphyllou, 2019). Despite new machine learning
and deep learning techniques are experiencing a rapid and prosperous development in recent years,
their usages in cartography area are still insufficient. Only a few studies that focused on map
generalization were completed (Touya, Zhang, & Lokhat, 2019; Harrie, Stigmar, & Djordjevic, 2015).
Especially for the era of text placement evaluation, the vacancy needs to be filled. However, there

are many challenges for the utilization of these algorithms in text placement evaluation.
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Deep learning algorithm requires a fairly large amount of datasets to train a model; however,
different maps adopt dissimilar cartographic rules which leads to a lack of enough training

materials where insufficient training data cannot generate a satisfying result.

Deep learning networks consists of complex parameters and causal mechanism, which makes it

difficult to achieve an excellent result by modifying parameter settings.

The language barrier also impedes utilization. Image recognition gives preferable accuracy for
different language characters; however, these characters cannot transfer between different
languages. For example, a map with Swedish text labels cannot be used as training material for

a map with Chinese labels.
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3 Materials and methods

3.1 Conceptual framework

This master thesis is a part of a large project, and the integrated conceptual framework of the large
project is presented in Fig. 3.1. This project aims to improve the map design product line for T-Kartor,
a company that provides cartographic service. The current product line of text placement in T-Kartor
is mainly made by an automated text placement tool and followed by manual modifications. However,
massive data put heavy workloads on cartographers and consume too much time. The company is
working to establish a new method to update the product line for increasing automated text placement
quality. This study runs in parallel with another master thesis that focuses on text placement design
with PAL labelling library in QGIS (Cederholm, 2020). The map evaluation method proposed in this
thesis uses the output map from Cederholm (2020) as input, and the results give feedbacks to text

placement for improvements.

|
| [ Allowed to
Output | _II overlap
A maps | Raster Input bad Not allowed to
| format examples - overlap
- :
AN I
Quamy_ o Raster
evaluation I
| maps
[ Al (256 x
¢ Feedback | I Google Net 256)
Returns which |

maps had good e |
Python labelling and I r—> Program | ;..o

program Testdata  which did not |

for from T- Experienced Earlier
parameter Kartor cartographers, man made

. T-kartor, and
setting of literature e

PAL

Fig. 3.1. Overall conceptual framework of this master thesis and Cederholm (2020).

The overall workflow includes two parts which are separated by the dashed line. To the left is
the project about PAL parameter settings, and to the right is the project about text placement
evaluation. Al model is the connection of two projects, and we choose GoogLeNet for this master

thesis. Text placement evaluation consists of three subsections. Cartographic rules formulation is
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needed for simplifying maps. An example of a simplified map is shown at the upper-right corner in
Fig. 3.1. Based on cartographic rules, maps are processed and saved by programming for dataset
preparation. Finally, GoogLeNet is trained with these datasets and is used to provide responses to the

other project.

Following steps explain the detailed text placement evaluation process. Firstly, simplify
previously manually produced maps from T-kartor based on some cartographic rules. The
cartographic rules are summarized through an interview with experienced cartographers at T-kartor
(see Cederholm, 2020). Current text labels on the map are categorized into several classes according
to their corresponding feature types. For example, map features could roughly divide into two types
depending on if they are allowed to be overlapped. Secondly, rasterize and clip maps. Simplified
maps are exported from shapefile format and clipped into a specified size since Al methods have
strong image identification ability and input requirements. Thirdly, generate bad text placement
examples for training Al model. Fourthly, build an Al model with enough good and bad examples as
input. Fifthly, use the trained network to evaluate map labelling conducted by the PAL program (as
accomplished in Cederholm 2020). Finally, feedbacks from GoogLeNet could be used to enhance

parameter settings in PAL.
3.2 Materials

T-kartor provides all materials used in this study. The data source is the London street maps project
conducted by T-kartor, which is designed for Transport for London (TfL). These urban street maps
provide wayfinding information for citizens and tourists, such as the metro, bus, and ferry. Many
unnecessary area map objects (e.g., buildings) are simplified for a clear representation. These maps
are produced at 1:2250 scale and are intended to be placed in London with printed versions, but for

this study, T-kartor provides originally edited shapefiles.
3.3 Cartographic rules formulation for rasterization

Cartographic rules applied in this study are summarized from an interview with cartographers at T-
kartor (for details, see Cederholm 2020). Specifically, these labelling rules only apply to the London
street maps. Detailed requirements for the map design (e.g., typography, mapping scales) are

provided in ‘Streetmap design standard Issue 1 — Transport for London’. Text characteristics (i.e.,
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font type, size, colour) are not taken into consideration in this study as they are specified, and good

legibility is the foremost rule among all cartographic rules.
3.3.1 Point features

Texts of point features should ideally be placed horizontally, and their placement around the
corresponding point has a prioritization from the upper left, upper right, lower left, to lower right.
This positioning rule only applies to text labels of point features, while icons represent some point
features in the London street map. Such a symbol that combines the icon and the point feature clearly
shows the point feature without no real point object on the map. The icon clearly indicates the position

of the point. Besides, a leader line is used to clearly show the affiliation relationship in some special
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Fig. 3.2. Examples of icons representation for point features (based on data from T-kartor).

3.3.2 Line features

Different rules apply to various types of line features. Street names are positioned within line features
and conform to the curviness of streets. Straight labels for line features are preferred for good
legibility. On the one hand, texts should conform to the curve of features if it is significant; on the
other hand, texts could keep straight when the curve is slight. Besides, texts could be split into more
lines or be shortened to fit street objects. A text label should be located at the centre of the relevant

feature instead of the start or the end. Labels for a long street should repeat certain times for better
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recognition. When a text label meets an intersection, the text should be positioned across the

intersection to explicitly indicate the street name if two segments belong to the same street.

In addition to street line features, there are also some lines representing zebra crossing and
pedestrian subways. These features do not have labels for identification; however, labels for street

features should not overlap them. An example is shown in Fig. 3.3.
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Fig. 3.3. Examples of text placement of road features, e.g., BULSTRODE STREET (based on data from T-kartor).

3.3.3 Area features

Labels of area features should ideally be located within the features and allow overlapping of the
boundaries if necessary. Labels should use adaptive text alignment based on the corresponding area
features’ shape and position to avoid stack. For example, the ‘British Dental Association’ label needs
to be located towards the right to avoid the overlap with the street name in Fig. 3.3. A text should
always have an intersection with its relevant area feature unless the polygon is too small to contain
even a fraction of the text. The prioritization of label placement around a point feature (Section 3.4.1)
also applies to the centroid of an area feature. Different cases introduced in this section are shown in

Fig. 3.4.
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Fig. 3.4. Examples of text placement for area features, e.g., ‘Hotels’ refers to the surrounding yellow area features
(based on data from T-kartor).

3.3.4 Additional rules

All texts and icons should generally avoid overlaps with each other for legibility. However, a special
scenario for text label is the label for neighbourhood, borough or village. The text labels for such

large features are allowed to overlap other texts if necessary (Fig. 3.5).
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Fig. 3.5. A special scenario for a Borough text label, e.g.,, MARYLEBONE (based on data from T-kartor).
3.4 Methodologies

The workflow of methodologies in this master thesis is shown in Fig 3.6. Maps from T-Kartor and
Cederholm (2020) are firstly simplified based on cartographic rules, and they are subject to

rasterization. Manual quality level evaluation is performed for each rasterized image, and these
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images are split into the training dataset, validation dataset and test dataset, respectively. Finally,

GoogLeNet model is trained, verified and assessed by these datasets.
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Fig. 3.6. Methodologies workflow.

3.4.1 Rasterization
3.4.1.1 Simplification

The original maps contain dense information and objects (e.g., multiple layers for different area
features) which potentially weaken the performance of text placement evaluation because of the
image complexity increase. Different features use dissimilar label settings (e.g., font size, font type),
and this makes the text evaluation complex. Besides, the font settings for each area feature are pre-
defined, which means the content of the text has no impact on placement evaluation. Therefore, it is
essential to perform simplification to maximize the text placement characteristics, and relations

before the map samples are used for training the Al network, and also before the evaluation.

Simplification is achieved by feature selection and label transformation. Firstly, the map features
need selection. On the one hand, some features are not important to text placement evaluation, where
some features use icons as symbology or some features have no label and are allowed to be
overlapped by other labels. Hiding such unimportant features highlights the clear geometric and
topological relationships between retained objects and the corresponding labels. On the other hand,
each feature with text label and other symbology that are not allowed to be overlapped need to keep
in the map. Secondly, converting labels from text to geometric figure turns the evaluation into an

image recognition task. A precondition that all font characteristics are pre-defined and unchangeable
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makes the transformation possible. Moreover, character recognition increases the complexity and

difficulty compared to simple graphs. The principles for simplification are summarized as follows.
Point features

Pre-designed icons represent point features in this project. Some of the point features use Scalable
Vector Graphics (SVG) as their representations (e.g., cycle hire station, police station), while others
(e.g., info centre) integrate icons with font settings (i.e., the typeface contains the icon). An icon is
always positioned on the referent’s centric or marginal position (Fig. 3.7). Such placement provides
a distinct association between labels and their referents, as well as good legibility. Therefore, it is
reasonable to consider the combination of icon and point feature as a whole. Point features’ highest
rendering priority rationalize the simplification of treating them as a part of the base map instead of

changing their symbology.

©. 0]

i <

Fig. 3.7. Icons representations of point features. The centroid of the ‘Ticket Stop” icon is the point feature’s position,
and the tip of the bicycle icon is the point feature’s position. (based on data from T-kartor).

Line features

Line features can be classified into two categories. One of them is road features which could not be
ignored. Road line features and the space between pavements (i.e., the dark space in Fig. 3.8) both
indicate roads in the map. The road centre line’s symbology is removed for aesthetic purposes, while
the labels still locate on the line. The space between pavements accommodates the road labels.
Therefore, the labels are simplified as red rectangles (Fig. 3.8) and should ideally locate within the

specified room. The other category is the auxiliary road feature, such as zebra crossing and pedestrian
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subways. These features are treated as a part of the base map after the symbology changes because

of the lack of labels.

Fig. 3.8. Original road feature labels (left) and simplified road feature labels (right). (based on data from T-kartor).

Area features

There are many kinds of area features on the map, such as water bodies, landmark buildings, and
green spaces. Green spaces and normal buildings are not labelled, and water bodies have quite enough
room for a single label (Fig. 3.9). Therefore, only the landmark building features are retained and
other buildings are hidden in the map. Landmark building features are in yellow, and their labels are

simplified as black rectangles (Fig. 3.10).

Fig. 3.9. Four types of area feature in this project (1) Green spaces, (2) normal buildings, (3) water body, and (4)
landmark buildings (based on data from T-kartor).
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Fig. 3.10. An original area feature label (left) and a simplified area feature label (right) (based on data from T-kartor).

3.4.1.2 Rasterization

The simplified map needs to be rasterized and exported as images with certain image resolution (256
x 256 pixels) for the subsequent Al process. This operation leads to the problem that lower image
resolution leads to blurry images. Clipping the map into a series of tiles and exporting them as

separate images are the solutions to deal with this problem.

The rasterization python code excerpt is shown in Appendix B. The output image has an image
resolution of 256 x 256, and one pixel represents one meter. This image resolution is decided after
several preliminary experiments. These experiments test the balance between the amount of content
in the image and the number of images. There is too much information in an image if it covers a large
part of the map, and an image covering a small part of the map might lack enough information for
GoogLeNet training. Therefore, the map from Cederholm (2020) is clipped into 35 images out of the
concerns from the above perspectives. The traceback function is achieved by naming images with

their row number and column number. An example of a rasterized image is shown in Fig 3.11.
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Fig. 3.11. A rasterized map sample with 256 x 256 pixels (based on data from T-kartor).

3.4.2 Quality level schema

A text placement quality measurement schema is designed to quantify text placement quality for each
text on the map. The output gives a decision about the performance of all labels in the map. It reflects
if the labels are placed in a good or bad position. Input to this function is the clipped images after
simplification, and the output is the scores of text placement quality for input images. The quality

function is given below (Eg. 3.1).

Placement Quality Level = {nierz(Legibility, Disturbance, Association) (3.1)

L, refers to the ny label in a label set L. For each label L,, € L, the placement quality level function
measures text placement from three aspects. Legibility describes whether a text can be easily and
clearly identified in the map. Disturbance refers to whether a text is obscuring other map features.
Association measures how well a label indicates its referent. There are three quality levels: 1 (Bad),
2 (Moderate) and 3 (Good). For each label in an input image, the quality is given from
abovementioned aspects. The lowest score is assigned to the corresponding label, and the lowest
score among all labels is assigned to the corresponding image. However, this method has no way to
trace back to the label with the lowest quality. One solution is to decrease the number of map objects
in clipped images. Besides, point features represented by icons are considered as the base map as
discussed in section 3.5.1.1, which omits the measurement of their labels. They are pre-placed on the

map and act as an obstacle to other labels. The schema is presented below.
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Legibility

Line Features: <

—3 — Labels have no conflicts with any labels and locate at the intended place (Fig.

3.12a).
2 — No measurement of moderate quality for line features.

1— Labels have conflicts with other labels, point feature’s icon or other line features

L (Fig. 3.12b).

(b)

Fig. 3.12. Examples of legibility measurement of line feature: (a) Level 3: The middle road label locates at the intended
position; (b) Level 1: Road label has a conflict with area feature’s label (based on data from T-kartor).

Area Features:

A

- 3 — Labels have no conflicts with any labels and locate at the intended place (Fig.

3.13a).

2 — Labels have small proportion overlap with other landmark buildings (Fig.

3.13b).

1 — Labels have conflicts with other labels or point feature’s icon. The percentage

of a label that covers other landmark building features is greater than the percentage

~ that covers its referent (Fig. 3.13c).
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Fig. 3.13. Examples of legibility measurement of area feature: (a) Level 3: Landmark building’s label locates at the
intended position; (b) Level 2: The bottom label has small proportion overlap with the big landmark building; (c) Level
1: The upper label has large proportion overlap with other landmark building (based on data from T-kartor).

Disturbance

There is no measurement for line features from disturbance aspect. In a city map, the symbology of
road features generally has enough width to accommodate their labels, and therefore it is easy to

identify road features even if they have conflicts with other labels or icons.
- 3— Area features are not covered by other labels or icons (Fig. 3.14a).

Area Features: | 2 — Area features are covered small proportion by labels or icons other than their

7 corresponding labels (Fig. 3.14b).

1 — Area features are covered large proportion by labels or icons other than their

~ corresponding labels (Fig. 3.14c).

E(a) a(b) '(c)

Fig. 3.14. Examples of disturbance measurement of area feature: (a) Level 3: Only landmark building’s label covers the
area feature itself; (b) Level 2: The lower label covers the left landmark building; (c) Level 1: The right landmark
building’s label covers the left small landmark building with a large proportion (based on data from T-kartor).

Association
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3 — Labels are located within the intended space (Fig. 3.15a).
Line Features:q 2 — Labels are partly out of the intended position (Fig. 3.15b).

1 — Labels are fully out of the intended position (Fig. 3.15c).

'(a) '(b) .(c)

Fig. 3.15. Examples of association measurement of line feature: (a) Level 3: The middle road label locates within the
intended position; (b) Level 2: The middle road label is partly out of the intended position; (c) Level 1: The middle
road label locates at the wrong position (based on data from T-kartor).

3 — Area features are only covered by their labels (Fig. 3.16a).
Area Features:4 2 — Area features are covered more by their labels than other labels (Fig. 3.16b).

1 — Area features are covered more by other labels than their labels or labels do not

exist (Fig. 3.16c¢).

E -
(a) (b) (c)

Fig. 3.16. Examples of association measurement of area feature: (a) Level 3: Landmark building is only covered by its
label; (b) Level 2: The left landmark building is covered by the right landmark building’s label with small proportion;
(c) Level 1: The middle landmark building lacks label (based on data from T-kartor).

3.4.3 Dataset preparation
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There are three datasets used for training and validating the GoogLeNet model, namely, training
dataset, validation dataset and test dataset. The test dataset is acquired from the labelled map of
Cederholm (2020) after simplification and rasterization as presented above. The other datasets are
prepared by programming in QGIS (Appendix C) and proportionally split into the training dataset

and validation dataset.

The following steps create training dataset and validation dataset. Firstly, generate multiple
random points across the map’s full extent on the base map, which contains all essential objects and
information (e.g., icons and features). Secondly, simplify and place road labels with different
placement choices (e.g., curve or straight label). Thirdly, several area features are randomly placed
at one of the pre-generated random points’ positions, respectively. This operation repeats numerous
times, and images are saved at each iteration. The centroid of an area feature is used as the centre of
an image, and the image is clipped and saved with 256 x 256 image resolution. Finally, all images

are manually selected and classified into different quality levels.

In the end, 800 images of each quality level are selected, that means in total 2400 images were
used. These images are randomly split into the training dataset and validation dataset, and they
include 500 images and 300 images, respectively. For testing the GoogLeNet model, 35 images
generated from Cederholm (2020) are chosen. Some examples of training dataset and test dataset are
presented in Fig 3.17. There are some clipped labels in the image (Fig 3.17 ¢, d), which are caused
by the automatic dataset generation process. These clipped labels are still treated as normal labels for

quality evaluation.
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(d)

Fig. 3.17. Examples of the prepared dataset. Training dataset and validation dataset: (a) Level 3 - Good; (b) Level 1 —
Bad. Test dataset: (c) Level 2 - Moderate; (d) Level 1 — Bad (based on data from T-Kkartor).

3.4.4 GooglLeNet construction

GoogLeNet V1 is adopted between V1 and V3 in this study. On the one hand, GoogLeNet V1
is the most classic version for introducing a novel structure; on the other hand, some technical
problems lead to a failure of GoogLeNet V3 implementation. Original GoogLeNet V1 codes are
cloned from GitHub (https://github.com/PanJinquan/tensorflow_models_learning), while several
training parameters are adjusted to suit this project. Parameter settings for the experiment are
presented in Table 3.1, and these parameters are explained in section 2.5.1. For loss function and
optimizer, cross-entropy and gradient descent optimizer (GD) are the most common algorithms for a
multi-classification problem. Learning rate was set according to best performance in preliminary

experiments. Batch size and maximum iterations are set according to hardware capacity limitations.
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Table. 3.1. Parameter settings of GooglLeNet V1 for training.

Parameter Value
Loss function Cross-entropy
Optimizer Gradient descent optimizer
Learning rate 0.001
Batch size 8
Maximum iterations 800

Lastly, hardware capacity also has a strong influence on the training process. This experiment
runs on an XPS 15 laptop with 64-bit Windows 10 operating system. Its hardware capacity includes
Intel® Core™ i7-6700HQ central processing unit (CPU), NVIDIA GTX960M graphics processing

unit (GPU) with 2G memory and 2133MHz dual-core processer.
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4 Results

The results indicate that the current GoogLeNet model cannot tackle map evaluation tasks with good
performance. Changes in training accuracy and validation accuracy in the training process are drawn
in Fig. 4.1. On the one hand, it can be seen that training accuracy has a significant fluctuation within
800 iterations. Training accuracy sharply declines to 0.15 over 100 iterations, which followed by a
drastic increase to 0.5 after 400 iterations. Being stable for a short while, training accuracy has a
slight descent to 0.31 and rebound to 0.5 at 800 iterations. Training accuracy fitting line indicates
training accuracy’s uptrend during iterations. On the other hand, validation accuracy does not have a
large difference during the process and slightly fluctuates around 0.33. There is no evidence of how

accuracy will change. Besides, the loss function remains at a huge number during the whole process.
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Fig. 4.1. Training accuracy and validation accuracy changes of GoogLeNet in the training process.

The performance of GoogLeNet model is evaluated by the test dataset. The evaluation result is
shown in Table 4.1. It can be found that a total of 35 images are entered into the model. The manual
classification of them before input identifies 28 images with bad quality, two images with moderate
quality and five images with good quality. These images are all classified as bad quality by
GoogLeNet model. However, the number of bad quality images in the test dataset is much larger than

others, and this imbalance could affect the evaluation result.
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Table. 4.1. The evaluation result of the test dataset. A comparison between manual quality level evaluation and
GoogLeNet quality level evaluation.

GoogLeNet Evaluation Quality Level

Manual Evaluation Quality Level Bad Moderate Good Total
Bad 28 0 0 28
Moderate 0 0 2
Good 5 0 0 5
Total 35 0 0 35

To avoid sample bias in the test dataset, another assessment of the GoogLeNet model
performance is conducted. A new dataset (TEST2) is generated with 25 images in moderate quality
and 15 images in good quality by manual quality level evaluation. The results are shown in Table 4.2

that all images are classified as bad quality.

Table. 4.2. The evaluation result of TEST2. A comparison between manual quality level evaluation and GoogLeNet
quality level evaluation.

GoogLeNet Evaluation Quality Level

Manual Evaluation Quality Level Bad Moderate Good Total
Bad 0 0 0 0
Moderate 25 0 0 25
Good 15 0 0 15
Total 40 0 0 40
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5 Discussion

5.1 GooglLeNet performance

The results of this study imply the bad performance of the GoogLeNet model, which not only because
of continuously large loss function values but also all test images are classified as bad quality. These
results reveal that the current GoogLeNet model cannot tackle the text placement evaluation task,

where it just classifies all inputs as bad quality in the results so far.

On the other hand, training accuracy, validation accuracy and classification accuracy are lower
than expected. Validation accuracy and classification accuracy are close to 1/3, which implies that
the classification result is randomly generated from three choices. There is a huge difference between
the achieved accuracy in other successful studies and this study. As presented in section 2.5.2, the
lowest accuracy among all those applications is larger than 0.7, and most of their mean accuracies

vary between 0.9 and 1.0.

However, the current failure does not imply that GoogLeNet is not applicable to text placement
evaluation. Although the training accuracy is not greater than 0.5 with 800 iterations, its fitting line
has a significant upward trend which suggests a potential increase in accuracy if there are more
iterations than the current. GoogLeNet learns and discards knowledge from the datasets during the
training process where could be seen from the wave of training accuracy. Along with iterations, more
knowledge is acquired than that of discarded, which explains the upward trend of training accuracy.

This uptrend could be achieved by improving and perfecting the model settings as well as the datasets.
5.2 Encountered issues

During the training process, there is a large number of issues affecting the GoogLeNet model from
many perspectives. These encountered issues could be solved to reduce or improve the model in

different scenarios, which could contribute to further studies.
5.2.1 Capacity issue

One of the fundamental and unchangeable factors that affect the model training process in this project

is the hardware capacity issue. This issue restricts maximum iteration and batch size. In this study,
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we only conduct 800 iterations training with a batch size of 8. Maximum iteration cannot exceed 800
times after many tests. This result is a consequence of insufficient graphics memory. If there could
be more iterations in training, the training accuracy is believed to increase and converge to a
satisfactory value. For example, Singla et al. (2016) trained model to achieve food classification and
categorization by 10,000 and 40,000 iterations, respectively. Their accuracy has a general trend that
increases along with the iterations and converges to a certain high accuracy value in the end. Besides,
the batch size is also restricted by the memory since a larger number of processed images at one
iteration needs larger memory. The GPU used, GTX960M with 2GB memory, cannot accommodate

batch size over 8.

Introducing multiple high-end GPUs with large memory is a direct and straightforward solution
of the capacity issue. GoogLeNet conducts image recognition tasks and thus has high graphics
processing requirements. Common GPUs are not qualified, but only those GPUs that support
NVIDIA CUDA toolkit are qualified. NVIDIA CUDA is a toolkit that provides the environment to
accelerating GPU for a high-performance application. It is an exclusive computing platform of

NVIDIA which means only NVIDIA GPUs are CUDA-enabled.
5.2.2 Dataset issues

The training dataset is the sole learning source for GoogLeNet model; therefore, dataset related issues
have a much stronger influence on model performance than capacity issues. Data size, data quality

and data content are discussed in this section.

First of all, the size of the dataset matters. When facing a complex problem, a small dataset may
result in unfitting or overfitting. Overlearning image features that caused by high feature similarity
in images in the dataset could lead to overfitting. On the contrary, small feature similarity could
contribute to unfitting due to the inability to understand features. In addition, dataset needs to be not
only quantitatively rich but also dimensionally rich. There are no specific requirements on the size
of the dataset, while the model’s good quality is proved by having as many high-quality datasets as
possible. Facebook created a face-recognition system; for example, using more than four million
portrait images (Hurwitz et al., 2015). GoogLeNet participated in ILSVRC14 using 1.2 million

images for training (Szegedy et al., 2015). However, such a large amount of work is impossible to
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achieve with manual quality level classification since the number of images classified is much larger
than the number of images used to ensure the balance between and within text placement quality

levels.

Our project is different from the above examples because of the characteristics of map data.
Firstly, the size of map datasets is limited. The number of publicly available map images is much
smaller than that of traditional objects (e.g., face images and animals). Secondly, different types of
maps (e.g., topographic maps, thematic maps, and city maps) have different cartographic rules and
designs, which reduces the commonality of data. Finally, it is hard to manipulate data in a certain
format. Vector data are easily operated simplification or rasterization. For raster data, it is a big

challenge to change its content or design.

Dataset quality issues are also a concern. The quality of a dataset determines the quality of the
model. It is not possible to construct a high-quality model from low-quality learning materials. For

example, unclear differences between two quality level may confuse the GoogLeNet model.

Image content is highly related to data quality. The content of each image in this project is
controlled within a 256 x 256-meter range at 1:2250 scale. A large value of loss function implies that
each image in the dataset contains too much information which makes it difficult to identify features.
This issue increases the difficulty of model training and weakens the quality when using small dataset.
However, this problem cannot be simply solved by narrowing the range in images. Reducing the
range of a single image increases the number of images a map can segment. Therefore, it is worth
considering how to choose a delicate balance between image size and the total amount. Besides,
discrete characteristics of map images also increase the amount of information for a model to learn.
GoogLeNet can only identify learned features but can do nothing about the unknown features. For
example, when different street blocks that are separated by the road network change in shape or size,
they are unknown features to GoogLeNet (Fig. 5.1). Thirdly, the essence of the proposed quality
measurement schema is that one bad label results in one image with bad quality. This fact could make
the training process complicated. A slight difference in one label among multiple labels in a single

image can lead to entirely different quality levels. This phenomenon hides the explicit features in the
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image and makes it hard for GoogLeNet to understand. Besides, the quality measurement schema is

qualitative rather than quantitative.

Consequently, subjective preferences have an impact on the results in manual classification.
Some oversight in this process is bound to affect the model performance. Therefore, reducing the

amount of information in the image is worthy of consideration to solve the abovementioned issues.

Fig. 5.1. A comparison of different street blocks features. It could be found that different road features create different
street block features.

In addition, the data resolution (256 x 256 pixels) is compressed to 224 x 224 pixels at the initial
step in GoogLeNet for the subsequent processes. Whether this compress influences the training is
unknown since the Szegedy et al. (2015) also trained model with substantial images with diverse

resolutions. The discrete essence of a map image, however, might be affected.

There are some solutions to dataset issues. As for data quality issues, it is necessary to automate
the dataset classification process. Automating this process can not only avoid the mistakes in manual
classification but also can quantify the quality measurement schema to ensure data quality. The data
resolution should also be the same as model input resolution to avoid problems. Concerning data
amount issues, several general approaches are taken into consideration. One method is data
augmentation which can enhance the dataset from amount perspective and dimension perspective.
Operations such as mirroring, rotation, scaling, and flipping are widely adopted. The other way is

reducing the amount of content in each image.

5.2.3 Model issues
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GoogLeNet has substantial parameters for training network, and parameter settings changes have
strong influences on the model itself. Some parameters are especially important in the training

process and need to be discussed.

The first influential parameter is the learning rate. Fig 5.2 shows the relationship between loss
function and learning rate under different scenarios. L(6) is a simple example of the loss function of
parameter 6 (Jordan, 2018). The value of L(6) indicates the amount of error in the model; therefore,
the smallest value is, the better the model’s performance is. If the learning rate is set too low, the
training will progress slowly because of slight adjustment of network weight parameters (Fig. 5.2).
The loss function may decrease but at a very slow pace. However, if the learning rate is set too high,
it may lead to undesirable consequences in the loss function. Loss function may fluctuate greatly or
even diverge near the lowest point (Jordan, 2018). Therefore, the optimal learning rate can achieve
the fastest loss function decline. The optimal learning rate depends on the specific model structure
and dataset. In this project, 0.001 is found to be an appropriate learning rate after several attempts
with 0.1, 0.01, and 0.0001. High learning rates 0.1 and 0.01 result in terrible learning performance
because the model cannot give an accuracy for its classification result, and small learning rate 0.0001

leads to incomplete learning.

L(6) L(B) L(6)

Low learning rate Optimal learning rate High learning rate

Fig. 5.2. Different learning rate choices and corresponding consequences in GoogLeNet training process (Modified
from Jordan (2018)). L(0) is a loss function to 6, and the minimum value of L(6) is the optimal value; the green dot

is the current loss function value; red arrows refer to the improvement during iterations.

When the constant learning rate provides a moderate result, the model performance can be
improved by adjusting to the optimal learning rate. The widely accepted method to search the best

value is learning rate annealing, which gradually decreases the learning rate from a high value to a
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low value during training (Jordan, 2018). The most common implementation of this approach is step
decay. The learning rate drops by a fixed percentage after a specific iteration of training. Besides, the

periodic learning rate table proposed by Smith can also complete the same task (Smith, 2017).

The second topic is the optimizer algorithm. GD updates and adjusts model parameters to
minimize loss function by decreasing the model parameters along the direction of the gradient.
However, this algorithm has two disadvantages, namely, slow training speed and locally optimal
solution. On the one hand, each training iteration requires a new calculation to adjust the direction of
the next iteration. Model parameters are updated after each input, and all inputs are traversed at each
iteration. It delays the training process and takes a long time to convergence, especially for large
dataset. On the other hand, it is easy to trap into locally optimal solution since the search of the
gradient within a limited scope obscures the global vision. When it found a locally optimal solution,
the search stops because of the 0 gradients at the saddle point. Therefore, the model parameters are

no longer updated.

More advanced optimizer algorithms could be candidates for better performance. For example,
momentum optimizer is an advance based on GD optimizer, and its improvement is the ability to
accelerate the gradient descent. The main idea is to introduce a momentum to accumulate historical
gradient information to accelerate gradient descent (Duda, 2019). Adaptive learning rate optimizer
algorithms are also popular, for example, AdaGrad algorithm. It independently adapts to the learning
rate of all model parameters and scales each parameter inversely to the square root of the sum of the
historical averages of all its gradients (Goodfellow, Bengio, & Courville, 2016). The parameters with
the large gradient of the loss function have a large learning rate for a fast descent, while the

parameters with small gradient have a small learning rate.

However, there is no consensus on which optimizer is best. Wierstra et al. (2014) showed a
comparison of many optimizer algorithms given a large number of learning tasks. The results do not
significantly support any optimizer. The choice of optimizer should be tested and considered with

specific problems.

5.3 Limitations and perspective
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Some limitations are impeding the study, and further works are expected for improvement. Firstly,
the number of model training iteration is not enough. Due to hardware capacity limitations, we only
perform 800 times of training. However, it is common to train such CNN over 10,000 times. The
accuracy and loss will change and finally converge during iterations. More iterations are expected
for GoogLeNet's better performance. Secondly, model training is a time-consuming process. For
example, GoogLeNet was trained with multiple high-end GPUs within one week (Szegedy et al.,
2015). For poor hardware capacity, the time will be longer. Since more iterations than this study are
required for GoogLeNet, a high-performance machine is necessary for further studies. Thirdly,
manually preparing training dataset is a cumbersome work. The workload of the current preparation
method is similar to that of manual text placement. Automating the dataset classification process
must be implemented for further studies, which could thus improve the dataset quality and amount.
Fourthly, too much content in the image limits the model training performance. In a single image,
there are multiple labels in an image and one bad label results in a bad image. One bad label among
multiple labels in an image leads to the image will be classified as bad quality, even though the others
are of good quality. This fact increases the difficulty for GoogLeNet to identify features in the image.
Diminishing the number of labels in an image could make the features explicit and easy for
GoogLeNet to learn. Fifthly, the multi-classification task influences the performance. Classifying
images into multiple classes is harder than into binary classes for GoogLeNet. Singla et al. (2016)
successfully classified food and non-food objects with 90% accuracy, while only achieved food
categorization with 70% accuracy. Such a result also evidences changing the quality measurement
schema to two levels (i.e., good and bad) might reduce the difficulty and increase the accuracy for

GoogLeNet.
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6 Conclusion

This master thesis proposes, implements, and assesses an Al method for text placement
evaluation which is, to the author's knowledge, novel use of Al in cartography. Simplified and
rasterized maps based on formulated cartographic rules are used to train a GoogLeNet model. This
model is tested by some test images from Cederholm (2020). The results suggest that the current
GoogLeNet model is not qualified for our aim. Training accuracy, validation accuracy and the value
of loss function are far from satisfactory. All test images are classified into bad quality, which is

proved to be an unsuccessful classification.

However, the unsuccess in GoogLeNet is highly limited by some solvable factors. Firstly,
hardware capacity imposes restrictions on training process which weakens the performance,
including maximum iterations, training speed and batch size. Secondly, dataset quality and size limits

the training process of the model. Thirdly, model parameters have strong impacts on the model.

Although the experiment in this master thesis does not achieve success, this method still worth
further exploration and could be improved by solving the abovementioned issues. High-performance
hardware is expected for improvement, and automated implementation of dataset classification is
required for better quality and larger data amount. Diminishing the number of labels in an image and
quality levels of labels for better learning performance are also taken into consideration. Besides,
more tests on parameter settings should be considered to achieve better performance, given the

specific purpose and datasets.
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Appendix B

resolution

row = ceil{(xmax — xmin)/ resolution)
column = ceil((ymax - ymin) /resolution)
def raste resolution, ri olumn) :

8]

color = QColer

i range(1, (row:1)+(column+1)):
img.append(QImage(QSize(resolution, resolution), QImage.Format_ARGBE32_Premultiplied))

i range(1, (row:1}+(column+1)):
img [i-1].Till(color.rgbal)}

ms gsMapSettings()
ms. setBack ndColor{coler)

ms.setlayers([taxi, carPark, policeSt, post, ticket, info, roads, buildings, pavement])

newpath i ilai/Desktop/QGIS_test/' 'Rasterization Output’
os.path ts(newpath):
os.makedirs(newpath)

column+1):

ms.setOutputSize (img [0

p = QPainter()
p.begin{img[(n-1}+int{row)+m])
p.setRenderHint (QPainter.Antialiasing)

render = QgsMapRendererCustomPainterJob{ms, p)
render.start()

render.waitForFinis

p.end()

img[{n-1)+int(row)+m]l.save(str(newpath) + '/R' + str(m) + 'C' + strin) +'.png")

Fig. B. Codes for rasterization process: the map is rasterized as images with 256 x 256 image
resolution and 1 pixel refers to 1 meter.
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Appendix C

num range ( len(RandomPoint)):
RP = RandomPoint.getFeature(num)
AP = AreaPoly.getFeature(0)

AP_mulpoly = AP.geometry().asMultiPolygon()
RP_centroid = RP.geometry().asPoint()
AP_centroid = AP.geometry().centroid().asPoint()
pol_t = AP_mulpoly

n = len(AP_mulpoly[@] [0])

px = RP_centroid.x() - AP_centroid.x()
py = RP_centroid.y() - AP_centroid.y()

i range(n):
pol_t[@][0][il.setX(AP_mulpoly[@][@][il.x() + px)
pol_t[@][0] [i].setY(AP_mulpoly[@][@] [i]l.y() + py)

crs = RandomPoint.crs()

epsg = crs.postgisSrid()

uri = "MultiPolygon?crs=epsg:" + str(epsg) + "&field=id:integer&field=name""&index=yes"
mem_layer = QgsVectorLayer(uri, "buildingl_displaced", "memory")
project.addMapLayer(mem_layer)

mem_layer.startEditing()

feat = QgsFeature()
feat.setGeometry(QgsGeometry. fromMultiPolygonXY(pol_t))

feat.setAttributes([1, 'Rathbone Hotel'l)
mem_layer.addFeature(feat)

mem_layer.commitChanges ()

Fig. C. Codes excerpt for training and validation dataset preparation: randomly placed an area
feature across the map extent and extract images with 256 x 256 image resolution (1 pixel refers to
1 meter).
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