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abstract

Maps have always been considered as a combination of science and art. Following a set
of stylistic design criteria that integrates human creativity, perception, and experience,
cartographers are able to produce unique map aesthetics that deliver geospatial information.
Recently, the advancement of the Arti cial Intelligence (Al) technologies makes the line
between human and machine increasingly blurred. Machines are able to “see”, “listen” to
the world, understand human feelings, and even produce “true” artworks such as visual
arts and stylistic design, which bring new opportunities for cartography.

In this thesis, | propose a systematic framework that integrates Al in cartography and
illustrate two speci c cartographic topics: map style transfer and map generalization. |
rst illustrate the work ow for producing large-scaled tiled maps from GIS vector data
with open source software. Then, by training convolutional neural networks such as
generative adversarial network (GAN) models and deep neural network (e.g., U-Net),
the cartographic knowledge, namely stylistic elements and generalization rules can be
learned from existing maps and transferred to target maps across multiple map scales.
The architecture and design of deep learning approaches, and how and what cartographic
knowledge is encoded into the model, are illustrated in detail. Additionally, | used two
approached to evaluate the experiment results and judge if deep learning approaches
perform well, namely machine-based metric and human-centered evaluation to assess
the outputs comprehensively. These two approaches can measure the performances of
machine learning-based methods from di erent aspects. Though many challenges remain
requiring future research, the thesis show great potential of using deep learning methods
for solving cartographic tasks. Integrating Al in artistic part of maps may even provide a

potential new paradigm for the next decades of cartography which worth exploring.



1 introduction

Maps have always been considered as a combination of science and art (MacEachren and
Kraak, 1997). On the scienti ¢ side, maps accurately express the spatial relationships such
as positions, directions, adjacency, distances among real-world geographic objects. Points
of interest (POISs), roads, rivers, buildings, etc., are abstracted as points, polylines, and
polygons, or represented as raster-based values to deliver geographic information. On
the artistic side, maps evoke a visceral and emotional reaction of the audience through
well-designed artistic features of the map, such as aesthetic map styles and cartographic
generalizations. Maps have gone beyond a simple graphic description of spatial information
by incorporating cartographers' personal experiences and creativity, but also unique artistic
work.

For a long time, GlScientists and cartographers have made e orts in the scienti ¢ and
technical part of maps, and have already achieved great success in the last few decades
(MacEachren, 2001; Goodchild, 2010; Crampton, 2011). For example, various digital map-
ping software such as ArcGIS?! has been developed as an assistant for making maps; web
map engines (e.g., Google Earth?, Mapbox?) are created so that audience can visit any
location in the world through online maps. All of these have accelerated the progress of
transformation from manual map making to automated electronic map production. Once
the geographic data is collected, geographic objects with accurate coordinates are updated
and shown on the web maps automatically.

In parallel, our humans still play unique and irreplaceable roles for the artistic part of
maps, in comparison to the dominance of machine in the scienti ¢ part of maps. Researchers
have made progress in encoding human experiences as cartographic criteria and principles,
for instance, designing map style sheets and publishing color schemes (Harrower and

Brewer, 2003), and developing automated map generalization software (Harrower and

https://www.arcgis.com/
2https://www.google.com/earth/
Shttps://www.mapbox.com



Bloch, 2006). However, the artistic part of the maps is long believed to condense the
cartographers' creativity, innovation, perception and experience, in which machines can
only serve as “tools” for cartographers to use and cannot create “true” artistic work.

The recent development of the arti cial intelligence (Al) technologies brings new
possibilities as they make the line between human and machine increasingly blurring. With
the progress of deep learning methods such as deep neural networks, machines are able to
“see” and “listen” to the world like our human beings such as identify and locate objects
from images and translate voices to texts (Chen and Lin, 2014; Voulodimos et al., 2018;
Young et al., 2018), understand human subjective perceptions and feelings (Zhang et al.,
2018a), and even produce “true” artworks such as visual arts and stylistic design (Gatys
et al., 2016). Di erent from the traditional machine learning method that typically relies
on a set of pre-de ned features, deep learning models are “black-box” approaches that
capture underlying semantics of inputs. The subjective human perceptions and artistic
works can be represented as a group of high-dimensional features (e.g., visual features) and
thereby can be learned, understood, and transferred by machines. Under such conditions, |
would like to ask if it is possible to introduce the advanced deep learning methods into the
understanding of artistic part of maps. In other words, if Al can help automate some of the
aesthetic map-making steps and provide potential solutions for traditional cartographic
tasks.

The thesis aims at integrating deep learning methods in solving classic map-making
tasks to assist cartographers. | propose a systematic framework that combines deep learning
and cartography to perform cartographic tasks. In particular, map style transfer, and map
generalization, are used as case studies. It is worth noting that this thesis is devoted to the
exploration of integrating deep learning methods in cartographic tasks, especially focus on
the artistic part of maps. Considering that the current stage of development of Al is called
“Weak Al”, it is hard for Al to replace cartographers of any part of map-making steps in

the foreseeable future. However, such an exploration is indeed valuable as cartographers



may utilize Al for automating part of their work such as providing a range of alternative

design choices rather than a single solution.

1.1 Research Questions

An initial question one could ask is: how to integrate advanced arti cial intelligence methods
with cartographic knowledge encoded as potential solutions of a given cartographiS@as$af?
the two elds, deep learning and cartography, follow di erent paradigms, and there is

no standard framework to combine these two together. From my perspective, a general
work ow should include the conversion and processing of cartographic data so that they
can be fed into deep learning models and deliver necessary geographic information. Deep
learning methods, the key part of the framework, should be easily edited and deployed
to meet requirements of various cartographic tasks. Additionally, it is necessary to assess
the model performance so that deep learning models can be improved and optimized,
and even make comparison with artwork created by cartographers. Therefore, a research
framework is rst proposed for map data collection and handling, deep learning model
training and testing, and results and performance evaluation. Such a framework can be
used as a common procedure for various cartographic tasks. Also, it is compatible with
various methods that can be used in cartography due to the repid developments in Al.

In this thesis, the following two research questions (RQ) RQ1 and RQ2 are asked for two
speci ¢ cartographic tasks following the framework proposed, namely map style transfer
and map generalization. The rst cartographic task is map style transfer. A map style
refers to the set of coherent and distinct cartographic design characteristics that enable
the audience to obtain various visual impressions and emotional reactions. Even if the
same information or region is deciphered by two maps, they may have a di erent look
and feel for audience as cartographers may assign multiple di erent symbol stylings.

Traditionally, cartographers design di erent style sheets to manipulate the visual variables



such as shape, size, color hues, transparency, based on human perception and their map-
making experiences. However, assigning such symbol styling is often time consuming and
complicated especially for vector tilesets spanning multiple scales and covering the entire
globe. Multiple dimensions of visual variables should be taken into account and might be
adjusted across places with di erent data sources and geographic attributes. However, all
these steps rely on expert experiences heavily. Also, detailed multiscale map style rules are
often unavailable to the public which hinders the map style transfer as well.

Considering all these above, the RQ1 is formulated as follows:

RQ1: Which visual variables are relatively easier to transfer and which zoom scales are relatively
easier to transfer using deep learning?

The other cartographic task is map generalization. Map generalization refers to the
process of simplifying detailed maps to smaller scale maps with the major semantic and
structural characteristics maintained, which plays a key role in multiscale cartographic
representation. For decades, maps are manually generalized relying on experts knowledge
that are time-consuming and lacks of standard criteria. Cartographers have designed
various approaches for automation of map generalization based on a set of pre-de ned
rules, which can be summarized as “rule-based map generalization” (Yan et al., 2020).
However, it is complicated to de ne such rules which are heavily relying on cartographers'
experiences. Also, objective map generalization rules may not represent the subjective
multiscale spatial representation of geographic objects well. In comparison, deep learning
methods might be able to learn the cartographic generalization patterns from existing maps
directly and then apply to raw map data. This leads to a second pressing research question
of the thesis:

RQ2: What generalization operations can be learned and what cartographic knowledge can be
encoded using deep learning?

In summary, | propose a systematic research framework that integrates Al in cartography

at rst. Then, | propose two RQs for map style transfer and map generalization, respectively.



Such two RQs set the main scope and “boundary” of research in this work following the
research framework. | will demonstrate detailed exploration of map style transfer and map

generalization tasks in Chapter 4 and Chapter 5.

1.2 Contribution

The thesis is among the pioneers in incorporating Al in cartography. The contribution of
the thesis is threefold.

First, | propose a novel framework that integrates advanced Al techniques into solving
cartographic tasks. Detailed steps of data collection and processing, model deployment, and
results evaluation are illustrated. The feasibility and generalizability of such a framework is
proved by two speci ¢ cartographic topics in this thesis, namely map style transfer and map
generalization. Open-source software are widely used throughout the framework so that
users can easily employ and reproduce the framework. Evaluation metrics are designed to
judge whether the outputs still maintain map characteristics. Two approaches are designed
in this thesis, namely machine-based and human-centered approaches. Please note that
such a conceptual framework is di erent from other general machine learning frameworks
as it only focus on cartography and encode cartographic knowledge into the model. Itis
not limited to the two topics (map style transfer and map generalization) in this work but
also applicable for other cartographic tasks.

Second, the thesis illustrates how to encode cartographic knowledge into the model.
By converting vector data into raster data with colors and image processing techniques,
cartographic knowledge can be encoded and fed into the model for training.

Third, the research illustrates what cartographic patterns can be learned at di erent
scales. For map style transfer, this work illustrates visual variables and map features can be
transferred at di erent zoom levels. For map generalization, this work demonstrates gener-

alization operators such as simpli cation, aggregation, and delineation, and cartographic



knowledge including distance, area, convex hull, etc., can be encoded into the training pro-
cess. All discoveries of this work may bene t not only deep learning-oriented cartography,
but also provide valuable insights for future map-making techniques, human-computer

interaction, etc.

1.3 Thesis Structure

The thesis is structured based on an accumulation of two individual but interrelated articles,
which are Chapter 4 (Kang et al., 2019) and 5 respectively. The remainder of the thesis is
organized as follows.

Chapter 2 presents a review of the background literature on deep learning models and
their applications in maps. Speci cally, the rapid development of deep learning models
and how they are used in understanding human creativity and subjective perceptions are
illustrated. Several pioneer-exploration of integrating deep learning models in cartography
are demonstrated.

In Chapter 3, the conceptual methodology framework is described, including four
steps: data collection, data processing, model training, and evaluation. The following two
chapters follow the framework and focuses on di erent cartographic tasks.

Chapter 4 presents a study that uses generative adversarial networks (GANs) for
multiscale map style transfer. The experiments show how map styles and what visual
variables are learned by GANs and then transferred to unstyled maps. Machine-based
metrics (IsMap classi er and four metrics) are designed to evaluate the transferred style
maps and illustrate the feasibility of models.

Chapter 5 presents a study that uses U-Net with cartographic knowledge encoded for
map generalization, especially for three generalization operators, namely simpli cation,
aggregation, and delineation. The experiments illustrate how to encode cartographic

knowledge into the deep learning models and how deep learning methods assist map



generalization tasks.
Finally, the conclusions of this thesis are summarized in Chapter 6. Also, the challenges
of current framework, potential applications and future directions are discussed in Chapter

6.



2 literature review

This chapter provides a background literature review of readings on the recent development
of Al and cartography that are relevant to this work. Considering that the meaning of Al is
evolving because of the progress in computer software and hardware, in this work, Al refers
to deep learning as it is one of the most recent breakthroughs of Al. | will rst talk about
the rapid development of deep learning in recent years, with a major focus on computer
vision as it is highly related to maps. Then, | will shift to those pioneer-explorations of

collaborating Al in cartography.

2.1 Deep Learning in Computer Vision

The arti cial neural network, inspired by human neural cells, was rst proposed in late
1950s (Rosenblatt, 1958), and then became popular in the following two decades (Werbos,
1990), but was gradually surmounted by other methods such as support vector machines
(SVM) (Suykens and Vandewalle, 1999) and decision trees (Liaw et al., 2002) during 1990s
and 2000s. It once again become a spotlight in 2012 because of the emergence of AlexNet
as it beats other approaches in the ImageNet competition that tests the ability of various
computer vision models in image classi cation (Yan et al., 2015). Since then, deep neural
networks are widely used in various tasks and applications, especially for computer vision
tasks.

On one hand, di erent from the original arti cial neural networks, deep neural networks
by de nition have deeper layers and more complicated structures. For example, AlexNet
has 8 layers (Yan et al., 2015); VGG has more than 15 layers (Simonyan and Zisserman,
2014); GooglLeNet has more than 20 layers (Szegedy et al., 2015); while ResNet (He et al.,
2016) and DenseNet (Huang et al., 2017) can even handle more than 100 layers. The deeper
the layers, the more complicated the model, the higher computation and generalization

abilities, and the more information and features of input data can be captured. On the other



hand, in comparison with traditional computer vision approaches such scale-invariant
feature transform (SIFT) (Lowe, 2004) and speeded up robust features (SURF) (Bay et al.,
2006), deep learning models are able to imply underlying semantics of images. SIFT
and SURF can only extract pre-de ned shallow visual features of images, while high-
dimensional visual features are often overlooked and can be identi ed by deep neural
networks. By capturing high-level visual features, deep neural networks perform well
in a range of tasks, not only limited to traditional objectivecomputer vision tasks such as
image classi cation (Wang et al., 2017), image segmentation (Chen et al., 2017), image
positioning, objection localization, but also including subjectivaasks such as evaluating
images from a human perception (Zhang et al., 2018a) and even creating an artistic work.
Two applications are highly related to this work, namely neural style transfer and image
segmentation. Neural style transfeindicates transferring the appearance or visual style of
one or a group of images to other images (Zhu et al., 2017; Xu et al., 2018). Such applications
are indeed the inspiration source of the map style transfer in Chapter 4. Image segmentation
refers to the process of partitioning an image into multiple objects (Zhang et al., 2018b,a).
In other words, objects can be identi ed and separated accurately, and classi ed based on
their boundaries. It is worth noting that researchers are able to custom the classi cation
schemes to t their own demands. It serves as the technique foundation of Chapter 5.

Figure 2.1 shows two examples of these two applications.
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Figure 2.1: Examples of deep learning models. Top: neural style transfer, where the left
gure is the original image, the middle gure is the image that has the target style, and the
right gure is the output image after style transfer. Bottom: image segmentation, where
the left gure is the input image and the right gure is the resulting image after semantic
segmentation.

2.2 Integrating Arti cial Intelligence in Cartography

Recently, GIScientists and cartographers, along with computer scientists have been investi-
gating various Al and deep learning applications (Hu et al., 2018; Gao et al., 2020). Here,
| would like to review applications of Al speci cally to cartography and related visual
design elds.

Researchers have used deep learning models in identifying, extracting, and even manip-
ulating geographic objects (e.g., mountain summits, terrain features) from maps (Chiang

et al., 2020). For instance, human settlement patterns (Uhl et al., 2019) and realistically
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drawn objects (Schnrer et al., 2020) are identi ed from historical and digital maps using
deep learning methods. Terrain features such as mountain summits are extracted from
digital elevation models (DEM) (Torres et al., 2019) and remote sensing images (Li and
Hsu, 2020). Vector data can be aligned with geographic features automatically in historical
maps manipulated by deep learning methods (Duan et al., 2017, 2020).

Map and scene classi cation, i.e., learning the major semantics information of maps and
scenes, are also widely examined by researchers. For instance, using deep neural networks,
maps have been classi ed based on the geo-intent (e.g., view of countries) represented
(Evans et al., 2017), map themes (Zhou et al., 2018; Yang et al., 2019), and remote sensing
scenes (Zou et al., 2015).

The above two types of applications illustrate the potential of involving deep learning
methods in basic cartographic tasks and serve as technical foundations. The following two
types of applications show relevant literature of this work.

Due to the emergence of generative adversarial networks (GANS), it is now possible
to generate data from an input dataset. Researchers have employed such a novel method
for generating synthetic maps and views that mimic real ones. Real images are fed into
GAN:s to train the model, while the resulting output images look super cially authentic
to observers. For instance, researchers have used GANs to generate maps (Ganguli et al.,
2019), satellite images (Xu and Zhao, 2018), ground-view scenery (Deng et al., 2018b),
and perform spatial interpolations (Zhu et al., 2020). All these studies show the potential
of GANSs in generating synthetic images from existing data. In addition, GANs are used
for lling the missing data. For example, existing studies have used GANSs to generate
photorealistic image llers (Agoub et al., 2019) and provide DEM void lling (Qiu et al.,
2019). These research demonstrate how GANs can be used to Il the missing data. Inspired
by these studies mentioned, GANs are also employed for map style transfer in Chapter 4.

As a traditional cartographic task, map generalization has attracted increasing attention

in the last several decades. Researchers also made exploration of involving deep learning
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methods in such a task. Two groups of deep learning methods are commonly used, graph
convolutional networks (GCN) and deep convolutional neural networks, where the former
one can manipulate vector geographic data and the latter one focus on raster-based map
data. Regards GCNs, they have been used for building generalization (Yan et al., 2019,
2020), and DEM generalization (Chen et al., 2020). In terms of deep convolutional neural
networks, two studies are highly relevant to this thesis. Feng et al. (2019) compared
three convolutional neural networks for building generalization and showed the potential

of deep learning in map generalization. Courtial et al. (2020) employed convolutional
neural networks on the mountain road generalization problem, including smoothing the
road, enlarging the bend summits, and schematising the bend series by removing some of
the bends. Although these two groups of methods illustrate their ability in solving map
generalization, in Chapter 5, only the deep convolutional neural networks are employed
for map generalization. Explorations of deep convolutional neural networks contribute to
the raster-based map generalization.

Although deep learning methods have great achievement, at least two challenges should
be denoted here of existing studies which limited applications in cartography. Current
research focuses more on the usage of deep learning algorithms, while limited cartographic
knowledge are encoded in these approaches. In other words, existing cartographic knowl-
edge and rules (knowledge-driven) are hardly encoded in current data-driven approaches.
The increasing use of "scale-rank™ attributes is one counter example. Also, because deep
learning methods are “black-box” approaches, the interpretability of deep learning meth-
ods weaken its collaboration with applications in other elds, and enhances the di culty

of encoding cartographic knowledge into deep learning.
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3 methods

Given a speci c cartographic task, a common research framework is necessary for map
data collection and handling, deep learning model training and testing, and results and

performance evaluation.

3.1 Methodology Overview

The methodology framework in this research is shown in Figure 3.1. There are four steps
in the framework for integrating advanced arti cial intelligence techniques in solving
cartographic tasks. First, large-scale vector data is downloaded from diverse data sources
such as an authoritative dataset, crowdsourced dataset, commercial companies, etc. Second,
a set of open-source tools are used to create raster-based, multi-scale tiled maps so that
vector data can be converted to raster data and be fed into the machine learning models.
After tiled maps generation, image processing methods are utilized to attach valuable
cartographic knowledge and t with the model input. Diverse deep learning models are
applied for training and learning map element patterns such as deep convolutional neural
networks (DCNNSs), generative adversarial networks (GANSs), and graph convolutional
networks (GCNs). Only the former two approaches are used in this work. In order
to examine whether results of models are robust and solid, two groups of evaluation
approaches, objective machine-based metrics and subjective human-centered evaluation
are used to measure and judge the results.

It is worth noting that the main focus of this framework is on cartography. The major
di erence between this framework and other general frameworks that have been used in
various machine learning tasks is that cartographic knowledge is encoded. All four steps
in the framework have been modi ed to meet the demands of cartographic tasks. Also,

such a framework is highly compatible with various Al techniques as the techniques may
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have rapid development. However, the way of encoding cartographic knowledge with Al

will not change.

Figure 3.1: Framework

3.2 Data Collection

Geographic data is stored as two speci ¢ types of datasets: vector dataset and raster dataset.
Vector data refers to real-world geographic elements that are abstracted and represented as
points, polylines, and polygons. Raster data stores values that are spatially continuous of
each region of a speci ¢ geographic object. Given that cartographers usually use vector data,
while deep neural networks require raster-based datasets (e.g., images) as input (besides
GCNs), datasets used in this research contains both vector data and raster data. They
are obtained from diverse data sources including authoritative data sources, commercial
companies and crowdsourced map services.

Each type of data source has pros and cons. Authoritative geographic datasets released
by governments usually have high data quality that meet cartographers demands, but might
be limited and restricted into speci c types and regions. For example, the TOP10NL dataset
has high data quality but is limited to the Netherlands. In comparison, crowdsourced

datasets collected by open source map services such as OpenStreetMaps (OSM) provide
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abundant freely geographic data while the data quality may vary in di erent regions.
Also, commercial companies such as Google Maps, Bing Maps, and Baidu Maps release
relatively high quality datasets which may cost more and take longer downloading time
than the other two data sources. In this research, di erent types of datasets from these
three data sources are downloaded to t the research needs considering their advantages
and disadvantages. Table 3.1 illustrates data sources as well as their information used in

this research.

Dataset Data source type Datatype Website

TOP10NL Authoritative Vector https://zakelijk.
kadaster.nl/-/top10nl

USGS remote sensing imagery Authoritative Raster https://earthexplorer.
usgs.gov/

Google Maps Commercial Raster https://www.google.com/
maps

MS Building footprint Commercial Vector https://github.

com/microsoft/
USBuildingFootprints

OSM Crowdsourced Vector https://www.geofabrik.
de/data/download.html

Flickr photos Crowdsourced Raster https://www.flickr.com/
services/api/

Table 3.1: Types of datasets used in this research

3.3 Data Processing

Tile Map Generation

Given that deep neural networks require an array (such as one-dimensional list and image
pixels) as input, a set of open-source tools are employed to generate raster-based, multi-scale
tiled maps that comprise square images.

As one of the most popular web mapping technologies for representing multiscale

geographic information, tiled map services use a multi-resolution, hierarchical pyramid
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model (Roth et al., 2014). Such a pyramid model typically contains a series of xed
resolutions to enable users to zoom in and zoom out to a speci ¢ scale, where zoom level
0 refers to the smallest cartographic scale that displays the entire world map, and zoom
level n (usually about 20) denotes the largest map scale which only shows small extent of
regions. For instance, the scale of zoom level 1 is 1:279,541,131 when using the Spherical
Mercator (EPSG:900913) coordinate system for georeferencing the tile map sets, while the
scale of zoom level 20 is about 1:533. Though the spatial resolution gets ner from the
bottom to the top (i.e., from zoom level n to zoom level 0) of the tile pyramid, the image
tile size remains xed as 256 256 pixels. Hence, in comparison with rendering vector map
tiles in the browser dynamically which acquire huge computationally demanding, serving
pre-rendered image tiles is more computation e ciency.

GeoServer and GeoWebCache are utilized for creating and rendering map tiles. Such
two open-sourced software can be freely installed by users. Geographic information stored
as various formats (e.g., shape le, geoti ) can be published as web map services using
GeoServer. It also supports custom symbology styling of geographic objects. GeoWebCache
is then used to create tileset. In this work, the Spherical Mercator (EPSG:900913) coordinate
system is used for georeferencing tiles to ensure they aligned with other web map services
such as Google Maps, OpenStreetMaps. After seeding tilesets, each image rendered can be

accessed according to its coordinate indices.

Image Processing

Images generated by GeoServer and GeoWebCache might not be fed into the deep neural
networks directly because tiled maps are stored as RGB format 256 256 pixels. To t with
the inputs of deep learning models and deliver necessary cartographic knowledge, a range
of image operators are employed to manipulate images The operations include image

binarization, erosion and dilation, distance transformation, nding convex hull, etc., as
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Table 3.2: Operators used in this research.

Operator De nition

Image Binarization Converting a grayscale image to black-and-white.

Distance Transformation Each pixel of the image is labeled with the distance to the nearest obstacle pixel.
Area Calculation Calculate the area of each object in the image.

Image Erosion Erode away the boundaries of regions of foreground pixels.

Image Dilation Enlarge the boundaries of regions of foreground pixels.

Convex Hull A shape is the smallest convex set that contains the object.

illustrated in Table 3.2. OpenCV !is employed which is an open source library contains
various image processing algorithms. More details are illustrated in Chapter 4 and Chapter

5 respectively.

3.4 Model Training

In this thesis, two speci ¢ deep learning methods are used, namely deep convolutional
neural networks (DCNN) and generative adversarial networks (GAN). While other state-
of-the-art deep learning methods such as graph convolutional neural networks (GCN)
can be integrated in this framework, | narrow focus onto raster-based map data and GCN-
related research might be explored in future. Speci cally, in Chapter 4, two types of GANs
are employed for map style transfer, namely Pix2Pix and CycleGAN; While a popular deep
convolutional neural network U-Net is used for map generalization in Chapter 5.

Following the above-mentioned two steps, map data is converted as tiled maps, pro-
cessed to deliver necessary geographic information, and fed into the deep learning models.
All datasets are separated as three sub-datasets, which serve as the training dataset, testing
dataset, and validation dataset. The training dataset is used for training deep learning
models, and the performance of deep learning models can be improved by comparing
with testing dataset. The validation dataset is employed for evaluating the model perfor-
mance after the model training, which is not included in the model training process, and

thereby has no in uence on deep learning models and only used for validation. Since deep

https://opencv.org/
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learning model training is computationally-intensive and acquires GPU-acceleration, all
experiments in Chapter 4 are performed on a Nvidia GPU P100 with 12G memory, and
experiments in Chapter 5 are executed with a Nvidia GPU K80 with 12G memory to meet
the demands.

It is worth noting that the cartographic knowledge is highlighted here. The model
training part goes beyond the simple usage of arti cial intelligence techniques, but also
cartographic knowledge is encoded into the model. The techniques may vary across time
due to the repaid development of Al. But how to encode cartographic knowledge into
the model and the insights about modifying the Al architectures may not change and can

provide guidelines to the following studies in this eld.

3.5 Evaluation

The last part of the framework refers to evaluation metric design of the results. The
output from the deep learning models should be assessed to know whether results meet
cartographers' demands and whether the model deployed achieve expectations. Machine-
based evaluation is de ned to utilize commonly used metrics for deep learning. For
instance, compare the pixels or classi cation labels of output results with the ground-truth
data. Speci cally, in Chapter 4, a deep learning-based image classi er IsMapis designed to
evaluate model performances using four metrics: precision, recall, accuracy, and F1 score.
Another popular metric, dice coe cient, is used in Chapter 5 to assess the models for map
generalization.

Human-centered evaluation is de ned to invite people participation for results evalua-
tion. For example, participants are asked to compare and judge whether the output maps
achieve the expected e ects. In this research, two groups of human-centered approaches
are tested in Chapter 5. Amazon Mechanical Turk is rst used which volunteers without

map knowledge are recruited to evaluate the results as it is easier and faster. Experts
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who have cartographic knowledge are also invited to judge results that may bring higher
con dence of results but are labor-intensive.

Both machine-based evaluation and human-centered evaluation have pros and cons.
Machine-based evaluations are easily trained and de ned for measurement but may not
re ect real-world conditions. In comparison, human-centered evaluations are more reliable

as they indeed re ect people perception. However, they might be time consuming and

labor intensive.
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4 map style transfer

Which visual variables are relatively easier to transfer and which zoom scales are rela-

tively easier to transfer using deep learning?

Inspired by the neural style transfer in computer vision using generative adversarial
networks (GANS), this chapter demonstrates if GANs can be introduced in cartography for
map style transfer. Following the framework proposed in Chapter 3, two GANSs are used to
explore transferring visual variables and map styles from target styled map# simple styled
mapsat multiple scales. Results illustrate great potential of GANs for map style transfer.

This section is edited based on a peer-reviewed publication (Kang et al., 2019).

4.1 Introduction

A map styles an aesthetically cohesive and distinct set of cartographic design characteristics
(Kent and Vujakovic, 2009). The map style sets the aesthetic tone of the map, evoking a
visceral, emotional reaction from the audience based on the interplay of form, color, type,
and texture (Gao et al., 2017; Roth, 2020). Two maps can have a very di erent look and
feel based on their map style, even if depicting the same information or region (Figure 4.1;
see Stoter (2005); Kent and Vujakovic (2009) for comparisons of in-house styles of national
mapping agencies). Arguably, map styling—and the myriad design decisions therein—is a
primary way that the cartographer exercises agency, authorship, and subjectivity during
the mapping process (see Buckley and Jenny (2012) for recent discussions on aesthetics,
style, and taste).

Increasingly, web cartographers need to develop a coherent and distinct map style that
works consistently across multiple map scales to enable interactive panning and zooming

of a “map of everywhere” (Roth et al., 2011). Such multiscale map styling taps into a rich
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body of research on generalization and multiple representation databases in cartography
(see Mackaness et al. (2011) for a compendium developed by the ICA Commission on
Generalization). A large number of generalization taxonomies now exist to inform the
multiscale map design process (e.g., DelLucia and Black (1987); McMaster and Shea (1992);
Regnauld and McMaster (2007); Foerster et al. (2007); Stanislawski et al. (2014); Christophe
et al. (2016); Raposo (2017); Shen et al. (2018)), most of which focus on vector geometry
operations for meaningfully removing detail in geographic information (e.g., simplify,
smooth, aggregate, collapse, merge).

Brewer and Butten eld (2007) argue that adjusting the symbol styling can have as
great an impact in the legibility of multiscale map designs as other selection or geometry
manipulations. Accordingly, Roth et al. (2011) discuss how cartographers can manipulate
the visual variablesor fundamental building blocks of graphic symbols (e.g., shape, size,
orientation, dimensions of color like hue, value, saturation, and transparency), to promote
legibility and maintain a coherent style across map scales. A number of web mapping
services and technologies now exist to develop and render such multiscale map style rules
as interlocking tilesets such asCartoCS$, Mapbox Studid, TileMill 3, or TileCaché&. Beyond
authoritative or classic map styles (see Muehlenhaus (2012) for areview), these tools enable
multiscale web map styling that is exploratory, playful, and even subversive (for instance,
see Christophe and Hoarau (2012) for examples of multiscale map styling using Pop Art
as inspiration). Despite these advances, establishing a map style that works across regions
and scales remains a fundamental challenge for web cartography, given the wide array
of stylistic choices available to the cartographer and the limited guidance for integrating
creative, artistic styles into multiscale maps like Google Mapsand OpenStreetMagfOSM) ©.

Latest Al technology advancements such as deep learning methods have motivated a

Ihttps://carto.com/developers/styling/cartocss/
2https://lwww.mapbox.com/designer-maps/
Shttps:/ftilemill-project.github.io/tilemill/
“http://tilecache.org/
Shttps://www.google.com/maps
Shttps://www.openstreetmap.org
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Figure 4.1. The Google Maps (top) and OpenStreetMap (bottom) styles for Madison,
Wisconsin (USA).

series of applications. Speci cally, generative adversarial networks (GANS), a new class
of Al algorithms has been developed to generate synthetic photographs that mimic real
ones (Goodfellow et al., 2014). By feeding real images into the GANs model, the resulting
output are “fake” photographs that look at least super cially authentic to human observers.

Such a state-of-the-art algorithm has been used for transferring neural styles from existing

photographs to other images (Zhu et al., 2017; Xu et al., 2018), or generating new images

(e.q., faces)(Karras et al., 2019). GIScientists and cartographers have also conducted
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experiments involving GANSs for creating satellite images (Xu and Zhao, 2018), generating
maps (Ganguli et al., 2019; Agoub et al., 2019), spatial interpolation (Zhu et al., 2020), and
DEM void lling (Qiu et al., 2019). All these studies suggest a potential application for
multiscale map styling using GANS.

In this chapter, we explore if GANs can help illuminate, transfer, and ultimately improve
multiscale map styling. In particular, the GANs learn (1) which visual variables encode
(2) which map features and distributions at (3) which zoom levels. Results illustrate how
GANs automate some of the multiscale map style recreation and assist the cartographer in
developing novel representations. In order to evaluate the resulting output of GANs, a
deep convolutional neural network (CNN) classi er is developed to judge whether the
resulting transferred map styling still preserve the input map characteristics. This work
draws from the active symbolism paradigm in cartography and visualization (Armstrong
and Xiao, 2018), in which “the production of maps switches from a sequence of actions
taken by a mapmaker to a process of specifying criteria that are used to create maps using
intelligent agents'. Speci cally, whether Al can learn map design criteria from existing map

examples (or works of art) and then transfer these criteria to new multiscale map designs.

4.2 Methodology for Map Style Transfer

Following the methodology framework proposed in Chapter 3, the overall work ow for

map style transfer includes four stages as shown in Figure 4.2. First, unstyled or “raw” GIS
vector data (here OpenStreetMaggOSM) vector data, which is given an initial simple styling

for the purpose of visual display; details below) as well as example styled data sources
(here Google Mapdiles and painted visual art) are prepared. Second, tiled map sets of
simple styled mapand target styled mapare generated using GeoServer and GeoWebCache.
Then, two generative adversarial network (GAN) methods are employed to learn the

multiscale map styling criteria and generate transfer styled mapsPix2Pix, which uses paired
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Figure 4.2: The speci c work ow for map style transfer following the research framework
proposed in Chapter 3: (1) data collection, (2) data processing, (3) map style transfer
using GANSs, (4) evaluation with IsMap classi er.

training data between the target and example data sources, and CycleGAN which can use
unpaired training data (details below). Finally, a deep convolutional neural netwo@icNN)
classi er (described as IsMap below) is used to judge whether the outputs with transferred

map styling do or do not preserve map characteristics (Evans et al., 2017).

Data Collection and Processing

Two types of map layers are assigned as inputs and are referred assimple styled mapand
target styled mapsespectively. Simple styled mapare generated from OSM vector data, and
target styled mapsefers to the corresponding Google Maps at the same regions. Given
that the data quality of OSM is relatively high in metropolitan areas, two major cities: Los
Angeles and San Francisco are picked as the study area. To simplify the experiment further,
two scales zoom level 15 and 18 are selected to conduct experiments and make comparison.
Because users usually zoom in and zoom out between zoom level 15 and zoom level 18.
When the zoom level is greater than 18, then one tile may only contain part of one building.
While if the zoom level is smaller than 15, then one tile may contain a large area of regions.

Hence zoom level 15 and zoom level 18 are selected as two examples to illustrate di erences
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of map style transfer with deep learning methods. Then, the input map layers are generated
as raster web map tilesets that comprise square images, but contain styling symbols that
represent di erent types of geographic features (e.g., buildings, lakes, roads, and so on)
using GeoServer and GeoWebCache. In total, 87Gimple styled mapsles and 9,156 image
tiles are generated at zoom level 15 and 18 individually as the training datasets of two
GANS.

The transfer styled mapare generated by incorporating the geographic features from
simple styled mapwith the aesthetic styles of the target styled maps After nishing the
training process, additional 217 and 257 simple styled mapare randomly sampled for model
validation. In addition, to train the GoogleNet-based CNN classi er IsMap, 5500 photos
without map content are downloaded from Flickr, and 500 tiled maps from both Google
Maps and OSM styled maps at di erent zoom levels. Then, the IsMapclassi er is trained
using this sample to produce the binary label of True or False. Finally, IsMap achieve very
high classi cation accuracy (greater than 0.99) and is used to judge whether maps preserve

map characteristics.

Generative Adversarial Networks

Next, the GANSs are utilized to generate transfer styled magmages by combining the geo-
graphic features of the simple styled mapand the learned map style from the target styled
maps GANSs have two primary components (Goodfellow et al., 2014). the generator G,
which generates fake outputs that mimic real examples using the upsampling vectors of
random noise, and the discriminator D, which distinguishes the real and fake images
according to the downsampling procedure. Following the format of an adversarial loss,
G iterates through a present number of epochs (an entire dataset is passed forward and
backward in one epoch through the deep learning neural network) and becomes optimized
when the visual features of the reproduced transfer images have a similar distribution with

the ground truth target style and the fake images generated by G cannot be distinguished
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