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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 Artificial Intelligence (AI) 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, I propose a systematic framework that integrates AI in cartography and

illustrate two specific cartographic topics: map style transfer and map generalization. I

first illustrate the workflow 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, I 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 different aspects. Though many challenges remain

requiring future research, the thesis show great potential of using deep learning methods

for solving cartographic tasks. Integrating AI in artistic part of maps may even provide a

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

Maps have always been considered as a combination of science and art (MacEachren and

Kraak, 1997). On the scientific side, maps accurately express the spatial relationships such

as positions, directions, adjacency, distances among real-world geographic objects. Points

of interest (POIs), 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, GIScientists and cartographers have made efforts in the scientific 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 ArcGIS1 has been developed as an assistant for making maps; web

map engines (e.g., Google Earth2, Mapbox3) 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 scientific 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
1https://www.arcgis.com/
2https://www.google.com/earth/
3https://www.mapbox.com

https://www.arcgis.com/
https://www.google.com/earth/
https://www.mapbox.com
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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 artificial intelligence (AI) 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). Different from the traditional machine learning method that typically relies

on a set of pre-defined 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, I

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 AI 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. I 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 AI is called

“Weak AI”, it is hard for AI to replace cartographers of any part of map-making steps in

the foreseeable future. However, such an exploration is indeed valuable as cartographers
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may utilize AI 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 artificial intelligence methods

with cartographic knowledge encoded as potential solutions of a given cartographic task? So far,

the two fields, deep learning and cartography, follow different paradigms, and there is

no standard framework to combine these two together. From my perspective, a general

workflow 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 first 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 AI.

In this thesis, the following two research questions (RQ) RQ1 and RQ2 are asked for two

specific cartographic tasks following the framework proposed, namely map style transfer

and map generalization. The first 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 different look

and feel for audience as cartographers may assign multiple different symbol stylings.

Traditionally, cartographers design different style sheets to manipulate the visual variables
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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 different 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-defined

rules, which can be summarized as “rule-based map generalization” (Yan et al., 2020).

However, it is complicated to define 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, I propose a systematic research framework that integrates AI in cartography

at first. Then, I propose two RQs for map style transfer and map generalization, respectively.
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Such two RQs set the main scope and “boundary” of research in this work following the

research framework. I 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 AI in cartography. The contribution of

the thesis is threefold.

First, I propose a novel framework that integrates advanced AI 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 specific 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 different from other general machine learning frameworks

as it only focus on cartography and encode cartographic knowledge into the model. It is

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 different

scales. For map style transfer, this work illustrates visual variables and map features can be

transferred at different zoom levels. For map generalization, this work demonstrates gener-

alization operators such as simplification, aggregation, and delineation, and cartographic
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knowledge including distance, area, convex hull, etc., can be encoded into the training pro-

cess. All discoveries of this work may benefit 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. Specifically, 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 different 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 classifier 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 simplification,

aggregation, and delineation. The experiments illustrate how to encode cartographic

knowledge into the deep learning models and how deep learning methods assist map
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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.
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2 literature review

This chapter provides a background literature review of readings on the recent development

of AI and cartography that are relevant to this work. Considering that the meaning of AI is

evolving because of the progress in computer software and hardware, in this work, AI refers

to deep learning as it is one of the most recent breakthroughs of AI. I will first 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, I will shift to those pioneer-explorations of

collaborating AI in cartography.

2.1 Deep Learning in Computer Vision

The artificial neural network, inspired by human neural cells, was first 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 classification (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, different from the original artificial neural networks, deep neural networks

by definition 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); GoogLeNet 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
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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-defined shallow visual features of images, while high-

dimensional visual features are often overlooked and can be identified 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 objective computer vision tasks such as

image classification (Wang et al., 2017), image segmentation (Chen et al., 2017), image

positioning, objection localization, but also including subjective tasks 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 transfer indicates 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 identified and separated accurately, and classified based on

their boundaries. It is worth noting that researchers are able to custom the classification

schemes to fit 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
figure is the original image, the middle figure is the image that has the target style, and the
right figure is the output image after style transfer. Bottom: image segmentation, where
the left figure is the input image and the right figure is the resulting image after semantic
segmentation.

2.2 Integrating Artificial Intelligence in Cartography

Recently, GIScientists and cartographers, along with computer scientists have been investi-

gating various AI and deep learning applications (Hu et al., 2018; Gao et al., 2020). Here,

I would like to review applications of AI specifically to cartography and related visual

design fields.

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 (Schnürer et al., 2020) are identified 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 classification, 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 classified 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

GANs to train the model, while the resulting output images look superficially 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 GANs in generating synthetic images from existing data. In addition, GANs are used

for filling the missing data. For example, existing studies have used GANs to generate

photorealistic image fillers (Agoub et al., 2019) and provide DEM void filling (Qiu et al.,

2019). These research demonstrate how GANs can be used to fill 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 fields, and enhances the difficulty

of encoding cartographic knowledge into deep learning.
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3 methods

Given a specific 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 artificial 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 fit with the model input. Diverse deep learning models are

applied for training and learning map element patterns such as deep convolutional neural

networks (DCNNs), generative adversarial networks (GANs), 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

difference 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 modified to meet the demands of cartographic tasks. Also,

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

will not change.

Figure 3.1: Framework

3.2 Data Collection

Geographic data is stored as two specific 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 specific 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 specific 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 different 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, different types of datasets from these

three data sources are downloaded to fit 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 Data type 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

https://zakelijk.kadaster.nl/-/top10nl
https://zakelijk.kadaster.nl/-/top10nl
https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
https://www.google.com/maps
https://www.google.com/maps
https://github.com/microsoft/USBuildingFootprints
https://github.com/microsoft/USBuildingFootprints
https://github.com/microsoft/USBuildingFootprints
https://www.geofabrik.de/data/download.html
https://www.geofabrik.de/data/download.html
https://www.flickr.com/services/api/
https://www.flickr.com/services/api/
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model (Roth et al., 2014). Such a pyramid model typically contains a series of fixed

resolutions to enable users to zoom in and zoom out to a specific 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 finer 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 fixed 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 efficiency.

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., shapefile, geotiff) 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 fit 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, finding convex hull, etc., as
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Table 3.2: Operators used in this research.

Operator Definition
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 1 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 specific 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, I narrow focus onto raster-based map data and GCN-

related research might be explored in future. Specifically, 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 influence on deep learning models and only used for validation. Since deep
1https://opencv.org/

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 artificial intelligence techniques, but also

cartographic knowledge is encoded into the model. The techniques may vary across time

due to the repaid development of AI. But how to encode cartographic knowledge into

the model and the insights about modifying the AI architectures may not change and can

provide guidelines to the following studies in this field.

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 defined to utilize commonly used metrics for deep learning. For

instance, compare the pixels or classification labels of output results with the ground-truth

data. Specifically, in Chapter 4, a deep learning-based image classifier IsMap is designed to

evaluate model performances using four metrics: precision, recall, accuracy, and F1 score.

Another popular metric, dice coefficient, is used in Chapter 5 to assess the models for map

generalization.

Human-centered evaluation is defined to invite people participation for results evalua-

tion. For example, participants are asked to compare and judge whether the output maps

achieve the expected effects. In this research, two groups of human-centered approaches

are tested in Chapter 5. Amazon Mechanical Turk is first 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

confidence 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 defined for measurement but may not

reflect real-world conditions. In comparison, human-centered evaluations are more reliable

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

labor intensive.



20

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 GANs are used to

explore transferring visual variables and map styles from target styled maps to simple styled

maps at 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 style is 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 different 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., DeLucia 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 Buttenfield (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 variables, or 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 as CartoCSS1, Mapbox Studio2,TileMill3, or TileCache4. Beyond

authoritative or classic map styles (see Muehlenhaus (2012) for a review), 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 Maps5 and OpenStreetMap (OSM)6.

Latest AI technology advancements such as deep learning methods have motivated a
1https://carto.com/developers/styling/cartocss/
2https://www.mapbox.com/designer-maps/
3https://tilemill-project.github.io/tilemill/
4http://tilecache.org/
5https://www.google.com/maps
6https://www.openstreetmap.org

https://carto.com/developers/styling/cartocss/
https://www.mapbox.com/designer-maps/
https://tilemill-project.github.io/tilemill/
http://tilecache.org/
https://www.google.com/maps
https://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. Specifically, generative adversarial networks (GANs), a new class

of AI 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 superficially 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.g., faces)(Karras et al., 2019). GIScientists and cartographers have also conducted
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experiments involving GANs 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 filling (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) classifier 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’. Specifically, whether AI 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 workflow for

map style transfer includes four stages as shown in Figure 4.2. First, unstyled or “raw” GIS

vector data (here OpenStreetMap (OSM) 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 Maps tiles and painted visual art) are prepared. Second, tiled map sets of

simple styled maps and target styled maps are 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 maps: Pix2Pix, which uses paired
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Figure 4.2: The specific workflow for map style transfer following the research framework
proposed in Chapter 3: (1) data collection, (2) data processing, (3) map style transfer
using GANs, (4) evaluation with IsMap classifier.

training data between the target and example data sources, and CycleGAN, which can use

unpaired training data (details below). Finally, a deep convolutional neural network (CNN)

classifier (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 as simple styled maps and

target styled maps respectively. Simple styled maps are generated from OSM vector data, and

target styled maps refers 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 differences
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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 different types of geographic features (e.g., buildings, lakes, roads, and so on)

using GeoServer and GeoWebCache. In total, 870 simple styled maps tiles and 9,156 image

tiles are generated at zoom level 15 and 18 individually as the training datasets of two

GANs.

The transfer styled maps are generated by incorporating the geographic features from

simple styled maps with the aesthetic styles of the target styled maps. After finishing the

training process, additional 217 and 257 simple styled maps are randomly sampled for model

validation. In addition, to train the GoogleNet-based CNN classifier IsMap, 5500 photos

without map content are downloaded from Flickr, and 500 tiled maps from both Google

Maps and OSM styled maps at different zoom levels. Then, the IsMap classifier is trained

using this sample to produce the binary label of True or False. Finally, IsMap achieve very

high classification accuracy (greater than 0.99) and is used to judge whether maps preserve

map characteristics.

Generative Adversarial Networks

Next, the GANs are utilized to generate transfer styled map images by combining the geo-

graphic features of the simple styled maps and the learned map style from the target styled

maps. GANs 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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Figure 4.3: Categories of dataset for training and testing. The first row shows examples
of photos collected from Flickr, the second row shows examples of tiled images from both
Google Maps and OpenStreetMap, the last line show examples of Monet paintings.

by the discriminator D. The training procedures of both G and D occur simultaneously.

min
G

max
D
V(D,G) = Ex∼pdata(x)[logD(x)]+

Ez∼pz(z)[log(1 −D(G(z))]

(4.1)

where x is a real image and z is the random noise.

Since the original GAN aims at generating fake images that have a similar distribution

of features in the entire training dataset, it may not be suitable for generating specific types

of images under certain conditions. Therefore, Mirza and Osindero (2014) proposed the
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Conditional GAN (C-GAN) with auxiliary information to generate images with specific

information. Different from the original GAN, the C-GAN adds hidden layers y that contain

extra conditional information in generator G and discriminator D. The objective function

is as:

min
G

max
D
V(D,G) = Ex∼pdata(x)[logD(x|y)]+

Ez∼pz(z)[log(1 −D(G(z|y))]

(4.2)

The auxiliary information in the C-GAN can take many forms of input, such as cate-

gorical labels that generate images in a specific category (e.g., food, railways; Mirza and

Osindero (2014)), and embedded text to generate images from annotations (Reed et al.,

2016). For multiscale map styling, the target styled maps represent auxiliary information,

making the C-GAN more suitable for this research.

There are two popular types of C-GAN: paired and unpaired. Paired C-GAN uses

image-to-image translation to train a model on two paired groups of images, with output

combining content from one image and the style from the other image. Unpaired C-GAN

also completes an image-to-image translation, but with the transfer of images between two

related domains X and Y in the absence of paired training examples. In this research, both

methods, using the Pix2Pix and the CycleGAN, are tested respectively, to examine their

suitability for multiscale map style transfer.

min
G

max
D
V(D,G) = Ex∼pdata(x)[logD(x|y)]+

Ez∼pz(z)[log(1 −D(G(z|y))]

(4.3)

Pix2Pix

Pix2Pix is a paired C-GAN algorithm that learns the relationship between the input images

and the output images based on the paired-image training set (Isola et al., 2017). In addition

to minimizing the objective loss function of general C-GAN, the Pix2Pix generator trains not
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just to fool the discriminator, but also to produce ground truth-like output. The objective

function of the extra generator is defined as:

LL1(G) = Ex,y,z[‖ y−G(x, z) ‖1] (4.4)

By combing the two objective functions, the final objective function is computed as:

LPix2Pix = LcGAN(G,D) + λLL1(G) (4.5)

For this research, the OpenStreetMap and Google Maps tiles for the same locations and at

the same zoom levels are paired as the input dataset for training the Pix2Pix model.

CycleGAN

Pix2Pix is appropriate for pairing two map tilesets containing the same geographic extents

and scales. However, Pix2Pix cannot transfer a target artistic style from non-map examples

(e.g., a Monet painting) to a map tileset. Compared with Pix2Pix, CycleGAN learns the

style from one specific source domain (different styles of images) and transfers to a target

domain (Zhu et al., 2017). In other words, CycleGAN does not require two input images

with the same geographic extent, but instead just two input training datasets that have

different visual styles. CycleGAN establishes two associations to achieve the style transfer:

G : X→ Y and F : Y→X. Two adversarial discriminatorsDX andDY are trained respectively,

where DX distinguishes the images in dataset X and images generated by F(y), and DY

distinguishes the images in dataset Y and images generated byG(x). The objective function

for establishing the relationship of the images in domain X to domain Y is represented as:

LGAN(G,DY ,X, Y) = Ey∼pdata(y)[logDY(y)]

+Ex∼pdata(x)[log(1 −DY(G(x))]

(4.6)
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A similar adversarial loss for transforming the images in domain Y to another domain

X is introduced as LGAN(F,DX, Y,X), where G generates images that look similar to the

images in the other domain, and D distinguishes the fake images and the real images.

CycleGAN also introduces an extra loss called the cycle consistency loss. After G and F

generate images with the similar distribution to the input domain, the cycle consistency

loss guarantees when input the images generated to the other generator, the generated

images can be restored to the original domain. In other words, x→ G(x)→ F(G(x)) ≈ x.

More details can be found in Zhu et al. (2017). The cycle consistency loss is expressed as:

Lcyc(G, F) = Ex∼pdata(x)[‖ F(G(x)) − x ‖1]

+Ey∼pdata(y)[‖ G(F(y)) − y ‖1]

(4.7)

By combining the two adversarial losses and the cycle consistency loss, the full objective

function is expressed as:

LCycleGAN = LGAN(G,DY ,X, Y)

+LGAN(F,DX, Y,X)

+λLcyc(G, F).

(4.8)

In practice, both Pix2Pix and CycleGAN models employ a ResNet-based generator and a

PatchGAN discriminator which include multiple deep layers for extracting visual features

from images.

IsMap Classifier

Again, GANs’ success in map style transfer relies on the adversarial loss forcing the gener-

ated maps to be indistinguishable from the input target-styled maps. In addition to the loss

curve reported in the model training process, a deep CNN-based binary classifier called

IsMap is used to judge whether the transfer styled maps are perceived as maps (Evans et al.,
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2017). CNNs can produce significant improvements in image classification tasks compared

with other machine learning models (Huang et al., 2017; Maggiori et al., 2017). However,

the deeper the neural network, the greater the computational costs. Based on existing

literature review and comparison on ImageNet, the GoogleNet/Inception-v3 deep neural

network model that is said to outperform many other models is chosen. More details about

the GoogleNet/Inception architecture is available in Szegedy et al. (2016).

Two categories of images are created for preparing the training dataset for the IsMap

classifier: maps and photos. Those styled map tiles collected in Section 4.2 are randomly

selected as positive samples. The map tiles used for training the classifier in the style

transferring process are not included. In addition, Flickr photos are randomly collected

from its search API7 without map content as negative samples. All maps and photos are

resized into consistent 256*256 pixel images (Figure 4.3).

Evaluation

After training the aforementioned two C-GAN models, the performance of each model

is evaluated based on the IsMap classifier. The IsMap classifier returns four results: true

positive (TP), true negative (TN), false positive (FP), and false negative (FN). TP indicates

the number of transfer styled maps correctly classified as a map and TN indicates the number

of tested photos correctly classified as a photo. FP indicates the number of testing photos

incorrectly predicted as maps and FN indicates the number of transfer styled maps incorrectly

predicted as photos. The following four metrics are calculated based on the IsMap output:

1. Precision: The portion of the transferred styled images correctly labeled as maps in

all output maps, using the following equation:

Precision =
TP

TP + FP
(4.9)

7https://www.flickr.com/services/api/flickr.photos.search.html

https://www.flickr.com/services/api/flickr.photos.search.html
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2. Recall: The portion of true positives captured in classification compared to all actual

maps in the labeling process, using the following equation:

Recall =
TP

TP + FN
(4.10)

3. Accuracy: The portion of images labeled correctly either as maps or as photos, using

the following equation:

Accuracy =
TP + TN

TP + TN+ FP + FN
(4.11)

4. F1 score: Combines both precision and recall values to measure the overall accuracy,

using the following equation:

F1 = 2 ∗ Precision ∗ Recall
Precision+ Recall

(4.12)

4.3 Experiments for Map Style Transfer

Pix2Pix: Style Transferring with Paired Data

Figure 4.4 illustrates the training process for the Pix2Pix model. First, the simple styled maps

tiles are created from the OSM vector data, and then fed these tiles into the generator

G by encoding and embedding those images as vectors to generate the “fake” transfer

styled maps. Then, the generated target styled maps and the transfer styled maps are input into

the discriminator D, which iterated through 200 epochs until the discriminator no longer

delineate the real versus fake maps. Figures 4.5 and 4.6 provide examples of Pix2Pix transfer

styled maps tiles at 50, 100, 150, and 200 epochs for zoom level 18 and 15 respectively.
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Figure 4.5: Training pro-
cess using Pix2Pix at zoom
level 18. Examples of simple
styled maps and target styled
maps in epoch 50, 100, 150
and 200 are shown individ-
ually.

Figure 4.6: Training pro-
cess using Pix2Pix at zoom
level 15. Examples of simple
styled maps and target styled
maps in epoch 50, 100, 150
and 200 are shown individ-
ually.

Figure 4.4: Data flow of Pix2Pix in this research.
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Generative Process with Map Tiles at a Large Scale

Figure 4.7 depicts Pix2Pix transfer styled maps generated at zoom level 18. Intuitively, the

transfer styled maps look similar to the Google Maps tiles, which proves the basic feasibility of

the AI framework broadly and the utility of Pix2Pix C-GAN model specifically. Compared

with the original simple styled tiled maps, Pix2Pix preserves the detailed geometry of the

roads and buildings with minimal observed generalization, but fails to maintain legible

labels and colored markers (see discussion below). Notably, Pix2Pix consistently applies

the target white road styling with a consistently line thickness to input line features and

also applies the target grey building styling with rigid corners to input rectangular features,

showing a relationship between salient visual variables and feature types in the transfer

style generative process.

Figure 4.7: Results of Map Style Transfer using Pix2Pix at zoom level 18. Examples of simple
styled maps are shown in the first column, transfer styled maps based on Pix2Pix are shown
in the second column and the target styled maps, that is Google Maps are shown in the last
column.
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Figure 4.8: Results of Map Style Transfer using Pix2Pix at zoom level 15. Examples of simple
styled maps are shown in the first column, transfer styled maps based on Pix2Pix are shown
in the second column and the target styled maps, that is Google Maps are shown in the last
column.

Generative Process with Tiles at a Small Scale

Figure 4.8 shows Pix2Pix transfer styled maps at zoom level 15. Compared with the original

simple styled maps, Pix2Pix overgeneralizes the geometry of road features at zoom level 15,

with many intermediate-size streets removed from the target styled maps. This overgeneral-

ization potentially is explained by differences in the vector data schemas between OSM and

Google Maps, resulting in a thinner road network in the OSM-based transfer styled maps.

In comparison, Pix2Pix appropriately thinned the building features in the transfer styled

maps, eliminating most buildings at zoom level 15 compared to zoom level 18 based on

differences in the target styled maps. Thus, Pix2Pix is reasonably successful at multiscale

generalization and style transfer, with the Pix2Pix model preserving feature types from the

simple styled maps that are most salient in the target styled maps when changing zoom

levels.

Limitations of the Pix2Pix

Although the generated transfer styled maps are similar to the target styled maps at both

zoom levels, several limitations in the output exist. First, the map labels are important

parts of the target styled maps, but are not preserved in the transfer styled maps, a major
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shortcoming of the image-based Pix2Pix model. Thus, while labeling and annotation falls

outside of style learning, Pix2Pix does still learn knowledge of where to put the labels

on the map for subsequent manual label placement. Second, Pix2Pix does not preserve

less frequently observed colors in the target styled maps, such as the colored markers in

Figure 4.7, instead basing the style transfer on the most common colors in the target style.

Accordingly, the transfer styled maps does not capture grassland, lakes, etc., compared to

the road and building colors dominating the urban landscapes of Los Angeles and San

Francisco. However, color sensitivity may improve when expanding the geographic extent,

and thus feature diversity, of the tilesets.

CycleGAN Style Rendering with Unpaired Data

Figure 4.9 illustrates the training process for the CycleGAN model. Similar to the Pix2Pix

training, the OSM vector data is encoded to create the simple styled maps tiles. These simple

styled maps are used as input to generatorG to produce transfer styled maps and also represent

knowledge that can be recovered to for discriminator D. Again, CycleGAN does not use

paired data, with the target styled maps generated using randomly selected images from

Google Maps. Similar to the Pix2Pix model training, the CycleGAN model is trained across

200 epochs, enabling comparison performance between the two models. Figures 4.10 and

4.11 provide examples of CycleGAN transfer styled maps tiles at 50, 100, 150, and 200 epochs

for zoom level 18 and 15 respectively.
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Figure 4.10: Training pro-
cess using CycleGAN at
zoom level 18. Examples of
simple styled maps and target
styled maps in epoch 50, 100,
150 and 200 are shown indi-
vidually.

Figure 4.11: Training pro-
cess using CycleGAN at
zoom level 15. Examples of
simple styled maps and target
styled maps in epoch 50, 100,
150 and 200 are shown indi-
vidually.

Figure 4.9: Data flow of CycleGAN in this research.
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Generative Process with Tiles at a Large Scale

Figure 4.12 shows CycleGAN transfer styled maps generated at zoom level 18. CycleGAN

preserves the shapes of roads and building well. Notably, CycleGAN includes marker

overlays from the target styled maps in some of the transfer styled maps, a benefit over

Pix2Pix, although the colors and locations are incorrect, and spatial topology might be lost.

Like Pix2Pix, CycleGAN failed to apply legible text from the target styled maps. Finally, a

broader range of colors are included in the CycleGAN transfer styled maps compared to

the Pix2Pix output, although the coloring is not applied to the correct locations (e.g., the

highlighted Melrose Market in Figure 4.12).

Generative Process with Tiles at a Small Scale

Figure 4.13 depicts CycleGAN transfer styled maps generated at zoom level 15. Results show

that the skeletons of the roads are remained. Similar to the results in Pix2Pix at zoom

level 15, buildings are generalized at this level. The markers are generated with shapes

well preserved. Different types of map features like highway roads and general roads,

grasslands and building lands can be distinguished in the output result. Intuitively, most

generated maps look realistic.
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Figure 4.12: Results of Map Style Transfer using CycleGAN at zoom level 18. Examples
of simple styled maps are shown in the first column, transfer styled maps based on CycleGAN
are shown in the second column and the target styled maps, that is Google Maps are shown
in the last column.

Figure 4.13: Results of Map Style Transfer using CycleGAN at zoom level 15. Examples
of simple styled maps are shown in the first column, transfer styled maps based on CycleGAN
are shown in the second column and the target styled maps, that is Google Maps are shown
in the last column.

Limitations of the CycleGAN

Although CycleGAN can generate maps with similar style of the target styled maps, challenges

remained. Similar to the results from Pix2Pix, the generated labels are illegible and do not

contain valuable information. Although CycleGAN does generate marker overlays, the color
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and location of the markers are incorrect. Compared to Pix2Pix, CycleGAN inconsistently

applies line widths (sizes) to features like roads and the directions (orientations) of roads

change considerably from the simple styled maps, a major hindrance to the usability of the

resulting maps.

Evaluation and Comparison

Qualitatively, the transfer styled maps by CycleGAN are visually similar to those generated by

Pix2Pix with slightly improved visual results. Table 4.1 presents comparative quantitative

results using measures derived from the IsMap classifier, including the aforementioned

precision, recall, accuracy, and F1-score. For reference, Figure 4.14 provides two outcomes

of the IsMap classifier from the experiment: a transfer styled maps tile classified as a map

and one rejected as a map. As shown in Table 4.1, the CycleGAN performs better than

the Pix2Pix in transferring the map styles from target styled maps to simple styled maps. The

higher the evaluation metrics is, the better the model is for map style transfer. The F1-scores

of CycleGAN in both zoom levels 15 and 18 are higher than that of Pix2Pix. The transfer

styled maps generated at zoom level 15 are more realistic with the F1-score 0.998 compared

with results at zoom level 18 with F1-score 0.841 using Pix2Pix. The result is similar for

CycleGAN, in which the quality of transfer styled maps at zoom level 15 with F1-score 1.0

is better than that at zoom level 18 with F1-score 0.95. Hence, it can be concluded that

zoom level 15 is more suitable for generating transfer styled maps in this study. It might

because GANs are better at learning macro views of maps while details of geographic

objects may not be characterized comprehensively. Zoom level 15 have more geographic

objects and thereby models perform better at this zoom level. The results demonstrate that

the CycleGAN model is more effective for the map style transfer task at both zoom levels

15 and 18 compared with the Pix2Pix model.
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Figure 4.14: Examples of binary classification results of IsMap classifier. The transfer styled
maps in above figure is classified as map correctly while in bottom is wrongly classified as
photo.

Model Pix2Pix CycleGAN
Data Level 15 Level 18 Level 15 Level 18

Precision 1.000 0.989 1.000 0.992
Recall 0.995 0.732 1.000 0.911

Accuracy 0.998 0.862 1.000 0.951
F1-Score 0.998 0.841 1.000 0.950

Table 4.1: Evaluation metrics of two GAN models at different map zoom levels

4.4 Discussions for Map Style Transfer

Aside from the style transferring results of converting simple styled maps to the target styled

maps aforementioned in this paper, some other attempts are made based on different style

inputs. Another inspiration of this research is to transfer the painting styles to the map

content so that maps can be designed with the consideration of both scientific theories and

aesthetics. As shown in Figure 4.3, some Monet painting-style images are downloaded and

put into the unpaired style transferring models. There is no geographic extent contained

in paintings, so only the unpaired CycleGAN model can be implemented. In addition, to

reduce the bias of map zoom levels in the modeling, the data is not only tested at level

15 and level 18, but also tested at other levels range from zoom level 5 to zoom level 20.

Figure 4.15 shows that the generated transfer styled maps with the target paining styles

are not similar to the original maps but are more similar to the paintings in the training
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dataset. A new dataset with paintings are imported into the IsMap classifier to train a

multi-class classification model. After that, a new deep-CNN classifier, which is similar to

the IsMap classifier, can classify the outputs into three categories of pictures: photos, maps,

and paintings. The transfer styled maps with the target painting style are tested through

this model but only few outputs are classified as maps while most of them are paintings.

Less intensive training might be one possible reason but could be other factors. Therefore,

transferring the styles from artistic works directly to maps might not be effective using

the current workflow and should be further explored. In future work, participants survey

might be used to further explore other key characteristics (in addition to the topology)

that differentiate the maps from the paintings.

Figure 4.15: Results with transferred Monet painting styles using CycleGAN. The left
column is real OSM maps, and the right column is the maps with Monet painting styles
transferred. Results are not good as what we expected but worth exploration.

From the results of experiments shown in Figure 4.16, several map features like roads

and buildings are generalized automatically, especially at the zoom level 15. Those build-

ings which are represented as small blocks with darker red in the two figures above are

removed in the output transfer styled maps, which is similar to the generalization patterns

from the Google Maps. Roads are constructed based on single lines and buildings nearby.

Several generalization operations are identified from the results in Figure 4.16, including

enhancement, selection, and typify. Roads in the black circles in the figure above are
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enhanced. Although the line width of roads are equal in the simple styled maps, those roads

are wider compared with other roads. Potentially, the distance from buildings to roads may

have impacts on such process. In the middle figure, one road in white is highlighted in the

black circle. Such road from northeast to southwest is removed in the transfer styled maps.

As the directions of most roads nearby are from southeast to northeast, the highlighted

road might be identified as a non-important feature, and hence is deleted. As for the figure

in below, five POIs are highlighted in yellow in the black circle. Those point features are

aggregated at a small area and only one marker is remained to represent these points in the

transfer styled maps. Such process is similar to the typify operation in map generalization,

which use less number of features to represent features with same type. It should be noticed

that these generalization processes might not follow the criteria of existing projects and

research in this field, and as deep learning is kind of a black-box, it is hard to explain the

reasons of generalization in this study. But they do provide new insights and potential

approaches on map generalization. Experiments also inspire the topic in the following

Chapter 5 about the map generalization.
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Figure 4.16: Examples of map generalization. The first row shows enhancement as the
road in the black circle thickened; the second row shows selection as the road in the black
circle is not selected in the transfer styled maps; the last row shows typify as several POIs
are represented as one marker.

In addition, only machine-based metric including IsMap classifier is used for evaluation

of results with four measurements. IsMap classifier itself may have data bias and can only

classify the general view of maps while neglect detailed map characteristics. In other

words, a high evaluation metric may not always mean the maps preserve cartographic

characteristics. There are two potential directions in solving this issue. First, more metrics

can be involved. For example, IsMap can only perform binary classification while more

types of maps (e.g., thematic map, navigation map) can be classified and identified as well.

Also, it is necessary to design more metrics to evaluate the locations of some geographic

objects. Another direction is to add human-centered evaluation. In other words, it is

necessary to invite cartographers help judge whether maps generated by machines still

preserve map characteristics based on their experience and creativity.
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4.5 Conclusion

In this research, the research topic of multiscale map style transfer is investigated using the

state-of-the-art AI techniques. Specifically, two conditional generative adversarial network

models, the Pix2Pix based on paired data and the CycleGAN based on unpaired data, are

employed for the map style transfer tasks. The results of two methods show that GANs

have the capability to transfer styles from customized styled maps like Google Maps to

another without CartoCSS style sheets.

To answer the research questions proposed, the study explored whether the two models

can preserve both the complex patterns of spatial features and the aesthetic styles in

generated maps. From the experiment results, several visual variables of maps, including

the color hue, the transparency, the line width and object type can be learned well in most

output results, especially in urban areas with buildings and roads. The locations of some

markers and annotations can also be learned from the transfer styled maps. However, the

GANs failed to apply legible texts from the target styled maps. Moreover, the performance of

two models are tested at two different zoom levels of the map data with different geographic

ranges and various views of features. In order to check whether the output still appears to

be maps, a deep convolutional neural network is implemented to evaluate the results.

In sum, the CycleGAN model performs better than the Pix2Pix model using quantitative

measures in experiments regardless of the map zoom level. Regarding the zoom-level

difference, the transfer styled maps at level 15 perform better than that at level 18 using

both Pix2Pix and CycleGAN models. And for the CycleGAN, results at zoom level 18 also

performs well with F1-score more than 0.95 while results in Pix2Pix only reach 0.841.

One knowledge discovery is that geographic features at small scale could be generalized

automatically. All these findings prove that GANs have great potentials for map-style

rendering, transferring, and maybe other tasks in cartography.

Although most generated maps look realistic, several problems and challenges remain.

First, since the GAN models are based on pixels of the input images, the topology of



45

geographic features may not be well retained as discussed in Section 4.4. Graph convolu-

tional networks (GCNs) might be used in future to perform map style transfer based on

vector data as it stores spatially topology information. Second, because of the existence

of point markers and textual labels in the tiled maps, the quality of transfer styled maps are

influenced by them. However, the markers and texts are indeed parts of map elements and

might require separate pattern recognition models (Chiang, 2016) to achieve better results.

Therefore, in future work, I plan to also train maps without labels and markers to reduce

the bias caused by them.

In sum, this research demonstrates huge potential of implementing artificial intelligence

techniques in cartography. One direction is to train the machine to get the knowledge

about how human perceive and create the maps. The preliminary results of case study may

help users design maps with aesthetics as the model can tell which parts of maps could be

further improved. Moreover, it can assist people who lack of professional knowledge such

as creation of complex cartographic style sheets but are interested in creating specified

types of maps or visual arts. Last but not least, it might facilitate the map generalization

process as the model trained at a small scale can generalize spatial features automatically.

It indicates the possibility to learn the knowledge of map generalization using advanced

AI techniques.
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5 map generalization

What generalization operations can be learned and what cartographic knowledge can

be encoded using deep learning?

—

Motivated by the findings in Chapter 4 that deep learning methods might be used as

novel tools for map generalization, this chapter makes exploration of whether deep neural

networks can be used in cartography for map generalization. Following the framework

proposed in Chapter 3, a modified deep learning model U-Net is used for three types

of map generalization based on building datasets, namely simplification, aggregation,

and delineation. By employing image processing techniques, cartographic knowledge is

encoded and delivered into the model training process. Results illustrate great potential of

applying deep learning methods for map generalization.

5.1 Introduction

Map generalization, which can be defined as the process of deriving smaller-scale maps

from detailed maps that reduce the contents and complexity but retain the major semantic

and structural characteristics for proper use (Weibel and Jones, 1998; Li, 2007), plays a key

role in multi-scale representation and updating of spatial data (Li, 2006; Deng et al., 2018a).

As a traditional topic in cartography and GIS, map generalization has attracted generations

of researchers’ attention and has been revolutionized from manually generalization to

automatic generalization in the era of digital map (Töpfer and Pillewizer, 1966; Brassel and

Weibel, 1988).

The widespread of Geographic Information Systems (GIS) such as web maps and

GPS-embedded mobile phones have created increasing demand of map generalization

(Jones and Mark Ware, 2005; Bereuter and Weibel, 2013), which also brings out problems
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and challenges. Typically, in order to prepare a map at a specific scale, a set of associated

rules specifying how spatial features shown are defined by operators (e.g., smoothing,

collapsing, aggregation, amalgamation, merging, refinement, exaggeration, enhancement

and displacement (Brassel and Weibel, 1988; Shea and McMaster, 1989)) and algorithms

(e.g., Douglas-Peucker algorithm for line smoothing (Douglas and Peucker, 1973)). Most

of the existing automatic generalization systems rely on these algorithmic and even mathe-

matic generalization approaches for formulating the rules of cartographic generalization

(Weibel, 1991). By designing generalization rules and assigning parameters of operators

and algorithms, spatial features can be represented at different scales. Therefore, such

methods can be summarized as “rule-based” generalization methods (Yan et al., 2019).

Though existing rule-based generalization methods achieve impressive success of car-

tographic generalization and have been implemented widely in current automatic map

generalization systems, they face several challenges. Map generalization is a comprehensive

process with complex steps (Stoter et al., 2014). That means the results of traditional rule-

based generalization methods rely heavily on the pre-defined rules. To set such complicated

rules and generalize different types of features individually is hard and time consuming,

not to mention transferring and applying to other datasets.

The emergence of deep learning, provides unprecedented opportunities to learn the

generalization rules, transfer and apply to other map datasets. Existing studies have

explored the potential of applying deep learning methods for map generalization. One

category of approach is using graph convolutional networks (GCNs) for map generalization.

GCNs is appropriate for handling vector data. For instance, Yan et al. (2019) improved

the accuracy of building patterns classification using graph convolutional neural networks

(GCNs). A GCN model is proposed for the shape coding and cognition of buildings in

maps (Yan et al., 2020). Chen et al. (2020) applied the graph Laplacian downsample

method (a specific type of GCN) for DEM generalization. In terms of deep convolutional

neural networks which are suitable for raster-based cartographic generalization, two studies
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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 generalisation problem, including smoothing the road, enlarging the bend

summits, and schematising the bend series by removing some of the bends. All these

studies illustrate the possibility of using AI for map generalization.

Compared with traditional approaches, deep learning methods have the following

characteristics: (1) Deep learning methods can learn the cartographic knowledge from

existing map products directly that means map-making parameters such as generalization

rules and map style sheets are not necessary as input. (2) Deep learning methods can take

the entire map as a whole for training while traditional cartographic rules focus on specific

map objects. Considering the above, deep learning-based generalization methods might

be termed as “pattern learning-based generalization”.

Despite the success of existing studies employing AI in cartographic generalization,

several concerns remained and should be taken into account. First, all current research

focus more on the usage of deep learning algorithms, while limited cartographic knowledge

are encoded in these approaches. In other words, it is difficult to encode and interpret

existing cartographic rules (knowledge-driven) into current data-driven approaches. Given

that deep learning methods are “black-boxes” approaches, it is hard to understand their

underlying theories. So “pattern learning-based generalization” methods might be harder

to be customized by cartographers as no knowledge and principles are encoded. Another

problem is the subjectivity in perception and evaluation of map generalization process

(Shea, 1991). There still lacks of standardization of generalization knowledge even among

experts. According to the study conducted by Rieger and Coulson (1993), 23 experts are

recruited to capture map generalization knowledge and inconsistent results are obtained.

Though researchers made efforts in proposing effective principles for measurement of

the generalized cartographic products, such as Gestalt laws of grouping (Li et al., 2004),
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machines may not understand these principles. Hence, how to evaluate generalization

results produced by AI is challenging.

To this end, in this chapter, the research question is articulated as follows: What gen-

eralization operations can be learned and what cartographic knowledge can be encoded

using deep learning? Specifically, building generalization is taken as an example to test

the feasibility of the framework. The contribution of this chapter is three-folds: (1) Fol-

lowing the Chapter 3, a framework is achieved using deep neural network to learn the

map generalization patterns from existing datasets. (2) Experiments show how to encode

cartographic knowledge into the model by using various image processing techniques. (3)

Evaluation metrics are designed for map generalization results assessment. To the best of

our knowledge, this work is among the pioneers using deep learning methods to solve

such a classic cartographic problem.

5.2 Methodology for Map Generalization

Following the methodology framework proposed in Chapter 3, the overall workflow for

map generalization includes four stages as shown in Figure 5.1. First, Microsoft building

footprints vector data1 is downloaded as the original data for map generalization. Second,

ArcGIS is used for performing map generalization with various operators and producing

generalized data. Specifically, three groups of generalization operators are executed in-

cluding building simplification, building aggregation, and building delineation. Various

image processing techniques are used to encode appropriate cartographic knowledge into

the generalized data. Then, U-Net, a popular deep neural network is used to encode

cartographic knowledge and learn map generalization patterns through multiple channels

inputs. Finally, evaluation methods are applied for assessment of resulting outputs from

deep learning methods, namely machine-based methods and human-centered methods.
1https://github.com/microsoft/USBuildingFootprints

https://github.com/microsoft/USBuildingFootprints
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Figure 5.1: The specific workflow for map generalization following the research framework
proposed in Chapter 3: (1) data collection, (2) data processing, (3) map generalization
using U-Net, (4) experiment evaluation.

Data Collection

In this work, two data layers termed original dataset and generalized dataset are generated

one by one. The main target of this work is to learn the generalization patterns from

the generalized dataset and apply to the original dataset, and examine if they are similar.

The original dataset is downloaded from the Microsoft U.S. building footprints dataset. It

contains the vector data of buildings across the United States. Chicago, is picked as the

study area in this work as it is one of the largest metropolitan areas across US. About 4,000

images are generated in the experiment as the input dataset.

Data Processing

To generate the generalized dataset, ArcGIS Pro is first used to perform generalization opera-

tions. After that, tiled set maps are created using GeoServer and GeoWebCache. A set of

image processing techniques are employed to encode appropriate cartographic knowledge.
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Building Generalization

To generate the “ground-truth” data of this work, ArcGIS Pro is used as it contains a set

of generalization operators (e.g., aggregate points, simplify line, smooth polygon) under

the Cartography toolbox, Generalization toolset. In this work, three specific operators are

selected, namely simplify building, aggregate polygons, delineate built-up areas, as they are

widely used for building generalization.

Simplify building refers to the process that simplifies the boundary and footprint of

buildings but major shape and size are kept of polygons. It requires two parameters, namely

simplification tolerance and minimum area. The former one sets the degree of simplification,

i.e., the minimum allowable spacing between two different building footprints. While

footprints with area less than the minimum area will be removed.

Aggregate polygons is defined as merging polygons within a specified distance. Four

parameters should be specified before operation, namely aggregation distance, minimum area,

minimum hole size, orthogonality option. Aggregation distance denotes the maximum distance

between two polygon boundaries for merging. Minimum area, similar to the parameter in

simplify building, refers to the minimum area that a building footprint can be maintained

after aggregation. Minimum hole size indicates the minimum size of a hole in the aggregated

building to be retained. There are two options for orthogonality option, where non-orthogonal

keeps the organically shapes of output features, and orthogonal keeps the orthogonally

shapes of output features. Since this work focus on building generalization, the latter one

is used as it is suitable for maintaining the geometric characteristic of input features.

Delineate built-up areas refers to creating polygons that represent built-up areas by de-

lineating densely building clusters. Buildings are clustered at first and then aggregated

as built-up areas. It requires two parameters: grouping distance, and minimum detail size.

Grouping distance refers to the maximum distance that buildings can be clustered to repre-

sent built-up area. Minimum detail size defines the relative degree of detail in the output

built-up area polygons. The major difference between delineate built-up areas and aggregate
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polygons is that the former one group buildings at first, and then perform other operations

(e.g., merging, discarding, smoothing). In comparison, aggregate polygons merge buildings

based on distance, area, etc., directly.

Image Processing

Image processing is a synthesized approach to process the tile image generated from last

step and provide input training layers for the model. An example binarized image is

shown in the top of Figure 5.2 and Figure 5.3 to illustrate how different image processing

approaches work.

Image Binarization

The input tiled images, generated by GeoWebCache, have three channels (RGB, red, green,

blue) and are abundant in showing geographic information. The first step is to convert

them into binary images for further processing. To do so, 3-channel images are transformed

into gray-scale image at first. Then, a threshold δ is set to assign pixels with gray-scale

value larger than δ to white to represent ground, otherwise, to black to represent buildings.

Such a threshold is selected based on human perception so that buildings are emphasized.

After image binarization, all buildings are represented as black pixels and grounds are

represented as white pixels. The top subfigure of Figure 5.2 and Figure 5.3 show the

binarized image that only contains one channel. By applying this operation, all tiled maps

are converted as binary images for future processing. Please note that in the following

sections, original dataset refers to binarized images since all tiled maps are converted to

binary images at first.
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Figure 5.2: Example images for illustrating distance transformation and area calculation.
Top: binary image; Bottom: left: image after distance transformation, right: image after
area calculation.

Distance Transformation

According to cartographic generalization principles, distance plays a key role in showing

spatial relationships, for example, nearby objects might be aggregated and grouped to-

gether. Hence, it is necessary to encode distance among geographic elements into map

generalization process where distance transformation is used. Distance transformation
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refers to the process to show the distance of a pixel within the background region to the

nearest image element boundary. In other words, the distance of all pixels that represent

ground (pixels that are white) to its nearest pixels that represent buildings (pixels that

are black) are calculated. Euclidean distance is used for measurement of distance to other

pixels in this work. Here, as shown in the Figure 5.2, the far to the building, the higher the

pixel values. It is worth noting if a pixel locate inside a building object or at the boundary

of a building object, the distance or the pixel value will be set as 0.

Area Calculation

Area calculation plays important roles in map generalization as there are multiple operators

that filter buildings and other objects based on their area. For example, if the area of a

specific building footprint is less than a threshold, the footprint will be removed after

generalization process. To calculate area of buildings, each building footprint is detected

and identified at first. To do so, 4-connection is employed to detect connections of buildings

which will treat the top, left, down, right neighbor pixel of the current pixel as adjacent

pixels. Each building is identified if they have no connections with other buildings, and

a unique id is generated for reference. Then, give that it is easy to get row and column

index for each building object pixel, the area of each building, here refers to the number of

pixels of each footprint is computed. For instance, as shown in Figure 5.2, all buildings are

detected and are colored based on the area calculated.

The above mentioned two image processing techniques compute image attributes that

may deliver necessary generalization information. The following three image processing

approaches manipulate images and are widely used during the traditional raster-based

map generalization process.
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Image Dilation and Erosion

Dilation and erosion are classic image processing techniques and have been widely used in

traditional raster-based map generalization (Zhan, 1993). The dilation is a transformation

process that adds pixels to object boundaries. The basic effect of dilation is to gradually

enlarge the boundaries of regions so that it makes objects in images more visible and fills

in small holes in objects. In contrary, the erosion operation is the process that removes

pixels from object boundaries. The basic effect of erosion is to erode away the boundaries

of regions. Hence, islands and small objects are removed and only substantive objects

remain. Figure 5.3 shows the image after dilation and erosion. As can be seen from these

two figures, the buildings are enlarged and reduced respectively.

Figure 5.3: Example images for illustrating image erosion, dilation, and rectangle hull. Top:
binary image; Bottom: left: image after erosion, middle: image after dilation, right: image
of buildings with their rectangle hulls.
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Convex Hull

Convex hull calculation is applied for each building object to generalize the building

characteristics. Specifically, rectangular hull which represents the minimum bounding

rectangular of buildings are calculated in this work. Rectangular hull is also used in

multiple generalization operators so that the main shapes can be smoothed and maintained

while corners are removed and holes are filled. As shown in Figure 5.3, the minimum

bounding rectangular of buildings are created.

Model Training

Figure 5.4: U-Net Model Structure by Ronneberger et al. (2015)

In the experiment, U-Net, as a mature deep neural network architecture that has been

widely used in several computer vision tasks, is employed for data training and testing.
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The U-Net model is proposed by Ronneberger et al. (2015) and it aims to work with a

small amount of training data while produce a better result by augmenting the data and

using it efficiently. The architecture of the network is shown in Figure 5.4. It contains a

contracting path in the left side and an expansive path in the right side. The contracting

path has 3 × 3 convolutions, each followed by a rectified linear unit (ReLU) and a 2x2

max pooling operation with stride 2 for downsampling (Ronneberger et al., 2015). For the

expansive path, it contains “an upsampling of the feature map with a 3× 3 convolution

and a concatenation with the cropped feature map from the contracting path, and two

3 × 3 convolutions followed by a ReLU respectively" (Ronneberger et al., 2015, p. 4). In

the final step, the network has a 1× 1 convolution to classify each 64-component feature

vector into a target class (Ronneberger et al., 2015). The code is modified based on the

following repository: https://github.com/milesial/Pytorch-UNet. It is worth noting

that to encode cartographic knowledge into the network, the input is changed to be multiple

channels so that more layers of cartographic knowledge can be added.

Evaluation

After training the aforementioned U-Net models, the performances of models are evaluated

based on two groups of methods: machine-based metric and human-centered evaluation.

One is machine-based metric which is designed based on math only. Dice coefficient, a

measure of overlap between two samples, is used in this work, as it has been widely used

in semantic segmentation in computer vision. For two images X and Y, the dice coefficient

is calculated as follows:

Dice =
2|X

⋂
Y|

|X|+ |Y|
(5.1)

The dice coefficient of the original data and the ground-truth data is compared and com-

puted. It ranges from 0 to 1 where 1 shows that the two input images are the same.

Another group of approaches is human-centered evaluation. Two groups of participants

https://github.com/milesial/Pytorch-UNet
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are invited to evaluate the results. First, I use Amazon Mechanical Turk to evaluate the

results. Amazon Mechanical Turk service recruit participants to manually label input

samples. Such a service is fast, easy deployed, and convenience, and is suitable to conduct

questionnaires. However, since these participants do not have cartographic knowledge

about map generalization, results might be biased and cannot reflect map generalization

patterns. The interface and question of Amazon Mechanical Turk service is shown in

Figure 5.5. For each question, three images are shown together. The generalized image is

shown as the ground truth, and two images generated from U-Net-based experiment and

knowledge-encoded U-Net experiment are randomly assigned as Picture A and Picture B.

Then, participants from Amazon Mechanical Turk are invited to answer a simple question

with four labels: Choose the image that is more similar to the ground truth image. If both are

equally similar to the ground truth image, please choose ’Equal’. If neither is similar to the ground

truth image, please choose ’Neither’. Such a question can answer whether both deep learning-

based methods learn map generalization patterns and which one performs better.
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Figure 5.5: Amazon Mechanical Turk service for map generalization.

Given that participants recruited by Amazon Mechanical Turk may not have any knowl-

edge about maps and cartographic generalization, experts who have learned map general-

ization are also recruited to compare results. The system is designed as shown in Figure

5.6. Four images are shown altogether including the original data, generalized data (as

ground truth), Picture A, and Picture B. Experts are invited to make comparisons of results

with original data and ground-truth data, and then rate Picture A and Picture B to answer

the research questions. The ratings ranges from 1-10, and here are the rating criteria: If the

expert think the output image produced by deep learning model is the same as the ground-
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truth data, then it is labeled as 10; If the expert think the output image produced by deep

learning model is the same as the original data, i.e., there is no map generalization patterns,

then it is labeled as 5; If the expert think the output image produced by deep learning

model indeed learn map generalization patterns, but not that perfect as the ground-truth

data, then the score may ranges from 6-9; If the expert think the output image produced by

deep learning model is even worse than the original data, i.e., the deep learning models

cannot learn map generalization patterns, then the score may ranges from 1-4. By doing so,

the performances of the two models are evaluated by experts who have map generalization

knowledge.

Figure 5.6: System for expert to evaluate and rating map generalization results.

Using Amazon Mechanical Turk service is fast and easily employed while recruiting
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experts is labor-intensive and time-consuming. However, since experts are familiar with

the topic of map generalization, there are less bias in results, i.e., results might be more

reliable.

5.3 Experiments for Map Generalization

Experiment Setting

In total, there are three groups of experiments with different parameter settings trained on

the generalization datasets, respectively. The first group focuses on the simplification of

buildings. There are five specific experiments performed in this group. Given that there are

two required parameters, namely simplification tolerance and minimum area, the parameters

of these experiments are illustrated as 5.1. As is shown in the table, experiments S1 and

S2 illustrate the results when using small and large simplification tolerance values with a

fixed minimum area. These two experiments show how different simplification tolerance may

influence output results of models. In contrary, experiments S3 and S4 show the results

when using small and large minimum area values with a fixed simplification tolerance. These

two experiments show how different minimum area may influence output results of models.

Experiment S5 combines these two parameters together.

Experiment ID Simplification Tolerance (m) Minimum Area (m2)
S1 30 0
S2 150 0
S3 0 50
S4 0 250
S5 150 250

Table 5.1: Experiment settings for building simplification.

The second one performs the aggregation of buildings to illustrate whether nearby

buildings can be merged. Similar to the experiments above, there are five specific experi-

ments performed in this group as well. Although there are four required parameters for
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buildings aggregations: aggregation distance, minimum area, minimum hole size, and orthogo-

nality option, considering only buildings are paid attentions, orthogonality option is assigned

as orthogonal to keep the orthogonally shapes of output buildings. The parameters of these

five experiments are illustrated in Table 5.2.

Experiment ID Aggregation Distance (m) Minimum Area (m2) Minimum Hole Size (m2)
A1 15 0 0
A2 25 0 0
A3 15 250 0
A4 15 1000 0
A5 15 250 250

Table 5.2: Experiment settings for building aggregation.

As is shown in the table, experiments A1 and A2 show the results when using small

and large aggregation distances with fixed minimum area and minimum hole size. These two

experiments show how different aggregation distance may influence output results of models.

While experiments A3 and A4 demonstrate the results when using small and large minimum

area values with fixed aggregation distance and minimum hole size. These two experiments

show how different minimum area may influence output results of models. Experiment A5,

added minimum hole size on the basis of experiment A3 to examine what effects of changing

such a parameter.

Building delineations are examined in the last group. Similar to the experiments for

building simplification and building aggregation, a set of different parameters are investigated

as shown in Table 5.3 for the two parameters grouping distance and minimum detail size.

Experiment ID Grouping Distance (m) Detail Size (mm)
D1 15 0
D2 25 0
D3 15 1

Table 5.3: Experiment settings for building delineation.

Only three experiments are performed to check the effects of different grouping distance
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and detail size on building delineation. As is shown in the table 5.3, experiments D1 and

D2 illustrate the results when using small and large grouping distance with a fixed detail size.

These two experiments show how different grouping distance may influence output results

of models. While experiments D1 and D3 demonstrate the results when using different

detail size with a fixed grouping distance. These two experiments show how different detail

size may influence output results of models.

It is worth noting that each experiment contains two specific sub-experiments: U-Net-

based experiment, and knowledge-encoded U-Net experiment. Such two experiments

explore (1) if deep learning methods can be used for building generalization and (2) if

encoding more cartographic knowledge improves the performance of models. In addition,

given that there is only limited changes of tiled set images after cartographic generalization

operations, the difference between the input original dataset and ground-truth dataset is

compared to see if deep learning methods may improve the generalization results.

The input of U-Net-based experiments contain the original dataset and the generalized

dataset (ground-truth dataset). U-Net model is employed to learn generalized patterns

and then implement to other datasets. Here, the original dataset refers to the one-layer

single binary images, in other words, only one channel pixel values are input into the U-Net

without any auxiliary cartographic information. Such experiments could help understand

whether deep learning methods indeed learn generalization patterns and can be used for

map generalization.

Knowledge-encoded U-Net experiments also employ the edited U-Net model where

more channels are fed into the network. Considering that different generalization operators

may require different cartographic knowledge, more image layers are created in addition

to the original single binary layer.
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Results

Building Simplification

Experiment results are illustrated here. Table 5.4 shows the results for building simplifica-

tion. In comparison with the difference between the input data and ground-truth data, both

U-Net-based model and knowledge-encoded U-Net model definitely learn generalization

patterns as their dice coefficients of experiment S1, S4, S5 are higher. Since the difference

between the input data and ground-truth data is small, the results of deep learning models

do not increase much. In particular, experiment S5 has a relatively higher increase of dice

coefficient compared with the difference between the input data and ground-truth data

because there are more differences between the original dataset and the generalized dataset.

Also, results of knowledge-encoded U-Net models in experiment S1, S2, S4 perform bet-

ter than U-Net-based models. It shows that more cartographic knowledge indeed help

building simplification.

Figure 5.7 shows several samples of buildings after simplification. As is shown in the

figure, the major shapes of buildings are maintained and the boundaries are smoothed.

Some buildings with small area are removed in experiment S3, S4, and S5. Notably, several

small corners of buildings are filled to be rectangles, though not perfect, and concave space

between two buildings are filled so that building footprint are generalized as rectangles.

These results illustrate that deep learning methods definitely learn building simplification

patterns and can be apply to other datasets. Regarding the comparison with U-Net-based

experiment and knowledge-encoded U-Net experiment, building footprints look smoother

after generalization. The inferred conclusions match with the results of dice coefficients

calculated in Table 5.4 that results of building simplification improved after encoding more

cartographic knowledge.
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Experiment ID Result Difference between the input data
U-Net-based Knowledge-encoded U-Net and ground-truth data

S1 0.950 0.952 0.947
S2 0.937 0.941 0.938
S3 0.997 0.997 0.998
S4 0.988 0.989 0.975
S5 0.937 0.937 0.915

Table 5.4: Experiment results for building simplification.

Figure 5.7: Experiments results for building simplifcation.
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Building Aggregation

Table 5.5 shows the results for building aggregation. In all experiments dice coefficients of

deep learning-based experiments improve significantly in comparison with the difference

between the input data and ground-truth data. Results show that deep learning methods

indeed extract and learn map generalization patterns for building aggregation. Also, dice

coefficients of all knowledge-encoded U-Net experiments besides experiment A3 are greater

than U-Net-based experiments. In other words, it is necessary to encode more cartographic

knowledge into the model for building aggregation while not only input single layer of

binary image into the U-Net model.

Figure 5.8 shows several resulting samples for aggregating buildings. As illustrated

in the figure, nearby buildings are connected and merged as one building as expected.

Also, several buildings with small footprint area are removed by the deep learning models.

Results show great potential of deep learning methods in solving building aggregation.

However, though dice coefficients of knowledge-encoded U-Net experiments perform better

than U-Net-based experiments, there is no significance difference between the results of

these two categories.

Experiment ID Result Difference between the input data
U-Net-based Knowledge-encoded U-Net and ground-truth data

A1 0.958 0.963 0.939
A2 0.914 0.917 0.867
A3 0.956 0.956 0.935
A4 0.945 0.949 0.927
A5 0.950 0.957 0.935

Table 5.5: Experiment results for building aggregation.
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Figure 5.8: Experiments results for building aggregation.

Building Delineation

Table 5.6 illustrates the experiment results of building delineation. Similar to the results for

building aggregation, all dice coefficients of experiments increase significantly compared

with the difference between the input data and ground-truth data. It shows that building

delineation rules are learned by the deep learning models.

Figure 5.9 displays several samples of delineating building results. As is shown in the
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figure, some buildings next to others are grouped and then merged. The sketch of different

generalized buildings is created. All these results illustrate that deep learning methods

may partly assist buildings delineation.

Experiment ID Result Difference between the input data
U-Net-based Knowledge-encoded U-Net and ground-truth data

D1 0.966 0.970 0.905
D2 0.931 0.934 0.799
D3 0.616 0.622 0.481

Table 5.6: Experiment results for building delineation.

Figure 5.9: Experiments results for building delineation.

Human-centered Evaluation

In the previous subsection, only machine-based metrics are illustrated. Results of human-

centered evaluation are demonstrated in Table 5.7. For participants from Amazon Mechan-
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Table 5.7: Human-centered evaluation results.

Evaluation Methods Amazon Mechanical Turk Expert Evaluation
Results of U-Net-based experiments are better 124 15
Results of knowledge-encoded U-Net experiments are better 114 23
Results are equal 83 \
Neither results are good 69 \

ical Turk, they are asked to compare differences between U-Net-based experiments and

knowledge-encoded U-Net experiments and pick one that is more similar to the ground

truth. While experts are asked to rate the results of two groups of experiments.

According to the Table 5.7, for Amazon Mechanical Turk, most results show that they

are acceptable and learn map generalization patterns (the percentage of “neither results

are good” is no more than 18%) Results that are labeled as “U-Net-based experiments are

better” is slightly higher than “knowledge-encoded U-Net experiments are better” (0.317

vs.0.292). Results illustrate that deep learning models indeed learn map generalization

patterns.

In terms of expert evaluation, the average scores of results of both models are calculated.

Results of U-Net-based experiments achieve an average rating of 8.2, which is higher than

the average rating of knowledge-encoded U-Net experiments that is 8.0. It illustrates that

both deep learning models learn map generalization patterns as the ratings are much higher

than the baseline 5.0 while lower than the ground truth that is 10. Knowledge-encoded

U-Net experiments performs better than U-Net-based experiments. Then, according to

these two ratings, the number of experiment that performs better is counted and is shown

in Table 5.7. Similar conclusions can be inferred as more results are labeled as “knowledge-

encoded U-Net experiments are better” (23 vs. 15). Since expert have more cartographic

knowledge, the results might have higher confidence in comparison with results from

Amazon Mechanical Turk.
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5.4 Discussions for Map Generalization

Despite that some of the map generalizations are learned by deep learning models, in this

chapter, two future directions might be explored. First, only building features are examined

in this work. Considering that map generalization is a comprehensive process, multiple

features such as rivers, roads, points of interest, might be combined and involved in future.

An optimized map generalization model should be able to handle various geographic

features while not limited to buildings merely. Also, current deep learning models learn

generalization patterns of one feature only in this work. In comparison, it is possible for

deep learning models to learn generalization patterns of multiple features at the same

time. In other words, the input tiled images contain various geographic objects and are

generalized respectively in the output maps.

Another direction is combining multi-steps of the generalization process. Given that

a complete map generalization procedures contain a series of generalization steps with

different parameter settings (e.g., one workflow might contain the following steps: building

simplification, building aggregation, building delineation, ...), it might be helpful to explore

if deep learning methods can learn the “overall” patterns of cartographic generalizations

while not restricted to one step. If so, deep learning-based map generalization methods

may learn the comprehensive generalization patterns from input datasets altogether. The

number of processing steps are thereby reduced significantly.

In addition, apart from the current work, a weighted loss function is defined to encode

more cartographic knowledge, more specifically, distance into the model. The loss function

is defined as follows:

w = w0 × exp(−
d2

50) (5.2)

where w0 is the original weight of loss functions and d refers to the distance to the nearest

boundary. It can be noticed that most generalization processing happens at the boundary

of buildings. Hence, the nearer to the boundary of geographic objects (i.e., the small
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the distance transform), the more important of the pixel, and the higher weights, and it

motivates the loss function design. However, I have to admit that such an exploration failed.

There is no big difference of results compared with other models. But it is still a promising

direction that worth exploring in the future. Adding more constraints into the model may

enable output achieve better results. For example, it is necessary to add perimeter, area,

and roundness as constraints into the loss function.

5.5 Conclusion

In this research, the research topic of map generalization using the state-of-the-art AI

techniques is investigated. Specifically, three generalization operators, building simplifica-

tion, building aggregation, and building delineation are examined using modified U-Net. To

answer the research question, the study explored whether the deep learning approaches

help automating the map generalization. The results of experiments show that convolu-

tional neural network indeed have the capability for learning and applying cartographic

generalization patterns. Hence, deep learning models may help cartographers for map

generalization in future practice. Results of U-Net and knowledge-based models learn

generalization patterns to some degree and can be applied to other datasets. For build-

ing simplification, the major shapes of buildings are maintained and corners are filled

as rectangles. In terms of building aggregation, nearby buildings are merged and con-

nected as building groups. Regards building delineation, similar to the results of building

aggregation, nearby buildings are merged as well, and then smoothed.

Also, by using multiple image processing techniques, cartographic knowledge is en-

coded into the deep learning models. Results show that knowledge-based model performs

better than U-Net models in most experiments. Hence, it is necessary to encode carto-

graphic knowledge into the model. On one hand, encoding cartographic knowledge may

guide training process of deep learning models. On the other hand, this work provides
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new insight for the enhancement of interpretability for deep learning methods.

In addition, two groups of evaluation methods including machine-based metrics and

human-centered evaluation are used in this work. In particular, Amazon Mechanical

Turk service and experts are recruited to conduct human-centered evaluation. Amazon

Mechanical Turk service is fast and easy deployed, while results labeled by experts have

higher confidence as they have more cartographic knowledge. Experiments show it is

necessary to conduct human-centered evaluation to examine performances of models.
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6 conclusion and future work

6.1 Conclusion

In summary, a novel framework integrating AI in cartography is proposed in this work.

Two cartographic tasks map style transfer and map generalization are explored as exam-

ples using deep learning methods and output result patterns are described in detail. The

contribution of this work is threefold. First, the artistic part of cartography is focused in this

work, and is combined with advanced artificial intelligence techniques. A comprehensive

framework contains data collection, data processing, model training, and evaluation is

illustrated and implemented for solving various cartographic tasks. Open-source software

are used that enables users to follow the workflow and apply on other cartographic tasks

easily. It should be highlighted that this framework focus on cartography only with carto-

graphic knowledge encoded. That means such a framework has high compatibility with

various AI techniques. The insights into encoding cartographic rules and principles will

not change with the rapid development of AI techniques.

Second, the thesis illustrates how artificial intelligence techniques can be used for map

style transfer. Generative adversarial networks have great potential in solving such a

classic task where the complex patterns of spatial features are maintained and the aesthetic

styles are learned and transferred from the target maps. The resulting output maps look

superficially authentic to human observers. Results are robust across multiscales and

CycleGAN model performs better than the Pix2Pix model.

Third, the research illustrates how artificial intelligence techniques can be used for

map generalization and how cartographic knowledge can be encoded into the model. By

employing several image processing techniques, spatial characteristics of geographic objects

in maps are encoded into the deep learning models. Results of experiments in this work

may benefit not only cartography and map-making, but also provide valuable insights for

other fields, such as human-computer interaction, artistic work understanding, etc.
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6.2 Limitations and Future Work

This work is among the pioneers of combining advanced deep learning methods in cartog-

raphy. Despite partial success of combining deep learning methods with two cartographic

tasks, namely map style transfer and map generalization, there is still room for improve-

ment. Also, the limitations of this thesis should be denoted, and the future directions are

also discussed here to provide more insights regards such an emerging topic.

First, most existing research about map styles is based on vector data. First, only raster-

based data (e.g., tiled maps) are taken into consideration for both map style transfer and

map generalization tasks and vector data is neglected, which may face challenges. As vector

data can record both the attributes and spatial information of features, it is convenient

and suitable for changing the symbolization and styles of the map. While in this research,

the results are based on raster data as deep convolutional networks (including GANs and

U-Net) are used to process images. Both approaches have pros and cons (Netek et al., 2020).

Different map features are stored in different layers of vector data, which means that the

styles of each layer are independent and have no influence on other map features. However,

it is complex to set all criteria of styles of map features. And rich vector data requires more

computing resources. In comparison, raster data, like tiled maps, store the geographic

features in pixel values. With advanced image processing methods like convolutional

neural networks and GANs, it is easier to calculate the output values of the maps, which

enables large volume-based style transfer and without complex style lists, and various

map generalization operations. However, geographic information stored is not continuous,

i.e., geographic objects are separate due to the split of images. The training process is

restricted to the context of the input image while lacking of adjacent information. Also, the

topology relationship of spatial features may break as each pixel only contains attributes

of that pixel. For example, Figure 6.1 shows one common topology error of the results in

map style transfer in this research. The intersections of the roads are emphasized in these

two figures. In the transferred styled map, the bold roads pass one over another rather than
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intersected, while in target styled map roads are connected via the intersection. The reason

of such phenomenon is that GANs calculate the values of each pixel without topology

information, which is only recorded in vector data. In the future, more explorations should

be conducted to minimize the error of topology in the maps. In addition, raster tiles are

hard to be updated. Each time an entire set of tiles is generated when the data geometry or

symbology changes. Hence, vector data that stores geographic objects as points, lines, and

polygons, contain completed information of objects should be taken into account. Also,

existing studies have shown potential of graph convolutional neural network (GCN) in

handling vector map data. Vector data can be stored as graphs so that it is possible to use

GCNs handling vector data. For instance, roads are represented as edges and intersections

are abstracted as vertices in graphs. Polygon objects such as buildings are also stored as

graphs based on the spatial relationships. Performing deep learning methods (GCNs in

particular) on vector data might bring new opportunities (e.g., solving spatial topology

relationships) for cartography in future.

Figure 6.1: Example of a topology error in this study. Compared with the target styled maps,
the topology of the road intersection in the transfer styled maps is wrong.

Second, only limited geographic knowledge are encoded in this work. Motivated by

cartographic theories, several image processing techniques are employed for encoding

cartographic knowledge (e.g., distance, area, convex hull) in this work. However, only

shallow cartographic theories are combined. There is still huge gap in encoding more com-

plicated aesthetic part of maps into deep learning models due to the current development

of artificial intelligence. More deep learning models, or modifying deep neural network
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structures, for instance, editing loss functions and architectures of deep learning models

might be tried in future to deliver more valuable cartographic knowledge into the model.

Third, scale is another key point in maps as map objects are displayed differently at

various scales. In this research, limited attentions have been paid for scales. For map style

transfer, though two map scales are explored (zoom level 15 and zoom level 18 as map users

frequently navigate at these two scales), the underlying reasons of why results differ at

two scales are not examined which worth exploring. For map generalization, experiments

are conducted at the fixed scale while multi-scale spatial representation is not explored.

Hence, it is necessary to continue exploration of how AI can be used for cartographic tasks

at multiple scales in future.

Also, more applications following the research paradigm are expected in future. Apart

from the two specific cartographic tasks (map style transfer and map generalization) in this

work, more explorations might be conducted in future to integrate deep learning methods

with various cartographic tasks, especially with a focus on the artistic part of maps. For

example, providing color and style recommendation of maps, examining map quality

automatically, generating various artistic map templates, etc. Deep learning methods

indeed make machines “smarter” to assist cartographers work.

In addition, more measurements should be designed for the evaluation part of the

framework in future experiments, which quantify the results from various aspects, es-

pecially human perceptions. In this work, though machine-based metrics achieve good

performances, they may not quantify the artistic part of the results fully. For map style

transfer, IsMap classifier can only categorize images as maps and general images while

more categories might be classified as well based on the map functions, such as reference

map, navigation map, thematic map. The four metrics may not characterize the details of

map objects such as area, perimeter, and accurate locations. Regarding map generaliza-

tion, images may achieve high dice coefficients while maintain limited map characteristics.

More metrics such as area, roundness, and perimeter might also serve as indicators for
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evaluating various cartographic tasks. Regarding the human-centered evaluations, more

human perceptions can be added in future research. Only one simple question is asked for

Amazon Mechanical Turk and experts. More aspects such as cartographic patterns and

rules can be added into the questionnaire to measure the results comprehensively.

Finally, the negative part of AI may also hinder integrating AI in cartography such as the

copyright issue. For example, users are easier to create maps and transfer map styles with

AI. It is hard to protect the copyright of map styles (which originally consists of thousands

of style rules) as they are easily learned by AI. Though current “Weak AI” cannot learn and

create maps perfectly, the aesthetic part of maps which condense cartographers’ creativity

might be “stolen” by more advanced and more powerful AI techniques in future. Hence, it

is necessary to protect the intellectual property of cartographers.
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