Chapter 11: Spatial data management - vector
formats

Shapely

Shapely (https://shapely.readthedocs.io/en/stable/manual.html) is a Python package for manipulation and
analysis of planar geometric objects. While Shapely is not concerned with data formats or coordinate
systems, it can be readily integrated with packages that are. Indeed, Shapely is a central and essential
package to any geometry/geography related work, and many higher abstraction level packages like
GeoPandas use Shapely under the hood.

How to install Shapely?

We need to install the shapely package.

Anaconda - Platform independent

If you have Anaconda installed, open the Anaconda Prompt and type in:

conda update --all
conda install -c conda-forge shapely

Note: updating the currently installed packages to their most recent version can be required to avoid
dependency issues. Note: we install from the conda-forge channel, as it contains more recent versions of
these packages compared to the default channel of Anaconda.

Python Package Installer (pip) - Linux

If you have standalone Python3 and Jupyter Notebook install on Linux, open a command prompt / terminal
and type in:

pip3 install shapely

Python Package Installer (pip) - Windows

The installation of these packages is much more complicated with pip on Windows, because several library
binaries must be installed separately or compiled from source. (E.g. the shapely package highly depends on
the GEOS library.) An easier approach is to install these packages from Python binary wheel files
(https://www.lfd.uci.edu/~gohlke/pythonlibs/).

Due to its complexity these options are only recommended for advanced Python users; and instead it is
strongly advised to use Anaconda on Windows.

How to use shapely?


https://shapely.readthedocs.io/en/stable/manual.html
https://www.lfd.uci.edu/~gohlke/pythonlibs/

We can either import the complete shapely module or just some parts of it which will be used, e.g.:
from shapely import geometry

Now we can simply refer to e.g. the shapely.geometry.Point type simply as geometry.Point .

Basic usage of shapely

The fundamental types of geometric objects implemented by Shapely are points, line string, polygons and
their collections.

Creation of Shapely objects

Elementary planar geometries can be created from scratch.

Let's define a new point with the coordinate (5,6) .

In [1]:

from shapely import geometry

point = geometry.Point(5,6)
print(point)

POINT (5 6)

Line strings can be defined through the list of their vertices.

In [2]:

line = geometry.LineString([(6,6), (7,7), (8,9)])
print(line)

LINESTRING (6 6, 7 7, 8 9)

Polygons are closed line strings (optionally with holes). The line string is automatically closed. The
coordinates can be given with either tuples or lists.

In [3]:

rectanglel = geometry.Polygon([[©,0], [10,0], [10,10], [0,10]1])
rectangle2 = geometry.Polygon([(-4,-4), (4,-4), (4,4), (-4,4)])
print(rectanglel)
print(rectangle?)

POLYGON ((0 0, 10 0, 10 10, 0 10, 0 0))
POLYGON ((-4 -4, 4 -4, 4 4, -4 4, -4 -4))

A holed polygon can be defined as an exterior shell with a list of inner shells as the holes.



In [4]:

rectangle3 = geometry.Polygon([(©,0), (10,0), (10,10), (0,10)],
[[(2,2), (2,3), (3,3), (3,2)],
[((5,5), (5,7), (7,7), (7,5)11)
print(rectangle3)

POLYGON ((0 0, 10 0, 10 10, 0 10, 0 0), (2 2, 2 3, 33, 3 2, 2 2),
(55, 57, 77, 75, 55))

Manage Shapely objects

For points and line strings the sequence of coordinates can be accessed through the coords property,
while the separate list of X and Y coordinates can be accessed through the xy property of the Shapely
objects.

In [5]:

print("Coords: {0}".format(list(point.coords)))
X, Yy = point.xy

print("X coords: {0}".format(x))

print("Y coords: {0}".format(y))

Coords: [(5.0, 6.0)]
X coords: array('d', [5.0])
Y coords: array('d', [6.0])

In [6]:

print("Coords: {0}".format(list(line.coords)))
X, y = line.xy

print("X coords: {0}".format(x))

print("Y coords: {0}".format(y))

Coords: [(6.0, 6.0), (7.0, 7.0), (8.0, 9.0)]
X coords: array('d', [6.0, 7.0, 8.0])
Y coords: array('d', [6.0, 7.0, 9.0])

For polygons, the outer shell can be accessed as the exterior . Note: the exterior is also available for
points and line strings.

In [7]:

print("Coords: {0}".format(list(rectanglel.exterior.coords)))
X, Yy = rectanglel.exterior.xy

print("X coords: {0}".format(x))

print("Y coords: {0}".format(y))

Coords: [(0.0, 0.0), (10.0, 0.0), (16.0, 10.0), (0.0, 16.0), (0.0,
0.0)]

X coords: array('d', [0.0, 10.0, 10.0, 0.0, 0.0])

Y coords: array('d', [0.0, 0.0, 10.0, 10.0, 0.0])

The holes of a polygon can be accessed through the interiors list of the object.



In [8]:

print("Coords: {0}".format(list(rectangle3.exterior.coords)))
X, Yy = rectangle3.exterior.xy

print("X coords: {0}".format(x))

print("Y coords: {0}".format(y))

print("Holes:")
for hole in rectangle2.interiors:
print(hole)

Coords: [(0.0, 0.0), (10.0, 0.0), (10.0, 10.0), (0.0, 10.0), (0.0,
0.0)]
X coords: array('d', [0.0, 10.0, 10.0, 0.0, 0.
Y coords: array('d', [0.0, 0.0, 10.0, 10.0, 0.
Holes:

0])
0])

Various geometric properties can be easily computed through Shapely:

In [9]:

print('Area of Rectanglel: {0:.2f}'.format(rectanglel.area))
print('Area of Rectangle2: {0:.2f}'.format(rectangle2.area))
print('Area of Rectangle2: {0:.2f}'.format(rectangle3.area))
print('Length of Line: {0:.2f}'.format(line.length))

Area of Rectanglel: 100.00
Area of Rectangle2: 64.00
Area of Rectangle2: 95.00
Length of Line: 3.65

In [10]:

print(point.distance(rectangle2))
print(line.distance(rectangle2))

2.23606797749979
2.8284271247461903

In [11]:

print('Rectanglel contains Point: {0}'.format(rectanglel.contains(point)))
print('Rectangle2 contains Point: {0}'.format(rectangle2.contains(point)))
print('Rectanglel contains Rectangle2: {0}'.format(rectanglel.contains(rectangle
2)))

print('Rectanglel intersects Rectangle2: {0}'.format(rectanglel.intersects(recta
ngle2)))

Rectanglel contains Point: True
Rectangle2 contains Point: False
Rectanglel contains Rectangle2: False
Rectanglel intersects Rectangle2: True

Read WKT strings into Shapely objects



Geometries can also be loaded using the well-known text (WKT)_(https://en.wikipedia.org/wiki/\Well-
known_text representation_of geometry) format.

Well-known text (WKT) is a text markup language for representing vector geometry objects. It is a human-
readable, but verbose format. A binary equivalent, known as well-known binary (WKB) is used to transfer and
store the same information in a more compact form convenient for computer processing but that is not
human-readable.

WKT and WKB are understood by many applications and software libraries, including Shapely.

In [12]:

from shapely import wkt

rectangle2 = wkt.loads('POLYGON ((-4 -4, 4 -4, 4 4, -4 4, -4 -4))")
print(rectangle?2)

POLYGON ((-4 -4, 4 -4, 4 4, -4 4, -4 -4))

Note: Shapely also displays geometries as a WKT as the default string representation.

GeoPandas

GeoPandas (https://geopandas.org/) is an open source project to make working with geospatial data in
Python easier. GeoPandas extends the datatypes used by pandas to allow spatial operations on geometric

types.


https://en.wikipedia.org/wiki/Well-known_text_representation_of_geometry
https://geopandas.org/

Install geopandas

The following Python packages are required to be installed:

» geopandas

» descartes (for visualization)

» mapclassify (for classification of data)
« rtree (spatial indexing of data)

Anaconda - Platform independent

If you have Anaconda installed, open the Anaconda Prompt and type in:

conda update --all
conda install -c conda-forge geopandas descartes mapclassify rtree

Note: updating the currently installed packages to their most recent version can be required to avoid
dependency issues.

Note: we install from the conda-forge channel, as it contains more recent versions of these packages
compared to the default channel of Anaconda.

Python Package Installer (pip) - Linux

If you have standalone Python3 and Jupyter Notebook install on Linux, open a command prompt / terminal
and type in:

pip3 install geopandas descartes mapclassify rtree

For the rtree Python package you must also install the libspatialindex-dev system package, which will require
administrative priviliges:

sudo apt-get install libspatialindex-dev

Python Package Installer (pip) - Windows

The installation of these packages is much more complicated with pip on Windows, because several library
binaries must be installed separately or compiled from source. (E.g. the geopandas package highly depends
on the GDAL library.)

An easier approach is to install these packages from Python binary wheel files
(https://www.Ifd.uci.edu/~gohlke/pythonlibs/).

Due to its complexity these options are only recommended for advanced Python users and it is strongly
advised to use Anaconda on Windows.
How to use geopandas?

The geopandas package is also a module which you can simply import. It is usually aliased with the gpd
abbreviation.

import geopandas as gpd

Read spatial data


https://www.lfd.uci.edu/~gohlke/pythonlibs/

Geopandas can read many vector-based spatial data format including Shapefiles, GeoJSON files and much
more. Only the read_file() function has to be called. The result is a geopandas dataframe, a
GeoDataFrame.

Read the data/ne_10m_admin_0_countries.shp shapefile located in the data folder. This dataset
contains both scalar and spatial data of the countries all over the world.
Source: Natural Earth (https://www.naturalearthdata.com/downloads/10m-cultural-vectors/),

In [13]:

import geopandas as gpd
import matplotlib.pyplot as plt
%matplotlib inline

countries_gdf = gpd.read_file('../data/ne_10m_admin_0_countries.shp')
display(countries_gdf)

GeoPandas uses Shapely to represent geometries. Observe the geometry column (the last one), which
contains the Shapely geometry objects of the row, displayed as a string (in WKT format) in the table.

index data geometry

Basic usage of GeoDataFrames

Since this GeoDataFrame has quite a number of columns, some of them are hidden by the display. Let's list
all the columns:


https://www.naturalearthdata.com/downloads/10m-cultural-vectors/

In [14]:
print(countries_gdf.columns)
Index(['featurecla', 'scalerank',6 'LABELRANK', 'SOVEREIGNT', 'SOV_A

3',
'ADMO_DIF', 'LEVEL', 'TYPE', 'ADMIN', 'ADMO_A3', 'GEOU_DIF',

'GEOUNIT',

'"GU_A3', 'SU_DIF', 'SUBUNIT', 'SU_A3', 'BRK_DIFF', 'NAME', 'N
AME_LONG ',

'BRK_A3', 'BRK_NAME', 'BRK_GROUP', 'ABBREV', 'POSTAL', 'FORMA
L_EN',

'"FORMAL_FR', 'NAME_CIAWF', 'NOTE_ADM@', 'NOTE_BRK', 'NAME_SOR
T',

'"NAME_ALT', 'MAPCOLOR7', 'MAPCOLOR8', 'MAPCOLOR9', 'MAPCOLOR1
3',

'"POP_EST', 'POP_RANK', 'GDP_MD_EST', 'POP_YEAR', 'LASTCENSU
s',

'GDP_YEAR', 'ECONOMY', 'INCOME_GRP', 'WIKIPEDIA', 'FIPS_10_',
'ISO_A2',

'ISO_A3', 'ISO_A3_EH', 'ISO_N3', 'UN_A3', 'WB_A2', 'WB_A3',
'"WOE_ID',

'WOE_ID_EH', 'WOE_NOTE', 'ADMO_A3_IS', 'ADMO_A3_US', 'ADMO_A3
_UN',

'ADMO_A3_WB', 'CONTINENT', 'REGION_UN', 'SUBREGION', 'REGION_
WB',

'"NAME_LEN', 'LONG_LEN', 'ABBREV_LEN', 'TINY', 'HOMEPART', 'MI
N_ZOOM',

'"MIN_LABEL', 'MAX_LABEL', 'NE_ID', 'WIKIDATAID', 'NAME_AR',
"NAME_BN',

'"NAME_DE', 'NAME_EN', 'NAME_ES', 'NAME_FR', 'NAME_EL', 'NAME_

HI',

'"NAME_HU', 'NAME_ID', 'NAME_IT', 'NAME_JA', 'NAME_KO', 'NAME_
NL',

'"NAME_PL', 'NAME_PT', 'NAME_RU', 'NAME_SV', 'NAME_TR', 'NAME_
VI',

"NAME_ZH', 'geometry'],
dtype='object"')

With a lot of columns it can be useful to select only a few columns to make the displayed results more
human-readable. This can be done by in a similar way when selecting a single Series from a DataFrame, but
now we shall define a list of Series to select.

Remark: this makes a copy of the dataframe.



In [15]:

countries_gdf = countries_gdf[['NAME',

YEAR', "geometry']]

_ "REGION_UN',
display(countries_gdf)

'"POP_EST',

"POP_YEAR',

'GDP_MD_EST',

NAME POP EST POP_YEAR GDP MD EST GDP _YEAR REGION UN ge

MULTIPC

0  Indonesia 260580739 2017 3028000.0 2016 Asia (((11£
117.7¢

MULTIPC

1 Malaysia 31381992 2017 863000.0 2016 Asia (@1
117.6¢

MULTIPC

2 Chile 17789267 2017 436100.0 2016 Americas ((E'E
-60.

PC

(-6

3 Bolivia 11138234 2017 78350.0 2016 Americas -17
6

MULTIPC

a Peru 31036656 2017 410400.0 2016 Americas ((E'E
-60.

MULTIPC

250 Macao 601969 2017 63220.0 2016 Asia (((121,
Z

113.F

PC

Ashmore ((12

251 and Cartier 0 2017 0.0 2016 Oceania -1zZ
Is. 12

PC

. (-7

252  Bajo Nuevo 0 2017 0.0 2016 Americas 1t
Bank 7

1

PC

. (-7

253 Serranilla 0 0 0.0 0 Americas 1t
Bank 7

1

PC

(11

254 Scarborough 0 2012 0.0 2016 Asia 1t
Reef 11

255 rows x 7 columns

1

'GDP



Geopandas extends the capabilties of the pandas library, which means we can use all what we have learned
with pandas.

Let's sort the GeoDataFrame by the name of the countries:

In [16]:

display(countries_gdf.sort_values(by='NAME'))

Filter the dataframe to contain only the European countries:

In [17]:

condition = countries_gdf['REGION_UN'] == 'Europe'
europe_gdf = countries_gdf[condition]
display(europe_gdf)

Sort the European countries by their population in a descending order:

In [18]:

display(europe_gdf.sort_values(by = 'POP_EST', ascending = False))

Spatial data management in GeoDataFrames
We can fetch the CRS (coordinate reference system) of the geometry column in the GeoDataFrame:

In [19]:
print(countries_gdf.crs)

epsg:4326

In [20]:
display(countries_gdf.crs)

<Geographic 2D CRS: EPSG:4326>

Name: WGS 84

Axis Info [ellipsoidal]:

- Lat[north]: Geodetic latitude (degree)
- Lon[east]: Geodetic longitude (degree)
Area of Use:

- name: World.

- bounds: (-180.0, -90.0, 180.0, 90.0)
Datum: World Geodetic System 1984

- Ellipsoid: WGS 84

- Prime Meridian: Greenwich

As we can observe the spatial data are in WGS 84 (EPSG:4326). Since that is a geographic CRS, it would
be unsuitable to calculate the area of the countries.

The geometries can be transformed on-the-fly to a different CRS with GeoPandas. Let's select a projected
CRS, Mercator (EPSG:3857).



In [21]:

countries_mercator = countries_gdf.to_crs('epsg:3857"')
Now the area of each geometry can be calculated in km? units:

In [22]:

countries_mercator['AREA'] = countries_mercator.area / 10**6
display(countries_mercator)

Use the round() function to limit the number decimal digits, hence we can get rid of the scientific notation:

In [23]:

countries_mercator['AREA'] = countries_mercator['AREA'].round(2)
display(countries_mercator)

Since the Mercator projection applies is azimuthal (meaning the angles are correct), but not equal-area,
areas inflate with distance from the equator such that the polar regions are grossly exaggerated. Therefore
there are great territorial distortion int calculated values, e.g. for Hungary the area is more than twice of the
real value.

In [24]:
display(countries_mercator[countries_mercator['NAME'] == 'Hungary'])
NAME POP_EST POP_YEAR GDP_MD_EST GDP_YEAR REGION_UN geomet|
POLYGO
((2546722.8¢
75 Hungary 9850845 2017 267600.0 2016 Europe 6097998.60

2544893.518

»

Let's use the Mollweide (ESRI:54009) equal-area projection instead to calculate the proper area of the
countries.

In [25]:

countries_mollweide = countries_gdf.to_crs('esri:54009")
countries_mollweide['AREA'] = countries_mollweide.area / 10**6
countries_mollweide['AREA'] = countries_mollweide['AREA'].round(2)

display(countries_mollweide[countries_mollweide[ 'NAME'] == 'Hungary'])
NAME POP_EST POP_YEAR GDP_MD_EST GDP_YEAR REGION_UN geomet|
POLYGO
((1785929.91
75 Hungary 9850845 2017 267600.0 2016 Europe 565678762

1784927.965

»



Remark: EPSG (European Petroleum Survey Group) and ESRI (American company Environmental Systems
Research Institute) are two authorities providing well-known identifiers (WKID) for CRS.
However these numbers don’t overlap for avoiding confusion.

Task: When working with local spatial data for Hungary often the Uniform National Projection named EOV
(abbreviation of Egységes Orszagos Vetiilet) is utilizied. It is an azimuthal projected CRS, and while not
equal-area, only applies a minimal distortion on the region of Hungary.

Calculate the area of Hungary in EOV!

In [26]:

countries_eov = countries_gdf.to_crs('EPSG:23700') # EOV is EPSG:23700
countries_eov.set_index('NAME', drop=False, inplace=True)
countries_eov['AREA'] = countries_eov.area / 10**6
display(countries_eov.loc['Hungary'])

NAME Hungary
POP_EST 9850845
POP_YEAR 2017
GDP_MD_EST 267600.0
GDP_YEAR 2016
REGION_UN Europe
geometry POLYGON ((936017.8110286188 296237.7384604304, ...
AREA 93200.728333

Name: Hungary, dtype: object

Map making

Geopandas provides a high-level interface to the matplotlib library for making maps. Mapping shapes is as
easy as using the plot() method on a GeoDataFrame (or GeoSeries).

In [27]:

countries_gdf.plot(figsize=[20,10])
plt.show()
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The plot() function call on a GeoDataFrame (or a regular pandas DataFrame) will return an axis

configuration object, which we can use to further customize our plot (map in this case). E.g. we can hide the
axes with the set_axis_off() function:

In [28]:

ax = countries_gdf.plot(figsize=[20,10])
ax.set_axis_off()
plt.show()

Choropleth maps

Geopandas makes it easy to create so called choropleth maps (maps where the color of each shape is
based on the value of an associated variable). Simply use the plot() method with the column argument
set to the column whose values you want used to assign colors.

In [29]:

countries_gdf.plot(column="POP_EST', figsize=[20,10])
plt.show()
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Add a legend to the map.

In [30]:

countries_gdf.plot(column="POP_EST', legend=True, figsize=[20,10])
plt.show()

1e9

25

75

T T T T T T T
-150 -100 -50 o 50 100 150

We can choose from various available color maps. A complete list can be found on the matplotlib website
(https://matplotlib.org/tutorials/colors/colormaps.html).

In [31]:

countries_gdf.plot(column="GDP_MD_EST', legend=True, cmap='Y1lOrRd', figsize=[20,
10])
plt.show()
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https://matplotlib.org/tutorials/colors/colormaps.html

The way color maps are scaled can also be manipulated with the scheme option (the mapclassify Python
library must be installed).

A full list of schemes are available on the project's GitHub page (https://github.com/pysal/mapclassify) and
some examples of result on the package's website (https://pysal.org/mapclassify/index.html).

In [32]:

countries_gdf.plot(column="'GDP_MD_EST', legend=True, cmap='Y1lOrRd',6 figsize=[20,
10], scheme='quantiles')
plt.show()

000, 123240
e 1232.40, 14548.00
14548.00, ©4316.00
64316 00, 32450000
324500.00, 21140000.00
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With the user_defined scheme, a custom classification can be defined.

In [33]:

countries_gdf.plot(column="GDP_MD_EST', legend=True, cmap='Y1lOrRd', figsize=[20,
10],

scheme="user_defined', classification_kwds={'bins':[1500, 600
00, 300000]1})
plt.show()

000, 150000
1500.00, 6000000
60000.00, 300000.00
300000.00, 21140000.00
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https://github.com/pysal/mapclassify
https://pysal.org/mapclassify/index.html

Multiple layers

We can easily combine the data of multiple GeoDataFrames and even visualize them as multiple layers with
geopandas.

Open and read a second data source defined in the data/World_Cities.shp shapefile, containing
scalar and spatial data about major cities all around the world.
Source: ArcGIS (https://hub.arcgis.com/datasets/6996f03alb364dbab4008d99380370ed_0)

In [34]:

cities_gdf = gpd.read_file('../data/World_Cities.shp')
display(cities_gdf)

FID ObjectiD CITY_NAME GMI_ADMIN ADMIN_NAME FIPS_CNTRY CNTRY_NAM

0 1001 1500 Koszalin POL-KSZ Koszalin PL Polar
1 1002 1200 Erzurum TUR-ERR Erzurum TU Turke
2 1003 1000 Jendouba TUN-JND Jundubah TS Tunis
3 1004 1501 Szczecin POL-SZC Szczecin PL Polar
4 1005 1600 RIWeL ROMVIL Vilcea RO Roman
2535 996 395 St. Anns Bay JAM-SAN Saint Ann IM Jamaic
2536 997 396 Port Maria JAM-SMA Saint Mary M Jamaic
2537 998 397 Port Antonio JAM-PRT Portland M Jamaic
2538 999 398 Spanish 5 y.scT Saint IM Jamaic
Town Catherine
2539 1000 399 May Pen JAM-CLR Clarendon M Jamaic

2540 rows x 14 columns

Reduce the number of columns, by selecting only the most important ones:


https://hub.arcgis.com/datasets/6996f03a1b364dbab4008d99380370ed_0

In [35]:

cities_gdf = cities_gdf[['CITY_NAME',

'"CNTRY_NAME', 'STATUS', 'POP',

gisplay(cities_gdf)
CITY_NAME CNTRY_NAME STATUS POP geometry
0 Koszalin Poland Provincial capital 107450 POINT (16.18500 54.18600)
1 Erzurum Turkey Provincial capital 420691 POINT (41.29200 39.90400)
2 Jendouba Tunisia Provincial capital 51408 POINT (8.75000 36.50000)
3 Szczecin Poland Provincial capital 407811 POINT (14.53100 53.43800)
4 Rimnicu Vilcea Romania Provincial capital 107558 POINT (24.38300 45.11000)
2535 St. Anns Bay Jamaica Provincial capital -999 POINT (-77.19952 18.43264)
2536 Port Maria Jamaica Provincial capital 7906 POINT (-76.90000 18.37700)
2537 Port Antonio Jamaica Provincial capital -999 POINT (-76.38000 18.15900)
2538 Spanish Town Jamaica Provincial capital 145018 POINT (-76.95200 17.99500)
2539 May Pen Jamaica Provincial capital 44755 POINT (-77.24300 17.96900)

2540 rows x 5 columns

Plot the cities:

In [36]:

cities_gdf.plot(color='red', markersize=3, figsize=[20,10])

plt.show()
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Verify whether both datasets use the same coordinate reference system:

In [37]:

print(cities_gdf.crs)
print(countries_gdf.crs)

epsg:4326
epsg:4326

'geometry'



Would be they different, geopandas would also be capable to transform one of the dataframes to the other
CRS:

cities_gdf = cities_gdf.to_crs(countries_gdf.crs)

Create a combined visualization of multiple layers, by simply calling the plot() method on all
GeoDataFrames, but drawing them on the same axis object.

In [38]:
base = countries_gdf.plot(color='white', edgecolor='black', figsize=[20, 10])

cities_gdf.plot(ax=base, color='red', markersize=3)
plt.show()

-150 -100 =50 o 50 100 150

Basemaps (optional)

Contextily (https://contextily.readthedocs.io/en/latest/) is a Python package to retrieve tile maps from the
internet. It can add those tiles as basemap to matplotlib figures.

How to install contextily?

conda install -c conda-forge contextily

How to install contextily?

The contextily package is also a module which you can simply import. It is usually aliased with the ctx
abbreviation.

import contextily as ctx

The basemap tiles are in the Web Mercator (EPSG:3857) projection. To use them, we must convert our
dataset to this CRS first.


https://contextily.readthedocs.io/en/latest/

In [39]:

import contextily as ctx

# Convert dataset to Web Mercator (EPSG:3857)
cities_mercator = cities_gdf.to_crs('epsg:3857")

ax = cities_mercator.plot(figsize=[20, 10], color='red', markersize=3)
ctx.add_basemap(ax)

ax.set_axis_off()

plt.show()

The same journey can be travelled in the opposite direction by leaving your data untouched and warping the
tiles coming from the web.

In [40]:

import contextily as ctx

ax = cities_gdf.plot(figsize=[20, 10], color='red', markersize=3)
ctx.add_basemap(ax, crs=cities_gdf.crs)

ax.set_axis_off()

plt.show()

Note: it is also possible to convert both dataset and the basemap tiles into a different, third CRS.



Clipping operation
Geopandas offers a coordinate indexer ( ¢x ), which can be used to select only the records which geometry
overlaps with the selected region.

Let's select and plot the countries in the northern hemisphere.

In [41]:

northern_gdf = countries_gdf.cx[:, 0:]
northern_gdf.plot(figsize=[20, 10])
plt.show()
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Note: with this approach countries overlapping both the northern and southern hemispheres are not clipped.

We can perform real clipping with the clip() function of geopandas. As a showcase let's clip the countries
and country parts inside the bounding box of Europe; defined with the following polygon (given in WKT
format):

POLYGON ((-10 35, 40 35, 40 70, -10, 70, -10, 35)).

Geopandas uses the Shapely library in the background to represent and manipulate vector data. Therefore,
first we define a regular pandas DataFrame named europe_df , where the Coordinates column will contain
a polygon defined with Shapely.



In [42]:

import pandas as pd
from shapely.geometry import Polygon

europe_df = pd.DataFrame({

'"Name': ['Europe'],

'Coordinates': [Polygon([(-10, 35), (40, 35), (406, 70), (-10, 70), (-10, 35
)11

# the polygon is defined as a closed line

})
display(europe_df)

Name Coordinates

0 Europe POLYGON ((-10 35, 40 35, 40 70, -10 70, -10 35))

Now our GeoDataFrame can be constructed from the DataFrame stored in europe_df , by defining which
Series (column) contains the geometries and the CRS. (Use the CRS of the countries dataset.)

In [43]:

europe_gdf = gpd.GeoDataFrame(europe_df, geometry='Coordinates', crs=countries_g
df.crs)
display(europe_gdf)

Name Coordinates

0 Europe POLYGON ((-10.00000 35.00000, 40.00000 35.0000...

Finally, we can perform the clipping operation between the GeoDataFrames:



In [44]:

clipped_gdf = gpd.clip(countries_gdf, europe_gdf)
clipped_gdf.plot(figsize=[10, 10])
plt.show()
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Attribute join

In an attribute join, a GeoDataFrame (or a GeoSeries) is combined with a regular pandas DataFrame or
Series based on a common variable. (This is analogous to normal merging or joining in pandas.)

Let's read the European countries datatset from the data/countries_europe.csv file, which we used
in Chapter 9 (09_tabular.pdf). The dataset contains the country name, capital city name, area (in km?),
population (in millions) and the region data for 43 European countries respectively.

Data source: EuroStat (https://ec.europa.eu/eurostat/)

In [45]:

countries_europe = pd.read_csv('../data/countries_europe.csv', delimiter = ';")
display(countries_europe)

Country Capital Area (km2) Population (millions) Region

0 Albania Tirana 28748 3.20 Southern
1 Andorra Andorra la Vella 468 0.07 Western
2 Austria Vienna 83857 7.60 Western
3 Belgium Brussels 30519 10.00 Western
4 Bosnia and Herzegovina Sarajevo 51130 4.50 Southern
38 Sweden Stockholm 449964 8.50 Northern
39 Serbia Belgrade 66577 7.20 Southern
40 Slovakia Bratislava 49035 5.30 Central
41 Slovenia Ljubljana 20250 2.00 Southern
42 Ukraine Kiev 603700 51.80 Eastern

The attribute join can be performed with the merge() method, defining the columns used for merging. (Or
alternatively left_index and right_index .)

In [46]:

countries_merged = countries_gdf.merge(countries_europe, left_on='NAME', right_o

n="'Country"')
display(countries_merged)

Spatial join

The spatial join ( sjoin() ) function of geopandas performs a spatial intersection check between the
records of one or two GeoDataFrames. (The rtree package must be installed for spatial indexing support.)

Let's match the countries and cities based on their spatial location:


file:///converted/book/pdf/09_tabular.pdf
https://ec.europa.eu/eurostat/

In [47]:

display(gpd.sjoin(countries_gdf, cities_gdf))

Limit the number of columns displayed to get an output easier to interpret:

In [48]:

display(gpd.sjoin(countries_gdf,

NAME CITY_NAME

0 Indonesia Jayapura

0 Indonesia Kupang

0 Indonesia Denpasar

0 Indonesia Mataram

0 Indonesia Yogyakarta
246 Bahrain Sitrah
246 Bahrain Ar Rifa
246 Bahrain Jidd Hafs
246 Bahrain Manama
250 Macao Macau

2487 rows x 2 columns

cities_gdf)[['NAME',

Select the cities inside Hungary for a quick verification of the results:

"CITY_NAME']])



In [49]:

condition = countries_gdf['NAME'] == 'Hungary'
hungary_gdf = countries_gdf[condition]
display(gpd.sjoin(hungary_gdf, cities_gdf)[['NAME', 'CITY_NAME']])

NAME CITY_NAME

75 Hungary Pecs
75 Hungary Szeged
75 Hungary Szekszard
75 Hungary Kaposvar

75 Hungary Bekescsaba

75 Hungary  Zalaegerszeg

75 Hungary Kecskemet
75 Hungary Veszprem
75 Hungary Szolnok

75 Hungary Szekesfehervar

75 Hungary Szombathely

75 Hungary Budapest
75 Hungary Debrecen
75 Hungary Tatabanya
75 Hungary Gyor
75 Hungary Eger

75 Hungary Nyiregyhaza
75 Hungary Salgotarjan

75 Hungary Miskolc

Perform a spatial intersection check between the dataframe containing only Hungary ( hungary_gdf ) and
the dataframe containing all countries ( countries_gdf ). The result shall be the neighbouring countries of
Hungary.



In [50]:

display(gpd.sjoin(hungary_gdf, countries_gdf)[['NAME_left', 'NAME_right']])

NAME_left NAME_right

75 Hungary Romania
75 Hungary Ukraine
75 Hungary Serbia
75 Hungary Croatia
75 Hungary Slovenia
75 Hungary Hungary
75 Hungary Austria
75 Hungary Slovakia

Remark: the NAME column was renamed to NAME_left and NAME_right automatically, since column
names must be unique.

Writing spatial data

GeoDataFrames can be easily persisted with the to_file() function. As when reading files, various file
formats are supported again.

In [51]:

clipped_gdf.to_file('11_clipped.shp')
#clipped_gdf.to_file('11_clipped2.geojson', driver='GeoJSON')

Summary exercises on vector data management

Beside the countries_gdf GeoDataFrame, read the
data/ne_10m_rivers_lake_centerlines.shp shapefile located in the data folder. This dataset
contains both scalar and spatial data of the larger rivers and lakes around the world.

Source: Natural Earth (https://www.naturalearthdata.com/downloads/10m-physical-vectors/)



https://www.naturalearthdata.com/downloads/10m-physical-vectors/

In [52]:

rivers_gdf = gpd.read_file('../data/ne_10m_rivers_lake_centerlines.shp')
display(rivers_gdf)

dissolve scalerank featurecla name name_alt rivernum note min_zoom |
0 ORiver 1.0 River Irrawaddy None 0 None 20 |
Delta
1 100lLake 9.0 Lake Tonle None 1001 None 7.1
Centerline Centerline Sap
2 1001River 9.0 River T‘;rgg None 1001 None 7.1
3 1002""’.1'(6 9.0 Le_lke Sheksna None 1002 None 7.1
Centerline Centerline
4 1002River 9.0 River  Sheksna None 1002 None 7.1
1449 ?2050Lake 10.0 Lake — rorapo None 2050 None 7.2
Centerline Centerline
1450 2049Lake 10.0 Lake Ohau None 2049 None 7.2
Centerline Centerline
1451 219River 6.0 River Po None 219 Vtzrselgir; 5.0
1452  178River 5.0 River Loire None 178 Chaizgfg 4.7
1453 303Drau 7.0 River Drau Drava 303 None 6.0

1454 rows x 35 columns

Exercise 1

Visualize the country boundaries and the river/lake layers on the same map. (Rivers and lakes shall be blue.)



In [53]:

base = countries_gdf.plot(color='white', edgecolor='black', figsize=[20, 10])
rivers_gdf.plot(ax=base, color='blue')
plt.show()
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Exercise 2

Visualize only Hungary (on any preferred country) and the rivers flowing through it.

In [54]:

hungary_gdf = countries_gdf[countries_gdf['NAME'] == 'Hungary']
hungary_rivers = gpd.sjoin(rivers_gdf, hungary_gdf)

base = hungary_gdf.plot(color="'white', edgecolor='black', figsize=[20, 10])
hungary_rivers.plot(ax=base, color="'blue')
plt.show()

With clipping to country boundaries:



In [55]:
hungary_rivers = gpd.clip(hungary_rivers, hungary_gdf)
base = hungary_gdf.plot(color='white', edgecolor='black',6 figsize=[20, 10])

hungary_rivers.plot(ax=base, color="'blue')
plt.show()
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Exercise 3

Determine for the river Danube (or any major river) that which countries it flows through.

Hint: the river might consist of multiple line segments in the river dataset, but you can filter all of them by e.g.
the name_en field.



In [56]:

danube_gdf = rivers_gdf[rivers_gdf['name_en'] == 'Danube']
display(danube_gdf)

danube_countries = gpd.sjoin(danube_gdf, countries_gdf)
display(danube_countries[['NAME']])

dissolve scalerank featurecla name name_alt rivernum note min_zoom name_e

389 25River 2.0 River Danube None 25 None 2.1 Danub

566 38River 2.0 River Donau Danube 38 None 2.1 Danub

2 rows x 35 columns

NAME
389 Bulgaria
389 Romania
389  Ukraine
389 Serbia
389 Croatia

389 Hungary

389 Slovakia
566 Slovakia
566 Austria

566 Germany

Process the Shapely objects in a GeoDataFrame

The data/hungary_admin_8.shp shapefile contains the city level administrative boundaries of Hungary.
Data source: OpenStreetMap (htips.//data2.openstreetmap.hu/hatarok/)

Load the dataset into a GeoDataFrame, set the NAME column as index and convert it to the EOV coordinate
reference system.


https://data2.openstreetmap.hu/hatarok/

In [57]:

import geopandas as gpd

cities_admin = gpd.read_file('../data/hungary_admin_8.shp")
print("Initial CRS: {0}".format(cities_admin.crs))

cities_admin.set_index('NAME', inplace=True)
cities_admin.to_crs('epsg:23700', inplace=True) # EOV
print("Converted CRS: {0}".format(cities_admin.crs))

display(cities_admin)

Initial CRS: epsg:3857
Converted CRS: epsg:23700

ADMIN_LEVE geometry

NAME
Murakeresztir 8 POLYGON ((480939.034 114618.287, 480958.625 11...
Tétszerdahely 8 POLYGON ((473882.976 118474.207, 474009.733 11...
Molnari 8 POLYGON ((477975.454 117130.010, 478008.561 11...
Semjénhaza 8 POLYGON ((480316.699 120040.067, 480358.723 12...
Fels6sz6lndk 8 POLYGON ((426404.582 173622.019, 426532.558 17...

Milota 8 POLYGON ((924402.526 310431.812, 924402.529 31...
Tiszabecs 8 POLYGON ((927957.308 311701.481, 928042.039 31...
Garbolc 8 POLYGON ((933756.183 296547.014, 933798.205 29...
Magosliget 8 POLYGON ((931597.406 308102.976, 931640.122 30...
Beregdaré6c 8 POLYGON ((904890.259 323808.371, 905059.726 32...

3174 rows x 2 columns

Process all the rows in the GeoDataFrame and display only the counties with an area larger than 200 km?:



In [58]:

for name, row in cities_admin.iterrows():
geom = row[ 'geometry']
if geom.area / 1le6 >= 200:
print('{0}, Area: {1:.1f} km2, Centroid: {2}'.format(name, geom.area / 1
e6, geom.centroid))

Kiskunhalas, Area: 227.6 km2, Centroid: POINT (682217.376155288 1208
89.7788700489)

Kecskemét, Area: 321.2 km2, Centroid: POINT (698210.8659972923 17416
4,1829904111)

Budapest, Area: 526.1 km2, Centroid: POINT (654536.6170633805 23778
9.4103324989)

Szeged, Area: 281.1 km2, Centroid: POINT (734457.1375727949 101202.7
389595481)

Maké, Area: 229.2 km2, Centroid: POINT (764616.0567523418 105196.522
2338889)

Hajdubdszormény, Area: 370.7 km2, Centroid: POINT (830010.1918890307
265122.9472381996)

Debrecen, Area: 461.5 km2, Centroid: POINT (847107.7868464794 24624
5,2987919257)

Miskolc, Area: 236.6 km2, Centroid: POINT (773057.0858664612 306776.
8422291108)

Hajdunanas, Area: 259.6 km2, Centroid: POINT (824141.1866937836 2813
10.831795416)

Nyiregyhéaza, Area: 274.5 km2, Centroid: POINT (848770.9471192813 291
701.487003606)

The EOV coordinates (653812, 239106) are inside the territory of Budapest. Check whether really on
this administrative unit contains this location.

In [59]:

pos_budapest = geometry.Point(653812, 239106)
for name, row in cities_admin.iterrows():
geom = row[ 'geometry']

if geom.contains(pos_budapest):
print(name)

Budapest



