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The Basics of NumPy Arrays

Array §¢ 005200320p3 eao050laagadqpeod g&s(goonsopdi

® (o) Attributes of arrays™: Determining the size, shape, memory consumption, and data types of arrays
Indexing of arrays*: Getting and setting the value of individual array elements

)
* ()
) Slicing of arrays*: Getting and setting smaller subarrays within a larger array
)
)

(

(

°

¢ (c) Reshaping of arrays*: Changing the shape of a given array
(

Joining and splitting of arrays*: Combining multiple arrays into one, and splitting one array into many

J
R
%
J

(2) NumPy Array Attributes

First let's discuss some useful array attributes. We'll start by defining three random arrays, a one-dimensional, two-
dimensional, and three-dimensional array. We'll use NumPy's random number generator, which we will seed with a set value
in order to ensure that the same random arrays are generated each time this code is run:

In [1]: import numpy as np
np.random.seed (0) # seed for reproducibility

element (B)g cloopd One-dimensional array o>pSes0o05q$
In [2]: x1 = np.random.randint (10, size=6) # One—-dimensional array
x1
Out[2]: array([5, 0, 3, 3, 7, 91)
In [3]: x2 = np.random.randint (10, size=(3, 4)) # Two—-dimensional array
X2

Out [3]: array([I[3, 5, 2, 41,
[7, 6, 8, 81,
(1, 6, 7, 711)
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In [4]: x3 = np.random.randint (10, size=(3, 4, 5)) # Three—-dimensional array
x3

Out[4]: array([[[8, 1, 5, 9, 8],
[9, 4, 3, 0, 31,
[5, 0, 2, 3, 81,
(1, 3, 3, 3, 711,
(o, 1, 9, 9, 01,
(4, 7, 3, 2, 71,
(2, o, o, 4, 51,
[5, 6, 8, 4, 111,
(r4, 9, 8, 1, 11,
(7, 9, 9, 3, 61,
(7, 2, o, 3, 51,
(9, 4, 4, 6, 4111)

I4

~
~
~

array qp:03¢ dimensions , size of each dimension, total size of the array, data type 000p$ array ¢ c005s3Ea0pS attribute gp:
§lo300p5n

array oo69el 03 number of dimensions 93§ .ndim o3 3203:(g|oopSt ndim (the number of dimensions)

In [5]: print("x3 ndim: ", x3.ndim)

x3 ndim: 3

array oo69e size of each dimension o8 a3q§ .shape o3 3209:(0joopSi shape (the size of each dimension)

In [6]: print("x3 shape:", x3.shape)

x3 shape: (3, 4, 5)

array oo69@0 o3 total size of the array a3q§ .size 03 3203:(0j0opS size (the total size of the array)

In [7]: print("x3 size: ", x3.size)

x3 size: 60

array oo69el 03 data type 93§ .dtype o @ad:(goopSn dtype , the data type of the array

In [8]: print("dtype:", x3.dtype)

dtype: int32

array oo69@l 03 itemsize a3q§ .itemsize o3 @ad:(goopSi itemsize , which lists the size (in bytes) of each array element

array oo69@l 03 nbytes o3q$ .nbytes 03 @ad:(goopSi nbytes , which lists the total size (in bytes) of the array

In [9]: print("itemsize:", x3.itemsize, "bytes")

print ("nbytes:", x3.nbytes, "bytes")

itemsize: 4 bytes
nbytes: 240 bytes
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cu0p0qa:(9¢ nbytes a0pd itemsize §& size o efgpodous ([9daopSn (In general, we expect that nbytes is equal
to itemsize times size .)

(J) Array Indexing: Accessing Single Elements

Python's standard list indexing §¢ NumPy indexing 030005 5s0&s0¢ opaS(0300p51 one-dimensional array opé i value
(counting from zero) @5 indexing o.?f):néu 0pOe a>oo§c;qogcr§:néu Goooéogé: [] oéogé G(&%@):Déu

In a one-dimensional array, the ith value (counting from zero) can be accessed by specifying the desired index in square
brackets, just as with Python lists:
In [10]: x1

Out [10]: array([5, 0, 3, 3, 7, 9])

In [11]: x1[0] # 0COw&: element

Out[11]: 5

In [12]: x1[4] # UQUOSS:
Oout[1l2]: 7
G@(ﬁ@f’?:?mé: @$mé gg$@)%§:néu G§OO58(;?:? E)gé;[g):né:sga'] sgiogcocgm@é E:):Déu (negative indices)

6§20530:038:0005 [-1] [e620551 To index from the end of the array, you can use negative indices:
FOOI: 00§00 o

In [13]: x1[-1]

Out[13]: 9

’@ﬁorgmogcuo (-ve) ooé G@(ﬁ@:’g:@ [§§E>g$@ooéc7% a:%c\%ooéu 2 ooé qc%w&&@o%ooéu -2 ooé :Laogoa
G§O(YS€(}:(TOD$:[§OSOD@CII
In [14]: x1[-2]

Oout[1l4]: 7
multi-dimensional array gp:op¢ item gp:03 eonden(G3es:ad comma-separated tuple of indices (6205 (In a multi-
dimensional array, items can be accessed using a comma-separated tuple of indices)

In [15]: x2

Out[15]: array([[3, 5, 2, 4],

(1, 6, 7, 711)
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In [16]: x2[0, 0]

In [17]: x2[2, 0]

In [18]: x2[2, -1]

08$:qp:(items) qp:sﬁ G§€p0§ Pg$@>ﬂ ot%08$:qp:(items) qp:sﬁ oo$(c§:or%

any of the above index notation:)

In [19]: =x2[0, 0] = 12
X2

Out[19]: array([[1l2, 5, 2, 41,

(1, 6, 7, 711

4of 12

egoE:c38Ea0pSn (Values can also be modified using

Keep in mind that, unlike Python lists, NumPy arrays have a fixed type. This means, for example, that if you attempt to insert a
floating-point value to an integer array, the value will be silently truncated. Don't be caught unaware by this behavior!

In [20]: x1[0] = 3.14159 # this will be truncated!
x1

Out [20]: array([3, 0, 3, 3, 7, 9])

(?) Array Slicing: Accessing Subarrays

m5§oocrg§q|o:oaé: 08$:qu0$ eg:qlcﬁcﬁoaé:sgaq

x[start:stop:step]

3 6g:q105&Sa0pd1

If any of these are unspecified, they default to the values start=0, stop= size of dimension, step=1.We'll take

a look at accessing sub-arrays in one dimension and in multiple dimensions.

One-dimensional subarrays

In [21]: x = np.arange(10)
X
Out[21]: array([O, 1, 2, 3, 4, 5, 6, 7, 8, 91)

< Q

[:5]= 3200 (3)§6@3(5(73§:3900
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In [22]: x[:5] # first five elements

Oout[22]: array([0, 1, 2, 3, 41])

[5:] = (3)§>G[§:>(7§(73$:§ G:?O('YS ﬁw%(rg&qum:of?: ((3)?9@9(75(73$:eo'])
In [23]: x[5:] # elements after index 5

Out[23]: array([5, 6, 7, 8, 91)

o

[4:7] = (9)§G@y3c75c3$:? c$ (@) G@YJ(YS(Y%%:S?OO(((;)?G@JOS(B%:QO'])

In [24]: x[4:7] # middle sub-array

Out[24]: array([4, 5, 6])

320 © 39@:'3:3.;08 :.§§§>e@ocﬁcﬁ.§:qp:ooo

In [25]: x[::2] # every other element

Out [25]: array ([0, 2, 4, 6, 8])

x[1::2] (o)@e@o(ﬁog&? Ga?oors °oa§Jc73$:q|o:3.;o:c\'?: ((o)ege@mﬁn%:ed]) :§§?e[§vxr3c)8§:qp:a)o

In [26]: x[1::2] # every other element, starting at index 1

Out[26]: array([l, 3, 5, 7, 91)

step value step vaIueo% ssiorg@cf E:)oaéssa'] Gepc;og:ogo:.%éoaéu step value(r% aaﬁorg@cf @wéaaa] start .§cf
stop 64686Pe ec?oorSec?sp [ G§ocﬁe§q)§ eﬂec?spo% e@oé:c\\)c\%cﬁcﬂu

A potentially confusing case is when the step value is negative. In this case, the defaults for start and stop are
swapped. This becomes a convenient way to reverse an array:

In [27]: x[::-1] # all elements, reversed

Out[27]: array([9, 8, 7, 6, 5, 4, 3, 2, 1, 0])

In [28]: x[5::-2] # reversed every other from index 5

Out [28]: array([5, 3, 11)

Multi-dimensional subarrays
Multi-dimensional array o3 slicing coGoopdaes] eco:e00o§apE:0303¢ carden $g) eq:00p51 [ rows , columns |

Multi-dimensional slices work in the same way, with multiple slices separated by commas. For example:

50f 12 c;moé:ooors;),}% The-Basics-Of-NumPy-Arrays
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In [29]: x2

Out[29]: array([[1l2, 5, 2, 41,
[ 7, 6, 8, 81,
(1, 6, 7, 1711)

[:2, = 320 row ¢ 30300 row 303 (862051 :3] 29pS 3o column & c§058: row 33 (§6aopSH

In [30]: x2[:2, :3] # two rows, three columns
Out [30]: array([[12, 5, 2],
[ 7, 6, 811
In [31]: x2[:3, ::2] # all rows, every other column

2, 21,
L7, 81,
1, 711

6 of 12

subarray dimensions gp:03c0pS: @godcoma copde) (aC:(0§0p6s eq: 8605 Finally, subarray dimensions can even be

reversed together:

In [32]: x2[::-1, ::-1]
Out [32]: array([[ 7, 7, 6, 11,

r 2, 5, 1211

Accessing array rows and columns

One commonly needed routine is accessing of single rows or columns of an array. This can be done by combining indexing

and slicing, using an empty slice marked by a single colon ( : ):

X2 array 0coe 60v50d ooo(5§ooé:0%oao ngsﬁ

In [33]: print(x2[:, 0]) # first column of x2

[12 7 1]

00006 row ooogefooé:o%ooo Ga:q§

In [34]: print(x2[0, :1) # first row of x2

[12 5 2 4]

In the case of row access, the empty slice can be omitted for a more compact syntax:

In [35]: print(x2[0]) # equivalent to x2[0, :]

[12 5 2 4]

6of 12 c;moé:ooors;),}%

The-Basics-Of-NumPy-Arrays



The-Basics-Of-NumPy-Arrays c;moé:oonggg% 7 of 12

Subarrays as no-copy views

array o3 slicing cpSaopdaasl Barray ad¢n 03§:qp:03 copy p:ua(a€: 6005331 (1BpSqq§3005 o(gda0pSH o) 32305005
NumPy array slicing §& Python list slicing o3\ ogofga:gja5(gdaopSn Python list slicing cpSoopSeas] 03§:qp: (€3020)gp:03 copy
('YI%SQR@é: @)QQ)OD@CII

One important—and extremely useful-thing to know about array slices is that they return views rather than copies of the array

data. This is one area in which NumPy array slicing differs from Python list slicing: in lists, slices will be copies. Consider our
two-dimensional array from before:

In [36]: print (x2)

[[12 5 2 4]
[ 7 6 8 8]
[1 6 7 711
9o X2 array 6 2 X 2 subarray 00603 090509(8: o3 subarray 03¢n 03§:006903 g[gaandagi€ 9o X2 array ¢

03§:00§ 3113036381003 c0050p8 asSfGooorarpdi

2onuSe(3nEadeadd 2 X 2 subarray 005 9o X2 ¢ Copy 0p:0paon:a0pd subarray e0po5eonne(03né (66005

In [37]: x2_sub = x2[:2, :2]
print (x2_sub)

[[12 5]
[ 7 6]]

Now if we modify this subarray, we'll see that the original array is changed! Observe:

In [38]: x2_sub[0, 0] = 99
print (x2_sub)
[[99 5]
[ 7 6]]

In [39]: print (x2)

[[99 5 2 4]
[ 7 6 8 8]
[ 1 6 7 711

This default behavior is actually quite useful: it means that when we work with large datasets, we can access and process
pieces of these datasets without the need to copy the underlying data buffer.

7 of 12 c;moé:oocﬁp,}éz The-Basics-Of-NumPy-Arrays
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Creating copies of arrays
array o3 slicing cpS[g€:0005 eg:gj05(m3p5q(8E:00o(8800p5 1 6058mn:a30lm  copy () method o3 a203:(g|q0pSH

Despite the nice features of array views, it is sometimes useful to instead explicitly copy the data within an array or a subarray.
This can be most easily done with the copy () method:

N

G:B’DDOSOQE 2 X 2 subarray Of% copy (')?L:QRQ oo$(%:qp: e@né:wéaaa] Qoo X2 array ¢ cr%@:oo&%:qp: ec@né: (B(r%
c0d oooo:néu
In [40]: x2
Out [40]: array([[99, 5, 2, 41,
[ 7 14 6 4 8 4 8 ] 14
i, 6, 7, 1711

In [41l]: x2_sub_copy = x2[:2, :2].copy/()
print (x2_sub_copy)

[[99 5]
[ 7 6]]

If we now modify this subarray, the original array is not touched:

In [42]: x2_sub_copy[0, 0] = 42
print (x2_sub_copy)
[[42 5]
[ 7 6]]

In [43]: print (x2)

[[99 5 2 4]
[ 7 6 8 8]
[ 1 6 7 711

() Reshaping of Arrays (Dimensions ¢[go&:gé:)
array q_lo:cr% reshaping C\?LQ)@(S: 3908$3aai>:o§:13é §é:oo<§>? Esogooén reshape method Esé reshaping o.?f)aaéu 06 EYes)
03§:()ed:03 3 x 3 array [6¢ eq:cag)C

Another useful type of operation is reshaping of arrays. The most flexible way of doing this is with the reshape method. For
example, if you want to put the numbers 1 through 9 in a 3 X 3 grid, you can do the following:

In [44]: grid = np.arange(l, 10) .reshape((3, 3))
print (grid)

[[1 2 3]
[4 5 6]
[7 8 9]]
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2003(0|q$323]05¢ reshape 6coda¢ array sguSaeen: (size)oopS reshape apS(8:00pS array mgoSaeen: (size) §& orpSqepdi
nS§p5:30:(6¢ dimension o305p300p5 array saguSesen: (size) [gdesod reshape coSqepSi

()

880y € no-copy view of the initial array o3 a2c3§a0pdees] reshape method o3 303: [gjooaopSi
@o?qpooé reshaping Q®¢> one-dimensional array ¢ two-dimensional row matrix oféeu?ors two-dimensional column matrix
[s6ea0¢ efuné:(gé: [gSo0pS within a slice operation o3¢ newaxis keyword copdgjcopd: [QeoS&EaopSn

Note that for this to work, the size of the initial array must match the size of the reshaped array. Where possible, the
reshape method will use a no-copy view of the initial array, but with non-contiguous memory buffers this is not always the
case.

Another common reshaping pattern is the conversion of a one-dimensional array into a two-dimensional row or column matrix.
This can be done with the reshape method, or more easily done by making use of the newaxis keyword within a slice
operation:

In [45]: x = np.array([1l, 2, 3])

# row vector via reshape
x.reshape ((1, 3))

Out [45]: array([[1, 2, 311)

In [46]: # row vector via newaxis
x[np.newaxis, :]

Out [46]: array([[1l, 2, 311)

In [47]: # column vector via reshape
x.reshape ((3, 1))

Out [47]: array([[1],
(21,
[311)

In [48]: # column vector via newaxis
x[:, np.newaxis]

Out [48]: array([[1l],
(21,
[(311)

We will see this type of transformation often throughout the remainder of the book.

(5)) Array gp: eolé:od(gé:(Concatenation ) ¢ 3&:(g02 §(g0:(3:(Splitting)

All of the preceding routines worked on single arrays. It's also possible to combine multiple arrays into one, and to conversely
split a single array into multiple arrays. We'll take a look at those operations here.
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Array gp: edlé:od[gés(Concatenation )

NumPy o3¢ array o3 eolC:e (Concatenation or joining)c3egi€ np.concatenate , np.vstack ,and np.hstack ©o0pd
routine gp:03 32a3:(0|&E0pS1 oConcatenation, or joining of two arrays in NumPy, is primarily accomplished using the routines
np.concatenate, np.vstack ,and np.hstack .)

np.concatenate Of(% o@:ooé_‘:raa'] first argument 39[5903 tuple 0%60?08 list of arrays (7% ooé:eo:qooéu ( np.concatenate
takes a tuple or list of arrays as its first argument, as we can see here:)

In [49]: x = np.array([1l, 2, 31)
y = np.array([3, 2, 11)
np.concatenate ([x, y])

Out [49]: array([1, 2, 3, 3, 2, 11)

array §6903 05(3E¢05e01E:0p5: 880051 (You can also concatenate more than two arrays at once:)

In [50]: =z = [99, 99, 99]
print (np.concatenate ([x, y, z]))

[1 2 3 3 2 1 99 99 99]

two-dimensional arrays gp:03c0pS: colé:opd:8E00p51

In [51]: grid = np.array([[1l, 2, 31,
[4, 5, 61])

In [52]: # concatenate along the first axis
np.concatenate ([grid, gridl])

Out [52]: array([[1l, 2, 31,
(4, 5, 6],
(1, 2, 31,
(4, 5, 611)
In [53]: # concatenate along the second axis (zero-indexed)

np.concatenate ([grid, grid], axis=1)

Out[53]: array([[l, 2, 3, 1, 2, 31,
(4, 5, 6, 4, 5, 611)

GO]E:O)é:Gé array qp:sﬁ dimensions eoaéa)éaaa'] Gﬂécﬁ(ﬁco’]é:q% np.vstack (vertical stack) §cf @Q{p:cﬁ;(ﬁc&é:q§
np.hstack (horizontal stack) function 03033203:(0|qepSH

For working with arrays of mixed dimensions, it can be clearer to use the np.vstack (vertical stack) and np.hstack
(horizontal stack) functions:

In [54]: x = np.array([1l, 2, 3])
grid = np.array([[9, 8, 7],
[6, 5, 411)

ealéadnbeolC:qg np.vstack (vertical stack) function aod:(gjoopSu
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In [55]: # vertically stack the arrays
np.vstack ([x, grid])
Oout [55]: array([[1, 2, 3],
(9, 8, 71,
[6, 5, 411)

b N~ S
GODOC:ODODPQ%
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magp:cdadeclé:qé np.hstack (horizontal stack) function a05:(gjoopSu

In [56]: # horizontally stack the arrays
y = np.array([[99],
[9911)
np.hstack ([grid, y1)

Out [56]: array([[ 9, 8, 7, 991,
[ 6, 5, 4, 9911

Similary, np.dstack will stack arrays along the third axis.

Array 3&:(gos g(go:[g:(Splitting)
array q_p:()r% eo']é:wé: %803(\% np.split, np.hsplit ?é np.vsplit o)ooé: function q_p:()r% O?Gj (‘Z)é:[s}o:

§[§o:[§§:(8plitting) E)pgf)%é&)@n
np.hsplit o9pS s0qprao3S: 88:1ES: [§60opSH np.vsplit copS edlScB0d §8:EorfgeEsoonSH

The opposite of concatenation is splitting, which is implemented by the functions np.split, np.hsplit , and
np.vsplit . For each of these, we can pass a list of indices giving the split points:

In [57]: x = [1, 2, 3, 99, 99, 3, 2, 1]
x1l, x2, x3 = np.split(x, [3, 51)
print (x1, x2, x3)

[1 2 3] [99 99] [3 2 1]

Notice that N split-points, leads to N + 7 subarrays. The related functions np.hsplit and np.vsplit are similar:

In [58]: grid = np.arange(l6) .reshape( (4, 4))

grid
Out [58]: array([[ O, 1, 2, 31,
[ 4, 5, 6, 71,
[ 8 9, 10, 1171,
[12, 13, 14, 15]1])

np.veplit 2005 63licd08 88:EoRE:BS0pSH
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In [59]: upper, lower = np.vsplit (grid, [2])
print (upper)
print (lower)

2 3]

6 711

9 10 11]
3 14 15]]

np.hsplit oog 3QQ:320) [§O [:c [(390)008"

In [60]: left, right = np.hsplit (grid, [2])
print (left)
print (right)

([ 0 1]
[ 4 5]
[ 8 9]
[12 13]]
(f 2 3]
[ 6 7]
[10 11]
[14

1571

Similarly, np.dsplit will split arrays along the third axis.
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