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2 Python 3.7.0 (32-bit) Setup _ v,

Install Python 3.7.0 (32-bit)

Select Install Now to install Python with default settings. or choose
Customize to enable or disable features.

— Install Now
ChAUsers\Alberto\AppDataiLocalh Programs\Python\Python37-32

Includes IDLE, pip and documentation
Creates shortcuts and file associations

= Customize installation
Choose location and features

pgth?n

Install launcher for all users (recommended)

windows EAiAdd Python 3.7 to PATH Cancel
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&= Python 3.7.0 (32-bit) Setup

pgth?n
windows

Installs the Python decumentation file.
@pip

Installs pip. which can download and install other Python packages.
£ tcl/tk and |DLE

Installs tkinter and the IDLE development environment.
i Python test suite

Installs the standard library test suite.

py launcher for all users (requires elevation)

Use Programs and Features to remove the ‘py’ launcher.

Back . Mext Cancel
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s Python 3.7.0 (32-bit) Setup

python

for

windows

Advanced Options

£ Install for all users

b Associate files with Python (requires the py launcher)
[ Create shorteuts for installed applications

[ Add Python to environment variables

&4 Precompile standard library

[ Download debugging symbols

] Download debug binaries (requires VS 2015 or later)

Customize install location

| CAPython37
You will require write permissions for the selected location.
Back Install

Browse

Cancel
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= Python 3.7.0 (32-bit) Setup - >
Setup was successful

Spedal thanks to Mark Hammond, without whose years of
freely shared Windows expertise, Python for Windows would
still be Python for DOS5.

MNew to Python? 5tart with the online tutorial and

gocumentation,

See what's new in this release.

python
windows Chose

EH Simbolo del sistema - pythen — O b

it (Intel)] on win32
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lego.png test_opencv_inst
allaticn.py
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Download PyCharm

Windows macO5s Linux
Professional Community
Full-featured IDE Lightweight IDE
Bulld iz aszsas for Python & Web for Python & Scientific
Releazed: September 6, 2012 development development
DOWNLOAD DOWMNLOAD
S Versions Free trial Free, open-source
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Location: | C\Users\Administrador\Desktop\code\test-env-pycharm

¥ Project Interpreter: Mew Virtualenv environment

* ) MNew environment using | §g® Virtualenv

Location: C:h\Users\AdministradorDesktop\code\test-env-pycharmiveny

Base interpreter: | gl Python 3.7

Inherit global site-packages
Make available to all projects

Existing interpreter

# Python 3.7

Creating Virtual Environment

Create




Q- Project: test-env-pycharm * Project Interpreter

¥ Appearance & Behavior

Keymap
Editor
Plugins

Version Control
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i Available Packages —
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Keymap
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Documentation Blog Contact Q

'»_) ANACONDA What is Anaconda? Products Support Resources About

High-Performance Distribution Package Management Portal to Data Science
Easily install 1,000+ data science Manage packages, dependencies Uncover insights in your data and
packages and environments with conda create interactive visualizations
== Windows .’ macOs A Linux

Anaconda 5.2 For Windows Installer

Python 3.6 version * Python 2.7 version *

32-Bit Graphical Installer (443 MB)
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_ Jupyter

You can try Jupyter out right now, without installing anything. Select an example below and you will get a temporary Jupyter server just for you, running on mybinder.org. If you like it, you can insiall Jupyter yourself.

Try Jupyter with Python

A

A tuorial introducing basic features of Jupyter nolebooks and the IPython kemel.

Try Jupyter with R

A basic example of using Jupyter with R

Install

Try Jupyter

Try JupyterLab

—_—
Jupyter
L]
JupyterLab is the new interface for Jupyter notebooks and is ready for testing. Give it
atny!

Try Jupyter with C++

A basic example of using Jupyter with G++

AboutUs  Community Documentafion NBViewer JupylerHub  Widgels  Blog

Try Jupyter with Julia

julia

A basic example of using Jupyter vith Julia

Try Jupyter with Scheme

a‘“

Explore the Galysto Scheme programming language, featuring integration with Python
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Chapter 2: Image Basics in OpenCV
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Red: 2
Green: 0
Blue: 2
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18 pixels

20 pixels
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— 0: blue channel
_ 1: green channel
2: red channel
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(D) localhost:8888/tree

— Jupyter

Files

select items to perform actions on them.

0
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Running Clusters

~ | ]
30 Objects

Contacts

1 Deskiop
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Quit

pload
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— Jupyter

Files Running Clusters
Select items to perform actions on them.
0  « | I/ Getting-And-Setting
O
& Getting-And-Setting-BGR.ipynb
& Getting-And-Setting-GrayScale.ipynb

O logo.png

Getting and Setting methods in Python Using OpenCV

Introduction

This notebook is going to teach you the basic concepts you will need for accessing and manipulating pixels in images using OpenCV and Python (getting and
setting methods) with BGR images. The test image, which is going to be used in this example, corresponds to the OpenGCV logo image. To display an image in
notebooks make sure the cell is in Markdown mode and use the following code:"![alt text] (imagename.png)" - without the blank space before the imagename:

This image is displayed next:

OpenCV

So, let's startl

Load the image and see the properties of the loaded image
First of all. import the necessary packages:

In [16]: | #import required packages
import cv2
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Chapter 3: Handling Files and Images

images
images
files & 2
= =
Q. Q.
= =
© OpenCV and Python iG] files
= project o
B -
2 T
o i
= o
[
sys.argv cv2.VideoWriter()
argparse cv2.imwrite()
cv2.VideoCapture()

cv2.imread()

sys.argv[0] == ‘sysargv_python.py’

II sysargv_python.py sys.argv[1] == ‘param 1’

sys.argv[2] == ‘param 2’
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images

fourcc ('X', 'V', 'I', 'D")

width = 640 cv2.VideoWriter()

height = 480

fps =30

video_demo.avi

video_demo.avi
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Chapter 4: Constructing Basic Shapes in
OpenCV

number of de
face recogniti
processing.tin
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‘blue’ —_—
‘green’ —————p
‘red’ B ——
‘yelloW —m o3
‘magenta’'——p
‘cya®# @ @—p
‘white’ —————p
‘black’ —p
‘gray’ ———p
‘rand’ —_— >

‘dark_gray’ —»
‘light_gray’ ————»

0), 'green' 0, 255, 0

, 255), 'ecyan' 255, 2585,

125, 125), 'rand'

, 'light_gray' 220, 220,

values

(255, 0, 0)

(0, 255, 0)

(0, 0, 255)

(0, 255, 255)
(255, 0, 255)
(255, 255, 0)
(255, 255, 255)
(0, 0,0)

(125, 125, 125)
(rand,rand,rand)
(50, 50, 50)
(220, 220, 220)

'red' o, O,

255!

, 'white' 255, 285, 253) ,

'yellow' @, 255,
'black’

0,high=256,size=(3,

220
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EE.:I Figure 1

Dictionary with some predefined colors
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:3&: Figure 1
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/i; Figure 1

cv2.line()
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’3\: Figure 1

cv2.rectangle()
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x Figure 1
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cv2.circle()
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’\: Figure 1
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cv2.clipLine()
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’3\: Figure 1
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cv2.arrowedLine()
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IEE;I Figure 1 —

cv2.ellipse()

50 4

100 -

150 A

200

250+

T T T T
0 50 100 150 200 250

& €[> $/Q|=

[36]



x Figure 1

cv2.polylines()
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l@' Figure 1 —

LINE_4 LINE_AA LINE 8 incvZ.line()
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E!l.: Figure 1
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cv2.putText()
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’i%; Figure 1

cv2.putText() using all OpenCV fonts

FONT HERSHEY SIMPLEX
font hershey simplex
100 + FONT HERSHEY PLAIM

rapl herahay pliin

200-F0NT HERSHEY DUFLEX
font hershey duplex

300 -
FONT HERSHEY TRIPLEX

200 font hershey triplex

500 | FOTLT RBMSV ACERIPT AITMPLEL
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:f'\: Figure 1

cv2.getTextSize() + cv2.putText()
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B Ima ge mouse

Double left click: add a circle

Simple right click: delete last circle
Double right click: delete all circle
Press 'q' to exit




Mas ' "ering OpenCV 4

with Python
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The parametric equations of a translated
circle with center (x0, y0) and radius r
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@ Figure 1

very basic meme generator

25

50

75

100

125

150

0 50 100 150 200

A € Fal= B

[45]



Chapter 5: Image Processing Techniques

&) Figure 1 -
splitting and merging channels in OpenCVv
BGR - (B) BGR without B BGR without B (B) BGR without G (B) BGR without R (B)

Co< I E Y E

BGR without G BGR without B (G) BGR without G ( BGR without R (G)

B < I

BGR without R) BGR without B (R) BGR without G ( BGR without R (R)

we ]

BGR - image

BGR - image (copy)
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%) Figure 1 —
Smoothing techniques

original cv2.filter2D() (5,5) kernel cv2.filter2D() (10,10) kernel

cv2.blur() cv_2.boxF\Iter() cv2.i3au55|anBIur()

cv2.bi\ateraA\Fi\ter(] - small values cv2.bi\ateré\Fi\ter(] - big values
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[46]



) Figure 1
Sharpening images

original

sharp 1

sharp 4

sharp 3

#l € HAl= B

) Figure 1
Comparing different kernels using cv2.filter2D()

identity kernel edge detection 1 edge detection 2 edge detection 3

unsharp masking blur image gaussian blur image

B

sharpen

ﬁ_i ﬁs

sobel y image outline image

emboss image sobel x image

ales] sialz
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&) Figure 1

al€> #al= m

Cartoonizing images

custom sketch

sketch gray cv2.pencilSketch() sketch color cv2.pencilSketch()

&) Figure 1

&/ €d +Ql= m

Arithmetic with images

added 60 (image + image)

subtracted 60 (image - images)

subtracted 110 (image - scalar)
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:3\: Figure 1 —

Sobel operator and cv2.addWeighted() to show the output

Gradient x Gradient y Sobel output
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&) Figure 1 -

Bitwise operations (AND, OR, XOR, NOT)

image 1 image 2 image 1 OR image 2
image 1 AND image 2 image 1 XOR image 2 NOT (image 1)

| |
O o

NOT (image 2) image 3 image 3 AND a loaded image

m Fr Y
A 4
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Bitwise AND/OR between two images
image binary logo
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&) Figure 1
Morpho operations - kernel_type='cv2.MORPH_RECT', kernel_size='(3,3)"

testimg_1 erode_1 dilate_1 closing_1 opening_1 gradient_1 closing|opening_1 opening|closing_1

o1 I %1

&E

testimg_2 erode_2 dilate_2 closing_2 opening_2 gradient_2 closing|opening_2 opening|closing_2

closing_3 opening_3 gradient_3 closing|opening_3 opening|closing_3
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%) Figure 1
Color spaces in OpenCV

BGR - image BGR - B comp HSV - H comp HLS - H comp YCrCb - Y comp L*a*b - L comp
gray image BGR - G comp HSV - S comp HLS - L comp YCrCb - Cr comp L*a*b - a comp
BGR - R comp HSV - V comp HLS - S comp YCrCb - Cb comp  L*a*b - b comp
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®) Figure 1

Skin segmentation using different color spaces

test img_1 test img_2

test img_4 testimg_5 testimg_6
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(%) Figure 1 -

Colormaps
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) Figure 1 - o X
Custom colormaps providing all values

gray cv2.applyColorMap() cv2.LUT() cv2.applyColorMap() V2. LUT()

e

%€/ Q=

np.linspace(255, 180, 64) np.linspz

((0, (255, 0, 255)), ((0, (0, 255, 128)),

(0.25, (255, 0, 180)), (0.25, (128, 184, 64)),
(0.5, (255, 0, 120)), (0.5, (255, 128, 0)),

(0.75, (255, 0, 60)), (0.75, (64, 128, 224)),
(1.0, (255, 0, 0))) (1.0, (0, 128, 255)))

® Fg x
Custom color maps based on key colors ng v2.LUTQ

IIIIIIIII.I

ng cv2.applyColorMap() cu ng using cv2.applyColorMap()
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&) Figure1

Custom color maps based on key colors and legend
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Chapter 6: Constructing and Building
Histograms

&) Figure1

Grayscale histograms introduction

grayscale histogram
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Figure 1 - O X
Grayscale histograms
gray lighter gray darker
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Grayscale masked histogram
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Color histograms

image lighter

image darker
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&) Figure 1 - m] x

Custom visualization of histograms

grayscale histogram (matplotlib) color histogram (matplotlib)
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Comparing histogram (OpenCV, numpy, matplotlib)

grayscale histogram (OpenCV)- 3.50 ms

grayscale histogram (Numpy)- 12.00 ms grayscale histogram (Matplotlib)- 583.42 ms
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Grayscale histogram equalization with cv2.calcHist()
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Figure 1
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Color histogram equalization with cv2.calcHist() - not a good approach
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Figure 1
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Color histogram equalization with cv2.calcHist() in the V channel
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color
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Histogram equalization using CLAHE

gray CLAHE clipLimit=2.0 gray CLAHE clipLimit=5.0 gray CLAHE clipLimit=10.0

gray Cl
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&) Figure 1 - X
Grayscale histogram equalization with cv2.calcHist() and CLAHE
gray grayscale equalized grayscale CLAHE
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&) Figure1

Grayscale histogram comparison

query img img 1 CORREL 1.00000 img 2 CORREL 0.89083 img 3 CORREL 0.34628 img 4 CORREL 0.34569

img 2 CHISQR 0.14462 img 3 CHISQR 3.56062

img 1 INTERSECT 1.00000 img 2 INTERSECT 0.86386 img 3 INTERSECT 0.63674

query img

HATTACHARYYA 0.40113

img 3 Bl
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Chapter 7: Thresholding Techniques
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%) Figure 1 - O

Thresholding introduction

img with tones of gray - left to right: (0,50,100,150,200,250)

threshold = 0

threshold = 50

threshold = 100

threshold = 150

threshold = 200

threshold = 250
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%) Figure 1 — O X

Simple thresholding types

img tones of gray - left to right: (0,50,100,150,200,250)

THRESH_BINARY - thresh = 100 & maxValue = 255

THRESH_BINARY - thresh = 100 & maxValue = 220

THRESH_BINARY _INV - thresh = 100

THRESH_BINARY_INV - thresh = 100 & maxValue = 220

THRESH _TRUNC - thresh = 100

THRESH _TOZERO - thresh = 100

THRESH _TOZERO_INV - thresh = 100
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) Figure 1
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gray img
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Adaptive thresholding

method=THRESH_MEAN_C, blockSize=11, C=2 method—THRESH MEAN_C, blockSize=31, C=3

method

AUSSIAN_C, blockSize=11, C=2

VA ,Jé’?m DIFFICULTY RATING *t*x*

Tl Rt

metho AUSSIAN_C, blockSize=31, C=3

%) Figure 1
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Adaptive thresholding applying a bilateral filter (noise removal while edges sharp)

gray img
419

method THRESH MEAN C blockSlze 11 C=2 method=THRESH _| MEAN | &, bIockSlze =il (E=¢!
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Otsu's binarization algorithm
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Figure 1 -

Otsu's binarization algorithm applying a Gaussian filter
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number of pixels
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Triangle binarization algorithm applying a Gaussian filter

image with noise

40000 -

30000 +

20000 4

10000

50

T T T 1
100 150 200 250
bins

30000 4

25000 4

20000

15000 A

10000

5000

T T T T
100 150 200 250

# €| +Ql=|

gray img with noise

Triangle binarization (before applying a Gaussian filter)

Triangle binarization (after applying a Gaussian filter)
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) Figure 1

/€9 +al=

Thresholding BGR images

threshold (150) BGR image

threshold (150) each channel and merge

) Figure 1

al€d» #a= B

Thresholding BGR images
threshold (120) BGR image

threshold (120) each channel and merge
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:3\, Figure 1 -

Thresholding scikit-image (Otsu's binarization example)

image gray img

Otsu's binarization (scikit-image)
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&) Figure 1

Thresholding scikit-image (Otsu, Triangle, Niblack, Sauvola)

gray img
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Chapter 8: Contour Detection, Filtering, and
Drawing

) Figure 1 - O

Contours introduction

contour points contour outline contour outline and points

# €3 Hal= @

) Figure 1 - O

Contours introduction

threshold = 100 contours (RETR EXTERNAL) contours (RETR LIST)

& €3 ¢ =B
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%) Figure1 -

Contours approximation method

image threshold = 100 contours (APPROX_NONE)
contours (CHAIN_APPROX_SIMPLE) contours (APPROX_TC89 L1) contours (APPROX_TC89_KCOS)

ll

aled +al= B

) Figure 1 -

Contour analysis

centroid : (320,320) size: 235283.0 & aspect ratio: 1.0 roundness: 1.024 & eccentricity: 0.034

_ @]

A€ pal= @B
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) Figure

Eccentricity

image ellipses eccentricity

&l €2 #la= B

) Figure 1 -

Hu moments
detected contour and centroid

al€2 #a= B
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) Figure 1

a €2 +al= B

original

Hu moment invariants properties

rotation

reflection
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Figure 1 —

O

Functionality related to contours

image and extreme points cv2.boundingRect()

-

cv2.minAreaRect() cv2.minEnclosingCircle()

cv2.ellipse() cv2.approxPolyDP()

& €3 pla= m
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:\: Figure 1

Sort contours by size

image

result

& €3 +al= B
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%) Figure - o

Shape recognition based on cv2.approxPolyDP()

image threshold = 100

contours outline (after approximation) contours recognition

/o—\.\

pentogon - ‘

fl€d Pal=B
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) Figure 1 - o

Matching contours (against a perfect circle) using cv2.matchShapes()

matching scores (method = CONTOURS_MATCH_I1) matching scores (method = CONTOURS_MATCH_I2) matching scores (method = CONTOURS_MATCH_I3)
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Chapter 9: Augmented Reality

OpenCV OpenCV

& €3] +/a/= B
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f\: Figure 1

ORB descriptors and Brute-Force (BF) matcher

matches between the two images

&l €[> +al=|
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f\: Figure 1

Feature matching & homography computation

feature matching

&€/ +a|=|
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) Figure 1 -

Aruco markers creation

marker_DICT_7X7_250_600_1 marker_DICT_7X7_250_600_2 marker_DICT_7X7_250_600_3

al€[d $al= @
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B frame — [ >
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B frame — O >
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B frame — Od *
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B Snapchat-based OpenCV moustache overlay — O >

B img moustache mask ~ — O X
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7 Snapchat-based OpenCV moustache overlay — O >
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8 Snapchat-based OpenCV glasses filter — O >

iimggl. — | et
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7 Snapchat-based OpenCV glasses filter — O >
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) Figure 1 — u]

QR code detection
rectified QR code decoded data: https://github.com/PacktPublishing/Mastering-OpenCV-4-with-Python

€] #a= B
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Chapter 10: Machine Learning with OpenCV

Artificial Intelligence

Machine Learning

Neural Networks
Deep Learning

Machine Learning

Supervised Machine Unsupervised Machine Semi-Supervised
Learning Learning Machine Learning

Classification Clustering
SUPReH _Vector Linear Regression K-Means
Machines
Nearest Neighbor Decision Trees FlEEED GELEY
Models
Neural Networks Neural Networks Neural Networks
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K-means clustering algorithm

data to be clustered

100 - o
.‘ L
o ;.:" :-'
80 - oe® ot
° % o *
o0 - ¢ “ !..l:. . ° :
=-' y L 1
L o ¢
og Yo oo
°
40 - s °° e
o Yo
o f'o.': o :- v ®
o® 5
201 8 o% : ¢
-.- --a
[ ° o '.
o4 %
0 20 40 60 80 100

[104 ]



K-means clustering algorithm

data clustered data and centroids (K = 2)
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K-means clustering algorithm

data clustered data and centroids (K = 4)
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Color quantization using K-means clustering algorithm

color quantization (k = 3)

original image

color quantization (k = 40)

color quantization (k = 20)

color quantization (k = 10)
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original image

Color quantization using K-means clustering algorithm

color quantization (k = 3)

color quantization (k = 5)

color gquantization (k = 40)
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k-NN algorithm: sample green point is classified as red (k = 3)
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k-NN handwritten digits recognition
Accuracy of the KNN model varying both k and the percentage of images to train/test
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accuracy

k-NN handwritten digits recognition
Accuracy of the k-NN model varying both k and the percentage of images to train/test with pre-processing
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k-NN handwritten digits recognition
Accuracy of the k-NN model varying both k and the percentage of images to train/test with pre-processing and HoG features
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SVM introduction

Visual representation of SVM model

O] o
®
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accuracy

SVM handwritten digits recognition

Accuracy of the SVM model varying both C and gamma
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Chapter 11: Face Detection, Tracking, and

Recognition

Face detection

OpenCV

dlib

face_recognition

cvlib

Detection of facial
landmarks

OpenCV

face_recognition

Face tracking

Face recognition

OpenCV

face_recognition
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Face detection using haar feature-based cascade classifiers

detectMultiScale(frontalface_alt2): 2 detectMultiScale(frontalface_default): 4
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Cat face detection using haar feature-based cascade classifiers

detectMultiScale(frontalcatface): 2

detectMultiScale(frontalcatface_extended): 3
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Face detection using OpenCV DNN face detector
DNN face detector: 3

[118]



Face detection using dlib frontal face detector

detector(gray, 0): 2 detector(gray, 1): 3
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Face detection using dlib CNN face detector
cnn_face detector(img, 0): 3

[120]



Facial landmarks detection using face_recognition

68 facial landmarks 5 facial landmarks
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B Face tracking using dlib frontal face detector and correlation filters for tracking — O it

Use "1' to re—initialize tracking
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B Face tracking using dlib frontal face detector and correlation filters for tracking - O X

Use "1' to re—initinlize tracking

[123 ]



B Object tracking using dlib correlation filter algorithm - O it
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B Object tracking using dlib carrelation filter algorithm — O >
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jared_1.jpg
0.39983264838593896

jared_2.jpg jared_3.jpg
0.4104153683230741 0.3913191431497527

jared_4.jpg

obama.jpg
0.9053700273411349
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Chapter 12: Introduction to Deep Learning

Machine Learning
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PASCAL | PASCAL | PASCAL coco coco coco coco Real
voc 2015 2015 2016 2016 Time
2007 =0.5) | (IoU=0.75) | (Official =0. (loU=0.75) | (Official

(%) (%) Metric) (%) Metric)
(%) (%)

R-CNN (2014)

Faster R-CNN (2015) 78.

YOLO (2016)

YOLO V2 (2016)

Mask R-CNN (2017)

cv2.dnn.blobFromimage() visualization

img from blob (300, 300, 3) img from blob swap (300, 300, 3) img from blob mean (3()0 300, 3) img from blob mean swap (300, 300, 3)
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cv2.dnn.blobFromimages() visualization

img from blob (300, 300, 3) img from blob swap (300, 300, 3) img from blob mean (300, 300, 3) img from blob mean swap (300, 300,

WPy P iy

img from blob (300, 300, 3)

Y

é
v
%_

W [

&. P ‘,”'1'\ “\' & & Q\ ,"

(640 x 482) (482 x 482)
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cv2.dnn.blobFromimages() visualization with cropping

img 1 from blob (300, 300, 3) img 2 from blob (300, 300, 3)

img 1 from blob cropped (300, 300, 3)
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OpenCV DNN face detector when feeding several images

inputimg 1

input img 2
gl
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OpenCV DNN face detector when feeding several images and cropping

inputimg 1

input img 2
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Image classification with OpencCV using AlexNet and caffe pre-trained models

AlexNet and caffe pre-trained models
label: church probability: 83.26%
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Image classification with OpencCV using GoogLeNet and caffe pre-trained models

GoogLeNet and caffe pre-trained models
label; church probability; 20.83%
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Image classification with OpenCV using ResNet-50 and caffe pre-trained models

ResNet-50 and caffe pre-trained models
label; church probability: 93.55%

Image classification with OpenCV using SqueezeNet (v1.1) and caffe pre-trained models

SqueezeNet (v1.1) and caffe pre-trained models
label; church probability: 9%.68%

[136]



Object detection using OpenCV DNN module and MobileNet-SSD

MobileNet-SSD for object detection

il

oy O -
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Object detection using OpenCV DNN module and YOLO V3

YOLO V3 for object detection
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TensorBoard

Search nodes. Regexes supported.
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Training Data

Linear regression using TensorFlow

Linear Regression Result

Predicting new points
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Linear regression using Keras

Training Data

Linear Regression Result
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Chapter 13: Mobile and Web Computer
Vision with Python and OpenCV

P Python web frameworks
Full-stack frameworks Non full-stack frameworks

“django ||| [ {Flask []
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< &
Hello World!

. ar
®
B Anaconda Prompt - python hello.py - O X

&) i B Anaconda Prompt - python hello_external.py - [m] X

Hello World!
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-

O ©]192.168.1.101 H

B Anaconda Prompt - python hello_routes_external.py - ] X

User: Hello World!

A
D e T T —————— — T —— S ——
|http://192.168.1.101:5000/canny?url= https://raw_githubusercontent.com/opencv/opencv/master/samples/data/lena.jpgl

v 4d 4 n 1744

0O ®)92.168.1.101 @)
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Using face API

face detection
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Using cat detection API

cat detection
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Id Keras  IMAGENET

Keras Applications: Models for image classification with weights trained on ImageNet

Model Size Top-1 Accuracy Top-5 Accuracy Parameters Depth
Xception 88 MB 0.790 0.945 22,910,480 126
VGG16 528 MB 0.713 0.901 138,357,544 23
VGG19 549 MB 0.713 0.900 143,667,240 26
ResNet50 99 MB 0.749 0.921 25,636,712 168
InceptionV3 92 MB 0.779 0.937 23,851,784 159
InceptionResNetV2 215 MB 0.803 0.953 55,873,736 572
MobileNet 16 MB 0.704 0.895 4,253,864 88
MobileNetV2 14 MB 0.713 0.901 3,538,984 88
DenseNet121 33 MB 0.750 0.923 8,062,504 121
DenseNet169 57 MB 0.762 0.932 14,307,880 169
DenseNet201 80 MB 0.773 0.936 20,242,984 201
NASNetMobhile 23 MB 0.744 0.919 5,326,716 -
NASNetLarge 343 MB 0.825 0.960 88,949,818 -
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Image classification in Keras using several pre-trained models

source image classification results
He | RE |
q
v 3

InceptionV3: sports_car, 0.53
VGG16: minivan, 0.38

VGG19: minivan, 0.23
ResNet50: sports_car, 0.29
MobileNet: sports_car, 0.29
Xception: sports_car, 0.34
NASNetMobile: sports_car, 0.55
DenseNet121: sports_car, 0.65
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Image classification in Keras using several pre-trained models

source image classification results

InceptionV3: tabby, 0.39
VGG16: tabby, 0.22

VGG19: Cardigan, 0.16
ResNet50: doormat, 0.29
MobileNet: tabby, 0.18
Xception: Egyptian_cat, 0.24
NASNetMobile: tabby, 0.39
DenseNet121: spotlight, 0.43
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Using Keras Deep Learning REST API

Classification results (NASNetMaobile)
4

sports_car: 0.5461
convertible: 0.2798
grille: 0.0373
car_wheel: 0.0268
beach_wagon: 0.0142

Rl Sl A o
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G C & httpsy//www.pythonanywhere.com/pricing/

Send feedback Forums Help Blog Pricing &signup Log in

5@9” pythonanywhere

Plans and pricing

Beginner: Free! Education accounts
A limited account with one web app at your-username. pythenanywhere. com restricted outbound Internet access from your apps, low CPU/bandwidth, no Are you a teacher looking for a place your
IPython/Jupyter notebook support. students can code Python? You're not alone.
Itworks and it's a great way to get started! Click through to find out more about our

Education beta.

Create a Beginner account

< G @ hps pythonanywhere.c /
Send feedback Forums Help Blog Account Logout
5@[)* pythonanywhere Dashboard Consoles Files Web Tasks Databases
Dashboard Welcome back, opencv

CPU Usage: 0% used - 0.00s of 100s. Resets in 23 hours, 57 minutes (LI Upgrade Account

File storage: 0% full - 45.0 K& of your 512.0 VB quota

Recent Recent Recent All

Consoles Files Notebooks Web apps

You have no recent consoles. You have no recently edited files. You don't have any web apps.

Your account does not support
Jupyter Notebooks. Upgrade your

New console: = Open another file account to get access!

<« C @ https//www.pythonanywhere.com/user/opencv/webapps/#tab_id_new_webapp_tab

Send feedback Forums Help Blog Account Logout

5@[3’ pythonanywhere Dashboard Consoles Files Web Tasks Databases

Add a new web app

You have no web apps

To create a PythonAnywhere-hosted web app,
click the "Add a new web app' button to the left.
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Create new web app x

Your web app's domain name

Your account doesn't support custom domain names, so your PythonAnywhere web app will
live at opencv. pythonanywhere . com.

Want to change that? Upgrade now!

Otherwise, just click "Mext" to contfinue.

.-f-. .-\-.
| Cancel | Next »
N A
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Create new web app

Quickstart new Flask project

Enter a path for a Python file you wish to use to hold your Flask
app. If this file already exists, its contents will be
overwritten with the new app.

Path

fhome/opencvimysite/flask_app.py

-

; Y g Y
( Cancel ) 3 | «Back |
Mo i Mo L
Code:
What your site is running.
Source code: /home/opencv/mysite 50 to directory

Working directory: 50 to directory

WSGI configuration file: fopencv_pythonanywhere_com_wsqgi.py

Python version: 3.6 #
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mysite

& https,//www.pythonanywhere.com/u
Send feedback Forums Help Blog Account Logout

b Tasks Databa:

Consoles Files

onanywhere

EBer puyth
g Pyt
e 42% full - 217.2 MB of your 512.0 MB quota

h console here

mysite

Files

100MiB maximum size

(4 shi

go Bash console 11796834
site s mkvirtualenv --python=/u: thon3.6 my-virtualenv
TS Gt ks, T e T
using base prefix '/usr
Vew python executable Tn /home/opency/. virtualenys/s rtualeny/bin/python3. 6
ng executable in /home/opency/. Virtualenvs /my-vi rtualenv/bin/python
In;taﬂmg setuptools, p1 vl eel
r irtualenvs/my-virtualenv/bin/predeactivate
rtualenvs/my n/postdeactivate
rtualenvs /my: n/preactivate
rtualenvs /my- n/postactivate
rtualenvs/my-virtualenv/bin/get_env_details

S22
Collecting itsdangerous>=0.24 ron Flasto _
[m\.‘lﬂoarhn? https "fﬂes.p\,'thonhosted. /packages/76/ae/44b03b253d6fade31732c24d100b3b35c2239807046a4c953c7b89Fa49e/1 tsdangerous-1.1.0-py2. py3-none-any.whl
i
nm.wﬂoamn packages/fa/37/45185chSabbe3 c434fe0b07e5a195a6847 506¢074527aa599ec/CTick-7 .0-py2. py3-none-any.wh1 (81kB)
e g
Collecting MarkupSate>=0.23 (from Jinjaz 10 Setacks
Down [0nding. htepe://F1ies. by thenhosied, ora/vackagas /08 /04/£2191650 12 4b71d8b460519012178ba02e975a87 f7b89a0d/MarkupSafe-1.1.0-cp36-cp36m-many inux1_x8
instalTing col lected pa(Laue rk MarkupSafe, Jinja2, itsdangerous, click, fla:
kupsafe-1.1.0 Werkzeug-0.14.1 click-7.0 flask-
pip install opencv-contrib-python

T e T

Collecting opency-contrib-python )

Downloading https://files.pythonhosted.or ’pa(kageS/af /c0/0463d91f297521b2e15e3d682d7077 557 fe773db72a03a0d2dba899ab8a5/opencv_contrib_python-4.0.0.21-cp36-cp36m-many1inuxl_x8
31.2MB 257kB/s

1003
Collecting numpy>=1.11.3 (from opencv-contrib-python)
981bcbee43934f0adb8f764ale70ab0ee5a448f65

Downloading https://files.pythonhosted.org/packas e;/fS bf
100% \#\ 1775w 321k
Installing col lected packages: numpy, opencv-contr

20.2 itsdangerous-1.1.0

a87a2fda2a8b/numpy-1.16.1-cp36-cp36m-manylinuxl_x86_64.wh1 (

onsoles Files Web Tasks

Dashboard

5"{9” pythonanywhere

opencv.pythonanywhere.com Configuration for op

Reload

£ Reload opencv.pythonanywhere.com

opencv.pythonan

& & | https://opencv.pythonanywhere.com

{"detect faces wvia GET":"GET /detect detect faces via POST":"POST /detect™,"info":"GET /"}
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Using face API at http://opencv.pythonanywhere.com/detect

face detection
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