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2.6 Core ML
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- 0.01 learning rate

- Evaluate step interval = 10
- Train batch size = 100

- Test batch size = 1

- Validation batch size = 100
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fal 1w, B 2 uif uas Au 3 i Fald Transfer learning 1137nluAa Nasnet mobile Tawil

mwdslunisaoulumani1n o fadl
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- 4000 training steps

- 0.01 learning rate

- Evaluate step interval = 10

- Train batch size = 100

- Test batch size = 1

- Validation batch size = 100
eranuwiugreslumalszua 50.0 %

|||||“ll..-.'ll|li'lllli

l,,{"f -
7
[C

b
ConcatV2 : — 'S 3 8 ULNA q\oﬂr\

AvgPool : 52 layers
Add : 81 layers

DepthwiseConv2dNative : 160 layers
FusedBatchNorm : 192 layers

Relu : 192 layers

Conv2D : 196 layers

Identity : 1,129 layers
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Const : 1,183 layers

a =
vanewg - TUsunsun1w python war3Baslausieglunianuan

d o =Y at
3.2.3 wlaslumariaurluldlunauwaiady
ay v a ¢ = |
luwmanlandsainnisimsu axdulad 2 IWd output.pb wagz output.txt Faldanunse
o v oas ¥ oas qu = o & v o L £ 73 L2 é
UnluTdAy smartphone Tasstiugadndunazdasviinisudadindlindulas mimodel 33

=l 44 & in' A 1 vV s
TensorFlow filausiifiarunsantaslwdluily mimodel la@saaq1 ticoreml 147 un1w1

python Tagld input #ail
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2. @519 project




Choose a template for your new project:

Augmented Document Master-Detail App

Single View App
Reality App Based App

()
Nt

Page-Based App Tabbed App Sticker Pack App iMessage App

(LN

Cocoa Touch Cocoa Tot Metal Library
Frame { Static Library

Cancel

g'ﬂ'ﬁ 49:1aan Singte View App

Choose options for your new project:

Product Name:  Binary Classification
Team: Pisit Eiamudomchai (Personal Team)
Organization Name:
Organization Identifier:
Bundie identifier:

Language:

esis

v Include Ul Tests

Previous

Cancel

o
s

JUN 50 Astauazidanawnldidu Swift

a9



3. 910 View lu Storyboard Tmedl UlimageView, UlBarButtonitem wag UlLabel

B8 .o B = . H View ) [l imageview < A > o2
v [@ Image Classification Vi... . - u

v . Image Classification
v . View ¥

ﬂ Safe Area

i First Responder

oard Entry Poi 2 : 1 rt UIKit
CoreML
Vision
Imagel0

ImageClassificationViewCon
troller: Vi ntrolle:

D ; D Vary for Trajts

] Viewas:iPhone8( C R)

gﬂ‘ﬁ 51 2991 View: 1 Storyboard

4. yihmsanlwa” mimedel Ananistiinluly project fagt Inolimea ResnetV2 1 train an
Uy §U inputilu image cotor(RGB). 1A 228x224 diu Output i liuve Class V03U

model viIunela
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@

17

¥ Machine Learning Model
Name NewResnetV2_50_224 binary
Type Neural Network Classifier
Size 102.8 MB
Author
Description

License

¥ Model Class

C| NewResnetV2_50_224 _binary ©

¥ Model Evaluation Parameters

Name Type Description

¥ Inputs
Placeholder_0 image (Color 224 x 224)

¥ Outputs
final_result_ 0 Dictionary (String -+ Double)

classLabel String

<l =i = '
UM 52 578a¢198nv09 ResnetV2 mimodel ¥ Xcode a@u

s
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4.2 palnNnIsdauluma

lamad nsu 4 level of Classification

Foluina YUAFUAMN A1MLAIUEN
Inception V3 299,299 40.5 %
Nasnet 331,531 43.0 %
Nasnet mobile 224 224 50.0 %
Resnet V2 224,224 35.3 %
mobilenet : 224,224 45.0 %

m1999 2 Lansaiarsiiugiuediimad sy d level ofClassification

'!.um'seiau‘[umaazt,i'e‘iu‘LﬁfjﬁlmLmaﬁﬁﬂ-‘numjuﬁhu’]nﬁhmﬁu-ﬁa‘[uma- Nasnet mobile &
ﬁmmmmjushag:ﬁ 50"% 'Lta&:"ﬁﬂ]_uqﬂiﬂ5’(1"5’-3?;]'194'_.2'];;6 MB Tﬂﬂﬁﬁm’muziué’nﬁl:iqqmnmmﬂ
\lasannnisasnsluled 4 teveliof Qidssification (M aTken output-aandlu 4 Ussian
ai’"lLﬂuﬁﬂzﬁag‘lﬁ%’ﬂga‘gﬂmwﬁwas _"_Tm'aguﬁiﬁmﬁﬁmzmmszsﬂ-;m_ autinisaeuseniiu 4
UsstamagwideguuAUszinviay 50, Usnidu auunfviizy 100 )l Lm'n_sfi-:'wt,i?fmﬁﬂ 50 3U uae
U daagiiu a3 ey ﬁq;ﬁﬁagﬂﬁiﬁa‘aﬂmaﬁq TUA 80 %6 AILUAIA IS

= ' \ Swar o > o ‘ - S ¥ ¥ -l -
Jalsigann nneugdinvivaaitmaiinastivteyagupmiusintuasanungoiivsdiuaiay
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2 JaadmiyBinary Classification
Faluna ' | YUIAFUNIN | ATULAIUEN
Inception V3 299,299 75.0 %
Nasnet 331,551 76.0 %
Nasnet mobile 224,224 66.7 %
Resnet V2 224224 83.3 %
mobilenet 224274 58.3 %

M1399 3 wansrAuLugweslieadmsu Binary Classification
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dmiuluina Binary Classification azidenluina Resnet V2 &alauusdugh 83.3 % i
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1. aulvian Anaconda

2. ¥IN15@379 Environment Taenagn U Environments 9 Create

'(J ANACONDA NAV'GATO R Sign in to Anaconds Cloud

A Home
Q sanels Update index aQ
3 -
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¥
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FINBUAELARN version UBd pythonudane create

v . ° " i o v =
3. nowtm-terminal WAIYNISAIINAOU version Ud python ITn A TFBIN1THSe

wWaragedsypython —version

4. a3 Tensorflow - GPU A38A&4 conda install tensorflow-gpu T9A1d4 conda aziiiu
d'nl' ai 2 s d‘ % v
Msaslavsisnnendesiulausisvanlviame
5. adlavusisouqesil

conda install -c anaconda cudatoolkit==9.0

XV



conda install -c conda-forge tgdm
pip install os
pip install tensorflow-hub

6. vhmadahannsalilavsistreduldvielvudenisiud python udamudae import

=d v = & o
lausTaifosms wadildazlii eror Judagy

Tusunsuatu python Mldaglu

https://github.com/tensorflow/hub/tree/master/examples/image _retraining

Bmsaslavnslunsutlaslimameinidlutevnaiady

4 = = . v -
lolauss tfcoreml' @il dependencies nHBINISHaL

e tensorflow >= 1.5.0
e coremltools >= 0.8
e numpy >=1.6.2

e protobuf >=3.1.0

o six>=1.100
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output_feamre_names = ['final_result-0°],
image_input_names = Placeholder 0,

input_name_shape_dict = {"ﬁm
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ResnetV2 S0 ResnetV2_50 same ontput_labels.txt',

l'—"eﬁ}wlﬂ I
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ation } iPhone 6 Binary Classification | Build Binary Classification: Succeeded | Yesterday at 22:02

2451 B. ' R B E @) N view) B mageview < A > 58

v [@ Image Classification View...

v @ Image Classification Vie...
v [l view
ﬂ Safe Area
. Image View
> .Tcmlbar internal class
+ ImageClassificationViewCon
troller :

= Exit
=> Storyboard Entry Point

* cameraButton:
ButtonItem!

View as: iPhone 8 (. C "R)
|

classificationRequest:
D D\.’ar‘) for Traits Req t o

All Output

Storyboard
Code

Vs

See LICENSE folder for this sample’s licensing information.

XIX



Abstract:

View controller for selecting images and applying Vision + Core ML processing.
4

import UIKit

import CoreML

import Vision

import ImagelO

class ImageClassificationViewContre

// MARK: - IBOutlets

let request = VNCoreMLRequest(model: model, completionHandler: { [weak self]
request, error in

self?.processClassifications(for: request, error: error)

)

request.imageCropAndScaleOption = .centerCrop

return request

XX



} catch {

fatalError("Failed to load Vision ML model: \(error)")
}

X0

/// - Tag: PerformRequests

func updateClassifications(for image: Ullmage) {

classificationLabel.text = "Classifying..."

)
Eﬁﬂ

atl Re

51, handter-PracassCls s' cati

Vi nanyd

2’ gatches errors specific

print(*Failed to perform classification.\n\(error.localizedDescription)”)
}

XXI



/// Updates the Ul with the results of the classification.

/// - Tag: ProcessClassifications
func processClassifications(for request: VNRequest, error: Error?) {
DispatchQueue.main.async {

guard let results = request.results else {
self.classificationLabel.text = "Unable to classify

image.\n\(error!.localizedDescription)"

return

ation’s, as specified

111111

af {classificati

LS
i

descriptions.joined(separator: "\n")
}

}
// MARK: - Photo Actions

@IBAction func takePicture() {
XX



// Show options for the source picker only if the camera is available.
guard UllmagePickerController.isSourceTypeAvailable(.camera) else {
presentPhotoPicker(sourceType: .photoLibrary)

return

}

let photoSourcePicker = UlAlertController()
let takePhoto = UlAlertAction(title: "Take Photo", style: .default) { [unowned self]

in

self.presentPhotoPicker urceType .camera

\t. //// 2

:default) { [unowned

CETS SN

cel, handler:

func presentPhoto Type: UIImagePlcker@o erSéurceType) {
%%P

&
Picke f(ﬁﬂg
let picker = UllmagePicke onf%ll’en

picker.delegate = self

picker.sourceType = sourceType
present(picker, animated: true)

}
}

extension ImageClassificationViewController: UllmagePickerControllerDelegate,

XX



UlINavigationControllerDelegate {

// MARK: - Handling Image Picker Selection

func imagePickerController(_ picker: UllmagePickerController,
didFinishPickingMediaWithInfo info: [String: Any]) {

picker.dismiss(animated: true)

// We always expect ‘imagePickerController(:didFinishPickingMediaWithinfo:)' to
supply the original image.

let image = info[UllmagePickerControlterOriginallimage] as! Ullmage

= =

-i]l_engl'fmuuummlqg
WL g
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Generic i0S Device  Four level | Build Vision+ML Example: Succeeded | 7/4/2562 BE at 17:16 A:? {}

Bg < . =l . . . <A> B a P/ came..utton + X

v [ Image Classification View...
. Image Classification Vie ) UIKit

7 . View i t CoreML

H Safe Area Vision
. Image View - ImageI0

» [ Toolbar
' ImageClassificationViewCo

ntroller:

Constraints UM s s

ﬁ First Responder

r {

ard Entry Point

classificationLabel:
Il 1!

t

classificationReques
View as: iPhone 8 Plus {(«C 'R) * VNCoreM jest = {

All Qutput

Storyboard
Code
/
See LICENSE folder for this sample’s licensing information.
Abstract:
View controller for selecting images and applying Vision + Core ML processing.
W

XXVI



import UIKit
import CoreML
import Vision
import ImagelO
class ImageClassificationViewController: UlViewController {
// MARK: - IBOutlets

e

eml

%
T~
- -
-
79N
152818

“lassifier model, add it to the project
and replace ‘MobileNet™ with that model's generated Swift class.
Y

let model = try VNCoreMLModel(for: nasnet_dclassify().model)

XXV
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let request = VNCoreMLRequest(model: model,

completionHandler: { [weak self] request, error in
self?.processClassifications(for: request, error: error)
)

request.imageCropAndScaleOption = .centerCrop

return request

>
oL
Taci it

5

AE L]

ST T LTI
.

i

!

let handler = VNImageRequestHandler(cilmage: cilmage, orientation: orientation)
do {
try handler.perform([self.classificationRequest])

} catch {

XXV



/*
This handler catches general image processing errors. The

‘classificationRequest s

completion handler ‘processClassifications(_:error:)’ catches errors specific

to processing that request.

toperform c\a-ssiﬁcati‘on. (error

([
G‘_tz-
tl_l:;l! !Ie l‘-
‘eqguest. A
2

return

// The ‘results” will always be "VNClassificationObservation’s, as specified by the

Core ML model in this project.
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let classifications = results as! [VNClassificationObservation]
if classifications.isEmpty {

self.classificationLabel.text = "Nothing recognized."

}else {

// Display top classifications ranked by confidence in the UL.

let topClassifications = classi

ﬁ_;i‘i'l" E’i separator:

@IBAction func takePicture() {
// Show options for the source picker only if the camera is available.
guard UllmagePickerController.isSource TypeAvailable(.camera) else {
presentPhotoPicker(sourceType: .photoLibrary)
return

XXX



}
let photoSourcePicker = UlAlertController()

let takePhoto = UlAlertAction(title: "Take Photo", style: .default) { [unowned self]

self.presentPhotoPicker(sourceType: .camera)

}

ancel, handler:

let picker = UllmagePickerController()

picker.delegate = self
picker.sourceType = sourceType

present(picker, animated: true)

XXX



extension ImageClassificationViewController: UllmagePickerControllerDelegate,
UINavigationControllerDelegate {
// MARK: - Handling Image Picker Selection

func imagePickerController(_.picker-UilmagePickerController,

__._.-_J
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Specifications

General FLIR One Pro

MF 1105 ve AoHS €, CEC-6C ING1233
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