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Gartner Hype Cycle

Hype Cycle for Emerging Technologies, 2020
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What is Artificial Intelligence?

» English Oxford Living Dictionary

The theory and development of computer systems able to perform
tasks normally requiring human intelligence, such as visual
berception, speech recognition, decision-making, and translation between
languages

» The Encyclopedia Britannica

The ability of a digital computer or computer-controlled robot to perform
tasks commonly associated with intelligent beings

» Webster

A branch of computer science dealing with the simulation of intelligent
behavior in computers. The capability of a machine to imitate
intelligent human behavior.
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ARTIFICIAL INTELLIGENCE

The Future of Everything
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Robotics —
Computer Vision

Natural Language Processing
Machine Learning

Planning, Scheduling, Search Methodologies o AI
Multi-Agent systems

Knowledge Representation and Reasoning
Philosophical Aspects )
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Since an early flush of optimism in the 1980s, smaller subsets of artificial intelligence - first machine learning, then
deep learning, 2 subset of machine learning - have created ever larger disruptions,



What is Machine Learning?

» Machine Learning

A field of computer science that aims to teach computers how to
learn and act without being explicitly programmed

» The Encyclopedia Britannica

Machine learning, in artificial intelligence, discipline concerned with the
implementation of computer software that can learn autonomously



A

Machine Learning Tasks

Classification
Regression
Clustering
Anomaly Detection
Data Reduction



I. Classification (Binary or Multi-Class Classification)
Predict which of a set of classes this individual belongs to

Ex: Among all the customers of Vodafone, which are likely to
respond to a given offer?

Will respond
Will not

Double data
Double the fun

O

vodafone
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(Classification Task)

Dependent Variable
(class label)
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2. Regression (“value estimation”)
Predict the numerical value of some variable for that individual

Ex: How much will a given customer use the service! (service usage)

4GB data usage




(Regression Task)

Output value
FEATURES
[ixed volatile|  citric residual free sublur total suifur
acidity acidity acid sugar chlorides dioxide dioxide danzily | pH|sulphatas alcohol
074 0.70 0.00 14 0oTe (1.0 4.0 0.6978 |3.51| 056 a4
1748 0.86 0.00 2.6 0098 [25.0 67.0 0.9068 |3.20|068 a8
2|78 076 0.0 23 0.0az2 150 540 029 132|065 9k
312 028 0.56 14 0ors (170 60.0 05980 (316|058 98
474 0.70 0.00 |8 0oTe (1.0 340 0.8078 |3.51|0.56 a4

Wine Quality dataset
REGRESSION ALGORITHMS




» Classification

predicts whether something will happen

» Regression

predicts how much something will happen

CLASSIFICATION vs
REGRESSION

NATERT SN ST



3. Clustering

Group individuals in a population together by their similarity
Ex:What kind of customer groups/segments do we have!?
Ex:What products should we offer or develop!?



» Dozens of approaches (K-means clustering, X-means clustering, ...

Data Clustering: : : ' i
Theory, Algorithms, g DATA ;6- 3
and Applications - CLUSTERING "

Alganthms and 8
Applications 3%

e
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4. Anomaly detection

Attempts to characterize the typical behaviour of an
individual, group, population

Ex: What is the typical cell phone usage of this customer
segment!?

Ex: Fraud detection applications

Someone breaking into your iTunes account
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5. Data Reduction

Attempts to take a large dataset and replace it with a smaller
one that contains much of the important information

Involves loss of information

Ex: Which features are most important?




A. Supervised learning

B. Unsupervised learning

C. Semi-supervised learning
D. Reinforcement learning
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A. Supervised
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C. Semi-supervised

4 1 - Initial 2 - Classifying
s lassifier labeled data with
labelled A pRe unisbeled aata wi
data o optimization the trained classifier
A" go (e.8. CSP+LDA) to label them

ofod
=
Many
unlabeled 08%
Data OW
(acquired duringuse) O

3 - Re-train the
classifier



Training Data

Supervised
Learning

Semi- Some Labeled Data
Supervised 3 ‘

All Labeled Data > Model

Learning Lots of Unlabeled
Data

Unsupervised SUNTRFRISERLRte > | Model
Learning ‘




D. Reinforcement

Reward

Take

parameter 6

action

Observe state

Environment

Reinfarceament

Learning
Agerit




Why Deep Learning? Scalable Machine Learning

Machine Learning

Gimp, — Lﬁjﬁﬁtﬂ-

Feature extraction Classification

Deep Learning

& — 37 — I

Feature extraction + Classification

Deap
Leaming

Most Leaming
Adgarithms

Performance

— >

Amount of Data

https://deeplearning.mit.edu



Deep Learning is Representation Learning

» (aka Feature Learning)

Machine
Learning

Artificial
Intelligence

https://deeplearning.mit.edu



Performance

Amount of data

Large NN

Medium NN

Small NN

Traditional
learning algo



Why Deep Learning?

» Hand engineered features

» time consuming, brittle,and not scalable in practice

» Can we learn the underlying features directly from data?

Low Level Features Mid Level Features High Level Features




Typical ML Flow

- f
Input Feature Classificatior

\

More abstract representation

Deep Learning: train layers of features so that classifier works well,
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The Rise of Deep Learning

LioNet
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Why Now?

» Neural Networks date back decades, so why the resurgence!

\/
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Neural Network
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LeNet : Tensorflow vs. Keras

# The mode!

strce = 1 # output s 268x28

Y1 & i on conv2d(X. W1 stiidess(1, stride, stnde, 1] paddng«'SAME') « BY)
sirde = 2 £ ouiput s 14x14

Y2 = i recreloftf rn.conv20(Y 1, W2, stnoes={1, sinds. anoa. 1) padding="SANE'} + B2)
sirde = 2 £oulput = 7x7

Y3 = tf rrelultf nnoonv23{Y2, W3, stnoee={], siide &tnoa, 1), paddmg=S5ANE} + B3)

# rechape e cutput from the tird comyokacn far e fully connecled Byr
YY = if reshape¥3, shupesfl, 747 M)

Y4 = f ros relo{lf matmud(YY. W4) + B4)
YY4 = tf nndropoutiY4, pkeap)

Yiogis = f maimul[YY4, W5) + BS

¥ = t.onsoftmanYoous)

# crosz-entropy boss Aurction (= sem{Y_| * log(Yl)) ), normalsec for batches of 100 Images

# Ternorflow provides he solimax_ooss_enfropy_wih_logls function lo avoid numesical stabity
# problems with logi0) which & NaN

crems_ertrapy = Hnnsofimax_cross_entropy_with_logils(logs=Yiogts, hbelsY |
Crces_entropy = i reduce_mean|oross_enogy)” 100

# aocuracy of the rained meoa. batween O (warst) and 1 (best)
comecl_predichion = f egualt argmax(Y, 1) fargmax(y_ 1))
acourasy = tfrechuce_mean(f.casticorect_pradiction, if.foatd2))

# trmining siap, the eaming rate |s a placshoioer
fan_siep = if lrain AdamOphimizen k) minimeze|cross_endropy)

it

init = o glodal_vanables_ntiaizen)
sess = If Session|)

sess.runond)

model = Sequential()

model add(Conv2D(32, kemel_sze=(3, 3),
activation="rel’,
input_shape=input_shape)}

model add(Conv2D{64, (3, 3), activation="relu’))

model add(MaxFooling2D(pool_size=(Z, 2)))

model add(Dropout(0.25))

model add(Flatten())

maodel.add(Dense({ 128, activation=rely’))

meodel.add{Dropout(0.5))

model add(Dense{num_ciasses, activation="sofimax’))

model compile(loss=keras losses.calegorical_crossentropy,
optimzer=keras.optimizers Adadelta(),
metrics=['accuracy])

model ft(x_train, y_train,
batch_size=baich_size,
epochs=epochs,
verpose=1,
validation_data=(x_lest, y_test))
score = model evaluate(x_test, y_test verbose=0)
print{Test loss.’, score[0])
print("Test accuracy:’, score{1])




Keras Model Life-Cycle

|. Define Network
2. Compile Network
3. Fit Network

4. Evaluate Network
5. Make Predictions

1. Define Network

:

<. Compile Network

'

3. Fit Network

'

4, Evaluate Network

'

5. Make Predictions

Figure 4.1: 5 Step Life-Cyele for Neural Network Models in Keras,



Combing Neurons in Hidden Layers:
The “Emergent” Power to Approximate

Simple Neural Network Deep Learning Neural Network

@ nput Layer () Hidden Layer @ Output Layer



ML in Agriculture
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Machine Learning in Agriculture: A Review
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Abstract: Machine leaming has emerged with big data technologies and high-performances compoting
B Create miew opprortunities for data intensive scicence m the mualb-disciplinary agri-techmobogeies
domain. In this papern we prosent a comprehensive roviews of research dedicated o applicat ons
ol machine earming in agriculitural production systems,. The works analyeed wseme cateporiezed in
{al crop manapzement, inclaoding applications on yicld predictiomn, discose doetestion, wooeod detecbion
crop Quality, and spoecies recogenition: (B livestock management, including applications o animdal
weplfare and livoestock pmducﬁuru {o) water marnagermerit; arwed (el ¥ manil ITYAT LA RS CTT Ty, Thas ﬁjtl."l‘irlE
and classification of the presentecd articles demonstrate bow aericoulture will bemedit irom machine
learning bechnodogies. Hy applyving machine learming to sensor dato, farmm ononagoemmen b sysiems e
evolvirg: into real tirne actificial intellizenoe cnabbed programs that provide rich recommend abioms
amcl insig s for farmer decision suppaort and actiomn,

I-Ltywu:-rdm RO eaiagEerend; woa loer imanaggemnesnd winh | Tmaa kg el b versmiton b maaa e et artd flcial
intelligence: planning: precision agreuliore



ML in Agriculture

1. Crop management
a.Crop Yield Prediction
b.Disease detection
c. Weed detection
d.Crop quality
e.Species recognition

2. Livestock management
a. Animal welfare
b. Livestock production

3. Water management

4. Soil management



Application of ML for Crop Yield Prediction

Contents |ists available at Seienceliec

Computers and Electronics in Agriculture

journal homepage; www elasvier com/locatedcampag

Crop yield prediction using machine learning: A systematic literature review )

-

Thomas van Klompenburg', Ayalew Kassahun', Cagatay Catal™ —
“imformadion Techeslogy Group, Wogrmsngen Unfeersiry 8 Researely, Wageninger, she Mevhenlands
" iheparmeent of Compurer Kngineening, Bafoesetr Linisersity, fannbul Tiokey
ARTICLE INFO ABSTRACT
Feywards Machine learning is an imporant decigion support ol for ensp vield prediction, including supporting decisions
Coop yheld predic o on what crops to growe and what 0 do during the growing sesson of the crops. Severml machine learning al-
Deciion support. system goritlis have been applied oo sugpoit ciop vield prediction research. In this soudy, we performsad & Systematic
Aapkamiic Ko oo, ool Litarstura Review (SLR) to extract and synthecize the algorithms and features that have been usad in crop vield
:];mhlm hearning prediction studbes. Based on our search criterla, we retrisved S67 relevant studlies from six lectronic dataiages,

i . of which we have selected B0 studies for further analysis using inclusion and exclusion criteria, We investizated

these selected stwdies carefinlly, analyzed the methosds snd features nsed, wnd provided sugpestions b furlse
reseanch. According to our analysis, the mos used featores are temperature, rainfall, and soil type, and the most
appied algorithin is Arifcial Neural Networks in these oeadels. After this observiation based on the analysis of
machine learming-based 50 papers, we performed an additional search in electronic databases to identify deep
lparning-based studies, reached 303 deep learning-based papers, and extracted the opplied deep learming algo-
rithms, According o this additonal amalysis, Convolutsenal Neural Networks (CMED is the most widedy osed
deap learning algonthm in these studies. and the other widely used deep leaming algarithms are Long-Short
Tarm Memory (LSTM) and Deep Neural Networks (DNNL



Application of DL in Agriculture

Contents lists available at Sciencellirect

Computers and Electronics in Agriculture

FT SEVIEFR journal homapage: www.alseviar com/locate/compag

Review
Deep learning in agriculture: A survey )

e
Andreas Kamilaris®, Francese X. Prenafeta-Boldi e
Jrznmte for Food and Agricathral Reserch and Tednology (IRTA), Spain
ARTICLEINFO ABSTRACT
Feywonis Deep leaming constitules a recent, modern technigue for image processing and daka analysis, with promising
Deep leaming resufis and large potential. As deep leaming has been suocessiully applied in warious domains, it has recently
Agriculture entered also the domain of agriculture. In this paper, we perform a survey of 40 rescarch efforts that employ
E'url.'e:r; s il o deep leaming techniques, applied to vamous agricultural and food prodvction challenpes. We examine the
b e particula agricultural problems under study, the specd e models and frameworks employed, the sources, natume

Recurrent Mewral Netwodks
Smart Erming
Food gy sems

and pre-processing of data veed, and the overall performance achieved according to the metrics nsed ® each
work under study. Moreover, we study comparisons of desp leamning with other existing popular techniques, in
respect to differences in classificstion or regression performance. Our findings mdicate that deep learning
provides high sccurscy, outperforming evisting commonly wsed image processing technigues,
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Application of DL in Agriculture

Leaf classification

Leaf disease detection

Plant disease detection

Land cover classification

Crop type classification

Plant recognition

Plant phenology recognition
Segmentation of root and soil
Crop yield estimation

Fruit counting

Obstacle detection

|dentification of weeds

Crop/weed detection and classification
Prediction of soil moisture content
Animal research

Weather prediction



How to Create and Train Deep Learning Models

|. Training from Scratch
2. Transfer Learning

3. Feature Extraction

Transfer learning: idea

Target labels J-\

Small
amount of

Large

Source labels
amount of

data/labels
Target model \

=~
j |

data/labels / Source model \

-~

Source data
£.g9. ImageNet

‘

Target data
E.g. PASCAL



Deep Learning Architectures

|. Deep Feed-Forward Neural Networks
2. Convolutional Neural Networks (CNN)
3. Recurrent Neural Networks (RNN)

« LSTM

* Bi-LSTM

Generative Adversarial Networks (GAN)
Autoencoders

Deep Belief Networks (DBN)
Restricted Boltzmann Machines

N o Uk

https://arxiv.org/pdf/1905.13294.pdf



