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INTRODUCTION

ARTIFICIAL NEURAL NETWORK (ANN)
BASIC OF DEEP LEARNING

MCCULLOCH-PITTS (1943) REPRESENT THE NEURON AS A BINARY
TOOL

(GREAT INTEREST IN THE 80's AND 20's

MIMIC THE STRUCTURE OF BRAIN COMPOSED OF NEURONS AND
SYNAPSES




MULTILAYER PERCEPTRON (MLP)

e UNITS/NODES/NEURONS
e FULLY CONNECTED OR NOT
e (ONE OR MORE HIDDEN LAYERS
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ACTIVATION FUNCTIONS

DIFFERENT FUNCTIONS

ogistic, sigmoid, or soft step a(x) - — flz)(1 - f(z))
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THE SOFTMAX FUNCTION IS RELATED TO THE SIGMOID FUNCTION. IF YOU HAVE 4 CLASSES, THE
SOFTMAX FUNCTION WILL CALCULATE A PROBABILITY FOR EACH CLASS AND THE SUM OF THEM WILL BE
EQUALTO 1.



GRADIENT DESCENT
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LOSS/COST FUNCTION FOR CLASSIFICATION

Cross-entropy

H(p,q) = —pr(x)ln(q(x))

Average cross-entropy = 0.236

Cross-entropy per sample

Animal  Human Animal Human sample

0 0.2 0.8 » -(0*In(0.2)+1*In(0.8))
0 0.1 0.9 ~{0*In(0.1)+ 1#In(0.9))
1 1 : e

1 1

0.6 0.4 -(1*In(0.6)+0*In(0.4)) = 0.511
0.9 0.1 -(1*In(0.9}+0*In(0.1)) = 0.105




CROSS-ENTROPY

Epochs = iteratfion



— Batch gradient descent
— Mini-batch gradient Descent
—— Stochastic gradient descent

OPTIMIZER

* ORDINARY/BATCH GRADIENT DESCENT
e SEEN IN THE LAST COURSE
 ALL RECORDS

e STOCHASTIC GRADIENT DESCENT

* RANDOM SELECTED RECORD

* MINI-BATCH GRADIENT DESCENT

« BATCH OF USUALLY 32 RECORDS

_ Do not reach the optimal value but are close



MULTILAYER PERCEPTRON

HIGHER NEURONS =» T COMPLEXITY
HIGHER HIDDEN LAYERS =» T COMPLEXITY

# RESULTS IF OTHER ACTIVATION FUNCTION

# RESULTS IF OTHER OPTIMIZER (MORE OR LESS IMPACTED BY LOCAL MINIMA)
# RESULTS IF OTHER LOSS FUNCTION

# RESULTS IF THE LEARNING RATE IS DIFFERENT

YOU CAN ALSO ADD A REGULARISATION (L2 OR L1 NORM)




Too high learning rate

[tcrations
epochs

https://jonathan-
hui.medium.com/visualize-deep-
network-models-and-metrics-part-4-
9500fe06e3d0



HYPERPARAMETERS OPTIMIZATION

Dataset

Training Testing | Holdout Method

Cross Validation ‘

Data Permitting:

Training Validation | Testing | Training, Validation, Testing




WIDE & DEEP NEURAL NETWORK

(Cemme) (S (s Goeben) i) han)

Sequential
neural network

Wide & deep neural network



CONVOLUTIONAL NEURAL NETWORK (CANN)

DAVID H. HUBEL AND TORSTEN WIESEL IN THE 50's
OBSERVED THAT SEVERAL NEURONS IN THE VISUAL
CORTEX OF CATS IN THE BRAIN FOCUS ON A

RESTRICTED REGION OF THE VISUAL FIELD AND e /. Dr—
INTERACT ONLY IF A VISUAL STIMULI OCCURRED IN =) Q) < ==g»
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V1 Receptive Fields

Optical Input




LOCAL RECEPTIVE FIELD (LRF)

V1 Receptive Fields

Local receptive field

——  Connections with the next layer
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PADDING AND STRIDE

padding = "SAME"
added margin




FILTER

Input image ] o . .
Padding = valid (no margin) Filter (3x3) Output image with
stride = 1

Stride = 1
(2x1)+(0*0)+(1*1) 2
+(0*0)+(1*0)+(0*0) o
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Final output image




FEATURE MAPS

stride

Spatial convolution n feature maps
with n lilters

inpult
feature map

filters
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FEATURE MAP




2D AND 3D CANN =>» FEATURE MAPS




POOLING LAYER

L

* DECREASE THE DIMENSIONALITY OF THE LAYER MaxPool2D MaxPool2D
BY SUB-SETTING THE IMAGE " ‘

e 2% S PREFERRED

e MAX OR MEAN IS USED




CANN

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected
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CURRENT CONCLUSIONS FOR
DAIRY FARMING



THE COMPLEXITY OF MODELS CHANGES

« Structure
Number of parameters

Ordinary Penalized linear Principal Partial Least Random Neural Network Convolutional
multivariate Regression (Ridge, Component | Squares Forest — Multilayer neural network
regression Lasso, Elastic) regression Regression perceptron

Support vector

machine




Table 1. The 10-fold cross-validation and external-validation performances for predicting

lactoferrin content in milk using 4 different machine learning algorithms'

PLSR  PLS +Linear PLS + Polynomial SVYR  PLS + ANN
SVR

Selection function oneSE oneSE best best = oneSE2

Parameters nlV®= (=5 degree = 3;scale=  size = 4; decay

0.01;C=1 =0.5

R%c . 0.53 . 0.60

RMS5Ec 144.32 25.8 130.59
Cross-validation RZcv . 0.53

R%cv SD s 0.03

RMSEcv 44.3 144.60

RMSEcv 5D 5. 5.61

RPD . 142
External validation (n R%v K 0.63 0.62

Soyeurt et al., JDS 2020

Journal of Dairy Science

Volume 103, Issue 12, December 2020, Pages 11585-11596

A comparison of 4 different machine

learning algorithms to predict lactoferrin
content in bovine milk from mid-infrared
spectra

H. Soyeurt 1o

Example : Lactoferrin

Mean : 260 mg/L

| Difference | pisysann: 1.59 mg/L = 0.61%

| Difference | pisysisyms 11.16 mg/L = 4.29%
| Difference | pisvspsym - 2.99 mg/L = 1.15%
| Difference | annvsisym - 12.75 mg/L = 4.90%
| Difference | annvs psym - 4.58 mg/L = 1.76%

| Difference | psym vs isvm - 8-17 mg/L=> 3.14%

Small differences !



Average RMSE (g/day)
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105, Issue 10

Predicting methane emission in Canadian
96 Holstein dairy cattle using milk mid-

infrared reflectance spectroscopy and other
commonly available predictors via artificial
neural networks
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Example : Methane

Mean : +/- 400g/jour
| Difference | pis oy 39/day =2 0.75%

82



Method

Predictor

Bias

RMSE

Statistic
r

RPIQ

Method

Bias

RMSE

RPIQ

Previous
a.m.

p.m.

a.m. and
p.m.
Average
a.m. and
p.rm.
Following
a.m.
p.rm.
a.m. and
p.m.
Average
a.m. and
p.rm.
Flanking
a.m.
p.rm.
a.m. and
p.m.
Average
a.m. and
p.rm.

-0.23 (8.97)

0.03 (9.49)

-0.01 (8.89)

-0.09 (8.81)

-0.49 (9.34)
-0.06 (9.93)

-0.20 (9.14)

-0.56 (9.43)

-0.42 (9.08)
-0.11 (9.71)

-0.10 (8.83)

-0.25 (8.92)

43.04 (2.36)
43.73 (2.48)

42.15 (1.52)

41.76 (1.98)

44.62 (1.45)
45.23 (0.90)

44.14 (0.78)

44,00 (1.40)

38.09 (1.87)
39.25 (1.57)

37.96 (1.36)

37.96 (2.00)

0.64 (0.03)
0.63 (0.03)

0.65 (0.03)

0.66 (0.03)

0.61 (0.02)
0.60 (0.04)

0.62 (0.03)

0.63 (0.03)

0.68 (0.03)
0.66 (0.03)

0.68 (0.03)

0.69 (0.03)

0.94 (0.11)
0.93 (0.11)

0.94 (0.10)

0.95 (0.11)

0.95 (0.09)
0.93 (0.12)

0.94 (0.10)

0.95 (0.10)

0.95(0.11)
0.93 (0.12)

0.95 (0.11)

0.96 (0.11)

1.76 (0.16)
1.74 (0.16)

1.77(0.17)

1.79 (0.18)

1.71(0.11}
1.69 (0.12)

1.73(0.11)

1.74 (0.11)

1.87 (0.17)
1.81 (0.15)

1.87 (0.16)

1.90 (0.16)

Neural
networks

Previous
a.m.

p.m.

a.m. and
p.m.
Average
a.m. and
p.m.
Following
a.m.
p.m.
a.m. and
p.m.
Average
a.m. and
p.m.
Flanking
a.m.
p.m.
a.m. and
p.m.
Average
a.m. and
p.m.

0.12 (8.66)
-0.11

(10.00)
-0.42 (8.26)

-0.42(7.96)

-0.73(8.93)
-0.36 (9.08)

-0.96 (8.584)

-0.4& (8.23)

0.16 (8.97)
-0.46 (9.27)

-0.77(8.43)

-0.33 (7.95)

42.50 (1.64)
43.15 (2.04)

41.14 (1.86)

41.45 (1.45)

43.59 (1.42)
44.36 (0.37)

42.48 (1.02)

42.33 (1.38)

38.23 (1.20)
39.16 (0.94)

37.17 (1.53)

37.46 (4.01)

0.64 (0.02)
0.64 (0.03)

0.67 (0.02)

0.66 (0.03)

0.64 (0.02)
0.62 (0.03)

0.66 (0.03)

0.66 (0.03)

0.68 (0.03)
0.66 (0.02)

0.70 (0.02)

0.71(0.03)

0.90 (0.11)
0.67 (0.10}

0.90 (0.09)

0.91(0.12)

0.92 (0.11)
0.89 (0.07)

0.89 (0.08)

0.92 (0.09)

0.92 (0.12)
0.87 (0.07)

0.91 (0.09)

0.92 (0.11)

1.76 (0.16)
1.73(0.18)

1.81(0.16)

1.80 (0.13)

1.75(0.11)
1.72(0.11)

1.80(0.13)

1.81(0.13)

1.86 (0.17)
1.82 (0.14)

1.91(0.15)

1.95 (0.16)

Journal of Dairy Science
Volume 107, Issue 2, February 2024, Pages 978-991

Example : Methane

Predicting methane emissions of individual
grazing dairy cows from spectral analyses of
their milk samples

Also low differences

D.P. Berry 2 =




Identifying Health Status in Grazing Dairy Cows from Milk Mid-Infrared
Spectroscopy by Using Machine Learning Methods

by Brenda Contla Hernandez '

1 School of Fundamental Scie

Nicolas Lopez-Villalobos 2 &4

More nuanced in classification

and Matthieu Vignes 1" &

Table 2. Performance of ¢
health problem and healthy
production se

Models 2 ensitivity Specificity Accuracy

PLS

MM

CMNM BT0Z2+127 925 +° 906348 13.41

06 +13.07

repro
that had any illness {lame
were healthy (no diagno:

value; NPV = ive predicted value; AUC =

CC = Matth orrelation fiicient. 2 Model

PLS-DA = partial least squares discriminant anal RF = random fo
MM = neural network, CHMN volutional neural network, ESA = e

MCC
024 +004
014 +004

). From the
oductive disorder, etc.) and
Standard deviation; PPV =

area under the receiver operating

cation:

semble stacking ave

nsemble stacking major voting and ESWA = ensemble stacking weighted average.



Journal of Dairy Science
Volume 105, Issue 4, April 2022, Pages 3615-3632

Pregnancy status predicted using milk mid-
infrared spectra from dairy cattle

K.M. Tiplady*? 2 @, M.-H.Trinh }, 5.R. Davis 1, R.G. Sherlock % R]. Spelman %, D). Garrick ?,
B.L. Harris !

CNN

FT-MIR spectra
N x 528

one-hot
encoder

A

1D Densenet121

i

AdaptiveAvgPool

LeakyReLU

BatchNorm

—

10 ] [ Nx1024x1x1 ]

LeakyRelU

BatchNorm

FullyConnected

More nuanced in classification

Table 3. Model performance for multilayer perceptron (MLP) and convolutional neural
network (CNN) approaches based on strategy 3 data': accuracy (Acc), sensitivity (Sens),
specificity (Spec), and area under the receiver operating characteristic curve (AUC) values
within the training, herd-independent validation (VAL-Test) and pregnancy-associated
glycoproteins validation (VAL-PAG) data sets

Deep Training Test validation (VAL-Test) Glycoprotein-based

learning validation (VAL-PAG)

approach?
and mode? Acc  Sens Acc Sens Spec AUC

MLP
approach

FT-MIR 0.502
spectra

FT-MIR 0.594
spectra +
DIM

FT-MIR

spectra (pre-
adjusted for

DIM)

CNN
approach

FT-MIR 0.625
spectra

FT-MIR 0.645
spectra +
DIM

FT-MIR 0.982

spectra (pre-
adjusted for

DIM)




ournal of Dairy Science

ober 2022, Pag

P"I-'-e-dicting methane emission in Canadian
The variability is bigger within the same model using Holstein dairy cattle using milk mid-

different sets of features infrared reflectance spectroscopy and other
commonly available predictors via artificial

neural networks

ae Shn:l-:lnc.-url.
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= Not only focus on the model type



CONCLUSIONS

* A lot of hyperparameters 1o fune

* Infinite possibility of cCANN and MLP sfructure

» Take care to the reproducibility of the model

 Limited interest for regression but high inferest for
classification and image processing

 However, transfer learning can solve problems of
data sharing or allows to deal with large
database



PYTHON SCRIPT EXAMPLE



hitps.//www.kaggle.com/datasets/moltean/fruits

< 2 O @

> 8 9 @

Q@ m

kaggle

Create

Home
Competitions
Datasets
Models

Code
Discussions
Learn

More

5 https//www.kaggle.com/datasets/moltean/fruits 15
Q, search
~
&0’  MIHAI OLTEAN - UPDATED 7 DAYS AGO - | 3129 <> Code

Fruits-360 dataset

| A dataset with 134605 images of 196 fruits, vegetables, nuts and seeds

Data Card Code (643) Discussion (42)  Suggestions (0)

About Dataset

Fruits-360 dataset: A dataset of images containing fruits, vegetables, nuts and seeds
Version: 2025.05.05.0

Content

The following fruits, vegetables and nuts and are included:

Apples (different varieties: Crimson Snow, Golden, Golden-Red, Granny Smith, Pink Lady, Red, Red Delicious), Apricot, Avocado, Avocado
ripe, Banana (Yellow, Red, Lady Finger), Beans, Beetroot Red, Blackberry, Blueberry, Cabbage, Caju seed, Cactus fruit, Cantaloupe (2
varieties), Carambula, Carrot, Cauliflower, Cherimoya, Cherry (different varieties, Rainier), Cherry Wax (Yellow, Red, Black), Chestnut,

kaggle

A 3l @

o

e

Usability ©
8.75

License
CCBY-SA 4.0

Expected update frequency
Monthly

Tags

Arts and Entertainment



FREFEFEH R ETE SRS
# MLP

FREFEFEH R ETE SRS

# MLP
JANN1 = tf.keras.
tf.keras.Inpu 100, 3)),
tf.keras. lay
tf.keras.lajy activation="relu"),
tf.keras.la activation="relu"),
tf.keras.lajy activation="relu"),
- tf.keras.layers.Dense(31, activation="softmax")
1)

print ("Perceptron with one hidden layer",ANN1.summary())
tf.keras.ut L_s.pTDﬁ_WD 1 (ANN1)

# network compilation
JANN1 . compile (
optimizer=tf. K—LJ_.”stimizers.:uLtlearnlng rate=0.01, momentum=0.3%),
loss='categorical crossentropy’
- metrics=['accuracy']

)

# Fit the network
Jhistory = BNN1.7it( x = xtrain,
vy = ytrain,
epochs = 50, # 50 epochs
batch size = 64, # mini-batch gradient descent with 32 samples
validation split = 0.2

r
callbacks = [tf.keras.callbacks.EarlyvStopping(patience=3)]) # patience option is interesting to be sure that the minimum is not a local minimum.



# model creation

Jc2NN = tf.keras usnsia;([
tf.keras.In shape=(100, 100, 3)), # declare input shape separately
tf.keras.1a .ConvZD(10, 7, activation="relu", padding="szm="),
tf.keras.1la =N 1ingZD(2),
tf.keras.1la ten(),
tf.keras.1a , activation="r=1u"),
tf.keras.1la ut(0.5),
tf.keras.1a , activation="r=1u"),
Z tf.keras.1a , activation="softmax"™) # adjust output units to your number of classes

1)

print("Convolutional neural network™,cANN.summary())
tf.keras.utils.plot model (cANN)

# network compilation

JchNN . compile (tf. keras.optimizers.s5GD(learning rate=0.01, momentum=0.9), # optimizer "adam" "sgd"
loss="categorical crossentropy', #tf.keras.losses.SparseCategoricalCrossentropy (from logits=True),

i metrics=["accuracy']l)

# Fit the network
]history2 = CANN. it (x=xtrain,
y=ytrain,
batch size=g4,
epochs=50,
verbose=l,
valldatlon _data=(xtest, ytest),
i callbacks = [tf.keras.callbacks.EarlvsStopping(patience=3)]1) # patience option is interesting to be sure that the minimum is not a local minimum.
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