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Industry and farmers

1897: First national congress of dairy industry
Need for solid content quantification to fix 
milk price

Milk spectroscopic analysis

Algorithms based on milk analysis

1903: First international congress of dairy industry 
in Belgium ➔ Common approach

1903: Creation of International Dairy Federation (IDF)
Starting research to standardize and to discover new 
analytical, simple, reliable and reproducible methods  

1927:
First spectroscopic analysis
Filtered UV analysis on milk  

1883-1887: First dairy companies in Belgium

1953: Belgian law : label A and AA

1964: Routine milk analysis for quality and composition for the milk payment

1957: Milk recording on individual cows

1964:
Increasing use of MIR 
analysis to assess milk 
composition

60’s: IRMA : InfraRed Milk Analyzer : 3 MIR Filters
%Fat,%PROT,%Lactose + water absorption

1970: First MilkoScan : one cell measurement

1990: FT-MIR : Anadys

1991: First PLS model for milk analysis. 1960 : use of 
multivariate linear 
regression

2005: Creation of Milk Spectral 
database in Belgium

2005: First Fatty acids equations



Algorithms based on milk analysis

1991: First PLS model for milk analysis. 1960 : use of 
multivariate linear 
regression (MLR)

2005: Creation of Milk Spectral 
database in Belgium

2000- 2015: Enlarge PLS models to direct 
(fatty acids, lactoferrin) and indirect 
(cheese properties,methane, negative 
energy balance…) predictions

Make a prediction outside the spectrometer

2015: Spectral standardization

Now : Compare different modelling



Mid-infrared detector

FT-MIR spectrum

Manufacturer 
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Algorithms based on milk analysis

1991: First PLS model for milk analysis. 1960 : use of 
multivariate linear 
regression (MLR)

2005: Creation of Milk Spectral 
database in Belgium

2000- 2015: Enlarge PLS models to direct 
(fatty acids, lactoferrin) and indirect 
(cheese properties,methane, negative 
energy balance…) predictions

Make a prediction outside the spectrometer

2015: Spectral standardization

Now : Compare different modelling

New traits 



Open other possibilities

©Avelino Calvar Martinez

Nutritional 
quality

Technological 
properties

Animal 
Health

Environment
al fingerprint

Sustainability

Fat, protein, 
lactose, fatty 
acids, Ca, 
lactoferrin,…

Na, lactoferrin, 
Energy balance, 
body weight, dry 
matter intake, 
acetone, BHB, 
citrate …

Cheese yield, 
yoghurt yield, 
butter yield, 
spreadability … 

Methane, P, 
urea …

Consumption 
index, nitrogen 
efficiency …

Abnormal milk samples, 
color … Soyeurt, 2023



Algorithms based on milk analysis

1991: First PLS model for milk analysis. 1960 : use of 
multivariate linear 
regression (MLR)

2005: Creation of Milk Spectral 
database in Belgium

2000- 2015: Enlarge PLS models to direct 
(fatty acids, lactoferrin) and indirect 
(cheese properties,methane, negative 
energy balance…) predictions

Make a prediction outside the spectrometer

2015: Spectral standardization

Now : Compare different modelling

New algorithms

New traits 
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Linear regression
Y = µ + b1 x1 + b2 x2 + b3 x3 

• Low computational 
resources

• Need a number of samples 
higher than the number of 
features in the regression

• Features cannot be highly 
correlated

1927:
First spectroscopic analysis
Filtered UV analysis on milk  

1964:
Increasing use of MIR 
analysis to assess milk 
composition

1970: First MilkoScan : one cell measurement

1990: FT-MIR : Anadys

Milk spectroscopic analysis

60’s: IRMA : InfraRed Milk Analyzer : 3 MIR Filters
%Fat,%PROT,%Lactose + water absorption

Higher dimensionality



Linear regression
Y = µ + b1 x1 + b2 x2 + b3 x3 

• Low computational 
resources

• Need a number of 
samples higher than the 
number of features in the 
regression

• Features cannot be 
highly correlated

1927:
First spectroscopic analysis
Filtered UV analysis on milk  

1964:
Increasing use of MIR 
analysis to assess milk 
composition

1970: First MilkoScan : one cell measurement

1990: FT-MIR : Anadys

Milk spectroscopic analysis

60’s: IRMA : InfraRed Milk Analyzer : 3 MIR Filters
%Fat,%PROT,%Lactose + water absorption

PLS regression
Y = µ + b1 f1 + b.. f.. + bn xn 

• Ok for colinearity
• Create a new space where 

the correlations between 
features are minimized

• Ok if low number of 
samples

• Take information 
between spectral points

Conflict

Higher dimensionality



New models with AI ?



Artificial 
intelligence



Machine learning is an artificial intelligence

Arthur Lee Samuel

Machine Learning includes methods given the ability to the computers to 
lean without being explicitly programmed to achieve this objective. 

Tom Mitchell introduces the concept of « Learning by experience »

« A computer program is said to learn from experience E with respect to some 
task (T) and some performance measure P, if its performance on T, as 
measured by P, improves with experience E. »



When have we started to 
use it ?

Tom Mitchell introduces the 
concept of « Learning by 
experience »

« A computer program is said to 
learn from experience E with 
respect to some task (T) and some 
performance measure P, if its 
performance on T, as measured by 
P, improves with experience E. »

➔When we have started 
to estimate regression 
coefficients using 
interative procedure. 



From linear regression to 
artificial intelligence

It is just for marketing ! 



But, the complexity of models changes

• Structure
• Number of parameters

Models already tested in milk spectroscopic analysis

Ordinary 
multivariate 
regression

Principal 
Component 
regression

Partial Least 
Squares 
Regression

Penalized linear 
Regression (Ridge, 
Lasso, Elastic)

Random 
Forest

Neural 
Network – 
Multilayer 
perceptron

Convolutional 
neural network

Support vector 
machine

Linear until non-linear relationships



But the complexity of models changes
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Impact of validation 

• External validation:
• Independent datasets
• Take care to the hidden dependencies 

• Internal validation:
• Simple: Random splitting of the dataset 

• 2/3 calibration and 1/3 validation
• Cross-validation
• Bootstrapping …

Following the validation, the 
results will be different



But, the complexity of models changes

• Structure
• Number of parameters

Models already tested in milk spectroscopic analysis

Ordinary 
multivariate 
regression

Principal 
Component 
regression

Partial Least 
Squares 
Regression

Penalized linear 
Regression (Ridge, 
Lasso, Elastic)

Random 
Forest

Neural 
Network – 
Multilayer 
perceptron

Convolutional 
neural network

Support vector 
machine

Linear until non-linear relationships

Higher computational resources



Soyeurt et al., JDS 2020

Small differences !

Example : Lactoferrin

Mean : 260 mg/L
|Difference| PLS vs ANN : 1.59 mg/L ➔ 0.61%
|Difference| PLS vs LSVM : 11.16 mg/L ➔ 4.29%
|Difference| PLS vs PSVM : 2.99 mg/L ➔  1.15%
|Difference| ANN vs LSVM : 12.75 mg/L ➔ 4.90%
|Difference| ANN vs PSVM : 4.58 mg/L ➔ 1.76%
|Difference| PSVM vs LSVM : 8.17 mg/L➔ 3.14%



Example : Methane

Mean : +/- 400g/jour
|Difference| PLS vs NN : 3g/day ➔ 0.75%
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Example : Methane

Also low differences



More nuanced in classification



More nuanced in classification



Where is the 
highest error ? 

Kind of model

Validation ?



The variability is bigger within the same model using 
different sets of features

➔ Not only focus on the model type



Ultimate Goal
Having the 

same 
prediction for 

the same 
spectrum if 

you use a 
prediction 

model for the 
same trait

Not so simple …



Sources 
of 

variation

Equation 
performances

Reference 
used to create 
the equation

Calibration 
dataset used

Spectral 
standardisation

Spectral 
variability

 Spectral 
representativity

Different teams 
develop 

equations using 
different 

reference 
method

How much are they 
comparable ? Different spectral 

resolutions
How to standardize 
the signal ?

References hard 
to obtain leading 
a limited dataset

How much the 
spectral variability is 
representative of the 
cow population?

Every team has 
its own 

validation set

Validation 
performances 

are not 
comparable

Maybe the highest performance 
difference is not based on the model



For regression mainly … 



Transfer learning is interesting

More complex models …



https://iamamadsiddiqui.medium.com/unleashing-the-power-of-transfer-learning-in-artificial-intelligence-e8a9deee62f3

Deeply used with image and video data source



• Transfer learning is interesting:
• Large number of data is available
• Difficulty to share data
• Save computation time

More complex models …



Take home 
message

All available models 
are developed from 

AI

More complex 
models did not seem 

to be significantly 
better for regression 

purposes

However, in the 
future in the transfer 

learning is an 
interesting approach 
to build international 

models

However, to achieve 
a good results we 
need to:
• Standardize the reference 

method used to 
estimate/quantify the trait 
of interest

• Standardize the spectral 
data

Maybe due to 
relatively low 

training set

Promotion of 
neural 

networks
IDF/ICAR 

guidelines



New ideas

• Collect data routinely
• Improvement of the prediction 

based on the repeated acquisition

• Collaborative learning
• Improve the labelling of disease or 

useful information

• Consider the spectrum as an image
• Use pre-trained neural network 

models



Environmental 
impact ?

Search the optimized situation. Not 
always needed to perform something 
complex and computationally 
demanding
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