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Study-case :

Milk mid-infrared spectrometry



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



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

Milk spectroscopic analysis

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

4 Filters



1,747cm-1 for fat (C=0 ester linkage) ➔ Fat A
1,547 cm-1 for protein
1,041 cm-1 for lactose
2,873 cm-1 for fat (CH2 groups) ➔ Fat B

Fat A
Fat B

Lactose

Protein4 Filters
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Filters :
• Protein
• Lactose

Linearity between IR absorption and trait
Univariate linear regression



y = 136.23x - 157.2
R² = 0.4121
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Minimize the distance 
between the records 
and the predictions

Univariate linear regression
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Filters :
• Protein
• Lactose

Linearity between IR absorption and trait
Univariate linear regression

%fat ? 



Variable to 
be 

explained

Explaining variables

Regression coefficients
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Use the information coming from 2 filters
Multivariate linear regression

The 2 filters are not strongly correlated.

y = X β + e

%fat

Fat A

Fat B



y = X β + e

min (e²= (y - X β)²)

Ordinary least squares (OLS) estimation

𝜕(𝑦−𝑋𝛽)²

𝜕(𝛽)
=0

Regression
Estimation of regression coefficients

The inversion can be sometimes problematic when 
features are highly correlated.



min ((y - X β)²) ➔ (y - X β)² is the cost function (J(β))

Best estimator

Regression
Estimation of regression coefficients by iteration



min ((y - X β)²) ➔ (y - X β)² is the cost function (J(β))

Regression
Estimation of regression coefficients by iteration

β coefficients are estimated from partial derivatives 

Iteration



Regression
Estimation of regression coefficients by iteration

From univariate regression

Positive slope
= derivative

J(
β 0

)

Farest we are from the best estimator, bigger will be 
the derivative value (=slope) !!



Regression
Estimation of regression coefficients by iteration

From univariate regression

Gradient descent



Regression
Estimation of regression coefficients by iteration

From univariate regression

Gradient descent
Number of iterations



When have we started to 
machine learning / 
artificial intelligence ?

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

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. »



Model complexity

• Structure
• Number of features or combined features

• Number of parameters
• Optimized parameters



The complexity of models changes

• Structure
• Number of parameters

Models already tested in milk spectroscopic analysis

Multivariate 
linear 

regression



Multivaried linear regression
Y = µ + b1 x1 + b2 x2 + e 

• 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



Different possibilities

(1) Make a selection of features

(2) Force to share the informations 
between correlated features

(3) Create new less correlated features 
based on linear combination



Different possibilities

(1) Make a selection of features

(2) Force to share the informations 
between correlated features

(3) Create new less correlated features 
based on linear combination

Penalized regression



 Solve the colinearity problem by reducing the value of b coefficients

min

OLS Penalty

Regularization parameter

Penalized Regression
Ridge

If    = 0 ➔ simple linear regression

If      ↑, penality is growing



Penalized Regression
Lasso

 Lasso (Least Absolute Shrinkage and Selection Operator) 

min

OLS Penalty



Ridge vs. Lasso regressions
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Penalized Regression
ElasticNet

Penalty

 Combination between Ridge and Lasso

OLS



But, the complexity of models changes

• Structure
• Number of parameters

Models already tested in milk spectroscopic analysis

Multivaried 
linear 

regression

Penalized linear 
Regression 

(Ridge, Lasso, 
Elastic)



Different possibilities

(1) Make a selection of features

(2) Force to share the informations 
between correlated features

(3) Create new less correlated features 
based on linear combination



Nvariable in the regression is limited to the number of 

records – the number of estimated coefficients

Spectral variables (X variables) are correlated between 

them → colinearity

What can we do?



Principal Components 
Analysis

• Reducing the dimensionality of the X matrix

• Principal components are independent

• Correlations between them = 0



(1) zji = u1jxi1 + u2jxi2 + : : : + upjxip
(2) u2

1j + u2
2j + : : : + u2

pj = 1
(3) u1ju1k + u2ju2k + : : : + upjupk = 0; ͘Ɐj ≠ k
(4) Maximum variance for zj

Records (n x p)
- n = number of observations
- p = number of variables (e.g., 1,060)

Standardization of each j explaining variable

𝑥′𝑖𝑗 =
(𝑥𝑖𝑗 − ҧ𝑥𝑗)

ෝ𝜎𝑗

Principal Components Analysis



y = XPCA β + e

y = X β + e

Principal Components Regression (PCR)

Similar to multivariate linear regression but now the features are not correlated.

PCA allows to maximize 

the X variability and 

reduce the number of 

considered x variables if 

they are correlated 

between them.



 Advantages of multivariate regression without inconvenients
 No colinearity problem

 No problem to model with a large dataset

 No problem to interpret

 Take into account simultaneously X and y variabilities

Partial Least Squares Regression (PLS)



𝑅𝑒𝑥𝑠 𝑗,𝑒𝑦𝑠
=

𝑐𝑜𝑣(𝑒𝑥𝑠 𝑗, 𝑒𝑦𝑠)

𝜎𝑒𝑥𝑠 𝑗 𝜎𝑒𝑦𝑠

𝑊𝑒𝑥𝑠 𝑗,𝑒𝑦𝑠
=

𝑅(𝑒𝑥𝑠 𝑗, 𝑒𝑦𝑠)

2
σ𝑗=1

𝑛𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒+1 𝑅(𝑒𝑥𝑠 𝑗, 𝑒𝑦𝑠)

𝑡𝑛 = 𝑤𝑛𝑒𝑥𝑠1 + 𝑤𝑛𝑒𝑥𝑠2 +  … +  𝑤𝑛𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒𝑒𝑥𝑠 𝑛𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒

β1=(tn’tn)-1tn’Ds

Eds= Ds - tn β 

PLS method – NIPALS algorithm



But, the complexity of models changes

• Structure
• Number of parameters

Models already tested in milk spectroscopic analysis

Multivaried 
linear 

regression

Principal 
Component 
regression

Partial Least 
Squares 

Regression

Penalized linear 
Regression 

(Ridge, Lasso, 
Elastic)



Why other kinds of 
model? 

Difficulty to consider no linear relationships

• Use polynomials
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Quantification ➔ distance from 
the hyperplane

© Juan Fernandez Pierna, 2024



C optimizer.
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But, the complexity of models changes

• Structure
• Number of parameters

Models already tested in milk spectroscopic analysis

Multivaried 
linear 

regression

Principal 
Component 
regression

Partial Least 
Squares 
Regression

Penalized linear 
Regression 

(Ridge, Lasso, 
Elastic)

Support vector 
machine



Neural network

• Artificial neural network (ANN)
• Basic of deep learning
• McCulloch-Pitts (1943) represents the neuron 

as a binary tool
• Great interest in the 80’s and 90’s
• Mimic the structure of brain composed of 

neurons and synapses



First idea

INPUT MACHINE OUTPUT

@Richard, 2017



Artificial neural network

Combination function calculate the value of a 
node from the other connected nodes and their 
corresponding weights 

Transfer function define the output value 
• E.g., sigmoid or logistic function

• Linear behavior near to 0 and not 
linear at the extremities

• Model linear and not linear 
phenomena
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Weight estimation
Back-propagation of error gradient 

• The oldest algorithm
• Minimize the prediction error similarly to the ordinary least squares 
• Iterative estimation

• Start : attribution of random value to all weights ➔ first prediction ➔ error
• The values will be modified at each iteration
• Higher will be the error, stronger will be the change of the weight value.

𝑒² = ෍

𝑖=1

𝑛

෍

𝑗=1

𝑘

൫ ො𝑦𝑖𝑗 − 𝑦𝑖𝑗)²
N = number of samples
K = number of nodes



Optimization
• Complex process to optimize the architecture of the 

neural network
• Number of nodes/ units on the hidden layer 

(size)
• Number of layers (often one hidden layer) 
• Penalty (decay)
• Number of iterations

• Need the cross-validation to assess the model quality

• Each run can give different cross-validation results 
due to the random initialisation ➔ fix the seed

• For a first approach:
• High number of iterations
• Grid to test the best number of nodes and decay 

value



Wide & deep neural network



Decrease the weights

• Feature selection
• Lasso
• Random Forest 
• …

• PCR components
• PCAnet

• PLS components



But, the complexity of models changes

• Structure
• Number of parameters

Models already tested in milk spectroscopic analysis

Multivaried 
linear 

regression

Principal 
Component 
regression

Partial Least 
Squares 
Regression

Penalized linear 
Regression 

(Ridge, Lasso, 
Elastic)

Neural 
Network – 
Multilayer 
perceptron

Support vector 
machine



Multi-layer 
perceptron
Rapid increase of the number of 
features 



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 interact only if a 
visual stimuli occurred in this region. 

➔No interest to link all neurons
➔ Local receptive field (LRF)



Local receptive field (LRF)



Padding and stride



filter



Feature maps
stride

padding

filters

Where are the weights ?
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Not all neurons are connected



Pooling layer

• decrease the dimensionality of 
the layer by sub-setting the 
image

• 2*2 is preferred
• Max or mean is used 



cANN

Need to treat the spectrum as an image.



But, the complexity of models changes

• Structure
• Number of parameters

Models already tested in milk spectroscopic analysis

Multivaried 
linear 

regression

Principal 
Component 
regression

Partial Least 
Squares 
Regression

Penalized linear 
Regression 

(Ridge, Lasso, 
Elastic)

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

Multivaried 
linear 

regression

Principal 
Component 
regression

Partial Least 
Squares 
Regression

Penalized linear 
Regression 

(Ridge, Lasso, 
Elastic)

Neural 
Network – 
Multilayer 
perceptron

Convolutional 
neural network

Support vector 
machine

Linear until non-linear relationships

Higher computational resources



Example with saturated fatty acids

There is not only one interesting model … 



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



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
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