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Who am I? 
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CATALUNYA  a country that sees how the 
sun rises from the Mediterranean Sea 

Where do I come from? 
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I come from CATALUNYA
Where do I come from? 
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CATALUNYA is country of ancestral traditions
Where do I come from? 
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CATALUNYA is a country of gastronomy. 
Where do I come from? 
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One of the CATALUNYA’s most known recipes. 
Mongetes amb botifarra

Best bean quality must be 
chosen
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Phaseolus vulgaris L.



1. INTRODUCTION
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What kind of beans are we working 
with?
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• Xana

• Cornel

1.INTRODUCTION



What kind of beans are we working 
with?
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Xana

1.INTRODUCTION

It is an improved variety from the Asturian Fabes.



What kind of beans are we working 
with?
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Xana

1.INTRODUCTION

Used for cooking the super famous “Fabada Asturiana”



What kind of beans are we working 
with?
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Cornel

1.INTRODUCTION

It is an improved variety from the American black beans.



What kind of beans are we working 
with?
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Cornel

1.INTRODUCTION

Used for cooking the super famous Mexican recipe  “Rice and beans”.



Where are the beans planted?
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1.INTRODUCTION



Geographic environment
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• Soil rich in Calcium

1.INTRODUCTION



Climate
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1.INTRODUCTION



Climatic differences between  Sabadell 
Gallecs and Malgrat
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1.INTRODUCTION

Sabadell Gallecs Malgrat

Climate Central Litoral 
Mediterranean

Annual precipitation 550-800mm 

Storm risk High because of 
its orography

Precipitation peaks Fall- Spring

Winters
Cool: 8-11º          
average 
temperature               

Under 0ºC temperatures No under 0ºC 
temperatures

Summers
Warm:   22-23ºC 
average 
temperature

Annual thermal amplitude Moderate

From November to 
March

Moderate in 
summer, fall and 

Central Prelitoral 
Mediterranean
600-650 mm

Cold:   6-8ºC              
average 
temperature

Hot:  25-27ºC           
average 
temperature
Moderate

Fall- Spring



Bean’s diseases
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• Bacteria: Pseudomonas sp.

• Fungus and oomicets which attack the seed and the root: 
Pythium sp, Fusarium sp, Rhizoctonia sp, Verticillum sp.

• Fungus and oomicets which attack leaves and pods: 
Sclerotinia sclerotiorum (white mold), Erysiphe diffusa
(powdery mildew), Colletotrichum lindemutianum
(anthracnose) and others.

Pytium White mold

1.INTRODUCTION



Quality control of bean production

Quality 
Parameters

Chemical Genetical
Protein
Moisture
Fat 
Starch

Resistance to plant pathologies
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1.INTRODUCTION



Quality control
Chemical 
methods GeneticalTRADITIONAL 

METHODOLOGIES

• Time, Money & 
chemical reagents 
consuming

• Sample preparation
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1.INTRODUCTION



Why NIR?

Chemical & Physical & other Information

Multi parametric analysis

 Fast

Robust

Nondestructive

 No sample preparation

Many modes of measuring

 Low cost analysis
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1.INTRODUCTION



“The way of analyzing chemical data, in which both elements 
statistical and chemical thinking are combined” Charles E. Miller

Empirical modelling

Multivariate model

Chemical data

“The application of multivariate, empirical modelling methods to 
chemical data”

C.E Miller, K.Bakeev (Ed) “Chemometrics in Process Analytical Technology (PAT),” in Process Analytical Technology: Spectroscopic 
Tools and Implementation Strategies for the Chemical and Pharmaceutical Industries, Second Edi., John Wiley & Sons, Ltd, 2010, pp. 
353–438. 22

1.INTRODUCTION



Preprocessing data

1.INTRODUCTION
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Sample 
selection

Calibration 
Techniques

Classification

REF

NIR

REF

NIR

•Principal Component Analysis (PCA)

•Partial Least Squares (PLS)
•Correlation coefficients (CC)
•Multivariate Curve Resolution-
Alternating Least Squares (MCR-ALS)

•Cluster analysis
•SIMCA
•PLS-DA
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1.INTRODUCTION

Variable 
reduction

•Kennard and Stone



2. OBJECTIVES
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OBJECTIVES

Demonstration of strong relationships between NIR spectra and
geographical characteristics and climates.

Demonstrate NIR-Vis spectroscopy as a rapid and cost-effective
method, for detecting future bean pathologies such as Pythium
and white mold.

Demonstrate that NIR modeling in bean spectra can be an
alternative technique to PCR and ELISA for determining future
pathologies in bean plants.
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2.OBJECTIVES



3. METHODOLOGY
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BEAN SEADS

Schlerotinia (White mold)
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Pythium

Resistance to 2 isolates of white mold
(Scletorinia_V and Sclerotinia_X) that
sequence analysis placed near Erysiphe
diffusa, was evaluated on 5 plants per
entry. Disease assessment was performed
plant by plant 12 days after inoculation.

Average response to four isolates was
evaluated in five individual plants for each
accession.

3.METHODOLOGY
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• Sclerotinia
Scale = Qualitative 1, absence of symptoms - 9, death of the plant
The average response of three independent evaluations is shown

• White mold
P_crec: % of germination with respect to the control.
P_des: % reduction of growth of seedlings with respect to control.
The average response of four independent evaluations is shown

Reference Values for future pathology determination

3.METHODOLOGY



NIR SPECTROSCOPY

NEAR INFRARED APPLICATION

REFLECTANCE
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3.METHODOLOGY
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Reference Values for future pathology determination

3.METHODOLOGY

Bean 
Seeds

NIR/Vis Spectrometer                    
FOSS NIRSystems XDS equipped with Rapid 
Content Analyzer module (RCA)

(X data)

Observation of 
pathologies in the 
grown plants

(Y data)

Plantation



Data set 
split

Spectra 
pretreatment

Spectral 
range 

selection

Outlier 
selection

PCA 
analisys Interpret

Workflow of geographical analysis
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Data structure

Lo
ca
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n

Pa
th

ol
og

ie
s

NIR-VIS 
SPECTRA
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400-2500 nm
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3.METHODOLOGY



Data set 
split

Spectra 
pretreatment

Spectral 
range 

selection

Outlier 
selection Calibration Validation

Workflow of model development
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Data structure

Lo
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3.METHODOLOGY



4. RESULTS
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4.RESULTS

PART 1: 

Establishing a relationship between the 
geographical location their climates and our 
NIR-VIS spectra
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4.RESULTS

For establishing a relationship between the geographical 
location and our NIR-VIS spectra several algorithms and 
strategies have been used:  

 Cluster Analysis Supervised methods

Non-Supervised methods SIMCA

PLS-DA

K-medians
K-means
Hierarchical
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4.RESULTS

As a descriptive and exploratory method of variable 
reduction, we have tried Principal Component Analysis 
in order to visualize correlations among our variables 
and the geographic origin
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4.RESULTS

PC1    85.11
PC2    92.98 
PC3    96.98
PC4    98.43

1st SG Derivative 11 smoothing points 
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4.RESULTS

1st SG Derivative 11 smoothing points 

The selection of an appropriate spectral 
range will be the main key point
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4.RESULTS

The correlation coefficient between every 
single wavelength and the geographical 
location from samples
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4.RESULTS

The correlation coefficient between every 
single wavelength and the geographical 
location from samples
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4.RESULTS

The correlation coefficient between every 
single wavelength and the geographical 
location from samples
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4.RESULTS

1480-2045nm
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4.RESULTS

PC1    73.96
PC2    88.04 
PC3    95.45
PC4    97.48

1480-2045 nm./ 1st SG Derivative/ 11 smoothing points
PCA Algorithm: Single Value Decomposition 
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4.RESULTS
1480-2045 nm./ 1st SG Derivative/ 11 smoothing points

PCA Algorithm: Single Value Decomposition 

We need to keep improving
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4.RESULTS

1800-2100nm
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4.RESULTS

PC1    73.96
PC2    88.04 
PC3    95.45
PC4    97.48

1480-2045 nm./ 1st SG Derivative+SNV/ 11 smoothing points
PCA Algorithm: NIPALS
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4.RESULTS

Score Plots

Gallecs Sabadell Malgrat
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4.RESULTS

Score Plots

• PC 2 explains the 
geographic differences 
between beans from 
Malgrat and the ones from 
Vallès Occidental County    
(Sabadell, Gallecs).

• PCA is not able to 
distinguish differences 
between samples from 
Sabadell and from Gallecs. 

Scores

Gallecs

Sabadell

Malgrat
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4.RESULTS
Scores

Gallecs

Sabadell

Malgrat

Malgrat
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4.RESULTS
Scores

Gallecs

Sabadell

Malgrat

Sabadell and Gallecs
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4.RESULTS

The same type of 
soil (Dh-Q/Si)

Scores

Gallecs

Sabadell

Malgrat

• Sandstone 
• Shale 
• Conglomerate

Soils with high 
Calcium content
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4.RESULTS
Scores

Gallecs

Sabadell

Malgrat

The differences 
observed in the 
PCA analysis from 
the bean spectra 
are not because 
of the soil. 
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4.RESULTS
Scores

Gallecs

Sabadell

Malgrat

Different 
Mediterranean 
climates

• Similar annual precipitation to 
Vallès county but with more 
possibility of hard storms 
because of the orography.

• Warmer temperatures in winter 
and softer summers than in 
Vallès

• Malgrat: Central Litoral
Mediterranean climate

• Sabadell and Gallecs: Central 
Prelitoral Mediterranean climate
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4.RESULTS
Scores

Gallecs

Sabadell

Malgrat

Different 
Mediterranean 
climates

• Sabadell-Malgrat: 72,3 km
• Gallecs-Malgrat: 47,8 km
• Sabadell-Gallecs: 7,76 km

• Malgrat: Central Litoral
Mediterranean climate

• Sabadell and Gallecs: Central 
Prelitoral Mediterranean climate
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4.RESULTS

PART 2: 

Detection of future bean pathologies such as 
Pythium and white mold by using NIR-Vis 
spectroscopy and Partial Least Squares 
Regression (PLSR)



Sclerotinia_X

Sclerotinia_V

PATHOLOGIES

CALIBRATION 60 samples

VALIDATION 214 samples

CALIBRATION 60 y

VALIDATION 200 samples

Division of datasets
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4.RESULTS

Pythium_des

Pythium_crec
CALIBRATION 64 samples

VALIDATION 109 samples

CALIBRATION 57 samples

VALIDATION 60 samples



Sclerotinia_V
8 PLS components
Range :1900-2500nm
Pretreatment: SG 2D 11points 2order 
Calibration range: 4.67-8.7
RMSEC= 0.19
Prediction range: 4.67-8.7
RMSEP= 0.87
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4.RESULTS
Calibration 

Reference Y (S_Verdina, Factor-8)
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Prediction

Y Reference

4 5 6 7 8 9

P
re

di
ct

ed
 Y

4

5

6

7

8

9
Predicted vs. Reference

Elements:

Slope:

Offset:

Correlation:

R2(Pearson):

R-Square:
RMSEP:

SEP:

Bias:

214

0.3798512

4.1310015

0.3866724

0.1495156

NA

0.9296284

0.9318608

0.0057127

Elements:

Slope:

Offset:

Correlation:

R2(Pearson):

R-Square:
RMSEP:

SEP:

Bias:

214

0.3798512

4.1310015

0.3866724

0.1495156

NA

0.9296284

0.9318608

0.0057127



Sclerotinia_X
7 PLS components
Range :2000-2500nm
Pretreatment: SG 2D 11points 2order 
Calibration range: 5-9
RMSEC= 0.19
Prediction range: 5-9
RMSEP= 0.79
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4.RESULTS
Calibration 

Average of residual -0.01
Standard deviation of residual 0.80
t-calculated 0.88
t(214,0,05) 1.97

Reference Y (S_X, Factor-7)
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Pythium Crec %
8 PLS components
Range: 900-2500nm
Pretreatment: SG 2D 11points 2order 
Calibration range: 0-100%
RMSEC= 7.62
Prediction range: 0-100%
RMSEP= 9.31
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4.RESULTS

Average of residual 1.12
Standard deviation of residual 9.29
t-calculated 0.21
t(214,0,05) 1.98

Calibration 

Reference Y (P_crec, Factor-8)
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Pythium  Des %
7 PLS components
Range: 1900-2500nm
Pretreatment: SG 2D 11points 2order 
Calibration range: 48.3-86.7%
RMSEC= 7.62
Prediction range: 48.3-82.2%
RMSEP= 7.87
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4.RESULTS

Average of residual -0.80
Standard deviation of residual 7.89
t-calculated 0.43
t(214,0,05) 2.00
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Pathology Samples No. Slop Correlation RMSEP
Sclerotinia_V 214 0.3785 0.3866 0.9296
Sclerotinia_X 200 0.232 0.3169 0.7964
Pythium_crec 109 0.9702 0.9524 9.3123
Pythium_des 60 0.4885 0.5679 7.8661
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4.RESULTS

CALIBRATION

VALIDATION

Summary

Pathology Pretreatments Spectral Range Samples No. Slop Correlation RMSEC Factor Explained Y
Sclerotinia_V SG 2D 11points  1900-2500nm 60 0.955 0.977 0.187 8 95.47
Sclerotinia_X SG 2D 11points  2000-2500nm 60 0.949 0.974 0.177 7 94.90
Pythium_crec SG 2D 11points  900-2500nm 64 0.947 0.973 7.624 8 94.65
Pythium_des SG 2D 11points  1900-2500nm 57 0.952 0.976 2.359 7 95.19



5. CONCLUSIONS
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• Relationships between NIR spectra and climates have been 
demonstrated. 

• The wavelength range selection is the most important step for 
obtaining good results for this purpose. 

• Because of the 3 different places have the same type of soil we 
haven’t been able to demonstrate a relationship between types of 
soil and NIR spectra.

• The results of validation for this 4 pathology parameters show us 
low residual and error values and good predictive performances. 

• NIR modeling data from bean spectra can be an alternative 
technique to PCR and ELISA for determining future pathologies in 
bean plants. 64

5.CONCLUSIONS
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Any question???
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