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 11 

ABSTRACT 12 

Hyperspectral sensors represent a powerful tool for chemical mapping of solid-state samples, since they provide 13 

spectral information localized in the image domain in very short times and without the need of sample 14 

pretreatment. However, due to the large data size of each hyperspectral image, data dimensionality reduction 15 

(DR) is necessary in order to develop hyperspectral sensors for real-time monitoring of large sets of samples 16 

with different characteristics. In particular, in this work we focused on DR methods to convert the three-17 

dimensional data array corresponding to each hyperspectral image into a one-dimensional signal (1D-DR), 18 

which retains spectral and/or spatial information. In this way, large datasets of hyperspectral images can be 19 

converted into matrices of signals, which in turn can be easily processed using suitable multivariate statistical 20 

methods. Obviously, different 1D-DR methods highlight different aspects of the hyperspectral image dataset. 21 

Therefore, in order to investigate their advantages and disadvantages, in this work we compared three different 22 

1D-DR methods: average spectrum (AS), single space hyperspectrogram (SSH) and common space 23 

hyperspectrogram (CSH). In particular, we have considered 370 NIR-hyperspectral images of a set of green 24 

coffee samples, and the three 1D-DR methods were tested for their effectiveness in sensor fault detection, data 25 

structure exploration and sample classification according to coffee variety and to coffee processing method. 26 

Principal Component Analysis and Partial Least Squares-Discriminant Analysis were used to compare the three 27 

separate DR methods. Furthermore, low-level and mid-level data fusion was also employed to test the 28 

advantages of using AS, SSH and CSH altogether. 29 

 30 

KEYWORDS 31 

Hyperspectral imaging; data dimensionality reduction; fast exploration; multivariate classification; data 32 

fusion; green coffee. 33 
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1 INTRODUCTION 35 

The use of hyperspectral imaging (HSI) is rapidly emerging in the field of analytical chemistry [1], since it 36 

allows to collect simultaneously and in short times spectral information localized in the spatial domain of a 37 

sample. Compared with conventional spectroscopic methods, HSI provides additional information by way of the 38 

acquisition of spatially resolved spectra, combining the advantages of imaging techniques with the attributes of 39 

spectroscopic measurements. This allows to obtain chemical maps of the analysed sample, i.e., false colour 40 

images where the different constituents on the sample surface are depicted with different colours, depending on 41 

their chemical composition. Therefore, the possibility to acquire chemical maps of the analysed samples in short 42 

times and without the need of sample pretreatment makes hyperspectral sensing a powerful tool for real-time 43 

monitoring of solid-state samples. However, for practical applications it is often necessary to account for the 44 

variability of a high number of representative samples, which implies the need to deal with large sets of 45 

hyperspectral images. Since each hyperspectral image consists in an extremely high number of spectra (generally 46 

tens of thousands), dealing with datasets containing hundreds of images requires efficient data handling 47 

strategies. 48 

The data array corresponding to each hyperspectral image is often referred to as hypercube, given the three-49 

dimensional nature of the hyperspectral data, with two spatial dimensions (y pixel rows and x pixel columns) and 50 

one spectral dimension (λ wavelengths) [2-5]. The hypercube can be therefore considered both as a series of 51 

spectrally resolved images, where each image is taken at a given wavelength, and as a series of spatially resolved 52 

spectra, where each one of the n (= x × y) pixels of the image corresponds to a spectrum. 53 

The major limitations to the development of robust and efficient predictive models based on hyperspectral 54 

sensors, that could be used for fast and continuous monitoring purposes in the industry, are due to the long times 55 

and to the high computational loads needed to efficiently extract the useful information from a high number of 56 

hyperspectral images altogether [6, 7]. In fact, when a model (e.g., a calibration or a classification model) must 57 

be developed considering simultaneously a lot of images, including all the single pixel spectra of all the images 58 

requires long computational times or could be even unfeasible. This drawback is particularly evident in the 59 

elaboration of datasets composed of tens up to thousands of hypercubes, and partly undermines the advantage of 60 

HSI to provide data extremely rich in information. Moreover, also for predictive purposes, when each image 61 

represents the properties of a specific sample (including both its average properties and its inner variability), it 62 

could be useful to obtain a direct estimate of the sample on the whole, before focusing on the single pixels. 63 

To overcome this problem, the use of proper data dimensionality reduction (DR) methods is often 64 

mandatory. Among the various approaches used to perform DR, the simplest but still effective ones are those 65 

which consist in converting the three-dimensional hypercube data into a one-dimensional signal (1D-DR), which 66 

retains at least a significant part of the useful information pieces contained in each image. In this manner, the 67 

size of the dataset is drastically reduced; furthermore, the fast and simultaneous comparison at the image-level of 68 

a high number of hyperspectral images is possible. In fact, the whole dataset of hyperspectral images is 69 

converted into matrices of signals, which in turn can be easily processed by means of suitable multivariate 70 

statistical methods, like e.g., Principal Component Analysis (PCA) or Partial Least Squares – Discriminant 71 

Analysis (PLS-DA). In this manner, it is possible to visualize the structure of the whole dataset, highlighting 72 

clusters of similar samples, to develop classification rules and to detect outlier images, which could be then 73 
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further inspected in detail in order to reveal the reason for their anomalous behaviour, such as presence of defects 74 

within the analysed sample, contaminations or instrumental faults. A schematic overview of this approach is 75 

reported in Figure 1. 76 

Depending on the specific 1D-DR method, different pieces of information of the hyperspectral image can 77 

be retained: the signal can contain only spectral information, only spatial information, or both. Frequently, 78 

reduction of hyperspectral images to one-dimensional signals is achieved by calculating the average spectrum 79 

from the whole image or from specific regions of interest (ROIs) selected within the image [8, 9]. In the case of 80 

homogeneous samples this strategy is effective, but it does not work well when the identification of spatially 81 

localized features within the image scene is needed, since average spectra (AS) do not account for spatial 82 

information. 83 

Recently, following an approach that was previously developed by some of us for the analysis of datasets of 84 

RGB images [10-12], we proposed a 1D-DR method, named hyperspectrogram [6, 13], to condense both spatial 85 

and spectral information of hyperspectral images. Basically, hyperspectrograms are one-dimensional signals 86 

built by merging in sequence the frequency distribution curves of pixel-related features obtained from a PCA 87 

model calculated separately for each hyperspectral image. Therefore, spatial information is codified through the 88 

use of frequency distribution vectors of pixel-related features. Moreover, by adding at the end of the signal the 89 

PCA loading vectors, the hyperspectrogram codifies also the most relevant spectral features of the hypercube 90 

data. Since hyperspectrograms are generated from the outcome of a PCA model calculated on each separate 91 

hypercube, they reflect both spatial and spectral variability within each single hyperspectral image; for this 92 

reason, from here onwards they will be referred to as Single Space Hyperspectrograms (SSH).  93 

Another approach based on the use of frequency distribution curves of pixel-related features for the 94 

discrimination between classes of objects (identified by the corresponding ROIs) within hyperspectral images 95 

has been recently proposed by Kucheryavsky [14]. In this work Kucheryavsky proposed to calculate a PCA 96 

model from a subset of images with representative objects from each considered class, and to use the frequency 97 

distribution curves of the score values of each principal component to build a feature vector for each object 98 

contained in the images. Following this idea, in the present paper we also introduce a novel version of 99 

hyperspectrograms, which in this case are based on a common PCA model, i.e., a model calculated on the whole 100 

dataset of hyperspectral images. For this reason, from here onwards these signals will be referred to as Common 101 

Space Hyperspectrograms (CSH). For each image, CSH are built by merging in sequence the frequency 102 

distribution curves of the corresponding pixel-related features. Obviously, in this case the loading vectors are not 103 

included into the signal, since they are the same for all the images. Therefore, each CSH codifies the spatial 104 

information of the corresponding hyperspectral image, while the spectral information is not considered 105 

explicitly. 106 

Similarly to average image spectra, the main aim of SSH and CSH is therefore to provide the user with an 107 

additional tool for fast exploration of large datasets of hyperspectral images: a fast overview of the whole dataset 108 

can be made by applying multivariate explorative techniques, such as PCA, to matrices of AS, SSH or CSH, in 109 

which each signal represents a sort of fingerprint of the imaged sample. This inspection is performed at the 110 

image level (i.e., considering each image is a single object) and, in the case of hyperspectrograms, it allows 111 

considering aspects related to spatial variability of each image, such as local sample defects or instrumental 112 

Page 4 of 37Analytical & Bioanalytical Chemistry

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer Review

4 

 

faults. The exploration of the whole dataset of hyperspectral images could allow for example to find groups of 113 

similar images, that can be subsequently inspected more in-depth at the pixel level (i.e., considering each pixel as 114 

a separate object) by means of more refined pixel-oriented techniques, such as Multivariate Image Analysis 115 

(MIA) [5, 15, 16] or Multivariate Curve Resolution-Alternating Least Squares (MCR-ALS) [17]. Additionally, 116 

the matrices of AS, SSH and CSH can be also used for the development of multivariate classification or 117 

calibration models.  118 

Therefore, it is important to emphasize that hyperspectrograms, and more in general 1D-DR methods, do 119 

not represent an alternative, but an additional way to analyse hyperspectral images, with respect to the “standard” 120 

pixel-based techniques, such as MIA. Indeed, MIA approach considers individual pixels as samples rather than 121 

the whole image, and thus this method does not allow to investigate the structure of the entire dataset of 122 

hyperspectral images. Conversely, hyperspectrograms allow considering each image as a sample, preserving at 123 

the same time spatial-related information. In this manner, a fast overview of the whole dataset can be easily 124 

achieved; this approach is particularly convenient when dealing with datasets composed of tens up to thousands 125 

of images, for example to evaluate the representativeness of a training set or differences between specific groups 126 

of images. As a matter of fact, in this situation performing MIA on each single image would imply long 127 

computational times and, furthermore, it would not allow to gain a global overview of the whole dataset.  128 

In the present work, 1D-DR of hyperspectral images acquired in the near infrared (NIR) range (900-1700 129 

nm) has been used for the classification of green coffee samples in Arabica (Coffea arabica) and Robusta 130 

(Coffea canephora) varieties, which are the two main species used for the preparation of commercial coffee 131 

beverages. Due to its better taste and aroma, Arabica coffee is of higher quality than Robusta coffee, but it is 132 

more difficult to grow, due to its lower resistance to plant diseases, and therefore it is more expensive [18]. For 133 

this reason, it is important to correctly discriminate between the two coffee varieties in order to prevent food 134 

frauds. Coffee varietal differentiation based on conventional NIR spectroscopy has been widely investigated in 135 

the last 20 years [19-22], proving that the NIR spectrum contains the information useful to discriminate between 136 

the two coffee varieties. However, conventional NIR spectroscopy does not allow to obtain chemical maps of the 137 

analysed samples, and therefore to detect spatially localized features such as impurities. 138 

Moreover, the green coffee samples were also classified on the basis of the different processing methods 139 

that were used to separate the fruit from the seed. Some studies, in fact, highlighted that the kind of post-harvest 140 

treatment affects the contents of fructose and glucose in the coffee beans as well as the γ-aminobutyric acid 141 

content [23, 24]. 142 

All the hyperspectral images that were acquired on the green coffee samples were converted into the 143 

corresponding AS, SSH and CSH. The three matrices of signals were then analysed separately each other; firstly, 144 

the data structure was explored by means of PCA, and then classification rules were calculated using PLS-DA.  145 

Finally, in order to evaluate the possibility to take advantage from considering the three kinds of signals 146 

altogether, data fusion strategies were used to combine the information brought by AS, SSH and CSH. Data 147 

fusion is generally applied in order to jointly analyse data collected from multiple sources and integrate the 148 

information conveyed from different analytical measurements [25, 26]. In our case, data fusion was used in order 149 

to take advantage of the complementary information carried by the different signals obtained from the original 150 

hyperspectral images. In particular, two different data fusion strategies were considered: low-level data fusion, 151 

that consisted in merging together the different signals, and mid-level data fusion, that consisted in combining 152 
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features extracted from the original signals. The classification results obtained from the three kinds of signals 153 

(AS, CSH and SSH) separately and from fused data were compared and discussed. 154 

 155 

2 EXPERIMENTAL 156 

2.1 Samples 157 

A local roasting company provided aliquots of green coffee beans properly sampled from 31 batches, 158 

coming from 8 different geographical areas, and representative of the various types and amounts of green coffee 159 

used by the roasting company in the considered time span. Each aliquot consisted of about 500 g of beans that 160 

were sampled in order to be as representative as possible of the corresponding batch. The batches belonged to 161 

Arabica and Robusta varieties, and were subjected to different processing methods to remove the pulp of the 162 

coffee cherries from the seed. In particular, the dry method is used to produce Natural coffee, the wet method is 163 

used to produce Washed coffee, while an intermediate processing method, referred to as polishing method, is 164 

used to produce Polished coffee [27]. The aliquots were delivered to the laboratory in 4 different days covering a 165 

period of about 5 months (April 14th; June 6th; July 3rd; August 28th), and were stored at room temperature in 166 

sealed packages until the analysis. 167 

Two replicate image-acquisition sessions were done. In the first session, immediately after delivery, three 168 

different samples of 70 g of randomly selected beans were taken from each package, and for each sample two 169 

repeated images were acquired considering different arrangements of the beans: the first image was acquired on 170 

piled beans, and the second one after shuffling and then levelling the beans in one layer. After image acquisition 171 

the samples were stored separately, and the original package containing the remainder green coffee beans of each 172 

batch was sealed again and stored at room temperature. The same procedure was repeated in the second image-173 

acquisition session, few days after completion of the first session, repeating the same image acquisition 174 

procedure on three further 70 g green coffee samples for each batch. In both sessions, the batches were analysed 175 

in random order. Therefore, 12 hyperspectral images were collected on the whole for each batch, corresponding 176 

to 6 samples × 2 images (acquired on piled and levelled coffee beans, respectively), leading to a dataset 177 

composed of 372 hyperspectral images (31 batches × 12 images). During the following image processing phase 178 

2 image files turned out to be corrupted, corresponding to one Robusta Natural sample and one Robusta Washed 179 

sample. Therefore the dataset was finally composed of 370 hyperspectral images. A detailed description of the 180 

considered batches is given in Table 1. 181 

 182 

2.2 Hyperspectral image acquisition 183 

The hyperspectral images were acquired using a desktop NIR Spectral Scanner (DV Optic) embedding a 184 

Specim Imspector N17E reflectance imaging spectrometer coupled to a Xenics Xeva-1.7-320 camera (320 × 256 185 

pixels). The hyperspectral system is equipped with Specim Oles 31 f/2.0 optical lens and is characterized by a 186 

spectral distance of pixels equal to 3.26 nm, a maximum of spatial bending equal to 0.125 nm, straylight minor 187 

than 0.8% and a percentage of bad pixels equal to 0.37 % (automatically corrected through interpolation by the 188 

calibration pack furnished by Xeva). The system covers the 900-1700 nm spectral range with a spectral 189 

resolution of 5 nm.  190 
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Due to the low S/N ratio of the spectral region around 900 nm, only the 150 spectral channels between 955 191 

nm and 1700 nm were considered in the present work. All the images were acquired using a black silicon carbide 192 

sandpaper sheet as background, which has a very low and constant reflectance spectrum [28]. In addition, each 193 

image was acquired in a manner to include in the scene a white ceramic tile 99 % reflectance standard reference 194 

and two ceramic tiles with average reflectance values equal to 89 % and 46 %, respectively. A picture and 195 

schematic representation of the acquisition system are reported in Figure S1, provided as Online Resource. 196 

The raw data were converted into reflectance values by applying the instrument calibration procedure based 197 

on the reflectance standard reference and on the estimate of the dark current [29]. Furthermore, in order to 198 

reduce the variability among images over time, an additional internal calibration was performed [6, 30], based on 199 

the average reflectance values of the reflectance standard reference, of the two ceramic tiles and of the black 200 

silicon carbide sandpaper. 201 

Finally, from each image the pixels related to the black sandpaper background were removed. In particular, a 202 

preliminary evaluation of a subset of images led to the identification of the most discriminant wavelength by 203 

maximizing the Fisher ratio between background spectra and sample spectra: this allowed to identify as 204 

background and remove all the pixels below the threshold value of 0.1 reflectance units measured at 1050 nm. 205 

The spectra retained after background elimination of one image of Arabica coffee and one image of Robusta 206 

coffee are reported in Figure S2, provided as Online Resource. The size of the final dataset of hyperspectral 207 

images was equal to 10.5 GB. 208 

 209 

2.3 Data dimensionality reduction of hyperspectral images to one-dimensional signals 210 

Three methods were used in order to reduce the data dimensionality of each hypercube to a one-211 

dimensional signal (1D-DR), i.e.: 212 

1) Average Spectra (AS), that codify only spectral information contained in each hyperspectral image; 213 

2) Single Space Hyperspectrograms (SSH), that codify both spectral and spatial information contained in 214 

each hyperspectral image; 215 

3) Common Space Hyperspectrograms (CSH), that codify only spatial information contained in each 216 

hyperspectral image. 217 

Before the conversion into the three kinds of signals, the hyperspectral images were split into training set 218 

images, used for the creation of the matrices of training set signals, and into two separate subsets of test set 219 

images. The training set images correspond to the first two deliveries, while the two separate subsets of test set 220 

images correspond to day-3 and day-4 deliveries. This subdivision was done in order to mimic control 221 

procedures in the industrial plant, where models built on historical data are used to predict new incoming 222 

batches. 223 

The plots of the three different kinds of signals obtained from the original images are reported within the 224 

schematic overview of Figure 1 (AS matrix, SSH matrix and CSH matrix), to allow a visual comparison of their 225 

aspect. In this figure, the signals of Arabica and Robusta classes are represented with different colours. 226 

The detailed procedures used to obtain the three types of signals are described in the following sections. 227 

 228 
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2.3.1 Conversion of images into Average Spectra 229 

After background elimination, from each image belonging to the training set images and to the two subsets 230 

of test set images the average spectrum was calculated by unfolding the hypercube to a matrix of pixel spectra 231 

with size {n × 150}, where n is the number of image pixels retained after background removal, and 150 is the 232 

number of spectral channels. The average spectrum was then calculated as the arithmetic mean of the n values 233 

for each spectral channel. Therefore, the hyperspectral image dataset was converted into a matrix of 370 average 234 

spectra, each one containing 150 variables. The whole dataset of AS, stored in a file with size equal to 408 KB, 235 

consisted in a training set with size {203 × 150} and in two test sets, i.e., day-3 test set with size {83 × 150} and 236 

day-4 test set with size {84 × 150}. The average spectra belonging to the entire AS dataset are reported in Figure 237 

S3, provided as Online Resource. 238 

 239 

2.3.2 Conversion of images into Single Space Hyperspectrograms 240 

The procedure used to convert hyperspectral images into SSH is schematically depicted in Figure 2a. As 241 

mentioned above, the idea behind hyperspectrograms is to compress the potentially useful information contained 242 

in each hyperspectral image into a signal, by merging together quantities derived by a PCA model calculated on 243 

the considered image. A detailed description of the procedure used to calculate SSH is reported in the previously 244 

published articles [6, 13]; here below a summary of the procedure used in this work is reported.  245 

For each image, the calculation of the corresponding SSH involved the following steps: 246 

1. unfolding of the three-dimensional hypercube into a two-dimensional matrix containing as many rows 247 

as the pixels retained after background elimination and as many columns as the number of wavelengths; 248 

2. calculation of a PCA model on mean centred spectra considering 3 PCs and storage of the 249 

corresponding score, Q-residuals, Hotelling T2 and loading vectors. The number of PCs bringing useful 250 

information (3) and the most appropriate spectra preprocessing method (mean centering) were defined 251 

on the basis of a preliminary evaluation made by PCA on a restricted number of representative images; 252 

3. calculation of frequency distribution curves for each score vector and for the Q residuals and T2 vectors, 253 

considering a common scaling range for each vector equal to the global minimum and global maximum 254 

of the outputs of the PCA models obtained from the training set images and considering a number of 255 

bins equal to the number of spectral variables (150); 256 

4. normalization of each frequency distribution curve by the number of pixels retained after background 257 

elimination; 258 

5. creation of the SSH by joining in sequence the frequency distribution curves of the scores vectors, of 259 

the Q residual vector and of the T2 vector, and finally adding the loading vectors; the length of the 260 

resulting signal is therefore equal to 1200, i.e.: (5 frequency distribution curves + 3 loading vectors) × 261 

150 variables each. 262 

The whole dataset of SSH, stored in a file with size equal to 2.30 MB, consisted in a training set with size 263 

{203 × 1200} and in two test sets, i.e., day-3 test set with size {83 × 1200} and day-4 test set with size {84 × 264 

1200}. 265 

 266 
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2.3.3 Conversion of  images into Common Space Hyperspectrograms 267 

The procedure used to convert hyperspectral images into CSH is schematically depicted in Figure 2b. In 268 

this alternative approach, a global PCA model was computed using the images of the training set. The 269 

calculation of CSH involved the following steps: 270 

1. unfolding of all the three-dimensional hypercubes into two-dimensional matrices containing as many 271 

rows as the pixels retained after background elimination and as many columns as the number of 272 

wavelengths; 273 

2. (optional) row-preprocessing of the unfolded hypercubes using proper methods. In this case, SNV was 274 

chosen after a preliminary evaluation made by PCA on a limited number of sample images, and also 275 

coherently with the row-preprocessing used for the AS dataset (see section 2.4.1). 276 

3. mean centering of the unfolded (and row-preprocessed) hypercubes according to the grand mean, i.e., to 277 

the mean calculated for each spectral channel on all the retained pixel spectra belonging to the training 278 

set images. The grand mean was calculated as the weighted arithmetic mean of the training set AS 279 

matrix, considering the number of pixels retained after background elimination as weights; 280 

4. calculation of the kernel variance–covariance matrix of the whole dataset, Z [31]. The elements of Z are 281 

the covariances between the spectral channels, therefore the size of Z is equal to {150 × 150}; in order 282 

to make the calculation of Z computationally feasible, the variance–covariance matrices were calculated 283 

separately for each image, and then they were summed entrywise to obtain Z; 284 

5. decomposition of Z by Singular Value Decomposition (SVD) to obtain the loading vectors of the 285 

common PC space (in this case, 5 PCs were considered, see below);  286 

6. computation of the score, Q residuals and Hotelling T2 vectors of each image by projecting the images 287 

onto the common PC space; 288 

7. calculation of frequency distribution curves for each score vector and for the Q residuals and Hotelling 289 

T2 vectors, considering a number of bins equal to 150; 290 

8. normalization of each frequency distribution curve by the number of pixels retained after background 291 

elimination; 292 

9. creation of the CSH by joining in sequence the frequency distribution curves of the score vectors, of the 293 

Q residual vector and of the Hotelling T2 vector; the length of the resulting signal is therefore equal to 294 

1050, i.e., 7 frequency distribution curves × 150 variables each. 295 

As far as the images of the two test sets are concerned, after row-preprocessing the spectra as defined in 296 

step 2 and subtracting the grand mean calculated in step 3, the corresponding CSH were calculated following 297 

steps 6-9. 298 

The whole dataset of CSH, stored in a file with size equal to 1.13 MB, consisted in a training set with size 299 

{203 × 1050} and in two test sets, i.e., day-3 test set with size {83 × 1050} and day-4 test set with size {84 × 300 

1050}. 301 

It has to be noticed that SSH and CSH were calculated considering a different number of PCs (3 and 5, 302 

respectively). Indeed, since CSH approach is based on a global PCA model, i.e., on a model including all the 303 

spectra of all the images of the training set, it accounts for more sources of variance than SSH, which conversely 304 

considers only the pixels variability within each single image. In particular, for CSH the first PCs usually 305 
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account for between-images variability and, therefore, it is generally convenient to retain a higher number of PCs 306 

respect to SSH. However, including in both approaches also the frequency distribution curve of the Q residuals 307 

ensures that all the information which is potentially useful for a given problem is somehow considered. 308 

 309 

2.3.4 Computation time 310 

For an exhaustive comparison of the three 1D-DR methods, it is worth mentioning the computation time 311 

required for the conversion of images into signals. In fact, even if the calculation of the hyperspectrograms goes 312 

through several steps, it has to be underlined that all these steps are completely automated and much faster than 313 

performing the analysis of single images or of groups of them at the pixel level using MIA.  314 

Running the algorithms in Matlab ver. 7.12, and using a personal computer with Microsoft Windows 7–64 315 

bit OS, equipped with an Intel Core i7-2600 CPU @ 3.40 GHz processor and 4.00 GB RAM, the average 316 

computation time of each AS was equal to 1.0 s, the corresponding time required to calculate a SSH resulted 317 

equal to 1.2 s and the time required to calculate a CSH was equal to 2.3 s. Therefore, the calculation of SSH is 318 

nearly as fast as the calculation of AS, while the average computation time of CSH is about twice. However, the 319 

computation time equal to 2.3 s for CSH is referred to the training set signals; in this case, the procedure 320 

involves the calculation of a common PCA model for all the training set images. Once the common set of 321 

loading vectors is obtained, the computation time of the CSH for a test image is the same as for an AS. 322 

As a matter of fact, since our dataset is composed of 370 hyperspectral images, a direct comparison with 323 

“standard” multivariate image analysis methods working at the pixel level (i.e., considering all pixel spectra of 324 

each hyperspectral image as separate objects) would be unfeasible. For example, considering the same 203 325 

training set images, each one containing on average 25000 pixels after background elimination, working at the 326 

pixel level would require to calculate a PLS-DA classification model on a dataset with more than 5 million (= 327 

203 × 25000) of objects and 150 variables (spectral channels). It would be impossible, or at least very difficult, 328 

to manage directly such a dataset size by commonly used hardware and software tools. 329 

 330 

 331 

2.4 Data analysis on signals 332 

2.4.1 Data exploration by PCA 333 

The exploration of the structure of the three datasets composed by the AS, SSH and CSH signals was done 334 

by PCA. Various preprocessing methods were tested on AS dataset to remove uninformative variation and to 335 

enhance the clustering of the objects belonging to the different classes, including mean centering, first and 336 

second order derivatives and SNV. SNV followed by mean centering resulted to be the most effective 337 

preprocessing for the AS dataset. Conversely, since CSH and SSH are signals obtained by merging in sequence 338 

frequency distribution curves of quantities derived from PCA models, the use of row preprocessing methods is 339 

not adequate and, for this reason, both the SSH and CSH datasets were only mean centered. 340 

It must be underlined that SNV was also applied as row preprocessing method of the spectra before the 341 

calculation of the global PCA model for the construction of CSH (as described Section 2.3.3). In fact, the use of 342 

SNV resulted useful for the analysis of AS dataset and for the calculation of CSH, since both of these approaches 343 

imply the direct comparison between spectra of different hypercubes (average spectra for AS, all the spectra 344 
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altogether for CSH). Conversely, to create the SSH, the spectra were preprocessed using only mean centering, 345 

since in this case the spectra of each image were considered separately from those of the other images. 346 

 347 

2.4.2 Classification by PLS-DA 348 

Partial Least Squares – Discriminant Analysis (PLS-DA) was used as classification method, in order to 349 

discriminate the green coffee samples based on their variety, i.e., Arabica vs. Robusta, and on the different 350 

processing methods used to remove the pulp from the seed, i.e. considering the Natural, Washed, Polished 351 

classes. PLS-DA classification rules were calculated for each one of the three datasets, i.e., AS, SSH and CSH, 352 

using the signal preprocessing methods defined in Section 2.4.1. The model dimensionality was chosen by 353 

minimizing the value of the Root Mean Square Error in Cross-Validation (RMSECV). In particular, a contiguous 354 

block cross-validation (CV) scheme with 17 deletion groups was considered, where each deletion group 355 

contained all the signals derived from the same batch. 356 

Classification results were expressed in terms of True Positives (TP) rate, i.e., the percentage of objects of 357 

each class that were correctly assigned to the corresponding category, and of True Negatives (TN) rate, i.e., the 358 

percentage of objects belonging to other classes that were correctly rejected from the considered class. 359 

Furthermore, in order to gain an overall estimate of the performances of the different PLS-DA models, the 360 

classification results were also expressed in terms of Non-Error Rate (NER), i.e., the overall percentage of 361 

correctly assigned objects [32]. In particular, for each PLS-DA model, the TP, TN and NER values were 362 

calculated in calibration and in cross-validation for the training set, and in prediction for the day-3 test set (day-4 363 

test set was not considered for the reasons specified below in Section 3.1). In order to evaluate the variables that 364 

mainly contributed to the classification rules, the Variable Importance in Projection (VIP) score plots of the PLS-365 

DA models have been examined [33]. VIP scores are defined in a way that only those variables whose VIP score 366 

values are greater than 1 furnish a substantial contribution to the model. 367 

 368 

2.4.3 Data fusion 369 

Since AS, SSH and CSH bring different pieces of spectral-related (AS and SSH) and of spatial-related 370 

information (SSH and CSH), data fusion was also used in order to evaluate the possible advantages deriving 371 

from the synergistic use of the three kinds of signal in the calculation of PLS-DA models. In particular, two 372 

different data fusion strategies were considered, i.e., Low-Level (Low-L) and Mid-Level (Mid-L) data fusion 373 

[34]. 374 

Low-level data fusion consisted in merging in sequence the AS, SSH and CSH blocks. In this case, each 375 

block was first preprocessed separately as described in Section 2.4.1 and then it was block scaled, i.e., it was 376 

normalized to unit standard deviation. In this manner, while preserving the relative weights of the variables 377 

within each block, the three blocks contribute with equal weight to the calculation of the PLS-DA models. The 378 

resulting Low-L dataset, with size {370 × 2400} (i.e., 150 variables for AS + 1200 variables for SSH + 1050 379 

variables for CSH), was subdivided in the same manner as for the single datasets, i.e., in a training set with size 380 

{203 × 2400} and day-3 test set with size {83 × 2400}, while day-4 test set was not considered for the reasons 381 

specified below in Section 3.1. Then, PLS-DA was applied to the Low-L fused data for the classification 382 

between Arabica and Robusta varieties, and for the classification between Polished, Natural and Washed 383 

categories. 384 
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Mid-level data fusion is based on combining features that were previously extracted from each block 385 

separately and then concatenating them into a single array, which can be subsequently used for the development 386 

of multivariate classification or regression models. These features can be either original variables identified by 387 

variable selection algorithms or latent variables, like e.g., PCA, PLS or PLS-DA scores [34-37]. In our case, 388 

Mid-L data fusion was performed by merging together the scores that were obtained from the PLS-DA models 389 

calculated on each single dataset of signals, as described in the previous section. Therefore, two different 390 

datasets were obtained from Mid-L data fusion: one for the classification between Arabica and Robusta varieties, 391 

and one for the classification between Polished, Natural and Washed categories. Also in this case, the Mid-L 392 

datasets were split following the same sample subdivision considered for the previous datasets. Then, PLS-DA 393 

was applied to Mid-L fused data; in this case, two preprocessing methods were tested, i.e., block-scaling and 394 

autoscaling. 395 

 396 

All the functions used for the calculation and exploration of the hyperspectrograms were written in Matlab 397 

language (ver. 7.12, The Mathworks Inc., USA) and have been implemented into a Graphical User Interface 398 

(GUI) which is freely available upon request to the corresponding author. The PLS-DA classification rules were 399 

calculated using the PLS_Toolbox (ver. 7.8.2, Eigenvector Research Inc., USA). 400 

 401 

 402 

3 RESULTS AND DISCUSSION 403 

3.1 Explorative analysis by PCA  404 

The PCA model calculated on AS training set data was found to have an optimal dimensionality equal to 3 405 

PCs, accounting for about 98 % of total data variance. The score plot of the first two PCs is reported in Figure 406 

3a, where the samples corresponding to Arabica and Robusta varieties are partially separate each other. The sub-407 

clusters that are visible within each class correspond to different coffee batches. The corresponding loading 408 

vectors are reported in Figure 3b, which shows that the most relevant spectral variables involved in the 409 

separation between Arabica and Robusta varieties are related to the C-H second overtone and combination bands 410 

(at about 1100 nm, 1200 nm and 1350 nm) and to the O-H first overtone (1450 nm) [38, 39]. The samples 411 

resulted also partially clustered based on the Natural, Washed and Polished categories; in particular, the samples 412 

belonging to the Robusta-Natural batches were clustered together, like those of the Robusta-Polished batches 413 

(Figure 3a and Figure S4, provided as Online Resource). 414 

For the SSH training set, a 4 PCs model was obtained, explaining about 94 % of the total data variance. 415 

Arabica and Robusta varieties were mainly distinguishable along PC4, as reported in the PC1 vs. PC4 scores 416 

plot of Figure 3c. The PC 4 loading vector reported in Figure 3d shows that, in this case, the relevant variables 417 

involved in the separation are related to the portions of SSH signals corresponding to the frequency distribution 418 

curves of  scores (1-450) and Q residuals (451-600), and to the PC3 loading vectors (1050-1200). A further 419 

inspection revealed that SSH were able to extract features related to the different arrangement of the beans 420 

within the image scene; in fact, the images were clustered along PC2, reflecting the different arrangements of the 421 

coffee beans (levelled in one layer or piled) during image acquisition (Figure S5, provided as Online Resource). 422 

Furthermore, a partial separation of the Polished samples was observed along PC1 (Figure S6.a, provided as 423 
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Online Resource), while PC3 did not show remarkable trends, except for some variations within the images 424 

taken from one batch (cyan diamonds in Figure S6.b, provided as Online Resource). 425 

Also for the CSH training set a 4 PCs model was obtained, explaining about 88 % of the total data variance. 426 

In Figure 3e, that reports the corresponding PC1 vs. PC4 scores plot, a quite clear distinction between Arabica 427 

and Robusta varieties is visible. The PC1 and PC4 loading vectors are reported in Figure 3f, which shows that 428 

the relevant variables in the separation of Arabica and Robusta samples are related to the portions of CSH 429 

signals corresponding to the frequency distribution curves of the scores (1-750), in particular of PC4 (601-750), 430 

and of the Hotelling T2 vector (901-1050). For this dataset, PC2 and PC3 show the difference of three batches of 431 

Washed and Natural Arabica samples, delivered for analysis both on day-1 and day-2, with respect to all the 432 

other samples; also a partial separation of the cluster of Polished samples can be appreciated (Figure S7, 433 

provided as Online Resource). 434 

For all the three types of signals the samples of day-3 and day-4 deliveries were then projected on the 435 

corresponding PCA models. In Figure 4, the reduced Q residuals (Qr) and the reduced Hotelling T2 values (T2
r) 436 

are reported for AS (Figure 4a), SSH (Figure 4b) and CSH (Figure 4c) datasets. The values of Qr and of T2
r are 437 

calculated as the Q residuals and Hotelling T2 values normalized by the corresponding 95 % confidence limit, in 438 

a way to allow direct comparison between the values calculated for different PCA models. Moreover, in order to 439 

better highlight the samples lying outside the confidence limit, the values of Qr and of T2
r have been reported on 440 

a logarithmic scale. 441 

While all the objects of day-3 delivery are similar to the training set objects for all the datasets, many of the 442 

objects of day-4 delivery are outliers. In particular, the deviations are more marked for the PCA model calculated 443 

on the SSH dataset, where all the objects of day-4 delivery have Qr values higher than the 95 % confidence limit. 444 

Based on these results, in order to reveal the cause of this anomalous behaviour, the images of day-4 delivery 445 

were then analysed more in depth at the pixel level by MIA, i.e., by calculating a PCA model on each single 446 

hyperspectral image. The score images obtained by MIA revealed the presence of a sort of striping. As an 447 

example, Figure 5a shows the PC3 score image of one sample of day-4 delivery, together with the NIR 448 

reflectance spectra corresponding to 4 specified points of the image (Fig. 5b). It can be noticed that, regardless of 449 

the offset, the reflectance spectra corresponding to the two points on the left in the score image (points 1 and 2) 450 

have a similar shape, which is different from the shape of the spectra corresponding to the points placed on the 451 

contiguous stripe of the score image (points 3 and 4).  452 

The striping effect found on the images of day-4 delivery was unexpected, since it was not possible to 453 

notice this problem during image acquisition by simply visualizing the average intensity images. Based on the 454 

results reported in Figure 4 and Figure 5, a technical inspection of the instrument was performed, revealing that 455 

this problem was due to a fault of the detector cooling system. This finding indicates that AS gave models less 456 

sensitive to instrumental variability with respect to hyperspectrograms. On the other hand, instrument-related 457 

problems in the imaging system (such as variations with time or temperature) should be clearly identified. Since 458 

hyperspectrograms are more influenced by these sources of variability in the images, they may also provide an 459 

useful tool for monitoring the stability of the imaging system. In particular, among the three 1D-DR methods, 460 

SSH were the most sensitive to this instrumental fault, since they essentially reflect the spectral variability within 461 

each single image. For the same reasons, SSH could help to better highlight other within-image sources of 462 

variation, like the presence of local defects due for example to the presence of  imperfect beans or impurities. 463 
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Since the images of day-4 delivery were found to be defective, they were not used in the following 464 

classification step. 465 

 466 

3.2 Classification results 467 

Table 2 reports the performances obtained for the discrimination between Arabica and Robusta using both 468 

the separate approaches and the fused data; the corresponding confusion matrices are reported in Table S1, 469 

provided as Online Resource. Considering the prediction of day-3 test set, common space hyperspectrograms 470 

gave the best results: the NER value reached 100 % with a model dimensionality lower than that of the other 471 

datasets. The better performance of CSH with respect to AS and SSH can be reasonably ascribed to the fact that 472 

each single common space hyperspectrogram is built in a way to consider both the within-image and the 473 

between-images spectral variability. In fact, while the frequency distribution curves composing the CSH account 474 

explicitly for the distribution of the pixel-spectra within each single image, the direction of the principal 475 

components along which the frequency distributions are calculated depends on the variability of all the spectra of 476 

all the images, i.e., it is strongly influenced by the between-images variability. 477 

Focusing on the classification results of fused data, the performance in prediction of day-3 images always 478 

improved with respect to those of AS and SSH datasets, while it was equal or slightly worse with respect to CSH 479 

dataset alone. Among the different strategies adopted for data fusion, both block-scaled Low-L and block-scaled 480 

Mid-L datasets gave high classification results, with NER values for the prediction of day-3 test set equal to 99,8 481 

% and 100 %, respectively. 482 

Figure 6.a reports the Variable Importance in Projection (VIP) scores of the block-scaled Mid-L model, 483 

which shows that all the three blocks (AS, SSH and CSH) contributed to the discrimination between Arabica and 484 

Robusta coffee varieties. In particular, the first latent variable (LV1) scores of each block gave a significant 485 

contribution to the classification, and the highest value was obtained for LV1 scores from CSH. These results 486 

further confirm that CSH bring more useful information than AS and SSH for the discrimination between 487 

Arabica and Robusta. Conversely, SSH (both alone and in combination with AS and CSH) led to the worst 488 

classification performances. This is likely due to the fact that SSH are more suitable for the characterization of 489 

heterogeneous samples based on their inner variability, while both AS and CSH allow considering average 490 

properties of the images, which is the key aspect in the present task. Compared to AS, CSH retain also additional 491 

information related to spatial (within-image) variability, which contributed to their better classification 492 

performances. 493 

Table 3 reports the results for the classification of Natural, Washed and Polished green coffee samples, 494 

obtained using both the separate approaches and the fused data; the corresponding confusion matrices are 495 

reported in Table S2, provided as Online Resource. Generally, the classification of coffee samples in the three 496 

categories corresponding to the different technological treatments used to remove the pulp from the seed resulted 497 

less trivial than discriminating the coffee varieties. 498 

Considering the individual sets of signals, the Polished samples were classified satisfactorily using AS, 499 

which led to a TP rate equal to 91,7 % and a TN rate equal to 98,6 % for the prediction of day-3 test set samples. 500 

This is not surprising, since the PCA models have formerly evidenced a more clear clustering of this class of 501 

samples. On the other hand, for the day-3 samples belonging to the Natural and Washed classes, SSH and CSH 502 
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led to more satisfactory results with respect to AS. A comparison of the overall results (NER values) showed that 503 

CSH was the data dimensionality reduction method leading to the best results, which is reasonably due to the 504 

same reasons already discussed for the discrimination between Arabica and Robusta varieties. 505 

After data fusion, the classification performances generally improved. The overall results highlight that also 506 

in this case the block-scaled Mid-L dataset gave the best results, leading to the highest NER value for the 507 

prediction of day-3 samples (90.4 %). In Figure 6.b the VIP scores of this PLS-DA model are reported. For the 508 

Polished class, VIP scores higher than 1 were obtained for the LV1 scores of each block; for the Natural class 509 

the main contribution was from LV2 scores of AS, from LV2 scores of SSH and mainly from LV2 and LV3 510 

scores of CSH; for the Washed class the more significant variables were LV1 scores from AS and LV1, LV2 and 511 

LV3 scores from CSH. Therefore, in general the major contribution to the discrimination between the three 512 

classes was from CSH, further confirming the effectiveness of this approach. 513 

Conversely to what observed for the discrimination between Arabica and Robusta varieties, mid-level data 514 

fusion helped to improve the classification results when dealing with a more complex classification issue such as 515 

the discrimination of the coffee samples into Polished, Natural and Washed categories. The better classification 516 

performances obtained with mid-level data fusion can be explained considering that, instead of the original 517 

AS/SSH/CSH variables, this approach makes use of the latent variables obtained by the PLS-DA models 518 

calculated on the single datasets, where the most part of information not pertinent to the discrimination issue is 519 

removed.  520 

 521 

4 CONCLUSIONS 522 

The present work described the application of data dimensionality reduction methods which can be used to 523 

automatically analyse large sets of samples with different characteristics by means of hyperspectral sensors. 524 

Hyperspectral images acquired on green coffee samples were converted into three different kinds of one-525 

dimensional signals, namely Average Spectra (AS), Single Space Hyperspectrograms (SSH) and Common Space 526 

Hyperspectrograms (CSH). AS, SSH and CSH represent different data dimensionality reduction strategies, and 527 

highlight different aspects of the hyperspectral images. AS allow considering average properties of the images 528 

but, in this manner, the information related to spatial variability is lost. Therefore, this kind of approach is 529 

suitable for the analysis of homogeneous samples, but it might not give satisfactory results for the identification 530 

of spatially localized features, like, e.g., local sample defects. On the other hand, SSH are very effective in 531 

retaining spatial-related information of the images, but they are not the most suitable method when dealing with 532 

homogeneous samples or when considering properties that are common to the entire set of images. Finally, in the 533 

present study CSH approach is introduced, which can be seen as a sort of compromise between AS and SSH, 534 

since they take into account spatial related features, like SSH, and they also allow considering the average 535 

properties of each image, like AS. Therefore, the choice of the most proper data dimensionality reduction 536 

method strictly depends on the specific problem at hand. 537 

These data dimensionality reduction methods were then used for fast exploration of the hyperspectral image 538 

dataset and for classification of the green coffee samples based on coffee variety and on raw beans processing 539 

method, with the aim of comparing their performances. 540 
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The conversion of images into signals allowed to drastically reduce the data size and to gain a fast overview 541 

of the structure of the whole dataset, which in turn permitted to detect the presence of defective images, due to 542 

an instrumental fault. Interestingly, the results of the explorative analysis performed with PCA showed that the 543 

hyperspectrogram approach (and in particular SSH) resulted to be more sensitive to the presence of time- and/or 544 

temperature-related variations of the images, which implies that they may be used as a tool for monitoring the 545 

stability of the imaging system. 546 

The development of classification rules based on the three kinds of signals led generally to satisfactory 547 

results; in particular, CSH led to the best results for both classification tasks (i.e., coffee variety and raw beans 548 

processing method). Low-level and mid-level data fusion techniques were also employed, in order to evaluate 549 

the possible advantages deriving from the use of the information brought by all the three kinds of signal in the 550 

calculation of the classification rules. The best performances were always obtained using mid-level data fusion, 551 

which generally allowed to improve the classification results with respect to those obtained considering AS, 552 

CSH and SSH separately. In particular, the combined use of different 1D-DR approaches through data fusion 553 

resulted to be helpful to provide a significant improvement in the classification results when facing complex 554 

classification issues, such as the discrimination of the samples according to the raw beans processing method. 555 

Conversely, the discrimination of the samples based on coffee variety represented a simpler classification 556 

problem and, in this case, the hyperspectrogram approach was sufficient to obtain satisfactory results. 557 

  558 
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FIGURE CAPTIONS 1 

Figure 1.  Schematic representation of the analysis of large datasets of hyperspectral images by means of 1D-2 

DR methods. 3 

 4 

Figure 2. Schematic description of the procedures used to convert images into single space hyperspectrograms 5 

(a) and into common space hyperspectrograms (b). 6 

 7 

Figure 3.  PC1 vs. PC2 scores plot of AS dataset (a) together with the corresponding loading vectors (b); PC1 8 

vs. PC4 scores plot of SSH dataset (c) together with the corresponding loading vectors (d); PC1 vs. 9 

PC4 scores plot of CSH dataset (e) together with the corresponding loading vectors (f). Arabica 10 

coffee samples are represented in green colour and Robusta coffee samples are represented in red 11 

colour; Polished samples are represented with plus sign, Natural samples are represented with 12 

circles and Washed samples are represented with stars. 13 

 14 

Figure 4. Q residuals and Hotelling T2 plots of the PCA models calculated on AS (a), SSH (b) and CSH (c) 15 

datasets. Training set objects are represented with blue circles, test set objects of day-3 delivery with 16 

pink squares, and test set objects of day-4 delivery with cyan triangles. The dashed lines correspond 17 

to the 95 % confidence limit. 18 

 19 

Figure 5.  PC3 score image of a coffee sample acquired on day-4 presenting the striping effect (a) and 20 

reflectance spectra of different points of the same sample (b). The spectra are colored and numbered 21 

as the points to which they correspond in the score image. 22 

 23 

Figure 6. VIP scores of PLS-DA models calculated with block-scaled Mid-L datasets for Arabica/Robusta 24 

classification (a) and Polished/Natural/Washed classification (b).  25 

 26 
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Figure 1. Schematic representation of the analysis of large datasets of hyperspectral images by means of 
1D-DR methods.  
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Figure 2. Schematic description of the procedures used to convert images into single space 
hyperspectrograms (a) and into common space hyperspectrograms (b).  
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Figure 3. PC1 vs. PC2 scores plot of AS dataset (a) together with the corresponding loading vectors (b); PC1 
vs. PC4 scores plot of SSH dataset (c) together with the corresponding loading vectors (d); PC1 vs. PC4 

scores plot of CSH dataset (e) together with the corresponding loading vectors (f). Arabica coffee samples 
are represented in green colour and Robusta coffee samples are represented in red colour; Polished samples 

are represented with plus sign, Natural samples are represented with circles and Washed samples are 
represented with stars.  

302x284mm (96 x 96 DPI)  
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Figure 4. Q residuals and Hotelling T2 plots of the PCA models calculated on AS (a), SSH (b) and CSH (c) 
datasets. Training set objects are represented with blue circles, test set objects of day-3 delivery with pink 

squares, and test set objects of day-4 delivery with cyan triangles. The dashed lines correspond to the 95 % 

confidence limit.  
218x425mm (96 x 96 DPI)  

 

 

Page 23 of 37 Analytical & Bioanalytical Chemistry

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



For Peer Review

  

 

 

Figure 5. PC3 score image of a coffee sample acquired on day-4 presenting the striping effect (a) and 
reflectance spectra of different points of the same sample (b). The spectra are colored and numbered as the 

points to which they correspond in the score image.  
419x159mm (72 x 72 DPI)  
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Figure 6. VIP scores of PLS-DA models calculated with block-scaled Mid-L datasets for Arabica/Robusta 
classification (a) and Polished/Natural/Washed classification (b).  

190x175mm (150 x 150 DPI)  
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Day of delivery 
# of delivered 

batches 

# of acquired 

images 

# of Arabica / 

Robusta 

# of Natural / 

Washed / 

Polished 

Data set 

day 1 (April 14
th

) 7 84 4 / 3 3 / 3 / 1 Training set 

day 2 (June 6
th

) 10 119 4 / 6 3 / 5 / 2 Training set 

day-3 (July 3
rd

) 7 83 3 / 4 3 / 3 / 1 Test set day-3 

day-4 (August 28
th

) 7 84 3 / 4 3 / 3 / 1 Test set day-4 

 

Table 1. Description of the set of green coffee batches. 
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Dataset AS SSH CSH Low-L Mid-L Mid-L 

 
Preprocessing 

SNV + mean 

centering 

mean 

centering 

mean 

centering 
block-scaling block-scaling autoscaling 

 
# of LVs 4 4 3 4 2 1 

 
 TP TN TP TN TP TN TP TN TP TN TP TN 

R 

Calibration 100,0 100,0 98,1 99,0 100,0 100,0 100,0 100,0 100,0 100,0 100,0 100,0 

Cross-validation 99,1 100,0 90,7 95,8 88,8 100,0 88,8 100,0 88,8 100,0 100,0 100,0 

Prediction 100,0 83,3 97,9 83,3 100,0 100,0 100,0 97,2 100,0 100,0 100,0 88,9 

A 

Calibration 100,0 100,0 99,0 98,1 100,0 100,0 100,0 100,0 100,0 100,0 100,0 100,0 

Cross-validation 100,0 99,1 95,8 90,7 100,0 88,8 100,0 88,8 100,0 88,8 100,0 100,0 

Prediction 83,3 100,0 83,3 97,9 100,0 100,0 97,2 100,0 100,0 100,0 88,9 100,0 

NER 

Calibration 100,0 98,5 100,0 100,0 100,0 100,0 

Cross-validation 99,5 93,1 94,1 94,1 94,1 100,0 

Prediction 92,8 91,6 100,0 98,8 100,0 95,2 

Table 2. Results of PLS-DA models for Arabica/Robusta classification 
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  Dataset AS SSH CSH Low-L Mid-L Mid-L 

 
Preprocessing 

SNV + mean 

centering 

mean 

centering 

mean 

centering 
block-scaling block-scaling autoscaling 

# of LVs 2 4 3 4 4 3 

 TP TN TP TN TP TN TP TN TP TN TP TN 

P 

Calibration 100,0 94,6 100,0 98,2 100,0 100,0 100,0 99,4 100,0 100,0 100,0 98,8 

Cross-validation 100,0 92,2 100,0 96,4 100,0 100,0 100,0 95,8 100,0 100,0 100,0 98,8 

Prediction 91,7 98,6 91,7 88,7 91,7 91,5 91,7 93,0 91,7 100,0 91,7 93,0 

N 

Calibration 66,2 90,9 74,6 84,1 100,0 87,1 97,2 94,7 100,0 98,5 97,2 99,2 

Cross-validation 66,2 90,2 63,4 75,8 85,9 81,8 76,1 77,3 100,0 86,4 95,8 96,2 

Prediction 63,9 74,5 66,7 85,1 69,4 100,0 61,1 97,9 80,6 100,0 72,2 100,0 

W 

Calibration 78,1 77,6 77,1 85,0 82,3 100,0 92,7 99,1 97,9 100,0 99,0 100,0 

Cross-validation 72,9 77,6 62,5 77,6 75,0 90,7 64,6 86,9 81,3 100,0 94,8 99,1 

Prediction 68,6 75,0 65,7 79,2 97,1 85,4 94,3 77,1 100,0 83,3 100,0 87,5 

NER 

Calibration 77,8 80,3 91,6 95,6 99,0 98,5 

Cross-validation 75,4 69,5 83,3 74,9 91,1 96,1 

Prediction 69,9 69,9 84,3 79,5 90,4 86,7 

Table 3. Results of PLS-DA models for Polished/Natural/Washed classification 
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ONLINE RESOURCE: SUPPLEMENTARY FIGURES AND TABLES 

 

 

 

Figure S1. Schematic representation (a) and picture (b) of the hyperspectral system used for image acquisition. 
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Figure S2. Original spectra retained after background elimination of one image of Arabica coffee (a) and one 

image of Robusta coffee (b). 
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Figure S3. Average spectra of each hyperspectral image contained in AS dataset 
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Figure S4. Score plot of PC1, PC2 and PC3, calculated for AS dataset. Purple diamonds for Polished coffee, 

blue triangles for Washed coffee and yellow squares for Natural coffee. 
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Figure S5.  PC1 vs. PC2 scores plot obtained for SSH dataset. Orange circles for levelled coffee beans, purple 

squares for piled beans. 
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Figure S6. In (a) PC1 score plot of SSH dataset: purple diamonds for Polished coffee, blue triangles for 

Washed coffee and yellow squares for Natural coffee; in (b) PC3 score plot of SSH dataset: the 

different symbols are referred to different production batches. 
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Figure S7. PC2 vs. PC3 score plot of CSH dataset. 
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Dataset Preprocessing 
# of 
LVs 

Calibration Cross-Validation Prediction 

AS 
SNV + mean 

centering 
4 

  
Actual Class 

  
Actual Class 

  
Actual Class 

  
R A 

  
R A 

  
R A 

Pred. 
Class 

R 107 0 Pred. 
Class 

R 106 0 Pred. 
Class 

R 47 6 

A 0 96 A 1 96 A 0 30 

SSH 
mean 

centering 
4 

  
Actual Class 

  
Actual Class 

  
Actual Class 

  
R A 

  
R A 

  
R A 

Pred. 
Class 

R 105 1 Pred. 
Class 

R 97 4 Pred. 
Class 

R 46 6 

A 2 95 A 10 92 A 1 30 

CSH 
mean 

centering 
3 

  
Actual Class 

  
Actual Class 

  
Actual Class 

  
R A 

  
R A 

  
R A 

Pred. 
Class 

R 107 0 Pred. 
Class 

R 95 0 Pred. 
Class 

R 47 0 

A 0 96 A 12 96 A 0 36 

Low-L block-scaling 4 

  
Actual Class 

  
Actual Class 

  
Actual Class 

  
R A 

  
R A 

  
R A 

Pred. 
Class 

R 107 0 Pred. 
Class 

R 95 0 Pred. 
Class 

R 47 1 

A 0 96 A 12 96 A 0 35 

Mid-L block-scaling 2 

  
Actual Class 

  
Actual Class 

  
Actual Class 

  
R A 

  
R A 

  
R A 

Pred. 
Class 

R 107 0 Pred. 
Class 

R 95 0 Pred. 
Class 

R 47 0 

A 0 96 A 12 96 A 0 36 

Mid-L autoscaling 1 

  
Actual Class 

  
Actual Class 

  
Actual Class 

  
R A 

  
R A 

  
R A 

Pred. 
Class 

R 107 0 Pred. 
Class 

R 107 0 Pred. 
Class 

R 47 4 

A 0 96 A 0 96 A 0 32 

 

Table S1. Confusion matrices of PLS-DA models for Arabica/Robusta classification. 
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Dataset Preprocessing 
# of 
LVs 

Calibration Cross-Validation Prediction 

AS 
SNV + mean 

centering 
2 

  
Actual Class 

  
Actual Class 

  
Actual Class 

  
P N W 

  
P N W 

  
P N W 

Pred. 
Class 

P 36 0 9 
Pred. 
Class 

P 36 0 13 
Pred. 
Class 

P 11 1 0 

N 0 47 12 N 0 47 13 N 1 23 11 

W 0 24 75 W 0 24 70 W 0 12 24 

SSH 
mean 

centering 
4 

  
Actual Class 

  
Actual Class 

  
Actual Class 

  
P N W 

  
P N W 

  
P N W 

Pred. 
Class 

P 36 2 1 
Pred. 
Class 

P 36 2 4 
Pred. 
Class 

P 11 2 6 

N 0 53 21 N 0 45 32 N 1 24 6 

W 0 16 74 W 0 24 60 W 0 10 23 

CSH 
mean 

centering 
3 

  
Actual Class 

  
Actual Class 

  
Actual Class 

  
P N W 

  
P N W 

  
P N W 

Pred. 
Class 

P 36 0 0 
Pred. 
Class 

P 36 0 0 
Pred. 
Class 

P 11 5 1 

N 0 71 17 N 0 61 24 N 0 25 0 

W 0 0 79 W 0 10 72 W 1 6 34 

Low-L block-scaling 4 

  
Actual Class 

  
Actual Class 

  
Actual Class 

  
P N W 

  
P N W 

  
P N W 

Pred. 
Class 

P 36 1 0 
Pred. 
Class 

P 36 3 4 
Pred. 
Class 

P 11 4 1 

N 0 69 7 N 0 54 30 N 0 22 1 

W 0 1 89 W 0 14 62 W 1 10 33 

Mid-L block-scaling 4 

  
Actual Class 

  
Actual Class 

  
Actual Class 

  
P N W 

  
P N W 

  
P N W 

Pred. 
Class 

P 36 0 0 
Pred. 
Class 

P 36 0 0 
Pred. 
Class 

P 11 0 0 

N 0 71 2 N 0 71 18 N 0 29 0 

W 0 0 94 W 0 0 78 W 1 7 35 

Mid-L autoscaling 3 

  
Actual Class 

  
Actual Class 

  
Actual Class 

  
P N W 

  
P N W 

  
P N W 

Pred. 
Class 

P 36 2 0 
Pred. 
Class 

P 36 2 0 
Pred. 
Class 

P 11 5 0 

N 0 69 1 N 0 68 5 N 0 26 0 

W 0 0 95 W 0 1 91 W 1 5 35 

 

Table S2. Confusion matrices of PLS-DA models for Polished/Natural/Washed classification. 
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