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Abstract 
 
The sludge resulting from WWTP’s operation constitutes a residue with a high potential for agricultural use 
as a soil fertilizer. However, the sludge can only be used if it conforms to the Portuguese legislation 
requirements, since the agricultural use of the sludge is conditioned by its characteristics and by the 
properties of the soil where it will be applied. The main objective of the present work was the development 
of a NIR spectroscopy method for the determination of the moisture and the organic matter content in 
WWTP sludge samples from different origins, namely sludge from municipal WWTP and from food, 
cellulose, textile and cork industries. Principal Component Analysis (PCA) of sludge NIR spectra was 
performed for characterization of samples from different origins, as well for the characterization of the 
sludge drying process. PLS models were developed for the estimation of moisture and organic matter 
content. It was obtained a good global model for estimation of the moisture content with a high coefficient 
of determination and low RMSECV and RMSEP (R2=0.833, RMSECV=15.05%, RMSEP=17.43%), as well 
good calibration model for the group of samples identified as Municipal1, Cork3, Municipal2 and Paper2 
(R2=0.969, RMSECV=7.56%;) and for the group identified as Municipal3, Municipal4, Municipal5, Textile 
and Paper3 (R2=0.934, RMSECV=9.70%). It was obtained a good global calibration model for estimation 
of the organic matter content of the sludge samples with a high determination coefficient and a low 
RMSECV (R2=0.943, RMSECV=0.067g/g dry matter). The best model obtained for estimation of organic 
matter content of sludge samples identified as Municipal1, Cork3, Municipal2 e Paper2 have a high R2 
(1.000) and a very low RMSECV (0.032g/g dry matter) revealing to described quite well the organic matter 
content of the samples. The applicability of NIR spectra of sludge samples for the concentration prediction 
of two priority contaminants, bis(2-ethyl-hexil)phthalate (DEHP) and nonylphenol (NPE), was also 
evaluated. The results obtained suggest that infrared spectroscopy coupled with chemometric tools is a 
good technique for the qualitative and quantitative characterization of WWTP sludge for agricultural use.  
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1. Introduction 
 
The sludge resulting from Waste Water Treatment Plant (WWTP) operation constitutes a residue with a 
high potential for agricultural use as a soil fertilizer, since this sludge can fulfill several soil deficiencies. 
However, the sludge can only be used if it conforms to the Portuguese legislation requirements 
(Decreto-Lei 118/2006), since the agricultural use of the sludge is conditioned by its characteristics and by 
the properties of the soil where it will be applied. According to the current legal requirements, analyses of 
the sludge should be performed every six months to the following parameters: dry matter (moisture), 
organic matter (volatile content), total nitrogen, nitric and ammonia nitrogen, total phosphorus, heavy 
metals (cadmium, copper, nickel, lead, zinc, mercury and chromium) and pH. Sludge from industrial 
effluent origin, besides the parameters referred above, should be analyzed annually for compounds such 
as dioxins (PCDD/F, polichlorodibenzenedioxines/furanes), LAS (linear alquilbenzenesulfonates), DEHP 
(Bis(2-ethyl-hexil)phtalate), NPE (nonylphenol and nonilphenol ethoxylates), PAH (polycyclic aromatic 
hydrocarbons) and PCB (polychlorinated biphenyls) (Instituto dos Resíduos, 2006). 
 
Spectra are rich in information. That is why we can often infer chemical or physical properties of a material 
from its spectrum (Difoggio et al., 2000). Chemometrics is the application of mathematical or statistical 
methods to chemical data (Otto, 1999). Using chemometric modeling we can formalize the process of 
correlating properties to spectra. Because spectra can often be collected in seconds with little or no 
sample preparation, we can, with an appropriate model, estimate properties in real time. Conventional 
analyses are normally difficult, costly and time-consuming. For that reason it is becoming increasingly 
attractive to use fast correlative methods, such as chemometric modeling, to estimate sample properties. 
Since large quantities of sludge are produced every day in WWTP, the optimization of the time to decide 
the destiny of the produced sludge is crucial because sometimes it is necessary to use emergency 
solutions such as landfill disposal. The time-consuming analyses by traditional methods may also cause 
soil contamination by sludge quality variation between analytical campaigns. In recent years, qualitative 
and quantitative applications of near infrared (NIR) spectroscopy in various fields including the 
pharmaceutical, food and textile industries have grown dramatically (Blanco et al., 1998). Recently, NIR 
spectroscopy and statistical techniques were also applied in soil analysis (Rossel et al., 2006). The NIR 
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spectrum contains information about not only the chemical composition of the sample but also some 
physical properties such particle size. All these reasons make NIR spectroscopy coupled with 
chemometrics an attractive method for waste sludge characterization. 
 
The chemometric methods used in this study are described below. The main objectives of Principal 
Component Analysis (PCA) are the transformation of the original data’s co-ordinate system into a more 
relevant one and system dimension reduction through the use of a limited number of Principal 
Components (PCs) which reflects the structure of the data. PCA is a mathematical method of reorganizing 
information in a data set of samples. What a PCA does is to discover new variables (PCs), which account 
for the majority of the variability of the data, enabling the description of the information with considerably 
fewer variables than were originally present (Davies and Fearn, 2004). In a PCA model the original matrix 
X (in the present case, spectra) is decomposed and can be approximated by a product of two smaller 
matrices, the score and loading matrices according to: 

 
X(nxp) = T(nxd) L

T
(dxp) 

 

Where n represents the number of objects (samples), p represents the number of variables (in the present 
case, wavelengths) and d the number of PCs. T represents the scores matrix, LT the transposed loadings 
matrix (Otto, 1999). In this way, the data collection can be reduced from a complicated multidimensional 
representation to a more easily visualized two or three-dimensional space (score plots) describing the 
main information in the data. 
 
Cluster Analysis encompasses a number of different algorithms and methods for grouping similar objects 
into categories. Cluster analysis is an exploratory data analysis tool which aims at sorting different objects 
into groups in a way that the degree of association between two objects is maximal if they belong to the 
same group and minimal otherwise (Statsoft, 2004). In the k-nearest neighbor algorithm the distance 
between two clusters is determined by the distance of the two closest objects (nearest neighbors) in the 
different clusters. This is called the single linkage method (Miller et al., 2005). 
 
The Partial Least Squares (PLS) is one of the most common regression algorithms in chemistry (Nadler et 
al. 2005) and corresponds to a guided decomposition model where the dependent variables, Y (analytical 
data), intervene directly in the decomposition of the independent variables, X (spectra). The purpose of 
this method is to determine a small number of latent variables than can predict Y using the data in X as 
efficiently as possible. 
 
In establishing a PLS model it is essential to choose the appropriate wavelengths since parte of the 
information gathered in the full spectrum is redundant and the signals measured at some wavelengths may 
be non-linear, represent noise or contain useless information for the intended purpose (Otto, 1999). 
 
When the number of samples available is limited, a cross-validation procedure can be adopted to evaluate 
the predictive ability of the PLS models for the training set. Cross-validation is performed by running 
several sub-model validations where one sample is left out of the data set in each run (leave-one-out). The 
average results of each run are calculated and the quality of the results are evaluated by the Root Mean 
Squared Error of Cross-Validation, RMSECV, according to 
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where n is the number of samples in the training set, iy  the measured value of sample i and 
∧

iy \ the 

predicted value of sample i when the model is constructed without sample i. Segment cross-validation 
should be performed when there are replicates in the dataset since full cross-validation (leave-one-out) 
may give over-optimistic results in that case (Naes et al., 2002).  
 
When the number of samples available is high a training set is used to calibrate the model and a test set is 
used to validate the final PLS model and the difference between the predicted and measured values is 
expressed by the Root Mean Squared Error of Prediction, RMSEP, according to 
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where n is the number of samples in the training set, iy  the measured value of sample i and 
∧

iy \ the 

predicted value of sample i. (Naes et al. 2002). The RMSEP is evaluated as a function of the number of 
latent factors kept in the PLS model. 
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The main objective of the present work was the development of a NIR spectroscopy method for the 
estimation of moisture and organic matter content in wastewater treatment plant sludge samples from 
different origins, namely sludge from municipal WWTP and from food, cellulose, textile and cork industries, 
using chemometrics. The applicability of FT-NIR spectra of sludge samples for the prediction of the two 
priority contaminants concentration, Bis(2-ethyl-hexil)phthalate and Nonylphenol, was also evaluated. 
 
 
2. Materials and methods 
 
2.1. WWTP sludge sample identification and origin 
 
WWTP sludge samples from different origins were used in the present study. The identification of these 
sludge samples and their corresponding origins are presented in Table 1. 
 

Table 1: Identification of the WWTP sludge samples used in the present study and their corresponding 
origins. 

WWTP sludge identification Sludge sample origin 
Cork1 Wood and cork industry 
Cork2 Cork industry 
Cork3 Earth and cork slices 
Cork4 Cork industry 
Cork5 Cork industry 

Municipal1 Municipal WWTP 
Municipal2 Municipal WWTP 
Municipal3 Municipal WWTP 
Municipal4 Municipal WWTP 
Municipal5 Municipal WWTP 
Municipal6 Municipal WWTP 

Paper1 Paper industry 
Paper2 Paper industry 
Paper3 Paper industry (primary sludge) 
Food1 Food industry (bread) 
Foodr2 Food industry (beer) 

Chemical Chemical industry 
Textile Textile industry (knitwear) 

 
2.2. NIR spectra acquisition 
 
Diffuse reflectance spectra of the sludge samples were acquired in a FT-NIR MB160 series ABB BOMEM 
spectrometer (spectral region 12000-4000 cm-1), equipped with an InGaAs detector, a quartz-halogen 
light source (12 Volts/20 Watts, Gilway) and a Powder SamplIR accessory (ABB Bomem) and the 
respective scintillation vials. Spectra were acquired with a 16 cm-1 resolution and 64 scans. 
 
2.3. Heterogeneous and homogenized samples 
 
Sludge samples with and without previous treatment were studied. 18 sludge samples from the different 
origins were used. A mincer (Moulinex) was used to perform homogenization of the samples as a 
pre-treatment method. NIR spectra of raw and homogenized samples were acquired in four different 
positions, obtained by consecutive 90º vial rotations. Two replicates of each vial position were measured, 
resulting in 8 spectra per sample.  
 
2.4. Moisture content determination 
 
For this purpose 18 sludge samples from the different origins were used. Homogenized samples were 
heated at 70ºC and at every 20 minutes NIR spectra and the respective sample weight were measured, 
two replicates for each sample This process was repeated until the samples reached constant weight 
(gravimetric method). The moisture content was determined in % (g water/g original sample x 100). 
 
2.5. Organic content determination 
 
For the determination of the organic matter content, homogenized sludge samples previously weighted 
were introduced in an oven at 550 ºC for 1h. After this time, sludge samples were re-weighted for the 
determination of the volatile content which was entirely considered as organic matter content. Since both 
water and organic matter were volatilized in this process, the water weight determined in section 2.4. was 
discounted. The NIR spectra of homogenized samples acquired in section 2.3 were used. 
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2.6. DEHP and NPE estimation in sludge from WWTP 
 
Firstly, homogenized samples of sludge identified as Municipal3 were contaminated with DEHP (0, 5000, 
10000, 15000, 20000, 25000, 30000, 50000 mg/kg dry matter). NIR spectra were acquired as described in 
section 2.2. Spectra were acquired in four different positions, obtained by consecutive 90º vial rotations. 
Two replicates of each vial position were measured, resulting in 8 spectra per sample.  
 
Homogenized sludge sample identified as Municipal4 was contaminated with solutions of DEHP and NPE 
using methanol as solvent (100, 300, 500 e 1000 mg/kg dry matter for DEHP and 50, 200, 500 e 1000 
mg/kg dry matter). NIR spectra were acquired as described in section 2.2. Spectra were acquired in four 
different positions, obtained by consecutive 90º vial rotations. Two replicates of each vial position were 
measured, resulting in 8 spectra per sample.  
 
2.7. Statistical analysis 
 
The NIR spectra of the sludge samples and the corresponding analytical data were imported to Matlab 6.5 
(The Mathworks Inc) supplemented with PLS Toolbox 3.0 (Eigenvector Research Inc.) for development of 
PCA and PLS models to predict moisture and organic matter content of the different sludges. 
 
The number of PCs to retain in the PCA models was chosen by visualization of a plot representing 
variance captured against the number of PCs (Scree-test). The number of PCs retain was chosen when 
was verified residuals levels of captured variance. 
 
The NIR region used in the developed PLS models was chosen by evaluation of the coefficient of 
determination (R2) for each wavelength of the data set and was selected the region with higher values for 
this coefficient. The optimal number of factors to retain in the PLS models was established by the 
described cross-validation procedure applied to the training set. 
 
3. Results and discussion 
 
3.1. Assessment of the applicability of FT-NIR reflectance spectra of WWTP’s sludge for PLS model 
development 
 
The WWTP sludge samples used in this study were visibly heterogeneous and for that reason the need of 
sludge homogenization prior to FT-NIR spectra acquisition was evaluated. In order to assess the 
applicability of NIR spectra of WWTP’s sludge for PLS model development, the NIR spectra of the raw 
heterogeneous sludge samples were acquired and the spectral data were subjected to a PCA. The score 
plot obtained for the first two PC’s is presented in Figure 1. 
 

-10

-8

-6

-4

-2

0

2

4

6

8

-25 -20 -15 -10 -5 0 5 10 15 20 25

PC1(93.29%)

P
C

2(
5.

75
%

)

Cork1 Cork2 Cork3 Cork4 Cork5 Municipal1 Municipal2 Municipal3 Municipal4

Municipal5 Municipal6 Paper1 Paper2 Paper3 Food1 Food2 Chemical Textile

 
Figure 1: Score plot of the first two principal components of NIR spectra of raw heterogeneous WWTP 
sludge samples from different origins. 
 
It can be seen in the score plot of Figure 1 that the great majority of the waste sludge samples show 
significant differences among the eight NIR spectra of each sample origin, suggesting that a 
homogenization procedure prior to NIR spectra acquisition should be an appropriate sample pre-treatment. 
For this reason all the samples were homogenized and new spectra were acquired. The score plot of the 
first tow PC’s from the PCA of homogenized sludge samples is presented in Figure 2. 
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Figure 2: Score plot of the first two principal components of NIR spectra of homogenized WWTP sludge 
samples from different origins. 
 
It can be seen from Figure 2 that, apart from the sludge identified as Cork1, arising from wood and cork 
industry, the spectra of each homogenized sludge sample constitute a well-defined cluster confirming that 
the homogenization of the sludge samples prior to NIR spectra acquisition is an appropriate pre-treatment 
for the sludge samples in study. However, the homogenization of the sludge identified as Cork1 was not 
successfully achieved and the reason could be the presence of wood and cork wastes in the sludge. The 
homogenization of the sludge identified as Cork5 was not also successfully achieved and the reason could 
be a problem in the homogenization process. 
 
After these results all sludge samples were homogenized prior to spectra acquisition for PCA and PLS 
model development. 
 
 
 
3.2. PCA of the sludge drying process 
 
A PCA model was developed using NIR spectra acquired along the drying process of the sludge samples 
from different origins. The results are shown in Figure 3. The drying process was performed in an oven at 
70ºC and the weight of the samples and the respective NIR spectra were acquired every 20 minutes. 
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Figure 3: Score plot of the first two PCs of NIR spectra of sludge samples from different origins along the 
drying process in an oven at 70ºC (the spectra were acquired every 20 minutes). Dashed line with arrows 
shows the drying process trajectory. 
 
It can be seen from Figure 3 that the moisture content decreases along the first and second principal 
components (PC1 and PC2). The dried samples are located in the negative part of the first two principal 
components. Most of the samples with high moisture content are in the positive part of PC1. However, 
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there are samples whose variations in moisture content during the drying process are less evident or are 
visible essentially along one quadrant, like the sample identified as Food2 or the sample identified as 
Chemical. In the score plot of the drying process different profiles of sludge drying can be observed as 
shown by the dashed lined with arrows in Figure 3. 
 
Sludge samples from similar origins, such as sludge from municipal WWTP or from the cork industry, are 
not grouped, possibly due to their different moisture content. The different moisture content of the sludge 
associated with the different organic matter content results in a score plot like the one described above. 
The homogenization level of the samples can also contribute to the different drying profiles observed, 
since most of the sludge samples are heterogeneous and a fail in the homogenization process can lead to 
different spectra and different results. 
 
Figure 3 shows that the samples identified as Municipal2 and Cork3 are similar and have similar drying 
profiles. However, the analytical values for the moisture content are quite different, suggesting that the 
samples in the socre plot are not grouped just according to their moisture content. In spite of the 
elimination of the differences in moisture content with the drying process, there are still great differences 
among the sludge samples from similar origin. These differences can be related with a different volatile 
content, attributed to the existence of different organic matter content in the samples which could be 
volatilized during the drying process. 
 
3.3. Cluster Analysis 
 
In order to quantify the distances between samples from different origins observed in the score plot of the 
PCA model, a cluster analysis was performed using the matrix of original sample spectra. The k-nearest 
neighbor algorithm was used and the resulting dendrogram shows the distance between samples (Figure 
4). Legends are presented in Table 2.  
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Table 2: Legend of the dendrogram and the respective sludge identification 

Legend A B C D E F G H I 
Sludge 

identification Cork1 Cork2 Municipal1 Cork3 Cork4 Municipal2 Municipal3 Chemical Textile 

Legend J K L M N O P Q R 
Sludge 

identification Paper1 Food1 Cork5 Municipal4 Paper2 Paper3 Municipal5 Alimentar2 Municipal6 

 
It can be seen from Figure 4 that the raw samples, before the drying process, are not grouped according to 
their origin, probably due to the different moisture content in the samples. In order to eliminate the 
moisture effect in sample clustering, a cluster analysis was performed using only spectra of the dry 
samples. Results are shown in Figure 5. It can be seen from Figure 5 that samples identified as Chemical 
and Cork3 (H, D) are the most distant, confirmed by the different provenience (Chemical industry and cork 
industry, respectively). Once we are in the presence of dry samples it was expected that samples from 
similar origins, as samples from municipal WWTP or cork industry were near in the dendrogram, which is 
not verified. The different content in volatile compounds in the sludge samples could lead to that result. On 
the other hand, sludge samples with similar origin present different NIR spectra, which could be related 
with the sludge production processes used in each industry. 
 

Figure 4: Dendrogram from the cluster analysis of 
NIR spectra of raw sludge samples from different 
origins. 

Figure 5: Dendrogram from the cluster analysis of 
NIR spectra of dry sludge samples from different 
origins. 
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3.4. PLS models 
 
In order to develop a PLS model to predict moisture content in the sludges, NIR spectra acquired during 
the drying process of the homogenized sludge samples and the respective analytical values of moisture 
content were used. The best PLS model obtained is present in Figure 6 and was developed using 252 
spectra corresponding to 126 sludge samples of different origins. It was used a training set (70% of the 
samples) and a test set (30% of the samples). The corresponding detailed results are summarized in 
Table 3. Figure 7 shows the prediction of the test set.  

 

 
Figure 6: Measured against predicted values by cross validation for the PLS calibration model developed 
for moisture content estimation using NIR spectra of homogenized WWTP sludge samples from different 
origins. 
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Figure 7: Measure against predicted values for the test set for moisture content estimation using NIR 
spectra of homogenized WWTP sludge samples from different origins. 
 
It can be seen from Figures 6 and 7 that a satisfactory global PLS model was obtained for moisture 
content estimation of sludge samples from different origins. Due to the different sludge groups already 
verified in the presented PCA models, several PLS calibration models were developed, one for each 
sludge origin. It was also developed two PLS calibration models using sludge samples that were grouped 
in the PCA score plot of the drying process (Figure 3), coincident with cluster analysis of original 
homogenized sludge samples (Figure 4). It was developed a calibration PLS model using the NIR spectra 
of the samples identified as Municipal1, Cork3, Municipal2 and Paper2, and a calibration PLS model using 
the NIR spectra of the samples identified as Municipal3, Municipal4, Municipal5, Textile and Paper3. Due 
to the limited number of samples of each origin available, validation of the models were made only by 
cross validation. The detailed results of this calibration PLS models are present in Table 3. 
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Table3: Summary of the PLS calibration models developed for moisture content estimation of 
homogenized WWTP sludge samples from different origins using NIR spectra The models were developed 

using mean-centering as pre-process. 

Sludge NIR region 
cm-1 Factors R2 RMSECV 

(%) 
All sludge origins 3996-7992 11 0.833 15.05 

Municipal1, Cork3, Municipal2, Paper2 3996-11996 10 0.969 7.56 
Municipal3, Municipal4, Municipal5, Textile, Paper3 3996-7992 11 0.934 9.70 

Cork1 7206-8802 2 0.990 3.37 
Cork2 3996-5593 3 0.997 1.76 
Cork3 7206-8802 3 0.978 2.96 
Cork4 3996-5593 2 0.997 1.94 
Cork5 3996-11996 4 0.997 1.84 

Municipal1 5601-7198 4 0.999 1.32 
Municipal2 3996-11996 5 0.990 3.63 
Municipal3 5601-7198 2 0.986 4.64 
Municipal4 5601-7198 5 0.994 2.59 
Municipal5 5601-7198 4 0.988 4.31 
Municipal6 5601-7198 5 0.998 1.50 

Paper1 5601-7198 3 0.996 2.30 
Paper2 3996-11996 4 0.992 3.09 
Paper3 5601-7198 4 0.985 4.30 
Food1 3996-5593 3 0.997 4.09 
Food2 5601-7198 5 0.996 2.01 

Chemical 5601-7198 3 0.989 2.44 
Textile 5601-7198 5 0.990 3.63 

 
It can be seen from Table 3 that the PLS calibration models obtained have a high R2 and a very low 
RMSECV, being good models for estimation of the moisture content of this samples, although several 
models possesses a high number of factors. In fact, a large number of samples should be used for 
development of a PLS model for each sludge origin, in order to include a higher variability in the models. 
 
The best PLS model obtained for estimation of the organic matter content of the WWTP sludge samples 
from different origins are present in Figure 8 and Figure 9 and was developed using 140 spectra 
corresponding to 18 sludge samples previously homogenized. It was acquired two spectra for each vial 
position and four different vial positions for each sample. Due the limited number of samples available, it 
was performed a cross validation for validation of the model. 
 

 
Figure 8: Measured against predicted values by cross validation for the PLS calibration model developed 
for organic matter content estimation using NIR spectra of homogenized WWTP sludge samples from 
different origins. 
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Figure 9: Measure against predicted values by cross validation of the training set for organic matter 
content estimation using NIR spectra of homogenized WWTP sludge samples from different origins. 
 
 
It can be seen from Figures 8 and Figure 9 that a good calibration model for estimation of the organic 
matter content of the sludge samples was obtained. This model describes quiet well the analytical data 
with a very low average error. The detailed results of the calibration PLS model is presented in Table 4. 
 
It was also developed a PLS calibration model for the samples identified as Municipal1, Cork3, Municipal2 
and Paper2 since they were grouped in the PCA score plot of Figure 3. A good calibration model was 
obtained for this set with a high determination coefficient and a very low RMSECV. The detailed results of 
this calibration PLS model is presented in Table 4. Due the limited number of samples available, both 
calibration models were validated only by cross validation. 
 
 

Table 4: Summary of PLS calibration models developed for organic matter content estimation of WWTP 
sludge samples of different origins using NIR spectra of homogenized samples. 

Sludge NIR region 
cm-1 Factors R2 RMSECV  

(g/g dry matter) Preprocess 

All sludge origins 3996-11996 9 0.943 0.067 Mean center 
Municipal1,Cork3,Municipal2,Paper2 3996-7992 6 1.000 0.032 Mean center 

 
 
3.5. DEHP and NPE estimation in sludge from WWTP 
 
A study was performed for the evaluation of the applicability of FT-NIR spectra of sludge samples for the 
prediction of the concentration of the contaminants DEHP and NPE in sludge samples from WWTP. 
Difficulties in the incorporation of the contaminants into the sludge by direct addition were observed. Since 
the maximum allowed concentration of these two pollutants in sludge for agricultural use  is very low (100 
and 50 mg/kg dry matter for DEHP and NPE respectively; according to Decreto-Lei 118/2006) the direct 
addition of these pollutants to the sludge samples gave rise to homogenization problems possibly 
increased by local adsorption phenomena.  
 
In order to overcome this homogenization problem methanol was used as solvent in solutions of each 
contaminant in different concentrations to incorporate in the sludge samples. The calibration models 
obtained showed to estimate well the concentration of each contaminant in the sludge samples. However, 
since methanol absorbs in the same NIR region as the contaminants in study, it is interesting as future 
work to search for solvents that do not absorb in the same region as the contaminants or that have peaks 
less intense in that same region. It is also important to improve the homogenization process, crucial for the 
success of the technique and to expand the study to all sludge samples from different WWTP origins. 
 
 
4. Conclusions 
 
Sludge samples from different origins used in this study assessed the applicability of FT-NIR spectra for 
development of PLS models for estimation of parameters such as moisture content and organic matter 
content. In spite of the heterogeneous look of the samples, calibration models could be developed using a 
good homogenization process. Samples seem to group not only according to their moisture content but 
also according to intrinsic characteristics of the sludge as granulometry and organic matter, since that 
samples with different moisture content are near in a PCA score plot. 
 
It was obtained a good global model for estimation of the moisture content with a high coefficient of 
determination and low RMSECV and RMSEP (R2=0.833, RMSECV=15.05%, RMSEP=17.43%), as well 
good calibration model for the group of samples identified as Municipal1, Cork3, Municipal2 and Paper2 
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(R2=0.969, RMSECV=7.56%) and for the group identified as Municipal3, Municipal4, Municipal5, Textile 
and Paper3 (R2=0.934, RMSECV=9.70%). In spite of the limited number of samples for each sludge origin, 
it good calibrations models were developed. 
 
It would be interesting to repeat all the drying process, with a smaller time between sampling (spectra 
acquisition and respective weigh determination) in order to get more samples for the development of a 
new global model and a model for each sludge origin. It would be also interesting to perform a new PCA 
and observe the new drying profile and how the samples are arranged. 
 
It was obtained a good global calibration model for estimation of the organic matter content of the sludge 
samples with a high determination coefficient and a low RMSECV (R2=0.943, RMSECV=0.067g/g dry 
matter). The best model obtained for estimation of organic matter content of sludge samples identified as 
Municipal1, Cork3, Municipal2 e Paper2 have a high R2 (1.000) and a very low RMSECV (0.032g/g dry 
matter) revealing to described quite well the organic matter content of the samples. 
 
Infrared spectroscopy coupled with chemometrics revealed to be a rapid and useful technique for the 
characterization of samples and respective parameters of interest for agricultural use. However, several 
issues need to be improved, such as a good homogenization process, crucial for the success of the 
technique. Another important issue is the process of incorporation of the contaminants in the sludge 
samples to improve the models for estimation of the concentration of the contaminants. 
 
The optimization and development of the issues referred above could lead to a significant improvement in 
the technique. However, the work developed showed that this technique could estimate several 
parameters (moisture content, organic matter content) which values are required for the characterization of 
sludges from WWTP with potential for agricultural use as soil fertilizer. 
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