Waste Management 48 (2016) 106–114

Contents lists available at ScienceDirect

Waste Management
journal homepage: www.elsevier.com/locate/wasman

Characterization of the biosolids composting process by hyperspectral
analysis
Talli Ilani a,1, Ittai Herrmann b,1, Arnon Karnieli b, Gilboa Arye a,⇑
a
b

French Associates Institute for Agriculture & Biotechnology of Drylands, The Jacob Blaustein Institutes for Desert Research (BIDR), Ben-Gurion University of the Negev, Israel
The Remote Sensing Laboratory, Blaustein Institutes for Desert Research, Ben-Gurion University of the Negev, Sede Boker Campus, 84990, Israel

a r t i c l e

i n f o

Article history:
Received 18 August 2015
Revised 25 November 2015
Accepted 26 November 2015
Available online 8 December 2015
Keywords:
Compost
Biosolids
Hyperspectral spectroscopy
PLSR

a b s t r a c t
Composted biosolids are widely used as a soil supplement to improve soil quality. However, the application of immature or unstable compost can cause the opposite effect. To date, compost maturation determination is time consuming and cannot be done at the composting site. Hyperspectral spectroscopy was
suggested as a simple tool for assessing compost maturity and quality. Nevertheless, there is still a gap in
knowledge regarding several compost maturation characteristics, such as dissolved organic carbon, NO3,
and NH4 contents. In addition, this approach has not yet been tested on a sample at its natural water content. Therefore, in the current study, hyperspectral analysis was employed in order to characterize the
biosolids composting process as a function of composting time. This goal was achieved by correlating
the reflectance spectra in the range of 400–2400 nm, using the partial least squares-regression (PLS-R)
model, with the chemical properties of wet and oven-dried biosolid samples. The results showed that
the proposed method can be used as a reliable means to evaluate compost maturity and stability.
Specifically, the PLS-R model was found to be an adequate tool to evaluate the biosolids’ total carbon
and dissolved organic carbon, total nitrogen and dissolved nitrogen, and nitrate content, as well as the
absorbance ratio of 254/365 nm (E2/E3) and C/N ratios in the dry and wet samples. It failed, however,
to predict the ammonium content in the dry samples since the ammonium evaporated during the drying
process. It was found that in contrast to what is commonly assumed, the spectral analysis of the wet samples can also be successfully used to build a model for predicting the biosolids’ compost maturity.
Ó 2015 Elsevier Ltd. All rights reserved.

1. Introduction
Biosolids are the by-products of wastewater treatment plants,
commonly defined as a wastewater solid phase (the sewage
sludge) that can be recycled as a soil amendment. The term biosolids, however, relates only to sewage sludge that undergoes a stabilization process, such as composting, before its application as a
soil amendment. Applying composted biosolids to agricultural soils
can be a suitable and sustainable solution for biosolid disposal,
providing the crops with nutrients (Singh and Agrawal, 2008).

Abbreviations: DOC, dissolved organic carbon; OM, organic matter; TN, total
nitrogen; PLS-R, partial least squares-regression; RMSEP, root mean square error of
prediction.
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Biosolid properties can vary greatly, depending upon their
source materials and how they are processed. The source materials
of the compost will affect the composting process, the properties
and the quality of the final product. For instance, compost made
from food residues is typically rich in nutrients and may have a
high salt content (Hargreaves et al., 2008; Shah et al., 2014a). Yard
waste compost is typically low in nutrients, contaminants and soluble salts (Shah et al., 2014a). Composted manure is generally high
in nutrients and soluble salts, while low in contaminants (Moral
et al., 2009). The composted sewage sludge is typically high in
ammonium and soluble salt content (Smith et al., 1998). The concentration of pollutants such as heavy metals will vary greatly,
depending upon which industrial waste products are discharged
into the wastewater treatment plant.
It is well established that the application of composted biosolids
to soil can contribute to its physical and chemical properties, thus
improving the water and nutrient availability for plants (e.g.,
Ozores-Hampton and Peach, 2002; Rigby et al., 2009). On the other
hand, the employment of immature composts may lead to the
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immobilization of nutrients by microorganisms and can further
cause phytotoxicity (Cambardella et al., 2003).
Stable compost is defined as organic matter (OM) that is resistant to further rapid degradation, and it can be measured by the
respiration rate (Som et al., 2009). Mature compost is defined as
compost suitable for plant growth, and it may be assessed by several variables such as seed germination, humification index, carbon
(C) to nitrogen (N) ratio, cation exchange capacity, and OM loss
(Wu et al., 2000). In order to measure these variables, compost
samples should be taken to a lab for chemical analysis in each step
of the composting process. The employment of these methods is
time consuming, and commonly, more than one approach needs
to be examined to reach a reliable deduction regarding the compost maturity.
To the best of our knowledge, a non-destructive and rapid
method that can be employed in the composting plant in order
to evaluate the stages of compost maturation and stability has
not been established. Therefore, there is a need for a single simple
method that can be applied on-site to evaluate compost’s suitability for agricultural use.
Hyperspectral analysis has been widely used for mapping OM
and nutrient content in soils (Bartholomeus et al., 2008; e.g.
Boggs et al., 2003; Li et al., 2012; Liu et al., 2009; McMorrow
et al., 2004; O’Rourke and Holden, 2012). In most studies, changes
in OM properties were examined as a function of soil properties,
such as OM, silt and clay content, and labile C and N (Anne et al.,
2014). The above studies examined OM characteristics from one
sampling event; only a handful number of studies have addressed
the decaying process of OM as a function of time (Joffre et al., 1992;
Sabetta et al., 2006). It should be noted that the decomposition of
OM in soils differs from that of OM in controlled environments,
such as composting plants, where the water content and ventilation are regulated.
The use of hyperspectral spectroscopy directly in the compost
plant has been suggested as a means of detecting and controlling
the presence of contaminants (Bonifazi et al., 2008; Dall’Ara
et al., 2012) rather than their stability. Attempts to address the
abovementioned need have been suggested in a small number of
studies in which the composting processes of grape marc and cattle manure (Ben-Dor et al., 1997), municipal sewage sludge and
trimmings (Albrecht et al., 2008), and plant materials, such as leaf
litter and grasses (Gillon et al., 1999b, 1993; Joffre et al., 1992),
were studied in conjunction with hyperspectral spectroscopy.
Insights from these studies, among others (Ben-Dor et al., 1997;
Curran, 1989; Paz-Kagan et al., 2014), indicated that the reflected
light in the visible (VIS, 400–700 nm), near infrared (NIR, 700–
1100 nm), and shortwave infrared (SWIR, 1100–2500 nm) spectral
regions is energetic enough to excite overtones and combinations
of molecular vibrations to higher energy levels. Therefore, the biosolids’ characteristics and number of functional groups, such as the
chemical bonds ACH, AOH, and ANH, give a unique spectral signature that can be used to identify changes occurring during the composting process. McMorrow et al. (2004) found correlations
between cellulose, lignin, and a water content decrease during
composting and the SWIR transmission. These variables alone cannot be used as indicators for compost maturity. Other researchers
showed that compost total C, organic C, C:N, sulfur (S), potassium
(P), and pH were correlated to the NIR spectra in dry material
(Albrecht et al., 2008; Malley et al., 2005).
Commonly, hyperspectral studies employ either air-dried (BenDor et al., 1997; Gillon et al., 1999b) or oven-dried samples
(Albrecht et al., 2008; Gillon et al., 1993; Joffre et al., 1992) since
the water signal can mask other physicochemical characteristics
of the target material (Waiser et al., 2007). However, air drying
and/or pre-heating of the OM sample, such as soil, may change
its surface properties (e.g., water content, color) and, consequently,
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the reflectance spectrum (Mzuku et al., 2015). Specifically, while
the overall content may not be affected, the chemical nature at
the surface may vary as a result of the reorientation and/or configuration of OM functional groups (Arye et al., 2007; Ellerbrock et al.,
2005). This, in turn, may increase the relative share of more
hydrophobic functional groups at the surface (Aderibigbe et al.,
1997), which may be expressed in the reflectance.
The above studies indicate a gap of knowledge regarding the
applicability of the hyperspectral method for evaluating selected
maturation parameters such as dissolved organic carbon (DOC),
nitrate-nitrogen (NO3 -N), and ammonium-nitrogen (NH+4-N) content and its use on samples at their natural water content. The
assessment of compost maturity by hyperspectral reflectance
requires establishing a dataset in which measured chemical
parameters are correlated with reflectance analysis. From this
analysis, we may make conclusions regarding the applicability of
this method.
The main objective of this study was to examine the applicability of hyperspectral analyses for characterizing the timedependent process of biosolids composting. In this context, the
reflectance spectra were correlated with quantitative and qualitative chemical properties, obtained from the solid and liquid phases
of the examined biosolids, in both their moist and oven-dried
states.
2. Materials and methods
2.1. Sampling
The biosolids used in this experiment were obtained from a
commercial municipal sewage sludge composting plant (Compost
Or Ltd, Israel). The first sampling took place immediately after
the sewage sludge was mixed with trimmings. Over the next two
months, the biosolids were sampled once a week in triplicates from
the same pile. After two months, the pile from which the biosolids
were sampled was sieved through 8 mm sieves, as part of the commercial composting procedure. Thereafter, the pile was transferred
to the experimental station located at the Sede Boqer Campus of
Ben-Gurion University and was sampled every 1–2 weeks in the
following month and once a month for the following two months.
Samples from a total of 15 sampling dates were taken for hyperspectral and chemical analyses. In each sampling event, the sampled biosolids were divided into two portions: one portion was
stored at 4 °C until used and the other was placed in the oven
(105 °C for 48 h). The gravimetric water content on the sampling
date was calculated from the difference between the wet and dry
weights.
2.2. Chemical analysis
The chemical analysis was carried out in triplicates for both the
liquid and solid phases of the compost. For the former, the wet or
dry compost samples were extracted by mixing them with double
distilled water at a ratio of 1:10 (w/w). Thereafter, the samples
were filtered through a 0.45-lm membrane and measured for
the DOC, total nitrogen (TN = NO3 -N + NH+4-N + dissolved organic
nitrogen), NH+4-N and NO3 -N concentrations. DOC and TN were
analyzed with a total organic carbon analyzer (Shimadzu Corporation, Japan) equipped with a total nitrogen measuring unit. The
NH+4-N and NO3 -N concentrations were measured with an ultraviolet–visible spectrophotometer (Evolution 220, Thermo Scientific).
The NH+4-N concentration was determined using the Nessler
method (Nichols and Willits, 1934; Yuen and Pollard, 1954), and
the NO3 -N concentration was determined using the secondderivative ultraviolet spectrophotometric method. Each sample
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was scanned from 200 to 250 nm, and the maximum value was calculated from the second derivative of the spectra, from which the
NO3 -N concentration was obtained (Eaton et al., 2005). Using this
method, one can efficiently eliminate the organic matter background, commonly prevalent in compost extracts. The results were
reported on a dry weight basis corrected to the initial water content. Total C and N were determined for the oven-dried samples
after grinding using the CHNS elemental analyzer (organic elemental analyzer, FlashEA 1112, THERMO Fisher Scientific Inc., USA).
2.3. Hyperspectral analysis
Biosolid samples were brought to room temperature and thereafter spectrally measured for reflected data by an Analytical Spectral Devices (ASD) FieldSpec Pro FR spectrometer with a spectral
range of 350–2500 nm and a 25° field of view (FOV). The spectral
sampling resolution was 1.4 nm for 350–1000 nm and 2 for
1000–2500 nm. The spectrometer was programmed to average
40 spectra per sample. A standard white reference panel (Spectralon Labsphere Inc.) was used as a white reference (Hatchell,
1999). The distance of the bare fiber from the target was 8 cm;
therefore, the FOV was a circle with a radius of 1.77 cm. To reduce
directional effects, the samples were illuminated from two directions, and each sample was spectrally measured four times; after
each measurement, it was rotated by 90°. The four repetitions for
each sample were averaged and considered as a spectral sample.
The spectral data was clipped to the range of 400–2400 nm to
avoid noisy spectral data at the two edges due to the relatively
low quantum efficiency of the detectors. Finally, the spectral resolution was reduced to 10 nm, resulting in 200 spectral bands from
405 to 2395 nm.
The area under the spectra between 1100 nm and 1460 nm and
the area between 1940 nm and 2400 nm were calculated to the
zero line for the dry and wet samples. The ratio between the two
area values was calculated.
2.4. Modeling approach
Spectral samples were obtained on 15 different dates. The
chemical and the corresponding spectral measurements resulted
in a dataset containing 146 spectra and chemical data. Each of
the spectra was related to several chemical properties. This main
dataset was divided into two portions: one for dry biosolids (88
samples) and the other for wet ones (58 samples). Each of these
datasets was divided into calibration (about 75%) and prediction
sets (about 25%). The calibration set was used to calibrate the
model, and the prediction set was used for spectrally predicting
the values of the measured chemical parameters. The data were
randomly sorted and only then divided for calibration and
prediction.
In order to predict each of the chemical properties by spectral
means, the partial least squares-regression (PLS-R) analysis was
applied in a Matlab 7.6 (MathWorks, Natick, MA, USA) environment using the PLS-toolbox (Eigenvector, Wenatchee, WA, USA).
The PLS-R is a practical predictive tool for spectral reflective data
(Hansen and Schjoerring, 2003; Nguyen and Lee, 2006). Its prediction was chosen since it can analyze continuous spectra and deal
efficiently with the multi-collinearity present among the reflectance values of hyperspectral data (Atzberger et al., 2010; Wold
et al., 2001). To assess the quality of the PLS-R model prediction,
the root mean square error (RMSE) of prediction (RMSEP) was calculated as presented by Wise et al. (2006), by one equation:

sffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn
^ yi Þ2
i 1 ðyi
RMSE ¼
n

ð1Þ

where ŷi is the predicted value of the variable when the sample
number i is not included in the model formation, and n is the number of prediction samples (the PLS-R calibration models comprised
67 dry samples and 43 wet samples; the prediction PLS-R models
included 21 dry samples and 15 wet samples). yi is the measured
value of the variable. To evaluate the relative importance of each
wavelength in each of the PLS-R models, the variable importance
in projection (VIP), after Wold et al. (1993), was computed. The
VIP is defined as the summary of the importance for each predictor
(wavelength) in all projections (principal components) of the PLS-R
model (Chong and Jun, 2005; Cohen et al., 2010; Herrmann et al.,
2011). The VIP is computed as each predictor’s importance with
the explained sum of squares by the PLS-R dimension, summed
for all dimensions related to the total explained sum of squares
by the PLS-R model and for the total number of predictors. Therefore, it is an indicator of each predictor’s (in this case, the spectral
data’s wavelengths) relative power and influence in the PLS-R
model. The VIP averaged value per sample is one. This value is considered to be the putative VIP threshold. It was also used in the current study, and the VIP values above it were considered as highly
influencing the PLS model (Olah et al., 2004). Wavelengths peaking
with VIP values that were above the threshold were checked in the
literature for specific chemical bonds.

3. Results and discussion
Attempts to use hyperspectral analysis as a method to assess
compost maturity and quality were performed in several studies
(Albrecht et al., 2008; Ben-Dor et al., 1997; Gillon et al., 1999a,
1993; Joffre et al., 1992). However, none of these studies were carried out on samples at their original water content but rather on
either air-dried or oven-dried samples. In addition, the above studies indicate a gap in knowledge regarding the applicability of the
hyperspectral method for evaluating selected maturation parameters such as: DOC, NO3 -N, and NH+4-N contents. In this study, a
hyperspectral analysis was used in order to predict the chemical
nature of biosolids’ composted OM as a function of composting
time. Given the impact of water content on the sample reflectance,
both wet and dry samples were examined. The reason for this is
twofold: (i) to examine hyperspectral changes in the biosolids during their decomposition with and without the water absorption
interferences; and (ii) to be able to assess the compost stability
and maturity at the composting plant, under natural conditions.
Fig. 1A and B present the reflectance spectra of the dry and wet
samples, respectively, from the 15 sampling events. The results
demonstrate the differences between these two groups. In both
cases, the samples’ albedo gradually increased from each sampling
date to the following one, reaching its highest value after 78 days,
followed by a slight decrease. The difference between the reflectance of the litter decomposition and of the sewage sludge decomposition is that the former starts green and turns black and the
latter starts dark and the change is at a smaller intensity. This is
the reason why as opposed to the current results, Ben-Dor et al.
(1997) found that the albedo of litter decreases during its decomposition. Some changes in the reflectance spectra that can be visualized are marked in Fig. 1A and B, and the chemical functional
groups commonly related to them (Ben-Dor et al., 1997; Curran,
1989; Elvidge, 1990; Paz-Kagan et al., 2014) are summarized in
Table 1. In the wet and dry samples, at around 1200 nm, an absorbance feature that is an indicator band was observed. The absorbance was more intense on the first sampling dates, and it
diminished with time. The absorbance in this wavelength is commonly related to water, cellulose, starch, lignin and oil (Table 1).
Although lignin and cellulose are considered to be more resistant
to microbial degradation, their content is reduced during biosolids
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Fig. 1. Hyperspectral reflectance of the biosolids during their decomposition. (A)
Wet samples (natural water content). (B) Dry samples (105°). Vertical lines indicate
diagnostic absorbance features as described in Table 1.

decomposition thanks to the microorganisms that make use of the
carbohydrates originating from the degradation of cellulose as a
source of energy (Jouraiphy et al., 2005). The wet samples showed
two distinct absorbance features that are indicator bands around
1460–1490, and 1930 nm (Fig. 1A) and are assigned to OH in water.
The high absorbance of water masked other features close to them.
Therefore, features observed in the dry samples, such as 1420 and
2050 nm (see also Table 1), that provided information about the
chemical composition of the biosolids were not seen in the wet
ones. At the same time, there was a shift of the absorbance at
1720 nm in the dry samples compared with 1760 nm in the wet
samples. These features were attributed to the aliphatic CAH
stretch. The absorption around 2180 and 2300 nm was again

attributed to chemical compounds that broke up during the OM
decomposition (Table 1), and therefore, their absorbance intensity
decreased with the biosolids decomposition. In addition, also in
that area, a slight influence of the water content could be seen;
hence, the intensity of the absorption between 2000 and
2400 nm was much lower in the wet samples in comparison with
the dry samples. Waiser et al. (2007) reported that air-drying
increases the accuracy of the prediction model as drying reduces
the absorbance intensity of bands related to water signals, and
therefore, it does not mask other physicochemical properties. This
finding corroborates our current results.
The PLS-R approach was applied to create a predication tool for
the biosolids’ chemical composition. The starting point was the
establishment of a correlation between the spectral data and a
given measured parameter. Specifically, the hyperspectral data
were correlated with the variables obtained from the chemical
analysis. As mentioned, the chemical and spectral analyses were
carried out initially with the wet samples (i.e., the naturally
moister ones) and then with the same samples after drying them
at 105 °C for 48 h in order to obtain dry samples with no traces
of water. In the following, the results are presented for the liquid
extraction that was performed for both wet and dry samples and
for the solid elemental analysis that was carried out only on the
dry ones. Selected results from the prediction of the PLS-R model
are presented in Fig. 2, and a summary of all of the correlations
is presented in Table 2. The coefficient of determination, R2, and
the RMSE express the prediction accuracy of each variable and
the likelihood of the measured data falling within the predicted
outcome. The VIP values based on the PLS-R models are presented
in Fig. 3.
The general pattern obtained for all of the maturity variables
(excluding the NO3 -N) as a function of composting time exhibited
an exponential-like decay (Figs. 4 and 5). Similar patterns were
also obtained for the ratio between the areas under the spectra
between wavelengths 1100–1460 nm and 1940–2400 nm (Fig. 6).
The bands in the range of 1100–1460 nm are usually assigned,
aside from the OAH bends in water molecules, to the CAH and
NAH stretches in aliphatic groups. The bands in the range of
1940–2400 are also assigned to the C@C, C@O, N@H and O@H
stretches in aromatic rings, carboxyl, and ketonic carbonyl groups
(Ben-Dor et al., 1997; Curran, 1989). These findings are in agreement with the decomposition of OM in which the aromatic compounds are more resistant to microbial breakdown. For further
analysis, the data obtained from the PLS-R analysis are presented
next to the measured data in each of the figures.
The C/N ratio increased to about 15 over the first 45 days, and
from day 63 onward, it was around 11 (Fig. 5C and F). The final
C/N ratio was 11.07 ± 1.04, which indicates a stable level of mature
compost. Although the C/N was measured in the dry samples, the

Table 1
Diagnostic wavelengths assigned to the major absorbance features shown in Fig. 1.
Wavelength
(nm)

Chemical process

Associate elements

1200
1420
1460, 1490
1720
1760
1930

OAH bend
CAH stretch
OAH stretch
Aliphatic CAH stretch
Aliphatic CAH stretch, OAH NO3
OAH stretch, ACOOH, C@O of ketonic carbonyl, CONH2, NO3

2050
2180

N@H hend, NAH stretch, aromatic C@C, COOAHydrogen bond, C@O
Aromatic C@C, Amid II, NAH bend, CAH stretch, CAO stretch, C@O stretch,
CAN stretch,
CAH stretch, OAH stretch, CH2 bend

Waterb, celluloseab, starchab, ligninb, oila
Ligninb
Watera, Celluloseab, sugarb
Cellulosea, lignina, starcha, pectina, waxa, humic acida, nitrogend
Celluloseab, lignina, starchab, sugarb, pectina, waxa, humic acida
Waterb, ligninab, proteinb, nitrogenb, starchab, glucana, celluloseab,
pectina, waxa, humic acida
Proteinb, nitrogenb, celluloseac, glucana, pectina
Starcha, ligninac, waxa, tanninsa, Proteinab, nitrogenb, NHd4, NOd3,
Potassiumd
d
Celluloseabc, sugarc, starchab, CHa
3 , Potassium

2300

109

The assignments and chemicals are based on aBen-Dor et al. (1997); bCurran (1989); cElvidge (1990) and dPaz-Kagan et al. (2014).

110

A2

2100
1400
700
700 1400 2100 2800

TN (mg 100g-1)

Predicted

B1

100 E1

600 F1

60
40
20
20 40

800
600
400
200

X Data

300
200
100

C2

4 G1

27000

G2

3

E2/E3

C (mg 100g-1)

X Data

60 80 100

400

2

18000

1
18000 27000 36000 45000 18000 27000 36000 45000

1

D2

D1

2

3

4

14 H1

4000

1

2

3

4

H2

12

C/N

N (mg 100g-1)

20 40

F2

100 200 300 400 500 600 100 200 300 400 500 600

36000

5000

60 80 100

500

200 400 600 800 1000 200 400 600 800 1000
45000 C1

E2

80

700 1400 2100 2800

B2

1000

NO3--N (mg 100g-1)

2800 A1

NH4+-N (mg 100g-1)

DOC (mg 100g-1)

T. Ilani et al. / Waste Management 48 (2016) 106–114

3000

10
8

2000

6
2000 3000 4000 5000 2000 3000 4000 5000

6

8

10 12 14

6

8

10 12 14

Measured
Fig. 2. Prediction of the model using the partial least squares-regression algorithm. (A1–H1) Dry samples (105 °C). (A2–F2) Wet samples (natural water content). (A1 and A2)
Dissolved organic carbon (DOC) concentration; (B1 and B2) total dissolved nitrogen (TN) concentration; (C1 and C2) carbon (C) concentration; (D1 and D2) nitrogen (N)
concentration. (E1 and E2) NO3 -N concentration; (F1 and F2): NH+4-N concentration; (G1 and G2) E2 to E3 ratio; (H1 and H2) C to N ratio. Solid line: prediction line 1:1,
without intersects. Dashed line: trend line of the points, the real prediction line. The prediction line parameters are presented in Table 2.

Table 2
PLS-R prediction model results of the ‘‘Compost Or” decomposition process, 158 days, 15 sampling days. All R2 values are significant with P values < 0.001.
Calibration
LVs

Calibration
Dry

DOC
TN
NO3 -N
NH+4-N
E2/E3
C
N
C/N

Prediction
Wet

Dry

Wet

Dry

Wet

R2

RMSEC+

R2

RMSEC+

R2

a

12
20
20
10
12
8
11
13

8
14
4
16
19
16
18
16

0.96
0.97
0.96
0.54
0.86
0.89
0.95
0.67

93.8
15.9
3.6
25.5
0.26
1747.8
172.1
0.90

0.85
0.97
0.52
0.97
0.99
0.95
0.99
0.92

129.9
28.8
15.4
27.5
0.14
1046.1
53.4
0.46

0.94
0.92
0.79
0.75
0.75
0.86
0.96
0.68

1.00
0.91
0.93
0.82
0.70
1.03
0.94
0.87

b
46.4
40.6
6.2
29.1
0.6
456.7
185.4
1.1

RMSEP+

R2

a

b

RMSEP+

154.9
32.7
11.9
23.1
0.32
2267.0
163.7
1.13

0.92
0.96
0.63
0.93
0.94
0.83
0.98
0.84

0.91
0.99
0.54
0.96
0.86
0.82
0.94
0.85

156.2
7.0
28.9
17.9
0.1
4538.8
155.8
1.5

104.3
42.1
12.2
46.5
0.44
1942.9
106.5
0.70

R2: coefficient of determination; (a) and (b): slope and intercept, respectively, of the regression line between the measured and predicted values of compost maturity
parameters. LVs: latent variables; RMSEC: root mean square error of calibration; RMSEP: root mean square error of prediction; DOC: dissolved organic carbon; TN: total
nitrogen; NANO3: nitrate nitrogen; NANH4: ammonium nitrogen; E2/E3: absorbance at 254/365 nm; C: carbon; N: nitrogen; C/N: carbon to nitrogen ratio. +RMSEC and
RMSEP units are mg 100 g 1 for all except E2/E3 and C/N, which are dimensionless.

PLS-R model prediction was stronger (higher R2) for the wet samples than for the dry ones. Another indicator of compost maturity
and stability is the DOC concentration. Fig. 4A and F exhibit the
DOC concentration as a function of composting time for the wet
and dry samples. According to the DOC values established by

Bernal et al. (1998) and Hue and Liu (1995) as the index for stable
compost (values lower than 1000 mg/100 g), the biosolids in the
recent study reached stability after about 75 days. After 158 days,
the DOC concentration was about 658 mg/100 g and
517 mg/100 g for the dry and wet samples, respectively.
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Using the PLS-R model for the prediction of DOC concentration
gave good results with R2 values of 0.92 and 0.94 for the wet and
dry samples, respectively (Table 2, Fig. 2A and E). The RMSE of prediction was smaller for the wet samples than for the dry samples.
Overall, the reestablishment of the predicted results in the time
scale displayed small differences between the predicted and the
measured results for most of the measured points, especially at
the end of the biosolids decomposition – at the time of compost
maturation (Fig. 4A). Although there were some outliers, the
decomposition trend was predicted by the model.
The correlation described above is related to the quantity of the
DOC, rather than to its chemical nature. The chemical nature of dissolved OM, in particular its molecular weight, can be evaluated in a
qualitative manner from the bulk spectroscopic property, the E2/
E3 ratio (absorbance at 254/365 nm; Chin et al., 1994). The E2/E3
ratio is inversely correlated with the molecular weight of the
DOM (Peuravuori and Pihlaja, 1997). The higher portion of the
compounds with smaller molecular size (higher ratio) at the first
sampling event reduced rapidly with time (Fig. 4E and J) due to
the decomposing process. As small volatile molecules are lost from
the dissolved OM during oven drying (Schumacher, 2002), the R2
value of the prediction model for the wet samples was 0.94, while
for the dry samples, the R2 value was 0.70.
The biosolids’ chemical nature can also be related to the significant features in the reflectance spectra of a target material. The
wavelength identified by VIP showing spectral regions (wide or
narrow) that contributed to the model can be used for this purpose
(Fig. 3). The wavelengths identified by VIP for the dry samples’ DOC
were all concentrated in the SWIR range (1000–2400 nm). The DOC
contains various compounds, such as phenols, carboxylic acids,
carbohydrates, groups with aromatic and aliphatic natures and
other functional groups with low molecular weights (Haynes,
2005). Therefore, it is expected that a variety of wavelengths will
be found to be important for this predictor projection. For example,
the 2135 nm wavelength was assigned to the C@C of aromatic
rings (Ben-Dor et al., 1997), and the 2235 nm was assigned to
the CAH stretch in protein (Curran, 1989). Looking at the spectra,
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Fig. 4. Measured and predicted results from the PLS-R model. Left: oven-dried
samples (105°). Right: wet samples (natural water content). (A and F) dissolved
organic carbon (DOC) concentration; (B and G) total dissolved nitrogen (TN)
concentration; (C and H) nitrate-nitrogen (NO3 -N) concentration; (D and I)
ammonium–nitrogen (NH+4-N); (E and J) absorbance at 254/365 nm (E2/E3).
Vertical bars indicate ±1 standard deviation from the mean.

it can be seen that the magnitude of reflectance increased with
the composting time, as expected, since the DOC component
decomposed with time; hence, their absorbance decreased. Most
of the wavelengths identified by VIP for the wet samples were also
concentrated in the SWIR range (Fig. 3C), and most of them were in
the same range of the dry samples. The high absorbance of the
water in this region masks part of the wavelengths identified by
the VIP in the dry samples. In addition, the PLS-R model found
wavelengths identified by VIP for the wet samples in the rededge and in the NIR region. These regions were most likely
enhanced since the water masked part of the significant features
in the SWIR range, and hence, the relative influence of the former
increased.
The carbon content, measured at the solid phase of the biosolids, decreased by 51%, reaching a ‘‘plateau” about 75 days after
the commencement of composting (Fig. 5A and D). Similar results
were found by Zubillaga and Lavado (2003) for sewage sludge
compost. The wavelength identified by the VIP for the PLS-R model
of the C showed a similar trend to the DOC. Since the DOC is part of
the total carbon, this behavior was expected. In addition, the PLS-R
model for C identified more wavelengths, at 1200 and 1565 nm,
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that can be assigned to the CAH overtone stretching (Golic et al.,
2003) or to the OAH bends and stretches in starch and cellulose
(Ben-Dor et al., 1997; Curran, 1989), most likely of insoluble molecules. The measured C and N concentrations used for the PLS-R
model were the same for the wet and dry samples. Therefore, in
this case, the accuracy can be tested for the model of each dataset
directly from the RMSE. Table 2 shows no significant difference in
the accuracy of the prediction model for the wet and dry samples
of the C and N concentrations, implying that this method can be
used with the wet samples, in situ, to evaluate compost maturity
and stability.
During decomposition, the nitrogen undergoes a first stage of
rapid decomposition of small molecular-sized compounds containing nitrogen, and thereafter, the more recalcitrant compounds

decompose much slower (Chen et al., 1997). The TN in the current
study showed the same trend (Fig. 4B and G). However, the TN concentration in the dry samples was much lower since the TN in biosolids comprises mainly NH+4-N that volatizes at 105 °C. The ability
to predict TN concentration in the biosolids was high for both the
wet and dry samples and slightly stronger for the wet samples
(R2 = 0.92 for the dry samples vs. R2 = 0.96 for the wet ones). On
the other hand, the prediction accuracy for the dry samples was
better (RMSEP = 32.7 for the dry samples vs. RMSEP = 42.1 for the
wet samples). Most of the wavelengths identified by VIP for the
TN in the dry samples were concentrated in the range of 1750–
2400 nm (Fig. 3B). This area can be assigned to the NAH and
N@H bands in proteins (Curran, 1989). Paz-Kagan et al. (2014)
found that these wavelengths, together with 1255 and 1425 nm,
can be assigned to NO3. In the wet samples, the wavelengths could
be still identified by VIP around 2100–2400 nm (Fig. 3D). However,
in these samples, no wavelengths were identified around 1750–
2000 nm, most likely due to the masking of the water absorbance
in this area. On the other hand, the model of the wet samples did
recognize the wavelengths around 1000–1100 nm that can be
assigned to the NAH bands in proteins.
The NH+4-N concentration is a very important component in the
N content in biosolids originating from sewage sludge (Smith et al.,
1998). It followed the same trend as the TN, as can be seen in
Fig. 4I. This was the case for the wet samples. As mentioned, for
the dry samples, a significant portion of the NH+4-N was lost at
105 °C (Fig 4D and I). Therefore, the dry samples were not suitable
for measuring the actual NH+4-N concentration. The PLS-R model
was strong and accurate for the wet samples. For the dry samples,
although the model was less strong and accurate, as expected
(Table 2), it was still able to predict the low NH+4-N concentrations.
The main bands that were found to be sensitive for NH4 content
identification, using hyperspectral analysis (Paz-Kagan et al.,
2014), were identified by the model for the dry samples (e.g.,
575, 815 and 2225 nm, Fig. 3B). These bands were not identified
by the model for the wet samples (Fig. 3D). However, other bands
that are assigned to the NAH stretch (Curran, 1989) were identified
as VIPs for the model (e.g., 1985, 2135, and 2305 nm).
The results of the measured and predicted nitrate for the dry
and wet samples are presented in Fig. 4C and H. In the first stage
of composting, there was leaching of a small compound, and therefore, a decrease in the nitrate content could be seen in the biosolids. At the next stage, mesophilic microorganisms converted
organic N to ammonium and nitrate-N. Increasing levels of
nitrate-N can be used as an indicator of maturing compost
(García et al., 1991). The prediction model was stronger for the
dry samples (R2 = 0.79) than for the wet ones (R2 = 0.63). It can
be seen that for the dry samples, the model resulted in many narrow peaks of VIP values from 1600 to 2400 nm (Fig. 3B). Amongst
them are wavelengths around 2180 nm that are directly related to
NO3 -N (Table 1). However, for the wet samples, only five wide VIP
peaks were identified (Fig. 3D). This shows the influence of water
on the ability to identify narrow VIP peaks, related to NO3 -N in
the SWIR region. Predicting NO3 -N using the PLS-R model was
more successful for the dry than for the wet samples.

4. Conclusions
This study was designed in order to examine the applicability of
hyperspectral analysis to characterize the time-dependent process
of biosolids composting. In order to achieve this goal, quantitative
and qualitative chemical properties of wet and dry biosolid samples were correlated with reflectance spectra.
The results showed that the hyperspectral spectroscopy of biosolids can be used as a method to evaluate compost maturity and
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stability. The spectra indicate the decrease in aliphatic compounds,
in comparison to aromatic compounds, during the biosolids
decomposition. The PLS-R model was able to predict with high
accuracy the DOC, TN, C, and N contents in the wet and dry samples and the NH+4-N content and E2/E3 and C/N ratios for the wet
samples.
In summary, the use of hyperspectral data analysis as a means
to identify biosolids’ chemical composition during composting
was found to be suitable for both wet and oven-dried samples,
excluding the correlation with the NH+4-N concentration, for which
the wet samples yielded better results. The approach suggested in
this study provides us with a simple and efficient (in terms of time
and labor) method of identifying the compost maturity and stability stage in a biosolids composting site.
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