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Abbreviations: AD, anaerobic digestion; NIR, Near infrared; PLSR, partial least squares
regression; OM, organic matter; DM, dry matter; TOC, total organic carbon; N, nitrogen;
Norg, Organic nitrogen; P, phosphorus; K, potassium; TKN, total Kjeldahl nitrogen; SNV,
standard normal variate; RPD, ratio of performance to deviation; RMSE, Root Mean Square

Error; SEL, Standard Error of Laboratory;

Abstract:

Anaerobic digestion is an increasingly widespread process for organic waste treatment and
renewable energy production due to the methane content of the biogas. This biological
process also produces a digestate (i.e., the remaining content of the waste after treatment)
with a high fertilizing potential. The digestate composition is highly variable due to the
various organic wastes used as feedstock, the different plant configurations, and the post-
treatment processes used. In order to optimize digestate spreading on agricultural soils by
optimizing the fertilizer dose and, thus, reducing environmental impacts associated to

digestate application, the agronomic characterization of digestate is essential.

This study investigates the use of near infrared spectroscopy for predicting the most
important agronomic parameters from freeze-dried digestates. A data set of 193 digestates
was created to calibrate partial least squares regression models predicting organic matter,
total organic carbon, organic nitrogen, phosphorus, and potassium contents. The calibration
range of the models were between 249.8 and 878.6 gOM.kgDM, 171.9 and 499.5 gC.kgDM-
1 5.3 and 74.1 gN.kgDM1, 2.7 and 44.9 gP.kgDM! and between 0.5 and 171.8 gK.kgDM?,
respectively. The calibrated models reliably predicted organic matter, total organic carbon,

and phosphorus contents for the whole diversity of digestates with root mean square errors
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of prediction of 70.51 gOM.kgDM?, 34.84 gC.kgDM* and 4.08 gP.kgDM respectively. On
the other hand, the model prediction of the organic nitrogen content had a root mean
square error of 7.55 gN.kgDM™* and was considered as acceptable. Lastly, the results did not
demonstrate the feasibility of predicting the potassium content in digestates with near

infrared spectroscopy.

These results show that near infrared spectroscopy is a very promising analytical method for
the characterization of the fertilizing value of digestates, which could provide large benefits

in terms of analysis time and cost.

1. Introduction

Anaerobic digestion (AD) is recognized as an efficient technology in terms of renewable
energy production and environmental protection according to the EU 2020 Renewable
Energy Directive (Commission of the European Communities, 2009). AD is a microbial
process that transforms organic matter into biogas, mainly composed of CHs and CO». The
biogas produced is either converted into electricity and heat by cogeneration, or directly
injected into the gas grid after purification. AD is very often considered as a process for
organic waste treatment and biogas production, but it also produces a digestion residue
called digestate, which can be used as an organic fertilizer on agricultural soils (Houot et al.,
2016). It is essential for the biogas plants to make the best use of their digestate so that it is
not a cost, but a gain for the plant operators and the environmental impact is minimized

when the digestate returns to the soil (Nkoa, 2014).

The agronomic and environmental interests of digestate application to agricultural land have

been evaluated in several studies (Walsh et al., 2012; Alburquerque et al., 2012; Nkoa, 2014 ;
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Guilayn et al., 2020 ; Jimenez et al., 2020). It has been demonstrated that digestates are
good organic fertilizers and amendments, allowing reducing the use of chemical fertilizers

and striving for a circular economy at farm scale.

The chemical composition of the digestates is directly linked to the feedstocks used and the
AD plant operating conditions (Guilayn et al., 2019). Consequently, digestate compositions
show a great variability, and significant characterization needs have been highlighted
(Alburquerque et al., 2012; Kataki et al., 2017). The composition of a chemical fertilizer is
detailed by the supplier, and the dose to be applied to the field can be adjusted according to
the soil and the crops needs. The same information should be available for organic fertilizers
and soil improvers coming from digestates. This should lead to a better management of the
nitrogen inputs and ammonia volatilization risk. In addition, Guilayn et al. (2019) have
highlighted the almost systematic obligation to post-treat digestates (phase separation,
composting, stripping etc.) prior to their sale and use as organic fertilizers in order to comply
with European standards (European Parliament and Council of the European Union, 2016;
European Commission, 2003). Despite continuous improvement in post-treatment
technologies and the development of new recovery methods (Monlau et al., 2015; Guilayn
et al., 2020), the cost of digestate treatment remains high. Some studies have shown that it
is difficult to make a profit by valuing the digestate (KTBL, 2008) and that direct spreading of
the digestate remains very often the most profitable option (Fuchs and Drosg, 2013). Regular
characterization of the digestates, with at least a determination of the C, N, P, and K
contents, for monitoring and optimizing the post-treatment processes is, therefore, essential

(Teglia et al., 2011).



89  The physical and chemical laboratory analyses for characterizing the digestates are time and
90 cost expensive. Near infrared (NIR) spectroscopy could be an alternative technology for

91 rapid characterization of digestates. This non-destructive analytical method makes it

92  possible to analyze a sample by observing the harmonic oscillations of the various bonds of
93 the molecules during excitation of these by a source emitting in the wavelengths interval of
94 700 and 2500 nm (Burns and Ciurczak, 2007). From the spectra acquired in near infrared, it is
95 then possible to calibrate a model allowing a spectrum to be linked to one or more reference
96 values, qualitative or quantitative. Partial least squares regression (PLSR) is a model

97  calibration method very commonly used in NIR spectroscopy.

98 NIR spectroscopy has long been used in the chemical and food industry for reaction

99  monitoring or process control. However, many studies have also shown the interest of NIR
100  spectroscopy for the prediction of organic matter (OM) (Hummel et al., 2011), total organic
101  carbon (TOC) (Dalal & Henry, 1986; Barthes et al., 2019), nitrogen (N), phosphorus (P), and
102  potassium (K) from soils (Nduwamungu et al., 2009; He et al., 2007). The OM and the N
103  contents are predicted with good accuracy, while the models for P and K are much less
104  efficient. For the prediction of N, P, and K contents of different plants, NIR spectroscopy is
105  also used with very good results for the prediction of N (Gislum et al., 2004; Petisco et al.,
106  2005; Ward et al ., 2011), but often bad results for P and K (Tremblay et al., 2009; Ward et
107  al., 2011; Petisco et al., 2005). The difficulty in predicting the K content comes from the fact
108  that potassium is only present in ionic form and is, therefore, not directly visible with NIR
109  spectroscopy. Regarding the P content, the chemical bonds involving phosphorus are not
110  active in the range of near infrared wavelength (Mouazen et al., 2016). The models for
111  predicting the K and P contents are models based on indirect correlations with other

112 properties that have a direct spectral response. For the determination of the P content in
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soils (Mouazen et al., 2016) or in plants (Menesatti et al., 2010), several studies have
demonstrated good performances of models based on spectra acquired at the same time in

the visible and in the near infrared.

NIR spectroscopy is already used in the field of anaerobic digestion for characterizing the
substrates to be treated with regard to their biological methane potential (Lesteur et al.,
2011), their sugar content, their chemical oxygen demand, their lipid content, and their
nitrogen content (Charnier et al., 2017). It is important to note that the complexity of the
anaerobic digestion substrates studied has not yet made it possible to calibrate these
models on fresh samples, but on freeze-dried and finely ground samples. On the other hand,
it has been shown that NIR spectroscopy could be used as a tool for characterizing raw
materials and digestates to assess the performance of sewage sludge digesters by only
determining volatile fatty acids, alkalinity, and solid and volatile matter (Reed et al., 2011;

Jacobi et al., 2011; Awhangbo et al., 2020).

Considering the great variability in the composition of the digestates, their chemical
characterization for monitoring and optimizing the AD process, the post-treatment of the
digestate and their return to the soil appears to be essential. Based on the potential of NIR
spectroscopy already demonstrated for the characterization of soils, plants, and biowastes,
this study aims to assess, for the first time, the potential of NIR spectroscopy for predicting
the most important agronomic characteristics of digestates. This new method could allow a

fast and more regular characterization of digestates, thus improving their management.

2. Materials and Methods

2.1. Samples



136  For this study, 193 partially characterized digestates were combined in one sample data base
137  in order to represent the great diversity of digestates, which can be produced. These
138  digestates came from farm, centralized, and urban anaerobic digesters plants, except for
139  twelve digestates generated by laboratory pilots (Table 1). Some of the digestates collected
140  had been treated by phase separation or composted directly on the production site. The
141 sample base consisted of 46 solid phase digestates, 28 liquid phase digestates, 43
142 composted solid phase digestates, and 76 raw digestates . Apart from four dry anaerobic
143  digestion plants (three piston flow systems and one batch system), units used for collecting
144  digestate samples were wet anaerobic digestion plants (Total Solids content < 20%).
145 Table 1: Description of the anaerobic digestion plant types used in the digestates data base and
146 their respective percentages
Type Feedstock Number Percentage
Animal manures 110 57%
Energy crops 5 3%
Farm plant Animal manures and agro-industrial wastes 3 2%
Crop residues 2 1%
Animal manures and biowastes 2 1%
Agro-industrial wastes, sewage sludges,
Centralized plant animal manures, green wastes, biowastes 23 12%
etc.
Sewage sludges 23 12%
Urban plant Biowastes 14 7%
Municipal wastes 11 6%
147
148  2.2. Analytical methods for reference data
149  The analytical methods for the determination of the dry and organic matter, total organic
150 carbon, organic nitrogen, phosphorus, and potassium are presented below. The analyses
151  were carried out in triplicate.
152  2.2.1 Dry matter and organic matter
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The dry matter (DM) of a sample was determined by weight difference after 24 hours at 105
°C and the organic matter (OM), after at least two hours at 550 °C. The OM was obtained by
subtraction of the residual mineral matter obtained after passing at 550 °C from the dry

matter.

2.2.2 Total organic carbon

TOC was measured on the freeze-dried and grinded samples by catalytic combustion at 900

°C with a Shimadzu TOC-V-SSM-500A. Pure glucose samples were used as references.

2.2.3 Organic nitrogen

Organic nitrogen was calculated by subtracting the ammonium from the total Kjeldahl
nitrogen (TKN). The TKN was determined on the raw samples to measure both mineral and
organic nitrogen. 1.0 g of sample is added to 5 mL of distilled water. Then, 10 mL of sulfuric
acid (98% in mass) containing 0.366 g.L! of catalyst (copper selenite) are added. The sample
is then heated to 420 °C for approximately three hours until complete hydrolysis. The TKN is
then measured with a BUCHI 370-K distiller-titrator. Ammonium was measured with a BUCHI
370-K distiller-titrator using the liquid fraction of the digestates collected after 20 minutes of

centrifugation at 18 600 g and then filtered at 0.45 pum.

2.2.4 Total phosphorus

The total phosphorus content of the substrate samples was analysed using the freeze-dried
and 1 mm grinded sample. The sample is first mineralized with a BUCHI digestion unit K-438.
Then 0.05 g of sample is added to a flask containing 5 mL of distilled water and 10 mL of
sulfuric acid (98% in mass). The flask is then put into the mineralizer for six hours at 420 °C.

The organic phosphate is then transformed into ortho-phosphate. The acidity of the sample



175

176

177

178

179

180

181

182

183

184

185

186

187

188

189

190

191

192

193

194

195

is neutralized by addition of 20-25 mL sodium hydroxide (32% in mass). The phosphorus
assay is carried out with Hack LCK350 kits (2.0 - 20.0 mg.L* [PO*-P]) according to the
standard EN ISO 6878, and a Hack DR3900 spectrophotometer. The method used in these
kits is a colorimetric method known as molybdenum blue described by Murphy and Riley

(1962).

2.2.5 Total potassium

The total potassium was measured in the digestate supernatant recovered after
centrifugation (17700 g during 20 minutes at 4 °C). After filtration at 0.45 um, 1 mL of
supernatant is introduced into a Hack LCK328 assay kit (8.0 - 50.0 mg.L! [K*]) and the

potassium is measured with a Hack DR3900 spectrophotometer.

2.3 Near infrared analyses

The digestate samples were freeze-dried and then grinded to 200 um with a ball mill to
remove as much as possible the spectral signal of water and to homogenize the samples
(Lesteur et al., 2011; Charnier et al., 2017). The samples were then scanned in reflectance
from 4000 to 10000 cm™ with a resolution of 4 cm™ on a BUCHI NIR-Flex N-500
spectrophotometer. The samples were scanned (96 scans) in vials supplied by the
manufacturer and adapted to homogeneous solids. Each sample was analysed three times
with a shaking step between each measurement to consider its heterogeneity. For each
sample, an average spectrum was calculated from the three scans and used for model

calibration.

Table 2: Dataset features for models’ calibration and validation
oM TOC Norg P K
(g OM.kg DM1) (g C.kg DM1) (g N.kg DM'1) (g P.kg DM1) (g K.kg DM1)

Calibration



10

Samples 118 99 75 65 62
Mean 599.5 326.5 26.7 14.8 41.9
SD 156.5 79.9 16.0 8.4 36.2
Max 878.6 499.5 74.1 44.9 171.8
Min 249.8 171.9 5.3 2.7 0.5
Validation

Samples 49 39 31 22 17
Mean 638.0 343.3 30.5 14.3 42.9
SD 120.9 80.3 12.3 7.4 38.5
Max 880.0 450.3 62.3 39.8 154.4
Min 291.6 162.8 13.2 2.2 1.9

196

197  Before calibration, the sample base was randomly separated into a calibration set and an
198  external validation set, for each of the different models (Dardenne, 2010). The calibration

199  and validation set features are presented in Table 2.

200 2.4 Partial Least Squares regression model

201  The Partial Least Squares regression method was used for the calibration of the models
202  based on NIR spectra. As presented in the introduction, many studies have proven that this
203  method allows obtaining precise and robust models. The best spectral pre-treatment was
204  selected during the calibration and was based on cross-validation. The spectra were first
205 converted to pseudo-absorbance (log (1 / Reflectance)). The spectral range was then

206  reduced to 1300 to 2500 nm. A first derivative was obtained using a Savitzky-Golay filter
207  (derivative: 1, window: 15, polynomial: 2) with the savgol_filter function of scipy.signal in

208  Python 3.7. Finally, the spectra were standardized with a standard normal variate (SNV).

209 The different models were calibrated with a PLSR1 using the Python 3.7 PLSRegression
210  function (sklearn.cross_decomposition) with the NIPALS algorithm implemented from
211  Wegelin (2000) and Tenenhaus (1998). A RepeatedKFold Cross validation was performed for

212 each model with 10 blocks and 30 repetitions.
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11
2.5 Statistical parameters for model evaluation

Different parameters describing the quality of the models were calculated with the

equations defined by Dardenne (2010) and Bellon-Maurel et al. (2010).
2.5.1 Ratio of Performance to Deviation

The Ratio of Performance to Deviation (RPD) is used in many studies as a quality criterion for
a model (Williams et al., 1987; Malley et al., 2004; Saeys et al., 2005). This parameter is only
linked to the R? coefficient of determination of the model and can therefore be calculated
for calibration, cross-validation, and validation. The RPD most often put forward to
demonstrate the quality and usefulness of a model is the validation RPD (RPDyal). However, it
is essential to note that the RPD.a is very dependent on the validation set chosen. The
chosen limit values of RPD, defining an accurate model, are very different from one field of

study to another (Bellon-Maurel and al., 2010).

This parameter was, thus, calculated for calibration (RPDcal), cross-validation (RPD.), and for
validation (RPDyai), respectively, with the corresponding coefficients of determination R?
calculated according to Eq. 1 for calibration (R%cai), cross-validation (R?w), and for external

validation (R?va).

1
RPD = —— Eq.1
V1= R2

2.5.2 Root Mean Square Error

The Root Mean Square Error (RMSE) was calculated respectively for calibration (RMSEC),

cross-validation (RMSECV), and validation (RMSEP) according to Eq. 2.
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- (9= )
RMSE = Z‘Tyl Eq.2
i=1

With ¥, being the model value predicted from the spectrum of the sample, y; being the

reference value of the sample, and n being the number of samples considered.

2.5.3 Bias

This parameter was calculated for the external validation set following Eq. 3. With ¥, being
the model value predicted from the spectrum of the sample, y; being the reference value of

the sample, and m being the number of samples in the external validation set.

2.5.4 Standard Error of Laboratory

The Standard Error of Laboratory (SEL) was calculated for the Norg, TOC, OM, P and K
reference values with n being the number of samples, and k being the number of

replications (Eq. 4).

The 95% confidence interval of the different analytical methods was calculated following Eq.

5.

IC 95% = +£1.96 * SEL Eq.5

2.5.5 Standard deviation of repeatability
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The standard deviation of repeatability (SDr) of the PLSR model was evaluated by measuring

the variance of the spectral triplicates (Eq. 6).

1
SDr = Nz Variance(triplicate) Eq.6

3. Results and discussion
3.1 Model calibration

The data treatment, which has been applied to the spectra, was the same for the different
models calibrated (1300-2500nm selected, pseudo-absorbance, Savitzky-Golay (derivative: 1,
window: 15, polynomial: 2) and SNV), because it gave the best results in terms of RMSECV
and RPD. The aim of this treatment was to remove as much as possible additive and

multiplicative effects on the spectra caused by photon scattering and measurement noise .

The different PLSR models were calibrated with four to ten latent variables. The b-
coefficients of the regression were not noisy, which suggests a low risk of over-fitting. The
number of latent variables selected for each model was chosen to minimize the RMSECV and

to maximise the RPD. The results are presented in Table 3.

The SDr of the models predicting OM, P, and Norg were lower than the SEL of the reference
method. For the TOC and K models, SDr and SEL were very close. Overall, the prediction of
these chemical parameters by NIR spectroscopy and PLSR modelling resulted in better or

similar repeatability compared to the reference laboratory analyses.

The model predicting the OM of the digestates was calibrated with 10 latent variables and a

presented good quality of calibration with a R? of 0.88. In addition, RPD.a and RPD., were
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very similar, which showed that the calibration base of the model was wide enough. The
RPDcland RPD.y values equal to 2.86 and 2.04 were interpreted as indicators of a satisfying
calibration. The RMSEC and RMSECV were also similar (54.68 and 78.09 gOM.kgDM!) and

close to the SEL of the reference laboratory analysis equal to 26.30 gOM.kgDM2.

The TOC model provided satisfying calibration results with eight latent variables, a R equal
to 0.85, and a RPD., of 2.58. The RMSEC and RMSECV of the model were similar but three
and four times higher than the SEL of the reference laboratory analysis equal to 10.61
gC.kgDML. This result highlighted that the accuracy of the model could be theoretically

improved, but the predictions were already satisfactory.

Table 3: Models’ performances including calibration and validation with an independent data set
oM TOC Norg 3 K
(g OM.kg DM1) (g C.kg DM1) (g N.kg DM1) (g P.kg DM1) (g K.kg DM-1)

Latent Variables 10 8 4 5 5

R2cal 0.88 0.85 0.69 0.71 0.57
RMSEC 54.68 30.92 8.92 4.53 23.80
RPDcal 2.86 2.58 1.79 1.86 1.52
RMSECV 78.09 45.84 11.01 6.21 32.25
RPDcv 2.04 1.78 1.45 1.33 1.11
R2val 0.69 0.82 0.67 0.71 0.41
RMSEP 70.51 34.84 7.55 4.08 29.72
Bias 13.47 -8.55 2.03 0.64 -1.06
RPDval 1.72 2.31 1.63 1.81 1.29
SDr 10.01 10.61 1.57 0.89 6.17
SEL 26.30 10.30 2.66 2.86 6.58

R2.a and R2,q, R2 of calibration and validation dataset ; RPD, ratio of performance to deviation;
RMSEP, RMSEC and RMSECV, roots mean square error of prediction, calibration and cross-validation;
SDr, standard deviation of repeatability ; SEL, standard error of laboratory

For the Norg model, four latent variables were selected, and the calibration gave a R? of 0.69,
a RPDc of 1.79, and a RPD.y of 1.45. The RMSEC and RMSECV were similar (8.92 and 11.01

gN.kgDM?) but four to five times higher than the SEL of the reference laboratory analyse
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equal to 2.66 gN.kgDML. The model was less accurate for high values of Norg. The samples

with high concentrations of Norg Wwere mostly liquid phases of centrifuged digestates.

The P model presented was calibrated with five latent variables selected and provided a R?
of 0.71, a RPD¢a of 1.86, and a RPDy, of 1.33. The RMSEC and RMSECYV are close to the SEL
equal to 2.86 gP.kgDM. Two predictions of the calibration set were negative values, but
they corresponded to digestates with very low P concentrations and predictions remained in

the 95% confidence interval of the reference analyse.

Five latent variables were selected for the model predicting the K content in digestates
resulting in a RPDcy of 1.11 and a RMSECV of 32.25 gK.kgDM almost eight times the SEL
(6.58 gK.kgDM?). The model gave also negative values for low concentrations of K and was

less accurate for high concentrations of K.

3.2 Model validation with independent datasets

The calibrated models were then tested on independent data sets made up of samples
randomly chosen among the whole data set in order to evaluate the models’ robustness.
Between 41% and 27% of the total data set were used for validation depending on the total
number of samples available for each model with the aim of keeping enough samples for the
calibration. This selection method for the validation set enabled us to cover the whole range
of values for the different models as can be seen in Table 2. It can also be considered that

the validation sets contained representative samples of the diversity of digestates.

The validation results are presented in Table 3. All the RMSEP of the models were lower than
the RMSECV, which means that the models were robust, because the calibration results
could be extended over an independent sample set. Furthermore, there was no significant

bias to underline. It can be seen in Figure 1 that 95% and 70% of the validation predictions of
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the P and the OM model, respectively, were inside the 95% confidence interval of the
analytical methods. Validation results were excellent for these two models. With reference
to the Norg and TOC model validation, 55% and 47% of the predictions were within the 95%
confidence interval. This result is certainly less satisfactory compared to the P and OM
models, but it is important to point out that the analytical methods for measuring Norg and
TOC were very repeatable and that, consequently, their SEL were extremely low. Lastly, only

24% of the validation predictions of the K model were inside the 95% confidence interval of

the analytical methods.
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Figure 1: Prediction performances of OM, TOC, N, P and K contents, respectively on the top left,
top right, middle left, middle right and bottom. The red stars represent the prediction of the
independent validation set whereas the green circles represent the estimation of the calibration
set. The green line and the red line represent the regression between reference and predicted
values for the calibration set and validation set respectively. The dashed yellow lines represent the
IC 95% of the analytical method.

3.3 Discussion

The whole data set of digestates used in this study gathered samples from different AD
feedstocks and processes, which had created a large variety of digestate compositions. The
dry matter content of the digestates data set ranged from 1% (liquid phase of centrifuged
digestates) to 80% (composted solid phase of centrifuged digestates). As a result, the
distribution ranges of the chemical parameters predicted by the models presented were
very wide for most of them. The OM content of calibration samples varied between 250 and
879 gOM.kgDM and between 292 and 880 gOM.kgDM* for the validation samples. The
residual organic matter in the dry matter of a digestate depends on substrates
(biodegradability, composition, etc.), the process removal efficiency, and the post-processing
used. It was difficult to find a strong correlation between the type of digestate and its OM
concentration, but it was possible to notice a trend. The samples with the lowest OM
contents have been reported to be mostly raw digestates and the liquid phase of centrifuged
digestates. In contrast, the samples with the highest OM contents were the solid phase of

centrifuged digestates and raw digestates. Except for OM contents between 0 and 250 g
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OM.kgDM ! which did not correspond to any AD digestates, the OM model range covered
the OM contents observed in AD digestates with a homogeneous distribution of the
reference values and with a high density of samples. The TOC content represented also a
wide range of values with a balanced repartition between 163 and 500 gC.kgDM'. Because
OM and TOC contents are correlated, the same digestates were reported for the lowest and
the highest values of both TOC and OM content. Just like the OM content range, no
digestate with a TOC content lower than 163 gC.kgDM was reported. Even though the SEL
of the OM and TOC measurements were low, the RMSEP of the predictions were for both
models acceptable. Therefore, the calibrated PLS models predicting OM content and TOC
contents can be expected to produce satisfying predictions over the whole diversity of AD

digestates.

The models predicting Norg, P, and K were calibrated with only 75, 65, and 62 samples,
respectively (Table 2). The Norg content of the calibration samples varied between 5 and 74
gN.kgDM* and between 13 and 62 gN.kgDM! for the validation samples. The distribution of
the Norg reference values was homogeneous and with an adequate density between 5 to 40
gN.kgDM ! (Figure 2). However, there was a lack of digestates with high Norg content
(between 40 and 80 gN.kgDM?) like digestates produced by AD plants fed with mainly food
wastes or slurry. This was the major reason for the lower prediction accuracy for digestates
with high Norg contents compared to digestates with lower Norg contents. Another reason
could be the residual ammonium present in the freeze-dried samples used for NIR
measurements, which could lead to disturbances for the Norg predictions. Indeed, digestates
with high Norg contents were mainly digestates also containing the most ammonium, and the
absorption areas caused by ammonium molecules (1500-1550 nm and 1950-2050 nm,

respectively) are similar to those produced by organic nitrogen compounds (Charnier et al.,
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2018). Despite the need of digestates with higher Norg content to improve the prediction
accuracy, the RMSEP of the model was less than three times higher than the SEL, which
means that NIR predictions were less precise than the laboratory analyses, but could give a

usable estimation for routine analyses.

The P content of the digestates used in this study varied between 2 and 45 gP.kgDM™. The
repartition was balanced between 2 and 25 gP.kgDM?, but only seven calibration samples
had a P content between 25 and 45 gP.kgDM™ (Figure 2). Digestates with a high P content
came from AD units mostly fed with sewage sludge or agri-food industry waste. These kinds
of samples are under-represented in the calibration base and including them would certainly
improve the model calibration. Nonetheless, the model gave predictions as accurate as the

laboratory analyses; these results are, therefore, very satisfactory.

The distribution of the K reference values was homogeneous between 0.5 and 75 gK.kgDM?,
but there was an important lack of K contents between 75 and 172 gK.kgDM! (Figure 2).
Both, calibration and validation, gave poor results with a RMSEP five times higher than the
SEL. The NIR model predicting the K content will not give results accurate enough for further

use in practice.

NIR models predicting P and K contents in digestates were both based on indirect
correlations due to the lack of absorption zones in NIR wavelengths for these two elements
(Mouazen et al., 2016). However, these two models showed very different results. This
difference could be explained by the fact that P is partly integrated into organic matter,

while K is an element contained only in ionic form in the different organic matrices.

The different models were calibrated using NIR-spectra measured on freeze-dried samples

to avoid water-related disturbances, which implied that predicted parameters must not be



395

396

397

398

399

400

401

402

403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

20

altered by the freeze-drying process. The OM and TOC laboratory analyses were performed
on freeze-dried samples, because there was no risk of organic matter and carbon loss during
the drying process. Indeed, most of volatile organic compounds like volatile fatty acids are
consumed during AD. However, it would have been difficult to predict total nitrogen or
ammonium contents from freeze-dried samples because part of the nitrogen can be lost
during the freeze-drying process due to ammonia volatilization (Morris et al., 2019) and
would no longer be visible on the NIR spectra. For that reason, only Norg Was predicted in this
study. Nevertheless, the determination of ammonium is essential for the assessment of the
agronomic potential of digestates and could be determined with a laboratory method in

addition to the NIR analysis.

Comparing the results of the models calibrated on digestates with those obtained with
models calibrated on other matrices with a similar methodology, several observations can be
made. Charnier et al. (2017) proposed a model predicting total nitrogen from anaerobic
digestion feedstocks with an Ry, (0.77) and RMSEP (8.6 gN.kgDM™!) similar to those
proposed in this study. Gislum et al. (2004) found superior results for the prediction of the
total nitrogen content in two grasses species with specific models for each. In contrast, Ward
et al. (2011) proposed a common model for several meadow grasses and obtained much
poorer results. Due to the low mineral nitrogen content of the matrices used in these three
studies, the authors were able to predict the total nitrogen content instead of the organic
nitrogen content predicted in our study. Concerning the prediction of P and K contents,
Ward et al. (2011) also found lower performances than for the total nitrogen model.
Contrary to our study, the authors obtained more accurate predictions for the K model than
for the P model, which could be explained by stronger indirect correlations with NIR spectra

for the K content than for the P content according to the authors.
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In full-scale AD plants with variable feedstocks (depending on the seasons, the feed-in
contracts established etc.), it is difficult to anticipate the digestates that will be produced.
The results obtained in this study demonstrate the feasibility of using NIR spectroscopy for
the determination of OM, TOC, Norg, and P contents in digestates. The calibration bases still
need to be complemented with other samples to achieve the performance required at
industrial level, but the NIR-PLS method could allow for fast and inexpensive agronomic
characterization of the digestates in line with the needs and opportunities of the AD sector.
It could thus enable more efficient management of digestate spreading in order to fit into a
chemical fertilizer reducing approach and to achieve an agricultural and industrial symbiosis.
This new method would also allow for a more frequent or even systematic characterization
of digestates, making their use in agriculture much more precise and limiting the

environmental impacts that can be caused by an uncontrolled return to the soil.

3.4 Perspectives

The NIR-PLS model prediction method provides many benefits in terms of analysis time and
cost. Indeed, a single NIR spectroscopy analysis can determine several parameters
simultaneously. The most time consuming step is to freeze-dry the samples. This
characterization method can still be optimized by finding a way to remove water-related
disturbances and, thus, performing the NIR measurements directly on fresh samples. This
improvement path is a current research subject and requires first identifying the effects of
water (Mallet et al., 2021) on the NIR signal in order to subtract them afterwards from the
NIR signal. This could also allow the calibration of an ammonium prediction model in
addition to organic nitrogen, as ammonium is at the very heart of spreading strategies

reducing the risk of acidification and eutrophication of natural environments. For instance,
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previous studies, such as Saeys et al. (2005) and Maleki et al. (2006), have demonstrated
that accurate models could be obtained using both NIR and visible spectroscopy for
predicting OM, nitrogen, NHa4, and P on fresh samples. As NIR spectroscopy is becoming a
more and more financially accessible technology (Mouazen et al., 2016), a NIR
characterization method on fresh samples could allow the development of on-line and on-

site sensors.

4. Conclusion

In this study, a data set containing OM, TOC, Norg, P, and K contents of 193 digestates has
been created. The freeze-dried digestates were analyzed with NIR spectroscopy with the aim
of calibrating NIR-PLS models. Cross-validation and validation with an independent data set
were used to evaluate these models. The predictive models showed good prediction
accuracy for the estimation of OM, TOC, and P contents in digestates. The predictions of Norg
were less accurate than laboratory analyses, but usable for some applications. The P and Norg
models should be improved in future developments by adding more samples to the
calibration data set. Finally, calibration of the model predicting the K content was considered
unsuccessful, as it did not produce satisfactory results as it has also been shown in other
studies. This paper proposes the first steps towards an analytical method for the

characterization of the fertilizing value of digestates using NIR spectroscopy.
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Potassium Measured (gK.kgDM~1)
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