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A B S T R A C T

The increased amounts of manure have become an issue of environmental management due to the rapid growth
of livestock industry. This study quantified the pyrolytic performance and gaseous products of cattle manure
using (derivative) thermogravimetric ((D)TG), Fourier transform infrared spectrometry (FTIR) and pyrolysis–gas
chromatography and mass spectrometry (Py-GC/MS) analyses. The pyrolysis process of cattle manure was de-
termined to occur in three stages, with the main reaction in the range of 161–600 °C. The N2 atmosphere was
found to be more favorable for the release of volatiles according to a higher comprehensive pyrolysis index in the
range of 30−600 °C. The lower activation energies were shown to be required in the CO2 than N2 atmosphere.
Random forests algorithm outperformed multiple linear regression, gradient boosting machine, and artificial
neural networks for the prediction of mass loss due to the cattle manure pyrolysis. The main gaseous products
were CO2, phenol (23.23%), and furans (12.98%). The theoretical and practical guidance for the energy and
resource utilization of cattle manure was provided by this study.

1. Introduction

The large-scale and intensive growth of livestock industry generates
manure in large quantities beyond the assimilation capacity of soils [1].
Excessive amounts of cattle manure have led to the transmission of
pathogens, and soil, water and air pollution [2]. Generating energy
from biowaste serves to meet the multiple objectives of reducing the
heavy reliance on fossil fuels, environmental pollution and energy costs
as well as promoting the development of locally adaptive energy solu-
tions [3,4]. High-tech processes of thermochemical conversion of bio-
waste mainly include combustion, pyrolysis, and gasification as part of
pyrolysis [1]. The combustion of cattle manure was reported to gen-
erate a large amount of air pollutants including ultrafine particulate
matters (589 ± 169.9 and 43.2 ± 12.9mg/kg at heat fluxes of 25 and
50 kW/m3) and toxic volatile organic compounds with severe health
effects [5]. Pyrolysis is the process of the degradation of biowaste by
heat in the N2 atmosphere with no oxygen in order to obtain solid
(char), liquid (bio-oil) and gaseous products [6]. Char can be used in
soil amendment and as activated carbon, while gas and liquid products

can be used as a biofuel for power generation [7].
Yuan et al. [7] found that some kinetic and thermodynamic para-

meters of the cattle manure pyrolysis involved a complicated process of
multiple-step reactions. Cao et al. [8] established the DAEM model for
the cattle manure pyrolysis and characterized 27 dominant reactions.
Chen et al. [9] determined the power law (P3) as the appropriate re-
action mechanism of the cattle manure pyrolysis by using the master-
plots method. Cao et al. [1] compared the accuracy of the two modeling
approaches of artificial neural network (ANN) and support vector ma-
chine in the prediction of biochar yield as a result of the cattle manure
pyrolysis. Thus far, there has been no study about the characterization
and analysis of gaseous products from the pyrolysis of cattle manure
and the comparative effect of different atmosphere types on the thermal
performance. It should be noted that the pyrolysis process needs an
external heat source to promote the reaction. As a solution to the en-
ergy-intensive limitation to pyrolysis, the technology of enhancing the
thermal efficiency of pyrolysis has been adopted recently. Although
CO2 was considered to be an inert gas media in a low temperature range
by some studies [10,11], a higher thermal efficiency was shown to
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occur in the CO2 than N2 atmosphere for the pyrolysis of coal, biomass,
and sludge [12–14]. Zhu et al. [15] concluded that the CO2 atmosphere
promoted the formation of char in the range of 500–600 °C but had an
opposite effect in the range of 700–800 °C when compared to the N2

atmosphere. Duan et al. [16] pointed out that CO2 improved both rate
and yield of volatiles emission from the coal pyrolysis. The develop-
ment of carbon capture and separation technologies also enables CO2 to
be reused from the thermochemical conversion process [17]. CO2 as the
main emission product of the power plants is a reaction medium which
can be used to achieve an environmentally benign cycle of carbon.
Therefore, the performance comparison of the cattle manure pyrolysis
in the N2 and CO2 atmospheres based on the kinetic and thermo-
dynamic analyses is helpful to provide the guidance for the selection of
a pyrolysis atmosphere.

Different kinetic methods such as Flynn-Wall-Ozawa (FWO),
Friedman, and Starink have been adopted to estimate kinetic and
thermodynamic parameters about the applicability of the biowaste
pyrolysis since they are essential to a better understanding and design
of the thermochemical conversion processes and products [6,8,9]. TG-
FTIR has been widely used to investigate the release of volatiles from
the biomass pyrolysis [18]. Today’s fast and sensitive FTIR detectors are
able to accurately identify the major gaseous products of the pyrolysis
process, and their release temperature ranges. However, it should be
noted that TG-FTIR can only detect the products with a low-boiling
temperature and determine the type of a compound rather than a
substance [19]. Py-GC/MS effectively serves to detect pyrolytic vola-
tiles in real-time since these products are instantly separated through
the chromatography column which minimizes secondary reactions
[20]. However, the Py-GC/MS results do not suffice to characterize the
compounds with the same mass-to-charge ratio (m/z), thus making it
difficult to identify molecular structures precisely [21]. The combina-
tion of Py-GC/MS and TG-FTIR has been shown to lead to a more
precise judgment about the evolved pyrolytic gases [22]. (D)TG data
provide the basis of such estimations and characterizations [23]. Ma-
chine learning has not been applied to predict (D)TG responses such as
mass loss, and decomposition rate. Machine-learning algorithms such as

gradient boosting machine (GBM), and random forests (RF) are based
on training by examples of known input-output relationships in a pro-
gressive and adaptive manner. These algorithmic models have been
proven to be superior in handling non-linear relationships, categorical
variables, high-dimensional data, missing values, outliers, and noise
[24]. Multiple linear regression (MLR), and ANN have been used to
predict mass loss as a function of temperature, and heating rate [25],
biomass combustion and pyrolysis, kinetic parameters, and biochar
yield [1,26–28].

Therefore, the objectives of this study were to (1) characterize the
pyrolysis behaviors and gaseous products of cattle manure in response
to the N2 and CO2 atmospheres using TG, TG-FTIR and Py-GC/MS
analyses; and (2) predict mass loss using MLR, ANN, GBM, and RF.

2. Materials and methods

2.1. Materials

Cattle manure samples were collected from a farm in Foshan of the
Guangdong province of China. During the sampling process, the visible
impurities such as leaves, sand, grass, and hair were manually removed
carefully. The samples were dried naturally in the air for 24 h and then
put into an oven at 105 °C for 24 h to ensure the further moisture re-
moval. The samples were crushed and sieved into particles with the size
of 200 mesh to further remove the large particles and kept in a closed
container for experiments.

2.2. Analytical techniques

Proximate analysis was performed to determine moisture (M) and
ash (A) contents, and volatiles matter (VM) according to the standard
protocols for solid biofuels of China (GB/T 28731-2012). Fixed carbon
(FC) was estimated thus: FC=100− (M+A+VM). Ultimate analysis
was carried out to estimate the contents of carbon (C), hydrogen (H),
sulphur (S), nitrogen (N), and oxygen (O, calculated by difference)
using an elemental analyzer (vario EL cube by Elementar), as was

Nomenclature

Symbols/abbreviations

α conversion rate
β heating rate (°C/min)
Ea activation energy (kJ/mol)
A pre-exponential factor (s−1)
ΔH enthalpy change (kJ/mol)
ΔG free Gibbs energy change (kJ/mol)
ΔS entropy change (J/mol)
R2 coefficient of determination
Re residual sample percentage (%)
Tp peak temperature (°C)
Tb burn-out temperature (°C)

−Rp maximum mass loss rate (%/min)
Ti initial release temperature of volatilization (°C)
Tp temperature of maximum mass loss rate (°C)
CPI comprehensive pyrolysis index (%2/(min2·°C3))
RMSE root mean squared error
AICc corrected Akaike’s information criteria
R2
adj adjusted coefficient of determination

R2
pred predictive coefficient of determination

HR heating rate (°C/min)
ATM atmosphere type
temp temperature (°C)
RM remaining mass (%)
RT retention time (min)
PA peak area (%)

Table 1
Proximate and ultimate analyses of cattle and other livestock manure on an air-dried basis.

Pretreatment Ultimate analysis (wt%) Proximate analysis (wt%)

Drying Sieve Sieving C H O N S M V A FC

CM 105 °C, 24 h 200 mesh 37.64 5.26 24.51 1.63 0.23 8.66 57.86 22.07 11.41
GM 60 °C, several day 100 mesh 38.29 5.40 19.08 2.18 0.04 6.00 58.90 29.01 12.09
SW 5 h in an oven 150–200mm 45.00 6.40 31.86 1.90 0.71 4.41 66.30 9.72 19.57
HM 120 °C, 24 h 2mm 43.30 5.90 30.40 0.90 0.80 8.20 70.40 10.50 11.00

CM, GM, SW and HM: cattle, goat, swine and horse manure, respectively. O (wt%)= 100%− C−H−N− S−M−A; Sources of CM: Guangdong, China [29]; GM:
Hunan, China [46]; SW: Québec, Canada [47]; and HM: Malaysia [48].
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described in our previous study [29]. All results are presented in
Table 1.

2.3. Pyrolysis tests

The pyrolysis tests were performed using a TG analyzer (NETZSCH
STA 409 PC Luxx, Germany) in the N2 and CO2 atmospheres.
6 ± 0.5 mg of cattle manure were placed in the alumina crucible and
heated from room temperature to 1100 °C at the four heating rates of 5,
10, 20 and 40 °C/min at a gas flow rate of 50mL/min. The blank tests
were conducted to obtain the baseline to eliminate the effects of
buoyancy caused by the thermal expansion of the purge gas.
Measurements of randomly selected samples in the same batch were
replicated in three times to ensure the repeatability.

TG-FTIR analysis was conducted using a TG analyzer system
(NETZSCH STA 409 PC Luxx, Germany) coupled with a FTIR spectro-
meter (TENSOR 27 FTIR, Germany). The N2 atmosphere was used as the
agent gas at a flowing rate of 50mL/min. All the samples were kept at
the same weight of 6 ± 0.5mg to reduce heat transfer limitation and
heated from 30 to 1100 °C at the heating rate of 20 °C/min. The evolved
gases from the TG analyzer were transferred into the FTIR spectrometer
by a transfer line, which was heated to 230 °C to avoid the condensation
of the volatiles. Volatiles released were detected online in the spectral
range of 4000 to 600 cm−1. FTIR analysis was carried out at a resolu-
tion of 4 cm−1 with 8 scans per sampling. The test data were analyzed
using the OMNIC software (Thermo Electron, USA). To eliminate the
background signal, the blank experiments were carried out before the
loading of the samples.

Py-GC/MS analysis was conducted using Frontier Lab PY-2020id as
a pyrolysis reactor. Approximately 1mg sample was cracked at 600 °C
for 24 s. The temperatures of the transfer line and the inlet of the
chromatography column were set to 300 °C to prevent the condensation
of the products. The chromatography separation of the gaseous pro-
ducts was achieved using an HP-5MS capillary column
(30m×0.32mm×0.25 μm). Its temperature program was set to 40 °C
isothermal for 2min, 8 °C/min from 40 to 300 °C and 300 °C isothermal
for 10min. Pure helium (He) was used as the carrier gas at a flow rate of
1.2 mL/min with a 1:15 split ratio. The mass spectra were operated in
electron ionization (EI) mode at 70 eV. The compounds can be de-
termined using the characterized GC/MS spectrums according to the
database of NIST library and previous reports.

2.4. Kinetic models

The devolatilization process of biomass was assumed as a single
reaction:

Biomass→Volatiles+Char
The rate of the solid-state transformation can be described thus:

=dα
dt

k T f α( ) ( )
(1)

where t is reaction time; k(T) is reaction rate constant; f(α) is the re-
action model; and α is conversion degree that can be expressed thus:

= −
−

×α m m
m m

100%t

f

0

0 (2)

where m0, mt and mf are initial, instantaneous and final sample
masses, respectively.Combining the Arrhenius function with the rate
expression in Eq. (1), the following function can be obtained:

= ⎛
⎝

− ⎞
⎠

dα
dt

Aexp E
RT

f α( )a

(3)

where R is the gas constant; A is the pre-exponential factor; T is the
absolute temperature; and Ea is the apparent activation energy.

The TG experiment was conducted with a linear heating program
for which heating rate (β) can be expressed thus:

=β dT
dt (4)

Eq. (5) was obtained combining Eqs. (3) and (4):

= ⎛
⎝

− ⎞
⎠

dα
dT

A
β

exp E
RT

f α( )a

(5)

2.4.1. Flynn-Wall-Ozawa (FWO)
The FWO method [30,31], an integration method derived from the

Doyle’s approximation, assumes that the activation energy changes
with conversion during the degradation process and is based on the
following equation [23]:

⎜ ⎟= ⎛
⎝

⎞
⎠

− −logβ log AE
Rg α

E
RT( )

2.315 0.4567a a

(6)

where g(α) reflects reaction mechanism, and therefore, can be
considered a constant with a given conversion degree. The slopes of the
1/T versus logβ plots were used to estimate Ea values. Also, the ther-
modynamic parameters of enthalpy (ΔH), free Gibbs energy (ΔG) and
entropy changes (ΔS) were calculated as follows:

= −H E RTΔ a (7)

= + ∙ ∙ ⎛
⎝

∙
∙

⎞
⎠

G E R T ln k T
h A

Δ m
B m

a (8)

= −S H G
T

Δ Δ Δ
m (9)

where kB is the Boltzmann constant (1.381×10−23 J/K); h is the Plank
constant (6.626×10−34 J∙s); Tm is peak temperature, and T is tem-
perature at a given conversion degree (α).

2.4.2. Friedman
The Friedman method [32] as one of the simplest and most common

iso-conversional methods is based on the natural logarithm of both
sides of Eq. (3):

= −ln dα
dt

ln f α A E
RT

[ ( ) ] a
(10)

Ea can be derived from the slope of a linear relationship plotting lndα
dt

against 1/T for each α.

2.4.3. Starink
The Starink method is considered to be more accurate in the esti-

mation of Ea than did the Kissinger method and expressed as follows
[33]:

⎛
⎝

⎞
⎠

= −ln
β

T
Const E

RT
1.00081.92

a

(11)

The slope of ⎜ ⎟
⎛
⎝

⎞
⎠

ln β
T1.92 versus 1/T data of different heating rates was

used to obtain Ea values.

2.5. Pyrolysis characteristics

The pyrolysis performance was quantified using the following six
characteristic parameters: (1) initial devolatilisation temperature (Ti),
(2) peak temperature (Tp), (3) maximum pyrolysis rate (−Rp), (4)
average weight loss rate (−Rm), (5) residual mass at the end of the
reaction (Re), and (6) comprehensive pyrolysis index (CPI):

=
− × ×

× ×
∞

CPI
R R m

T T T
( )

Δ
p m

i p 1 2 (12)

where m∞ is weight loss; m∞=1−mf; and ΔT1/2 is the temperature
interval when R/Rp=1/2. The higher CPI values reflect a better pyr-
olysis performance.
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2.6. ANN model

According to the atmosphere type (N2 versus CO2), the entire da-
taset was partitioned. The response of remaining mass (RM) (20–100%)
was predicted for each atmosphere as a function of temperature
(30–1100 °C), and the four heating rates (5, 10, 20 and 40 °C/min).
Predictors were normalized before ANN modeling. Training (80%) and
testing (20%) datasets were randomly separated for ANN models. The
multilayer perceptron (MLP), a feedforward ANN, was used to capture
the non-linear relationship between the input and output signals [34].
As shown in Fig. 1, the MLP model used consisted of one input layer,
two hidden layers, and one output layer. In the hidden layers, ReLU
function was set to the activation function since the mathematical
characteristics of the ReLU function can alleviate the overfitting in the
process of training [35,36]. Assuming that the parameter matrix of the
two hidden layers is Wh1 ∈ R2×hidden_size, bh1 ∈ Rhidden_size and
Wh2 ∈ Rhidden_size×hidden_size, bh2 ∈ Rhidden_size, that of the output layer is
W0 ∈ Rhidden_size×1, bo ∈ R1, and that of the input layer is X ∈ Rm×1, the
model can be expressed as follows:

= + + +Y W ReLU W ReLU W X b b b·( ( ·( ( · )) ))o h h h h o2 1 1 2 (13)

where m is batch-size of the input parameter; and hidden_size is the size
of the hidden layer.

During the model training, the model parameters were initialized
randomly at first, and a batch input was passed in each time to predict
the output of the model based on the current parameters. Then, the loss
was calculated according to the real label and the loss function, which
accounts for the distance between the predicted label and the real label.
The model objective was to minimize this distance. The loss function of
the model was determined using mean square error (MSE). After cal-
culating the loss, the gradient descent algorithm was employed to up-
date the parameters according to a certain learning rate, which makes
the model produce less loss with the same input parameters after the
updating. The parameters were updated iteratively to make the model
reach the optimal state. This model uses the RMSProp optimization
algorithm [37], an improved gradient descent algorithm. It calculates
the parameter gradient through the Backpropagation algorithm [38]
and adjusts the learning rate adaptively to update the model para-
meters. The MLP model was trained with the classical deep learning
framework using TensorFlow 1.8 in Python programming language.

2.7. Machine learning

The response of RM was modeled considering the three predictors of
temperature (temp), heating rate (HR), and atmosphere type (ATM).
The issue of multicollinearity was checked using the Pearson’s corre-
lation matrix. The atmosphere type was a nominal variable with the
two levels of CO2 and N2 coded as 1 and 2, respectively, while HR had
the four levels of 5, 10, 20 and 40 °C/min. GBM builds an ensemble of
weak decision trees as the base learner in an iterative and sequential
way to boost the performance of each ensemble member relative to its
predecessor based on the gradual minimization of random errors (re-
siduals), and random sampling without replacement [39]. However, RF
constructs a collection of strong independent decision trees grown
without pruning based on bootstrapping (random sampling with re-
placement) [40]. Bootstrapping generates randomness in both rows and
columns of training data as well as out-of-bag (OOB) data, a certain
fraction of left-out samples, based on which training performance was
internally assessed.

In the present study, the loss function of least absolute deviation,
the learning rate of 0.1, MSE optimality criterion, the number of trees to
ensemble of 200 with the maximum nodes per tree of 6 and the max-
imal tree depth of 100,000, and the ensemble method of boosting were
used for GBMs. The number of trees to ensemble of 200, the minimum
non-terminal node size of 10, the proximity depth of 10,000, the
number of predictors tested at each node of 3, and the ensemble method

of bootstrapping were used for RFs with the maximum terminal nodes
of 13,223 for the response. 20% (17,240) of the entire data was selected
randomly and used to compare the validation performances of MLR,
GBM, and RF although internal validations through boosting and OOB
are provided for GBM, and RF, respectively. The following three per-
formance metrics of root mean squared error (RMSE), coefficient of
determination (R2), and corrected Akaike's Information Criteria (AICc)
were used to evaluate these models:

=
∑ −=RMSE

(X X )
n

i 1
n

exp pre
2

(14)

= ⎛
⎝

× ⎞
⎠

+ × × +
− −

n ln
n

k k
n k

AIC SS 2 ( 1)
1c (15)

where n is the number of observations; yt and ̂yt are observed and
predicted values, respectively; k is the number of estimated parameters
in the model; and SS is the sum-of-squares. MLR, GBM and RF models
were built using Salford Predictive Modeler version 8.3.

3. Results and discussion

3.1. Proximate and ultimate analyses

Proximate and ultimate analyses of cattle, goat, swine and horse
manure are presented in Table 1. Biomass with a low moisture content
(< 10wt%) can reduce waste heat during the pyrolysis process [41].
The moisture content (8.66 wt%) of cattle manure confirmed its suit-
ability for pyrolysis. The higher ash content (22.07 wt%) of cattle than
swine and horse manure indicated its greater residue potential if treated
through the combustion, thus pointing to pyrolysis as the treatment
technology in order to avoid the difficulty of the further treatment of
residues. The energy amount stored in carbon-carbon bonds is mainly
represented by the fixed carbon content [23]. Cattle manure with the
second lowest fixed carbon content (11.41 wt%) showed the inapplic-
ability of its combustion for energy generation. Though having the
second lowest N and S contents among the above livestock manure, the
cattle manure still had a higher N content than did the common kinds of
coal [42–44]. Therefore, the control over NOx emissions should be the
focus of the practical applications. Due to the main components of
cellulose and lignin (19.33 ± 0.7 wt% and 19.78 ± 1.0 wt% by Van
Soest method [45], respectively) of cattle manure, phenols, and furans
are expected to be its main pyrolysis products.

Fig. 1. Architecture of MLP model used (Temperature: Temp, Heating rate: HR,
Remaining mass: RM).
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3.2. TG-DTG curves analysis

The trends of the (D)TG curves in the two atmospheres were similar
in the range of 30–600 °C but different in the range of 600–1100 °C
(Fig. 2). In both atmospheres, there were three peaks and one shoulder
peak for the DTG curve, while the position of each peak shifted to a
higher temperature zone with the increased heating rate. Since bio-
waste acts as a poor conductor of heat [49], the lower heating rates
provided sufficient time for thermochemical reactions to make the in-
ternal and external surfaces of cattle manure converge at the same
temperature at a given time, and thus, enabled its surface and interior
to be decomposed simultaneously. On the contrary, the higher heating
rates was unable to make the internal temperature to reach the de-
composition temperature, thus lagging the reactions and shifting the
(D)TG curves to higher temperature regions.

According to the peak temperature, the pyrolysis can be divided into
two stages in the range of 30–600 °C. The same trends of the DTG curves
of the two atmospheres indicated that CO2 acted as an inert atmosphere
in the same way as N2 acted in the low temperature (< 600 °C) [16].
Stage 1 (30–161 °C) included the precipitation of bond and free water,
and the degradation of light organic compounds, with the weight losses
of 5.46–5.55% in the N2 atmosphere and 5.35–5.84% in the CO2 at-
mosphere. Stage 2 (161–600 °C) belonged to devolatilization in which
high molecular weight compounds were decomposed into smaller mo-
lecular weight ones. The main peaks of the second stage contained two
small peaks, with the corresponding temperatures of 289.7–321.7 °C
and 332.1–366.7 °C in the N2 atmosphere and of 286.4–326.1 °C and
331.2–371.2 °C in the CO2 atmosphere. This may be attributed to the
high lignin content of cattle manure.

Lignin is located between cellulose and microfibers and covalently
linked with hemicellulose and cross-linked with polysaccharide. The
higher lignin content of cattle manure not only slowed down the pyr-
olysis rate, but also led to the separation of hemicellulose and cellulose.
According to the peak temperature, the first acromion mainly corre-
sponded to the pyrolysis of hemicellulose, while the second peak cor-
responded to the pyrolysis of cellulose. There was a flat shoulder behind
the main peak due to the pyrolysis of the remaining lignin. The tem-
perature rise rendered the reactions of cattle manure in the N2 and CO2

atmospheres quite different. In the N2 atmosphere, cattle manure still
continued to lose weight at above 600 °C although its rate was slow and
relatively stable. This was attributed mainly to the thermal decom-
position of minerals and calcium carbonate [50]. In the CO2 atmo-
sphere, the excessive CO2 inhibited the decomposition of CaCO3 [10].
In the CO2 atmosphere, the char gasification plays an important role at
this stage and is responsible for the main mass loss. The DTG curve
showed an obvious peak between 665 ± 35 and 970 ± 40 °C. Since
the Boudouard reaction (C+CO2=2CO) is thermodynamically fa-
vorable at above 720 °C [51], the mass loss in the range of 600–720 °C
in the CO2 atmosphere should be explained by another reaction me-
chanism. Choi et al. [52] found that CO2 acted as an oxygen donor of C
to promote the formation of CO in the range of 550–660 °C in the
pyrolysis process. By the studies about the biomass pyrolysis [53,54],
the effect of CO2 was found to apply to most carbonaceous materials
[52]. Thus, the mass loss of cattle manure in the third stage in the CO2

atmosphere appeared to stem from not only the Boudouard reaction but
also the influence of CO2 on the formation of CO.

3.3. Pyrolysis characteristic parameters

For each atmosphere, Ti increased with the increased heating rate
(Table 2). The initial volatilization temperature varied between 257.7
and 285.1 °C in the CO2 atmosphere and between 257.0 and 280.9 °C in
the N2 atmosphere. This was consistent with the thermal decomposition
temperature of hemicellulose. Under the maximum pyrolysis rate, the
corresponding increase in Tp with the elevated heating rate was because
the heat and mass transfers of the sample were affected, and some parts

of the products had no time to volatilize, leading to thermal hysteresis
[23]. The decrease in Tp with the heating rate of 40 °C/min appeared to
result from the insufficient reaction time and product volatilization.
This was the driving force that enhanced the mass and heat transfers
between particles in the sample to overcome the related resistances.

The increase in maximum volatile release rate (−Rp) as the max-
imum rate of the pyrolysis process with the raised heating rate in-
dicated that higher heating rate was conducive to the pyrolysis.
According to the R2 values of 0.998 and 0.997 in the CO2 and N2 at-
mospheres, respectively, a significant linear relationship existed be-
tween −Rp and β. The slightly higher −Rp value in the N2 than CO2

atmosphere indicated a slight inhibition effect of CO2 on the volatiles
emission [15]. The inhibition effect led to a lower char yield in the N2

(39–41%) than CO2 (41–42%) atmosphere at 600 °C. The difference of
the (D)TG curves in the CO2 and N2 atmospheres at above 600 °C sug-
gested that the reactions depended on the atmosphere type.

At the end of the experiment (1100 °C), the residual mass range in
the CO2 atmosphere of 23 to 24% was close to the ash content (22.07%)
indicating the completion of the reaction. The residual mass (at
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Fig. 2. (D)TG curves of cattle manure pyrolysis in (a) N2 and (b) CO2 atmo-
spheres at four heating rates.
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1100 °C) in the N2 atmosphere ranged from 22.91 to 34.30% suggesting
that the difference in the residual mass with the different heating rates
was mainly caused by thermal hysteresis. The finial char yield was
higher in the N2 than CO2 atmosphere (except for β= 5 °C/min). The
reason may be the fact that CO2 enhanced the forming of CO [52]. It
may also react directly with char according to the Boudouard reaction
[55]. However, the similar residual masses in both atmospheres when
β= 5 °C/min may occur as the lower heating rate enables the decom-
position to proceed more thoroughly. In both atmospheres, the com-
prehensive pyrolysis index (CPI) rose significantly with the increased
heating rate, thus indicating that the increased heating rate was bene-
ficial to the pyrolysis. The comprehensive volatile release index at
below 600 °C in the CO2 and N2 atmospheres (CPI600) was 1.08 to 1.14
and 1.13 to 1.55 times that of the reactions in the entire process, re-
spectively. The higher CPI600 in the N2 than CO2 atmosphere at the
same heating rate showed that volatiles were easier to release in the N2

atmosphere. In other words, it was more conducive to the pyrolysis of
cattle manure at below 600 °C. The total CPI of the CO2 atmosphere was
higher than that of the N2 atmosphere (except for β= 5 °C/min) since
the pyrolysis was more vigorous in the CO2 than N2 atmosphere in the
range of 600 to 1100 °C.

3.4. Kinetic and thermodynamic analyses

3.4.1. Activation energy
The pyrolysis of cattle manure in the N2 and CO2 atmospheres can

be divided into three stages (Fig. 2). The reactions in both atmospheres
were basically the same in stages 1 and 2 but differed in stage 3. Stages
1 and 2 converged into one temperature range (30 to 600 °C), while
stage 3 occurred in the range of 600–1100 °C. Changes in the activation
energy estimates by the FWO, Friedman and Starink methods with the
conversion rate (α) of 0.15 to 0.75 are shown for both atmospheres in
Fig. 3.

For the same atmosphere, Ea estimate was higher by the Friedman
than Starink and FWO methods (Fig. 3). The decomposition of hemi-
cellulose and cellulose occurred with the α ranges of 0.15–0.3 and
0.35–0.75, respectively, while lignin decomposed in both ranges at the
same time. The activation energy showed a W-shaped trend with the
increased α between 30 and 600 °C. The activation energy of the
hemicellulose decomposition was lower than that of the cellulose de-
composition [56], as is shown in Fig. 3. The difference in the average Ea
value between the two stages was 12–31 kJ/mol. When hemicellulose
was decomposed to a certain extent (α > 0.25), the Ea value began to
increase, thus causing the decomposition of hemicellulose to overcome
a higher energy barrier [57]. During the pyrolysis, cellulose was shown
to first produce intermediate active cellulose [58]. Since the active
cellulose was lower in molecular weight and required lower energy for

decomposition, Ea decreased when α ranged from 0.5 to 0.65. When
α > 0.6, the main reactant became recalcitrant lignin which in turn led
to a sharp increase in Ea [59].

In both atmospheres, the R2 values for the Ea estimates between 30
and 600 °C by the three methods were all greater than 0.97 with α of
0.15 to 0.75 (Table 3). The mean R2 value was higher in the N2 (0.996)
than CO2 (0.984) atmosphere. The R2 values declined sharply when
α > 0.75, ranged from 0.53 to 0.59 at α=0.9 in the N2 atmosphere
and was less than 0.1 in the CO2 atmosphere. Therefore, the data when
α > 0.75 were not analyzed in this study.

The lower average Ea in the CO2 than N2 atmosphere in the range of
30–600 °C indicated the lower energy barrier to be overcome in the CO2

atmosphere. In the range of 600–1100 °C, the R2 value for Ea estimate
was higher by the Friedman than the other methods in the CO2 atmo-
sphere, unlike the results for the range of 30–600 °C. The R2 value for Ea
estimates by the three methods in the N2 atmosphere decreased with
the increased conversion rate from 0.959 to 0.001.

3.4.2. Thermodynamic parameters
Since the estimates of ΔH, ΔG and ΔS in the N2 and CO2 atmospheres

were derived from the Ea values, the temperatures were divided into the
following three sections: the N2 (30 to 600 °C) and CO2 atmospheres (30
to 600 °C; 600 to 1100 °C). Fig. 4a shows the changes in ΔH, ΔG and ΔS
at the different heating rates in the N2 atmosphere between 30 and
600 °C.

According to Fig. 4a, the influence of heating rate on ΔH was not
significant in the N2 atmosphere (30–600 °C). The ΔG and ΔS estimates
were similar at 5, 10 and 20 °C/min, but significantly different at 40 °C/
min. The difference also existed in the CO2 atmosphere (30–600 °C;
600–1100 °C). The values of ΔG and ΔS mainly depended on the peak
temperature (Tm) which was in turn easily affected by the heat transfer
resistance due to the high heating rate. Since the lower heating rate
better reflected the actual pyrolysis condition, the lowest heating rate
(5 °C/min) was selected for the subsequent analysis (Fig. 4b to d).

ΔH is the energy exchange between reactants and activated complex
during a chemical reaction [60]. The lower average ΔH in the CO2 than
N2 atmosphere between 30 and 600 °C showed that the heat absorption
of the reaction was smaller in the CO2 than N2 atmosphere (Fig. 4b).
The smaller average ΔH in the range of 600–1100 °C than 30–600 °C in
the CO2 atmosphere indicated the smaller heat absorption of the third
stage than the main pyrolysis stage. The increase in ΔH with the in-
creased conversion rate between 600 and 1100 °C showed that the heat
absorption was enhanced with the third stage of pyrolysis in CO2.

ΔG reflects the change of total energy of the system during the

Table 2
Pyrolysis characteristic parameters of cattle manure in N2 and CO2 atmo-
spheres.

β Ti Tp −Rp −Re
600 Re CPI600 CPI

CO2 5 254.7 331.2 2.04 41.56 23.23 0.08 0.07
10 264.1 346.3 4.06 41.97 23.82 0.27 0.25
20 273.0 358.5 8.28 41.64 23.32 1.04 0.95
40 285.1 326.1 17.06 41.67 23.54 4.53 4.08

N2 5 257.0 332.1 2.17 39.54 22.91 0.09 0.08
10 263.7 343.9 4.20 40.52 28.82 0.30 0.23
20 270.1 356.0 8.56 40.07 31.97 1.16 0.80
40 280.9 321.7 17.59 40.32 34.30 5.07 3.27

β: heating rate in °C/min; Ti: initial release temperature of volatilization in °C;
Tp: temperature of maximum mass loss rate in °C;−Rp: maximum mass loss rate
in %/min; Re

600: residual percentage of sample at 600 °C in %; Re: residual
percentage of sample at the end of the experiment in %; CPI600: comprehensive
pyrolysis index at 600 °C in 10−6%2/(min2·°C3); CPI: comprehensive pyrolysis
index in 10−6%2/(min2·°C3).

0.2 0.3 0.4 0.5 0.6 0.7

180

200

220

240

260

280

300

E a
(k

J/
m

ol
)

 Starink-N2

 FWO-N2

 Friedman-N2

 Starink-CO2

 FWO-CO2

 Friedman-CO2

Fig. 3. Changes in activation energy (< 600 °C) in N2 and CO2 atmospheres as a
function of conversion rate.

J. Zhang, et al. Energy Conversion and Management 195 (2019) 346–359

351



formation of activated complex [61]. Between 30 and 600 °C, the ΔG
values were similar in both atmospheres regardless of α (Fig. 4c). The
higher ΔG value was found to be unfavorable to the reaction [60]. The
higher ΔG value in the range of 600–1100 °C than 30–600 °C in the CO2

atmosphere indicated that the main stage of the cattle manure pyrolysis
occurred more easily.

ΔS reflects the degree to which the system approaches thermo-
dynamic equilibrium [22]. Low ΔS value means that the sample
reached thermodynamic equilibrium through some physical or che-
mical aging process during which the system reactivity is low [62].
Between 30 and 600 °C, the variation of ΔS was similar in both atmo-
spheres, with the higher average ΔS in the N2 atmosphere (Fig. 4d).
Between 600 and 1100 °C in the CO2 atmosphere, the negative ΔS
suggested that the disorder degree of the products was lower than that
of the reactants [62].

3.5. Data-driven models

The ANN model was built for each atmosphere using a multi-layer
perceptron (MLP) model with two input neurons, two hidden layers
with 32 hidden neurons in each layer, and one output neuron. In the
training process, 1024 samples are inputted into the MLP model as a
batch at a time. The parameters of the model were updated according to
the loss function through the RMSProp optimization algorithm at the
learning rates of 0.001 for both atmospheres. The errors between the
output and experimental values were shown in Fig. 5. More than 90% of
the errors were concentrated in the range of−0.5 to 0.5. The maximum
error was in the range of 1.1 to 1.2 in the N2 atmosphere and of 1 to 1.1

Table 3
Average activation energy estimates by three methods in N2 and CO2 atmo-
spheres.

Method Ea (kJ/mol) R2

N2 (< 600 °C) FWO 209.82 0.996
Friedman 235.50 0.995
Starink 211.09 0.996
Average 218.80 0.996

CO2 (< 600 °C) FWO 202.36 0.990
Friedman 212.20 0.974
Starink 192.72 0.989
Average 202.43 0.984

CO2 (600–1100 °C) FWO 204.40 0.986
Friedman 198.80 0.992
Starink 186.93 0.983
Average 196.52 0.987

N2 (600–1100 °C) DEAM – 0.928–0.001
FWO – 0.926–0.001
Friedman – 0.959–0.001
Average – 0.514

0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75

180

200

220

240

H
 (k

J/
m

ol
)

 N2 (30-600 C)            Average N2 (30-600 C)
 CO2 (30-600 C)         Average CO2 (30-600 C)
 CO2 (600-1100 C)     Average CO2 (600-1100 C)

(b)

0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75
0

50

100

150

200

250

300

350

400

450
(c)

G
 (k

J/
m

ol
)

 N2 (30-600 C)             Average N2 (30-600 C)
 CO2 (30-600 C)          Average CO2 (30-600 C)
 CO2 (600-1100 C)      Average CO2 (600-1100 C)

0.15 0.20 0.25 0.30 0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75
-150

-100

-50

0

50

100

150

200
(d)

S 
(J

/m
ol

)

 N2 (30-600 C)            Average N2 (30-600 C)
 CO2 (30-600 C)         Average CO2 (30-600 C)
 CO2 (600-1100 C)     Average CO2 (600-1100 C)

0402015
200

201

202

203

204

205

206

H (kJ/mol)
G (kJ/mol)
S (J/mol)

Heating rate ( C/min)

(a)

130

140

150

160

170

180

50

100

150

200

250

300

350

400

Fig.4. (a) Comparison of thermodynamic parameters at different heating rates in N2 (30–600 °C); thermodynamic parameters for N2 and CO2 atmospheres; and (b)
enthalpy (ΔH); (c) Gibbs free energy (ΔG) and (d) entropy changes (ΔS).

J. Zhang, et al. Energy Conversion and Management 195 (2019) 346–359

352



in the CO2 atmosphere. The RMSE values were lower than 0.82 in both
atmospheres (Table 4).

“Temperature” over “time” was chosen as a predictor to be included
in the MLR, GBM and RF models due to their high multicollinearity.
Based on the independent validation data, the MLR, GBM and RF
models accounted for 85.83, 99.89 and 99.97% of variation in RM, with
their RMSE values of 9.66, 0.82 and 0.42%, respectively (Table 5).
Consistent with the other metrics, the AICc values pointed to the RF
model as the best-fit model of RM for the cattle manure pyrolysis. As for
the relative variable importance, the heating rate of 5 °C/min was the
most important predictor with the maximum absolute rate of change
(3.48), whereas the GBM and RF models rated “temperature” as the
most important one with the highest variable importance score (100)
(Table 5). The second most important variable was “atmosphere type”
based on both MLR and RF but “heating rate” according to GBM. The
high emulation accuracy of the RF model can be tapped to derive DTG,
kinetic and thermodynamic estimates from the TG data as well as to
interpolate or scale to other operational settings.

The two-way partial dependence plots (PDPs) in Fig. 6 show the
effect, magnitude, and shape of a given interaction on the response after
accounting for the average joint effects of all other predictors in the
model [63]. A positive or negative logit value represents the predicted
probability of a higher or lower RM, respectively, for the corresponding
interaction between predictors (x-axes). In other words, the negative
logit values indicate that the probability of the lower RM exceeds that
of the higher RM. The larger the range of the y-axis is for each PDP, the
stronger the influence of the interaction between two predictors is on
the response. The heating rates of 5 and 10 °C/min, the CO2 atmo-
sphere, and the temperature above 400 °C exhibited the probability of
higher mass losses (lower RM). The similar patterns in Fig. 6a and b
indicated no interaction between TEMP and HR as well as TEMP and
ATM. However, an interaction between HR and ATM existed in that the
probability of the lower RM (higher mass loss) was higher in the CO2

than N2 atmosphere at the heating rate of 10 °C/min (Fig. 6c).

3.6. Gaseous products

3.6.1. TG-FTIR
Based on the previous studies [22,64,65], TG-FTIR analysis was

used to detect the gaseous products of the cattle manure pyrolysis ac-
cording to the five temperatures representative of the different pyr-
olysis stages (Fig. 7a). The main absorption bands and their corre-
sponding chemical bonds and products are listed in Table 6.

The initial stage of devolatilization corresponded to T(I) = 198 °C at
which not many absorption bands were observed, but the absorption
bands of 730–620 cm−1 were relatively more pronounced which ap-
peared to originate from the CeH bond stretching of aromatic com-
pounds. There were some sudden peaks close to this wavenumber range
due to the number of hydrogen atoms for different aromatic com-
pounds. An absorption peak between 2400 and 2250 cm−1 originated
from the asymmetric stretching of C]O in the CO2 atmosphere.
T(II) = 358 °C was when the cattle manure pyrolysis most intensified
producing more gaseous products. Thus, new absorption bands ap-
peared, while the intensity of the original absorption bands grew
stronger relative to the start of the devolatilization. In the range of
1860–980 cm−1, the absorption bands 2–5 appeared (Table 6) in-
dicated that the gaseous substances may contain CeO, OeH, C]C, and
C]O, while acid, aldehyde, ether, ketone, and phenol may be formed.
The double absorption peaks at 2220–2060 cm−1 indicated the for-
mation of CO.

The maximum absorption intensity in the range of 2400–2250 cm−1

corresponded to the generation of CO2. In the ranges of 730–620 cm−1

and 3150–2650 cm−1, the absorption bands of CeH bending and
stretching corresponded to aromatic groups and CH4, respectively. A
weak absorption band of 3450–3750 cm−1 pointed to the formation of
H2O. T(III) = 458 °C was the stage of the residual lignin decomposition
where (hemi)cellulose was decomposed completely. At the same time,
the spectrogram showed that the positions of the other absorption
bands (except for the disappearance of H2O) remained unchanged,
while the weaker absorption intensity at TIII than TII indicated the
continued decomposition of lignin during the devolatilization stage.
T(IV) = 600 °C was the stable stage during which the main reaction was
finished. When compared to TII and TIII, the absorption bands basically
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Fig. 5. Error histograms of the two atmospheres for testing (error= experi-
mentally measured− predicted output).

Table 4
Performance measures of MLP to predict RM during cattle manure pyrolysis in N2 and CO2 atmospheres (n=85416; p < 0.001).

N2 CO2 Grand mean

Heating rate (°C/min) 5 10 20 40 5 10 20 40

R2 0.9995 0.9992 0.9995 0.9995 0.9994 0.9993 0.9997 0.9996 0.9995
RMSE 0.667 0.755 0.811 0.617 0.427 0.582 0.418 0.538 0.602

Table 5
Performance measures of MLR, GBM, and RF to predict RM during cattle
manure pyrolysis (p < 0.001).

Model Parameter Training Testing Variable importance

n 68,176 17,240
Partition (%) 79.8 20.2

MLR RMSE 9.707 9.666 98.954 (+0.107)− 1.248
(+0.074)*CO2-3.487
(+0.105)*HR5-1.813
(+0.105)*HR10− 1.074
(+0.105)*HR20− 0.0768
(+0.0001)*TEMP

R2 0.8564 0.8583
AICc 309,931 78,234

GBM RMSE 0.814 0.820 TEMP (100.0); HR (39.4); ATM
(31.5)R2 0.9989 0.9989

AICc −28,012 −6808
RF RMSE 0.501 0.425 TEMP (100.0); ATM (0.59); HR

(0.55)R2 0.9996 0.9997
AICc −94,234 −29,471

J. Zhang, et al. Energy Conversion and Management 195 (2019) 346–359

353



disappeared, while only two peaks of CO2 and CH4 were detected at this
stage. The source of CH4 was the breaking of methyl bond in a small
amount of non-aromatic carbon contained in biochar. At T(V)= 1070 °C
at the end of the experiment, the absorption bands were still detected in
the wavelength range of CO2, while the peak absorbance exceeded 0.01.

According to the Lambert-Beer law [22], absorption intensity at a
certain wavelength is linearly related to gas concentration. The tem-
perature-dependent trends of the main components (chemical bonds) of
the gaseous products coincided with those of the DTG curves (Fig. 7b).
In the main stage of pyrolysis (stage 2), the absorption intensity of each
component increased with the weight loss rate. The first and second
absorption peaks of the DTG curve corresponded to the weight loss
peaks of the hemicellulose and cellulose decompositions, respectively.
CO2 mainly came from the decomposition of oxygen-containing func-
tional groups, and its absorption peak appeared three times in the entire
pyrolysis process ranging from 200 °C to the end of the experiment
(Table 6).

The absorption intensity of CO2, the main gaseous product of the
cattle manure pyrolysis, was higher than that of the other substances.
The first absorption peak of CO2 in the first absorption band
(188–552 °C) was mainly due to the decarboxylation of the carboxyl
groups of hemi(cellulose) [66], while the second absorption peak ap-
peared to come from the pyrolysis of other more stable oxygen-con-
taining functional groups. At between 616 and 730 °C, CO2 mainly
came from the polymerization of char in solid phase [64]. At between
1010 and 1100 °C, CaCO3 in cattle manure began to decompose into
CO2 based on the following reaction: CaCO3→ CaO+CO2↑. The ab-
sorption peaks of 1742 cm−1 and 1105 cm−1 represented the C]O,
C]C (1860–1590 cm−1) and CeO, OeH (1330–980 cm−1), respec-
tively (Fig. 7b). The close temperature ranges of these two absorption
bands (between 210 and 490 °C) showed that ketones, aldehydes,
phenols, and the other substances were mainly produced by the pyr-
olysis of (hemi)cellulose (Table 6). Both absorption bands had two
peaks at the same location. Their difference was that the lower

Fig. 6. Two-way partial dependence plots of pairwise interactions between (a) temperature (TEMP, °C) and heating rate (HR, °C/min); (b) TEMP and atmosphere
type (ATM, 1 and 2=CO2 and N2 atmosphere, respectively); and (c) HR and ATM: y-axes are centered around a mean of zero on the logit scale of the RM distribution
(output).
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temperature peak was stronger than the higher temperature peak for
the absorption bands of C]O and C]C, while the situation was the
opposite for CeO and OeH bonds. This showed that alcohols and
phenols were easier to form at lower temperatures, while ketones and
aldehydes were formed at higher temperatures.

The absorption intensity reflected that ketones and aldehydes pro-
duced by the cattle manure pyrolysis were more than alcohols and
phenols. The wide temperature range for the formation of aromatics
(190–522 °C) corresponded to that of the lignin decomposition. The
initial decomposition temperatures of water (250 °C) and methane
(248 °C) were close. Since the original moisture content of cattle
manure was released before the devolatilization stage, the detected H2O
and CH4 came from the breaking of oxygen-containing functional
groups such as hydroxyl groups, and of aliphatic side chains in aromatic
rings, and the demethylation of methoxy functional groups, respec-
tively. The overlapped curves of their absorption intensity from the
start of the absorption band to the first peak point suggested that they
resulted from the aromatic substances with hydroxyl or the substances
with methoxy and hydroxyl groups in side chains. Following the first
peak, the absorption strength of CH4 continued to rise, while that of
H2O declined. CH4 appeared to be derived from the re-cracking of
pyrolytic oil produced by the reaction. The precipitation temperature of
CH4 during the cattle manure pyrolysis was lower than that of coal

(with the peak value of 400–450 °C) due to its low thermal stability
caused by long side chains of the aromatic substances, or the large
number of aromatic rings [66]. According to TG-FTIR analysis, CO2 was
the major gaseous product of the cattle manure pyrolysis in the N2 at-
mosphere. The low CH4 of cattle manure content rendered it difficult to
obtain CH4 fuel from its direct pyrolysis. The yield of products with C]
O, C]C and CeO, OeH ranked the second and third, respectively. The
specific substances were detected using Py-GC/MS.

3.6.2. Py-GC/MS
The comparison of the peak areas (PA) showed that the main

compounds produced were methyl-methylethyl-phenol (PA=14.72%)
and 2,3-dihydrobenzofuran (PA=11.65%) (Fig. 8) (Table 7). The PA
of the other products were less than 3%. In terms of the functional
groups, a total of 33 products detected can be divided into acids, al-
dehydes, benzenes, ethers, furans, hydrocarbons, ketones, phenols, and
others among which phenols were the most abundant (Fig. 9).

Dehydration, decarboxylation, and decarbonylation may occur at
high temperatures, whereas no benzenes or hydrocarbons are produced
during the pyrolysis of cellulose and hemicellulose due to high energy
barriers required for the carbohydrate ring formation, and the deox-
idation [67]. Benzenes, and hydrocarbons are the main products of the
lignin pyrolysis. Toluene is mainly produced by the decomposition of

Table 6
Summary of FTIR bands with its temperature range and related compounds of main gaseous products.

No. Wavenumber (cm−1) Peak (cm−1) Temperature range (°C) Chemical bond and possible compounds

1 730–620 670 190–522 CeH (aromatic)
2 1330–980 1265, 1176, 1105 212–486 CeO stretching

OeH blending
3 1450–1330 1382 210–482 CeH blending (alkane)

OeH blending (phenol)
4 1530–1485 1512 260–430 C]C (aromatic)
5 1860–1590 1794, 1764, 1742 208–488 C]O stretching

C]C (alkane)
6 2220–2060 2180, 2110 252–458 CO
7 2400–2250 2357, 2308 188–552, 616–730, 1010–1100 CO2

8 3150–2650 2930, 2819 250–558 CeH stretching (CH4)
9 3750–3450 3585 30–110, 248–420 H2O
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Fig. 8. Chromatogram from pyrolysis of cattle manure (peak identification according to Table 7).
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Table 7
Main gaseous products of cattle manure pyrolysis identified from pyrograms.

No. Substance RT PA Formula m/z Class Possible constitution

1 2-Butene 1.06 1.69 C4H8 56 Hydrocarbons

2 2-Pentene 1.16 2.85 C5H10 70 Hydrocarbons

3 Benzene 1.75 0.16 C6H6 78 Benzenes

4 Toluene 2.81 0.77 C7H8 92 Benzenes

5 Cyclohexane 3.31 0.31 C6H12 84 Hydrocarbons

6 Furfural 3.55 0.24 C5H4O2 96 Aldehydes

7 2, 5-Dimethylfuran 3.90 1.33 C6H8O 96 Furans

8 Dimethylbenzene 4.40 0.34 C8H10 106 Benzenes

9 Ethenylbenzene 4.99 0.75 C8H8 104 Benzenes

10 2-Methylcyclopentanone 5.86 1.02 C6H10O 98 Ketones

11 Methylphenol 7.22 0.76 C7H8O 108 Phenols

12 Methyl cyclopentenolone 7.68 0.44 C6H8O2 112 Ketones

13 Carene 7.84 0.68 C10H16 136 Hydrocarbons

14 1,3-Cyclopentanedione, 2-methyl- 7.99 0.69 C6H8O2 112 Ketones

15 Indene 8.16 0.47 C9H8 116 Benzenes

16 Trimethylphenol 8.65 0.48 C9H12O 136 Phenols

17 Trimethylphenol 9.08 0.95 C9H12O 136 Phenols

18 2-Methoxyphenol 9.15 2.15 C7H8O2 124 Phenols

19 Phloroglucinol 9.67 0.31 C6H6O3 126 Phenols

20 N-Nitrosopiperidine 9.90 0.32 C5H10N2O 114 Others

21 Phenol-methoxy-methyl 11.13 1.2 C8H10O2 138 Phenols

(continued on next page)
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the intermediate of anisole, one of the main products belonging to
benzenes [68]. Due to the complexity of the lignin structure, phenols of
the cattle manure pyrolysis contained many different functional groups
such as methylethyl, and methoxy. Guaiacol compounds are the typical
products of the lignin pyrolysis [68]. 2-methoxyphenol (PA=2.15%),
phenol-methoxy-methyl (PA=1.2%), isoeugenol (PA=0.49%), eu-
genol (PA=2.17%), and vanillin (PA=1.22%) all belonged to
guaiacol and had a larger peak area than did the other substances. The

peak areas of phenols and furans as well as their relationship with the
lignin and cellulose pyrolysis confirm our finding in Section 3.1 that
lignin and cellulose were the main components of cattle manure. One of
the main products of the (hemi)cellulose pyrolysis was shown to be
levoglucosan which continued to dehydrate to form intermediate pro-
ducts such as dehydrated sugar derivatives [69].

Methyl-methylethyl-phenol as the major component of the volatiles
products may include carvacrol and thymol. Kissels et al. [70] found an
interaction among carvacrol, thymol, and antibiotics used to treat the
respiratory diseases of cattle. The blending of carvacrol, thymol, and
eugenol in the feed of heifers was reported to improve the quality of
beeves [71]. This practice of re-using these three products of the cattle
manure pyrolysis in the livestock industry also conforms to the concept
of circular economy. 2,3-dihydrobenzofuran, present in many natural
products, was another main gaseous product of the pyrolysis of cattle
manure, also known as an important intermediate in the drug manu-
facturing [72]. The main limitation to the utilization of this product is
the difficulty to separate it from the complex pyrolysis gas. To collect
some gaseous products such as carvacrol, thymol, and 2,3-dihy-
drobenzofuran from the cattle manure pyrolysis as needed, the se-
lectivity of its products should be improved by adding catalysts or
changing the pretreatment conditions [73,74].

4. Conclusion

The cattle manure pyrolysis was divided into the three stages, and
the main stage was devolatilization (161–600 °C). In the main stage, the
N2 atmosphere was more conducive for the pyrolysis of cattle manure
to emit volatiles according to the CPI value. The FWO, Friedman and
Starink methods were all suitable for the estimation of activation

Table 7 (continued)

No. Substance RT PA Formula m/z Class Possible constitution

22 2,3-dihydrobenzofuran 11.79 11.65 C8H8O 120 Furans

23 2,4-Dimethoxytoluene 12.68 0.6 C9H12O2 152 Ethers

24 Indole 12.97 0.42 C8H7N 117 Others

25 Methly-methylethyl-phenol 13.29 14.72 C10H14O 150 Phenols

26 1-Methylindole 14.51 1 C9H9N 131 Others

27 Vanillin 14.75 1.22 C8H8O3 152 Aldehydes

28 Isoeugenol 14.83 0.49 C10H12O2 164 Phenols

29 Eugenol 15.50 2.17 C10H12O2 164 Phenols

30 4-Methoxycinnamaldehyde 15.92 0.6 C10H10O2 162 Aldehydes

31 2-Formylphenoxyacetic acid 17.25 2.33 C9H8O4 180 Acids

32 Tetradecene 19.49 1.2 C14H28 196 Hydrocarbons
33 Hexadecanoic acid 22.53 1.9 C16H32O2 256 Acids
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Fig. 9. The gaseous component distribution of cattle manure pyrolysis in N2

atmosphere.
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energy of the cattle manure pyrolysis in the CO2 (30–600 °C,
600–1100 °C) and N2 atmospheres (30–600 °C) (R2 > 0.97). Random
forests model outperformed MLR, GBM, and MLP for predicting the RM
response of the cattle manure pyrolysis (R2 and RMSE values of 99.97%
and 0.42, respectively). Based on the TG-FTIR and Py-GC/MS, the main
gas products of the cattle manure pyrolysis in the N2 atmosphere were
CO2, phenol, and furan which agreed well with the mass ratios of
hemicellulose (2.46 ± 0.3 wt%), cellulose (19.33 ± 0.7 wt%), and
lignin (19.78 ± 1.0 wt%). The major gaseous products of the cattle
manure pyrolysis appear to have a great potential to be used in the
livestock and pharmaceutical industries if separated properly.
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