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bstract

This article presents a systematic method for enhancing the estimation accuracy of ammonia emission from field-applied manure and for assessing
he relative significance of ammonia emission factors, using the feedforward-backpropagation artificial neural network (ANN) approach.

The multivariate linear regression (MLR) method well describes the ammonia emission tendency with the emission factor variation. However,
mmonia emission from manure slurry is too complex to be captured in a linear regression model. This necessitates a model which can describe
omplex nonlinear effects between the ammonia emission variables such as soil and manure states, climate and agronomic factors. In the present
tudy, a principle component analysis (PCA) based preprocessing and weight partitioning method (WPM) based postprocessing ANN approach
called the PWA approach) is proposed to account for the complex nonlinear effects.

The ammonia emission is predicted with precision by the 11 emission factors, using the nonlinear ANN approach. The relative importance
mong the 11 emission factors is identified using the elasticity analysis in the MLR method and using the WPM in the ANN approach. The relative

ignificance obtained quantitatively by the PWA approach in the present study gives an excellent explanation of the most important processes
ontrolling NH3 emission.

2007 Elsevier B.V. All rights reserved.
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. Introduction

The ammonia (NH3) emission from animal wastes has
ecome one of the major air pollution problems in recent years
nd is a major concern world-wide (Ni, 1999). In Europe, ammo-
ia from animal wastes and fertilizer was believed to constitute
bout 90% or more of the anthropogenic NH3 release (Ni,
999). In most Asian countries, the estimated NH3 release from
ertilizer and livestock accounted for about 77% of the total
nthropogenic NH3 release and the release from livestock alone

ccounted for about 30% (Zhao and Wang, 1994). In UK, NH3
osses following land spreading have been estimated at approx-
mately 70 ktonnes/year (nitrogen basis in NH3), accounting for

∗ Corresponding author. Tel.: +82 31 670 5207; fax: +82 31 670 5445.
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0% of the total emission from UK agriculture (Misselbrook et
l., 2000).

Ammonia volatilization from field-spread animal manure
eads to a significant reduction in the fertilizer value of the

anure. Although many technical attempts have been made to
educe emissions, the reduction potential of the different tech-
iques is not yet clear (Plochl, 2001). This is mainly because
mmonia emission is influenced by many internal factors (e.g.,
anure dry matter content, pH value and ammonia concen-

ration) as well as external factors (e.g., soil types, climate
ariables, application methods). Therefore, a better under-
tanding of the mechanisms controlling NH3 emissions from
eld-applied manure will contribute to the development of low-

mission livestock production systems (Sommer et al., 2003).

The Michaelis–Menten equation involving two model param-
ters (total loss of ammonia and time to reach half of the
otal loss) has been used for the ammonia emission rate model

mailto:limyi@hknu.ac.kr
dx.doi.org/10.1016/j.eja.2007.01.008
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Nomenclature

ai linear regression model parameters for Km or out-
put values in ANN

Ai exponential of linear regression model parameters
for Km

bi linear regression model parameters for Nmax or
biases in ANN

Bi exponential of linear regression model parameters
for Nmax

Km time to reach half of Nmax in the ammonia emis-
sion (h)

Nmax maximum ammonia emission based on nitrogen
(kg/ha)

NNH3 nitrogen-based total ammonia loss (kg/ha)
ṄNH3 nitrogen-based ammonia loss rate (kg-N/h ha)
pi independent input variables in ANN
Pin independent input variable vector (or set) in ANN
P̄in normalized input variable vector (or set) in ANN
PPCA input variable vector (or set) transformed by PCA
t time
�t time interval
vinitial initial ammonia emission rate (=Nmax/Km)

(kg/h ha)
w weights in ANN
x independent variable
y dependent variable

Greek letters
εKi elasticity of Km to 11 input variables in MLR
εNi elasticity of Nmax to 11 input variables in MLR
μ mean value
σ standard deviation

b
M
M
r
2
o

fi
c
s
a
c
7
c
I
i

e
n
g

M
s
3

a
u
t
i
e
P
P
m
o
p
o
h

a
t
f
t
c
w
m
e
i
m
t

p
r
i
(
o
m
m
n
a
q
o

a
s
a
d

2
fi

u
m
2001; Misselbrook et al., 2005). The Michaelis–Menten equa-
σ̄ normalized standard deviation (= σ/μ)

y many researchers (Plochl, 2001; Søgaard et al., 2002;
isselbrook et al., 2005). The two model parameters of the
ichaelis–Menten equation can be estimated by the linear

egression method (Søgaard et al., 2002; Misselbrook et al.,
005) and the artificial neural network method (Plochl, 2001)
n the basis of experimental data already performed.

Søgaard et al. (2002) present an ALFAM (ammonia loss from
eld-applied animal manure) model supported by theoretical
onsideration of impacts of the weather, soil characteristics and
lurry composition on NH3 volatilization from animal slurries
pplied on fields. The ALFAM (http://www.alfam.dk) database
ontains the experimental results obtained by 13 institutes from
European countries, where about 6000 experimental data are

ollected and over 20 ammonia emission factors are considered.
n their study, the multivariate linear regression (MLR) method
s used to estimate the Michaelis–Menten model parameters.

Misselbrook et al. (2005) assess the influence of a range of

nvironmental, manure and management variables on ammo-
ia emissions following application of different manure types to
rassland and arable land, using the MLR method to estimate the

t

N
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ichaelis–Menten model parameters. The experimental mea-
urements were conducted at six different sites in UK over a
-year period, representing a range of soil types.

The artificial neural network (ANN) approach can take into
ccount nonlinear characteristics between independent variables
sing a nonlinear transformation function (e.g., sigmoid func-
ion) and structuring a cross-linked network. The ANN method
s widely used for the microbe growth rate prediction (Hajmeer
t al., 1997), agronomical biology (Schultz and Wieland, 1997;
lochl, 2001) and reaction kinetics modeling (Molga, 2003).
lochl (2001) predicts the ammonia emission from field-applied
anure using the artificial neural network trained and validated

n the basis of 102 datasets measured in Europe. The review
aper of Sommer et al. (2003) presents the relative importance
f the ammonia emission factors in the qualitative way, using a
ybrid approach between empirical and mechanistic models.

The three studies described above (Plochl, 2001; Søgaard et
l., 2002; Misselbrook et al., 2005) have several differences in
he ammonia emission factor selection. Søgaard et al. (2002)
ocused on understanding effects of several manure applica-
ion methods on the reduction of ammonia loss. Plochl (2001)
oncentrated on effects of the climate factors (air temperature,
ind speed, radiation and precipitation) but the soil type and
anure application method were not considered. Misselbrook

t al. (2005) took soil conditions and weather information
nto account for the surface-applied cattle and pig manures,

easuring the ammonia emission rate with time by the wind
unnels.

This study aims at the development of a method for accurately
redicting ammonia emission and systematically identifying the
elative significance of the ammonia emission factors, apply-
ng the method to the database ALFAM used by Søgaard et al.
2002). The Michaelis–Menten model parameters are estimated
n the basis of ALFAM database, using 11 variables which
ay influence ammonia emission such as soil types, weather,
anure characteristics, agronomic factors and measuring tech-

ique (see Table 1). The MLR method and ANN approach are
lso employed to estimate the two model parameters. This article
uantitatively assesses the relative significance (or importance)
f the NH3 emission factors in each estimation method.

Section 2 explains the Michaelis–Menten equation, the
mmonia emission factors, the multivariate linear regres-
ion (MLR) method and the artificial neural network (ANN)
pproach used in this study. Section 3 presents the results and
iscussion.

. Prediction models for ammonia emission from
eld-applied livestock manure

The Michaelis–Menten type equation is one of the widely
sed model to predict the ammonia emission from field-applied
anure (Sommer and Ersboll, 1994; Søgaard et al., 2002; Plochl,
ion is:

NH3(t) = Nmax
t

t + Km
(1)

http://www.alfam.dk/
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Table 1
Eleven independent variables influencing ammonia volatilization from field-applied pig manure

Variables Index Range Units or variable description

Soil
1. Type p1 [1, 3] 1 = sandy, 2 = clay, 3 = loam
2. pH p2 [5, 8]

Weather
3. Air temperature during experiment p3 [0, 28] ◦C
4. Wind speed p4 [0, 6.5] m/s

Manure
5. Dry matter p5 [1.0, 11.5] %
6. TANa p6 [1.5, 6.5] (g-nitrogen)/(kg-manure)
7. pH p7 [6.5, 8]

Agronomic factors
8. Manure application method p8 [0, 3] 0 = broad spread, 1 = band spread, 2 = trailing shoe,

3 = open-slot injection
9. Application rate p9 [7.5, 60] (ton-slurry)/(ha-field)
10. Crops type p10 [1, 4] 1 = grass, 2 = stubble, 3 = bare soil, 4 = growing crops

11. Measuring technique p11 [1, 3] 1 = wind tunnel, 2 = micrometrological mass balance

N n = 1
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max (kg/ha) = 25.9 (standard deviation = 22.9); Km (h) = 8.35 (standard deviatio
a TAN: total ammoniacal nitrogen (= NH3 + NH4

+).

here NNH3 (kg/ha) is the accumulated ammonia loss at a time
t), Nmax (kg/ha) the maximum ammonia loss, and Km (h) is the
ime to reach half of the maximum ammonia loss (Nmax/2). Here,
he quantity of ammonia loss is based on the nitrogen weight.
he two model parameters (Nmax and Km) can be estimated by
n empirical equation regressed from experiments.

The ammonia loss rate (ṄNH3) is obtained by the differenti-
tion of Eq. (1) (Søgaard et al., 2002):

˙ NH3(t) ≡ dNNH3

dt
= Nmax

Km

(t + Km)2 (2)

It is noted that the initial ammonia loss flux is defined by the
atio of Nmax to Km:

initial ≡ ṄNH3(0) = Nmax

Km
(3)

Eq. (1) and (2) are used for the Michaelis–Menten model
arameter estimation from experimental data. However, the
quation popularly employed for the parameter estimation
ithin a given time interval, t + �t (Sommer and Hutching, 2001;
øgaard et al., 2002; Misselbrook et al., 2005) is:

˙ NH3(t, �t) = Nmax
Km

(t + Km)(t + �t + Km)
(4)

nd is used in the present study for the Michaelis–Menten model
arameter estimation.

In the Michaelis–Menten type equations, the two model

arameters (Nmax, Km) depend on soil condition, climate, live-
tock manure state, and agronomic factors. In this study, the
mmonia emission with respect to these factors is predicted on
he basis of ALFAM datasets, using a multivariate linear regres-
ion (MLR) and artificial neural network (ANN) approaches for
he Michaelis–Menten model parameter estimation.

e

2

v

technique, 3 = JTI or equilibrium concentration method

2.26).

.1. Independent variables influencing the ammonia loss

Factors which may influence the ammonia emission are
he variables controlling the physical, chemical and biological

anure decomposition. The factors consist of soil conditions,
eather, manure characteristics, application method, land types,

tc. (Søgaard et al., 2002). The ALFAM database (Sommer,
000) collected in seven European countries contains about 6000
xperimental data showing the ammonia emission rate (ṄNH3)
ith time for pig and cattle manure slurries under specific exper-

mental conditions (Søgaard et al., 2002). In the present study,
3 datasets of the pig manure slurry were selected for the model
arameter estimation (see Table A1), in which 11 independent
ariables had been commonly measured (see Table 1). The 83
atasets contains about 500 experimental data provided by DIAS
Denmark), IMAG (The Netherlands), IGER (UK), ADAS (UK)
nd CRPA (Italy).

In Table 1, the 11 independent variables are classified by
oil (two variables), weather (two variables), manure (three
ariables), agronomic factor (three variables) and measuring
echnique (one variable). Their boundary, unit and description
re in detail presented in Sommer (2000). The mean values of
he two model parameters are Nmax = 25.9 kg/ha (correspond-
ng to about 16% of the total nitrogen applied to the field) and

m = 8.35 h for the 83 datasets. Thus, the initial ammonia loss
ux is vinitial = 3.1 kg/ha h. The standard deviations of the two
odel parameters are relatively high, since the experiments were

arried out at different experimental conditions in several Euro-
ean countries. The next section shows how Km and Nmax are
stimated from a given dataset.
.2. Michaelis–Menten model parameter determination

The ALFAM database provides ammonia emission rate
alues (ṄNH3 : (kg-N)/(ha h)) with time at the measured inde-
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able number), where the input variables (p), weights (w), biases
ig. 1. Michaelis–Menten model parameter estimation from the experimental
ata for ammonia emission rate with respect to time (squares: experimental data,
olid line: model estimation).

endent variables. The two parameters of Michaelis–Menten
quation (4) are determined for each dataset. Fig. 1 shows the
mmonia emission rate with time, where the square points are
2 experimental data, and the solid line is the regression values
sing the Michaelis–Menten equation. The two parameters of
he Michaelis–Menten equation are identified by minimizing
he sum square error (SSE) between experiment (xexp) and

odel (xmodel) values:

min
max,Km

SSE =
n∑

i=1

(xi,exp − xi,model)
2,

.t. xi,model = NmaxKm

(ti + Km)(ti + �ti + Km)
(5)

The above optimization procedure is performed in the Matlab
nvironment (Mathworks, USA, 2005) using a function called
minsearch. The results are shown in Table A1 with the values
f the independent variables. Henceforth, these 83 values of Km
nd Nmax are called the measured or experimental values, in
rder to distinguish from the values estimated by the MLR and
NN approaches.

.3. Multivariate linear regression (MLR) method

The multivariate linear regression (MLR) method is con-
tructed by the exponential of the independent variables to have
on-negative Km and Nmax values (Søgaard et al., 2002):

n Km = a0 +
11∑
i=1

aipi, ln Nmax = b0 +
11∑
i=1

bipi (6)
here ai (i = 0, . . ., 11) and bi (i = 0, . . ., 11) are the model param-
ters to be estimated, and pi (i = 1, . . ., 11) are the input variables
or NH3 emission factors). By rewriting these expressions, the

(
f
p

my 26 (2007) 425–434

nput variable coefficients can be obtained:

m = A0

11∏
i=1

Api
i , Nmax = B0

11∏
i=1

Bpi
i (7)

here Ai = eai , i = 0, . . . , 11 and Bi = eai , i = 0, . . . , 11.
In the MLR method, the elasticities of the two model param-

ters (εKi and εNi for Km and Nmax, respectively) to the input
ariables are obtained as follows:

εKi = ∂ ln Km

∂ ln pi

∣∣∣∣
pj,j �=i

= p̄i

∂ ln Km

∂pi

∣∣∣∣
pj,j �=i

= p̄iai,

= 1, . . . , 11 (8)

εNi = ∂ ln Nmax

∂ ln pi

∣∣∣∣
pj,j �=i

= p̄i

∂ ln Nmax

∂pi

∣∣∣∣
pj,j �=i

= p̄ibi,

= 1, . . . , 11 (9)

here p̄i is the mean value of the 11 input variables for
3 experimental data (see Table A1). Since the elasticity
(d ln y)/(d ln x) = (dy/y)/(dx/x), where x and y are the indepen-
ent and dependent variables, respectively) means the relative
ariation of the dependent variable to that of the independent
ariable and has no unit, it can be used as a relative significance
etween the independent variables.

.4. Artificial neural network (ANN) approach

The ANN approach is composed of one input layer, one or
everal hidden layers and one output layer. The neuron num-
ers of the input and output layers are equal to the input and
utput variable numbers, respectively. In this work, the neuron
umbers of the input and output layers correspond to the 11
ndependent variables influencing the ammonia loss and the two

odel parameters of the Michaelis–Menten equation, respec-
ively. The neuron number of the hidden layer is determined by

inimizing the MSE (or performance index). The mean square
rror (MSE) is given by

SE = 0.5

[
1

83

(
83∑
i=1

(Km,exp,i − Km,ann,i)
2

)

+ 1

83

(
83∑
i=1

(Nmax,exp,i − Nmax,ann,i)
2

)]
(10)

here Km,exp and Nmax,exp are the values obtained from the
xperimental data, and Km,ann and Nmax,ann are the values pre-
icted by the artificial neural network. All of the 83 data are
sed for training the ANN to assess the relative importance of
he ammonia emission factors.

Fig. 2 shows a simple ANN structure called ANN r-1-1 (input
ariable number, hidden layer neuron number, and output vari-
b) and output variables (a) are indicated. When the sigmoid
unction as transformation is used for the hidden layer and the
urelinear function for the output layer, the output variables are
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Table 2
Correlation coefficient (R2) and mean square error (MSE) in MLR and PWA
approaches

Model R2 for Km R2 for Nmax MSE

MLR
This study 0.3680 0.6631 141.04
DIASa 0.77 0.80 –
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Fig. 2. Components in a typical ANN (artificial neural network).

btained as follows:

1 = fsigmoid(w1p + b1) (11a)

2 = fpurelinear(w2a1 + b2) (11b)

Since the output variables (a) are calculated in the feed-
orward direction and the weights (w) are regulated in the
pposite direction minimizing the MSE, the ANN is called the
eedforward-backpropagation artificial neural network (ANN)
ethod (Hajmeer et al., 1997; Schultz and Wieland, 1997;
lochl, 2001; Molga, 2003). The ANN is used to estimate the

wo model parameters of the Michaelis–Menten equation in this
ork. The ANN approach is preprocessed by the principle com-
onent analysis (PCA; Jackson, 1991) to reduce the eventual
orrelation between the 11 independent input variables and to
ormalize these 11 input variables.

The input vector (Pin: 83 × 11 matrix) is normalized so that
heir mean is μ = 0 and the standard deviation is σ = 1. The
ormalized data (P̄in : 83 × 11 matrix) are transformed by the
rinciple component analysis (PCA) so that the elements of the
nput vector would be uncorrelated and the size of the input vec-
or may be reduced by retaining only those components which
ontribute more than a specified fraction (= 0.012 in this study)
f the total variation in the dataset. In this case, the 11 compo-
ents are reduced into 10 components. The vector transformed
y the PCA (PPCA: 83 × 10) is used for training the ANN.

The output of the ANN approach is postprocessed by the
eight partitioning method (WPM; Garson, 1991; Goh, 1994;
ajmeer et al., 1997) to assess the relative significance of 11

mmonia emission factors. The WPM partitions the weights
etween the hidden and output layers into the input variables

Garson, 1991).

The attempt is called the PWA approach: principle compo-
ent analysis (PCA) based preprocessing and weight partitioning
ethod (WPM) based postprocessing ANN approach. Fig. 3

t
N
p
(

Fig. 3. Calculation procedure
WA 11-10-26-2 0.9941 0.9985 0.8333

a DIAS: referred to Søgaard et al. (2002).

hows the calculation procedure of the PWA approach with the
atrix size in the parenthesis.

. Results and discussion

The calculation is performed on the statistics and neural net-
ork toolboxes of Matlab (Mathworks, USA, 2005). Table 2

hows the correlation coefficients (R2) of the two model param-
ters and the mean square errors (MSE) using the two model
arameter estimation methods proposed above. The nonlin-
ar regression method (i.e., PWA approach) shows a higher
orrelation coefficient value than the MLR method, because non-
inearity between the independent variables (pi) and the model
arameters (Km and Nmax) is better considered. It is noted that
he PWA approach predicts quasi perfectly the measured Km and

max values (see Fig. 7) even without information of NH3 emis-
ion factors excluded in the model (e.g., soil moisture, radiation,
otal nitrogen in manure, etc.). However, the prediction is valid
or the used 83 datasets.

The linear regression results are reported in Table 3 and are
ompared with the measured model parameters in Fig. 4. The
xponentials of the input variable coefficients (Ai and Bi) for Km
nd Nmax are compared with those of Søgaard et al. (2002). It is
orth noting that the 83 datasets used in this study (see Table A1)

re different from the datasets used by Søgaard et al. (2002) and
ot specified in their paper. It is, however, observed from Table 3
hat Ai and Bi of this study have a good agreement with those of
øgaard et al. (2002), except for the TAN value. In this study,

he cumulated ammonia loss (Nmax) increases with the TAN
alue and the Km value decreases with increasing the TAN value.
hese results are in agreement with the linear regression model
f Misselbrook et al. (2005) for the application of pig-slurry to

he arable land. This is due to the fact that the partial pressure of
H3 in the air immediately adjacent to the slurry/soil surface is
roportional to the TAN concentration in the mechanistic model
Sommer et al., 2003).

of the PWA approach.
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Table 3
Michaelis–Menten model parameters and elasticity to ammonia emission factors in the MLR method

Variables Index Km Nmax

Ai (this study) Ai (DIASa) εKi
Bi (this study) Bi (DIAS*) εNi

Common factor – 1.99695 1.038 – 0.79795 0.0495 –

Soil
Type p1 0.45458 – −1.82(2) 0.80211 – −0.51
pH p2 0.81887 – −1.37(3) 0.85167 – −1.10(2)

Weather
Air temperature during experiment p3 0.95045 0.960 −0.65 1.02011 1.0223 0.26
Wind speed p4 0.93825 0.950 −0.18 1.08578 1.0417 0.23

Manure
Dry matter p5 1.10892 1.175 0.50 1.12782 1.108 0.59
TAN p6 0.85893 1.106 −0.51 1.0624 0.828 0.20
pH p7 1.5827 – 3.46(1) 1.49913 – 3.05(1)

Agronomic factors
Manure application method p8 1.63855 – 0.21 0.58621 – −0.23
Application rate p9 1.03489 1.0177 1.12(4) 1.03265 0.996 1.05(3)
Crops type p10 1.18551 – 0.41 0.73025 – −0.77(4)
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easuring technique p11 0.80192 –

a DIAS: referred to Søgaard et al. (2002).

The MLR analysis confirms the results from the study of
øgaard et al. (2002) showing that the broad spreading as the
anure application method increases Nmax and decreases Km

see B8 and A8 in Tables 3 and 1). The linear analysis indicates
hat the emission measured with the wind tunnels is lower than
hat of others (see B11 in Tables 3 and 1).

It is also evident from Table 3 that the initial loss rates in Eq.
3) increase with increasing the air temperature and wind speed:
3/A3 = 1.07 (1.06 in Søgaard et al., 2002), B4/A4 = 1.14 (1.10 in
øgaard et al., 2002). A high dry matter contents, manure pH and

pplication rate will result in increasing both of Km and Nmax.
rom the linear analysis, it is considered that the 83 experimental
atasets used in this study are a good representative set of about
00 pig-manure ALFAM datasets.

a
a
t
d

Fig. 4. Comparison of measured and predicted model parameters (Km an
−0.33 1.26833 – 0.36

The elasticity is negative when the exponential of the regres-
ion parameters is less than 1. The manure pH value will
nfluence Nmax most significantly, since εN7 is the biggest one,
ompared to the remaining 10 input variables (see Table 3).

This study also supports that the mechanism controlling NH3
missions from slurry are too complex to be captured in a linear
egression model (Sommer et al., 2003), as the linear regres-
ion model shows the low correlation coefficients as reported in
able 2.

In Figs. 5–7, the results related to the nonlinear ANN

pproach are shown. Fig. 5 illustrates the variations in MSE
nd the correlation coefficient (R2) with the neuron number of
he hidden layer for 500 training epochs using 83 experimental
atasets. It is evident from Fig. 5 that the correlation coefficient

d Nmax) obtained from the MLR method for 83 experimental data.
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ig. 5. The effect of the neuron number of hidden layer on the correlation coef-
cient (R2) and the MSE of (a) Km and (b) Nmax, for 500 training epochs of 83
xperimental data.

R2) of Km fluctuates more strongly than that of Nmax. This is

ecause the normalized variation (i.e. the ratio of the standard
eviation to the mean value, σ̄ = σ/μ) is higher for Km than
or Nmax (σ̄Km = 1.5 and σ̄Nmax = 0.9). Thus, the total MSE
= (MSEKm + MSENmax )/2) in Eq. (10) is much affected by

v
a
t
e

ig. 7. Comparison of measured and predicted model parameters (Km and Nmax) reg
ig. 6. Training performance of PWA 11-10-26-2 for 1500 training epochs of
3 experimental data.

he MSE of Km (MSEKm ). It is also observed in Fig. 5 that 26
eurons of the hidden layer give the lowest MSE and highest R2.
herefore, the neuron number of the hidden layer is set to 26.

In Fig. 6, the MSE (or training performance) is plotted for
500 iterations (or epochs) for PWA 11-10-26-2 (input variable
umber, PCA component number, hidden layer neuron number,
nd output variable number) structure. The solid line with a deep
olor is the goal of the MSE and the solid line with a light color is
he MSE value with respect to the number of epochs. This figure
as directly captured from the result of the Matlab execution.
The regressed values of Km and Nmax by the PWA approach

or 1500 training epochs are compared with the measured values
n Fig. 7. There is an excellent agreement with the predicted
alues and measured values for both K and N (R2 = 0.994
m max
nd 0.999 for Km and Nmax, respectively). The result suports that
he ammonia emission can be predicted with precision by the 11
mission factors, using the PWA approach.

ressed by PWA 11-10-26-2 for 1500 training epochs of 83 experimental data.
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Table 4
Relative significance of 11 ammonia emission factors obtained from the PWA
approach

Variables Index Significance (%) (PWA
11-10-26-2)

Soil (18.3 %)
1. Type p1 8.57
2. pH p2 10.68(2)

Weather (29.9%)
3. Air temperature during experiment p3 10.50(3)
4. Wind speed p4 19.36(1)

Manure (23.8 %)
5. Dry matter p5 7.71
6. TAN p6 6.88
7. pH p7 9.25(4)

Agronomic factors (21.4 %)
8. Manure application method p8 6.97
9. Application rate p9 6.96
10. Crops type p10 7.50
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1. Measuring technique (5.6%) p11 5.62

otal 100

The relative significance of the 11 input variables to the Nmax
nd Km are obtained for PWA 11-10-26-2 by using the weight
artitioning method (Garson, 1991). Table 4 shows that the wind
peed, soil pH value, average air temperature and manure pH
alue are the highest significant factors.

Since atmospheric stability is affected by both wind speed and
emperature profiles and atmospheric instability increases the
H3 gas concentration in the liquid surface of manure (Sommer

t al., 2003), the wind speed and temperature can play a major
ole for the ammonia emission from manure. In Misselbrook et
l. (2005), the wind speed was identified as the most influenced
ariable on ammonia emission for pig slurry in particular. An
ncrease in temperature will significantly increase emission of
H3 and evaporation of water from the slurry. This will have a

trong effect on the NH3 concentration in manure slurry through
he resultant increase in the TAN concentration (Sommer et al.,
003).

In our analysis, the pH values of manure and soil appears to

e the most influenced emission factors. Slurry and slurry/soil
H is generally regarded to be a very important factor control-
ing NH3 loss (Misselbrook et al., 2005; Sommer et al., 2003).
he quantitative results obtained by the PWA approach in the

N
T
t
v

able A1
ichaelis–Menten equation parameters derived from experimental data measured at

o. Km Nmax p1 p2 p3 p4

14.05 21.12 1 6.60 12.1 3.1
10.30 24.66 1 6.60 12.1 3.4
13.70 38.30 1 6.60 10.8 3
17.60 15.87 1 6.60 10.8 3.1
85.40 35.75 1 6.60 10.8 3.2
38.74 21.83 1 6.60 6.1 2.8
44.45 14.41 1 6.60 6.1 3.2
13.54 28.67 1 6.60 6.1 3
my 26 (2007) 425–434

resent study gives an excellent explanation of the most impor-
ant processes controlling NH3 emission proposed by Sommer
t al. (2003).

. Conclusion

This study proposed a systematic method for enhancing the
stimation accuracy of ammonia emission and for assessing
he relative significance of ammonia emission factors.ed for
nhancing the estimation accuracy of ammonia emission and for
ssessing the relative significance of ammonia emission factors.

The ammonia emission is predicted using the
ichaelis–Menten type equation involving two model

arameters (total ammonia loss and time to reach half of the
otal ammonia loss) and is estimated by the multivariate linear
egression (MLR) and the artificial neural network (ANN)
pproaches on the basis of the 83 experimental datasets selected
rom the ALFAM database.

Using the proposed PWA approach, the relative significance
f the NH3 emission factors is well assessed and the potential of
his approach is illustrated using 11 emission factors. The wind
peed, soil pH value, average air temperature and manure pH
alue are the highest significant factors influencing the ammonia
oss from field-applied pig manure. For more accurate prediction
nd the practical uses, it is needed to apply the proposed PWA
pproach into sufficient experimental data including most of the
mportant ammonia emission factors.
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ppendix A

Table A1 shows 83 Michaelis–Menten equation parameters
nd experimental data measured at 11 input variables for field-
pplied pig manure (Søgaard et al., ALFAM, 2002). Km and

max are determined by the method explained in Section 2.2.
he minimum, maximum, average and standard deviation of

he two Michaelis–Menten model parameters and the 11 input
ariables are also shown.

11 input variables for field-applied pig manure (Sommer, 2000)

p5 p6 p7 p8 p9 p10 p11

3.9 3.9 7.9 0 30 3 1
3.9 3.9 7.9 0 30 3 1
3.9 3.9 7.9 0 30 3 1
3.9 3.9 7.9 0 30 3 1
3.9 3.9 7.9 0 30 3 1
3.9 2 7.9 0 30 3 1
3.9 2 7.9 0 30 3 1
3.9 2 7.9 0 30 3 1

http://www.alfam.dk/
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Table A1 (Continued )

No. Km Nmax p1 p2 p3 p4 p5 p6 p7 p8 p9 p10 p11

9 14.64 5.99 1 6.60 5.1 3 3.9 2 7.9 0 30 3 1
10 22.89 26.34 1 6.60 3.1 2.9 3.9 2 7.9 0 30 3 1
11 18.36 12.41 1 6.60 3.1 3.2 3.9 2 7.9 0 30 3 1
12 34.61 17.03 1 6.60 3.1 3 3.9 2 7.9 0 30 3 1
13 1.07 9.06 3 6.30 8.41 5.78 3.70 3.84 7.35 0 31.8 4 2
14 4.62 9.11 3 6.30 8.44 5.74 3.30 3.81 7.48 1 26.0 4 2
15 0.63 8.93 3 6.30 14 4.19 3.50 3.93 7.66 0 30.9 4 2
16 4.55 4.01 3 6.30 14.06 4.22 3.50 3.57 7.64 1 26.5 4 2
17 3.12 14.37 3 6.30 11.4 6.31 3.10 3.54 7.53 0 30.9 4 2
18 2.06 2.72 3 6.30 11.4 6.31 3.00 3.33 7.53 1 25.5 4 2
19 2.15 7.92 3 6.30 8.86 5.17 3.40 3.06 7.55 0 24.3 4 2
20 3.39 10.80 3 6.30 8.86 5.17 3.20 3.09 7.56 1 19.4 4 2

21 0.86 8.02 3 6.30 10.81 4.06 3.40 3.17 7.76 0 27.5 4 2
22 5.98 6.93 3 6.30 10.81 4.06 2.80 2.70 7.71 1 21.6 4 2
23 1.18 10.18 3 6.30 10.57 6.34 3.40 3.16 7.61 0 24.9 4 2
24 3.46 6.76 3 6.30 10.65 6.34 2.70 2.60 7.58 1 24.2 4 2
25 1.40 6.87 3 6.30 12.85 4.31 5.20 1.49 6.70 0 38.3 4 2
26 4.93 5.39 3 6.30 12.75 4.3 5.20 1.49 6.70 1 31.3 4 2
27 2.49 10.52 3 6.30 5.87 5.52 6.90 3.65 7.01 0 34.4 4 2
28 4.65 12.54 3 6.30 5.87 5.52 6.90 3.65 7.01 1 22.9 4 2
29 2.97 17.98 3 6.30 10.93 4.91 4.20 3.44 6.97 0 31.9 4 2
30 3.77 9.03 3 6.30 10.93 4.91 4.20 3.44 6.97 1 31.3 4 2
31 34.67 15.75 2 7.80 0.85 3.15 1.93 3.00 7.52 1 28.7 4 2
32 0.64 0.65 2 7.65 5.5 4.37 2.79 2.80 7.66 1 29.9 3 2
33 9.23 13.95 2 7.49 9.62 3.58 3.56 3.2 7.63 1 30.2 4 2
34 16.84 41.90 2 7.46 11.65 3.85 3.54 2.8 7.66 1 30.2 4 2
35 12.79 26.42 2 6.91 15.05 2.82 3.76 2.6 7.42 1 30.9 4 2
36 2.33 7.12 2 7.47 15.12 2.85 4.04 2.69 7.51 1 31.2 4 2
37 3.31 4.81 2 7.69 17.03 2.08 3.7 2.4 7.52 1 31.1 4 2
38 6.05 5.02 2 7.74 17.15 1.88 3.44 2.45 7.68 1 31.3 4 2
39 7.64 9.85 2 8.00 15.7 1.8 11.30 6.31 8.00 2 7.9 1 2
40 3.92 26.46 2 8.00 15.89 1.75 11.30 6.31 8.00 2 14.9 1 2

41 1.29 79.66 2 8.00 12.93 1.8 11.30 6.31 8.00 0 17.5 1 2
42 5.60 13.17 2 8.00 15.71 1.8 11.30 6.31 8.00 3 17.3 1 2
43 0.74 21.00 2 7.80 24 1.88 5.13 3.51 7.8 0 8.4 1 2
44 5.34 9.87 2 7.30 7.29 5.11 8.66 5.00 7.30 2 12.0 1 2
45 4.77 84.11 2 7.30 7.29 4.98 8.66 5.00 7.30 0 16.3 1 2
46 3.07 88.30 2 7.30 7.3 5.14 8.66 5.03 7.3 0 15.2 1 2
47 4.05 4.54 2 7.30 7.34 5.19 8.66 5.03 7.3 2 10.6 1 2
48 22.31 32.65 2 5.14 8.31 0.93 3.07 4.02 7.50 0 40.0 1 1
49 5.75 31.79 2 5.14 8.36 1.15 3.07 4.02 7.50 0 40.0 1 1
50 5.36 41.71 2 5.14 8.36 1.04 3.07 4.02 7.50 0 40.0 1 1
51 2.66 32.04 2 5.88 8.59 1.05 4.01 4.14 7.44 0 40.0 1 1
52 8.13 30.23 2 5.88 8.59 1.15 4.01 4.14 7.44 0 40.0 1 1
53 2.46 45.66 2 5.88 8.59 1.06 4.01 4.14 7.44 0 40.0 1 1
54 1.86 27.37 3 5.71 18.3 0.95 1.52 2.00 7.47 0 40.0 1 1
55 1.99 34.97 3 5.71 18.3 0.87 1.52 2.00 7.47 0 40.0 1 1
56 1.22 29.02 3 5.71 18.3 1.13 1.52 2.00 7.47 0 40.0 1 1
57 3.89 17.96 3 5.75 5.05 1.06 1.72 3.71 7.38 0 40.0 1 1
58 6.25 22.39 3 5.75 5.05 1.05 1.72 3.71 7.38 0 40.0 1 1
59 5.30 20.45 3 5.75 5.05 1.17 1.72 3.71 7.38 0 40.0 1 1
60 3.27 24.68 3 5.46 4.9 1.04 2.06 3.05 7.45 0 40.0 1 1

61 2.41 21.96 3 5.46 4.9 1.24 2.06 3.05 7.45 0 40.0 1 1
62 6.34 28.44 3 5.46 4.9 1.14 2.06 3.05 7.45 0 40.0 1 1
63 3.94 9.09 2 7.90 21.58 0.50 4.74 3.19 7.17 0 40 2 1
64 1.71 11.85 2 7.90 21.58 1.90 4.74 3.19 7.17 0 40 2 1
65 2.13 37.45 2 7.90 21.58 2.92 4.74 3.19 7.17 0 40 2 1
66 2.65 9.70 2 7.90 21.58 0.89 4.74 3.19 7.17 0 40 2 1
67 2.33 23.32 2 7.90 21.58 1.95 4.74 3.19 7.17 0 40 2 1
68 2.17 39.82 2 7.90 21.58 2.93 4.74 3.19 7.17 0 40 2 1
69 3.15 10.00 2 7.90 21.58 0.49 4.74 3.19 7.17 0 40 2 1
70 3.41 50.16 2 7.90 21.58 4.07 4.74 3.19 7.17 0 40 2 1
71 3.21 22.70 2 7.90 21.58 0.95 4.74 3.19 7.17 0 40 2 1
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Table A1 (Continued )

No. Km Nmax p1 p2 p3 p4 p5 p6 p7 p8 p9 p10 p11

72 2.78 75.87 2 7.90 21.58 4.01 4.74 3.19 7.17 0 40 2 1
73 5.82 5.77 3 7.50 17.02 0.82 10.50 3.75 7.77 3 40.0 2 1
74 5.35 33.62 3 7.50 17.02 0.73 10.50 3.75 7.77 0 40.0 2 1
75 5.03 22.59 3 7.50 17.02 0.69 10.50 3.75 7.77 0 40.0 2 1
76 1.92 108.42 3 7.50 27.31 1.38 4.36 2.58 7.85 0 58.0 1 3
77 1.51 89.03 3 7.50 27.31 1.38 4.03 2.56 7.99 0 58.0 1 3
78 8.02 95.34 3 7.50 27.31 1.38 3.96 2.50 7.82 1 58.0 1 3
79 13.55 47.31 3 7.60 17.81 0.76 11.00 3.70 7.77 1 35.0 2 1
80 12.49 47.78 3 7.60 17.81 0.85 11.00 3.70 7.77 1 35.0 2 1

81 3.79 35.79 3 7.60 17.81 0.82 11.00 3.70 7.77 1 35.0 2 1
82 1.90 33.74 3 7.60 22.39 0.77 6.17 2.49 7.25 0 45.0 2 1
83 22.85 22.42 3 7.60 22.39 0.66 6.17 2.49 7.25 1 45.0 2 1

Min. 0.63 0.65 1 5.14 0.85 0.49 1.52 1.49 6.7 0 7.9 1 1
M 4
A 8
S 6

R

G

G

H

J

M

M

M

N

P

S

S

S

S

S

Sommer, S.G., Genermont, S., Cellier, P., Hutchings, N.J., Olesen, J.E., Morvan,
ax. 85.40 108.42 3 8 27.31 6.3
ver. 8.35 25.89 2.31 6.84 12.83 2.7
.D. 12.26 22.88 0.71 0.85 6.53 1.7
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