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Abstract 
 
In the milk manufacturing process, yield is of great economic importance, and fat and protein 
concentration of milk are the most important factor influencing the quality. Milk yield and 
concentration of fat and protein are commonly analyzed with empirical mathematical Wood 
models. This study is focused on the capability of artificial neural networks to predict the milk 
yield and fat and protein concentration of milk for each cow as affected by the lactation stage, 
number of milking day (lactation number), and season of the year.  

A total of 48 dairy cows were selected from a research farm according to the lactation stage 
and number of milking day. Milk samples were taken on test day from April 2004 till April 
2005. A large database of 584 patterns were used to analyze the effects of lactation stage, 
number of milking day, and season of the year on milk yield and milk quality by using the 
Wood model. The data were also used to develop a comprehensive model for milk yield and fat 
and protein concentration using four-layer feed-forward neural networks (ANNs). The results 
showed that a very good performance of the ANN was achieved. Among the various ANN 
structures, a model of good performance was produced by 3-18-8-3 structure with a training 
algorithm of back propagation and Sigmoid transfer function in the hidden and output layers. 
The model was able to properly learn the relationship between the input and output parameters 
(RMSE = 0.102 and R2= 0.45).  The results confirmed that a properly trained neural network 
was able to produce simultaneously more than one output, unlike traditional models where one 
mathematical model was required for each output. The accuracy of predictions was better than 
those obtained with theoretical Wood model. The ability of ANN to predict simultaneously 
milk yield and concentration of fat and protein of milk could significantly reduce the 
computation time and the amount of practical work required to build the Wood models. 
 
Introduction  
 
One of the most important aspects of dairy production is the modelling of the milk yield and 
quality (Beever et al., 1991; Kamidi, 2005; Morant and Gnanasakthy, 1989; Mostert et al., 
2003). The quality of milk is better explained by the fat and protein concentration (Quinn et al., 
2006). The graphical representation of milk yield and quality against time is a lactation curve. 
Lactation curve variables significantly contribute to feeding and management decision support 
systems for optimization of dairy herd production processes. Lactation curve assessment also 
allows the evaluation of genetic and environmental factors in milk production (Kamidi, 2005). 
Lactation curves could also be used to identify the most productive animals in the flock. The 
prediction of annual milk production can assist dairy farmers in determining the efficiency of 
their farming operation in relation to their physical inputs.  
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The use of mathematical models in form of lactation curves has been widely used for 
predicting milk yields and milk components of dairy cattle (Pulina et al., 2005; Quinn et al., 
2006; Wood, 1967). The most well-known and commonly used model to describe the lactation 
curves, especially applied to cattle, is the gamma function (Eq. 1) or Wood’s model (Franci et 
al., 1999; Grzesiak et al., 2006; Pulina et al., 2005; Shanks et al., 1981; Schaeffer and Jamrozik, 
1996; Leon-Velarde et al., 1995; Wood, 1967). 
 

xcb exaY −=                                                          (1) 
 
where Y is the milk yield during given time x, x the time expressed in either days or week 
(number of days in milk), e is the base of natural logarithm, and a, b and c are the parameters 
which characterize the shape of the lactation curve. In dairy cattle, production typically rises to 
a peak 2 to 8 weeks postpartum and steadily declines thereafter (Kamidi, 2005). In Eq. (1), the 
parameter a is approximately the initial milk yield just after calving, b is the inclining slope 
parameter up to peak yield, and c is the declining slope parameter. The model estimates a peak 
milk yield of a(b/c)bexp(-b) which occurs (b/c) days after calving when x is days (Franci et al., 
1999; Grzesiak et al., 2006; Quinn et al., 2006). Using this model, the persistency value is 
calculated as -(b+1) Ln (c) (Rekik et al., 2003). Moreover, the concentration of fat or protein in 
milk produced during a lactation can be represented by a curve, the shape of which normally 
mirrors a similar curve depicting milk yield (Quinn et al., 2006). The concentration of fat and 
protein in milk tends to decrease rapidly at the start of the lactation, and after falling to the 
minimum point increases slowly until the lactation is completed (Wood, 1976). As in the case 
of modelling milk yield, the work of Wood (1967) provides the starting point for many studies 
involving empirical algebraic equations for representing the variation in fat and protein 
concentration during the lactation (Quinn et al., 2006; Wood, 1967; Killen and Keane, 1978; 
Stanton et al., 1992). Some researchers have used Wood’s model (Eqs. 1) in order to assess the 
milk yield and milk components because of the characteristics that the parameters of this model 
have (Grzesiak et al., 2006; Quinn et al., 2006; Galavız et al., 1998; Montaldo et al., 1997). 
However, Kamidi (2005) reported that an analogous relationship could adequately describes 
the trend in cumulative lactation yield. He believed  that the model represents a reduction of 
complex and varied lactation curve patterns to a simple, mathematically well behaved 
monotonic increasing function from which it is relatively easy to derive a general trend that 
fully defines persistency. Daily milk yield curves derived from the model are however 
imprecise and inappropriate as some degree of specific information loss occurs while general 
trend is consolidated by the yield accumulation process. Cumulative milk yield y at lactation 
day t is given by: 
 

εβγ ++= xxY 2
                                                        (2) 

 
Where β  and γ  are constants and ε  is a random error term. The constant β  is highly 
associated with total lactation yield. A deceleration constant   restrains milk production after the 
initial thrust to the peak, analogous in physics to the gravitational force attracting a trajectile 
towards the earth. If the deceleration constant γ  =0, then in theory no decline in cumulative 
milk yield curve is exhibited and the curve is reduced to a straight line. A natural decline in 
yield is inevitable and   will therefore be precisely negative. Based on this, the persistency is 
inversely proportional to deceleration and minimum decline or maximum persistency will 
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occur when γ =0. Kamidi (2005) has reported that the persistency, on the percentile scale, 
could be determined as follows: 
 

P=100(1+2γ ) where γ <0                                                        (3) 
 
The maximum absolute persistency value could be equal to 100%, so that proportional 
persistency is equivalent to 1+2 γ  (the resultant quantity after taking into account the 
deceleration).  

Milk production process is a complex interaction involving some parameters, which affect 
the milk yield and quality. The milk production process is greatly influenced by animal and 
environmental factors such as diet, stage of lactation, lactation number, season of year, ambient 
temperature, body condition, and etc. (Lock et al., 2005). Each of them may have varying 
degrees of effect on milk production process which must be considered during the production 
process. Although Wood model has been successful in explaining the milk production yield and 
concentration of fat and protein in milk, it is just related to lactation number and do not include 
the interaction effect of other related parameters. Indeed, the difficulty in modelling milk yield 
and milk components, using statistical models, is attributed to its stochastic nature and its 
dependency on a large number of variables. Thus, it is important to researchers to find a model 
that incorporates a large number of variables. However, the relationships between milk yield 
and related variables are almost always very complicated and highly non-linear, which makes 
developing a single, general, and accurate mathematical model almost impossible. This 
necessitates using the intelligent system for accurate estimation of milk yield and milk 
components, based on the physical and environmental parameters. One of the most appropriate 
methods to illustrate this seems to be artificial neural networks (ANN). The ANN appears to 
overcome some of the problems inherent to Wood model.  

At present, neural networks are one of the most successfully applied technique in the 
modelling domain. Although ANNs have been used to resolve problems related to pattern 
classification and recognition, there are more and more applications where the forecasting 
variable is of a quantitative nature (Grzesiak et al., 2003; Sanzogni and Kerr, 2001). ANNs are 
analytical systems that address problems whose solutions have not been explicitly formulated. 
They are used to resolve the type of problem which attempts to predict or estimate the value of 
a continuous function, f, which depends on various variables or characteristics (x1, x2, . . . , xn) 
(Grzesiak et al., 2003; Sanzogni and Kerr, 2001). This is precisely the application employed in 
this study whose objective is to estimate the milk yield and milk quality of animal which could 
be identified more rapidly. The ability of ANNs to work on data spoiled by noise is also a 
fundamental property of this modelling technique (Koskela, 2003). The ANN approach seems 
to work rather well with noisy data than its statistical counterparts (Lek et al., 1996). This 
ability is more important in modelling the lactation data.  

Lacroix et al. (1995) reported that ANNs allowed for an earlier and a more accurate 
prediction of milk production in Canadian Holsteins. Sanzogni and Kerr (2001) also reported 
that feed forward ANNs gave better estimates of total milk production than multiple linear 
regression models. The advantages of ANN over statistical models become even more distinct 
when several dependent variables come into play (Khazaei et al., 2008). A properly trained 
ANN can be used to produce simultaneously more than one output (for instance, milk yield, fat 
concentration, and protein concentration), unlike statistical models where one regression is 
required for each output. The representative problem that the statistical methods can solve is 
one dependent variable versus several independent variables.  
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There are few published studies on the use of NN for modelling of milk yield and milk 
components. Grzesiak et al. (2003), Salehi et al., (1988), and Salehi et al. (1998) reported that 
neural network models based on back-propagation learning have been found useful for 
prediction of milk yield and concentration of fat and protein. ANNs have been employed 
successfully in another study for dairy yield prediction and cow culling classification (Lacroix 
et al., 1997). In dairy cattle farming, artificial neural networks was successfully used to predict 
milk production per 305-d lactation (Lacroix et al., 1995). Milk production estimates have been 
successfully obtained in a study by using feed-forward artificial neural networks (Sanzogni and 
Kerr, 2001).  

The objective of this study was to determine the effects of lactation number, lactation stage, 
and month of the year on the milk yield and concentration of fat and protein in milk of Holstein 
cows. The other objective of this paper was to compare the prediction performances of  Wood 
and ANN models in their application to analyze the influence of lactation number, lactation 
stage, and month of the year on milk production yield and concentration of fat and protein. 
 
Materials and methods 
 
Animals and Milk Sampling  
 
The data used throughout this study correspond to one year (from April 2004 till April 2005) of 
production of milk in the research farm of University College of Abouraihan at Pakdasht, 
Tehran. A total of 48 Holstein cows that belonged to the same flock were randomly selected 
from the farm. All were kept in a stable in an open building equipped with large ventilation 
extractors on the ceiling. The three independent variables affecting average milk production 
yield and fat and protein concentration of milk for each cow were: lactation stage, (from 1 to 8 
stages); lactation number , number of days in milk (till 355 days); and month of the year (from 
April 2004 till April 2005).  

Milk samples from individual cows were taken on test days in each month. On each test 
day, no special management or treatment existed for cows except milk collection. After 
collection, a predetermined value of potassium dichromate (k2cr2o7) was added to each milk 
sample as preservative agent and were kept cool (4 °C) and worked up within 24 h after 
collection. For each cow, the daily milk yield, fat concentration (F%), and protein 
concentration (P%) were measured using a Milkoscsn-4000 (Foss Electric-Denmarc). All the 
analysis tests were conducted at the Central Lab. of Milk Analysis, University College of 
Abouraihan, Tehran. In all, dataset comprised 584 lactations with monthly testday recordings 
from 48 Holstein cows. The 584 milk yield records have been collected for the first, second, …, 
and eight lactation stages. Lactation number varied to 355 days. 
 
Artificial Neural Network Modelling  
 
In this paper, a feed-forward multi layer artificial neural network (ANN) model was proposed 
to predict the milk yield (MY) as well as fat (F) and protein concentration (P) of milk as a 
function of lactation stage, lactation number, and month of the year. The database used in ANN 
construction includes 584 patterns. Each pattern described by 3 independent variables and 3 
dependent variables.  

For each modelling run (repetition), the modelling data were randomly subdivided into 
three subsets, training, testing, and validation sets. The testing dataset was used to check the 
prediction performances of ANNs, whilst the verification set was used to control the size of 
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network error during training and, consequently, to control the approximation ability of ANNs. 
Input and output data were normalized to the range of 0 and 1 by means of minimax linear 
conversion function.  

A feed-forward neural network with a back propagation algorithm, which is based on the 
delta rule in order to adjust the weight coefficients of the network by the gradient descending 
method, was used for ANN modelling. Each pair of the input and target output was applied to 
train the weights and biases of ANNs with log-sigmoid and tan-sigmoid transfer functions. The 
training data set (380 patterns, equal to 65% of the experimental data) were used for the training 
of ANNs. The difference between the modelled output values (actual MY, FC, and PC) were 
calculated to show the model performance in term of root mean square error (RMSE) and 
coefficient of determination (R2).  

Models obtained from the training phase were used to predict the estimated outputs for the 
inputs of the verification data set (87 patterns equal to 15% of the experimental data). 
Compared to those values from the training phase, if the values of RMSE was significantly 
bigger and the value of R2 for the verification was significantly smaller, then the ANN model 
suffers from over-fitting during training and therefore should be rejected.  

In order to find the optimal ANN structure, several configurations were tried in which the 
number of hidden layers varied from 1-2 and the number of neurons within each hidden layer 
varied from 5-24. Once a given neural network was trained using the appropriate training 
dataset, its performance was then evaluated using the appropriate testing dataset. The three 
statistical parameters described in the previous section were used to determine the adequacy of 
the neural network output response for a given dataset. The best ANN structure selected via the 
training and verification phases was used to predict the estimated outputs for the inputs of the 
testing data set (117 patterns equal to 20% of the experimental data). 
 
Mathematical  modelling 
 
To evaluate the prediction performance of the ANN model, the prediction results by the ANN 
method were compared with the prediction results by the gamma function Eq. (1), where the 
same data sets and independent variables as used in the ANN model were used for the 
determination of coefficients of the regression models. In the first step of mathematical 
modelling, the effect of production month independent of stage of lactation was estimated to 
account for seasonal effects. Based on this, the parameters were estimated for 4 average 
lactation curves for the four season of the year. In the second step, the effect of lactation stage 
independent of the months of the year was estimated to account for lactation stage effects. The 
parameters of the gamma function were just estimated for the first four lactation stage, because 
the number of measured data for the lactation stages of 5, 6, 7, and 8 were not more enough for 
modelling. Moreover, quadratic curve (Eq. 2) was fitted to cumulative daily milk yields for up 
to 355 days of each lactation to obtain the deceleration constants and subsequently derive 
persistency. Equations 1 and 2 were fitted to the lactation curves by a non-linear regression 
procedure of SAS (Statistical Analysis System Institute, 1990), providing least-square 
estimates of the parameters a, b, and c. The main criteria used to compare models were the 
correlations between observed and predicted yields, root mean square error (RMSE), and 
coefficient of determination (R2) between measured and predicted data. 
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Results and discussion  
 
Overall means, minimum, maximum, standard deviation and coefficients of variation (CVs) 
from univariate analyses for the three characters in the 583 milk yield record are presented in 
Table 1. The actual average milk yield, fat and protein concentration were 27.05 kg/d, 3.23%, 
and 3.05%, respectively (Table 1). High coefficients of variation were recorded in fat content 
(26.11%) and milk yield (23.9%). As with these traits, it is evident that there was a large 
amount of diversity between milk yield and milk fat concentration of Holestein cows at 
different lactation stage and seasons of the year. For protein content, small coefficients of 
variation was observed. The standard deviation for fat % were about twice as large as the 
standard deviation for protein %. 
 

Table 1. Statistical description of the input and output variables used in this study. 
 

Parameter Mean Min. Max. std CV Skewness Kurtosis 

Milk yield 
(kg) 

27.05 10.2 47.0 6.47 23.9 0.016 -0.207 

Fat concentration 
(%) 

3.23 1.0 6.4 0.85 26.11 0.49 1.08 

Protein 
concentration, 

(%) 
3.05 0.64 4.3 0.38 12.46 0.13 2.60 

 
The distribution of milk yield and concentration of fat and protein data at different lactation 
stages and seasons of the year are shown in Fig. 1. It is evident that the frequency distribution 
curves were approximately normally distributed. The milk yield ranged from 10.2 to 47 kg/d. 
Corresponding value for the fat concentration ranged from 1.0-6.4%, while the protein 
concentration ranged from 0.64-4.3%. About 81% of the milk records had a milk yield ranging 
from 19.5-34.5 kg/d, about 85% a fat concentration ranging from 2.4-4.4%, and about 89.5% a 
protein concentration ranging from 2.7-3.6%. 
 
The lactation Curve in Cows  
 
Analysis of variance indicated that all the three independent variables, namely, lactation stage, 
the season of the year, and lactation number significantly influenced milk yield and fat and 
protein concentration. The interaction between the season of the year and lactation stage was 
not significant (P < 0.05); therefore, we analyzed separately the average lactation curves for the 
four season of the year as well as the lactation curves for the first four lactation stages. The 
effects of production season and lactation stage on the parameters of the Wood’s model for 
prediction of milk yield and concentration of fat and protein were evaluated and results are 
reported in Tables 2 and 3.  In these Tables, the estimated parameters and some fit statistics 
obtained for the Wood model are reported. In general terms, most of the models had low R2 
values ranging from 0.19 to 0.58 (Tables 2 and 3), suggesting overall poor fits to the data. 
Similar results have been reported by Grzesiak et al., (2006). Several other studies (Franci et al., 
1999; Peralta-Lailson et al., 2005) have found a poor fit to data on milk yield and its 
constituents when using this model. This poor fit may, in some instances, be due to 
environmental factors such as feed, weather and pregnancy status. The model of Wood is, 
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however, still considered by many to be a basic reference for research on modelling lactation 
performance of livestock (Pulina et al., 2005; Grzesiak et al., 2006; Quinn et al., 2006). 
Nevertheless, Wood’s model is not always the most appropriate. Guo and Swalve (1995) used 
the Wood’s model compared to a multiple regression model. They found that, the first model 
provided a better explanation of milk yield with a determination coefficient of 0.40, which was 
13% better than the multiple regression model. 
 
 

 
 

Fig. 1. Distribution of means in daily milk yield, fat content 
and protein content of 48 experimental dairy cows. 

 
 

The results of fitting the cumulative yield data to the curvilinear model (Eq. 2) including 
goodness of fit, deceleration constants and corresponding deceleration and persistency levels 
are presented in Table 4. Perfect fits of cumulative yield data to the curvilinear model were 
obtained for all lactations curves with coefficients of determination averaging 0.998. Model fit 
was notably equally good.  

Figures 2 and 3 show the average predicted lactation curves for the four seasons of the year 
and for different lactation stages, respectively. Examples of how the predicted fat and protein 
concentrations change for cows of different lactation stage are shown in Figs. 4 and 5. It is 
evident from Fig. 2 that for the spring season, the cows with a high production in the beginning 
of the lactation had a remarkable yield decrease in the following stages which may be due to the 
genetic effect. This phenomenon may be due to the environmental and nutritional effects of 
different seasons on grazing management conditions. In fact, on this season, they could take 
advantage of more and better quality pasture than the other seasons. The lactation curves found 
in the present study for Holestein cows for each season of the year, showed a lactation-period 
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effect similar to those reported by other researchers who observed that season of the year had a 
significant effect on the lactation curve. 
 
 
Table 2. Coefficients of regression (a–c) with goodness of fit of Wood models (Eq. 1) in 
prediction milk yield (kg), and fat and protein concentration for different seasons of the year. 

 

Parameter Season 
a b c 

×10-3 R2 RMSE
peak 
yield,  

days to 
peak 
yield 

Persistency

Milk yield 
(kg) 

Spring 20.608 0.157 2.8 0.43 5.02 33.1 56.1 6.8 
Summer 11.483 0.289 3.3 0.39 4.7 31.3 87.6 7.4 
Autumn 20.251 0.122 2.3 0.36 5.43 29.1 53.0 6.8 
Winter 18.765 0.160 2.7 0.41 5.19 30.7 59.3 6.9 

Fat 
concentration 

(%) 

Spring 6.893 -0.270 -3.1 0.26 0.67 - - - 
Summer 5.744 -0.196 -1.7 0.21 0.78 - - - 
Autumn 5.155 -0.184 -2.4 0.21 0.99 - - - 
Winter 5.047 -0.124 -1.1 0.19 0.68 - - - 

Protein 
concentration 

(%) 

Spring 4.078 -0.115 -1.4 0.37 0.23 - - - 
Summer 3.289 -0.054 -1.0 0.29 0.31 - - - 
Autumn 2.544 0.054 -1.4 0.24 0.41 - - - 
Winter 3.734 -0.086 -1.2 0.34 0.30 - - - 

 
 

Table 3. Coefficients of regression (a–c) with goodness of fit of Wood models (Eq. 1) in 
prediction milk yield (kg), and fat and protein concentration (%) for different lactation 
stages. 

 

Parameter 
Lactation 

stage 

a b c 
×10-3 R2 RMSE

Peak 
yield,  
(Kg) 

Days 
to peak 
yield 

Persistency

Milk yield 
(kg) 

First  18.067 0.130 1.6 0.24 4.08 28.1 81.3 7.3 
Second  17.152 0.203 3.6 0.45 5.3 31.7 56.4 6.8 
Third  21.031 0.193 3.6 0.58 5.07 37.4 53.6 6.7 
Fourth  21.006 0.147 3.3 0.47 5.4 31.7 44.5 6.6 

Fat 
concentration 

(%) 

First  6.299 -0.230 -2.3 0.23 0.77 - - - 
Second  7.159 -0.271 -3.0 0.21 0.82 - - - 
Third  4.174 -0.118 -1.6 0.24 0.89 - - - 
Fourth  4.522 -0.094 -1.1  0.84 - - - 

Protein 
concentration 

(%) 

First  3.580 -0.076 -1.1 0.36 0.28 - - - 
Second  3.452 -0.069 -1.4 0.43 0.27 - - - 
Third  3.252 -0.035 -0.6 0.32 0.46 - - - 
Fourth  2.845 -0.012 -0.7 0.29 0.34 - - - 
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Table 4. Model fit of cumulative milk yield data fitted to average quadratic 
curves (Eq. 2) for various lactation stage and season of the year. 

 

 
Deceleration
constant, γ β  ε  R2 Persistency, 

P(%) 
Season      

Spring -0.0051 7.999 -16.585 0.998 98.98 
Summer -0.0037 7.452 -50.439 0.987 99.26 
Autumn -0.0039 6.949 -6.908 0.993 99.22 

Winter -0.0045 7.398 -17.002 0.991 99.10 

Lactation 
stage 

 
  

  

First  -0.0020 6.519 -12.165 0.988 99.60 
Second  -0.0059 7.769 -24.735 0.985 98.82 

Third  -0.0072 9.147 -25.306 0.989 98.56 
Fourth  -0.0061 7.678 -8.461 0.993 98.78 

 
Milk production is largely dependent on the shape of the lactation curve. Important 

elements in the lactation pattern are the peak yield, which is the maximum milk yield during 
lactation, and lactation persistency, which is the ability of animals to maintain a reasonably 
constant milk yield after the lactation peak. “Persistent” animals are those with flatter lactation 
curves. The persistency of lactation is certainly one of the most important contributors to the 
overall milk production. In this study, the persistency, peak yield, and days to peak yield were 
calculated using the Wood model parameters as: -(b+1) Ln (c), a(b/c)bexp(-b), and (b/c), 
respectively (Tekerli et al., 2000; Quinn et al., 2006). The obtained results are reported in 
Tables 2 and 3. The persistency parameters were also determined by using the Eq. 3. The results 
are reported in Table 4. Kamidi (2005) reported similar findings for deceleration constants (γ ) 
and persistency (%) for dairy cattle. The variation of the persistency values (P%) with lactation 
stage as well as with season of the year are almost different with those obtained by the Wood 
model (Table 2 and 3).  It may be concluded that the persistency values obtained by the 
curvilinear model (Eq. 2) seem to be more accurate, because perfect fits of the curvilinear 
model (Eq. 2) was more accurate than the Wood model.  

The data reported in Tables 2, 3, and 4 show that young animals, in the first lactation stage, 
had flatter lactation curves and higher persistency. It is evident from Fig. 3 that the first 
lactation cows had lower milk yield than older cows at the beginning of the lactation and were, 
as expected, more persistent (Tekerli et al., 2000). The peak yield was greater for older cows 
(with the mean peak yield of 32–37 kg) than for primiparous cows (with the mean peak yield of  
27 kg).  

The data reported in Tables 2, 3, and 4 show that a negative correlation was observed 
between persistency and lactation yield. Kamidi (2005) has also reported similar finding for 
dairy cattle. Solkner and Fuchs (1987) found a significant linear regression of various measures 
of persistency on milk yield indicating a positive correlation. 
The results (Fig. 2; Tables 2-4) showed that milk production was strongly influenced by the 
season of the year as reported by Macciotta et al. (1999). Peralta-Lailson et al. (2005) and 
Montaldo et al. (1997) have also reported how the parameters in the lactation curve in goats as 
well as the parameters in the Wood model were affected by environmental conditions. These 
are due to biological and, above all, management factors. Feed supplements are given only in 
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some periods of the year: hay from late summer to autumn and concentrates from late autumn to 
winter. As it is evident from Fig 5 and Tables 2-3, the maximum peak yield and a reasonable 
persistency were obtained in the spring season was due both to favorable climatic conditions 
and more importantly, the greater availability of pasture (Cappio-Borlino et al., 1997). 
 

Fig. 2. Lactation curves according to the Wood model 
for cows at four seasons. 

Fig. 3. Lactation curves according to the Wood model 
for cows at four seasons. 

 

Fig. 4. Predicted  average fat concentration  
(using the model of Wood). 

Fig. 5. Predicted  average protein concentration 
(using the model of Wood). 

 
It was found that (Figs. 4-7) the concentration of both fat and protein were also affected by 

the both seasonal changes in feeding regime and lactation stage (Friggens et al., 1995; 
Kavanagh et al., 2003; Quinn et al, 2006). From the data used in this study, it would appear that 
the fat and protein concentrations were less subject to seasonal variation when compared to 
whole milk production (Figs. 6-7). This may be explained by the fact that differences in feeding 
regimes tend to impact more on milk volume rather than the milk constituents (Friggens et al., 
1995; Kavanagh et al., 2003). The trough for fat percentage was found to lag approximately 3 
weeks behind the peak for milk yield (Figs. 2-7), while that for protein concentration coincided 
with peak milk yield. This corresponds with the findings of Quinn et al. (2006), Schutz et al. 
(1990) and Stanton et al. (1992). The seasonal trends, for both fat and protein concentration, are 
similar to the findings of Quinn et al. (2006) and Killen and Keane (1978); there is a stimulus to 
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fat production in the winter months and a depression in early. The greatest variations in the 
protein concentration of milk due to production season were found to occur at the Autumn (Fig. 
7). Quinn et al. (2006) have also found that maximum variations in the protein concentration 
for Irish dairy cows occur between September and February.   
 

Fig. 6. Predicted  average fat concentrations for 
different seasons of the year 
 (using the model of Wood). 

Fig. 7. Predicted  average protein concentration 
for different seasons of the year 

 (using the model of Wood). 
 
Neural Network Modelling  
 
The objectives were to study the ability of ANNs to model the milk yield and concentration of 
fat and protein under different lactation stage, lactation number, and season of the year. Various 
feed-forward ANN were trained and tested using the experimental data. Networks with two 
hidden layers trained with BP algorithm and transfer function of Sigmoid gave the best 
performance for creating nonlinear mapping between input and output parameters. Figure 8 
shows that both the network learning ability and accuracy of prediction can be severely affected 
if the architecture is not suitable. In the BP networks, the number of hidden neurons determines 
how well a dataset can be learned. Too many hidden neurons will tend to memorize the problem, 
and thus do not generalize the input/output relationship. If the number of hidden neurons used is 
not enough, the network will generalize the relationship well but may not have enough ‘power’ 
to learn the patterns well at a satisfactory precision. 

In order to avoid possible overtraining, the aim is to obtain an ANN model with a minimal 
dimension and minimum errors in training and testing. In this study, the most suitable ANN to 
correlate milk yield and concentration of fat and protein with lactation stage, lactation number, 
and season of the year was selected as 3-18-8-3 (Fig. 8). For this structure, the best combination 
of the ANN parameters that were used for predicting milk yield and concentration of fat and 
protein is shown in Table 5. From Table 5, it was found that the best ANN configuration, had a 
mean RMSE of 0.129 for milk yield, 0.136 for fat concentration, and 0.175 for protein 
concentration. 
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Fig. 8. Number of neurons in the first and second hidden layers and training performance of the 

ANN models. 
 

In this study, the training was stopped when the error between the measured and predicted 
outputs in the test set either starts to increase or reduces not significantly (Cunha and Vieira, 
2005;). Based on this, the number of epochs was limited to 13x103.   

The performance of the final selected ANN model trained with 13x103 epochs for 
prediction of milk yield and concentration of fat and protein of milk are shown in Figs. 9-10. 
The results showed that for all the three output parameters, the predictive capability was 
satisfactory and data points were well concentrated around the ideal unity-slope line selected.  
For all the three outputs, the linear adjustment between measured and estimated values gives 
almost a slope equal to 1  (Y = 0.682X - 0.137 for milk yield, Y = 7102X - 0.1173 for fat 
concentration, and Y = 0.656X - 0.1245 for protein concentration). The resulting coefficients of 
determination were 0.431, 0.420, and 0.392 for the regression between observed and predicted 
values for milk yield, fat concentration and protein concentration, respectively (Figs. 9-10 and 
Table 5), indicating that the ANN provided satisfactory results over the whole set of values for 
the dependent variable. These results also confirm that a properly trained neural network was 
able to produce simultaneously more than one output, unlike traditional models where one 
mathematical model was required for each output (Tables 2-4). The accuracy of predictions 
was better than those obtained with theoretical Wood model (Tables 2-3). The ability of ANN 
to predict simultaneously milk yield and concentration of fat and protein of milk could 
significantly reduce the computation time and the amount of practical work required to build 
the Wood models. 
 
 
 
 
 

102



 
 

IAALD AFITA WCCA2008         WORLD CONFERENCE ON AGRICULTURAL INFORMATION AND IT  

Table 5. The best ANN structure for predicting milk yield and  concentration of fat and protein. 
 

MLP structure 
Optimum 

Transfer 
function

RMSE
training

RMSE 
testing Epoch, 

×103 learning 
rate 

momentum Milk 
yield 

Fat 
(%) 

Protein, 
(%) 

3-18-8-3 
trained by BP 

algorithm  
0.65 0.45 sigmoid 0. 102

0.129 

(0.431) *
0.136 

(0.420) 
0.175 

(0.392) 
13 

* The data in parenthesis are R2 values. 
 

Fig. 9. Correlation between the actual and the predicted 
milk yield data by the ANN model of two hidden layers.

Fig. 10. Correlation between the actual and the 
predicted fat concentration data by the ANN model 

of two hidden layers. 
 

The results obtained from this study showed that the network parameters including 
learning rate and momentum values affected the ANN performances significantly. A problem 
during the training of an ANN is the choice of a suitable learning rate and momentum (Saberali 
et al., 2007). It depends on both the nature of the problem to be examined and on the network’s 
architecture. The learning rate determines the amount that the weights change during a series of 
iterations to bring the predicted value within an acceptable range of the observed value. A high 
learning rate can be chosen so that the ANN learns fast; greater adjustments of the weights 
leading to a faster convergence. This effect is in general desired, in that the learning process 
takes place faster.  

However, a small learning rate means that extensive computing capacity will be required 
and involves a danger of ‘getting stuck’ in a local minimum of the error space. This conflict can 
also be solved by the introduction of a momentum term (Cunha and Vieira, 2005). However, in 
this study, the values of 0.65 for learning rate and 0.45 for momentum were desirable so that the 
achieved result was as precise as possible. 
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