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ABSTRACT
Due to the importance of estrus detection on the reproductive performance this research
aimed to develop an algorithm using fuzzy sets to predict the estrus in dairy cows. Three
input variables were used: a) dairy cows’ behavior (mounting, genital mucous discharge,
genital swelling, frequent urination, and restlessness); b) attempting to mount other cows, and
c) time since last estrus. The output variable used was the estrus detection rate that is the
percentage of correct estrus detection. The analysis was made using MATLAB® 6.5 fuzzy
logic toolbox. The results showed that fuzzy logic is a promising way for predicting estrus in
dairy cows, and it could help in decision making process related to insemination of the
animals.
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1. INTRODUCTION
The efficient estrus detection in cows and heifers deeply influences reproductive performance
of the animals, and the livestock farmer profitability (Lopes, 1997). An estrus detection
failure brings economical problems to the farmer mainly when artificial insemination or
controlled mounting is used. Even if a cow is in good conditions to reproduce it is important
to detect the estrus correctly to avoid excessive use of hormones, as the herd’s performance is
considered appropriated when the dairy cows farrow once a year (Torres, 1987; Camargo,
2000). According to Ferreira et al. (1997) the efficient detection of estrus is directly related to
reproduction efficiency. For adequate estrus detection it is necessary to evaluate the animal
behavior (Esslemont et al., 1980; Stevenson et al., 1996), having as start point the animal’s
reproductive cycle. Estrus is defined as the period when dry cows or heifers have their
reproductive hormones level increased, and that it occurs every 18 to 24 days (Cardoso,
2002). The estrus main characteristic is when the female accepts mounting, followed by other
signals that help the estrus detection, called secondary signals (Camargo, 2000).
Cardoso (2002) enhances the importance to know well about the estrus signals. During the
pre-estrus cows attempt to mount other cows, however they do not allow other cows to mount
them. At this time they vocalize more frequently, walk close to fences, follow other cows, get
alert, and their genitals become red and swollen filled with clear and viscous mucous. The
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signals are the same during the estrus, and during the post-estrus the cows do not accept that
other cows mount them anymore, they present vulva less swollen and they resume the usual
behavior. Cano (2002) proposed a study analyzing cases and interactions of sexual behavior
of cows with synchronized estrus when mating Nelore1 breed bulls with high and low libido.
In that specific study it was observed sexual behavior such as: detection (smelling vulva,
Flehmen’s reflexes, accommodation-accompaniment, pursuit), pre-matting (placing the chin
on the rump, banging heads, licking other parts of body, attempting to mount), mount-matting
(attempt to mount, attempt with exposure, attempt to mount with positive immobility, service
or complete mounting) and rest period.
For the estrus detection an observer must be well prepared and know widely the signals that
indicate the estrus in order to identify correctly its presence even though this usually does not
result in an accurate detection, usually lower than 58% (Liu & Spahr, 1993; At-Taras &
Spahr, 2001, Peralta, 2003). Animal behavior should be observed at least twice a day (in the
early morning and in the end of the afternoon), and detection efficiency can be improved with
the male presence. Devices have been developed to provide an efficient detection, and
according to Senger (1994) this technology is more efficient to detect physiological and
behavioral events related to ovulation being able to: identifying precisely and automatically
the cows in estrus; monitoring constantly the animal during its productive period, and
minimizing labor. Nowadays several methods have been used to detect the estrus such as
visual observation (Xu et al., 1998; Rae et al., 1999; Cavalieri et al., 2003; Solano et al.,
2005), mounting detectors (Nebel et al., 1992; At-Taras & Spahr, 2001; Saumande, 2002),
milk progesterone testing (Cavestany & Foote, 1985; Firk et al., 2002; Van der Lende et al.,
2004; Xu et al., 2005), combined measurements of temperature and electrical resistance or
conductivity of reproductive tissues (Gartland et al., 1976; Foote et al., 1979; Bobowiec et al.,
1990; Morais et al., 2006), physical activity measurement using pedometers (Maatje et al.,
1997; López-Gatius et al., 2005; Roelofs et al., 2005; Yániz et al., 2006), pressure sensing
radio telemetry (Nebel et al., 2000), electrical conductivity of cervical mucous (Cardoso,
2002), and method to analyze vocalization of the cows (Schon et al., 2007). According to
Marcinkowski (2004) the factors that influence estrus detection are: the cow (energy balance,
body condition, their general health, and reproduction tract among others), the environment
(temperature, ventilation, walking area, and grouping) and human factors (knowledge about
estrus signs, estrus check daily, labor dedication, observation intensity and responsibility, and
observation report).
Fuzzy logic is also called misty sets or diffuse sets, and it is an extension of the classic logic.
It was first studied by Lofti Zadeh in the University of California Berkeley, in 1965, when he
published a paper titled “Fuzzy Sets” in the journal Information and Control (Zadeh, 1965).
This new methodology is one of the more recent specialties of the artificial intelligence area
that aims to generate techniques to solve problems in several knowledge areas, approaching
the computational decision to the human decision. Fuzzy logic uses approximate instead of
exact information, imitating the human thinking. Nowadays fuzzy logic is used in control
systems and in decision support systems where the problem description approach can not be
precise. A fuzzy system is formed of output and input variables. For each variable, fuzzy sets
that characterize those variables are formulated, and for each fuzzy set a membership
function is built. After that, the rules that relate the output and input variables to their
1
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respective fuzzy sets are defined. The computational evaluation of a fuzzy system is formed
of fuzzification (construction of output variables that define the study), inference (fuzzy
reasoning application on fuzzy output) and defuzzification (translation of linguistic value to
numerical value). The fuzzy reasoning can be implemented by a direct method or indirect
method (Tanaka, 1997). This methodology has been used in various areas such as data
analysis, expert systems, control and optimization, aircraft control and biomedicine
(Ribacionka, 1999; Lopes, 1999; Ortega, 2001; Weber & Klein, 2003). Fuzzy sets theory,
fuzzy logic and fuzzy theory potential applications have been promising in the engineering
area (Klir & Yuan, 1995). In addition to the applications cited before fuzzy logic have also
been used in other agricultural applications (Ali et al., 1999; Cho et al., 2002; Amendola et
al., 2004; Saptomo et al., 2004; Amendola et al., 2005; Carvalho et al., 2005; Queiroz et al.,
2005; Tassinari, 2006; and Tooy & Murase, 2007).
Morag et al. (2001) proposed the use of a decision support system by using fuzzy logic where
cows’ traits such as body weight, dairy production and breast-feeding period were evaluated
under a controlled diet. Firk et al. (2003) used fuzzy logic approach to show the benefit of
combining cows’ activities and the period after the last estrus, in order to detect whether the
cow is in the estrus period or not, reporting the insemination prediction improvement when
compared to other methods.
2. OBJECTIVE
Due to the difficulties in accurate prediction of dairy cows estrus this research aimed to
develop a fuzzy model for estrus detection.
3. METHODOLOGY
The following input variables were defined for the Fuzzy system development: the main
behavioral signs that show whether the cow is in the estrus period or not (number of behavior
observations – NBO), the occurrence period of attempts of mounting other cows – APM
(hours), and the period since last estrus – PSLE (days). The Fuzzy system predicts the estrus
detection rate – EDR (%), percentage of correct estrus detection, based on the input variables
(Figure 1). The analysis was developed by using the software MATLAB® 6.5, making use of
Mamdani Method as the inference method, and the defuzzyfication was performed by using
the Gravity Center Method, as proposed by Amendola & Souza (2004).
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Figure 1: Fuzzy system layout
Trapezoidal-type membership functions were used to represent the three independent
variables since those functions adjust better to its profile as reported in other studies (Firk et
al., 2003) and reported by an animal reproduction specialist.
The behavioral observations considered in the analysis are the presence of clear mucous,
swollen genitals, frequent urine, attempt to mount other cows and restlessness, as these are
the main characteristics described in literature for estrus detection (Gray & Verner, 1992).
Then, the fuzzy sets and their respective pertinence functions were fixed as shown in Table 1
based on practical information obtained from cow’s reproduction handling and use of
Heatwatch® estrus detection system (CowChips, L.L.C.) (M. A. Lopes, 2005, invited
specialist). The pertinence functions were generated by using the software MATLAB® 6.5,
and based on the fuzzy sets defined for NBO (Figure 2).
Table 1: Linguistic terms used for input variable classification – number of behavior
observations
Fuzzy Sets

Interval

Low
High

[0, 3.5]
[2.5, 5]
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Figure 2: Fuzzy sets membership functions admitted by the input variable number NBO

The fuzzy sets described as ideal, critical and acceptable were defined for APM according to
Torres (1987). The intervals admitted by the membership functions and the type are shown in
Table 2 and Figure 3 respectively.

Table 2: Linguistic terms used for input variable classification – attempt period of mounting
other cows
Fuzzy Sets

Interval

Ideal
Critical
Acceptable

[6, 11]
[10, 16]
[14, 18]
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Figure 3: Fuzzy sets pertinence functions admitted by the input variable APM
The fuzzy sets were nominated as very short, short, normal, long and very long for the input
variable PSLE based on literature (Firk et al., 2003). Table 3 shows the fuzzy sets
classification, the intervals admitted by the pertinence functions and the pertinence function
type used. Figure 4 shows the pertinence functions generated according to the fuzzy sets
defined for PSLE.
Table 3: Linguistic terms used for input variable classification – period since last estrus
Fuzzy Sets
Very short
Short
Normal
Long
Very long

Interval
[0, 12]
[8, 20]
[16, 26]
[22, 38]
[34, 50]
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Figure 4: Fuzzy sets membership functions admitted by the input variable PSLE
The output variable EDR (%) that account the percentage of correct estrus detection, was
defined as a result of the uncertain issues related to the moment when the animal presents the
estrus, as proposed by a specialist, and the fuzzy sets are classified as low, medium, and high,
as indicated in Table 4, and Figure 5.
Table 4: Linguistic terms used for output variable classification – estrus detection rate
Fuzzy Sets
Low
Medium
High

Interval
[0, 50]
[35, 75]
[60, 100]

Figure 5: Fuzzy sets membership functions admitted by the output variable EDR
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4. RESULTS AND DISCUSSION
The rules development was based on information provided by cattle reproduction specialists.
A total of 30 rules were defined (Table 5) correlating the input variables (NBO, APM and
PSLE) and the output variable (EDR), and its respective fuzzy sets. Once the output and input
variables were defined and the rules set were developed, the model was generated by using
the software MATLAB® 6.5.
Table 5: Composition of the rules set used in the fuzzy inference for the following variables:
NBO, APM, and PSLE
NBO
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low
Low

APM
Ideal
Ideal
Ideal
Ideal
Ideal
Critical
Critical
Critical
Critical
Critical
Acceptable
Acceptable
Acceptable
Acceptable
Acceptable

PSLE
Very short
Short
Normal
Long
Very long
Very short
Short
Normal
Long
Very long
Very short
Short
Normal
Long
Very long

EDR
Low
Low
Medium
Low
Low
Low
Low
Low
Low
Low
Low
Low
Medium
Low
Low

NBO
High
High
High
High
High
High
High
High
High
High
High
High
High
High
High

APM
PSLE
Ideal
Very short
Ideal
Short
Ideal
Normal
Ideal
Long
Ideal
Very long
Critical
Very short
Critical
Short
Critical
Normal
Critical
Long
Critical
Very long
Acceptable Very short
Acceptable
Short
Acceptable
Normal
Acceptable
Long
Acceptable Very long

EDR
Low
Medium
High
Medium
Low
Low
Low
Medium
Low
Low
Low
Medium
High
Medium
Low

The Fuzzy system was implemented by using the fuzzy logic toolbox of software MATLAB®
6.5, and subsequently it was tested in distinct scenarios. Figure 6 shows three response
surfaces generated based on the fuzzy sets theory for a period of 20 days after the last estrus
(PSLE, Figure 6a), eight hours as the attempt period of mounting other cows (APM, Figure
6b), and number of behavior observation equals to 2 (NBO, Figure 6c).
In Figure 6a it can be seen that EDR increases with the increase of NBO, and it is in
agreement with the Cardoso (2002) who reported the importance of the estrus signals
expression. On the other hand the lower values of EDR for APM ranging from 11 a.m. to 14
p.m. is due to the effect of the high temperature incidence during that time, influencing
negatively the reproduction (Torres, 1987; Chicoteau et al., 1989; Orihuela, 2000). For the
response surface for APM equal to eight hours (Figure 6b) the peak of EDR at PSLE at 21
days agrees with the observations made by Firk et al. (2003), and shows that this may be the
best time for the cow expresses the subsequent estrus. The peak of PSLE at 21 days and the
low values of APM at the hottest hours of the day was found again when NBO is set to 2
(Figure 6c).
Performing a two-dimensional analysis by fixing two input variables and varying the
remaining one, a more detailed projection of the scenario preset according to the estrus
detection rate can be obtained. With PSLE equal to 21 days and APM of eight hours, NBO
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influences EDR as shown in Figure 7. Considering this scenario EDR reached values between
55 and 85% with NBO varying from 0 to 5. APM influences on EDR variation (Figure 8) and
the occurrance considering NBO equal to 4 when PSLE equal to 21 days. Lower detection
rates were obtained from the day’s hottest period, as shown by Torres (1987). It was observed
an EDR variation approximately between 20 and 85.3% according to the period after last
estrus for NBO equal to 4 and APM of 8 hours (Figure 9). EDR varied as expected, with its
maximum value at 21 days after last estrus and decreasing as PSLE decreases or increases.
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PSLE = 20 days

(a)
APM = 8 hours

(b)
NBO = 2

(c)
Figure 6: Estrus detection rate (EDR) as a function of: (a) number of behavior observations
(NBO) and attempt period of mounting other cows (APM), (b) NBO and period since last
estrus (PSLE), and (c) APM and PSLE
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Figure 7: Estrus detection rate (EDR) as a function of number of behavior observations
(NBO) for period since last estrus (PSLE) equal to 21 days and attempt period of mounting
other cows (APM) equal to 8 hours

Figure 8: Estrus detection rate (EDR) as a function of attempt period of mounting other cows
(APM) for number of behavior observations equal to 4 (NBO) and period since last estrus
(PSLE) equal to 21 hours

Figure 9: Estrus detection rate (EDR) as a function of period since last estrus (PSLE) for
number of behavior observations (NBO) equal to 4 and attempt period of mounting other
cows (APM) equal to 8 hours
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Figure 10 shows the entire fuzzy inference system process in the Matlab Fuzzy Logic
Toolbox for the three input (NBO, APM and PSLE) and one output (EDR) membership
functions. Each row of plots correspond to the rule listed in Table 5, and the vertical line on
each input membership functions implies the input value and its effect on each input
membership grade that it intercepts. For a hypothetical scenario in which NBO equal to 5,
APM of seven hours and PSLE of 21 days were adopted, only the rule 18 was used where the
pertinence degree of each input variable is equal to 1. Thus, each value of the grade is
projected onto the output membership function to obtain the EDR through the gravity center,
resulting in a estrus detection rate of 84.7% and classified as high value. In this condition it is
possible to move the vertical lines that define the independent variable values (NBO, APM
and PSLE), resulting in a new EDR value, which defines a new scenery. According to
practical information obtained from cow´s reproduction handling and use of Heatwatch®
estrus detection system (CowChips, L.L.C.) (M. A. Lopes, 2005, invited specialist) the
adopted methodology allowed to obtain satisfactory results showing that fuzzy analysis was
helpful for estrus detection. Table 6 shows some results obtained from simulations
considering various hypothetical scenarios.

NBO=5

APM=7

PSLE=21

EDR=84.7

Figure 10: Composition of the rules set used in the fuzzy inference
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Table 6: Estrus detection rate (EDR) simulation for seven scenarios as a function of number
of behavior observation (NBO), attempt period of mounting other cows (APM) and period
since last estrus (PSLE)
Scenario
NBO
APM (hour)
PSLE (day)
EDR (%)
1
1
12
15
20.2
2
5
14
15
22.3
3
5
14
25
32.9
4
1
6
18
36.3
5
2
17
21
55.0
6
3
7
21
73.5
7
5
7
21
84.7
For scenario 6 considering that the main behavioral observations listed by Gray & Verner
(1992) and by a cattle reproduction specialist are equal to three, that the attempt period of
mounting other cows considered ideal is seven hours (the time that most cows shows estrus
according to Torres, 1987), and that the period since last estrus is 21 days, all values are
within the interval considered normal by Cardoso (2002) and Firk et al. (2003). Under this
condition estrus detection rate is equal to 73.5% and considered a medium detection rate with
level of pertinence equal to 0.100 or high with pertinence level of 0.675. This result agrees
with Vanzin (2005) who asserts that no-return-to-estrus rate (pregnancy at first trial) must be
maintained higher than 75% to be considered good, and must be maintained between 65 and
70% to be considered medium. The preliminary results of simulations were consistent with
the profile expected for EDR as a function of NBO, APM and PSLE. Further calibration
needs to be performed to ensure the accuracy of the model response.
5. CONCLUSION
Preliminary results suggest that fuzzy logic is a promising method for dairy cows estrus
detection. The developed fuzzy model can be easily implemented, and it is flexible to the
construction of cases for estrus detection rate prediction as the used input variables can be
easily observed. Further tests will be carried out for better validate this estimative in field.
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