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Abstract  

 

In large-sized farms, automated measurement of cows’ behaviours by data loggers saves 

time and labour. The aim of this study is to propose methods for measuring three 

behaviours (lying, standing, and feeding) of dairy cows in barns using neck-mounted 

accelerometers. Lying, standing, and feeding behaviours of 16 lactating dairy cows were 

logged for 6 hours with 3D-accelerometers attached to the collar of the cows. The 

behaviours were simultaneously recorded using visual observation and video recordings 

as a reference. Different features were extracted from the logged raw data and 

classification algorithms (K-nearest neighbours, naïve Bayes, and support vector 

machine) were used to classify the cows’ behaviours. The models allowed excellent 

classification of the feeding behaviour (precision 93%, sensitivity 98%), followed by 

lying (precision 83%, sensitivity 96%). Standing was the most difficult behaviour to 

classify with a maximum precision and sensitivity of 75% and 65%, respectively. These 

results suggest that neck-mounted accelerometers are promising tools to automatically 

monitor cows’ behaviours such as feeding time, lying time and lying bouts. Such 

monitoring could be useful for automatically alerting farmers of cows that need attention, 

e.g.  in order to prevent welfare, health or production problems. 
 

Keywords: Accelerometer, dairy cows, machine learning, behaviors classification, 

feature extraction. 

Introduction 

 

Analysing behaviours (e.g., lying, feeding) has widely been considered as an interesting 

approach to monitor the reproduction status, health, and overall well-being of dairy cows. 

In large size farms, traditional methods based on direct observation or analysis of video 

recordings have become labour-intensive and time-consuming (Müller and Schrader, 



2003). Thus, automatic behaviour recognition systems using, for example accelerometers 

in combination with machine learning algorithms, become increasingly important to 

continuously and accurately quantify cows’ behaviours (Martiskainen et al., 2009; Müller 

and Schrader, 2003; Robert et al., 2009; Vázquez Diosdado et al., 2015). Robert et al. 

(2009) used a three-dimensional leg-mounted accelerometer to monitor and classify three 

behaviour patterns (i.e., lying, standing, and walking). However, feeding behaviour was 

not considered in this work.  Another study (Mattachini et al., 2013) compared two 

accelerometer technologies [HOBO Pendant G (Onset Computer Corporation, Pocasset, 

MA) and IceTag (IceRobotics, Edinburgh, UK)], with video recording to measure lying 

and standing of dairy cows. The classification was based on the static components of the 

accelerometer axes, which is impractical in real situations where a slight movement of 

the cow could change the static components within the same behaviour. A recent study 

(Vázquez Diosdado et al., 2015) used a simple decision-tree algorithm to detect lying, 

standing, and feeding behaviours with a neck-mounted accelerometer. The proposed 

algorithms required a high sampling rate (50 Hz) and also used the static component of 

the Y-axis to distinguish between standing and lying.  

To reduce the energy consumption and maintenance requirements associated with 

recharging batteries, a relatively low sampling rate was used (1 Hz) in the present study 

to classify three behaviours (i.e., lying, standing, feeding). Also, the classification was 

based on the three accelerometer axes (i.e., X, Y, Z) simultaneously, instead of just one 

or two axes only. This makes the monitoring system independent on where the logger is 

attached (above, behind, or below the cow’s neck). 

Materials and methods 

Animals and housing 

Measurements were carried out between March and July 2016 in a state-of-the-art dairy 

cattle research barn of the Institute for Agricultural and Fisheries Research (ILVO) in 

Melle, Belgium. The cows (n=31) were housed in an area of 30 m long and 13 m wide 

with individual cubicles and concrete slatted floor. The cubicles (n = 32) were bedded 

with a lime-straw-water mixture. A total of 16 different second parity Holstein cows 

(parity 2.7 ± 1.4, milk yield 33.6 ± 5.6 kg/d; mean ± SD) were used for this study. The 

cows had access to a milking robot via the feeding area and a smart selection gate (feed-

first cow traffic system). The cows were fed roughage ad libitum, the amount of protein 

rich and balanced concentrate was fixed depending on lactation stage and production 

level. The concentrates were supplied both in the milking robot and by computerized 

concentrate feeders. Drinking water was available ad libitum. The cows had free access 

to a rotating cow brush. 

Reference data 

Observations on the behaviour of the cows were made directly in the barn and with video 

recordings at the same time as data from the sensors were collected. Table 1 lists the 

considered behaviours in this study with their descriptive definitions. The methodology 

of the observation was as follows. Every minute time window was assigned 0, 1 or 2 to 

refer to lying, standing, and feeding behaviours, respectively, based on the behaviour that 

was present during the largest proportion of that minute. We note that walking was not 

considered as a behavioural class apart, because it was observed less frequently and for 

shorter durations (on average, 8 to 12 minutes per cow). However, due to its importance 



in detecting health and welfare status, future studies should consider this behaviour apart 

by logging data for long time periods, so enough samples can be collected for the analysis. 

 
Table 1: Ethogram for the classification of behaviours registered during observations. 

 

Behaviour  Description  

Lying  The cow is in a lying position (main body area contact with floor) 

Standing  The cow is standing in the alleys, the milking robot, or while brushing  

on at least three legs with no movement to another place 

Feeding   Eating: Intake, chewing, and swallowing of feed 

Drinking: Putting mouth in water bowl and swallowing water 

 

Sensor data 

Two cows were monitored simultaneously using an accelerometer attached to each cow 

from 10 AM to 4 PM. The accelerometer was attached to the neck collar (right side) as 

shown in Figure 1. The acceleration data were logged with a sampling rate of 1 Hz 

(1 sample each second) using HOBO loggers (Onset Computer Corporation, Pocasset, 

MA). The HOBO logger is a waterproof 3-channel logger with 8-bit resolution, which 

can record up to approximately 21,800 combined acceleration readings or internal logger 

events. The logger uses an internal 3-axis accelerometer with a range of ± 3 g (accuracy 

± 0.075 g at 25°C with a resolution of 0.025 g) based on micro-machined silicon sensors 

consisting of beams that deflect with acceleration. The orientation of the accelerometers 

is shown in figure 1. The same orientation was respected for all cows. The clocks of the 

observer, the video recording system, and the sensors were synchronized at the start and 

at the end of the observation period so that observation data could be aligned accurately 

with the tri-axial accelerometer data retrieved from the sensors. In total, 96 hours of data 

(i.e., 16 cows*6 hours) were recorded and used for classification of the behaviours.  

 

Figure 1. Position and orientation (X, Y, and Z axes) of the accelerometer 

Data processing and features extraction 

Raw time series collected from 16 individual cows were uploaded to a laptop for 

processing.  From the accelerations along X, Y, and Z axes, the acceleration sum vector 

(𝐴𝑠𝑢𝑚) was calculated as follows: 

 

𝐴𝑠𝑢𝑚  = √𝑎𝑋
2 + 𝑎𝑌

2 + 𝑎𝑍
2                                                        (1) 

 

Where,  𝑎𝑋 is the acceleration along the X-axis, 𝑎𝑌 is the acceleration along the Y-axis, 

and 𝑎𝑍is the acceleration along the Z-axis. Figure 2 shows an example of the time series 



acceleration sum vector (𝐴𝑠𝑢𝑚). When a cow is feeding, large variations were registered 

in comparison with standing and lying. This is an important characteristic that should be 

exploited in the feature extraction phase.  

Using Octave software, the data were segmented into equal time intervals of 1 min (60 

samples). Features extraction is then performed for each data segment. The purpose of 

feature extraction is to find the main characteristics of the raw data segments. In this 

study, time- and frequency-domain features were used. Time-domain features are directly 

derived from the time-dependent raw acceleration data for each time interval. These 

features include eight basic signal statistics (minimum, first quartile, median, third 

quartile, maximum, mean, root mean square, and standard deviation) and  the overall 

dynamic body acceleration (ODBA) (Gleiss et al., 2011). Frequency-domain features 

include the periodic characteristics of the signal, such as coefficients derived from Fourier 

transforms. In frequency domain, the spectral energy and spectral entropy were used 

(Wang et al., 2005) in this study.  

 

 
Figure 2. Example of the acceleration sum vector (𝐴𝑠𝑢𝑚) from leg- and neck-mounted 

accelerometers for the considered behaviours. 

 

Classification and performance evaluation 

In our classification approach of the cows’ behaviours, three supervised machine learning 

algorithms were used (i.e., K-nearest neighbours, naïve Bayes, and support vector 

machine) (Martiskainen et al., 2009; Vázquez Diosdado et al., 2015). K-nearest 

neighbours and the naive Bayes classifiers are possible options because they are fast, 

simple and well understood. Support vector machine (SVM) is better at handling complex 

classification tasks, but requires more computational costs, especially in the training 

phase. To make a fair comparison, the same datasets (number of samples and features) 

were used as input to the considered algorithms.  

To measure the performances of the classification approaches, the precision, the 

sensitivity, and the overall accuracy were used (Chawla, 2005). Since data were collected 

on 16 cows, the leave-one-out cross validation strategy was used. Therefore, data 

collected on 15 cows were used to train the system and then the system was tested by 

classifying the data of the sixteenth cow accordingly. This was repeated 16 times until 

data from all the cows was classified and the average precision, sensitivity and overall 

accuracy were considered. 

 

Results and discussion 

 

The precision and sensitivity are listed in Table1. Feeding was the best classified 

behaviour with a sensitivity between 95% and 98% and a precision between 84% and 



92%. Standing was the most difficult behaviour to classify with a sensitivity lower than 

66% for all classifiers. This could be explained as follows. The frequent neck movements 

during feeding, make this behaviour easy to distinguish from both other behaviours. 

(Martiskainen et al., 2009). However, the neck generally moves little during both standing 

and lying, which makes it hard to differentiate these two behaviours. Similar conclusions 

were drawn also in (Martiskainen et al., 2009; Mattachini et al., 2013). In (Martiskainen 

et al., 2009), a neck-mounted accelerometer with a sampling rate of 10 Hz was used to 

classify cows’ behaviours based on the SVM algorithm. In their study, standing and lying 

behaviours were mostly confused with each other (30% of the cases) and feeding was 

misclassified less often (14% of the cases) as standing. Consequently, neck-mounted 

accelerometers are better suited for monitoring feeding behaviour.   

 
Table 2. Precision (Pr) and sensitivity (Se) [%] for each behavioural class and classification 

approach. K-NN: K-nearest neighbours, NB: Naïve Bayes, SVM: support vector machine.  

 

 SVM NB K-NN 

Pr Se Pr Se Pr Se 

Standing 75 66 67 47 64 56 

Feeding 92 98 84 95 88 96 

Lying 83 96 82 94 82 95 

 

For the overall accuracy, SVM was the best classifier followed (91%) by K-NN (86%) 

and Naïve Bayes (84%). SVM algorithm is more suitable for complex classification tasks 

and it requires more computation capabilities than Naïve Bays and K-NN (Douglas et al., 

2011), especially in the training phase. However, after the classification model is 

developed, SVM classifies the new data without looking to the training set, which would 

save the memory of the monitoring system, in contrast to Naïve Bays and K-NN, where 

the training set is always required to classify the new instances. Therefore, the selection 

of the best classification algorithms is a trade-off between performance and 

computation/memory capabilities.  

 

More data would be needed especially from other herds to validate the findings of this 

research. Furthermore, other positions (e.g., leg, ear) should be addressed in order to 

investigate the best position for the behaviours’ classification. Also a combination of the 

data from different positions could enhance the classification performances. Finally, the 

data logging time per cow (i.e., 6 hours) was not sufficient to collect enough data for some 

behaviours such as walking. These behaviours could be set in separate behavioural classes 

when much more samples would be available.   

 

Conclusions and future work 

 

In this research, measurements with neck-mounted accelerometer have been performed 

to automatically classify cows’ behaviours (i.e., lying, standing, and feeding) based on 

machine learning algorithms. Feeding was the best classified behaviour followed by lying 

behaviour. Standing was the most difficult behaviour to classify. Moreover, SVM 

algorithm performed better than the other algorithms (Naïve Bays and K-NN).  These 

results suggest that the accelerometers are promising tools to automatically monitor cows’ 

behaviours. Such a behaviour monitoring system would enable determination of relevant 



information about the cows’ behaviour patterns (e.g., feeding time, lying time, lying 

bouts), which offers new potential technologies for the automated detection of health and 

welfare problems in dairy cows.  
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