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Abstract— Monitoring animal behavior can prove challenging 
when working in inaccessible environments. This problem can 
be addressed by using animal attached accelerometers and 
automatic classifiers. This study considers the feasibility of 
using specially designed hardware to capture three-dimensional 
accelerometer data from sheep and subsequently automatically 
classify their behavior based on these measurements. Five 
common behaviors have been identified: Lying, standing, 
walking, running, and grazing. Linear discriminant analysis 
(LDA) and quadratic discriminant analysis (QDA) classifiers 
were trained based on 10 features. A greedy selection procedure 
was used to determine which features provide the highest 
classification accuracy. It is shown that both classifiers can 
automatically identify the five behaviors with high accuracy 
when all the features are used for training. The LDA and QDA 
classifiers achieved an overall accuracy of 87.1% and 89.7% 
respectively. Grazing was misclassified the most in both 
classifiers because it was confused with lying. This result was 
expected considering the high similarity between the raw 
accelerometer data associated with grazing and lying. The QDA 
classifier showed larger improvements when using a smaller 
number of features. identifying and classifying feeding behavior 
in free-ranging ruminants will help improve the efficiency of 
animal production. Another potential benefit would be in 
understanding the role behavior has in determining the 
heritability of methane measurement. This study aimed to 
determine the accuracy, sensitivity, specificity, and precision 
with which tri-axial accelerometers can identify sheep behavior 
at pasture. The animals were located in either a semi-improved 
pasture (0.3 ha) or in a small (30 m2) area with access to water 
to observe five mutually exclusive behaviors, grazing, lying, 
running, standing, and walking. A tri-axial accelerometer was 
attached to a halter on the under-jaw of each animal. Three 
epochs (3 s, 5 s, and 10 s) with forty-four features calculated 
from acceleration signals were used to classify behaviors. The 
five most important features for each epoch were determined 
using random forest and the five behaviors were classified using 
a decision-tree algorithm to determine model accuracy, 
sensitivity, specificity, and precision. The decision-tree 
algorithm correctly classified 90.5, 92.5, and 91.3% of the 
evaluation data set for grazing behavior for the 3, 5, and 10 s 
epochs, respectively. There was no difference in the accuracy 
between the evaluation and validation data sets for grazing 

behavior at each epoch. The model predicted grazing and 
running behavior highly accurately and with the highest 
precision, sensitivity, and specificity for the validation data set 
for the 10 s epoch. The 5 s epoch for both the evaluation and 
validation data sets were selected as the most suitable epoch 
based on the Kappa values. We successfully identified from the 
distribution of component populations that the natural log-
transformation of the mean of X-axis accelerations for each epoch 
could identify grazing and non-grazing states. Therefore, this 
methodology will be useful in identifying sheep activity for 
research applications such as before methane measurement 
using portable accumulation chambers or other applications 
addressing temporal grazing patterns. 

Keywords— Sheep; Behavior; Lameness; Activity; 
Accelerometer; on-animal sensor. 

I. INTRODUCTION 

The study of animal behavior provides us with a better 
understanding and insight into their health, which is a priority in 
conservation attempts. While monitoring animals in a 
supervised environment is relatively simple, this is not true for 
unsupervised animals in their natural environment. In this latter 
case, monitoring can be achieved by attaching sensors to the 
animal. Depending on the type of sensor, information 
concerning the animals energy expenditure, location, speed, 
heart rate, temperature, and behavior can be monitored. This 
provides researchers with information on the behavior of 
animals in environments that are inaccessible for human 
observation. An accelerometer is often used in animal 
monitoring systems. It can be embedded in a lightweight tag that 
can be attached to the animal with minimal obstruction or 
interference with the natural movement of an animal. Mono- and 
bi-axial accelerometers are available but have a few 
disadvantages compared to a tri-axial accelerometer. Measuring 
the acceleration in all three axes provides a more complete 
picture of animal movement patterns and could reveal 
information that would have otherwise been missed. Several 
studies have considered the classification of animal behavior 
with the aid of accelerometers. Goat grazing behavior has been 
automatically classified with a high success rate using tri-axial 
accelerometers. In this work moving averages were used in 
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conjunction with selected threshold values to distinguish 
between resting, eating, and walking. 

A recent study extended this work by using the k-nearest 
neighbor classifier. It found that the classification accuracy was 
comparable to what was achievable using more complex 
techniques. In different works, the recognition of cow behavior 
was investigated by applying support vector machines to 3-axis 
accelerometer data. This study attempted to distinguish between 
eight behaviors and achieved an accuracy of over 80% for all the 
classified behaviors. Another study combined a support vector 
machine and hidden-Markov models to classify the behavior of 
cheetahs. In this way, it was possible to classify five minute 
segments into three behavior classes (feeding, mobile and 
stationary). Finally, the behavior of vultures was classified using 
classification and regression trees, random forests, support 
vector machines and artificial neural networks with linear 
discriminant analysis (LDA). Although the LDA classifier was 
intended as a baseline, it was found that all the algorithms had 
an accuracy of 80% or higher, with the non-linear algorithms 
outperforming LDA. This study considers the feasibility of 
using specially designed hardware to capture three-dimensional 
accelerometer data and subsequently automatically classify the 
behavior of sheep using LDA as well as quadratic discriminant 
analysis (QDA). LDA was chosen for this preliminary study 
because it was used as a baseline classifier in a previous study. 
The QDA classifier was subsequently investigated and 
compared to LDA since it is a simple extension of the LDA 
classifier. The classifiers were used to distinguish between five 
common behaviors types. 

II. MATERIAL AND METHODS 

A. Site and animals 

Data collection was performed on a farm (Choir) in 
Mongolia, in December 2018. The owner of the farm provided 
access to the livestock for the experiment. Five sheep were 
randomly chosen on each of 3 separate days. The sample size 
was constrained by what was practically feasible at the time of 
the study. The sheep were held in a camp large enough to allow 
for unrestricted movement throughout the day. 

B. Hardware 

The hardware (referred to as the tag hereafter) consisted 
of a 3-axis accelerometer, USB and battery. The tag was 
designed to allow the accelerometer to be constantly sampled at 

a frequency of 100Hz and to subsequently store the 
measurements. The tag was enclosed in a durable casing and 
fitted around the necks of the sheep. 

Table 1. Five Observable Behaviors of the Sheep 

Behavior Description 

Lying The sheep are lying down with its head on 

the ground.  

  Standin The sheep is standing with its head 

up.
  

Walking The sheep is walking at a slow pace. 

Running The sheep running at a fast pace. 

Grazing     The sheep is grazing with its head down 

 while standing still or walking slowly. 

 

using collars as seen in Figure 1a. The hardware was placed 
in approximately the same orientation on all the tested animals. 
Figure 1b shows the orientation of the accelerometer’s axes 
when the tag is attached to the sheep’s necks. In the same figure, 
it can be seen that movement in the x-axis is associated with the 
left-right movement of the sheep. The y axis is associated with 
the up-down movement of the sheep and the z-axis is associated 
with the forward-backward movement of the sheep. 

C. Data collection 

       Data was gathered on three separate days. The sheep were 
collected in the mornings and the tags were fitted around their 
necks. The sheep were led to the camp and left undisturbed for 
the day. The hardware logged the acceleration of the sheep at a 
rate of 100 samples per second throughout the day. Five 
common behaviors (Table I) were identified: lying, standing, 
walking, running, and grazing. The sheep were monitored from 
a distance on the three testing days and the behavior of the herd 
and corresponding time-stamps were manually logged. The 
sheep were also chased on various occasions to collect “run” 
data because there was little reason for them to run without 
provocation. At the end of the day, the sheep were collected, the 
collars were removed, the data was downloaded from the sensor 
saved to a file. Each data file included the following information 
of interest: an ID of the current logging session, timestamps in 
milliseconds and the acceleration along the three axes. Each data 
file was manually segmented and labeled with the corresponding 
behavior by reconciling the logged data with the manual 

Figure 1. A photograph showing how the tag was attached around 
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annotations. A summary of the data collected for each behavior 
and sheep is displayed in Table 2 

Table 2 Distribution of Data Collected for Each Behavior Class and 

Sheep (HH:MM:SS)  

Sheep Lying Standing Walking Running Grazin

g 

Total 

1_tag1 0:00:00 0:03:43 0:09:27 0:04:14 0:13:37 0:31:01 

1_tag2 0:00:00 0:02:46 0:08:55 0:04:16 0:17:32 0:33:29 

1_tag3 0:00:00 0:01:32 0:10:45 0:05:24 0:19:26 0:37:07 

1_tag4 0:00:00 0:04:13 0:07:36 0:05:02 0:09:20 0:26:11 

1_tag5 0:00:00 0:04:03 0:08:04 0:05:31 0:08:01 0:25:39 

2_tag1 5:08:43 0:13:28 0:55:27 0:05:45 1:11:45 7:35:08 

2_tag2 5:52:14 0:04:37 1:07:50 0:05:45 1:43:18 8:53:44 

2_tag3 1:17:24 0:01:09 0:28:48 0:04:20 0:21:28 2:13:09 

2_tag4 1:23:32 0:04:06 0:20:51 0:04:52 0:11:17 2:04:38 

2_tag5 0:21:12 0:00:34 0:04:58 0:04:22 0:03:09 0:34:15 

3_tag1 0:29:59 0:03:44 0:24:16 0:04:18 0:15:50 1:18:07 

3_tag2 0:39:33 0:00:44 0:25:29 0:04:19 0:23:00 1:33:05 

3_tag3 0:30:24 0:06:49 0:31:22 0:04:16 0:27:02 1:39:53 

3_tag4 0:54:56 0:02:33 0:33:13 0:04:16 0:22:15 1:57:13 

3_tag5 0:40:05 0:00:53 0:31:14 0:04:50 0:20:17 1:37:19 

Total 17:18:02 0:54:54 6:08:15 1:11:30 6:27:17 1d 7:59:58 

 

sheep ID consists of the testing session (day 1, 2, or 3) and the 
tag’s number. “Lying” behavior was not observed during the first 
testing session. 

D.  Data preprocessing and feature extraction 

The accelerometer data were preprocessed using Python’s 
Scipy library (version 0.14.0) 

[10] as shown in Figure 2. Each segment file was loaded and 

examined to make sure the segment contains at least 512 
samples in order to have an epoch length of 5.12 seconds. An 
epoch length of 5.12 seconds was selected to window the 
segments as it was found in [11] that a 3-5 second epoch was 
optimal. The three acceleration values were then low-pass 
filtered using an 8th-order Butterworth filter with a cut-off 

frequency of 10Hz before applying a Hamming window. 
Consecutive features were obtained by allowing a 50% overlap 
in this data window. The features extracted were based on those 
recommended in [4] and [12] and included the following 10 
features that consisted of 31 variables: 

Mean 

Standard deviation (STD) 

Variance 

Skewness (Skew) 

Kurtosis 

The maximum and minimum value (MaxMin) 

Energy 

Frequency-domain entropy (FreqEntropy) 

Pairwise correlation between the axes (Corr) 

Average signal magnitude vector (ASMV) 

The skewness and kurtosis were calculated for each axis. 
The skewness provides insight into the symmetry of a frame 
while the kurtosis serves as an indication of peakedness relative 
to the normal distribution. The aforementioned was 
accomplished by calculating the third and fourth standardized 
moment of each axis per frame. The “MaxMin” feature contains 
the maximum and minimum values for each axis in a frame. This 
results in a vector with 6 values which represents the dynamic 
range. The energy was calculated as the sum of the squared FFT 
magnitudes with the DC component excluded. The sum was 
then normalized by the window length. The frequency-domain 
entropy was calculated by normalizing the FFT and then treating 

the FFT magnitudes as discrete probabilities. The frequency 
entropy has been found useful to discriminate between 
behaviors with similar energy values [12]. The cross-correlation 
between each axis pair was calculated as the ratio between the 
cross-covariance and the product of the standard deviations. The 
average signal magnitude vector (ASMV) for each frame was 

Figure 2. Flow chart of the feature extraction process 
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calculated by summing the vector length over the frame and 
normalizing the result with the frame’s length. 

The distribution of each feature was visualized in a 
1dimensional histogram to visually inspect the underlying 
distribution. It was found that the “Skew” and “MaxMin” 
features resemble da Gaussian distribution, while the rest of the 
features had a closer resemblance to a Rayleigh distribution. 

Table 3. Number of Usable Frames Extracted for Each Sheep 

and Behavior 
Sheep Lying Standing Walking Running Grazing Total 

1_tag1 0 59 145 65 229 498 

1_tag2 0 46 141 72 330 589 

1_tag3 0 27 198 88 359 672 

1_tag4 0 73 123 82 157 435 

1_tag5 0 58 121 84 125 388 

2_tag1 7202 248 1003 94 1214 9761 

2_tag2 8237 75 1291 101 1803 11507 

2_tag3 1807 23 560 76 392 2858 

2_tag4 1954 82 357 88 201 2682 

2_tag5 494 11 84 74 53 716 

3_tag1 697 64 447 69 260 1537 

3_tag2 913 12 464 69 402 1860 

3_tag3 707 130 610 71 508 2026 

3_tag4 1281 46 608 63 390 2388 

3_tag5 934 14 559 73 340 1920 

Total 24226 968 6711 1169 6763 39837 

. 

 

 

A breakdown of the number of usable frames extracted for 
each sheep and class is presented in Table 3 

E. Classification 

The Python LDA en QDA implementations in Scikit Learn 
(version 0.14.0) was used to determine the best features to use 
for sheep behavior classification. A greedy feature selection 
procedure, as illustrated in Figure 3, was used to determine the 
best combination of features. For each iteration of the procedure, 
a balanced subset (an equal number of frames for each class) was 
selected for classification. The procedure tested each feature’s 
classification accuracy and then retained the feature with the 
highest score. The accuracy was defined as the overall correctly 
classified 

Table 4. Confusion Matrix Result When using the QDA 

Classifier with All the Features for Classification 
Observed  Predicted behavior  Tota 

behavior Lying Standing Walking Running Grazing 

Lying 898 26 0 0 36 960 

Standing 10 914 34 0 2 960 

Walking 0 18 900 12 30 960 

Running 0 0 4 946 0 950 

Grazing 270 7 45 0 638 960 

Total 1178 965 983 958 706 479 

 

feature vectors as a proportion of the total classified feature 
vectors [3]: 

 

 

 

Accuracy =
𝑇𝑃 + 𝑇                   

TP + TN + FP + F.......... (9) 

 

Figure 3. The greedy feature selection procedure. 
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Where TP, TN, FP and FN are the true positive, true 
negative, false positive and false negative counts respectively. 
The procedure iterated until all the features were used in 
classification. 90% of the balanced subset was used for training 
the classification algorithm and the remaining 10% was used as 
a testing set. 10-fold cross-validation ensured the best utilization 
of the limited data. The total accuracy for each cross-validation 
iteration was the average over the 10 cross-validation iterations. 
Both LDA and QDA classification were evaluated using this 
procedure. 

F. SELF-TEST 

The ADXL345 incorporates a self-test feature that 
effectively tests its mechanical and electronic systems 
simultaneously. When the self-test function is enabled (via the 
SELF_TEST bit in the DATA_FORMAT register, Address 
0x31), an electrostatic force is exerted on the mechanical sensor. 
This electrostatic force moves the mechanical sensing element 
in the same manner as acceleration, and it is additive to the 
acceleration experienced by the device. This added electrostatic 
force results in an output change in the x-, y-, and z-axes. 
Because the electrostatic force is proportional to VS2, the output 
change varies with VS. This effect is shown in Figure 4. The 
scale factors shown in Table 14 can be used to adjust the 
expected self-test output limits for different supply voltages, VS. 
The self-test feature of the ADXL345 also exhibits a bimodal 
behavior. Use of the self-test feature at data rates less than 100 
Hz or 1600 Hz may yield values outside these limits. Therefore, 
the part must be in normal power operation (LOW_POWER bit 
= 0 in BW_RATE register, Address 0x2C) and be placed into a 
data rate of 100 Hz through 800 Hz or 3200 Hz for the self-test 
function to operate correctly as shown the Figure 4. 

III. RESULTS AND DISCUSSION 

The LDA and QDA classifiers were both tested using the 
greedy feature selection procedure described in Section II-F. 
The results are presented in Figure 5. 

Figure 5 shows the winning feature at each iteration of the 
greedy feature selection procedure. The accuracy of the LDA 
classifier was lower than the QDA classifier at each iteration of 
the procedure. From Figure 5. it can be concluded that the most 
important feature in classifying the sheep’s behavior was the 
“MaxMin” feature. By just using the first feature the LDA and 
QDA classifiers achieved a classification accuracy of 73.8% and 
84.5%, respectively. On the other hand, the LDA classifier 
achieved a final accuracy of 87.1% when all of the features were 
used for classification, compared to an accuracy of 89.7% for the 
QDA classifier. Even though the LDA and QDA classifiers only 
had a 2.6% accuracy difference when all of the features were 
used, the QDA classifier showed larger improvements when 
using a smaller number of features. 

The confusion matrix in Table IV was obtained using the 
QDA classifier and all the features. Most of the behaviors could 
be identified with high accuracy except grazing, which was 
misclassified as lying in 33.5% of cases. This outcome can be 
understood by viewing the raw accelerometer segments 
associated with lying and grazing, illustrated in Figure 6. The y- 
axis indicates the sheep’s head position. A typical grazing 
segment consisted of the sheep moving his head down to the 
ground to graze then either standing still or walking. Finally, the 
sheep lifts his head up again. A lying segment usually 
corresponded to the sheep lying on its stomach, with its head 

 

Figure 4. Self test 
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Figure 5. The accuracy of the LDA (a) and QDA (b) classifiers at each iteration of the greedy feature selection procedure. The winning features at each iteration 

are indicated at the top of each plot. The inset shows a magnified view of the top segment of the plot 

 
Figure 6. Real-time process 

 

A. Observations  

Down on the ground. Since the accelerometer data is limited 
to the placement around the neck, it is difficult to distinguish 
between these two behaviors. Standing, walking, and running 
were correctly classified in 95.2%, 93.7% and 99.5% of cases 
respectively. The high classification 

accuracy for “running” is important if we aim to determine 
when animals are being pursued, as may be the case for stock 
theft. 

For further analysis, LDA was used to reduce the feature 
space to the two most important dimensions. These are shown in 
Figure 7. The figure illustrates the difference between the LDA 
and QDA classifier’s decision boundaries. The quadratic 
boundary is more flexible compared to a straight line leading to 
a higher classification accuracy. Clusters of data points 
corresponding to each behavior can also be observed. Again, the 
ambiguity between lying and grazing is indicated by the 
overlapping clusters. Even though walking and standing are  

Figure 8 shows the normalized confusion matrices for the 
QDA classification. The first matrix indicates only the first three 

features selected by the greedy feature selection procedure. The 
second matrix shows all ten features for classification. A 
classification accuracy of 88.7% was achieved by using only the 
first three features, while a 89.7% accuracy was achieved when 
all the features were used. Hence, by retaining only the first three 
features, less than 1% in classification accuracy is sacrificed also 
closely grouped, it was still possible to separate them with a high 
degree of accuracy. 
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Figure 7. Lying 

 

 
Figure. Standing  

 
Figure 7. Walking
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Figure 8. Running 

 
Figure 9. Grazing

 
Each behavior Graphic observation was obtained for about 5 

minutes period. 

B. Future Work 

The hardware will be further developed in order to improve 
the practicality of the tag. This includes using radio 
communication to retrieve the stored data on the tag without 

disturbing the animal. Future work is needed to increase the 
overall classification accuracy. The hardware could be improved 
in order to increase the quality of the accelerometer data. 
Smarter positioning of the accelerometer should also be 
attempted to remove or reduce ambiguity between behaviors 
such as grazing and lying. Additionally, different 

 

Figure 11 (a) Linear decision boundaries. (b) Quadratic decision boundaries 
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Figure 12. Confusion matrices of the QDA classifier (a) trained with only the first three features selected by the greedy feature test 

and (b) trained with using all 10 features. 

 
and additional types of sensors could be considered to further 

remove ambiguity. Classification success can also be influenced 
by different signal processing parameters, for example, the 
window length as shown in. Other machine learning classifiers 
should be investigated. Success has for example been 
demonstrated when using support vector machines and k-nearest 
neighbor classifiers. 

C. General Discussion 

The approach used to categorize lame walking from normal 
behaviors in the current study is similar to that used by 
Martiskainen, Järvinen , whereby lame behaviors are added to 
the classifier as an additional behavior category. Other studies 
conducted on dairy cattle have used a change in the proportion 
of behaviors (predominantly lying) to infer a lameness state 
[16,26,28]. This approach has shown that around 92% of cows 
which developed clinical lameness also had a decrease in the 
pedometric activity of at least 15%. Additionally, extreme lying 
times, observed through increases or decreases in the amount of 
time spent lying, be predictive of lameness events in cattle. 
Similar detail on the association between lameness and lying 
behavior is lacking for sheep; however, a decrease in the activity 
of lame animals has been previously lying indicated. Further 
validation to quantify the total lying time to detect lameness in 
sheep should be investigated. Using a behavioral state 
proportion approach, lameness could be categorized based on a 
change in total activity distribution. The novel method used to 
simulate lameness in this study was extreme and prevented any 
weight bearing on the restrained limb, creating a more distinct 
lameness gait than what we would expect naturally. Due to 
lameness activities being grouped as a different class for 
classification, this method was preferred to create a distinct 
difference in the acceleration signals compared to normal 
behavior. If a difference in the acceleration pattern could not be 
detected with an extreme gait change as investigated here, there 
would be little hope of detecting the progression of a mildly lame 
gait. Additional approaches could be investigated that would 
also allow for alternate methods of detection such as walking 
speed, distance traveled, stride length, and stride duration, which 
have been suggested to be valid indicators of lameness in other 
species. However, a question that was not explored here, and one 
that may hold diagnostic value, is “when lame sheep are grazing, 
do they alter the vertical angle of the ‘good’ foreleg while 

grazing to avoid over-balancing?” For example, when the head is 
lowered so they can eat grass, compared to a normal (non-lame) 
sheep. Perhaps less tilting of the remaining leg occurs away from 
the vertical position, although it is unlikely that this adjustment 
would be detected by an ear-mounted accelerometer sensor. 
Additionally, lame sheep may tend to kneel while grazing, 
therefore altering the leg accelerometer orientation, which may 
hold diagnostic value. Lameness simulations should also 
investigate the difference between having lame fore and hind 
limbs as this will affect the acceleration signal obtained, 
ultimately influencing the classifier’s ability to discriminate 
between sound and lame gaits. There is little information on the 
ability of sheep farmers to identify lame animals or on the 
decision when a sheep farmer decides to investigate and treat a 
lame animal. A study on sheep farmers in England concluded 
that their estimates of lameness prevalence within flocks were 
sufficiently accurate. Similar information is lacking for the 
Australian sheep industry. A valid question is, therefore, “what 
is the economic and welfare value of detecting lameness earlier 
and initiating treatment sooner?” Further research is required in 
this area to quantitatively describe the advantages of an 
electronic detection system in terms of overall productivity and 
animal welfare benefits. 

CONCLUSION  

The accelerometer was successfully used to classify five 
behaviors in sheep. The quadratic discriminant analysis 
classifier proved to be superior compared to the linear 
discriminant analysis classifier. The quadratic discriminant 
analysis classifier also proved highly successful even when only 
a small number of features was used for classification. The 
feasibility study showed positive results when using specially-
built hardware and a basic classification technique. 

The identification of animals with abnormal gait patterns 
could aid in the detection of many diseases which have lameness 
symptoms. The visual daily monitoring of locomotion or 
behavior on farms is time-consuming and hence cost-inefficient. 
The automatic measurement of lameness-related, animal-based 
characteristics would allow for daily measurements and could, 
therefore, be a better option. This current study has shown that a 
tri-axial accelerometer deployed in the ear tag can successfully 
discriminate lame walking activity from normal grazing, 
standing, and walking behaviors. The collar and leg deployed 
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accelerometers failed to successfully classify both sound and 
lame walking activity. This could be a function of sensor place 
mental the simulation not being a true presentation of lameness. 
Further research investigating a commercially suitable 
accelerometer-based, automatic identification system for the 
onset of lameness is warranted. Additionally, future work should 
investigate a detection system based on changes in indicators 
over time, rather than on the deviation from the group mean. 
Gaitcharacteristicsshouldalsoaccountforvariationsinnormalanda
bnormal patterns in terms of animal age, sex, and breed. 

ACKNOWLEDGMENT 

I'd like to express my thanks to my patient and supportive 
supervisor, Lu ShaoKun, who has supported me throughout this 
research project. 

CONFLICT OF INTEREST 

The Author(s) declare(s) that there is no conflict of interest. 

REFERENCES 

[1] Abbott, K.; Lewis, C. Current approaches to the management of ovine 
footrot. Vet. J. 2005, 169, 28– 

[2] 41. [CrossRef] [PubMed] 

[3] Winter, A. Lameness in sheep. Small Rumin. Res. 2008, 76, 149–153. 
[CrossRef] 

[4] Hodgkinson, O. The importance of feet examination in sheep health 
management. Small Rumin. Res. 2010, 92, 67–71. [CrossRef] 

[5] Anil, S.; Anil, L.; Deen, J. Challenges of pain assessment in domestic 
animals. J.Am. Vet. Med. Assoc. 2002, 220, 313–319. [CrossRef] 
[PubMed] 

[6] Animal Health Australia. Available online: 
www.animalhealthaustralia.com.au/wp- content/uploads/2015/ 
09/LBN_Arthritis_Fact_Sheet.pdf (accessed on 6 November 2017). 

[7] Brightling, T. Livestock Diseases in Australia: Diseases of Cattle, Sheep, 
Goats and Farm Dogs; Jerram, C.H., Ed.; Mt. Waverly: Victoria, 
Australia, 2006. 

[8] Weary, D.; Huzzey, J.; Von Keyserlingk, M. Board-Invited Review: 
Using behavior to predict and identify ill health in animals. J. Anim. Sci. 
2009, 87, 770–777. [CrossRef] [PubMed] 

[9] Lascelles, B.; Roe, S.; Smith, E.; Reynolds, L.; Marcellin-Little, J.; Bergh, 
M.; Budsberg, S. Evaluation of 
apressurewalkwaysystemformeasurementofverticallimbforcesinclinicall
ynormaldogs. Am. J.Vet. Res. 2006, 67, 277–282. [CrossRef] [PubMed] 

[10] Besancon, M.; Conzemius, M.; Derrick, T.; Ritter, M. Comparison of 
vertical forces in normal greyhounds between force platform and pressure 
walkway measurement systems. VCOT Arch. 2003, 16, 153. 

[11] Oosterlinck, M.; Pille, F.; Huppes, T.; Gasthuys, F.; Back, W. 
Comparison of pressure plate and force plate gait kinetics in sound 
Warmbloods at walk and trot. Vet. J. 2010, 186, 347–351. [CrossRef] 
[PubMed] 

[12] Kim,J.;Breur,G.Temporospatial and kinetic characteristics of sheep 
walking on a pressure sensing walk way. Can. J. Vet. Res. 2008, 72, 50–
55. [PubMed] 

[13] Seebeck, P.; Thompson, M.; Parwani, A.; Taylor, W.; Schell, H.; Duda, 
G. Gait evaluation: A tool to monitor bone healing? Clin. Biomech. 2005, 
20, 883–891. [CrossRef] [PubMed] 

[14] Rajkondawar, P.; Liu, M.; Dyer, R.; Neerchal, N.; Tasch, U.; Lefcourt, 
A.; Erez, B.; Varner, M. Comparison of models to identify lame cows 
based on gait and lesion scores, and limb movement variables. J. Dairy 
Sci. 2006, 89, 4267–4275. [CrossRef] 

[15] Maertens, W.; Baert, J.; Vangayte, J.; Vranken, E.; Berckmans, D.; Sonck, 
B. Acquisition techniques for dairy cow gait analysis. Precis. Livest. 
Farming 2007, 7, 33–140. 

[16] Pluk, A.; Bahr, C.; Maernets, W.; Veermäe, I.; Kokin, E.; Praks, J.; 
Poikalainen, V.; Pastell, M.; Ahokas, J.; van Nuffel, A.; Vangeyte, J.; 
Snock, B.; Berckmans, D. Approach to model based motion scoring for 
lameness detection in dairy cattle. Precis. Livest. Farming 2009, 9, 357–
362. 

[17] Pastell, M.; Tiusanen, J.; Hakojärvi, M.; Hänninen, L. A wireless 
accelerometer system with wavelet analysis for assessing lameness in 
cattle. Biosyst. Eng. 2009, 104, 545–551. [CrossRef] 

[18] Van Nuffel, A.; Zwertvaegher, I.; Pluym, L.; Van Weyenberg, S.; Thorup, 
V.; Pastell, M.; Sonck, B.; Saeys, W. Lameness detection in dairy cows: 
Part 1. How to distinguish between non-lame and lame cows based on 
differences in locomotion or behavior. Animals 2015, 5, 838–860. 
[CrossRef] [PubMed] 

[19] Sprecher, D.; Hostetler, D.; Kaneene, J. A lameness scoring system that 
uses posture and gait to predict dairy cattle reproductive performance. 
Theriogenology 1997, 47, 1179–1187. [CrossRef] 

[20] Robert, B.; White, B.; Renter, D.; Larson, R. Evaluation of three-
dimensional accelerometers to monitor and classify behavior patterns in 
cattle. Comput. Electron. Agric. 2009, 67, 80–84. [CrossRef] 

[21] Animals 2018, 8, 12 15 of 16 

[22] Martiskainen, P.; Ja¨rvinen, M.; Sko¨n, J.; Tiirikainen, J.; Kolehmainen, 
M.; Mononen, J. Cow behavior pattern recognition using a three-
dimensional accelerometer and support vector machines. Appl. Anim. 
Behav. Sci. 2009, 119, 32–38. [CrossRef] 

[23] De Passille, A.; Jensen, M.; Chapinal, N.; Rushen, J. Technical note: Use 
of accelerometers to describe gait patterns in dairy calves. J. Dairy Sci. 
2010, 93, 3287–3293. [CrossRef] [PubMed] 

[24] Greenwood, P.; Valencia, P.; Overs, L.; Paull, D.; Purvis, I. New ways of 
measuring intake, efficiency and behavior of grazing livestock. Anim. 
Prod. Sci. 2014, 54, 1796–1804. [CrossRef] 

[25] Scheibe, K.; Gromann, C. Application testing of a new three-dimensional 
acceleration measuring system with wireless data transfer (WAS) for 
behavior analysis. Behav. Res. Methods2006, 38, 427– 

[26] 433. [CrossRef] [PubMed] 

[27] Keegan, K.; Yonezawa, Y.; Pai, P.; Wilson, D. Accelerometer-based 
system for the detection of lameness in horses. Biomed. Sci. Instrum. 
2001, 38, 107–112. 

[28] Keegan, K.; Yonezawa, Y.; Pai, F.; Wilson, D.; Kramer, J. Evaluation of 
a sensor-based system of motion analysis for detection and quantification 
of forelimb and hind limb lameness in horses. Am. J.Vet. Res. 2004, 65, 
665–670. [CrossRef] [PubMed] 

[29] Kokin, E.; Praks, J.; Veermäe, I.; Poikalainen, V.; Vallas, M. IceTag3D™ 
accelerometric device in cattle lameness detection. Agron. Res. 2014, 12, 
223–230. 

[30] Chapinal, N.; de Passillé, A.; Rushen, J.; Wagner, S. Automated methods 
for detecting lameness and measuring analgesia in dairy cattle. J. Dairy 
Sci. 2010, 93, 2007–2013. [CrossRef] [PubMed] 

[31] Higginson,J.;Millman,S.;Leslie,K.;Kelton,D.Validation of a new 
pedometry system foruse in behavioral research and lameness detection 
in dairy cattle. In Proceedings of the First North America Conference of 
Precision Dairy Management, Toronto, ON, Canada, 2–5 March 2010; 
Progressive Dairy Operators: Elora, ON, Canada, 2010. 

[32] O’Callaghan, K.; Cripps, P.; Downham, D.; Murray, R. Subjective and 
objective assessment of pain and discomfort due to lameness in dairy 
cattle. In Proceedings of the 2nd Intermational Workshop on the 
Assessment of Animal Welfare at Farm and Group Level, Bristol, UK, 4–
6 September 2002; Federation for Animal Welfare: Hertfordshire, UK, 
2003. 

[33] Blackie, N.; Amory, J.; Bleach, E.; Scaife, J. The effect of lameness on 
lying behavior of zero grazed Holstein dairy cattle. Appl. Anim. Behav. 
Sci. 2011, 134, 85–91. [CrossRef] 

[34] Blomberg, K. Automatic Registration of Dairy Cows Grazing Behavior 
on Pasture; Swedish University of Agricultural Sciences: Uppsala, 
Sweden, 2011. 

[35] Alvarenga, F.; Borges, I.; Palkoviˇc, L.; Rodina, J.; Oddy, V.; Dobos, R. 
Using a three-axis accelerometer to identify and classify sheep behavior 
at pasture. Appl. Anim. Behav. Sci. 2016, 181, 91–99. [CrossRef] 

http://www.animalhealthaustralia.com.au/wp-


International Journal of Engineering Works                                                                        Vol. 9, Issue 04, PP. 100-110, April 2022                                                         

  www.ijew.io         

[36] Mclennan, K.; Skillings, E.; Rebelo, C.; Corke, M.; Moreira, M.; Morton, 
J.; Constantino-Casas, F. Technical note: Validation of an automatic 
recording system to assess behavioral activity level in sheep (Ovis aries). 
Small Rumin. Res. 2015, 127, 92–96. [CrossRef] 

[37] Umstatter, C.; Waterhouse, A.; Holland, J. An automated sensor-based 
method of simple behavioral classification of sheep in extensive systems. 
Comput. Electron. Agric. 2008, 64, 19–26. [CrossRef] 

[38] Mason, A.; Sneddon, J. Automated monitoring of foraging behavior in 
free ranging sheep grazing a biodiverse pasture. In Proceedings of the 
Seventh International Conference on Sensing Technology, Wellington, 
New Zealand, 3–5 December 2013. 

[39] Trotter, M.; Lamb, D.; Hinch, G.; Guppy, C. Global navigation satellite 
system livestock tracking: System development and data interpretation. 
Anim. Prod. Sci. 2010, 50, 616–623. [CrossRef] 

[40] Luu, J.; Johnsen, J.; de Passille, A.; Rushen, J. Which measures of 
acceleration best estimate the duration of locomotor play by dairy calves? 
Appl. Anim. Behav. Sci. 2013, 148, 21–27. [CrossRef] 

[41] Campbell, H.; Gao, L.; Bidder, O.; Hunter, J.; Franklin, C. Creating a 
behavioral classification module for acceleration data: Using a captive 
surrogate for difficult to observe species. J.Exp. Boil. 2013, 216, 4501–
4506. [CrossRef] [PubMed] 

[42] Zhang,M.;Sawchuk,A.Afeature selection-based framework for human 
activity recognition using wearable multimodal sensors. In Proceedings 
of the 6th International Conference on Body Area 

[43] Networks, Beijing, China, 7–10 November 2011; Institute for Computer 
Sciences, Social-Informatics and Telecommunications Engineering: 
Beijing, China, 2011. 

[44] Animals 2018, 8, 12 16 of 16 

[45] Trotter, M.; Falzon, G.; Dobos, R.; Lamb, D.; Schneider, D. 
Accelerometer Based Inference of Livestock Behavior; In Science and 
Innovation Awards for Young People in Agriculture, Fisheries, and 
Forestry; Australian Government: NSW, Australia, 2012. 

[46] Marais, J.; Le Roux, S.; Wolhuter, R.; Niesler, T. Automatic classification 
of sheep behavior using 3-axis accelerometer data. In Proceedings of the 
2014 PRASA, RobMech and AfLaT International Joint Symposium, Cape 
Town, South Africa, 27–28 November 2014. 

[47] Liaw, A.; Wiener, M. Classification and Regression by random Forest. R 
News 2002, 2, 18–22. 

[48] Diaz-Uriate, R. varSelRF: Variable Selection Using Random Forests. 
2014. Available online: http://CRAN.Rproject.org/package=varSelRF 
(accessed on 22 December 2017). 

[49] Pober,D.M.;Staudenmayer,J.;Raphael,C.;Freedson,P.Development of 
novel techniques to classify physical activity mode using accelerometers. 
Med. Sci. Sports Exerc. 2006, 38, 1626–1634. [CrossRef] [PubMed] 

[50] Stone, M. Cross-validatory choice and assessment of statistical 
predictions. J. R. Stat. Soc. 1974, 36, 111–147. 

[51] Flower, F.; Sanderson, D.; Weary, D. Effects of milking on dairy cow 
gait. J. Dairy Sci. 2006, 89, 2084–2089. [CrossRef] 

[52] Distl, O.; Mair, A. Computerized analysis of pedobarometric forces in 
cattle at the ground surface/floor interface. Comput. Electron. Agric. 
1993, 8, 237–250. [CrossRef] 

[53] Nordlund,K.; Cook,N.B.; Oetzel,G.R.Investigation strategies for laminit 
is problem herds. J.DairySci. 2004, 87, 27–35. [CrossRef] 

[54] Ford, L.; Brian, K. Reducing Lameness for Better Returns 2016. 
Available online: http://beefandlamb. ahdb.org.uk/wp-
content/uploads/2016/03/BRP-Reducing-lameness-manual-7- 
080316.pdf (accessed on 22 December 2017). 

[55] Kaler, J. Epidemiological Investigations into Lameness in Sheep; 
University of Warwick: Coventry, UK, 2008. 

[56] Colditz, I.; Paull, D.; Hervault, G.; Aubriot, D.; Lee, C. Development of 
a lameness model in sheep for assessing efficacy of analgesics. Aust. Vet. 
J. 2011, 89, 297–304. [CrossRef] [PubMed] 

[57] Krohn, C.; Munksgaard, L. Behavior of dairy cows kept in extensive 
(loose housing/pasture) or intensive (tie stall) environments II. Lying and 
lying-down behavior. Appl. Anim. Behave. Sci. 1993, 37, 1–16. 
[CrossRef] 

[58] Kubat, M.; Holte, R.C.; Matwin, S. Machine learning for the detection of 
oil spills in satellite radar images. Mach. Learn. 1998, 30, 195–215. 
[CrossRef] 

[59] Mazrier, H.; Tal, S.; Aizinbud, E.; Bargai, U. A field investigation of the 
use of the pedometer for the early detection of lameness in cattle. Can. 
Vet. J. 2006, 47, 883–886. [PubMed] 

[60] Ito, K.; Weary, D.; von Keyserlingk, M. Extreme lying times predict 
lameness. In Proceedings of the 9th ISAE North-American Regional 
Meeting, Montreal, QC, Canada, 17–18 July 2009. 

[61] King, E.M.; Green, L.E. Assessment of farmer recognition and reporting 
of lameness in adults in 35 lowland sheep flocks in England. Anim. Welf. 
2011, 20, 321–328. 

 

 

 

How to cite this article:  
 

Byambadorj Batbayar1and, Lu ShaoKun 

“Automatic Classification of Sheep Behavior sing 

3-Axis Accelerometer Data”, International 

Journal of Engineering Works, Vol. 9, Issue 04, 

PP. 100-110, April 2022. 

https://doi.org/10.34259/ijew.22.904100110. 

 

http://cran.rproject.org/package%3DvarSelRF
http://cran.rproject.org/package%3DvarSelRF
http://beefandlamb/

