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Animal-borne behaviour classification 
for sheep (Dohne Merino) and Rhinoceros 
(Ceratotherium simum and Diceros bicornis)
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Abstract 

Background: The ability to study animal behaviour is important in many fields of science, including biology, behav-
ioural ecology and conservation. Behavioural information is usually obtained by attaching an electronic tag to the 
animal and later retrieving it to download the measured data. We present an animal-borne behaviour classification 
system, which captures and automatically classifies three-dimensional accelerometer data in real time. All computa-
tions occur on specially designed biotelemetry tags while attached to the animal. This allows the probable behaviour 
to be transmitted continuously, thereby providing an enhanced level of detail and immediacy.

Results: The performance of the animal-borne automatic behaviour classification system is presented for sheep and 
rhinoceros. For sheep, a classification accuracy of 82.40% is achieved among five behavioural classes (standing, walk-
ing, grazing, running and lying down). For rhinoceros, an accuracy of 96.10% is achieved among three behavioural 
classes (standing, walking and lying down). The estimated behaviour was established approximately every 5.3 s for 
sheep and 6.5 s for rhinoceros.

Conclusions: We demonstrate that accurate on-animal real-time behaviour classification is possible by success-
ful design, implementation and deployed on sheep and rhinoceros. Since the bandwidth required to transmit the 
behaviour class is lower than that which would be required to transmit the accelerometer measurements themselves, 
this system is better suited to low-power and error-prone data communication channels that may be expected in the 
animals habitat.
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Background
The ability to study animal behaviour is important in 
many fields of science and especially biology and behav-
ioural ecology. The latter often employs high-resolution 
spatial and temporal information to analyse the behav-
iour of animals. Depending on the sensors used, aspects 
such as energy expenditure, behaviour, location, speed, 
heart rate and temperature are monitored [1–5].

A commonly used sensor to monitor the activity level 
of animals is the accelerometer [6, 7]. Animal-attached 
tri-axial accelerometers provide a detailed picture of the 

activity patterns and allow the collection of data from ani-
mals in a non-invasive manner and the subsequent analy-
sis of their behaviour. Such animal-borne biologgers or 
biotelemetry tags, respectively, log or transmit raw sen-
sor data for extended periods of time. The tags are subse-
quently retrieved and the acceleration signals analysed to 
answer key questions relating to animal behaviour. How-
ever, the manual monitoring and analysis of such accel-
erometer measurements can be tedious, time-consuming 
and not feasible for large or open-ended data volumes. 
Recently, researchers have begun to consider machine 
learning techniques to automatically classify these large 
datasets into behavioural classes. For example, McClune 
et  al. classify the behaviour of badgers (Meles meles) as 
walking, trotting, snuffling and resting [8]. Automatic 

Open Access

Animal Biotelemetry

*Correspondence:  trn@sun.ac.za 
Department of Electrical and Electronic Engineering, University 
of Stellenbosch, Banghoek Road, Stellenbosch, South Africa

http://orcid.org/0000-0002-7341-1017
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s40317-017-0140-0&domain=pdf


Page 2 of 13le Roux et al. Anim Biotelemetry  (2017) 5:25 

behaviour classification systems based on tri-axial accel-
erometer data are trained by recording high-resolution 
timestamped video recordings during data collection. 
These recordings serve as ground truth for the raw data, 
which is used to manually label the data according to 
specific behaviours. The labelled data are subsequently 
used to train statistical classifiers. These classifiers can 
then automatically categorise large datasets according 
to the chosen behaviours. Automatic behaviour clas-
sification has already been applied to a range of animals 
using various statistical classification and machine learn-
ing techniques, including artificial neural networks [9], 
decision trees [8–13], discriminant function analysis 
[14], hidden Markov models [15], k-nearest neighbours 
[8, 10, 16], linear discriminant analysis [9], moving aver-
ages with thresholds [17], quadratic discriminant analysis 
[18], random forests [9, 19] and support vector machines 
[9, 15, 20]. These systems have accomplished automatic 
behaviour classification with high accuracy, as listed in 
Table 1. The table lists examples of classified behaviours 
for a small subset of animal species who have recently 
been studied using automatic behaviour classification 
techniques.

Currently, automatic behaviour classification is per-
formed as a post-processing step, after data collection. 
This is the case for all systems described above and listed 
in Table  1. Such configurations provide very valuable, 
but historical, information. The ability to analyse animal 
behaviour in real time, however, has great potential for 
applied ecological monitoring and wildlife conservation 
[21]. Some studies have considered the real-time moni-
toring of animal behaviour using other types of sensors. 
For example, Cangar et  al. consider the automatic real-
time monitoring of locomotion and posture behaviour of 
pregnant cows within a confined space prior to calving 
using top view cameras and online image analysis [22]. 
The system achieved high accuracies with an average of 

85% for standing and lying and 87% for eating or drink-
ing behaviour for eight cows during the last 24 h before 
calving. However, video cameras consume a lot of energy 
and generate large amounts of data and are therefore 
not suitable for long-term deployment. Furthermore, 
image or video processing is computationally demanding, 
which presents challenges for the successful application 
in real-time nature conservation systems. Satellite- or 
GSM-enabled GPS transmitters, on the other hand, have 
a long track record of successfully monitoring animals in 
real time in remote locations [1, 21, 23]. Wall et al. dem-
onstrate the importance of not only collecting but also 
analysing GPS data in real time, using tracking collars 
on African Elephants [21]. It was possible to promptly 
detect and avoid an elephant bull from breaking through 
expensive electrical fencing into neighbouring subsist-
ence farming land in order to forage in fields of maize 
and to inform wildlife managers when elephant herds 
moved close to specific locations, such as the A2 highway 
on the Cape-to-Cairo route [21]. The real-time nature of 
the system allowed immediate alerts to be issued. The 
same author shows that the system was able to identify a 
wounded elephant using movement-rate analysis, which 
led to quick veterinary response and the recovery of the 
animal. Finally, the system was able to successfully detect 
elephant mortality by means of immobility analysis, 
which is key in their anti-poaching and real-time moni-
toring activities.

Wall et  al. go on to point out that while accelerom-
eter data can provide valuable information for real-time 
management applications, the increased volumes of data 
produced by the accelerometers introduce new chal-
lenges for both the tag’s limited memory and battery 
capacities as well as the wireless communication of these 
data to a control room. The author concludes that some 
form of on-board processing is inevitable. To date, how-
ever, no study has considered the on-board classification 

Table 1 Summary of some automatic animal behaviour classification systems based on the statistical classification of tri-
axial accelerometer data

The accuracies shown were calculated by the various authors in different ways. Please refer to the studies themselves to determine exactly how the individual 
accuracies were calculated

Animal Behaviour Accuracy (%) Source

Baboon Forage, run, rest, stand, walk 88 [19]

Badger Walking, trotting, snuffling, resting 83–92 [8, 10]

Cattle Walking, standing, lying down, ruminating, feeding 55–99 [11, 12, 18, 20]

Cheetah Feeding, mobile, stationary 83–94 [15]

Elephant Feeding, bathing, walking, swaying 87.8 [14]

Goat Resting, eating, walking 61–82 [17]

Oystercatcher Flying, foraging, handling prey, sitting, standing, walking 67.6–86.8 [13]

Red Fox Foraging, leaps, trotting 95 [16]

Vulture Eating, lying down, active flight, passive flight, running, standing, preening 80–90 [9]
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of tri-axial accelerometer data for real-time automatic 
behaviour classification. Related studies have consid-
ered the real-time monitoring of human activities based 
on accelerometer data [24–30]. These studies demon-
strate good performance but are also less constrained in 
terms of battery life and communication bandwidth since 
users are co-operative and can be relied on to recharge 
the batteries and to be within reception of standard com-
munication technologies, such as Wi-Fi and cellular net-
works, which can be used to transfer data. For animal 
monitoring purposes, these approaches are not feasible. 
Replacing batteries involves recapturing animals which 
is difficult, expensive and places additional stress on the 
animals. Furthermore, wild animals typically live in areas 
with very limited or no communication coverage except 
satellite or specifically designed wireless sensor networks 
[31]. Accordingly, reducing the required bandwidth for 
data communication will result in increased longev-
ity of the tags and reduce operational costs for satellite 
transmitters.

It is in this context that we consider the feasibility of 
an animal-borne behaviour classification system, which 
captures and automatically classifies three-dimensional 
accelerometer data in real time and on the animal. The 
system is evaluated on both sheep and rhinoceros where 
it distinguishes in real time between behaviours such as 
running, walking, standing, grazing and lying down. We 
describe both the developed hardware and software in 
the interest of system reproducibility. Although the sys-
tem was implemented using specially designed hardware, 
it could in principle be reproduced on other tri-axial 
accelerometer equipped biotelemetry tags to allow real-
time transmission of classified behavioural information 
to further assist research in fields such as behavioural 
ecology, biosecurity, nature conservation and agriculture.

Methods
The system employs specially designed biotelemetry tags. 
These tags are externally attached to the animal where 
they sample a tri-axial accelerometer and pass the raw 
data through an on-board classifier, which determines 
the current behaviour of the animal. The updates are 
available in real time and are stored locally and also 
transmitted over a wireless communication channel. The 
system design involves five steps: First, the biotelemetry 
tag hardware is designed. Second, in a data collection 
phase, the tags are programmed to sample and store raw 
accelerometer signals while ground-truth behavioural 
labels are noted. Third, these recorded signals are trans-
ferred to a workstation where they are labelled and used 
to train and evaluate an automatic classifier.1 Fourth, the 

1 Data processing and classification were performed in Python using the 
SciPy library (version 0:14:0).

classification algorithm is implemented on the tags. 
Finally, the tags are attached to animals where they con-
tinuously capture, classify, record and transmit the 
behaviour of the animal. A ground-truth comparison 
establishes the accuracy of the on-animal classification. 
These steps are set out in more detail in the sections that 
follow.

Hardware
Five tags were developed for our study. The hardware 
layout is shown in Fig  1. The tags are powered by 3.7  V 
1800  mAh lithium-ion batteries. The design utilised a 
L6932H1.2 ultra-low drop-out voltage regulator (STMi-
croelectronics, Geneva, Switzerland), a MSP430FR5739 
low-power mixed signal microcontroller (Texas Instru-
ments, Dallas, TX, USA), a GNS602 GPS receiver (Global 
Navigation Systems, North Shields, UK), two FM25V20 
ferroelectric non-volatile RAM (FRAM) storage mod-
ules of 2  MB each (Cypress Semiconductor, San Jose, 
CA, USA), a 2  GB MicroSD card (Kingston, München, 
Germany) and an ADXL345 tri-axial accelerometer 
(Analog Devices, Norwood, MA, USA) with high-resolu-
tion (13-bit) measurement at up to ± 16 g. A low-power 
CC1101 sub-1  GHz RF transceiver (Texas Instruments, 
Dallas, Texas, USA) allows wireless data communica-
tion at 433 MHz. The tags were packaged using two dif-
ferent collar designs for sheep and rhinoceros. The sheep 
collars had a total weight of 281  g. which included a 
146 mm × 80 mm × 65 mm polycarbonate casing (126 g), 
the physical electronics (32 g), a battery (33 g) and a belt 
(90  g) used to fit the collar around the neck of sheep. 
The rhinoceros collar had a total weight of 371 g, which 
included a 117  mm ×  77  mm ×  38  mm thick durable 
and waterproof casing (165  g) made of polyoxymethyl-
ene (acetal), the physical electronics (32 g), two batteries 

Fig. 1 Block diagram of the hardware design of the biotelemetry 
tags. A MSP430 ultra-low-power microcontroller communicates with 
the accelerometer using  I2C, the GPS using UART and the FRAM, 
MicroSD card and RF transceiver using SPI. Two tactile switches and 
two light-emitting diodes were included for software functionality 
selection and indication purposes, respectively
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(66 g) and two belts (108 g) used to fit the collar around 
the legs of rhinoceros.

Initially, the hardware was configured to collect raw 
accelerometer measurements for both sheep and rhinoc-
eros. In this setting, the microcontroller was pro-
grammed2 to continuously sample the tri-axial 
accelerometer at 100 Hz for sheep and 40 Hz for rhinoc-
eros. These measurements were timestamped and subse-
quently logged to the MicroSD card for later retrieval. 
The GPS, RF transceiver and FRAM modules were not 
used during this data collection step.

Data collection
Datasets for both sheep and rhinoceros were complied 
as part of this study. The collected data were manually 
labelled with the observed behaviour to provide ground 
truth. The resulting annotated corpus was used to 
develop and evaluate statistical classifiers.
For the sheep, raw data were collected on a farm in Car-
narvon, Northern Cape, South Africa, in July 2014. The 
tags were fitted around the necks of the sheep using col-
lars as shown in Fig. 2a. The x, y and z axes are associ-
ated with left–right, up–down and forward–backward 
movements of the sheep, respectively. The data collec-
tion was performed during 3 separate days. On each of 
these three mornings, collars were attached to five indi-
vidual sheep (Dohne Merino) randomly selected from a 
group of approximately twenty animals. The sheep were 
then led to a larger camp and left undisturbed for the 
duration of the day, during which the tags continuously 
logged the acceleration. Five common types of behaviour 
were identified: lying down, standing, walking, running 
and grazing. The behaviour of the sheep was manually 
documented with timestamps to serve as ground truth. 
At the end of each day, the sheep were collected, the 
collars removed and the recorded acceleration signals 
downloaded.

The rhinoceros dataset was collected at a private sanc-
tuary early in 2015. Three rhinoceros were available for 
data collection, one male and one female White Rhinoc-
eros (Ceratotherium simum) and one male Black Rhinoc-
eros (Diceros bicornis). The animals were held in a camp 
approximately 100  ha in area and moved around freely. 
The collars were fitted around the left back leg of the rhi-
noceros as shown in Fig.  2b. The x axis was associated 
with up–down movement, the y axis with forward–back-
ward movement and the z axis with left–right movement. 
Data collection took place over a period of 1 week. The 
rhinoceros were fed daily, and this provided the oppor-
tunity to fit the collars. Once the collars were fitted, the 

2 Microcontroller programming was performed in the C programming lan-
guage using Code Composer Studio 5.5.0.

rhinoceros were left undisturbed to roam freely in their 
camp. The collars were removed during later feeding ses-
sions and the data downloaded, after which the collars 
were redeployed. Four common behaviours were identi-
fied: lying down, standing, walking and running. The rhi-
noceros were monitored each day at the feeding sessions 
during which timestamped video recordings were made. 
The video recordings allowed accurate labelling of the 
gathered data.

Data labelling
In order to train and evaluate the statistical classifiers, it 
is important to have accurate ground truth. All collected 
data for both sheep and rhinoceros were segmented and 
labelled manually with the corresponding behaviour. For 
the sheep, the ground truth took the form of manual 
annotations (2014 data). For the rhinoceros, the times-
tamped video recordings were used (2015 data). A sum-
mary of the raw sheep and rhinoceros datasets is given in 
Table 2.

Fig. 2 Biotelemetry collars. a Fitted around the necks of four sheep. 
The accelerometer x, y and z axes are associated with left–right, up–
down and forward–backward movements of the sheep, respectively, 
b fitted around the black leg of a rhinoceros. The accelerometer x, y 
and z axes are associated with the up–down, forward–backward and 
left–right movements, respectively
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Data collection from rhinoceros was logistically and 
practically challenging, and as a result the data corpus 
gathered was smaller than that for sheep. Running behav-
iour was not observed often for rhinoceros. Grazing 
behaviour could not be detected because the tags were 
attached to the back leg for the rhinoceros, and not to the 
neck as for sheep.

Figure  3 depicts typical measured acceleration signals 
for the five different behaviours in the sheep dataset. 
Similarly, Fig. 4 depicts typical measured acceleration sig-
nals for the three different behaviours in the rhinoceros 
dataset. The figures demonstrate that the acceleration 
waveforms of different behavioural classes exhibit differ-
ent characteristics.

Table 2 Raw unbalanced datasets

Data collected for each behaviour class for sheep and for rhinoceros (hours:minutes)

Lying down Standing Walking Running Grazing Total

Sheep 17:18 0:55 6:08 1:12 6:27 32:00

Rhinoceros 2:08 3:50 0:48 0:07 – 6:53
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Fig. 3 Raw acceleration measurements from the 2014 sheep dataset. Typical acceleration measurements for the five identified sheep behav-
iours sampled at 100 Hz. The x (red), y (green) and z (blue) accelerometer axes are shown. Differences in the acceleration waveforms are apparent 
between the five behaviours. However, lying and grazing behaviour have similar acceleration signals
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Data pre‑processing and feature extraction
Analysis of the gathered datasets showed very little spec-
tral content above 10  Hz. The three acceleration axes 
were therefore low-pass-filtered using an 8th-order But-
terworth filter with a cut-off frequency of 10  Hz before 
segmenting the signals into consecutive frames and 
applying a Hamming data window. Frames spanned 512 
and 256 accelerometer measurements, respectively, for 
sheep and rhinoceros to achieve similar frame durations, 
due to different sampling frequencies of 100 Hz for sheep 
and 40 Hz for rhinoceros. These frames were allowed to 
overlap by 50%. The features extracted from each frame 
were based on those employed in [20, 32] and included 
the 11 features listed in Table 3. For each feature, except 
average signal magnitude, three values were computed, 
one for each accelerometer axis, leading to a total of 31 
features per frame. The same features were extracted for 
both the sheep and the rhinoceros datasets.

Dataset balancing
The two datasets were balanced after feature extraction, 
in order to avoid possible bias between classes or ani-
mals. Since the sheep dataset did not identify individual 
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Fig. 4 Raw acceleration measurements from the 2015 rhinoceros dataset. Typical acceleration measurements for the three identified rhinoceros 
behaviours sampled at 40 Hz. The x (red), y (green) and z (blue) accelerometer axes are shown. Differences in the acceleration waveforms are appar-
ent between the three behaviours

Table 3 Features extracted from the compiled datasets

Each frame consists of N sequential samples, and x denotes a vector of these 
samples for each accelerometer axis, x, y and z. The FFT of x is denoted by X and 
the normalised power spectrum of x by P(x). Cross-correlation is calculated for 
each axis pair (x, y), (x, z), and (y, z). All features except average signal magnitude 
provide three values: one per axis

Feature Equation

Average signal magnitude 1
N

∑N
i=1

√

x2i + y2i + z2i

Maximum value max(x)

Minimum value min(x)

Mean (x̄) 1
N

∑N
i=1 xi

Standard deviation (σx)
√

1
N

∑N
i=1(xi − x̄)2

Variance σ 2
x

Skewness 1
N

∑N
i=1(xi−x̄)3

σ 3
x

Kurtosis 1
N

∑N
i=1(xi−x̄)4

σ 4
x

Energy 1
N

∑N
i=1 |Xi |

2

Spectral entropy ∑N
i=1 P(xi) log

1
P(xi )

Pairwise correlation between the axes cov(x,y)
σxσy
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animals, the classes were balanced over all the sheep. 
This was achieved by random selection from the aggre-
gated data to limit the number of samples for each class 
to the number available for the least frequent class. 
Hence, the resulting dataset is evenly drawn from all ani-
mals while maintaining the same number of total samples 
from each class. In the case of the rhinoceros dataset, 
collection took place from three distinct and identifiable 
animals. Therefore, this dataset could be balanced over 
behavioural classes as well as animals. This was achieved 
by limiting the data available for each class from each 
animal to that available for the least frequent class among 
all animals. The resulting dataset had an equal number 
of samples for each class and for each rhinoceros. We 
decided to omit the small amount of running data from 
the rhinoceros dataset for cross-animal testing purposes, 
since this behaviour was observed for only one animal. 
The total number of feature vectors available after bal-
ancing the datasets is given in Table 4.

Linear discriminant analysis
Linear discriminant analysis (LDA) is a classification 
method, which assigns a d-dimensional input feature 
vector x = {x1, . . . , xd} to one of K classes (Ck) using a 
linear decision boundary [33]. This is accomplished after 
projecting the data to a lower K − 1 dimensional space 
using a transformation matrix W, as shown in Eq. 1.

Here, y = {y1, . . . , yK−1} is the K − 1 dimensional 
projected vector. Class separation is maximised in the 
lower-dimensional space by choosing the matrix W to 
maximise the between-class variability while minimising 
the within-class variability. This is achieved by maximis-
ing the generalised Fisher criterion, as given in Eq. 2.

In Eq. 2, SB is the sample covariance of the class means:

where the number of samples in class k is given by Nk. SW  
is the within-class covariance matrix:

(1)y = WTx

(2)J (w) =
wTSBw

wTSWw

(3)SB =

K
∑

k=1

Nk(µk − µ)(µk − µ)T

The mean for each class by µk and the overall mean by 
µ. The decision boundary is found by solving the general-
ised eigenvalue problem in Eq. 5 [34]:

This results in K − 1 eigenvectors, which are used 
to discriminate between the K classes. Classification is 
accomplished by determining the nearest class mean in 
the K − 1 dimensional space.

where d(a,b) is in our case the Euclidean distance 
between vectors a and b.

An underlying assumption of LDA is that each class 
density is a multivariate Gaussian and that the classes 
share the same covariance matrix  [35]. We were moti-
vated to use the LDA technique since the computations 
required for classification are simple and could be imple-
mented on our low-power hardware, and because infor-
mal analyses of the extracted features indicated their 
densities to be approximately Gaussian. However, other 
classifiers could be considered in future.

Software and implementation
Animal-borne behaviour classification is achieved by 
implementing the trained LDA classifier on the tag itself. 
The tag executes the software routine shown in Fig. 5.

The routine begins by initialising the system and set-
ting all variables to appropriate values. Next, two timers 
are started. The first corresponds to the desired acceler-
ometer sampling frequency in our case 100 Hz for sheep 
and 40 Hz for rhinoceros. The second corresponds to the 
desired GPS sampling interval. The routine then enters 
the main loop, in which it waits for the read-accelerom-
eter timer to trigger an interrupt. The corresponding 
interrupt service routine samples the accelerometer and 
stores the raw x, y, and z acceleration values in a data 
buffer. This process is repeated until a pre-defined num-
ber of samples have been obtained (512 for sheep and 
256 for rhinoceros). Feature extraction is subsequently 

(4)
SW =

K
∑

k=1

∑

x∈Ck

(x − µk)(x − µk)
T

(5)SBW = �SWW

(6)k = argmin
k

d(WTx,WT
µk)

Table 4 Balanced datasets

Indicating the number of feature vectors extracted for each behaviour class for the sheep and rhinoceros data presented in Table 2

Lying Standing Walking Running Grazing Total

Sheep 769 768 766 768 768 3839

Rhinoceros 297 297 297 – – 891
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performed on the frame stored in the data buffer. The fea-
ture vector is subsequently passed to the LDA classifier, 
and the classification result transmitted and optionally 
also stored on-board. At this stage, if the GPS timer was 
triggered, the GPS location can be obtained, transmit-
ted and stored. The loop completes by clearing the data 
buffer. An additional delay can be introduced at this point 
during which the system enters a low-power state for a 
set duration. This is useful when behavioural updates 
are required less frequently. However, we configured 
the system for continuous behavioural updates; hence, 

no delay was introduced. With this software implemen-
tation, behavioural updates are available approximately 
every 5.3  s for sheep and 6.5  s for rhinoceros, since the 
sampling is taken at constant intervals (100 Hz for sheep 
and 40 Hz for rhinoceros), and a set number of samples 
are stored in the data buffer (512 samples for sheep and 
256 samples for rhinoceros) before classification and 
transmission.

The animal-borne behaviour classification system was 
implemented and field-tested to evaluate its perfor-
mance. In April 2015, the tags were configured with the 
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Fig. 5 Software flow diagram of the animal-borne behaviour classification system. Accelerometer sampling is controlled by a timer to ensure a con-
stant sampling frequencies of 100 Hz for sheep and 40 Hz for rhinoceros. The GPS acquisition interval is determined by a second timer
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classifier trained on the 2014 sheep dataset and tested 
at the same farm in Carnarvon on two randomly cho-
sen sheep over a period of 2 days. Video recordings were 
made to serve as ground truth with which the classifica-
tion accuracy could be determined. In April 2016, the 
tags were configured with the classifier trained on the 
2015 rhinoceros dataset and tested at the same location 
on three different rhinoceros over a period of 4  days. 
Video recordings were again made to provide the ground 
truth with which to evaluate classification accuracies.

Results
The first goal of the experiments was to determine the 
utility of the features in Table 3 for behaviour classifica-
tion in sheep and rhinoceros. All classifiers are trained 
and evaluated on the datasets in Table 4 within a cross-
validation framework. For the sheep dataset, tenfold 
cross-validation was used. Since the identities of the ani-
mals were not unambiguously known for this dataset, the 
tenfold split was executed by random selection. How-
ever, in the case of the rhinoceros dataset, inter-animal 
classification performance could be evaluated. This was 
achieved by threefold cross-validation, where training 
data were always taken from two animals and testing data 
from the third. This is a leave-one-animal-out cross-vali-
dation scheme. Sequential forward selection (SFS), a sim-
ple greedy search technique, was used to determine the 
best combination of features to use for classification [36]. 
SFS incrementally adds features to the classifier while 
optimising cross-validated classification accuracy. For 
both sheep and rhinoceros datasets, SFS was performed 
on a development set that was split from each training 
partition during cross-validation. This ensured that the 
held-out cross-validation partition on which final evalu-
ation was performed was completely independent of all 
data used during training and system optimisation. Fig-
ure 6 shows behaviour classification accuracies measured 
during cross-validation on the held-out data.

For sheep, the classifier was trained to distinguish 
between five behaviours: lying down, standing, walk-
ing, running and grazing. The best classifier employed 
27 features and achieved an accuracy of 85.70%. Table 5 
shows the corresponding confusion matrix. It is clear 
that lying down, standing and running can be accurately 
classified. Walking behaviour was confused with standing 
and with grazing in 5.74% and in 8.21% of cases, respec-
tively. Grazing behaviour was confused with lying down 
in 38.54% of all cases. This is due to the similarities of the 
measured acceleration signals for the two behaviours, as 
shown in Fig. 3.

For rhinoceros, the classifier was trained to distinguish 
between three behaviours: lying down, standing and 
walking. The best classifier used 15 features and achieved 

an almost perfect classification accuracy of 99.78%. 
Table 6 shows the corresponding confusion matrix. It is 
clear that both walking and lying down were classified 
very accurately. Standing behaviour was confused with 
lying down in 0.67% of cases. Furthermore, Fig. 6 shows 
that, for both sheep and rhinoceros, most performance 
gain is afforded by approximately the first 5 of the pos-
sible 31 features. For sheep, these were standard devia-
tion (z axis), minimum value (x and y axes), variance (z 
axis) and spectral entropy (z axis). For rhinoceros, the top 
five features determined by SFS were maximum value (x 
axis), minimum value (x and y axes), mean value (x axis) 
and variance (z axis). The results of SFS therefore allow 
the dimensionality of the feature vector to be reduced 
while maintaining the best possible performance.

The second goal was to determine whether a LDA clas-
sifier, using a subset of features with low computational 
demands, could be used to accurately classify the behav-
iour of sheep and rhinoceros in real time, given the lim-
ited resources of the animal-borne system. We found that 
our system was able to accomplish real-time on-animal 
classification using a 12-dimensional feature vector con-
sisting of the maximum value, minimum value, mean 
value and standard deviation for all three axes. The sys-
tem achieved classification accuracies of 82.40% for 
sheep and 96.10% for rhinoceros and delivered updates 
every 5.3 and 6.5 s for sheep and rhinoceros, respectively. 
Although further investigation is needed to determine 
the trade-offs between feature complexity, system per-
formance and power consumption, the chosen features 
agree to a large extent with those chosen by SFS.

Discussion
The accuracies achieved by our on-animal classifiers were 
slightly below the best accuracies achieved during labo-
ratory development (Fig. 6). To some extent, this is due 
to the partial mismatch between the features used by the 

(a) (b)
Fig. 6 LDA classification accuracy. Classification accuracy of the LDA 
classifier during sequential forward feature selection for a the sheep 
and b rhinoceros datasets. Since only three behaviours were classified 
for the rhinoceros dataset, the classifier was more prone to over-
fitting the development set, which results in lower performance on 
the independent test set when the number of features exceeds 15
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on-animal system, and those identified to be most useful 
by SFS. It is therefore expected that on-animal classifica-
tion can be further improved by employing the feature 
sets identified during SFS. Further research is needed 
to determine the trade-offs between feature complexity, 
system accuracy and power consumption for real-time 
implementations. Nevertheless, the on-animal accura-
cies achieved are sufficient to be useful in field tests, it is 
not far below the best laboratory results and it compares 
well with the accuracies listed in Table 1. This indicates 
that the behaviour classes considered are distinguishable 
on the basis of accelerometer measurements for both 
sheep and rhinoceros and that this can be achieved on-
animal and in real time. As also anticipated by Wall et al., 
we believe such real-time behavioural updates have the 
potential to greatly aid nature conservation efforts [21]. 
We also believe that animal-borne behaviour classifica-
tion can provide additional value to the movement-rate 
analysis and immobility detection algorithms used by 
the same authors. Similar analytical techniques can be 
applied to determine normal daily thresholds for each 
behaviour and thereby identify abnormal behaviour. For 
example, excessive lying behaviour and below-normal 
walking behaviour might indicate animal injury or illness 
[21, 37]. This is also of particular interest in precision 
agriculture applications and might compliment current 
techniques used to detect lameness in cattle. Darr et al. 
confirm that excessive lying behaviour is linked to lame-
ness in cattle, which can be treated if behavioural changes 

are promptly detected [37]. Therefore, they implemented 
a system that stores timestamped average values of each 
accelerometer axis every 15  s. A base station can later 
retrieve the information over a wireless link, whereafter 
the data are compared to an 0.5 g threshold to determine 
animal lying time. Furthermore, animal immobility might 
be more quickly identified by detecting excessive lying 
behaviour. Since immobility detection is critical to nature 
conservation efforts [21], we plan in future to add immo-
bility as a separate class and train the classifiers accord-
ingly. This might allow quick response in an attempt to 
catch poachers red handed. At present, our specific focus 
is the monitoring of rhinoceros to assist conservation 
efforts, since these animals are currently subject to an 
unprecedented and sustained poaching onslaught [38]. 
Our field tests indicate that both the behaviour and GPS 
location can be monitored in real time as illustrated in 
Fig. 7, which shows the location and behaviour of a rhi-
noceros over 1 day. One can easily identify the different 
behaviours and use this information to learn the animal’s 
spatiotemporal preferences over longer periods of time in 
order to identify abnormal behaviour.

Since our system only transmits the classification 
result (6  bytes) as opposed to the raw data (2816  bytes) 
or extracted features (53 bytes), it is better suited to the 
low-power and error-prone data channels that prevail 
when considering wireless communication in the animal’s 
habitat. In addition, animal-borne behaviour classification 
shows potential to reduce the overall power consumption 
and increase the resolution of GPS loggers/transmitters 
by dynamically updating the rate at which GPS locations 
are obtained [39]. Brown et  al. calculate the statistical 
variance of a single accelerometer axis to identify ani-
mal activity levels as resting, medium- or high intensity 
and set the GPS schedule accordingly [39]. Their system 
reduced the overall power consumption while achiev-
ing a greater number of locations per day with a lower 
mean search time per location attempt [39]. Our system 
has potential to compliment such strategies by dynami-
cally changing the GPS schedule based upon the animal’s 
behaviour. Furthermore, implementing behaviour-specific 

Table 5 Confusion matrix showing the accuracies achieved by the LDA classifier trained on the 2014 sheep dataset

True behaviour

Lying down (%) Standing (%) Walking (%) Running (%) Grazing (%)

Predicted behaviour

Lying down 90.51 6.76 0 0 2.73

Standing 0.65 96.74 2.47 0 0.14

Walking 0.13 5.74 85.63 0.26 8.21

Running 0 0 0.78 99.09 0.13

Grazing 38.54 2.6 2.47 0 56.39

Table 6 Confusion matrix showing the accuracies 
achieved by the LDA classifier trained on the 2015 rhinoc-
eros dataset

True behaviour

Walking (%) Standing (%) Lying down (%)

Predicted behaviour

Walking 100 0 0

Standing 0.67 99.33 0

Lying down 0 0 100
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GPS schedules can enable researchers and conservation-
ists to focus on specific behaviours while maximising the 
tag’s lifetime, since unwanted behavioural updates can 
be avoided. Wilson et  al. demonstrate the need for such 
behaviour-specific updates in their study of the locomo-
tion dynamics of hunting in wild cheetahs [40]. Their 
system dynamically adapted the rate at which both the 
GPS and inertial measurement unit (IMU) were sampled, 
based upon the animal activity level (measured using the 
accelerometer) and the time of day (measured using the 
GPS). This implementation resulted in a reduced average 
power consumption and higher-resolution data for spe-
cific hunting events [40]. Although the system successfully 
recorded 367 runs over a period of 17  months, a fur-
ther 530 runs were identified in the activity data, but not 
recorded, because the collar did not trigger on every run 
owing to the time of day and conservative trigger thresh-
olds. We anticipate that similar studies might benefit from 
the use of animal-borne behaviour classification rather 
than fixed thresholds. Animal-borne behaviour classifica-
tion might also be used in GPS drift-corrected dead reck-
oning applications as described in Dewhirst et  al. [41]. 
The study points out that animal dynamic body accelera-
tion has an approximately linear relationship with animal 
speed, which is a key metric used along with calibrated 
magnetometer measurements to achieve GPS drift-cor-
rected dead reckoning. This improves the accuracy of 

animal path and travel distance estimates [41]. In future 
work, our technique might provide additional informa-
tion that can be used in conjunction with the vector of 
the dynamic body acceleration (VeDBA), magnetometer 
measurements and GPS data to achieve this goal.

It is clear that biological sensor tags can play a critical 
role in animal conservation [42]. We hope that further 
research in the presented and related directions can serve 
to optimise system longevity and data resolution, thereby 
enabling advances in applied ecological monitoring and 
wildlife conservation by means of sensor-equipped tags 
and real-time on-board processing techniques.

Summary and conclusion
An animal-borne behaviour classification system was 
successfully designed, implemented, deployed and tested 
on sheep and rhinoceros. The specially designed biote-
lemetry tags were able to achieve real-time on-animal 
classification of behaviour using statistical classification 
of tri-axial accelerometer measurements. When distin-
guishing between the five behaviour classes (standing, 
walking, grazing, running and lying down) for sheep, the 
best laboratory system achieved a cross-validated clas-
sification accuracy of 85.70% using 27 features, while an 
on-animal classifier using 12 features achieved 82.40% in 
independent tests. When discriminating between three 
behaviour classes (standing, walking and lying down) 
for rhinoceros, the best laboratory system achieved a 
cross-validated classification accuracy of 99.78% using 15 
features, while an on-animal classifier using 12 features 
achieved 96.10% in independent tests. The animal-borne 
system produced live behavioural updates approximately 
every 5.3  s for sheep and 6.5  s for rhinoceros. We con-
clude that the behaviour of sheep and rhinoceros can be 
determined with high accuracy from measured tri-axial 
acceleration data. Furthermore, we conclude that it is 
possible to achieve this on the animal to provide real-
time behavioural information. The development of our 
system is continuing with the extension of the data sets, 
the application to other types of animal and the assess-
ment of other classification techniques. In the longer 
term, we aim to use our animal-borne classifiers to model 
animal behaviour for conservation applications.
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