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Abstract- This paper describes afour-charmel real-time 
system for the detection and measurement of sheep 
rumination and mastication time periods by the analysis 
of jaw sounds transmitted through the skull. The system 
is implemented using an 80486 personal computer, a 
proprietary data acquisition card (PC-126) and a 
custom made variable gain preamplifier and bandpass 
filter module. Chewing sounds are transduced and 
transmitted to the system using radio microphones 
attacht?d to the top of the sheep heads. The system's main 
functions are to detect and estimate rumination and 
mastication time periods, to estimate the number of 
chews during the rumination and mastication periods, 
and to provide estimates of the number of bo/i in the 
rumination sequences and the number of chews per 
bolus. The individual chews are identified using a 
special energy threshold detector. The rumination and 
mastication time periods are determined by neural 
network classifier using a combination of time and 
frequency domain features extracted from successive 10 
second acoustic signal blocks. 

1. Background 

Rumination, the process of 'chewing the cud', is 
characteristic of a group of herbivores known as 
ruminants which include sheep, goats and cattle. In these 
. animals, productivity can be limited by the resistance of 
the plant material in their diets to comminution during 
mastication and rumination. In general as the resistance 
to comminution increases the time the animal spends 
each day chewing during mastication when the feed is 
eaten, and subsequently in chewing during rumination, 
increases and as a consequence dry matter intake of feed 
decreases. In these studies of feed quality, animal 
nutritionists need accurate data on the time spent by the 
animal in mastication and rumination phases over 
periods of say 24 hours to a week, and to measure the 
number of chews per bolus during rumination. Animal 
nutrition researchers use this data in various ways 
depending on the type of feed and the type of 

correlations they are seeking. This data gathering task, 
although possible for a human to do manually by 
listening to recordings of jaw movements, is tedious and 
very time consuming and subject to error. Consequently, 
an automated system is necessary to process the large 
amounts of acoustic data involved with minimum error. 

2. Introduction 

A preliminary investigation [ 1] based on data gathered 
from a Tasmanian study [2] showed that it was feasible 
to achieve the required rumination and mastication 
classifications using frequency spectral information over 
ten-second blocks of time. A subsequent undergraduate 
student project ("Classification of Sheep Feeding 
Phases", Michael Dragojevic 1994, Department of 
Electdcal and Electronics Engineering, The University of 
Western Australia) showed that adequate classification 
was also achievable using the spectral information in a 
single chew. This work demonstrated that it was possible 
technically to achieve the goal to an acceptable design 
specification. The main limitations were related to the 
choice of the implementation technology and its cost. 

From this work a four-channel real-time system was 
designed and developed for the detection and 
measurement of sheep rumination and mastication time 
periods by the analysis of jaw sounds-transmitted through 
the skull. The system was implemented using an 80486 
personal computer, a proprietary data acquisition card 
(PC-126) and a custom made variable gain prearnplifier 
and bandpass filter module. 

This paper starts with a review of the preliminary 
feasibility work which lead to the system specification. 
The system was developed according to the specification 
described in the following section and tested with field 
data. Due to budgetary constraints the system 
implementation which was adopted does not represent an 
optimal solution, but rather provides a useful tool if 
applied carefully in conjunction with some human 
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judgment and intervention. Some suggestions are given 
in the last section for an improved design which may 
provide more reliable automatic operation. 

3. A Review of the Preliminary 
Work 

In the initial study [1] 9 minutes and 42 seconds of audio 
cassette recording of a sheep B ruminating (146 
seconds), a goat R ruminating (155 seconds), a goat P 
masticating ( 134 seconds) and a sheep A masticating 
(147 seconds), supplied by The University of Tasmania 
was used in the investigation. After initial investigation it 
was found there was little significant information in the 
recording above 1,680 Hz so the recordings were 
digitised at a sample rate of 3,360 Hz with I4 bit 
precision. Independent signal records of 33,792 points 
each were taken from the 4 categories to build up data 
for category samples. Each record represented 10.057 
seconds of continuous recording and it was subdivided 
into 33 contiguouS frames of 1,024 points each. 
Examples of sheep mastication and ruminating records 
are shown in Figures I-4. 

Feature vectors for category classification were derived 
from the power spectral estimate (PSE) of each 33,792 
point record. Firstly, 66 1,024 point frames were 
Blackman windowed to taper the values at the beginning 
and end of the frame to zero. This involved multiplying 
the I,024 points by the Blackman window function 
defmed by equation (1). 

The 66 frames were taken progressively through the 
record, each having a 512 point overlap with the 
previous frame. A 1,024 point Fast Fourier Transform 
(FFT) was performed on each frame. The magnitude 
squared values of each frame were averaged over the 66 
frames to produce a PSE of 512 points spanning 0 to 
I,680 Hz. Each point in the PSE represented a 3.28I25 
Hz frequency band. Next, the square root of the PSE 
was performed to produce the FFT magnitude which was 
divided into 9 equally spaced frequency bands of 
167.34375 Hz each. This choice was based on visual 
inspection of the PSE plots which indicated that most of 
these bands had differing information for the 4 
categories. Finally, the frequency components in each 
band were averaged and used to create a normalised 9 
dimensional feature vector for category classification. 

The Probabilistic Neural Network (PNN) [3,4] was used 
to perform the classification task because it performs 
well with relatively few independent feature vectors and 
it is quick and easy to train. For initial testing the 
following numbers of feature vectors for each of the 4 
categories were extracted from relatively noiseless parts 
of the recording: 

Class 1, Sheep B ruminating - 9 
Class 2, Goat R ruminating - 12 
Class 3, Sheep P masticating - 8 
Class 4, Goat A masticating - 4 

Due to the relatively small numbers of feature vectors 
(33) the PNN was used in the holdout test mode to 
maximise the results. In the holdout test mode each 
vector is taken out of the vector set in turn and tested 
against the remainder. The PNN achieved IOO% 
classification accuracy for sigma between 0.014 and 
0.071. 

In the next sample set some mostly noisy samples were 
added to the relatively noiseless samples above. The 
main type of noises were the banging of metal feed trays 
and occasional animal bleating during the mastication 
phases only. The rumination recordings had no loud 
noises in them except for occasional low level metal feed 
tray banging. The numbers of feature vectors were as 
follows: 

Class 1, Sheep B ruminating - II 
Class 2, Goat R ruminating - 12 
Class 3, Sheep P masticating - 11 
Class 4, Goat A masticating - I2 

Once again the PNN was used in the holdout test mode 
and it achieved 100% classification for sigma between 
0.028 and 0.049. 

These results showed that it was possible to positively 
identify sheep B ruminating, goat R ruminating, sheep P 

· masticating and goat A masticating from the audio 
recordings. The preprocessing and classification method 
described above was able to effectively perform the 
discrimination even when significant feed bin banging 
and bleating noises are mixed with feeding sounds. 

Dragojevic used an Autoregressive Power Spectral 
Density {APSD) estimation technique to extract the 
spectral features from each individual chew signal of 512 
points sampled at a rate of3,360 Hz. He used 12 spectral 
bins to create the feature vectors and tested various 
neural network classifiers. All data were taken from a 
single sheep fed clover. The training data set consisted of 
the following numbers of feature vectors: 

Class I, Sheep ruminating chew - I75 
Class 2, Sheep masticating chew - 175 
Class 3, Random Gaussian noise - 46 

The testing data set consisted of independent samples of: 

Class I, Sheep ruminating chew - 100 
Class 2, Sheep masticating chew - 100 
Class 3, Random Gaussian noise - 100 
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After training he achieved a 93% accuracy on the testing 
set using a PNN classifier. 

Both these preliminary studies provided enough 
confidence in the belief that there is sufficient spectral 
information in the chewing sounds to achieve satisfactory 
discrimination between sheep rumination and mastication 
phases. The main question which was left unanswered 
was, could a system be designed which was able to 
maintain a low intraclass and high interclass variance 
over the whole range of different sheep individuals and 
feed types? Another questiqn was, to what degree would 
the wide range of possible background noises and other 
signal effects affect the performance of the system? 
These questions can not be satisfactorily answered until 
sufficient data is collecte.d, manually classified and 
analysed. Unfortunately, t.mtil a sufficient amount of 
representative data is collected it is impossible to 
detemiine reliable system pert'f)rmance capabilities. This 
is so because there is nq W~)' to determine an adequate 
model of the process 3 priori, on which to base a system 
design. It must be determined primarily from 
representative data sample!! from what is essentially an 
infinite, varied and strictly \mknown set. 

4. System Specification 

The general system goal was to identify the rumination 
and mastication periods of 4 sheep, simultaneously in 
real-time, from their jaw soqnds transmitted through their 
skulls and transduced by ns,dio microphones. The sheep 
are penned in outdoor feeding lots which do not allow 
them to stray more than 200 metres from a designated 
radio receiving station. Also required was an estimate of 
the number of boli in the rumination periods and the 
number of chews per bolus as well as · the:~ number of 
chews in the mastication periods. 

The main task of the real-time system WllS to detect the 
individual chews and to classify each 10 !!ElCOnd period 
as a resting, masticating or ruminating period for each of 
the 4 channels. This information was th.e.n t() be saved in 
a data file for postprocessing which would impl"(>ve the 
accuracy of the classifications and estimate dle boli 
statistics. This in effect would redy~ the inf()rmation 
content of the jaw sounds to the e!!!Jential detail, thereby 
obviating the need to record the soUPds. 

4.1 Patterns and Signals of Interest 

The main patterns and signals of interest which are 
typically picked up in the jaw sound recordings are as 
follows: 

1) Rumination chews. 
2) Interval between boli, including a gulp sound when 

boli are swallowed and the next are regurgitated. 
3) Masticating chews during eating. 
4) Silence. 
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5) Noises. 
- Sheep noises, eg. 

- bleating, jumping, rubbing. 
- Environmental, eg. 

- wind and rain. 
- aeroplane, vehicle & machinery. 
- human voices and movement. 
-wild life. 

- Electrical, eg. 
-static. 
- radio signal break ip & out. 
- radio signal whistle & bowl. 

4.2 System Goals 

The general real-time system goals were to: 

1) Remove or reduce irrelevant signal and system noise. 
2) Uniquely detect individual chews (rumination or 

mastication). 
3) Measure the times between chews. 

From this information the system would specifically: 

1) Detect and classify rumination time periods. 
2) Measure the number of rumination chews. 
3) Detect and classifY mastication time periods. 
4) Measure the number of mastication chews. 
5) Detect and classify resting time periods. 
6) Record this essential information in a data file up to 

24 hours long. 

The data file would then be postprocessed to: 

I) Iniprove the accuracy of the classifications by use of 
local context information. 

2) Estimate the number ofboli and the number of 
chews per bolus. 

4.3 Design Constraints 

The major system design constraint was that it needed to 
be minimal in respect to hardware and development 
costs, that it needed to process the signals from 4 sheep 
simultaneously in real-time and be portable. This 
effectively meant that a portable PC 80486 with no 
expensive Digital Signal Processing (DSP) or maths 
accelerator cards was the most processing power 
available. Consequently, there was little processing time 
to do noise filtering, signal preprocessing or pattern 
recognition. The resulting penalty was that system 
accuracy, reliability and robustness was very dependent 
on there being minimal noise mixed with the chewing 
soundS. To compensate for this it was decided to develop 
an extra postprocessing program to improve and extract 
further information from the raw data files. 

Initial investigation showed that it was possible to 
achieve real-time processing speeds using a fast 80486 
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PC with an analogue to digital converter (ADC) board 
fitted. The processing software would be written in C to 
achieve the required speed. Essentially, the system would 
be sampling the current I 0 second period of sound as a 
background task while it was processing and data 
logging the results of the previous l 0 second period and 
so on continuously. 

5. Real-Time System Description 

The block diagram of the real-time system is shown in 
Figure 5. It has 4 similar independent sound channels 
which are fed from the radio microphones attached to the 
top of the sheep's heads [5]. The output of the radio 
microphones is set to normal line level. These radio 
microphones have a range of at least 200 metres in an 
open paddock which represents the maximum distance 
which any sheep was expected to be from the receiver. 

Each sound signal comes from the animal's head via the 
radio microphone system. It is then converted to a digital 
signal after it passes through a variable gain preamplifier 
and bandpass filter. The preamplifier has a manually 
adjusted gain of between 0.7 to 9.5. The bandpass filter 
has a bandwidth between 7 Hz and 212 Hz. The 
bandwidth represents the frequency band where most of 
the information related to chewing is found. 

The signals are digitised via a 12 bit Analog to Digital 
Converters (ADCs) sampling at 400 Hz. These are 
passed through 10 second signal buffers and · then 
through moving-average squared summers which 
produce signal energy outputs. Chews are impulsive so 
they produce distinct energy pulses whereas continuous 
sounds produce more constant and smooth energy 
outputs. Both the raw and energy signal outputs are 
passed through their own I 0 second buffers. The signal 
energy detector outputs are also passed through a 10 
second buffer. The features for the feeding phase 
categorisations are extracted from these three buffers. 
The system actually uses double buffering so that 
processing is done on the previous buffer data while the 
current buffers are being filled. This allows I 0 seconds 
to do all the required computations on the previous 10 
seconds of the 4 channels of data. 

The mastication phase categorisations are determined by 
the neural network classifier which is fed by the features 
from the 3 I 0 second buffers for each of the 4 channels. 
These classifications along with the pulse waveforms 
computed by the energy pulse detectors are saved and 
stored in a date stamped data file. 

The system consists of a Toshiba T6400 laptop PC, a 
PC-126 PC analog to digital (ADC) interface card, a 
custom built analogue filter interface box and system 
software. The PC-126 card is plugged into the single slot 
expansion bus of the T6400 and the interface box shown 
in Figure 6 is plugged into the PC-126 via a 34 way 

ribbon cable. 

5.1 Energy Pulse Detector 

The energy pulse detector is based on the classic energy 
detector which can be used when the signal waveform is 
either not known or changing within a given bandwidth. 
The classic energy detector assumes Gaussian white 
noise and relies on a detection threshold DT of SIN 0 to 
make the detection decision at some preassigned level of 
correctness. The signal is squared, integrated for a given 
time T and then thresholded at some level. The detection 
threshold level is chosen depending on exactly what 
probability of detection vs probability of false detecting 
is required. This approach can be used only if we have a 
signal with a large bandwidth-time product, a constant 
energy strength and additive Gaussian white noise. 
Unfortunately the chews are neither of constant energy 
nor duration so this type of detector as it stands is not 
suitable. 

The detector which has been implemented integrates the 
signal power of the chewing in the bandwidth between 7-
212Hz but instead of using a fixed threshold an ad hoc 
energy pulse detector algorithm is used which is largely 
independent of signal strength and duration. The energy 
pulse is detected by scanning the energy signal with a 
fixed and equally spaced 3 point template and measuring 
the relative values at those 3 points to decide if a pulse is 
present or not. 

Examples of rumination and mastication energy 
waveforms and their corresponding pulse detections are 
shown in Figure 7. Notice that in the I 0 second 
·rumination sequence some of the small energy peaks are 
not detected but the system is still able to classify it as 
rumination. 

5.2 Neural Network Classifier and 
Features 

The neural network classifier which is used to categorise 
the feeding phases is a Multi-layer Perceptron (MLP) 
with 21 input, 7 hidden and 3 output nodes. It required 
50,000 training iterations at a gain setting of 0.00 I and 
momentum setting of 0.0001 to achieve a satisfactory 
classifier performance. There are three types of features 
and a total of 21 derived from the three I 0 second 
buffers, pulse period, energy and frequency spectral 
features. The pulse period statistics are computed only if 
there are more than 2 pulses in the buffer. The feature 
vector is x and its 21 element values are as follows: 

Pulse Period Features 

x[O]=(no. of chews /30.0), ifmax pulse period -:~: 0 
x[l]=(mean pulse periodlmax pulse period}, if mean 

pulse period -:~: 0 
x[2]=(median pulse period/mean pulse period ) 
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x[3]=(0.l SO of pulse periods/mean pulse period) 
x[4]=(min pulse period I mean pulse period) 
x[5]=(mean pulse period/20.0), ifmax pulse period~ 0 
x[6]=(mean pulse period/maximum pulse period) 

Energy features 

If standard deviation (SO) of energy ~ 0 then: 

x[7]=(10 mean energy/SO of energy), if mean energy~ 0 
x[8]=(10 minimum energy/mean energy) 
x[9]=(mean energy/2000.0), if maximum energy pulse 

height~ 0 
x[IO]=(mean energy pulse height/maximum energy 

pulse height), if SO of energy pulse heights~ 0 
x[ll]=(mean energy pulse height/SO of energy pulse 

heights ), if mean energy pulse height ~ 0 
x[I2]=(minimum energy pulse height/mean energy 

pulse height ) 

Signal Frequency Spectral Features 

x[l3]=(band I (0-25 Hz)/max. band energy) 
x[l4]=(band 2 (25-50 Hz)/max. band energy) 
x[l5]=(band 3 (50-75 Hz)/maX:. band energy) 
x[l6]=(band 4 (75-100 Hz)/max. band energy) 
x[l7]=(band 5 (100-125 Hz)/max. band energy) 
x[18]=(band 6 (125-150 Hz)/max. band energy) 
x[l9]=(band 7 (150-175 Hz)/max. band energy) 
x[20]=(band 8 (175-200 Hz)/max. band energy) 

6. System Test Results 

The MLP (21-7-3) neural network classifier was trained 
with a wide range of data taken from various field trials 
and different sheep. The resulting category confusion 
matrices for independent training and testing data sets 
were as shown in Tables I and 11. The columns represent 
the true categories and the rows represent the neural 
network's outputs. For example in the training matrix 
there were 68 class 2 (ruminating) samples misclassified 
as class I (masticating) by the neural network classifier. 
Class 0 represents resting, class 1 masticating and class 2 
ruminating. 

The system was finally tested using signals from two 
signal tapes which had been manually analysed for 
comparison purposes. These were: 

1) Tape 13 right track, animal number 3247 grazing 
clover-dominant pasture from 14:00 to 19:16 hours 
on the 17th October 1993. 

2) Tape 14 left track, animal number 3263 grazing a 
mixed pasture (clover and grasses) from 14:00 to 
19:45 hours on the 17th October 1993. 

TABLE I 
0 I 2 
rest mast rum. 

0 900 0 0 
rest 
1 0 753 68 
mast 
2 I 105 1169 
rum 

94.19% training accuracy 

TABLE ll 
0 I 2 
rest mast rum. 

0 900 0 0 
rest 
1 0 742 79 
mast 
2 2 117 1156 
rum. 

93.39% testing accuracy 

System results for data 1 

Total no. of resting chews 191 
Total no. of masticating chews 15884, 

(-4.1% error wrt 16569 human count) 
(-3.5% errorwrt 19489 total human count) 

Total no of ruminating chews 3702, 
(+26.8% error wrt 2920 human count) 
(+4.0% error wrt 19489 total human count) 

Total number of chews 19777 
. ( + 1.5% error wrt 19489 human c~unt) 

Human, masticating /total chews 0.850 
(16569/19489) 

Measured, masticating/total chews 0.813 
(16075/19777) 
(-3.7% error) 

Human, ruminating/total chews 0.150 
(2920/19489) 

Measured, ruminating/total chews 0.187 
(3702/19777) 
(+3.7 error) 
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The data file produced from the first test was then 
postprocessed to improve the classification accuracy. 
This was done by a simple filter which reclassified each 
I 0 second signal sample to that of its immediate 
neighbours if both its neighbours were the same as each 
other but different to it. The filter was designed to 
correct the occasional error in a sequence which was 
mostly correct. Once a sheep starts ruminating it is quite 
likely to continue doing so in an unbroken sequence for 
some minutes. 

Results for data 1 after postprocessing 

Total no. of resting chews 98 
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Total no. of masticating chews 15943, 
( -3.8% error wrt 16569 human count) 
(-3.2% error wrt 19489 total human count) 

Total no. of ruminating chews 3736, 
{+27.9% error wrt 2920 human count) 
(+4.2% error wrt 19489 total human count) 

Total number ofchews 19777 
( + 1.5% error wrt 19489 human count) 

Human, masticating /total chews 0.850 
(16569/19489) 

Measured, masticating/total chews 0.811 
(6041/19777) 
(-3.9% error) 

Human, ruminating/total chews0.150 
(2920/19489) 

Measured, ruminating/total chews 0.189 
3736/19777 
(+3.9% error) 

When sheep were grazing on clover-dominant pasture 
classification was difficult as the masticating can 
sometimes be very rhythmic and therefore be confused 
with rumination. This can be seen in the high error in the 
ruminating chew count. In this case filtering the raw data 
file did not significantly improve the accuracy. The 
errors in the proportions of masticating and ruminating 
chews with respect to the total were -3.9% and 3.9% 
after filtering .. 

System results for data 2 

Total no. of resting chews 93 
Total no. of masticating chews 17301, 

( + 1.5% error wrt 17040 human count) 
(0.9% error wrt 27541 total human count) 

Total no. of ruminating chews 9114, 
(-13.2% error wrt 10501 human count) 
(-5.0% error wrt 27541 total human count) 

Total number of chews 26508, 
(-3.8% error wrt 27541 human count) 

Human, masticating! total chews 0.619 
(17040/27541) 

Measured masticating/total chews 0.656 
(17394/26508) 
(+3.7% error) 

Human, ruminating/total chews 0.3 81 
' (10501/27541 

Measured ruminating/total chews 0.343 
(9114/26508 
(-3.7% error) 

Results for data 2 after postprocessing 

Total no. of resting chews 34 
Total no. of masticating chews 16735, 

( -1.8% error wrt 17040 human count) 
( -1.1% error wrt 27541 total human count) 

Total no. of ruminating chews 9739, 
(-7.3% error wrt 10501 human count) 

(-2.8% error wrt 27541 total human count) 
Total number of chews 26508, 

(-3.8% error wrt 27541 human count) 
Human, masticating/total chews 0.619 

(17040/27541) 
Measured, masticating/total chews 0.633 

(16769/26508) 
(+1.4% error) 

Human, ruminating/total chews 0.381 
(10501127541 

Measured ruminating/total chews 0.367 
(9739/26508) 
(-1.4% error) 

Mixed pasture is easier to classifY than clover as can be 
seen by the better rumination accuracy. Filtering the raw 
data file did significantly improve the accuracy. Most of 
the error was probably due to the error in the total count 
rather than classifier error. The errors in the proportions 
of masticating and ruminating chews with respect to the 
total were 1.4% and -1.4% after the postprocessing 
which is an improvement. 

The beginning of data 1 from 5:24 to 15:40 minutes (616 
seconds) has a section of rumination with 13 boli with 
the following numbers of chews in each bolus: 

60,62,65,65,65, 72,61, 78,63, 71,60,69, 71 

The mean number of chews per bolus was 66. 

The system can compute a histogram of chew frequency 
over any desired time interval. Over the interval of 6 to 
15 minutes into the data it computed a histogram with a 

·peak of 68 chews. This provides a fair estimate of the 
chews per bolus expected for this sheep. Unfortunately it 
was not possible to develop a reliable end of bolus 
detector to be able to measure accurate bolus statistics in 
real-time. Therefore, it was strongly recommended that 
this be done manually by intelligent inspection of the 
pulse waveform over a typical rumination sequence. This 
recommendation also applies to the measurement of 
bolus lengths. 

7. Conclusions 

The system performs fairly well in respect to chew 
detection when it is applied to field tests where the 
background noises are relatively few and subdued. The 
masticating phase classifier appears to work very well 
with mixed pasture. However, the classification accuracy 
is a problem in relation to clover pasture because clover 
mastication can sometimes be very rhythmic and 
therefore be confused with rumination. The classifier has 
a bias toward rumination with clover pasture. The work 
done by Dragojevic was done on clover pasture and it 
shows that discrimination between mastication and 
rumination chews can be achieved by analysing the 
spectrum of individual chews. This can be exploited in a 
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number of ways to improve the classification accuracy 
but more research is needed. Also, more could be done 
in the postprocessing program to more effectively 
identify rumination blocks by better analysis of context 
information. 

In any event there needs to be much more time spent on 
collecting and analysing the signal characteristics of the 
chewing sounds over the whole range of sheep and feed 
types as well as the expected background noises. This is 
not a trivial problem but more work will certainly result 
in progressively improved performance. 

The system as it stands appears to be a useful analysis 
tool if it is used carefully in conjunction with some 
human judgment and intervention. The system should be 
seen as a preliminary prototype toward a possible 
commercial implementation. Through its use some of the 
more critical problems have been revealed showing the 
path toward improved performance. 

9. Future Developments 

If there is enough processing power to sample the signals 
at a much higher rate and use artificial neural networks to 
process the chewing signals in real-time then it is 
possible to further improve system performance. The 
system's effectiveness is mainly related to the accurate 
detection of the chews in time. If they can be accurately 
detected and . discriminated against noise then much of 
the data and features required for good system 
performance would be considerably improved. This is a 
very difficult problem to solve with classical linear 
techniques because the chewing signals vary .in 
amplitude and exact wave shape for the same animal as 
well as from animal to animal. What is needed is a 
nonlinear correlator which can detect the chews in time 
much in the same way as a linear correlator does using a 
fixed waveform template. This can be achieved by using 
a neural network [6]. With a much more accurate 
chewing detection the performance of the existing system 
can be improved as mentioned above or the system can 
be further improved with another neural network trained 
to recognise individual rumination and mastication 
chews (as demonstrated by Dragojevic 1994). This extra 
classification information could help improve the 
accuracy of the rumination and mastication period 
classification. 

A possible improved system is shown in Figure 8. It uses 
a higher signal sampling rate and a neural network chew 
detector, but is otherwise similar to the existing system. 
Due to the higher sample rate and more signal 
information it would be expected to perform better than 
the existing system which has been designed around tight 
processing time constraints. 

Another more practical improvement would be to use 
much smaller radio microphones and transmitters which 
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can be attached to the sheep's head. The existing system 
uses fairly bulky and delicate radio equipment which is 
strapped to the sheep's back with a microphone lead 
extending to the top of the head. This arrangement is 
fraught with difficulty as the sheep tend to interfere with 
the equipment in an attempt to remove it from their 
backs. 
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Figure 7. Energy and Pulse Waveforms 
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