Do Cows Have Fingerprints? Using Time Series
Techniques and Milk Flow Profiles to
Characterise Cow Milking Performance and
Detect Health Issues
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Abstract. On modern dairy farms technologies that are capable of mea-
suring high frequency indicators (e.g. milk yield, milk flow-rates, and
electrical conductivity) at every milking can play an important role in
helping farmers manage animal health. The most modern dairy farms
use milk meters that provide detailed, high-frequency data about the
flow of milk during every milking (cows are typically milked twice daily).
This forms a time series that we call a milk flow profile. As cows are
milked twice per day, every day this data forms a series of time series
collected in a relatively controlled way that offers detailed insights into
cow milking performance and cow health. In this paper we show that milk
flow profiles act as a finger print for cows in a herd and offer opportuni-
ties for extracting useful insights about cow health that are unexplored.
We demonstrate that unsupervised time series clustering approaches,
particularly those that utilize the shape of time series, can be used to
characterize a herd and that supervised approaches applied to milk flow
profiles can be used for automated mastitis detection. In the latter case
it is interesting that approaches using standard machine learning meth-
ods applied to features extracted from milk flow profiles, out-perform
approaches specifically designed for time series.

Keywords: precision agriculture - dairy farming - mastitis detection -
time series classification

1 Introduction

Managing animal health protocols to ensure high-quality milk supply to dairies is
a significant challenge facing dairy farms today. Modern precision dairy farming
technology that is capable of measuring high frequency indicators (e.g. milk
yield, milk flow-rates, and electrical conductivity) at every milking can play an
important role in this. Automated detection of mastitis in dairy cows is one
of the best examples. Mastitis is a health problem afflicting dairy cows that
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causes inflamed and painful udders leading to reduced milk yield, and is the
most economically damaging disease on modern dairy farms [34]. Automated
mastitis detection systems based on the milk yield at each milking, data on
the composition of the milk collected at each milking? [28], genetic data, the
electrical conductivity of milk collected [32,20], and cow medical history data
have all been described in the literature [6, 38, 30].

On farms that have installed more advanced sensing technology known as
milk meters®, detailed data about the flow of milk during every milking (cows
are typically milked twice per day, once in the morning and once in the after-
noon) has become available. Data relating to milk flow rates have been shown to
be useful for a variety of health indications [15,16,40]. More detailed measure-
ment of milk flow throughout milking allows a milk flow profile that shows the
cumulative amount of milk that flows during milking to be constructed. Exam-
ples of milk flow profiles for the morning and afternoon milking of four different
cows on a single day are shown in Figure 1. Each curve shows the cumulative
milk yield (measured in kilograms) over time (measured at intervals of 10 sec-
onds) from each milking. Milk flow profiles offer a rich and currently unexplored
time series data source for monitoring cow health, and are the subject of this

paper.
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Fig. 1: Examples of milk flow profiles for the morning and afternoon milking of
two different cows on a single day.

4 This is typically known as milk recording data and includes information such as the
percentage of fat and lactose contained in the milk.

5 A milk meter is a device inserted into the milk pipeline that records the individual
animal milk yield during milking.
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In this paper we introduce milk flow profiles as a rich source of informa-
tion about cow health and explore how they can be used to characterise cows
in a herd—essentially providing a fingerprint for each animal. We also explore
the use of milk flow profiles for the task of mastitis detection—this can be
framed as a time sereis classification problem. Interestingly we find that dis-
tance based approaches—specifically 1-nearest neighbour classifiers using dy-
namic time warping—do not work well for this, while feature-based approaches
give good results. The paper is organised as follows: Section 2 describes related
work; Section 3 introduces milk flow profiles and illustrates how they can be
used to profile a herd; Section 4 describes how milk flow profiles can be used for
detecting mastitis (framed as a time series classification problem); and Section
5 concludes the paper and suggests directions for future work.

2 Related Work

Precision agriculture [39], or the application of data science to decision making
on farms, has brought significant changes to how modern farms are managed.
Farms now generate masses of data about crops, animals, inputs, outputs, and
activities that can be stored and analysed to help farmers make better decisions.
One of the most promising uses of data on farms is managing animal health [27].
Data describing animal bio-metrics and behaviours can aid farmers in better
identifying and managing health problems, especially on larger farms. On mod-
ern dairy farms mastitis is the most significant udder health issue on modern
dairy farms, and there are good examples of data-driven approaches to detecting
and managing mastitis in the literature.

The mastitis detection problem can be framed in different ways. Some studies,
for example [7] and [29], build models that detect both clinical mastitis and
sub-clinical mastitis; while others, for example [19] and [9], focus only on one
of these. Other studies, like [37] and [2], do not address mastitis directly but
instead attempt to predict values for cows that are expensive to measure, in
particular Somatic Cell Count (SCC) which requires sending samples to a lab
for analysis, for cows based other more easily available data. Other studies, for
instance [33] and [10], do not attempt to build prediction models but instead
investigate factors that are good indicators of mastitis and which may be useful
in building prediction models.

Analysis of time series in machine learning is a well studied area with ap-
plications in agriculture widely studied [12,1,18,21]. While milk flow profiles
themselves have not been studied widely before, there are other time series that
are similar—for example undersea valves in oil and gas mining [3]. The remain-
der of this paper explores how milk flow profiles can be used to understand cow
behaviours and to predict cow health issues.
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3 Milk Flow Profiles

A milk flow profile captures detailed data about the cumulative milk yield har-
vested during milking. A milk meter installed in the milking machine measures
the yield (kilograms) at regular intervals (typically every 10 seconds)—the av-
erage cow milking takes between 5 and 7 minutes. Figure 2a shows examples
of milk flow profiles from the same cow on her morning milkings on multiple
days, referred to as the internal milk flow distance (IMFD). Figure 2b shows
flow profiles from morning milkings for all cows in the herd for a single milking
day, referred to as external milk flow distance (EMFD).

These images clearly show the way that the milk flow profile can act as a
finger print for a cow. All of the milk flow profiles for the single cow in Figure 2a
show a similar pattern with a very tight distribution—the milk flow profile for
each milking is essentially the same. On the other hand the milk flow profiles in
Figure 2b have much higher variation with quite different patterns evident.
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Fig. 2: A comparison of milk flow profiles for (a) all morning milking for one cow
over the 4 month study period (IMFD) and (b) morning milkings for all cows in
the herd for one single day (EMFD).

To formally measure this difference we calculate the distance, using dynamic
time warping [26], between the milk flow profiles for all cows on a single day,
EMFD, (shown in Figure 2a) and all milkings of a single cow in the dataset
(shown in Figure 2b). Figure 3 compares the distributions of these distances. A
permutation test [14] yields a p-value of 0.0007 indicating a statistically signif-
icant difference. It is clear that the distances between milk flow profiles for the
single cow are much smaller than those calculated across the herd. Moreover, the
permutation test provides evidence supporting the notion that the two groups
exhibit statistically distinct distributions.

Although normal milk flow profiles are characterised by a common upward
sloping curve, as milk yield increases with milking time, different cows can have
dramatically different milk flow profiles. One cow may complete the entire milk-
ing process in a short time, resulting in a milk curve with a steep gradient, while
another cow may take a long time to complete its milking and the correspond-
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Fig.3: Box plots showing the distribution of distances between all milk flow
profiles from a single cow across the full dataset (IMFD) and distances between
milk flow profiles of all cows in a herd on a single day (EMFD).

ing milk curve would be relatively flat. It could even be the case that in both
instances the peak flow rates are the same. Not only does milk flow profile data
provide greater detail about individual milking events of each cow, but changes
in a cow’s milk flow profiles could also help in the diagnosis of health problems
such as mastitis.

To further explore the use of milk flow profiles as a finger print for different
cows we use a dataset collected from milking equipment and laboratory analysis
at Teagasc Dairy Research Centre at Moorepark, Ireland®. The milking parlour
software was modified to record the milk flow-rate from each cow at every milking
at 10 second intervals. Cows were managed in a pasture-based system and were
milked twice per day, once in the morning and once in the afternoon.

The dataset covered 9 months from March 2021 to November 2021 and in-
cluded 18,662 milk flow profiles at SCC measurement days from 293 dairy cows’.
The cows were electronically identified on entering the milking parlor and data

5 A midi-line 30 unit Dairymaster herringbone, swing-over milking system (Dairymas-
ter, Ireland) was used to milk the cows twice per day. The milking system utilised
simultaneous pulsation and was fitted with automatic cluster removers and weigh-all
milk meters (Dairymaster, Ireland). The standard farm milk flow rate switch-point
of the automatic cluster removers was 0.2 kg/min.

" The majority of cows were from the Holstein-Friesian breed. 92 of the cows were at
parity of 1 (meaning they had given birth to just one calf, or were primiparous) and
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from each milking session was linked to a specific cow. Cumulative milk yield, and
conductivity were collected simultaneously as milking began, and then recorded
at 10 second intervals until the end of the milking. A sample of milk was also
taken from each cow on one occasion per week for composition and somatic cell
count (SCC) analysis®.

To explore the different groups that exist within the dataset based on the
milk flow profiles we performed a series of clustering exercises. Figure 4 shows
the clusters found using k-means clustering with k = 8 (we experimented with
different values and found that 8 clusters gave a good mix between achieving a
high silhouette score and usefulness determined by domain experts) compared
to other and dynamic time warping as the distance measure. In each case the
blue lines represent the milk flow profile for a single milking and the red lines
show the average milk flow profile for a cluster.

Examining the different clusters we see interesting sub-groups within the
herd emerge. Clusters 0, 4, and 6 illustrate an almost linear milk profile where
the rate of milking remains largely constant throughout milking indicating a
relatively consistent flow of milk from the udder during the period of milking
unit attachment. Clusters 1 and 3 show a pronounced curve illustrating rapid
let down of milk fallowed by a relatively high and sustained peak milk flow
period. These curves then tail off to an elongated low flow period, this typically
indicates that one quarter of the udder is still producing milk at a low level
until the milking unit is removed. Clusters 2 and 5 sit somewhere between these
two, for example they have an identifiable peak milk flow period followed by an
elongated low flow tail. Cluster 7 is a typical other cluster, and contains a broad
spread of milk flow curve types that did not fit well with clusters 0 to 6.

The value of using milk flow profiles for this clustering, is illustrated by the
the scatter plots shown in Figure 5. Figure 5a shows a scatter plot of the dataset
used for clustering where the vertical axis shows total milk yielded from the
milking and the horizontal axis shows total time taken for milking. The colours
of the points indicate cluster membership for clustering performed using non-
standardised data and Euclidean distance. It is clear from this that clustering
using the milk profile in a non-standardised format and Euclidean distance cap-
tures no more information from the milk flow profiles than clustering simply
using total yield and total milking time. Essentially we can see that cluster
membership is determined by milk yield and milking time by the colour bands
showing that each cluster is clearly separated from the others in this scatter plot.

the remaining 201 were at parity of 2 or greater (meaning they had given birth to
just one calf, or were multiparous).

8 Milk composition analysis, often know as milk recording, is used to analyse the
content of milk. Typically the percentage of fat, protein, and lactose in the milk is
measured as well as the amount of casein and urea (both important in cheese making)
present. The number of somatic cells, usually white blood cells, is also measured and
typically referred to as somatic cell count (SCC). SCC is the most used and studied
indicator in mastitis detection research, especially for sub-clinical mastitis detection
[36]. A Fossomatic machine (Foss, Denmark) was used to measure SCC and other
indicators of milk composition.
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In Figure 5b showing the same plot after clustering using standardised data
and DTW distance, however, we see no distinction between cluster memberships
showing that the milk flow profiles provide distinctions between cows and milk-
ings beyond what is evident from simply looking at total yield and milking time.
This is a compelling illustration of the value of milk flow profiles. In the next
section we explore how these profiles can be used to predict health problems in
COWS.

4 Using Milk Flow Profiles for Mastitis Detection

Mastitis is recognised as the most significant health problem on modern dairy
farms [34]. Elevated levels of SCC are recognised as indicating sub-clinical mastitis—
the early stages of mastitis, before symptoms (such as inflamed udders or clots
in milk) are visible [13].

Detecting the onset of sub-clinical mastitis gives farmers the opportunity
to intervene before cows progress to clinical mastitis or an infection spreads
further to other cows in the herd. Although high SCC recordings are considered
a reliable indicator of sub-clinical mastitis [36], recording SCC is a time-intensive
process, typically only performed once per month on dairy farms. For this reason
automated detection of sub-clinical mastitis using machine learning methods
applied to data more routinely available from milking machines are attractive
and have been widely studied (e.g. [28, 2]). However, milk flow profiles have not
been widely used for this before. In this section we describe an experiment to
use time series classification techniques to classify milk flow profiles as belonging
to days on which a cow had a high SCC value, and so likely sub-clinical mastitis,
versus days when they did not. This illustrates the value of the milk flow profile
time series as an indicator of cow health.

4.1 Dataset

The dataset described in Section 3 was used in this study. This includes milk
flow profiles for morning and afternoon milkings for each cow in the herd, and
details of weekly laboratory testing of each cows’ milk characteristics (including
the percentage of fat, protein, and lactose in the milk, as well as the amount
of casein and urea present, and the SCC). Milk characteristic sampling was
performed every 7 days, during the morning milking.

The SCC recordings captured every week were used to define the target fea-
ture used in these experiments. Based on the recommendation of [17], for cows
having their first calf (referred to as primiparous) sub-clinical mastitis was indi-
cated when the recorded SCC value exceeded 150,000 cells/mL. For cows having
their second or later calves (referred to as multiparous) sub-clinical mastitis was
indicated when the SCC value exceeded 250,000 cells/mL. The prediction prob-
lem then was to replicate the information in the SCC measurements using the
much cheaper and easier to collect milk flow profile data.
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Scatter plot of Milking time and Milk yield
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Fig.5: Scatter plots of milk yield versus milking time for the cow dataset with
points coloured based on cluster membership for (a) clusters found using non-
standardised data and Euclidean distance, and (b) standardised data and DTW
distance.

Keeping only the morning milkings for which an SCC recording existed re-
sults in a dataset with 8,703 rows each containing a milk flow profile and an SCC
reading for the corresponding day. To remove outliers, records containing values
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exceeding + /- three standard deviations from the mean were removed. Similarly,
any records containing values outside the technical parameters of the data col-
lection devices were removed (e.g. SCC values above 10 million cells/ml). Also,
records with milk flow profiles not starting from 0 and negative values for milk
characteristics were treated as outliers. These steps removed 5.2% of the origi-
nal dataset. The dataset contained significant class-imbalance, with many more
instances where the sub-clinical mastitis target feature was negative than when
it was positive (7225 versus 1478). Under-sampling was applied in this study to
reduce the proportion of majority classes by randomly removing observations
from the majority class.

We use two representations of this data: the raw milk flow profiles which are
used as inputs to the best ranked classifiers for univariate time series classification
problems, and representations based on features extracted from the flow profiles
which are used as input to other models. The most common method of extracting
features from time series data of the type of milk flow profiles is to calculate
summary statistics, such as mean, standard deviation, maximum, and minimum
from the values in the time series. The features extracted from the milk flow
profiles in this work can be grouped into three categories®. First, statistical time
domain features such as maximum and minimum values, and lengths. Secondly,
univariate temporal features that provide the dynamics of the milk flow profile,
for example, auto-correlation, entropy, and total energy. Finally, spectral time-
frequency features, representing changes in the frequency domain over time. In
our experiments we also use the Catch-22 feature set [23], a small set of derived
features shown to be effective for time series classification problems.

4.2 Experimental Setup

In this section we describe the setup of experiments to evaluate the effectiveness
of using milk flow profiles to predict the presence of sub-clinical mastitis. First
we describe the models used, the experimental methodology, and finally the
performance measures employed.

To demonstrate the ability of machine learning methods based on raw time
series representations and representations based on features extracted from time
series data, we use four machine learning algorithms in our experiments: 1-
nearest neighbor using dynamic time warping as a distance measure (INN-DTW)
[4, 26, 35,41], random convolutional kernel transform (ROCKET) [8], the hierar-
chical vote collective of transformation-based ensembles (HIVE-COTE 2.0) [24]
and gradient boosting machines (GBMs) [11] that use a combination of many
weak learning models to create a strong predictive model.

To evaluate the performance of each model type for the mastitis detection
problem we perform a 5-fold cross-validation. For each machine learning algo-
rithm we evaluate performance on the original dataset and on an under sampled

9 All features were extracted from flow profile data using the tsfresh package in Python

5]
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version (under-sampling is only applied to the training partition for each experi-
ment). Accuracy fails to effectively represent model performance for imbalanced
data sets. For this reason, the area under the receiver operating characteristic
curve (AUC) [22] is more appropriate.

4.3 Results & Discussion

Table 1 shows the results of experiments completed. The AUC scores show that
it is possible to train effective mastitis prediction models using milk flow profiles
as input. The AUC scores shown are in line with similar results in the literature
based on other data type inputs. It is particularly interesting to note that the
feature based approaches were more effective than the approaches based on raw
time series representations. This is contradictory to other benchmark results
which typically indicate the success of ROCKET and HIVE-COTE 2.0 [31, 25].
It is also interesting to note that the models trained using the larger feature set
are more effective than those trained on the set of Catch-22 features.

5 Conclusions & Future Work

This paper has introduced milk flow profiles. These are enabled by the use of
milk meters in modern dairy parlours and allow the use of time series techniques
for analysis. We have shown how the milk profiles themselves can be used as a
cow finger-print offering insights into cow milking performance and cow health.
Clustering techniques show how a herd can be partitioned according to these
profiles. We also demonstrate that milk flow profiles can be used for predicting
health problems faced by cows, in this case sub-clinical mastitis (one of the most
significant health issues faced on dairy farms).

This work introduces this new data representation and in the future we intend
developing this work to build better health prediction models by integrating milk
flow profiles with other data sources. We also intend to take advantage of the
interpretable nature of milk flow profiles to build explainable prediction models.

Table 1: Experimental results for model comparison.

Modelling AUC Score
INN-DTW 0.513
ROCKET 0.607
HIVE-COTE 2.0 0.622
GBM with Catch-22 0.659

GBM with tsfresh 0.677
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