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. Automated Behaviour
Analysis (ABA) 2=

The use of technology to detect and observe
the behaviour of animals—collecting data,
perhaps even continuously and in real time

and at the level of the individual—in ways
that require minimal human labour

Siegford et al., 2023

i\

-
|
yi

Frederick J. Waugh, 1912



The Technological Revolution

.l’; o%3

=

Machine Learning
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So why does ABA
underperform?




The Ethogram Problem

Towards a novel method for detecting atypical lying down and standing up
behaviors in dairy cows using accelerometers and machine learning
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ARTICLE INFO ABSTRACT

Edited by: Stephen Symons Free-stall cubicles are designed so that cows do not defecate in the bedding material, while still providing
comfortable lying places. However, fixed cubicle elements, such as the partition and neck rail, restrict available

KEJ"WC'-’dS-' movement space and may hinder cows from performing natural lying down and standing up movement patterns.

Animal welfare assessment Although there are various types of cubicle partitions that differ in shape, dimensions, or materials, there is no

Free-stall cubicle

) ) ) ) method other than visual observations to assess their effects on cow welfare. An automated detection system
Time series classification ) e e . .

could imnraove

satisfactory for application in the evaluation of new dairy cow housing installations. Potentially, ethograms
designed for human observers are not optimal for machine learning and adjustments with machine learnability in
mind might be necessary. The behaviors identified as promising are good candidates for further development

were detected with balanced accuracies of 0.67 and 0.74, respectively, and their learning curves indicated that
more training data might further improve model performance. Overall, achieved performances were not yet
satisfactory for application in the evaluation of new dairy cow housing installations. Potentially, ethograms
designed for human observers are not optimal for machine learning and adjustments with machine learnability in
mind might be necessary. The behaviors identified as promising are good candidates for further development
into an efficient and objective method that could complement human observations in the assessment of dairy cow
housing installations.
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The Data Bottleneck

e are
too busy
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ABA intends to reduce human labour,

yet its current development depends on
vast amounts of manual annotation
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T ailure of Generalisation
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- So how can we
-~ move forward?




See also: Egnor & snout
Branson, 2016 \

Playing

velocity
direction
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Interpretive step

evolution welfare

environment

interpretation
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Instead of this:

Table 4. Performance comparison of various models in different testing scenarios.

HOTA?T

MOTAt

IDF11

MT*

ML

Method Dataset (%) (%) (%) (%) (%) FFP,| FN| IDS]| FPST
night-in scene 67.9 64.1 /1.9 2 3 0 6436 20 15.7

Deep-OC-5Sort
E'{Epnlmgj ™ night-out scene 330 282 385 1 9 0 22,759 298 27.9
y daytime-out scene 53.9 90.0 /8.2 13 0 27D 227 244 36.0
night-in scene 62.5 65.58 6.8 b 1 760 4780 85 22.0
FairMOT night-out scene 39.0 33.5 45.5 7 4 6266 14,972 92 25.7
daytime-put scene 50.0 90.5 707 12 0 235 285 161 40.5
night-in scene 26.2 64.7 45.8 <] 3 1 6191 79 16.5
CSTrack night-out scene 45.4 228 44.4 10 4 1142 13,549 174 23.2
daytime-out scene /9.5 91.1 69.4 11 0 333 679 194 45.6
night-in scene 50.0 /5.1 81.9 9 0 1558 3371 11 17.2
SDGTrack night-out scene /5.8 69.6 82.6 17 2 1678 9342 10 41.3
daytime-put scene 9219 95.0 90.5 12 0 176 200 3 8.5

T indicates performance metrics where higher values are preferred; | indicates metrics where lower values
are preferred.

Liuetal. 2025
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Does model output allow
meaningful biological inference?

test simple hypotheses that we
know a priori to be supported in
our study system

Validation models with ‘low’ standard

Christensen et al. 2025 metrics can still be powerful for

hypothesis testing
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Other paths

probabilistic
methods

semi- and self- federated
supervised learning learning
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Take-Home
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black box human-in-the-loop
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