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Figure 3: Detection and Tracking results in six example videos. (al) and (bl) Moderate size blackbuck herd in a
grassland; (a2) and (b2) A big herd (blackbuck - 158 individuals) in the grassland; (a3) and (b3) blackbuck herd in a
shrubby area; (a4) and (b4) blackbuck herd in the mudflats; (a5) and (b5) Nest with a majority of older wasps and (a6)
and (b6) Nest with a majority of newly eclosed wasps. All images are zoomed and scales at different levels for visibility.

The size of wasps is around 1 cm and blackbuck is around 1 meter.
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use video observations for studying animal group behaviour in natural habitats and would be of use to a larger
research community.

Acknowledgments

We are grateful to Ashwin Karichannavar for testing the MOTHe repository and providing inputs. We also
thank Hari Sridhar, Vivek Hari Sridhar and Hemal Naik for providing critical feedback on the manuscript. VG
acknowledges support from DBT-IISc partnership program and infrastructure support from DST-FIST. AR
and NS thank MHRD for the Ph.D. scholarship. We acknowledge a UGC-UKIERI for a collaborative research
grant between VG and CJT. We thank the forest department of Gujarat for the logistical support and the
permission to work in Blackbuck National Park, Velavadar. The associated animal research was approved by
the Institutional Animal Ethics Committee at the Indian Institute of Science.

Author Contributions

AR conceptualized the project with inputs from VG. AR, AS and CJT contributed methods. AR and NS
contributed data. AR, AS and NS analysed the data. AR and VG synthesized the results and wrote the paper
with inputs from coauthors.


https://doi.org/10.1101/2020.01.10.899989
http://creativecommons.org/licenses/by-nc-nd/4.0/

01
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o) Species on which testing was done Antelope, Wasp | Fish, spider, | Fish, ant, mice, | Wildebeest, Ze- | Fish Fish, mic'gg g
= termite, mice, | flies bra cockroach, ants g§
tadpole 533
Tested in conditions Natural and | Controlled Common lab | Natural Controlled Controlled é g%
semi-natural environment conditions and S8
for multiple | manipulations £8 IN
individuals 8 ’,U"). S
=0

Table 2: Comparison of MOTHe with other popular tracking solutions in terms of three qualitative features: video complexity, ease of use and performance. * Performance

275 quantified by running these techniques on blackbuck videos, all other run-time are as reported by the authors.
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