EAKC University of PanAf-FGBG: Understanding the Impact of Backgrounds in Wildlife Behaviour Recognition
BRISTOL CVPR

ngliry Otto Brookes'4™, Maksim Kukushkin®**, Majid Mirmehdi’, Colleen Stephens®, Paula Dieguez®, Thurston Hicks®, Sorrel Jones®, Kevin Lee®, Maureen McCarthy>, Amelia Meier®, Emma

X
JUNE11-15, 2025 [T 28 JEA
s

Normand?, Erin Wessling’, Roman Wittig>®, Kevin Langergraber®, Klaus Zuberbihler'®, Lukas Boesch?, Thomas Schmid>"", Mimi Arandjelovic®, Hjalmar Kiihl>'?, Tilo Burghardt® NIVERSITAT e
p: I I I I " " 1 ' 1 ' : . . . - ' . . MARTIN-LUTHER-UNIVERSITAT
== 'University of Bristol, “Wild Chimpanzee Foundation, *Martin Luther University Halle-Wittenberg, “Leipzig University, “Max Planck Institute for Evolutionary Anthropology, °University of LEIPZIG ALLEAVITTENBERG
e aane Fountuion’ Warsaw, "Harvard University, ®University of Lyon, ®Arizona State University, '°University of St Andrews, "'Lancaster University in Leipzig, '“Senckenberg Museum of Natural History
Overview: We present the PanAf-FGBG dataset, featuring 40 hours of Habitat & Metalocation: Footage is collected from 389 individual camera Experiment 2 - Background Duration: We simulate increasing background
paired video comprising chimpanzees in the wild. Each sample consists of a  locations across 14 national parks in 6 African countries. g#;?:’flgr? rr?g d%ﬁ’pg?%'ﬁ]n?a%igkgm””d frames to foreground video to quantify its
foreground, background, and synthetically generated background video. 2 P ' | | o
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Overlapping & Disjoint Views: We present both overlapping and disjoint ST 2 i % \
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Experiment 1 - Background Reliance: Background reliance is quantified by Background duration () vt s

training model architectures on the foreground, background, and synthetic

. Finding (2a): 3D-R50 is more sensitive to increases in background durations than
background videos.

MVIiT-V2 when evaluated in-distribution; (2b): MVIT-V2 is more sensitive to
loDunmy §0B N0F iIncreases in background durations when evaluated OQOD.
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Experiment 3 - Background Subtraction: Analysing the impact of

} : % 3D R50 background subtraction operations in both input and latent spaces.
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This setup enables, for the first time, direct evaluation of in-distribution S 60 | o7 | -
and out-of- distribution conditions, and for the impact of backgrounds ~ 0 sl ID — OOD . : latent space
on behaviour recognition models to be quantified. A ® MVITV2 S e " ‘ (FG-BG)

_ C e _ . <§ 40 40 |- foreground S
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behaviours, exhibiting a long-tailed ¢, 50 2 N Oovo l Vision Encoder H Vision Encoder I%IgltBSé’ace O
distribution. The class distribution % D5 Oy D5 Oy L on - 55 (FG- o ) foreground-only
across configurations remains = : X MVIT-V2 X MV | | | | Peelipe ()
approximately consistent facilitating full  : Finding (1a): Backgrounds are strong predictors of behaviour; (1b): Multi-scale | e ll] R | ) coveeen il 50, ’s % 4 10 i
Cross-view comparison. ’ Vision Transformers rely less on backgrounds; (1c). Background performance is mAP (%)

not a subset of foreground performance; (1d): Synthetic backgrounds are a good  Finding (3a): Background subtraction is effective in latent space, but harmful in
proxy for real-world backgrounds but a residual activity signal still remains. input space.




