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IS PRECISION LIVESTOCK MONITORING JUST APPLIED
COMPUTER VISION ?

* Most task boil down to “traditional” computer vision tasks:
* Object detection
* Object tracking
» Action recognition
* Pose estimation
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ISN'T COMPUTER VISION A SOLVED PROBLEM ?

* Trend towards very large foundation models
* Pretrained on huge amounts of data
» Can generalize to different domains and tasks
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CHALLENGES

» Lack of high quality representative datasets
» Real world stocking densities
» Covers entire animal lifetime
» Labelled annotations
 Rare events

» Scaling to the real world
« Computational cost
« Large setups
* Robustness

NN

N T Imec



EXAMPLE 1: MULTI-CAMERA DETECTION AND TRACKING
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Multi-camera setups can mitigate occlusions




Common reference frame is needed




The ground plane is used as a common
reference frame
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Camera calibration through 3D to 2D correspondences
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Camera calibration through 3D to 2D correspondences




Obtaining ground plane locations
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Four sets of ground plane locations
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Detections are fused on the ground plane
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Geometric fusion
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Extracting features preserves more input information
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Features can be projected to the ground plane
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Image Neural Features
cam 1 Network
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Fusion across cameras can instead be learned
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Geometric fusion can used to obtain pseudo labels
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Age-specific p
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Learned fusion can improve the detection results
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Example 2: Action recognition




Disease detection requires detailed actions
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A custom labelling tool

Add Activity
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We created a large action recognition dataset

« 3,560 tracks

« 884,006 frames

. 6,087,833 activities IS WA ing Tr——

Big Broiler: A Temporal Action Segmentation and Tracking Dataset
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Tracking + action segmentation can offer
detailed insights
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Infection trial statistics

176 broilers

3 different diseases

~762 hours total video processed

~68.5 million frames
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Future directions




1. MULTIPLE CAMERAS CAPTURE 2. EDGE DEVICE: LOCAL PROCESSING 3. CLOUD BACKEND: ADVANCED
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