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1. SHL recognition challenge 3. Analysis
« The third version following successful 2018 [3, 4] and 2019 [5] « Average performance from topll submissions (F1>50%)
* Objective
— Smartphone-based locomotion/transportation recognition 1007 E - Average confusion matrix (58.9%)
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— Three users from SHL dataset [1, 2] 5 rERIChER s
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— Smartphones at 4 body positions * Machine learning pipelines
 Ha - hand; Hi — Hips; B- Bag; T — Torso 10} — Classical machine learning (ML): 6 submissions
— 7 sensor modalities, 21 data channels o 0 0 — Deep learning (DL): 9 submissions
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2. Submission results
« Strong interests from research community * Input to deep learning pipeline
— 33 teams expressed interest 100 . C C o ) ST
55.7%
— 15 submissions 90 I - 2’|
« Ranking (F1 for testing data) 80 | '
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4. Conclusions
The detailed confusion matrices will be :
. * Highest F1 score: 88.5%
published at the summary paper.
* DL outperforms ML
* Novel techniques to tackle position and user variation
— Robust representation
— Position-specific modelling
— User-specific modelling
* DL outperforms ML
* Future work
- Comprehensive evaluation with full dataset
- Multimodal sensor
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