IVIL- D

keeping workers safe

PRESENTED BY:
Daveed, Lucas, Darius



200,000 annual deaths



Problem

e CCTVfootage rarely analyzed in real time

e Low light, low resolution, motion blur,

occlusions

e General-purpose detectors fail in factory

environment
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Proposal - MLHD

e |ightweight, domain-specific human detector
e Optimized for factory CCTV conditions

e Focused on locating people in frames



Why Human Detection?

Near-miss detection

> Unsafe behaviortracking

IVIL

Worker-machine interaction
analysis
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Pipeline

Raw Video/Images Annotate and covert to Train/Val Split
. Extract Frames
(Surveillance Footage) YOLO Format (86% / 14%)

Data Augmentation
(Random crops, flips, Train Model - Retrain and fine tune Final
color shifts)




Data - Acquisition

Surveillance Videos Frame Extraction Generate Labels LabelMe 86/14 Split



Data - Preprocessing

Augmentation Letterbox-Resize Normalize Target Encoding Batch Loading



What is a CNN?

CNN takes pixels 2> simple patterns 2 complexshapes = final prediction.

Input 1image

— Used by next layer
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Model - Backbone

CNN
| | l Detection Head

416 > 208 = 104 > 52 > 26 > 13

Data




Model - Backbone

Ground_ truth

Predictions
B Pred cells
M Grid lines
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Model - Detection Head

| FeatureTensor| — Besa o g A 7 Py

(B,13,13,512) (B,13,13,5)



Model - Loss Function
CloU

BCE

Overlap Quality Center Distance Penalty Aspect Ratio Penalty

CloU (Complete Intersection over Union) Components

loU Overlap + Center Distance + Enclosing Box Aspect Ratio Consistency Penalty

Ground Truth
Prediction
Intersection
GT Center

Pred Center Pred Aspect Ratio
Enclosing Box

w/h = 0.33
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Training

e | arger dataset

e Grid size 26x26 > 13x13

e Weight for CloU =7.5

e Weight for negative objectness = 0.7
e EPOCHS =100

e Early stopping (patience =7)



Reslults

Metric loU = 0.5 loU = 0.85
Precision 0.962 0.490
Recall 0.915 0.466
mloU 0.836 0.925
F1 0.938 0.478
AP 0.880 0.228




Comparnison to YOLO Baseline

© Parame ters (Millions)

MHLD

YOLOvV5s




Comparison to YOLO Baseline @ loU 0.5

© Recall
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Comparnison to YOLO Baseline @ loU 0.85

©® Recall
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ompanson to YOLO Baseline

round tru
YOLOvSs
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Limitations

e Poor localization at loU 0.85
e Single-person-per-cell

e No temporal reasoning




Future Work

e Add multi-person, multi-scale detection

* |Integrate action recognition

e Add temporal modeling

e Evolve toward full proactive safety analytics




Conclusion




Keep Workers Safe!



