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Project Background

 Construction industry has highest # of workplace fatalities in the U.S.
(1075 deaths in 2023 - U.S. Bureau of Labor Statistics or BLS).

 Construction sector contributes 30% of fatal and major workplace Eualuati cal tradeoff b J fof ,
injuries in Singapore (166 cases in 2024 — Singapore MOM). valuating practical tradeoffs to move beyond proof-of-concept into

real world deployment from lab to construction site.

“Beyond feasibility: optimizing PPE detection systems for
deployment through cost—-performance tradeoff analysis.”

* 62% workers exposed to hazardous heights, only 31% uses personal

protective equipment (PPE) effectively. (U.S. BLS, 2021). Key Deliverable
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Key Results & Business Implication

Key Business Implication

e Start with end in mind - beyond technical feasibility study, to identifying economical deployment.

Tradeoff Analysis Outcome

2D Pareto Plot: Accuracy vs Cost (Bubble Size ~ Inference Duration)
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* Low-range resolution (480p) with high spec GPU as

latency but only small component of total costs. oossibility for lower risk deployment option.
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