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Trend-Mining Design and Green Profit Design: key enabler for sustainable design and manufacturing

What is sustainable design and manufacturing?
“Creation of goods and services that respond to customers’ needs and improve qualify of life, while minimizing the adverse environmental impact over the lifecycle*”
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Green Profit Design: Making “green profit” through design
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Design Effort for Green Profit

End-of-Life Recovery for Green Profit
Recovering end-of-life products after customer use can be a promising solution for green profit generation. This research aims to facilitate end-of-life recovery through well-designed products. 

How can we maximize the profit from recovery? Which product design is better from a recovery perspective?

Single product recovery
(Kwak and Kim 2010)

Product family recovery
(Kwak and Kim 2011)

Market positioning for recovery
(Kwak and Kim 2013)

Multi-objective recovery for green profit maximization
(Kwak and Kim 2012)

Lifecycle design with Preference trend mining 
(Ma, Kwak, and Kim 2014)

Optimal design for lifecycle profit
(Kwak and Kim 2015)

Example: market positioning for remanufacturing
How to convert an end-of-life product into an attractive, re-marketable products? 

Disassembly

Part upgrade & reassembly
 Is it better to reuse or upgrade a part?
 To what level should a part be upgraded? 
 What is the optimal price to sell the reman product?
 Is it better to reuse or upgrade a part?
 To what level should a part be upgraded? 
 What is the optimal price to sell the reman product?

Market positioning with optimal part upgrading

End-of-life
• Returning time (t)
• Returning quantity (S)
• Returning quality (q)

Optimal recovery plan
• Specifications (y)
• Selling price (P)
• Take-back quantity (z)
• Production quantity (β) 

Optimization
max  ( ) total profit
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Original design
• Part combination (i)
• Part obsolescence (δ)
• Failure rate (λ,r)

Target market
• Customer preference (D)
• Competing product (n)
• Part market value (V)

The positioning model identifies the optimal specs and the selling price of remanufactured products. 
Optimal market position (t=5) Comparison of recovery strategies

Life cycle design
What is the optimal product design for maximizing the lifecycle profit, where the lifecycle profit is the sum of the profits from manufacturing and remanufacturing? 

Decision variables:
• Specifications and selling price of the new product 
• Specifications and selling price of the reman product
• Production plans for manufacturing, take-back, and remanufacturing

 Data is often collected over a long period
 Such data captures and reflects changing 

product characteristics over time
 The underlying hidden structure therefore 

evolves over time
 Most current demand modeling 

approaches assume stationary

Proposed Trend Mining Algorithm
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Trend Mining Algorithm Flow
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Attribute Gain Ratio Plot Over Time
Hard Drive
TalkTime
Camera
Interface
Connectivity
2 G Processor

Attributes Time Series Gain Ratio                                              Predict
t1 t2 t3 t4 t5 t6 t7 t8 t9 t10 t11 t12 t13_predict 

Hard Drive 0.245 0.225 0.308 0.349 0.376 0.436 0.468 0.532 0.618 0.702 0.765 0.879 0.919
TalkTime 0.827 0.948 0.642 0.485 0.704 0.924 0.780 0.596 0.737 0.906 0.782 0.472 0.789
Camera 0.493 0.403 0.112 0.578 0.578 0.951 0.061 1.000 0.363 0.046 0.084 0.578 0.541
Interface 0.907 1.000 0.987 0.982 0.976 0.963 0.943 0.929 0.917 0.906 0.892 0.888 0.877
Connectivity 0.054 0.051 0.070 0.113 0.176 0.275 0.329 0.366 0.503 0.633 0.610 0.759 0.842
2 G Processor 0.918 0.879 0.849 0.803 0.759 0.737 0.671 0.630 0.615 0.524 0.358 0.329 0.270

Trend Mining Algorithm Flow

Irrelevant Attribute Classification
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 Currently, the Trend Mining algorithm is bound by the initial product design attributes specified by designers. However, the attributes themselves may evolve in the market space, not just the attribute levels.
 There is a need to explore the correlations that exist between the price of a product and the attribute trends in the market

Opportunities for Future Research Expansion


