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High-quality (Quality > MDQ) 
• Customer can not distinguish between  
individual items 
• Post-purchasing experience is always positive 

Low-quality (CAQ < Quality < MDQ) 
• Customer can distinguish individual items by 
visual features 
• Quality is still high enough that consumer 
purchases it (i.e. not spoiled), but may get a 
negative post-purchase experience 

Quality experience 

In-store logistics: Using information to reduce waste and increase customer satisfaction 
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Highest-Quality-First-Out (HQFO) – numbers indicate remaining shelf-life 
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Shipments 

M1 = without sensors 
M2 = with sensors 

T=600, Warmup=100, Replications=100, CRN 

Relevance of Perishable Goods: 
  50% of the retail grocery revenues 

  High loss rates (16% on average) 

  High environmental impact: 20-30% 
of all CO2e emissions in the EU HQFOS HQFO LIFO SIRO FIFO LQFO LQFOS 

Information used   Sensor + ID Human senses ID None ID Human senses Sensor + ID 
Mean Mean Mean Mean Mean Mean Mean 

Waste % 7.99 21.98 17.53 8.07 4.89 1.52 1.12 
Quality level % 99.23 97.79 94.90 92.11 91.70 90.80 95.55 
Quality deviation % 5.32 10.14 15.56 19.29 19.19 17.44 12.18 
Low quality sales % 3.53 7.64 12.99 18.92 20.64 29.15 15.43 
Out-of-stock % 1.49 1.97 1.72 1.35 1.20 0.99 0.95 
Order frequency 0.91 0.96 0.95 0.93 0.91 0.89 0.88 
Order size 8.23 9.28 8.79 8.11 8.02 7.96 7.95 
Inventory level 14.86 17.59 15.50 13.69 14.05 14.81 14.92 

Goal: high quality Goal: low waste 

Issuing policy 

Benchmark of issuing policies with different information levels 

Simulation model for benchmarking in-store issuing policies Analysis of inaccuracy of sensor-based shelf-life prediction 

N=68400, T=365 

Profit gains of using sensor information for early decision-making in supply chains  
Supply chain simulation model with early removal of goods 

Base case 
results 

Sensitivity analysis of information based profit gains 
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The impact of sensor-based management of perishables on CO2e levels 
Supply chain and sourcing scenarios of simulation Simulation results by macro scenarios 

monitoring temperature on RTI case level 

CO2e savings vs. CO2e of sensors 

Example: improving through better information 

Sensor-based quality prediction 

Motivation 

Semi-passive RFID tag with 
temperature sensor 

Quality model 

•  Sensors (e.g. temperature) monitor environmental parameters 
•  Frequent use case: semi-passive RFID sensor tags attached to 
reusable transport items or cases such as RPC 
•  Recorded temperature history can be used with formulas from 
food science to predict quality level and remaining shelf-life 
•  Quality of prediction depends on prediction model, accuracy of 
initial quality assessment, measurements   

Research context 
  Sensors enable quality measurement 

  More information = more efficiency? 

  Quantification of information value 

  Economic and ecologic perspective 

  Focus on retail supply chain and 
highly perishable goods 


