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Abstract 
The master thesis presents several optimization models to calculate an optimal solution to a 
relevant problem in the cold supply chain. Due to the high holding costs most ground 
handling agents work with two packaging options, one winter packaging option and one 
summer type. However, the freight forwarder does not use objective measurements yet to 
evaluate the moment of switching. The optimization models test different moments of 
switching from an expensive to a low-cost packaging option and the other way around. 
 
This study creates optimization models to support the packaging option decision-making 
process for freight forwarders, the models optimize two conflicting objectives.  
 
One of the conflicting objectives in the research is the mean maximum deviation between the 
inside temperature of a package. The research assumes fixed temperature limits based on the 
input of the industry. Forecast models for the inside temperature when using different 
packaging options results from the research. The forecast models result from literature on 
multi-step ahead model forecast models. A Direct/Recursive strategy uses previous inside 
temperature forecast, and the ambient temperature to create a forecast for the next time unit. 
An ambient temperature profile results from the temperature-controlled room availability, 
transportation process times and location dependent temperatures. 
 
Increases in transportation process times and forecast errors of the ambient temperature at 
visiting locations result in the uncertainty of the ambient temperature profile. A gamma 
distribution models the uncertainty in process times while a normal distribution model the 
uncertainty in the temperatures at visiting locations. Simulations of the ambient temperature 
profile estimate a normal distribution for the mean maximum deviation. While every decision 
maker has different preferences when it comes to the maximum deviation an uncertainty 
tolerance percentage is asked from the user. The uncertainty tolerance percentage determines 
the maximum deviation based on a one-sided confidence interval. Meaning that the 
percentage determines the number of worst-case scenarios that are not taken into account. A 
higher uncertainty tolerance percentage is used for decision makers that are less uncertainty 
tolerant. 
 
The research describes the cost of the different packaging options based on three different 
cost factors. The cost calculations describe the purchase costs, handling cost and the costs for 
to transport extra volume or weight.  
 
Different optimization models optimize the moment of switching between an expensive a 
low-priced packaging option. The models optimize different packaging options, trade lanes 
and switching months. Each optimization model results in a different optimal solution. Which 
optimization method to use depends on the knowledge of the decision maker on the 
objectives, the influence a decision maker wants on the solution and the complexity of the 
optimization that a decision maker can handle. 
 
The report describes the results of a sensitivity analysis on the uncertainty tolerance 
percentage since the percentage has a major influence on the maximum deviation.  
One of the results from the research is a positive correlation between the decision makers 
uncertainty and the cost of the packaging option. There was no general best solution while 
every decision maker has different preferences when it comes to costs and maximum 
deviation. 
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														𝑚𝑜𝑟𝑒	𝑒𝑥𝑝𝑒𝑛𝑠𝑖𝑣𝑒	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛𝑠	𝑤𝑖𝑙𝑙	𝑝𝑟𝑜𝑣𝑖𝑑𝑒	𝑏𝑒𝑡𝑡𝑒𝑟	𝑖𝑛𝑠𝑢𝑙𝑎𝑡𝑖𝑜𝑛	𝑎𝑛𝑑	𝑡ℎ𝑢𝑠	ℎ𝑎𝑣𝑒	𝑎	𝑙𝑜𝑤𝑒𝑟	𝑣𝑎𝑙𝑢𝑒. 
𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒UP = 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒	𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒	𝑓𝑟𝑜𝑚	𝑔𝑜𝑎𝑙	𝑠𝑒𝑡	𝑏𝑦	𝑡ℎ𝑒	𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛	𝑚𝑎𝑘𝑒𝑟	𝑓𝑜𝑟	𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛	𝑘. 
𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒U^ = 𝑁𝑒𝑔𝑎𝑡𝑣𝑖𝑒	𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒	𝑓𝑟𝑜𝑚	𝑔𝑜𝑎𝑙	𝑠𝑒𝑡	𝑏𝑦	𝑡ℎ𝑒	𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛	𝑚𝑎𝑘𝑒𝑟	𝑓𝑜𝑟	𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛	𝑘. 
𝑒A,),* = 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖𝑛𝑔	𝑒𝑟𝑟𝑜𝑟	𝑜𝑛	𝑡𝑖𝑚𝑒	𝑡	𝑓𝑜𝑟	𝑙𝑎𝑛𝑒	𝑙	𝑎𝑛𝑑	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜. 
𝐸𝑛𝑑CDTJDGED = 𝐸𝑛𝑑	𝑡𝑖𝑚𝑒	𝑜𝑓	𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑒	𝑜𝑓	𝑡ℎ𝑒	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒. 
𝐸𝑛𝑑F@TJDGED = 𝐸𝑛𝑑	𝑡𝑖𝑚𝑒	𝑜𝑓	𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒	𝑜𝑓	𝑡ℎ𝑒	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒. 
𝐸𝑇𝑇) = 𝐸𝑛𝑑	𝑡𝑖𝑚𝑒	𝑜𝑓	𝑡ℎ𝑒	𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑓𝑜𝑟	𝑙𝑎𝑛𝑒	𝑙. 
𝑓 = 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛𝑎𝑙	𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑦	𝑏𝑒𝑡𝑤𝑒𝑒𝑛	𝑝𝑎𝑠𝑡	𝑎𝑛𝑑	𝑓𝑢𝑡𝑢𝑟𝑒	𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠	𝑓𝑜𝑟	𝑡ℎ𝑒	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒. 
𝐹U = 𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛	𝑜𝑓	𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑣𝑎𝑙𝑢𝑒	𝑘. 
𝑔𝑜𝑎𝑙U = 𝐷𝑒𝑠𝑖𝑟𝑒𝑑	𝑔𝑜𝑎𝑙	𝑜𝑓	𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛	𝑘	𝑠𝑒𝑡	𝑏𝑦	𝑡ℎ𝑒	𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛	𝑚𝑎𝑘𝑒𝑟. 
𝑔𝑜𝑎𝑙U@*J+ = 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑	𝑣𝑎𝑙𝑢𝑒	𝑜𝑓	𝑔𝑜𝑎𝑙	𝑓𝑜𝑟	𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛	𝑘. 
𝐻 = 𝐸𝑛𝑑	𝑡𝑖𝑚𝑒	𝑜𝑓	𝑡ℎ𝑒	𝑝𝑒𝑟𝑖𝑜𝑑	𝑡ℎ𝑎𝑡	𝑛𝑒𝑒𝑑𝑠	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠	(𝑒𝑞𝑢𝑎𝑙	𝑡𝑜	𝐸𝑇𝑇))	. 
ℎ = 𝑃𝑜𝑖𝑛𝑡	𝑖𝑛	𝑡𝑖𝑚𝑒	ℎ𝑜𝑟𝑖𝑧𝑜𝑛	 = 	 [𝑡, … ,𝐻]. 
𝐻*,) = 𝐻𝑎𝑛𝑑𝑙𝑖𝑛𝑔	𝑐𝑜𝑠𝑡	𝑜𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜	𝑑𝑢𝑟𝑖𝑛𝑔	𝑙𝑎𝑛𝑒	𝑙. 
𝑖 = 𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑠𝑢𝑏	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑓𝑜𝑟	𝑡ℎ𝑒	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑏𝑒ℎ𝑎𝑣𝑖𝑜𝑟. 
𝑙 = 𝐿𝑎𝑛𝑒	𝑢𝑠𝑒𝑑	𝑓𝑜𝑟	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠 =	 [1, … , 𝑔],𝑤ℎ𝑒𝑟𝑒	𝑔	𝑖𝑠	𝑡ℎ𝑒	𝑎𝑚𝑜𝑢𝑛𝑡	𝑜𝑓	𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒	𝑙𝑎𝑛𝑒𝑠	𝑡𝑜	𝑢𝑠𝑒. 
𝐿𝑜𝑤𝑒𝑟	𝑙𝑖𝑚𝑖𝑡 = 	𝐿𝑜𝑤𝑒𝑟	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑙𝑖𝑚𝑖𝑡	𝑜𝑓	𝑡ℎ𝑒	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 = 	15°𝐶	𝑏𝑎𝑠𝑒𝑑	𝑜𝑛	𝑐ℎ𝑎𝑝𝑡𝑒𝑟	1.3. 
𝑚 = 𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑡ℎ𝑒	𝑚𝑜𝑛𝑡ℎ. 
					= 	 [1, … , 𝑇],𝑤ℎ𝑒𝑟𝑒	𝑇	𝑖𝑠	𝑡ℎ𝑒	𝑙𝑎𝑠𝑡	𝑚𝑜𝑛𝑡ℎ	𝑖𝑛	𝑡ℎ𝑒	𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡	𝑝𝑒𝑟𝑖𝑜𝑑. 
𝑀𝐷mno,),*,+ 
						= 𝑀𝑎𝑥𝑖𝑚𝑢𝑚	𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛	𝑓𝑜𝑟	𝑙𝑎𝑛𝑒	𝑙	𝑤ℎ𝑒𝑛	𝑢𝑠𝑖𝑛𝑔	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜	𝑖𝑛	𝑚𝑜𝑛𝑡ℎ	𝑚	 
											𝑤𝑖𝑡ℎ	𝑎	𝑑𝑒𝑐𝑖𝑠𝑖𝑜𝑛	𝑚𝑎𝑘𝑒𝑟𝑠	𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦	𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒	𝑒𝑞𝑢𝑎𝑙	𝑡𝑜	𝑈𝑇𝑃. 
𝑁 = 𝐴𝑚𝑜𝑢𝑛𝑡	𝑜𝑓	𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠	𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒	𝑓𝑜𝑟	𝑡ℎ𝑒	𝑡𝑜	𝑏𝑒	𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑒𝑑	𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒. 
𝑜 = 𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑢𝑠𝑒𝑑	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛 = 	 [1,… , 𝑛],𝑤ℎ𝑒𝑟𝑒	𝑛	𝑖𝑠	𝑡ℎ𝑒	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛𝑠	𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒.. 
𝑝 = 𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑡ℎ𝑒	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑠𝑡𝑒𝑝 = [1,… , 9]	, 𝑏𝑎𝑠𝑒𝑑	𝑜𝑛	𝑡𝑎𝑏𝑙𝑒	2.4. 
𝑃* = 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒	𝑐𝑜𝑠𝑡	𝑜𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜. 
𝑝A,),* 	= 𝑃𝑒𝑟𝑐𝑒𝑛𝑡𝑎𝑔𝑒	𝑒𝑟𝑟𝑜𝑟	𝑏𝑒𝑡𝑤𝑒𝑒𝑛	𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡	𝑎𝑛𝑑	𝑎𝑐𝑡𝑢𝑎𝑙	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑜𝑛	𝑡𝑖𝑚𝑒	𝑡	 
															𝑤ℎ𝑒𝑛	𝑢𝑠𝑖𝑛𝑔	𝑙𝑎𝑛𝑒	𝑙	𝑎𝑛𝑑	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜. 

𝑃𝑟𝑜𝑐𝑒𝑠𝑠APB,),* = s
0											𝑖𝑓	𝑦APB^u,),*	 < 𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒APB,)				, 𝑡ℎ𝑢𝑠	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑖𝑠	𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑖𝑛𝑔.
1										𝑖𝑓	𝑦APB^u,),*	 > 𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒APB,)			, 𝑡ℎ𝑢𝑠	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑖𝑠	𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑖𝑛𝑔.

 

𝑃𝑟𝑜𝑐𝑒𝑠𝑠	𝑇𝑖𝑚𝑒Y,) = 𝑃𝑟𝑜𝑐𝑒𝑠𝑠	𝑡𝑖𝑚𝑒	𝑜𝑓	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑠𝑡𝑒𝑝	𝑝	𝑤ℎ𝑒𝑛	𝑢𝑠𝑖𝑛𝑔	𝑙𝑎𝑛𝑒	𝑙. (𝑡𝑎𝑏𝑙𝑒	2.4) 
𝑆𝑝𝑙𝑖𝑡F@TJDGED = 𝑀𝑒𝑑𝑖𝑎𝑛	𝑡𝑖𝑚𝑒	𝑢𝑛𝑖𝑡	𝑜𝑓	𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑜𝑓	𝑡ℎ𝑒	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒. 
𝑆𝑝𝑙𝑖𝑡CDTJDGED	 = 𝑀𝑒𝑑𝑖𝑎𝑛	𝑡𝑖𝑚𝑒	𝑢𝑛𝑖𝑡	𝑜𝑓	𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑒	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑜𝑓	𝑡ℎ𝑒	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒. 
𝑆𝑊1 = 𝑆𝑤𝑖𝑡𝑐ℎ𝑖𝑛𝑔	𝑚𝑜𝑚𝑒𝑛𝑡	1, 𝑓𝑟𝑜𝑚	𝑡ℎ𝑖𝑠	𝑚𝑜𝑛𝑡ℎ	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝐵	𝑖𝑠	𝑢𝑠𝑒𝑑	𝑢𝑛𝑡𝑖𝑙	𝑠𝑤𝑖𝑡𝑐ℎ𝑖𝑛𝑔	𝑚𝑜𝑚𝑒𝑛𝑡	2	𝑖𝑠	𝑟𝑒𝑎𝑐ℎ𝑒𝑑. 
𝑆𝑊2 = 𝑆𝑤𝑖𝑡𝑐ℎ𝑖𝑛𝑔	𝑚𝑜𝑚𝑒𝑛𝑡	2, 𝑓𝑟𝑜𝑚	𝑡ℎ𝑖𝑠	𝑚𝑜𝑛𝑡ℎ	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝐴	𝑖𝑠	𝑢𝑠𝑒𝑑	𝑢𝑛𝑡𝑖𝑙	𝑠𝑤𝑖𝑡𝑐ℎ𝑖𝑛𝑔	𝑚𝑜𝑚𝑒𝑛𝑡	1	𝑖𝑠	𝑟𝑒𝑎𝑐ℎ𝑒𝑑. 
𝑇 = 𝑃𝑒𝑟𝑖𝑜𝑑	𝑖𝑛	𝑚𝑜𝑛𝑡ℎ𝑠	𝑢𝑠𝑒𝑑	𝑓𝑜𝑟	𝑡ℎ𝑒	𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑎𝑡𝑖𝑜𝑛	𝑚𝑜𝑑𝑒𝑙. 

𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑	𝐼𝑛𝑑𝑒𝑥Y,) = 	 s
0	𝑖𝑓	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑝	𝑖𝑠	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑	𝑓𝑜𝑟	𝑙𝑎𝑛𝑒	𝑙.

1	𝑖𝑓	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑝	𝑖𝑠	𝑛𝑜𝑡	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑	𝑓𝑜𝑟	𝑙𝑎𝑛𝑒	𝑙. 

𝑈𝑝𝑝𝑒𝑟	𝑙𝑖𝑚𝑖𝑡 = 	𝑈𝑝𝑝𝑒𝑟	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑙𝑖𝑚𝑖𝑡	𝑜𝑓	𝑡ℎ𝑒	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 = 	25°𝐶	𝑏𝑎𝑠𝑒𝑑	𝑜𝑛	𝑐ℎ𝑎𝑝𝑡𝑒𝑟	1.3.	 
𝑤 = 𝐹𝑖𝑥𝑒𝑑	𝑣𝑎𝑙𝑢𝑒	𝑡ℎ𝑎𝑡	𝑖𝑛𝑐𝑙𝑢𝑑𝑒𝑠	𝑚𝑜𝑑𝑒𝑙𝑙𝑖𝑛𝑔	𝑒𝑟𝑟𝑜𝑟, 𝑑𝑖𝑠𝑡𝑢𝑟𝑏𝑎𝑛𝑐𝑒𝑠	𝑎𝑛𝑑	𝑛𝑜𝑖𝑠𝑒	𝑓𝑜𝑟	𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖𝑛𝑔	𝑚𝑜𝑑𝑒𝑙. 
𝑤B = 𝑉𝑎𝑙𝑢𝑒	𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑡	𝑜𝑛	𝑡𝑖𝑚𝑒	ℎ𝑜𝑟𝑖𝑧𝑜𝑛	ℎ	𝑡ℎ𝑎𝑡	𝑖𝑛𝑐𝑙𝑢𝑑𝑒𝑠	𝑚𝑜𝑑𝑒𝑙𝑙𝑖𝑛𝑔	𝑒𝑟𝑟𝑜𝑟, 𝑑𝑖𝑠𝑡𝑢𝑟𝑏𝑎𝑛𝑐𝑒	𝑎𝑛𝑑	𝑛𝑜𝑖𝑠𝑒. 
𝑊* = 𝑊𝑒𝑖𝑔ℎ𝑡	𝑜𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜	𝑖𝑛	𝑘𝑖𝑙𝑜𝑔𝑟𝑎𝑚𝑠. 
𝑤𝑒𝑖𝑔ℎ𝑡U = 𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒	𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒	𝑤𝑒𝑖𝑔ℎ𝑡	𝑜𝑓	𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛	𝑘. 



 

Optimization of Packaging Options in the Cold Supply Chain  
 

viii 
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𝑧U = 𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑣𝑎𝑙𝑢𝑒	𝑜𝑓	𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛	𝑘. 
𝑧U@*J+ = 𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑	𝑣𝑎𝑙𝑢𝑒	𝑜𝑓	𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛	𝑘.



Introduction 
 

1. Introduction 
The introduction phase describes information related to the report and industry. This part 
reveals background information, mentions a current problem in the industry and discusses 
assumptions made in the research. Each of these sections help to create more understanding 
on the research topic. 
 
1.1 Background information 
The global pharmaceutical market experiences vital growth, especially temperature-sensitive 
products. Between 2014 and 2020 experts called for a growth of the global market for 
biopharmaceutical products of 65% to 360 Billion US$, due to new products and growing 
demand in countries such as China and India (DARA Project Group, 2016).  
 
To protect patient safety, governments around the world are imposing strict laws on 
pharmaceutical logistics. As a result, it forces shippers to conduct more detailed risk 
appraisals on all their transport routes and logistics suppliers.  
 
A detailed risk assessment is challenging for air freight transport while multiple sites and 
parties affect the transport process. Temperature-sensitive shipments are at risk with air 
transport, as these may experience temperature excursions during transportation which causes 
expenses to the manufacturer (Ambridge, Winter 2016). 
 

1.1.1 Company description 
Validaide, founded in 2016 aims to support the logistics industry with innovative solutions for 
supplier qualifications and lane risk assessments. Validaide owns a platform that connects 
buyers and suppliers for the transport of products with special requirements.  
 
The focus of Validaide is on air transport of pharmaceuticals, perishables and high-value 
cargo. Adding other modalities is one of the desired future innovations.  
 
The value of the platform is different for every actor in the transport process. The text below 
describes all parties involved in the process.  
 
- The first actor in the transport process is the pharmaceutical manufacturer. This party 
sends the products to the logistic buyer. Besides, this party is responsible for selling the 
products to customers all over the world. An example of a pharmaceutical manufacturer is 
Pfizer.  
 
- Another actor in the transport process is the logistic buyer. This party takes care of finding 
the best support to transport the product received from the manufacturer. The logistic support 
consists of a logistic supplier and a packaging option used to keep the product safe. An 
example of a logistic buyer is Panalpina.  
 
- The logistic supplier is an actor in the transport process as well. This party will start the 
physical transfer of the product and distributes the product to the customer. An example of a 
logistic supplier is Etihad Cargo.  
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- The last actor in the transport process is the customer. This actor is in contact with the 
product manufacturer and orders the products. An example of a customer in this context is GP 
Supplies, which is a company selling medicines and other products to general practices in the 
United Kingdom. 
 
Most users of the platform will be logistic buyers and suppliers. Via the platform, Validaide 
shows the skills of logistic suppliers. Based on these skills, the logistic buyer can judge the 
supplier based on his or her preferences. The platform is comparable to a "LinkedIn" platform 
for logistic suppliers. For both parties, the section below describes the benefits: 
  
- The logistic buyers, for example, freight forwarders, can replace inefficient data 
management processes with a secure online platform and electronic workflow.  

 
- For the logistic suppliers, for example, carriers and warehouse operators, it reduces the 
burden of supplier qualification and provides a platform to represent the capabilities to 
existing and potential customers.  

 
Validaide can be qualified as a start-up with a strong relationship with Panalpina.  
 

1.1.2 DARA Project 
In the future, risk control to comply with laws and to optimize trade lanes will be a key 
priority for pharmaceutical shippers and their logistics service providers. The optimization of 
trade lanes will be a hard process, as shippers manage hundreds of routes, for which product 
features, packaging options, capabilities, and transport conditions differ (DARA Project 
Group, 2016).  
 
The figure below shows a few examples of trade lanes to offer a better understanding on trade 
lanes and transport routes. As visible, a route (Basel to Shanghai) can have different lanes and 
layovers. The layovers cause the differences in lane risk scores, while the risk score results 
from several location dependent variables. 

 
 
Figure 1.1: Example of possible trade lanes and their lane risk scores. 
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1.1.3 The as-is process of pharmaceutical logistics 
Several important processes and their descriptions are: 
 
Risk assessment and lane characterization 
Enhancing the performance in the cold supply chain is of vital interest to the industry. One 
burden of the forwarders is to create risk assessments. The risk should consider quality audits 
and surveys from all partners of the supply chain. Validaide helps forwarders to create the risk 
judgments in a less time-consuming way. In the past, suppliers answered the same survey for 
every forwarder. Nowadays, the ground handler answers the survey only once, multiple 
forwarders may request the results.  
 
Validaide uses the results of the survey to create risk assessments. Ambient temperature risk 
is one of the risk factors used to come up with the overall risk score. Other risks used in the 
lane risk assessment are, handling, equipment, damage, delay and security risk. The research 
aims to create measures for the ambient temperature risk. 
 
Logistic process 
Describing the logistic process of a freight forwarder provides more background information. 
The information creates a broader idea of the topic before conducting research. The logistics 
process separates these processes: 
 

- Transfer pharmaceutical product from a truck to a temperature-controlled storeroom. 
- Preparation of the unit load device (ULD), also called ULD build-up. The preparation 

prevents long build-up times on the tarmac which lead to high temperature exposures. 
- ULD storage, the ULD needs to wait for the aircraft to be ready for loading. 
- ULD loading, in this process the ULD moves from the storage (cold rooms) to the 

aircraft. 
- Flight, after loading of the shipment, the aircraft can depart to the destination. 
- ULD unloading, when arrived at the destination the ground handler unloads the ULD 

from the aircraft into a storage (a temperature-controlled room). 
- ULD breakdown, in the temperature-controlled environment the ground handler takes 

apart the ULD, to dispatch the load later on. 
- Product storage, before the dispatching truck arrives. 
- Transfer pharmaceutical shipment from a temperature-controlled room to a truck, this 

truck will depart to the exact customer destination. 
 
Whether the process handler executes the task in a temperature-controlled environment is 
location dependent.  
 
Packaging options 
The pharmaceutical logistics uses different packaging options:  

- Active containers incorporate specific components in the packaging systems, to 
prolong the life, maintaining or improving the condition and quality of the package.  

- Passive packaging relates more to the conventional outer packaging of products. The 
passive packaging comprises insulation materials and thermal media, which act to 
resist changes in product temperature driven by adverse external temperatures. These 
systems require preparation of components under controlled conditions. 
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Flow of events for packaging option decision-making 
The process starts with a drug bought by a customer. The drug needs transportation to the 
customer via air. A drug manufacturer contacts a freight forwarder to handle this 
transportation. The freight forwarder will identify lanes to reach the destination set by the 
drug manufacturer. When they know the locations, the forwarder identifies the usable 
packaging options. Some locations may not be able to handle complex packaging options. 
Next, the freight forwarder studies the ambient temperature profiles of the origin, destination, 
and layovers. The climate of the locations creates a first thought on the temperature exposure.  
 
The freight forwarder and drug manufacturer come to a consensus based on the selected 
options (lane and packaging option combination) by the freight forwarder. Whenever the drug 
manufacturer agrees with the selection, the freight forwarder transports the product to the 
destination.  
 
Freight forwarders use packaging options based on subjective opinions and preferences. An 
example of subjective decision-making is choosing the thermal blankets. Throughout the year, 
the freight forwarder uses two thermal blankets, one for hot periods (during summer), the 
other one for cold periods (winter). However, the moment of switching from summer to 
winter type is unclear and not based on any measurements yet. 
 
Conclusion 
Subjective opinions play a significant role in the choice on which packaging option to use. In 
the ideal situation the focus is fully on objective measurements. Forecasts and optimization 
methods can identify the optimal lane and packaging for a specific drug.  
 
Choosing a high-end packaging solution might be unnecessary while it might perform the 
same as a less expensive solution. This research aims to provide a solution for when to switch 
from summer cover to winter cover. 
 
1.2  Problem description 
During the transport process of high-end products, keeping the products safe and protect them 
from extreme weather is crucial. Especially for pharmaceutical goods while these are very 
costly. The packaging options can keep the products safe when transported to extreme 
climates.  
 
Previous research identifies a decision-making diagram for the cold chain packaging choice. 
This diagram explains the factors that may influence the decision on which packaging option 
to use. The diagram guides the freight forwards and drug producers through the choice of 
what packaging option is best to use during their transport process (Pillai B. , 2014).  
 
The decision-making diagram (Figure 1.2) provides a first impression on which factors may 
influence the decision on the packaging option. The report uses several of these factors for 
answering the problem described later in this chapter. 
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Figure 1.2: Decision-making diagram for packaging options in the cold supply chain. 

The drug manufacturers appraise the level 5 and 6 factors of the decision-making diagram 
above. However, for level 4 and lower they might rely on a freight forwarder. The freight 
forwarder manages all factors concerning the transportation and package of a product. 
 
Validaide wants to help the freight forwards with the packaging decision diagram. Therefore, 
the report addresses the following problem: 
  
Problem: 
Pfizer need their drug delivered to Moscow from Basel for an entire year. The drug 
manufacturer contacts a freight forwarder to handle this transportation. The freight 
forwarder has to identify different lanes from Basel to Moscow and the best packaging 
options to use. For these lanes the freight forwarder should address the different factors from 
the decision-making diagram. The freight forwarder can only switch between different 
packaging options twice a year. 
 
The freight forwarder is unfamiliar with the lanes, estimating the different factors on the 
decision-making diagram would take much time. The freight forwarder has contacted 
Validaide to help with the decision-making diagram. 
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1.2.1 Research questions 
The primary purpose of this project is to create a guideline on how to classify packaging 
options for lanes objectively. 
 
Which packaging option, lane and switching moments provide the best solution for the 
transportation to a specific destination? 
 

i. What decision factors classify a packaging option? 
a. What exact problem arises from the industry? 
b. How to decide on which packaging option, lane and switching moment to use? 

ii. Level 4 factor: What are the ambient temperatures at different locations? 
iii. Level 3 factors: What aspects influence selecting the distribution circuit? 

a. “Shipper's concern about the supervision & maintenance requirement during 
transportation.” 

b. “Shipper's concern about the reliable functioning of the packaging system during 
transportation.” 

iv. Level 2 factor: How does uncertainty influence the behavior of a packaging 
option? 
a. How does the uncertainty of ambient temperature predictions influence the 

behavior of packaging options? 
b. How does uncertainty of process times (delays) influence the behavior of 

packaging options? 
v. Level 1 factor: How to calculate the costs of a packaging option? 

vi. How can all these factors contribute to answer the switching moment problem 
resulting from the first research question? 

 
1.2.2 Thesis outline 

The report results in an optimization model addressing several decision factors described in 
the decision-making diagram (Figure 1.2). The research concludes with an optimization 
model that solves the problem on when to switch between expensive and low-price packaging 
options. The upcoming paragraphs describe for each chapter, how the decision factors 
influence the optimization model. 
 
The second chapter of this report calculates the maximum deviation between the product 
limits and the inside temperature. The maximum deviation is one of the two objectives used in 
the optimization model. Multiple factors of the decision-making diagram result in the 
maximum deviation objective. A multi-step ahead forecasting model represents the reliable 
functioning of the packaging option. This multi-step ahead forecast model forecasts the inside 
temperature of a package as the dependent variable. The independent variable in the forecast 
model is the ambient temperature. While ambient temperature is the input for the forecasting 
model, creating an ambient temperature profile is necessary. Chapter 2.3 defines how to 
create the ambient temperature profile. The ambient temperature profile considers the 
shippers concern for maintenance and supervision and the temperature profile at the origin 
and destination. 
 
Chapter 3 adds uncertainty to the transportation process via the daily temperatures and the 
process times. The daily temperature at a location becomes normal distributed instead of 
fixed. Besides, a gamma distribution predicts the actual process time values. Because of the 
uncertainty every simulation produces different outcomes. The uncertainty tolerance 
percentage determines the value of the maximum deviation. 
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The fourth chapter shows the calculations of the packaging option costs, the cost for a 
packaging option is the second objective function. The chapter describes the estimations of 
the purchase, handling and extra transport costs of a particular packaging option. 
  
Chapter 5 illustrates several methods to solve the problem described in chapter 1.2. This 
section solves the problem by applying the weighed sum, e-constraint and goal programming 
method. Each of the described methods differently use the decision makers preferences. The 
chapter closes with the benefits and drawbacks of the different methods.  
 
To gather more insights in the actual problem, chapter 6 summarizes a sensitivity analysis. 
Analyzing the sensitivity of the uncertainty tolerance level provides knowledge on how the 
uncertainty tolerance level influences the optimal solution to the industry specific problem. 
 
The last section summarizes the research, by describing important conclusions, 
recommendations and limitations of the research.  
 

1.2.3 Contributions to the literature 
This section describes several contributions from the research to the literature. Three main 
contributions result from the research. 
 
Use the Direct/Recursive strategy to forecast the inside temperature of a package.  
A multi-step ahead forecasting method predicts the inside temperatures of a package. 
The direct/recursive (DirRec) method forecasts the inside temperature. Limited research on 
the DirRec strategy is available. A simplified version of the DirRec strategy creates accurate 
forecasts on the inside temperature. The simplified version might provide a first impression 
on how to use the DirRec strategy for more complicated forecasting. 
 
Provide guideline on how to analyze packaging decision-making diagram. 
The begin of this chapter describes the decision-making diagram for the packaging options. 
Current literature delivers the decision-making diagram, however there are still a lot of 
different methods on how to assess the different factors. This research identifies a way of 
analyzing different factors. Problems with a (similar) decision-making diagram might be 
solvable via the same method. Translating different decision-making factors in objective 
functions is the first step in identifying a solution. The objective functions should establish 
suitable optimization methods. Optimizing the different functions finds an unbiased answer to 
the decision-making diagram. 
 
How to determine the optimal switching moment based on conflicting objectives. 
The research delivers a preference-based solution for the switching moment problem 
described earlier in this chapter. The optimization contributes to the literature while there 
might be several comparable situations, one of them is the switching moment for winter to 
summer car tire. The optimization model might provide a guideline on how to create an 
optimization model for these comparable situations.  
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1.3 Assumptions 
This section describes the crucial assumptions along with their reasoning. 
 
Limited data on thermal blankets. 
The packaging industry only provided data for two thermal covers even though they provide a 
lot of different packaging options. The functioning of other thermal blankets results from the 
data of these two thermal covers.  
 
The temperature in a controlled room. 
Temperature-controlled rooms can store products at a constant temperature. Since these areas 
have much impact on the product temperature, an assumption on a correct temperature for 
these rooms is crucial. A temperature-controlled space can differ from temperature. This 
research uses a temperature of 21°C for further calculations since this is familiar in the 
industry.  
 
Product temperature limits. 
The pharmaceutical industry uses several sets of product limits (a few examples are: < -10°C, 
+2°C to +8°C, +15°C to +25°C). Different products prefer different ambient temperatures, 
vaccines and insulin prefer +2°C to +8°C while bio-technical products prefer frozen storage 
(< -10°C). With different product limits several variables within this research change (for 
example the controlled room temperature described one paragraph earlier). The entire report 
works with the most used product limits in the industry: +15°C to +25°C.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Inside temperature forecast model based on ambient temperature profile 
 

Optimization of Packaging Options in the Cold Supply Chain  
 

17 
 

2. Inside temperature forecast model based 
on ambient temperature profile 

This section focusses on the calculations of the maximum deviation. However, the most 
important part of this chapter is the inside temperature forecast model. The explanation of the 
inside temperature forecast model starts in chapter 2.2. The research describes the maximum 
deviation calculations first to show the importance of the inside temperature forecasts. 
    
The maximum deviation represents the risk of the temperature exposure to the product. 
Temperature exposure is of major importance for pharmaceutical products while the 
manufacturer has to assure quality. High temperature exposures will lead to high investigation 
costs and might even lead to extra ordinary costs when disposal of the product is necessary.    
 
The maximum deviation calculations require the inside temperature of a package and the 
product temperature limits. Chapter 1.3 describes the assumption on the limits, further 
research uses +15°C to +25°C. A multi-step ahead forecasting model calculates the inside 
temperatures based on the ambient temperature and the reliable functioning of a packaging 
option. The reliable functioning of a packaging option is one factor described in the decision-
making diagram (Figure 1.2). 
 
An ambient temperature profile is necessary for forecasting the inside temperature. The 
ambient temperature profile result from the supervision and maintenance of a ground handling 
agent and the climate profile at specific locations. Both variables influence the ambient 
temperature profile.   
 
2.1 Maximum deviation calculations (𝑀𝐷C,),*) 
This section describes how to calculate the maximum deviation between the product 
temperature limits and the inside temperature.  
 
𝐷 = 𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑑𝑎𝑦	𝑜𝑟	𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛, 𝑒𝑣𝑒𝑟𝑦	𝑛𝑢𝑚𝑏𝑒𝑟	𝑤𝑖𝑙𝑙	ℎ𝑎𝑣𝑒	𝑎	𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡	𝑚𝑎𝑥𝑖𝑚𝑢𝑚	𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛. 
𝐸𝑇𝑇) = 𝐸𝑛𝑑	𝑡𝑖𝑚𝑒	𝑜𝑓	𝑡ℎ𝑒	𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑓𝑜𝑟	𝑙𝑎𝑛𝑒	𝑙. 
𝑙 = 𝐿𝑎𝑛𝑒	𝑢𝑠𝑒𝑑	𝑓𝑜𝑟	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠 =	 [1, … , 𝑔],𝑤ℎ𝑒𝑟𝑒	𝑔	𝑖𝑠	𝑡ℎ𝑒	𝑎𝑚𝑜𝑢𝑛𝑡	𝑜𝑓	𝑝𝑜𝑠𝑠𝑖𝑏𝑙𝑒	𝑙𝑎𝑛𝑒𝑠	𝑡𝑜	𝑢𝑠𝑒. 
𝐿𝑜𝑤𝑒𝑟	𝑙𝑖𝑚𝑖𝑡 = 	𝐿𝑜𝑤𝑒𝑟	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑙𝑖𝑚𝑖𝑡	𝑜𝑓	𝑡ℎ𝑒	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 = 	15°𝐶	𝑏𝑎𝑠𝑒𝑑	𝑜𝑛	𝑐ℎ𝑎𝑝𝑡𝑒𝑟	1.3. 
𝑀𝐷',),* = 𝑀𝑎𝑥𝑖𝑚𝑢𝑚	𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛	𝑑𝑢𝑟𝑖𝑛𝑔	𝑑𝑎𝑦	𝑜𝑟	𝑠𝑖𝑚𝑢𝑙𝑎𝑡𝑖𝑜𝑛	𝑑	𝑤ℎ𝑒𝑛	𝑢𝑠𝑖𝑛𝑔	𝑙𝑎𝑛𝑒	𝑙	𝑎𝑛𝑑	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜. 
𝑜 = 𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑢𝑠𝑒𝑑	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛 = 	 [1,… , 𝑛],𝑤ℎ𝑒𝑟𝑒	𝑛	𝑖𝑠	𝑡ℎ𝑒	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛𝑠	𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒. 
𝑈𝑝𝑝𝑒𝑟	𝑙𝑖𝑚𝑖𝑡 = 	𝑈𝑝𝑝𝑒𝑟	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑙𝑖𝑚𝑖𝑡	𝑜𝑓	𝑡ℎ𝑒	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 = 	25°𝐶	𝑏𝑎𝑠𝑒𝑑	𝑜𝑛	𝑐ℎ𝑎𝑝𝑡𝑒𝑟	1.3. 
𝑦A,),* = 𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑒𝑑	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑎𝑡	𝑡𝑖𝑚𝑒	𝑡, 𝑓𝑜𝑟	𝑙𝑎𝑛𝑒	𝑙, 𝑢𝑠𝑖𝑛𝑔	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜	(𝑐ℎ𝑎𝑝𝑡𝑒𝑟	2.2). 
 
𝑀𝐷',),* = 𝑀𝑎𝑥(0,𝑀𝑎𝑥}𝑦A,),*~ − 𝑈𝑝𝑝𝑒𝑟	𝑙𝑖𝑚𝑖𝑡	, 𝐿𝑜𝑤𝑒𝑟	𝑙𝑖𝑚𝑖𝑡 − 	𝑀𝑖𝑛}𝑦A,),*~) 
 
𝑡 = [1,… , 	𝐸𝑇𝑇)] 
 
The maximum deviation is greater or equal to zero while only temperature excursions will 
lead to additional costs.  
 
The calculations for the maximum deviation show two unaddressed variables. First, the 
forecasted inside temperature at time t considering packaging option o and lane l (𝑦A,),*). The 
other unaddressed variable is the end time of the transportation process for lane l (𝐸𝑇𝑇)). The 
next chapters describe both variables. 
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2.2 Forecast model for the inside temperature  
The research studies the quality of a packaging option based on the inside temperatures. A 
high-quality option will result in lower temperatures compared to a low-quality option. This 
chapter forecasts the inside temperature and estimates the ambient temperature profile during 
the transport process.  
 
2.2.1 Packaging option data collection and preparation 
A supplier shared climate room data for two thermal cover options. The data comes from 
climate room tests, meaning that the supplier loads a product on a pallet. Next, they cover the 
pallet with the option tested and load the pallet in the climate room. The climate room 
reproduces a few scenarios to gather data on the quality of a packaging option. Data loggers 
measure the inside and ambient temperature during the scenarios. One of the scenarios is a 
long period of high temperature to gather data on the quality of a packaging option during 
summer. 
 
Climate room tests use different data loggers, using multiple data loggers prevents for missing 
data. Figure 2.1 shows all data collected by data loggers, the data loggers containing 
‘Ambient' in their name measured the ambient temperature in the climate room. The data 
logger with ‘Channel' in their name measured the inside temperature of the package. Every 
data logger had a different placement in the package resulting in the different inside 
temperatures measurements.  
 
The packaging supplier provided data for two thermal covers. The figure below shows the 
data for one of the thermal covers (Standard cover). 
 

 
Figure 2.1: Inside and ambient temperature data from a climate room test when using a standard thermal cover.  

As mentioned earlier each logger measures different temperatures due to the placement. Using 
the worst-case data logger weakens the chance of unforeseen situations. The worst-case data 
logger shows the worst performance of the packaging option. The worst-case data logger 
captures the highest inside temperature during the heating process. Thus, the worst-case data 
logger shown in Figure 2.1 is ‘Channel B01'. 
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Figure 2.2: Worst-case inside and ambient temperature for a Standard thermal cover. 

Having a worst-case data logger grants the opportunity to study the behavior of this packaging 
option. The data depicted in Figure 2.2 shows the performance of the Standard cover. Study 
of the data in Figure 2.2 gives an example on how to predict the inside temperature when 
using this pallet cover. 
 
Before the start of the transport process, the inside temperature when using different covers 
should be known. The freight forwarder needs the inside temperature prior to transporting 
while the packaging option choice is prior to the transport process as well. The forecast is a 
first sign on the quality of a packaging option. While needing the forecasts prior to the start of 
the transport process, the forecast cannot use a forecast method which works with actual data 
from previous time horizons. 
 
Therefore, research aims at an n-step ahead forecasting method. 
2.2.2 Multi-step ahead forecasting methods  
The forecasting literature describes several types of multi-step ahead forecasting methods. 
The next section describes three of the most commonly used methods. (Ben Taieb & 
Hyndman, 2014). The forecasting methods use the following variables: 
 
𝑑 = 𝑁𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑝𝑎𝑠𝑡	𝑣𝑎𝑙𝑢𝑒𝑠	𝑢𝑠𝑒𝑑	𝑡𝑜	𝑝𝑟𝑒𝑑𝑖𝑐𝑡	𝑓𝑢𝑡𝑢𝑟𝑒	𝑣𝑎𝑙𝑢𝑒𝑠. 
ℎ = 𝑃𝑜𝑖𝑛𝑡	𝑖𝑛	𝑡𝑖𝑚𝑒	ℎ𝑜𝑟𝑖𝑧𝑜𝑛	 = 	 [𝑡, … ,𝐻]. 
𝐻 = 𝐸𝑛𝑑	𝑡𝑖𝑚𝑒	𝑜𝑓	𝑡ℎ𝑒	𝑝𝑒𝑟𝑖𝑜𝑑	𝑡ℎ𝑎𝑡	𝑛𝑒𝑒𝑑𝑠	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑠	(𝑒𝑞𝑢𝑎𝑙	𝑡𝑜	𝐸𝑇𝑇))	. 
𝑓 = 𝐹𝑢𝑛𝑐𝑡𝑖𝑜𝑛𝑎𝑙	𝑑𝑒𝑝𝑒𝑛𝑑𝑒𝑛𝑐𝑦	𝑏𝑒𝑡𝑤𝑒𝑒𝑛	𝑝𝑎𝑠𝑡	𝑎𝑛𝑑	𝑓𝑢𝑡𝑢𝑟𝑒	𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠	𝑓𝑜𝑟	𝑡ℎ𝑒	𝑖𝑛𝑠𝑖𝑑𝑒	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒. 
𝑁 = 𝐴𝑚𝑜𝑢𝑛𝑡	𝑜𝑓	𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛𝑠	𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒	𝑓𝑜𝑟	𝑡ℎ𝑒	𝑡𝑜	𝑏𝑒	𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑒𝑑	𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒. 
𝑦A = 𝑇ℎ𝑒	𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡	𝑜𝑓	𝑡ℎ𝑒	𝑡𝑜	𝑏𝑒	𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑	𝑣𝑎𝑟𝑖𝑎𝑏𝑙𝑒	𝑜𝑛	𝑡𝑖𝑚𝑒	𝑡. 
𝑤 = 𝐹𝑖𝑥𝑒𝑑	𝑣𝑎𝑙𝑢𝑒	𝑡ℎ𝑎𝑡	𝑖𝑛𝑐𝑙𝑢𝑑𝑒𝑠	𝑚𝑜𝑑𝑒𝑙𝑖𝑛𝑔	𝑒𝑟𝑟𝑜𝑟,𝑑𝑖𝑠𝑡𝑢𝑟𝑏𝑎𝑛𝑐𝑒𝑠	𝑎𝑛𝑑	𝑛𝑜𝑖𝑠𝑒	𝑓𝑜𝑟	𝑓𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝑖𝑛𝑔	𝑚𝑜𝑑𝑒𝑙. 
 
A multi-step ahead forecasting task consists of predicting the next 𝐻 values [𝑦�Pu, … , 𝑦�P�] 
of a historical time series [𝑦u,… , 𝑦�] composed of N observations, where 𝐻 > 1 denotes the 
forecasting horizon. In these forecasting strategies 𝑓 denotes the functional dependency 
between the past and future observations, 𝑑 refers to the number of past values used to predict 
future values. The last variable 𝑤 represents a term that includes the modeling error, 
disturbances, and noise. The upcoming paragraphs describe the recursive, direct and 
direct/recursive (DirRec) methods along with examples on how to apply them. 
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- The recursive method 
This method centers on building a time series model to minimize the one-step-ahead 
prediction error variance. The unknown future values are obtained dynamically by repeatedly 
iterating the model and by replacing the unknown future values with their forecasts. When 
forecasting H steps ahead, applying the model results in the first forecast (𝑦APu). 
Subsequently, the next forecast (𝑦AP�) uses the previous forecast (𝑦APu) as part of the input 
variables (Ben Taieb, Bontempi, Atiya, & Sorjamaa, 2011). 
 
𝑦APu = 𝑓(𝑦A, … , 𝑦A^CPu) + 𝑤       
  
𝑡 = [𝑑, … ,𝑁	]          
 
The value of 𝑡 is at least equal to 𝑑	since the forecast model needs 𝑑 observations to forecast 
the value of the new time horizon. The maximum value of 𝑡 is equal to 𝑁, while 𝑁 is the 
amount of observations. 
 
As described earlier when forecasting H steps ahead, forecasting the next time horizon uses 
the previously forecasted values. This manner continues until having forecasts of the entire 
period, let the trained one-step ahead model be 𝑓�. The forecasts are presented by: 
 
 

𝑦��PB = 	�
𝑓�(𝑦�, … , 𝑦�^CPu)																																										𝑖𝑓	ℎ = 1
𝑓�(𝑦��PB^u, … , 𝑦��Pu,… , 𝑦�^CPB)					𝑖𝑓	ℎ	 ∈ {2, … , 𝑑}	
𝑓�(𝑦��PB^u, … , 𝑦��PB^C)																	𝑖𝑓	ℎ	 ∈ {𝑑 + 1,… , 𝐻}

   

 
An example provides a better understanding. 
 
Assume predicting the weather for the next seven days (𝐻), while having the temperatures of 
the last seven days (𝑁). Assume using the last three days (𝑑) as the input of the one-step-
ahead model. Again, assume that 𝑓� provides the forecast model. The following formulas 
forecast the first, third and seventh day: 
 
𝑦�� = 𝑓�(𝑦�, 𝑦�, 𝑦�)																 
𝑦�u� = 𝑓�(𝑦��, 𝑦��, 𝑦�)																 
𝑦�u� = 𝑓�(𝑦�u�, 𝑦�u�, 𝑦�uu)																 
 
- The direct method 
With the direct strategy, each forecast uses a different forecasting model (𝑓B). The various 
models are estimated independently and can in practice be entirely different from each other 
(Ben Taieb, Bontempi, Atiya, & Sorjamaa, 2011). 
 
𝑦APB = 𝑓B(𝑦A	, … , 𝑦A^CPu	) + 𝑤      
With 
ℎ = [1,… , 𝐻	]	𝑎𝑛𝑑	𝑡 = 	 [𝑑,… , 𝑁	]      
 
The value of 𝑡 is again between 𝑑	and 𝑁 since the forecast model needs at least 𝑑 of the 𝑁 
observations. 
 



Inside temperature forecast model based on ambient temperature profile 
 

Optimization of Packaging Options in the Cold Supply Chain  
 

21 
 

These formulas imply that the direct strategy does not use any approximated values to 
compute the forecasts. This affects the forecasting accuracy while not using approximated 
values prevents the strategy from considering complex dependencies between the outcome 
variables (trends). 
 
The example uses the same assumptions as the recursive strategy ([𝐻 = 7], [𝑑 =
3]	𝑎𝑛𝑑	[𝑁 =7]) again the formulas for the first, third and seventh day are formulated: 
 
𝑦�� = 𝑓u(𝑦�, 𝑦�, 𝑦�)	 
𝑦�u� = 𝑓�(𝑦�, 𝑦�, 𝑦�)		 
𝑦�u� = 𝑓�(𝑦�, 𝑦�, 𝑦�)					 
 
As visible, the forecast model does not use forecasted values (𝑦�APB). 
 

- The direct/recursive method  
This strategy combines the architectures and the principles of the direct and recursive 
strategies. The direct/recursive (DirRec) strategy uses different models for different 
forecasting horizons comparable to the direct strategy. However, the DirRec strategy still uses 
forecasts of the previous steps to predict new values similar to the recursive strategy (Ben 
Taieb, Bontempi, Atiya, & Sorjamaa, 2011). 
 
𝑦APB = 𝑓B(𝑦APB^u	, … , 𝑦A^CPu	) + 𝑤      
With 
ℎ = [1,… , 𝐻	]	𝑎𝑛𝑑	𝑡 = 	 [𝑑,… , 𝑁	]      
 
Creating the formulas of several days will increase understanding of the formulas. The first, 
third and seventh day are formulated again with the same variable values ([𝐻 = 7], [𝑑 =
3]	𝑎𝑛𝑑	[𝑁 =7]): 
 
𝑦�� = 𝑓u(𝑦�, 𝑦�, 𝑦�)	 
𝑦�u� = 𝑓�(𝑦��, 𝑦��, 𝑦�)		 
𝑦�u� = 𝑓�(𝑦�u�, 𝑦�u�, 𝑦�uu)					 
 
The time horizon dependent forecasting model (𝑓� = 𝑓B) results from the direct strategy, 
whereas the historical values used to forecast result from the recursive strategy (𝑦��, 𝑦��, 𝑦�). 
 
For forecasting the inside temperature 𝑦A	is replaced by 𝑦A,),* since the forecast model depends 
on the lane (𝑙) packaging option used (𝑜).  
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2.2.3 Climate room inside temperature data analysis 
Analyzing the inside temperature and ambient temperature data will provide more information 
on the behavior of the inside temperature. This behavior creates a preference for which 
forecasting model (chapter 2.2.2) to use.  
 

 
Figure 2.3: Training set extracted from the dataset for forecast model building. 

Figure 2.3 shows a fragment of the dataset, the fragment distinguishes two main processes. 
The heating process, from start to the intersection of the blue and the red line. The other 
process is the cooling process, starting at the intersection of the red and blue line. The cooling 
process starts at 24:20:00 and ends at 41:50:00, the heating process takes place before this 
time. 
 
In the figure above, every new inside temperature for the increase process holds the following 
[𝑦A,),* > 𝑦A^u,),*]. During the decrease process [𝑦A,),* < 𝑦A^u,),*] holds for every new inside 
temperature. In the recursive strategy, the forecasting model is the same for every forecasting 
horizon.  
 
Assume the following forecasting model:  
 
𝑦APu,),* = 1,1 ∗ }𝑦A,),*~ + 𝑤 
 
For the increase process [𝑦A,),* > 𝑦A^u,),*], this forecasting model might provide a useful 
solution. However, for the decrease process [𝑦A,),* < 𝑦A^u,),*], the error term should               
be [𝑤 < 0,1 ∗ 𝑦A,),*]. The error term would dominate the forecasting model, the error term 
manages the disturbance and noise of the forecasting model. The error term is not responsible 
for predicting the actual outcomes. Hence, the error term dominating the forecasting model is 
not suitable for forecasting. 
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The direct strategy does not use approximated values, and thus cannot capture the 
dependencies between the inside temperatures. The starting inside temperature is equal to 
21°C while the ground handling agent takes the package out of a temperature-controlled room 
when the transportation process starts. During the transportation process no inside 
temperature observations are available. Catching a trend with only one historical value will 
cause high forecasting errors. To catch the trends in the decreasing and increasing process, the 
forecasting strategy should be able to use historical forecasts as observations.  
 
Bundling the strengths of both strategies in the direct/recursive strategy provides a solution to 
both of the mentioned problems. 
 
The dataset (Figure 2.2) separates a test set and a training set. The training set will create the 
forecasting model. The test set estimates the performance of the different forecasting models. 
Only data not used to create the forecast model can determine the accuracy of forecasts. When 
estimating parameters, the forecast models use a portion of the data for training to estimate 
the optimal parameters (Hyndman, 2014). 
 
Only a dataset for the summer profile is available for each packaging option. Figure 2.2 
reveals the dataset provided for the Standard cover. Ideally, the forecast model uses all data 
from figure 2.2 as training data. Next, the model uses a different dataset for testing the 
forecast model. However, having only one dataset discourages using the entire dataset. Thus, 
the training and test set result from the same dataset. 
 
Both, the training and test set should have data on the increase process [𝑦A,),* > 𝑦A^u,),*]  and 
decrease process [𝑦A,),* < 𝑦A^u,),*]. The data during the period of the ambient temperature 
being 40 ̊C and the subsequent decreasing process reflect the training set. The test data has an 
almost equal period with similar data. However, the ambient temperature during the increase 
process for the test set is 50 ̊C instead of 40 ̊C (see figure 2.2). 
 
The periods used are: 
 
Dataset Start Time End Time Data points 
Training Set 18:10:00 41:50:00 142 
Test Set 42:20:00 66:00:00 130 

Table 2.1: Time interval of training and test set. 

Training the model leads to different adjustments of the forecast model. The forecast model 
uses the training set to calculate the optimal values for parameters. Using these parameter 
values on the test set estimates the forecast error values. The error of the forecast reflects the 
performance of the model. An error term is the difference between the actual values in the test 
set, and the values resulting from the forecast model (Hyndman, 2014). 
 
𝑒A,),* = 𝑦A,),* − 𝑦�A,),*          
 
The research uses the following indicators to estimate the forecast model performance: 

- MAE – mean absolute error (MAE = mean(�𝑒A,),*�)) 

- RMSE – root mean squared error (RMSE = �𝑚𝑒𝑎𝑛(𝑒A,),*
�) ) 

- MAPE – mean absolute percentage error (MAPE = mean(�𝑝A,),*�)) 
Where 𝑝A,),* = 100 ∗ 𝑒A,),*/𝑦A,),* 
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2.2.4 Increasing and decreasing packaging temperature forecast model (𝑦A,),*) 
The forecast model estimates the increase or decrease of a variable based on the previous 
value and influencing environmental aspects. Situations that might be solvable with the same 
forecast method: 
 
Predicting the water volume for an indoor pool during a period based on the known volume 
and the ambient temperature (evaporation).  
 
Predicting the room temperature during a period based on the known temperature and the 
ambient temperature. 
  
Iterating the forecast model with different parameter values estimates a minimal forecast 
error. The parameters causing the lowest forecast error is the final forecasting model.  
 
Upcoming sections use the ambient temperature of the future. Time units are in ten minutes, 
meaning 𝑡 = 1 represents the first ten (1-10) minutes, while 𝑡 + ℎ = 2 represents the next ten 
minutes (11-20). 
 
The forecast model uses formula (1.1) to estimate the inside temperature at the time horizon 
[𝑡 + ℎ]. Formula (1.1) predicts the inside temperature based on the previous inside 
temperatures (𝑦APB^@,),*) plus the impact of the ambient temperature. The variable 𝑛 represents 
the previous inside temperatures used. The higher the difference between the ambient 
temperature and the inside temperature }𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒APB,)	 −	𝑦APB^@,),*~ the higher the 
impact. A difference modifier (𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑟B,*) estimates how vulnerable packaging 
option 𝑜 is to the difference between the ambient temperature (𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒APB,;	) and 
the previous inside temperature (𝑦APB^@,),*). 
 
𝑦APB,),* = }𝑦APB^@,),*~ + 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑟B,* 	∗ (𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒APB,)	 −	𝑦APB^@,),*) (1.1) 
 
The forecast model created is comparable to the direct/recursive strategy. 
The model only considers one previous forecast (𝑛 = 1) instead of multiple previous 
forecasts. This simplification prevents for complexity since limited research is available on 
the direct/recursive strategy.  
 
Formula (1.1) and the simplification described above result in formula (1.2).  
 
𝑦APB,),* = 
}1 − 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑟B,*~ ∗ 𝑦APB^u,),* + 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑟B,* ∗ 𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒APB,)	 (1.2) 
                
The formulas below translate the until now estimated forecast model in the direct/recursive 
strategy. 
 
𝑓B,* = 	1 − 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑟B,*        (1.3) 
𝑤B,),* = 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑟B,* 	∗ 𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒APB,)	    (1.4) 
 
𝑦APB,),* = }𝑓B,*~ ∗ }𝑦APB^u,),*~ + 𝑤B,),*	        (1.5) 
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Formula (1.6) and (1.7) illustrate another simplification, the difference modifier is not 
different for every time horizon (ℎ). Therefore, 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑟F,* 
substitutes	𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑟B,*. 
 
𝑓F,* = 	1 − 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑟F,*        (1.6) 
𝑤B,),* = 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑟F,* 	 ∗ 𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝APB,)	      (1.7) 
 
For every time horizon [𝑡 + ℎ] the value of 𝑖 should be transparent, providing the ability to use 
the right difference modifier. The difference modifier is responsible for the behavior of the 
forecast model. The climate room data (Figure 2.3) identifies several sub-processes which do 
not display the same behavior. As described earlier, analyzing the behavior dissociate the 
heating and cooling process from each other. Formula 1.8 distinguishes the heating (increase) 
and cooling (decrease). This formula uses the ambient temperature at the specific time 
horizon (𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒APB,)	). Whenever the process is increasing the value of 
𝑃𝑟𝑜𝑐𝑒𝑠𝑠APB,),* should be equal to 0 when the inside temperature is decreasing the value should 
be equal to 1.  
 
𝑃𝑟𝑜𝑐𝑒𝑠𝑠APB,),* = s

0											𝑖𝑓	𝑦APB^u,),*	 < 𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒APB,)	
1										𝑖𝑓	𝑦APB^u,),*	 > 𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒APB,)		

    (1.8) 

 
An example identifies the usage of formula (1.8). 
Assume the inside temperature of the package, covered by packaging option 1 starts at 21°𝐶 . 
A plane will transport the package from Basel to Moscow (lane 1). Assume an ambient 
temperature of 30°𝐶 when transporting the package from storage to the plane. 
 
𝐶ℎ𝑒𝑐𝑘	𝑖𝑓	𝑡ℎ𝑒	𝑠𝑡𝑎𝑡𝑒𝑚𝑒𝑛𝑡	𝑖𝑠	𝑡𝑟𝑢𝑒: 𝑦APB^u,u,u	 < 𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒APB,u	 
𝑆𝑡𝑎𝑡𝑒𝑚𝑒𝑛𝑡	𝑖𝑠	𝑡𝑟𝑢𝑒:	21 < 30 
𝑅𝑒𝑠𝑢𝑙𝑡𝑖𝑛𝑔	𝑖𝑛:	𝑃𝑟𝑜𝑐𝑒𝑠𝑠APB,u,u = 0 
 
After studying Figure 2.3 and the forecast error, splitting the increase and decrease process 
still results in high forecasting errors. Both the increase and decrease process turned out to be 
different at the beginning compared to the end. Figure 2.3 illustrates the cooling process 
starting off by decreasing more compared to the end. Given this, identifying new sub-
processes is necessary to increase the forecast model quality. 
Based on the forecast error results, splitting the processes based on the median time generated 
the best results. Formula (1.8) separates the increase and decrease process. The formulation 
below describes the splitting process since a different lane will have different process times 
the calculations below are lane dependent. 
 
𝐵𝑒𝑔𝑖𝑛CDTJDGED,) = 𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑	𝑡𝑖𝑚𝑒	𝑎𝑡	𝑏𝑒𝑔𝑖𝑛	𝑜𝑓	𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑒	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	 
𝐵𝑒𝑔𝑖𝑛F@TJDGED,) = 𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑	𝑡𝑖𝑚𝑒	𝑎𝑡	𝑏𝑒𝑔𝑖𝑛	𝑜𝑓	𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	(𝑠𝑒𝑒	𝑡𝑎𝑏𝑙𝑒	3.2, 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔	𝑠𝑒𝑡) = 18:10: 00 
𝐸𝑛𝑑CDTJDGED,) = 𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑	𝑡𝑖𝑚𝑒	𝑎𝑡	𝑡ℎ𝑒	𝑒𝑛𝑑	𝑜𝑓	𝑡ℎ𝑒	𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑒	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	(𝑠𝑒𝑒	𝑡𝑎𝑏𝑙𝑒	3.2, 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔	𝑠𝑒𝑡) = 41: 50: 00 
𝐸𝑛𝑑F@TJDGED,) = 𝐸𝑠𝑡𝑖𝑚𝑎𝑡𝑒𝑑	𝑡𝑖𝑚𝑒	𝑎𝑡	𝑡ℎ𝑒	𝑒𝑛𝑑	𝑜𝑓	𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	 
 
𝐵𝑒𝑔𝑖𝑛CDTJDGED,) = 𝐸𝑛𝑑F@TJDGED,) = 24:10: 00	(𝑠𝑒𝑒	𝑓𝑖𝑔𝑢𝑟𝑒	3.3)       
 
𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛F@TJDGED,) = 𝐸𝑛𝑑F@TJDGED,) − 𝐵𝑒𝑔𝑖𝑛F@TJDGED,) = 36	(𝐴𝑚𝑜𝑢𝑛𝑡	𝑜𝑓	10	𝑚𝑖𝑛𝑢𝑡𝑒𝑠) 
𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛CDTJDGED,) = 𝐸𝑛𝑑CDTJDGED,) − 𝐵𝑒𝑔𝑖𝑛CDTJDGED,) = 106	(𝐴𝑚𝑜𝑢𝑛𝑡	𝑜𝑓	10	𝑚𝑖𝑛𝑢𝑡𝑒𝑠) 
 
𝑆𝑝𝑙𝑖𝑡F@TJDGED,) =

𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛F@TJDGED,)
2 = 18 

𝑆𝑝𝑙𝑖𝑡CDTJDGED,) =
𝐷𝑢𝑟𝑎𝑡𝑖𝑜𝑛CDTJDGED,)

2 = 53 
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In the cooling and heating process, two sub-processes occur. For both, the cooling and heating 
process, the behavior of the beginning differs from the end. Thus, four processes receive their 
own individual difference modifier: Begin of increase process, end of increase process, begin 
of decrease process and end of decrease process. Formula (1.9) describes the difference 
modifiers for each of the sub-processes, formula (1.6) and (1.7) reveal how the difference 
modifier estimates	𝑓F,*	and	𝑤B,),*. Whenever the forecast time horizon [ℎ] exceeds the split for 
the increase or decrease process, the inside temperature enters a new process and thus receives 
a new difference modifier. 
 

𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒	𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑟F,),* = �
���						��	𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑡+ℎ,𝑙,𝑜=0	𝐴𝑁𝐷	ℎ	<	𝑆𝑝𝑙𝑖𝑡𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒,𝑙	
���						��	𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑡+ℎ,𝑙,𝑜=0	𝐴𝑁𝐷	ℎ	>𝑆𝑝𝑙𝑖𝑡𝑖𝑛𝑐𝑟𝑒𝑎𝑠𝑒,𝑙	
���						��	𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑡+ℎ,𝑙,𝑜=1	𝐴𝑁𝐷	ℎ	<	𝑆𝑝𝑙𝑖𝑡𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑒,𝑙	
�� 						��	𝑃𝑟𝑜𝑐𝑒𝑠𝑠𝑡+ℎ,𝑙,𝑜=1	𝐴𝑁𝐷	ℎ	>	𝑆𝑝𝑙𝑖𝑡𝑑𝑒𝑐𝑟𝑒𝑎𝑠𝑒,𝑙	

     (1.9) 

 
The table below reveals the difference modifiers used and the forecast error results. 
Forecast model    
   𝑖 = 1 𝑖 = 2 𝑖 = 3 𝑖 = 4 
Difference modifier 0,023 0,019 0,026 0,009 
MAE 0,616021007    
MAPE 2,30%    
MSE 0,4900    

Table 2.2: Forecast model and error terms for the inside temperature. 

How the forecast model performs compared to the actual data is visible in figure 2.4. 
 

 

Figure 2.4: Comparison of the forecast model results and actual test data. 

Examples of the forecast model calculations are in section 2.4. 
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2.2.5 Quality of the forecast model 
Chapter 2.2.3 mentions that only a dataset for the summer profile for each packaging option is 
available. Having only one dataset might not be problematic if the data is diverse. Chapter 
2.2.3 describes the split of the dataset in a training and test set (Table 2.2). While splitting 
these datasets, the aim is to create two datasets as different as possible to prevent for 
overfitting. However, the ambient temperature used while cooling the package is the same for 
both datasets (21°𝐶). Testing the forecasting model on unseen data provides reliable results. 
Since the temperature in the test and training data is equal for the decrease process, a risk for 
overfitting occurs. Future projects should focus on increasing the amount of different data 
before continuing with the forecast model. 
 
2.2.6 Conclusion on forecasting models 
The forecasting model created in 2.2.4 predicts the inside temperature when using the 
Extreme cover. When using no cover or the Standard cover, a similar forecasting model uses 
different parameters. The table below describes the three forecast models along with their 
variables. 
 

Standard cover (o=1) DirRec 
#4       

  i=1 i=2 i=3 i=4 
Difference modifier 0,06 0,025 0,035 0,01 

 

No cover (o=2) DirRec 
#4       

  i=1 i=2 i=3 i=4 
Difference modifier 0,15 0,07 0,085 0,002 

 

Extreme cover (o=3) DirRec 
#4       

  i=1 i=2 i=3 i=4 
Difference modifier 0,023 0,019 0,026 0,009 

 

Table 2.3: Forecast models for different covers or no cover. 

Figure 2.9 illustrates how the differences between the parameters (table 2.3) influence the 
inside temperature in a real case scenario. 
 
2.3 Ambient temperature profile (𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒A,)	) 
The forecast model described in chapter 2.2 uses the ambient temperature 
(𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒A,)	) for a certain lane (𝑙) at a specific time (𝑡) to calculate the inside 
temperature. To forecast the inside temperature during the entire transportation process, the 
forecast model needs the ambient temperature in advance. 
 
This section illustrates how to calculate the ambient temperature profile. The profile of the 
ambient temperature depends on the maintenance & supervision and the climate conditions at 
a specific location (factors from decision diagram in Figure 1.2).  
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2.3.1 The supervision & maintenance capabilities during transportation 
Some connecting hubs (airports) may not have the trained operators to perform constant 
supervision or the equipment maintenance required. Hence, waiting times on the tarmac area 
are location dependent. The section below describes multiple location-dependent factors that 
influence the ambient temperature. 
 
A part of the risk assessment of Validaide is:  
 
“Calculating the risk adjustment based on location capabilities. This step uses the standard 
capabilities checklist for the handling agents as input. This checklist contains 150 questions 
related to operation processes, tarmac timings, infrastructure, quality management and many 
more.” 
 
Validaide uses the questionnaire to create the time plan depicted below. The lane used for the 
table below is from Basel (BSL) to Moscow (SVO). 
 

Location Origin     Destination    

Process Storage 
ULD 
Buildup 

ULD 
Storage 

Tarmac & 
Loading Flight Unloading 

ULD 
Storage 

ULD 
Breakdown Storage 

Process Step Nr. 1 2 3 4 5 6 7 8 9 
Process Time 0:40 1:00 1:00 0:35 3:25 3:00 3:30 0:45 1:00 
Temp. Controlled? Yes Yes Yes No Yes No Yes Yes Yes 
Cumulative amount 
of minutes 40 100 160 195 400 580 790 835 895 

Table 2.4: Time plan of transportation from Basel to Moscow extracted from the Validaide platform. 

To create the ambient temperature profile, the research assumes the time plan trustworthy. 
Therefore, the report uses the time plan as input for further research.  
 
Process time 
Section 1.1.3 describes the logistic process of transporting a pharmaceutical product. During a 
successful transportation process, the ground handling agent executes all processes 
subsequently. The durations of these processes depend on the selected distribution circuit. 
Validaide uses questions concerning operation processes, infrastructure, quality management 
and many more to identify the process times. 
 
Table 2.4 provides the process times when transporting from Basel to Moscow. When 
comparing these process times, there is a difference between tarmac & loading and unloading. 
The duration of the unloading process is significantly more time-consuming in Moscow even 
though the executed process is similar. These differences show a lower performance in 
Moscow on the questions concerning operation processes, infrastructure, and quality 
management. 
 
Controlled rooms 
Validaide gathers information concerning the operation processes, infrastructure, and quality 
management for a particular location. Besides, Validaide collects information on controlled 
rooms. A process is temperature controlled whenever controlled rooms are available and large 
enough for storage. Table 2.4 shows the temperature-controlled processes. 
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2.3.2 Temperature profile at the origin and destination country 
Identifying the temperature profile at the origin and destination country is necessary to create 
an ambient temperature profile. The decision diagram identifies the temperature profile factor 
as the most critical evaluation factor for the freight forwarder.  
 
Validaide stores historical temperature data from various origins and destinations in their 
database. The database captures minimum and maximum temperatures during each month for 
different locations. The mean of all collected minimums determines the minimum values in 
the figure below. The same method estimates the maximum temperature for a specific month. 
 

  
Figure 2.5: Minimum and maximum average temperature in Basel from the Validaide platform. 

To simplify the first set-up of the ambient temperature profile, the research assumes the 
temperature being fixed and known on beforehand. The daily temperature during a month is 
equal to the mean of the minimum and maximum values from this month. Later in the 
research, chapter 3.1 describes how a normal distribution creates forecasts of the temperature. 
 
2.3.3 Adding maintenance & supervision capabilities to the temperature 

profile 
This section combines the maintenance and supervision capabilities and the temperature 
profile at the origin and destination in two steps. The first step combines the process times 
from table 2.4. with the location temperatures. The second step adds the controlled room 
information to the until then created ambient temperature profile. 
 
Adding temperatures at origin and destination to the location dependent process times. 
The first step is to combine the temperatures at the origin (chapter 2.3.2) and destination with 
the process times (section 2.3.1). The process times in the time plan (Table 2.4) indicate the 
time spent at the location and origin. 
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Combining process times at origin and destination with temperature data delivers an ambient 
temperature graph. Figure 2.6 illustrates the ambient temperature graph for the lane of Basel 
to Moscow in October 2018 as an example, as assumed in chapter 2.3.2 the ambient 
temperatures at Basel and Moscow are known in advance. 
 

 
Figure 2.6: Ambient temperature during the logistics process for Basel to Moscow in October. 

Table 2.4 provides the process times and number at the different locations. The information in 
Table 2.4 helps to create the ambient temperature graph.  
 
𝑃𝑟𝑜𝑐𝑒𝑠𝑠	𝑇𝑖𝑚𝑒Y,) = 𝑃𝑟𝑜𝑐𝑒𝑠𝑠	𝑡𝑖𝑚𝑒	𝑜𝑓	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑠𝑡𝑒𝑝	𝑝	𝑤ℎ𝑒𝑛	𝑢𝑠𝑖𝑛𝑔	𝑙𝑎𝑛𝑒	𝑙. 
𝑝 = [0	,… , 9] = 𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑡ℎ𝑒	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑠𝑡𝑒𝑝. 
 
The formula below calculates the cumulative ending times of each process step. 

𝐶𝐸𝑇Y,) = 	¡𝑃𝑟𝑜𝑐𝑒𝑠𝑠	𝑇𝑖𝑚𝑒Y,)

Y

Y¢u

 

𝐶𝐸𝑇�,) = ¡𝑃𝑟𝑜𝑐𝑒𝑠𝑠	𝑇𝑖𝑚𝑒Y,)

�

Y¢u

= 𝑐𝑢𝑚𝑢𝑙𝑎𝑡𝑖𝑣𝑒	𝑒𝑛𝑑	𝑡𝑖𝑚𝑒	𝑖𝑛	𝑜𝑟𝑖𝑔𝑖𝑛 

The cumulative end time of the entire transportation process is one variable used to calculate 
the maximum deviation (chapter 2.1). The cumulative end time of the last process step is 
equal to the end time of the transportation process.  

𝐸𝑇𝑇) = 𝐶𝐸𝑇�,) = ¡𝑃𝑟𝑜𝑐𝑒𝑠𝑠	𝑇𝑖𝑚𝑒Y,)

�

Y¢�

= 𝐸𝑛𝑑	𝑡𝑖𝑚𝑒	𝑜𝑓	𝑡ℎ𝑒	𝑡𝑟𝑎𝑛𝑠𝑝𝑜𝑟𝑡𝑎𝑡𝑖𝑜𝑛	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑓𝑜𝑟	𝑙𝑎𝑛𝑒	𝑙. 

𝐶𝐸𝑇�,) = 0 = 𝐵𝑒𝑔𝑖𝑛	𝑜𝑓	𝑝𝑟𝑜𝑐𝑒𝑠𝑠 
 
The cumulative end time of process step four is equal to the time spent in the origin. Until the 
cumulative end time of process step four, the ambient temperature is equal to the temperature 
at the origin (orange line). 
 
 
 
 
 

0

5

10

15

20

25

1 42 83 12
4

16
5

20
6

24
7

28
8

32
9

37
0

41
1

45
2

49
3

53
4

57
5

61
6

65
7

69
8

73
9

78
0

82
1

86
2

Te
m

pe
ra

tu
re

Minut of process

Ambient Temperature during logistic process

Ambient Temperature

Origin Temperature



Inside temperature forecast model based on ambient temperature profile 
 

Optimization of Packaging Options in the Cold Supply Chain  
 

31 
 

Using the formulas below creates the ambient temperature graph from Figure 2.6. These 
formulas do not include the incorporation of temperature-controlled rooms yet. When the 
origin is location A, all processes executed at the origin will encounter the ambient 
temperature of location A.  
 
 

𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒A = 	�
𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒*JFKF@																																																								𝑖𝑓	𝑡 ≤ 𝐶𝐸𝑇�,)
𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒¤																																															𝑖𝑓	𝐶𝐸𝑇�,) < 𝑡 ≤ 𝐶𝐸𝑇�,)
𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒CDEAF@GAF*@																																																	𝑖𝑓	𝑡 > 𝐶𝐸𝑇�,)

 

 
The aircraft is a temperature-controlled environment, thus the ambient temperature is equal to 
the controlled room temperature. 
 
𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒¤	 = 21 
 
Adding controlled room information 
Section 2.3.1 describes the controlled room information at the locations used in a circuit. 
Adding the controlled room information provides the ambient temperature profile for freight 
forwarders. A process is temperature controlled whenever controlled rooms are available and 
large enough. Section 1.3 mentions the usage of 21 ̊C as the ambient temperature in controlled 
rooms. 
 
Table 2.3 provides the information whether a process is temperature-controlled. Whenever a 
process is temperature-controlled, the temperature-controlled index is equal to 0. Otherwise 
the temperature-controlled index is equal to 1. The formula below assigns the temperature-
controlled index. 
 
𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑	𝐼𝑛𝑑𝑒𝑥Y,) = 	 s

0	𝑖𝑓	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑝	𝑖𝑠	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑
1	𝑖𝑓	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑝	𝑖𝑠	𝑛𝑜𝑡	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑 

 
𝑝 = [0	,… , 9] = 𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑡ℎ𝑒	𝑝𝑟𝑜𝑐𝑒𝑠𝑠	𝑠𝑡𝑒𝑝. 
𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑	𝐼𝑛𝑑𝑒𝑥A,) = 	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑	𝐼𝑛𝑑𝑒𝑥Y,)				𝑖𝑓	𝐶𝐸𝑇Y^u,) 	≤ 	𝑡	 < 𝐶𝐸𝑇Y,) 
 
Whenever the temperature-controlled index at time (𝑡) is equal to zero, the ambient 
temperature is 21 ̊C. If the temperature-controlled index is equal to one the cumulative end 
times determines the location of the package at time (𝑡). The location of the package is 
necessary to determine the ambient temperature.  
  
𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒A,)	

= �
21																																																																																														𝑖𝑓	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑	𝐼𝑛𝑑𝑒𝑥A,) = 0
𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒A,*JFKF@										𝑖𝑓	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑	𝐼𝑛𝑑𝑒𝑥A,) = 1	𝐴𝑁𝐷	𝑡 <	𝐶𝐸𝑇�,)
𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒A,CDEAF@GAF*@		𝑖𝑓	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒	𝐶𝑜𝑛𝑡𝑟𝑜𝑙𝑙𝑒𝑑	𝐼𝑛𝑑𝑒𝑥A,) = 1	𝐴𝑁𝐷	𝐶𝐸𝑇�,) ≤ 𝑡
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Continuing with the lane Basel to Moscow provides the information that the tarmac & 
loading is the only non-temperature-controlled process at the origin. The process time of the 
tarmac & loading task is 35 minutes.   
 
For the destination, the only process not being temperature controlled is unloading the 
product form the plane. The estimated process time for the unloading process is 3 hours. 
 
The cumulative end times of each process step create a new figure which incorporates the 
information on controlled rooms available at a specific location. 
 

 
Figure 2.7: Ambient temperature when considering process times and temperature-controlled rooms. 

2.4 Conclusion on the inside temperature forecast model 
Chapter 2.2 identifies a forecast model based on the climate room data. The forecast model 
uses the ambient temperature profile to predict the inside temperature. 
 
Combining the ambient temperature profile from Figure 2.7 and the forecasting model created 
in chapter 2.2 forecasts the inside temperature of the package during transportation. The 
forecasted inside temperature is necessary to calculate the maximum deviation measure 
mentioned in the begin of this chapter. 
 
Figure 2.8 provides an example of the forecast model over the ambient temperature profile. 
The inside temperature forecast of Figure 2.8 predicts the inside temperature when using no 
packaging option. 
 

 
Figure 2.8: Forecasted inside temperature based on real-case ambient temperature profile. 
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Table 2.5 and 2.6 illustrate the calculations of the forecast model, the example is again not 
using a packaging option. 
 
ℎ 𝑡 Ambient 

Temperature 
𝑓F,* 𝑦APB^u,),* 	𝑤B,),* 𝑦APB,),* 

0 1 21    21 
1 1 17,55 0,915 21 1,49175 20,70675 
2 1 10,65 0,915 20,70675 0,90525 19,85193 
3 1 10,65 0,915 19,85193 0,90525 19,06976 
0 4     19,06976 
1 4 21 0,85 19,06976 3,15 19,35930 
2 4 21 0,85 19,35930 3,15 19,60540 
3 4 21 0,85 19,60540 3,15 19,81459 

Table 2.5: Example of how the forecast model calculates the inside temperature forecast. 

Chapter 2.2.4 shows how to estimate 𝑓F,* and 𝑤B in formula 1.6 and 1.7. For these parameters, 
a table provides more guidance on the calculations.  
 
ℎ 𝑡 𝑃𝑟𝑜𝑐𝑒𝑠𝑠APB,),* 𝑖 Ambient 

Temperature 
𝑓F,* 	𝑤B,),* 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒

𝑀𝑜𝑑𝑖𝑓𝑖𝑒𝑟 F,*
 

0 1   21    
1 1 1 3 17,55 0,915 1,492 0,085 
2 1 1 3 10,65 0,915 0,905 0,085 
3 1 1 3 10,65 0,915 0,905 0,085 
0 4       
1 4 0 1 21 0,85 3,15 0,15 
2 4 0 1 21 0,85 3,15 0,15 
3 4 0 1 21 0,85 3,15 0,15 

Table 2.6: Example of how to calculate 𝑓F  and 𝑤B to forecast the inside temperature of a package. 

Switching from increasing to decreasing or the other way around resets the value of ℎ and 𝑡. 
Resetting ℎ is necessary to keep track of the subset (𝑖) from time horizon ℎ based on formula 
(1.9).	
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Figure 2.9 exhibits the differences for the three cover options (no cover, Standard cover and 
Extreme cover). Table 2.3 reveals the parameter values for the three cover options of the 
forecast model. 
 

 
Figure 2.9: Different thermal covers and their inside temperature forecasts. 

Combining the ambient temperature and the forecast model predicts the inside temperature. 
The calculations of the maximum deviation include the inside temperature predictions. 
Chapter 2.1 initializes the formula for the maximum deviation between the inside 
temperatures and the product temperature limits. 
 
Packaging option (𝒐) 𝑴𝑫𝑫,𝒍,𝒐 

Standard cover (𝒐 = 1) 0,03 
No cover (𝒐 = 2) 4,71 
Extreme cover (𝒐 = 3) 0 

Table 2.7: Maximum deviations between the inside temperature forecast and the product temperature limits. 
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3. Uncertainty during the transportation process  
In chapter 2 different variables calculate the maximum deviation between the inside 
temperature forecast and the product temperature limits. Previously the research only 
considered fixed values for the ambient temperature and process time values. However, both 
variables contain uncertainty. The decision-making diagram in Figure 1.2, considers 
uncertainty of the transportation process as a level 5 decision factor. This chapter describes 
the uncertainties of the mentioned variables.  
     
3.1 The uncertainty of ambient temperature 
A freight forwarder needs to address the packaging decision for the future. When using 
forecasts of the ambient temperature uncertainty is common.   
 
Figure 2.5 provides the minimum and maximum temperature for each month in Basel. The 
formula below uses the minimum and maximum temperature to estimate the mean and 
standard deviation. The report assumes daily temperatures during a month to be normal 
distributed. While assuming a normal distribution, the formula below estimates the mean. 
 
𝜇+*@AB,*JFKF@ ≈

𝑀𝑒𝑎𝑛	𝑚𝑎𝑥𝑖𝑚𝑢𝑚	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒+*@AB,*JFKF@ +𝑀𝑒𝑎𝑛	𝑚𝑖𝑛𝑖𝑚𝑢𝑚	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒+*@AB,*JFKF@
2  

 
The range rule of thumb estimates the standard deviation of the normal distribution at a 
specific location (Ramirez & Cox, 2012). 
 
𝜎+*@AB,*JFKF@ =

𝑅𝑎𝑛𝑔𝑒+*@AB,*JFKF@
4  

𝜎+*@AB,*JFKF@ ≈
�𝑀𝑒𝑎𝑛	𝑚𝑎𝑥𝑖𝑚𝑢𝑚	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒+*@AB,*JFKF@� + �𝑀𝑒𝑎𝑛	𝑚𝑖𝑛𝑖𝑚𝑢𝑚	𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒+*@AB,*JFKF@�

4  

 
𝑀𝑜𝑛𝑡ℎ
= 		𝑂𝑐𝑡𝑜𝑏𝑒𝑟 

𝑀𝑒𝑎𝑛	𝑚𝑎𝑥𝑖𝑚𝑢𝑚	
𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 ªTA*«DJ,)

 𝑀𝑒𝑎𝑛	𝑚𝑖𝑛𝑖𝑚𝑢𝑚	
𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒 ªTA*«DJ,)

 𝜇𝑂𝑐𝑡𝑜𝑏𝑒𝑟,)	 𝜎ªTA*«DJ,) 
𝑙 = 𝐵𝑎𝑠𝑒𝑙	 13,9 7,4 10,65 5,325 
𝑙 = 𝑀𝑜𝑠𝑐𝑜𝑤 6,9 2,3 4,6 2,3 

Table 3.1: Estimated mean and standard deviation for Basel and Moscow in October. 

The estimated parameters of table 3.1 provide the normal distributions in the figure below. 

 
Figure 3.1: Normal distributions of daily temperature in Basel and Moscow during October. 
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Figure 3.1 provides more information on the uncertainty in temperatures for specific 
locations. The normal distributions depicted in Figure 3.1 represent the probability of the 
temperatures during October in two different places. For example, the distribution for Basel 
(orange line) reveals a probability of 7,5% for a temperature of 10,6 degrees on a random day 
in October.  
 
A 95% confidence interval estimates the maximum and minimum temperatures in October. 
 Basel Moscow 
Minimum Temperature 0,21319178 0,09208284 
Maximum Temperature 21,0868082 9,10791716 

Table 3.2: Minimum and maximum temperature based on a 95% confidence interval in Basel and Moscow.  

Figure 2.5 depicts the mean of several historical maximum or minimum temperatures during 
each month. Hence, the actual minimum temperature resulting from the normal distribution 
(Table 3.2) can be lower than the minimum exhibited in Figure 2.5. 
 
The maximum and minimum temperatures in Basel and Moscow result from Table 3.2. The 
figure below shows the differences in ambient temperature during the transportation process. 

 
Figure 3.2: Upper and lower bound for the ambient temperature during the logistics process. 

The inside temperature of a package for both, the maximum and minimum ambient 
temperature during the logistics process illustrates how important the uncertainty in ambient 
temperature is. 
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Adding the normal distributions for each month to the calculations of the ambient temperature 
profile incorporates the uncertainty of the ambient temperature profile in the objective 
function. The equations below represent the ambient temperatures during the transportation 
process used in the formulas of chapter 2.3. 
  
𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒A,*JFKF@ = 𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒+*@AB,*JFKF@ 
𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒+*@AB,*JFKF@	~	𝑁(𝜇+*@AB,*JFKF@, 𝜎+*@AB,*JFKF@� ) 
𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒A,CDEAF@GAF*@ = 𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒+*@AB,*JFKF@ 
𝐴𝑚𝑏𝑖𝑒𝑛𝑡	𝑇𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒+*@AB,CDEAF@GAF*@	~	𝑁(𝜇+*@AB,CDEAF@GAF*@, 𝜎+*@AB,CDEAF@GAF*@� ) 
 
3.2 The uncertainty of process times 
Besides the uncertainty in temperature at the visiting locations, a risk exists in the process 
times. Unforeseen events might increase the process time of a task. 
 
Data from previous transportation processes provide more insights in the distribution of the 
transportation process times. The data used results from transporting from Luxembourg to 
Huntsville. Analysis of sixty ULD build-up processes in Luxembourg provide more 
information on how to estimate the actual process times. Below a histogram depicts the 
different process times. 
 

 
Figure 3.4: Histogram of process times for the ULD build-up in Luxembourg.  

The histogram provides more information on a usable distribution to predict the process time. 
The histogram from Figure 3.4 raises the expectations of a gamma distribution as a predictor 
for the transportation times. Figure 3.5 illustrates the differences between the actual data and 
the gamma distribution with a = 2 and b = 0,5.  
 

 
Figure 3.5: Histogram of actual data and gamma distribution predictions of the ULD build-up times. 
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Multiplying the probability values of the gamma distribution by the mean of the process time 
provides the forecasted values from the histogram in Figure 3.5.  

As described in the introduction Validaide assesses several risk factors. One of these is the 
quality management risk, defining the risk of handling errors, infrastructure failure or other 
quality related problems  

The actual alpha and beta used to calculate the process times will depend on the quality 
management risk. The uncertainty of the process times will be location dependent. Expected 
is that a higher quality management risk will lead to higher uncertainty. Since process time 
data of only a few locations is available, estimating the relation between the quality 
management risk and alpha or beta is too challenging. The industry should collect the process 
times for more locations to identify a significant relation between the quality management risk 
and alpha or beta. The rest of the research assumes the gamma distribution with a = 2 and b = 
0,5 to predict the process times.   
 
3.3 Combining temperature and process time uncertainty 
This section combines the temperature and process time uncertainty into an ambient 
temperature graph. The mean process times from Table 2.5 and the gamma distribution from 
the previous section (a = 2 and b = 0,5) estimate the new process times. The normal 
distribution from chapter 3.1 calculates the temperature in Basel and Moscow. 
 

 
Figure 3.6: Simulations of ambient temperature during the transportation from Basel to Moscow.  

The figure above shows five simulated ambient temperatures in October, as visible the 
temperature and process times are different for each simulation. The differences between the 
simulations in the graph indicate the importance of considering the uncertainty. 
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3.4 Maximum deviation calculations with uncertainty 
Chapter 3.3 illustrates how the uncertainty in the transport process influences the ambient 
temperature profile. A new temperature profile results in different inside temperature 
forecasts. Each simulation of the ambient temperature profile will cause a different inside 
temperature. The next paragraph describes how to use these simulations to calculate the 
maximum deviation.  
 
The forecast model created in chapter 2.2 uses the ambient temperature profile as input. 
Figure 3.7 provides the outcomes of five simulations of the ambient temperature.  
 

 
Figure 3.7: Simulations of the inside temperatures based on the simulated ambient temperatures from Figure 3.6. 

As mentioned in chapter 2.1, comparing the temperature limits with the predicted inside 
temperatures leads to a maximum deviation. Figure 3.8 reveals the maximum deviations for 
hundred simulations when using a Standard cover in January. 
 

 
Figure 3.8: Maximum deviation per simulation compared to the predicted normal distribution. 

0

5

10

15

20

25

1 4 7 10 13 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58

Te
m

pe
ra

tu
re

Minute of logistic process (in 15 minutes)

Simulation of inside temperatures over simulated ambient temperatures

Simulation 5 Simulation 4
Simulation 3 Simulation 2
Simulation 1 Ambient temperature simulation 1
Ambient temperature simulation 2 Ambient temperature simulation 3
Ambient temperature simulation 4 Ambient temperature simulation 5

0
5

10
15
20
25
30
35

4 5 6 7 8 9 10 More

Fr
eq

ue
nc

y

Maximum deviation

Simulated maximum deviations and predicted values based on a normal 
distribution.

Actual values

Normal Distribution



Uncertainty during the transportation process 
 

Optimization of Packaging Options in the Cold Supply Chain  
 

40 
 

Because of the uncertainty added in this chapter, the formula described in chapter 2.1 
changes. 
 
𝑀𝐷+,),*~	𝑁(𝜇𝑀𝐷,𝑜,𝑚, 𝜎𝑀𝐷,𝑜,𝑚

2 ) 
 
The mean and variance result from the following formulas: 
 

𝜇&',),*,+ =
∑ 𝑀𝐷𝐷,𝑙,𝑜®
¯��

@
 	

𝜎&',),*,+� =
∑ (@
'¢u 𝑀𝐷',),* − 𝜇𝑀𝐷,*,+)�

𝑛  

 
The formula to calculate the maximum deviation between the product limits and the forecast 
inside temperature for each simulation does not change. 
 
In the Figure 3.7, the lane utilized is Basel to Moscow, TLX2 is the packaging option used. 
Table 3.4 shows the maximum deviation results for the simulations in Figure 3.7. 
 

𝑀𝐷u,			&*ET*°^±GED),			n²³� 0 
𝑀𝐷�,			&*ET*°^±GED),			n²³� 1,12587639 
𝑀𝐷�,			&*ET*°^±GED),			n²³� 1,39101007 
𝑀𝐷�,			&*ET*°^±GED),			n²³� 1,85306541 
𝑀𝐷�,			&*ET*°^±GED),			n²³� 0 

Table 3.3: Formulation of maximum deviations. 

The maximum deviations in Table 3.3 determine the mean and variance.  

𝜇&',&*ET*°^±GED),n²³�,ªTA*«DJ =
∑ 𝑀𝐷𝐷,𝑀𝑜𝑠𝑐𝑜𝑤−𝐵𝑎𝑠𝑒𝑙,𝑇𝐿𝑋2�
'¢u

5 = 0,87	 
𝜎&',&*ET*°^±GED),n²³�,ªTA*«DJ� = 0,563 
 
Each product reacts different to the uncertainties in maximum deviation. Therefore, the 
decision maker sets an uncertainty tolerance percentage. The uncertainty tolerance percentage 
determines a one-sided confidence interval. The one-sided confidence interval will result in 
the mean deviation used for further calculations. Since the decision maker will only care 
about a high maximum deviation, the research considers a one-sided interval. 
 
Uncertainty tolerance percentage Mean maximum deviation 
99% 2,62016581 
95% 2,108630743 
90% 1,835933292 

Table 3.4: Example of how to estimate the mean maximum deviation based on the uncertainty tolerance percentages. 

The formula for the maximum deviation changes to include the uncertainty tolerance. 
 
𝑀𝐷mno,),*,+ = 𝑁𝑜𝑟𝑚. 𝐼𝑛𝑣	(𝑈𝑇𝑃, 𝜇&',),*,+, 𝜎&',),*,+)		 
𝑀𝐷�,�,&*ET*°^±GED),n²³�,ªTA*«DJ = 1,84 
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4. Estimating the costs of packaging options 
The last factor from the decision-making diagram (Figure 1.2) for the packaging option 
choice is the cost of a cover option. A small introduction of the transport process clarifies 
what costs affect the packaging option choice.  
 
Transport process 
Multiple actors take part in the transport process. The main responsible actor for the entire 
transport process is the pharmaceutical shipper. Another actor in the transport process is the 
carrier, whom manages the actual traveling of the product. The last actor handles the cross-
docking of the product. Examples of persons responsible for this part are the warehouse 
operator, ground handling agent and station operator. 
 
These different actors will charge costs for every additional effort done. Adding a packaging 
option to the product might lead to the following expenses: 
 

- Handling costs for applying the packaging option. 
- Purchase costs of the packaging option. 
- Additional costs due to carrying extra weight or volume. 

 
The first two costs are internal packaging costs and charged by the actor that applies the 
thermal blankets while the carrier will charge the additional fees due to extra weight. 
(Sachsse, 2017) 
 
Table 4.1 uses two thermal blanket covers to illustrate the costs, chapter 2.2.6 created forecast 
models for the same covers. 
 

Type 
Purchase 
Costs  

Handling 
Costs  

Chargeable 
Weight 

Chargeable 
Volume 
Weight 

Air Service 
Costs per 
KG  

Additional 
Weight 
Costs  Total Costs  

Thermal Blanket 
Standard  €    10,00   €    15,00  278,4 gram 80 gram  €        0,20   €       0,06   €    25,06  
Thermal Blanket 
Extreme  €  100,00   €    45,00  1680 gram 800 gram  €        0,20   €       0,34   €  145,34  

Table 4.1: Overview of costs for the standard and extreme thermal blankets. 

The purchase and handling costs are straightforward. However, the additional weight costs 
need an explanation when calculating the thermal blanket cost. 
 
A thermal blanket has a certain gram per square meter (GSM), this value reflects the weight 
per area of the thermal blanket. Every packaging option has a different GSM based on the 
materials used and the thickness. (Faridul Hasan, 2015)  
 
When using a thermal blanket to a pallet (height of 1.20 meters), the person applying the 
packaging option will cover five sides. He or she does not include the bottom of the package 
due to high extra handling costs. Covering the bottom needs an entire rebuilt of the pallet. 
Thus, the packaging option covers five sides with an area of 0,96 m2.  
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The area covered estimates two metrics used to come up with the additional weight costs. 
 
The extra chargeable weight 
The area covered together with the GSM determine the extra weight. The GSM for the 
standard thermal blanket is equal to 58 while the GSM of the extreme thermal blanket is 350. 
Thus, the chargeable weight for the Standard cover is equal to. 
 
𝐸𝑥𝑡𝑟𝑎	𝑤𝑒𝑖𝑔ℎ𝑡* = 	𝐺𝑆𝑀* ∗ 𝑆𝑖𝑑𝑒𝑠	𝑡𝑜	𝑏𝑒	𝑐𝑜𝑣𝑒𝑟𝑒𝑑 ∗ 𝐴𝑟𝑒𝑎	𝑜𝑓𝑠𝑖𝑑𝑒𝑠	𝑡𝑜	𝑏𝑒	𝑐𝑜𝑣𝑒𝑟𝑒𝑑	 
𝐸𝑥𝑡𝑟𝑎	𝑤𝑒𝑖𝑔ℎ𝑡¶AG@CGJC	T*·DJ = 	58 ∗ 5 ∗ 0,96 = 278,4	𝑔𝑟𝑎𝑚 
 
The extra chargeable volume 
The area combined with the thickness of the packaging option estimate the extra volume of 
the packaging option. The thickness of the Standard cover is equal to 1 centimeter whereas, 
the Extreme cover is 10 centimeters thick. 
 
𝐸𝑥𝑡𝑟𝑎	𝑐ℎ𝑎𝑟𝑔𝑒𝑎𝑏𝑙𝑒	𝑣𝑜𝑙𝑢𝑚𝑒* =	𝑇ℎ𝑖𝑐𝑘𝑛𝑒𝑠𝑠* ∗ 𝑆𝑖𝑑𝑒𝑠	𝑡𝑜	𝑏𝑒	𝑐𝑜𝑣𝑒𝑟𝑒𝑑 ∗ 𝐴𝑟𝑒𝑎	𝑜𝑓𝑠𝑖𝑑𝑒𝑠	𝑡𝑜	𝑏𝑒	𝑐𝑜𝑣𝑒𝑟𝑒𝑑 
𝐸𝑥𝑡𝑟𝑎	𝑐ℎ𝑎𝑟𝑔𝑒𝑎𝑏𝑙𝑒	𝑣𝑜𝑙𝑢𝑚𝑒¶AG@CGJC	T*·DJ = 	0,01 ∗ 5 ∗ 0,96 = 0,048	𝑐𝑢𝑏𝑖𝑐	𝑚𝑒𝑡𝑒𝑟𝑠 
 
Both metrics can lead to additional costs, which one causes additional costs results from a 
formula provided by American Export Lines. Dividing the number of cubic centimeters by 
6000 translates cubic centimeters to kilograms. Since the extra chargeable weight is in grams, 
the volume divided by six calculates the number of grams. 

𝐸𝑥𝑡𝑟𝑎	𝑤𝑒𝑖𝑔ℎ𝑡	𝑏𝑎𝑠𝑒𝑑	𝑜𝑛	𝑣𝑜𝑙𝑢𝑚𝑒¶AG@CGJC	T*·DJ =
480
6

= 80	𝑔𝑟𝑎𝑚	 

 
The carrier compares the actual chargeable weight to the chargeable weight due to volume. 
The highest value represents the additional weight costs. Table 4.1 uses the actual weight 
since this is higher than the volume weight. (Shipit, 2016) 
 
𝑊* = 𝐴𝑐𝑡𝑢𝑎𝑙	𝑒𝑥𝑡𝑟𝑎	𝑐ℎ𝑎𝑟𝑔𝑒𝑎𝑏𝑙𝑒	𝑤𝑒𝑖𝑔ℎ𝑡	𝑓𝑜𝑟	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜.	 
 
𝑊* 	=	 s

𝐸𝑥𝑡𝑟𝑎	𝑤𝑒𝑖𝑔ℎ𝑡	𝑏𝑎𝑠𝑒𝑑	𝑜𝑛	𝑣𝑜𝑙𝑢𝑚𝑒*		𝑖𝑓	𝐸𝑥𝑡𝑟𝑎	𝑤𝑒𝑖𝑔ℎ𝑡	𝑏𝑎𝑠𝑒𝑑	𝑜𝑛	𝑣𝑜𝑙𝑢𝑚𝑒* > 𝐸𝑥𝑡𝑟𝑎	𝑤𝑒𝑖𝑔ℎ𝑡*
𝐸𝑥𝑡𝑟𝑎	𝑤𝑒𝑖𝑔ℎ𝑡*																																					𝑖𝑓	𝐸𝑥𝑡𝑟𝑎	𝑤𝑒𝑖𝑔ℎ𝑡* 	≥ 𝐸𝑥𝑡𝑟𝑎	𝑤𝑒𝑖𝑔ℎ𝑡	𝑏𝑎𝑠𝑒𝑑	𝑜𝑛	𝑣𝑜𝑙𝑢𝑚𝑒*

 
 
When calculating the costs for passive and active packaging options, the supplier often 
provides the volume and weight. 
 
The cost formula:  
𝐴𝑆𝐶 = 𝐴𝑖𝑟	𝑠𝑒𝑟𝑣𝑖𝑐𝑒	𝑐𝑜𝑠𝑡	𝑝𝑒𝑟	𝑎𝑑𝑑𝑖𝑡𝑖𝑜𝑛𝑎𝑙	𝑘𝑖𝑙𝑜𝑔𝑟𝑎𝑚. 
𝐶* = 𝐶𝑜𝑠𝑡	𝑜𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜. 
𝐻*,) = 𝐻𝑎𝑛𝑑𝑙𝑖𝑛𝑔	𝑐𝑜𝑠𝑡	𝑜𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜	𝑑𝑢𝑟𝑖𝑛𝑔	𝑙𝑎𝑛𝑒	𝑙.	 
𝑃* = 𝑃𝑢𝑟𝑐ℎ𝑎𝑠𝑒	𝑐𝑜𝑠𝑡	𝑜𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜. 
𝑊* = 𝐴𝑐𝑡𝑢𝑎𝑙	𝑒𝑥𝑡𝑟𝑎	𝑐ℎ𝑎𝑟𝑔𝑒𝑎𝑏𝑙𝑒	𝑤𝑒𝑖𝑔ℎ𝑡	𝑓𝑜𝑟	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜.	 
 
𝐶* =	𝑃* + 𝐻*,) +𝑊* ∗ 𝐴𝑆𝐶 
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5. Optimizing packaging options and switching 
moments 

Previous chapters create several separated measurements for the quality of a packaging option 
when using a certain lane during a specific period. The measurements reflect factors from the 
decision-making diagram for packaging options (Figure 1.2). This chapter illustrates how 
optimization methods combine the different factors in one model. 
 
Figure 5.1 depicts the relations of different factors studied in the research. 

 
Figure 5.1: Illustration of how the optimization incorporates different decision factors. 

The two objectives resulting from the research are the quality score of the packaging option, 
expressed in maximum deviation and the cost of the packaging identified in chapter 4. These 
two objects are conflicting while a more expensive packaging option is likely to score better 
on the quality. Multi-Objective optimization (MOO) can optimize two conflicting objectives. 
Multi-objective optimization (MOO) is an area of multi-criteria decision-making and has 
tremendous practical importance since almost all real-world optimization problems contain 
multiple conflicting objectives. (Deb, 2014)  
 
In this research, the conflicting objectives are costs and maximum deviation between the 
inside temperature and the product temperature limits (quality score of packaging option). 
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5.1 Multi-objective optimization for switching between packaging 
options 

 
This part describes a specific multi-objective optimization problem for the pharmaceutical 
industry. The problem might be comparable to other issues within the cold supply chain. 
 
The description below formulates the earlier described problem once more. 
 
Pfizer need their drug delivered to Moscow from Basel for an entire year. The drug 
manufacturer contacts a freight forwarder to handle this transportation. The freight 
forwarder has to identify different lanes from Basel to Moscow and the best packaging 
options to use. For all lanes the freight forwarder should address the factors from the 
decision-making diagram. The freight forwarder can only switch between different packaging 
options twice in a year. 
 
The challenge of the industry described above is investigating the switching moment of the 
packaging option. In reality, the industry uses two packaging options during the entire year. 
This means that every month between the first switching moment and the second uses an 
expensive packaging option, while the ground handling agent applies a relatively cheap 
packaging option before the first switching moment and after the second switching moment. 
 
This process is comparable to switching car tires. Many people change from summer to winter 
tires when the temperature decreases. People do not use a general switching moment, the 
moment of switching depends on preferences. However, the effect of switching at the right 
time can be crucial (car accidents). The pharmaceutical industry is comparable and does not 
use a general rule on the switching moment. However, the switching moment can have much 
impact on the temperature excursions. 
 
During each month, the research expects the same amount of shipments of the product. 
The report choses the moments of when to switch at start of the year. 
 
Identifying the optimization problem starts with identifying the decision variables, objective 
functions and constraints. 
5.1.1 Optimization model 
Objective function 

𝐹u =
∑ ∑ ∑ |¹,º∗|»,º∗	¼»

½
¹��

®
»��

¾
º��

n
	            (2.1) 

𝐹� =
∑ ∑ ∑ |¹,º∗|»,º∗	&'¿¾À,¹,»,º

½
¹��

®
»��

¾
º��

n
      (2.2) 

Decision variables 
𝑥*,+ = s 1	, 𝑖𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜	𝑖𝑠	𝑢𝑠𝑒𝑑	𝑑𝑢𝑟𝑖𝑛𝑔	𝑚𝑜𝑛𝑡ℎ	𝑚.

0, 𝑖𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜	𝑖𝑠	𝑛𝑜𝑡	𝑢𝑠𝑒𝑑	𝑑𝑢𝑟𝑖𝑛𝑔	𝑚𝑜𝑛𝑡ℎ	𝑚.    (2.3) 

𝑥),+ = s 1	, 𝑖𝑓	𝑙𝑎𝑛𝑒	𝑙	𝑖𝑠	𝑢𝑠𝑒𝑑	𝑑𝑢𝑟𝑖𝑛𝑔	𝑚𝑜𝑛𝑡ℎ	𝑚.
0, 𝑖𝑓	𝑙𝑎𝑛𝑒	𝑙	𝑖𝑠	𝑛𝑜𝑡	𝑢𝑠𝑒𝑑	𝑑𝑢𝑟𝑖𝑛𝑔	𝑚𝑜𝑛𝑡ℎ	𝑚.      (2.4) 

1 ≤ 𝑆𝑊1 ≤ 𝑇           (2.5) 
1 ≤ 𝑆𝑊2 ≤ 𝑇           (2.6) 
0 < 𝑈𝑇𝑃 ≤ 1                       (2.7) 
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Formulas for objective function 
𝐶* =	𝑃* + 𝐻*,) +𝑊* ∗ 𝐴𝑆𝐶         (2.8) 
𝑀𝐷mno,),*,+ = 𝑁𝑜𝑟𝑚. 𝐼𝑛𝑣	(𝑈𝑇𝑃, 𝜇&',),*,+, 𝜎&',),*,+)		     (2.9) 
 
Constraints 
∑ 𝑥),+
K
)¢u = 1						𝑓𝑜𝑟	𝑚 = [1, . . . , 𝑇]                   (2.10) 

∑ 𝑥*,+@
*¢u = 1						𝑓𝑜𝑟	𝑚 = [1, . . . , 𝑇]                   (2.11) 

 
∑ 𝑥*,+ +	∑ 𝑥𝑜,𝑚𝑇

𝑚=𝑆𝑊2+1 =¶Áu
+¢u

s 0, 𝑖𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜	𝑖𝑠	𝑛𝑜𝑡	𝑢𝑠𝑒𝑑	𝑢𝑛𝑡𝑖𝑙	𝑠𝑤𝑖𝑡𝑐ℎ𝑖𝑛𝑔	𝑚𝑜𝑚𝑒𝑛𝑡.
𝑇 − (𝑆𝑊2) + 𝑆𝑊1,					𝑖𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜	𝑖𝑠	𝑢𝑠𝑒𝑑	𝑢𝑛𝑡𝑖𝑙	𝑠𝑤𝑖𝑡𝑐ℎ𝑖𝑛𝑔	𝑚𝑜𝑚𝑒𝑛𝑡.			              (2.12) 

𝑓𝑜𝑟	𝑜 = [1,… , 𝑛] 
 
∑ 𝑥*,+ =¶Á�
+¢¶ÁuPu

s 0, 𝑖𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜	𝑖𝑠	𝑛𝑜𝑡	𝑢𝑠𝑒𝑑	𝑢𝑛𝑡𝑖𝑙	𝑠𝑤𝑖𝑡𝑐ℎ𝑖𝑛𝑔	𝑚𝑜𝑚𝑒𝑛𝑡.
(𝑆𝑊2) − (𝑆𝑊1),					𝑖𝑓	𝑝𝑎𝑐𝑘𝑎𝑔𝑖𝑛𝑔	𝑜𝑝𝑡𝑖𝑜𝑛	𝑜	𝑖𝑠	𝑢𝑠𝑒𝑑	𝑢𝑛𝑡𝑖𝑙	𝑠𝑤𝑖𝑡𝑐ℎ𝑖𝑛𝑔	𝑚𝑜𝑚𝑒𝑛𝑡.																																	(2.13) 

𝑓𝑜𝑟	𝑜 = [1,… , 𝑛]  
𝑇 = 12                       (2.14) 
𝑆𝑊1 = 	ℕ�                      (2.15) 
𝑆𝑊2 = 	ℕ�                      (2.16) 

 
5.1.2 Description of the optimization model for switching moment problem 
Section 5.1.1 formalizes the optimization model, this chapter will justify each formula used in 
the optimization model. 
 
The most important formulas are (2.3), (2.4), (2.5), (2.6) and (2.7), these formulas describe 
the decision variables. When month 𝑚 uses packaging option 𝑜 formula (2.3) results in a 
value of one for packaging option 𝑜. If month 𝑚 uses a specific lane formula (2.4) results in a 
value of one for this lane. When a freight forwarder does not use certain packaging options 
and lanes formulas (2.3) and (2.4) will be equal to zero for these packaging options and lanes. 
Thus, if the first month uses the Standard cover, then [𝑥𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑	𝑐𝑜𝑣𝑒𝑟,1 = 1]. Formulas (2.5) and 
(2.6) describe the possibilities of the switching moments. The switching moments are positive 
integers (constraint in formulas 2.15 and 2.16) between 1 and 𝑇. All months until the first 
switching moment use packaging option A, the months between the first and second 
switching moment utilize packaging option B. The decision maker sets the uncertainty 
tolerance percentage, formula (2.7) assures the usage of a valid percentage. 
 
The decision variables decide on the usage of a certain lane and packaging option. Each lane 
and packaging option result in different objective function outcomes. The objective functions 
multiply the decision variables by each other (𝑥),+ ∗ 𝑥*,+). The Evolutionary excel solver 
calculates the optimal solution for the optimization model, however the solver is not able to 
work with both of these decision variables. Therefore, the solver works with 𝑥),*,+, which is 
one if the freight forwarder uses both, lane 𝑙 and packaging option 𝑜.  
 
Thus, the function only considers the cost and maximum deviation value when month 𝑚 uses 
lane 𝑙 and packaging option 𝑜. The objective functions divided by 𝑇 estimate the mean values 
for a month. 
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Formulas (2.8) and (2.9) calculate the objective values for the different packaging options and 
lane combinations. Formula (2.8) results from the cost calculations in chapter 4, while chapter 
2.1 defines formula (2.9) to calculate the maximum deviation. Formula (2.9) utilizes the 
results of the forecast model (𝑦A,),*) from chapter 2.2. The optimization model does not 
mention the formulas for the forecast model to keep the model understandable, for further 
details see chapter 2.2. 
 
Formulas (2.10) and (2.11) ensure that every month uses one packaging option and one lane.  
 
The problem description mentions that the freight forwarder can only switch between 
different packaging options twice a year. Formulas (2.12) and (2.13) reflect this restriction, 
formula (2.12) assures that the freight forwarder uses packaging option A from the first to the 
second switching month. Formula (2.13) makes sure that every month after switching moment 
two until switching month one use packaging option B. An example illustrates how the 
constraints in formulas (2.12) and (2.13) work. 
 
Assume a freight forwarder switches in March and October based on climate conditions. The 
freight forwarder uses packaging option 1 for the cold period and packaging option 2 for the 
hot period. [𝑆𝑊1 = 3, 𝑆𝑊2 = 10]  
 
𝑜 = 1 2 

𝑥*,u				(𝑚 = 1) 1 0 
𝑥*,�				(𝑚 = 2) 1 0 
𝑥*,�				(𝑚 = 3) 1 0 
𝑥*,�				(𝑚 = 4) 0 1 
𝑥*,�				(𝑚 = 5) 0 1 
𝑥*,�				(𝑚 = 6) 0 1 
𝑥*,�				(𝑚 = 7) 0 1 
𝑥*,�				(𝑚 = 8) 0 1 
𝑥*,�				(𝑚 = 9) 0 1 
𝑥*,u�				(𝑚 = 10) 0 1 
𝑥*,uu				(𝑚 = 11) 1 0 
𝑥*,u�				(𝑚 = 12) 1 0 

¡𝑥*,+ +	 ¡ 𝑥𝑜,𝑚
𝑇

𝑚=𝑆𝑊2+1

=		
¶Áu

+¢u

 5 0 

¡ 𝑥*,+ =		
¶Á�

+¢¶ÁuPu

 0 7 
Table 5.1: Example calculations for constraint (2.12) and (2.13) of the optimization model. 

Table 5.1 shows that formula (2.12) is equal to [𝑇 − 𝑆𝑊2+ 𝑆𝑊1 = 5]	or [0]. Formula (2.13) is 
equal to [𝑆𝑊2 − 𝑆𝑊1 = 7] or [0]. 
 
As mentioned above the freight forwarder can switch twice a year, resulting in 𝑇 being equal 
to 12 months (formula 2.14).  
 
Formula (2.9) uses the uncertainty tolerance percentage to estimate the maximum deviation, 
formula (2.7) assures that the percentage set by the decision maker is a valid percentage. 
However, the minimalization function remains unknown since the objectives return two 
different units. Several methods minimize two different objectives, these methods use the 
decision makers preferences to build a minimization function. 
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The next step is to gather the higher level of information from the decision maker. 
Optimization methods allow the user to state preferences in the form of coefficients, 
exponents, constraints and many others. The research describes two different approaches 
resulting from the literature (Sanchis, Martinzed, & Blasco, 2008): 
 

- A posteriori method: the optimization method determines a Pareto front, the decision 
maker adds his or her preferences to find the optimal solution. 

- A priori methods: the decision maker may provide preferences at the begin of the 
search process.  

 
The uncertainty tolerance level is a variable gathered from the decision maker before 
optimizing the problem. 
 
The research describes two a posteriori methods (the weighted sum method and the e-
constraint method) and one a priori method (the goal programming method). All methods 
have a different way of implementing the decision makers preferences. Chapter 5.5 concludes 
with the benefits and drawbacks of each optimization method. 
 
5.2 Weighted sum method 
The weighted sum method uses the guideline below to come to the optimal solution. 

 
Figure 5.2: Flow of information and optimization to the optimal solution when using the weighted sum method. 

While chapter 5.1.1 already describes the multi-objective optimization, step 2 is next. The 
decision maker (freight forwarder) provides the higher level of information. The importance 
vectors result from the higher level of information. Using the importance vectors on a Pareto 
front determines the optimal solution. An example will illustrate the possible solutions and the 
Pareto front.    
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Example 1. 
The example uses the problem described in chapter 1.2. Thus, the origin is Basel, and the 
destination is Moscow. The freight forwarder can use the packaging options provided in 
Table 5.2 (n = 6).  
 
For the Standard and Extreme cover Table 2.3 provides the forecast model. For the other 
packaging options the forecast model changes based on the ranking. The PCM cover provides 
better protection compared to the Extreme cover while TLX2 offers the worst protection.  
 Ranking 
Standard Cover 3 
Extreme Cover 5 
TLX4 2 
TLX2 1 
TLX6 4 
PCM Cover 6 

Table 5.2: Ranking of different packaging options. 

The figure below illustrates three lanes (g=3). The decision maker sets the uncertainty 
tolerance percentage at 90% (UTP = 0,9). 
 

 

 

 
Figure 5.3: Example lanes used by the freight forwarder when transporting from Basel to Moscow. 
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Figure 5.4 shows the results on the mean maximum deviation, the mean costs and the Pareto 
front for the example.  
 

  
Figure 5.4: Scatterplot of results on both objective functions.  

Describing several data points from the scatter plot above increases the understandability of 
the solutions to the objective functions. 
 
The first data point described is the most left blue circle [23,81;3,05]. The mean costs are 
equal to 23,81 euro. The usage of low-priced packaging options during the entire period 
results in a mean maximum deviation of around 3,05 ̊C.  
 
The second data point is the most right blue circle [152,61;1,67]. To reach a mean maximum 
deviation of 1,67 ̊C, the freight forwarder uses expensive covers during the example period.  
 
The blue circles represent the Pareto front. A solution belongs to the Pareto front if no other 
solution can improve at least one objective without degradation of the other. Thus, in formal 
terms, decision vector 𝑢Ã⃑ = Å𝑢u, 𝑢�,… , 𝑢YÆ

n	is Pareto-dominate to the decision vector 𝑣 =
Å𝑣u, 𝑣�,… , 𝑣YÆ

n, in a minimization context, if and only if (Ngatchou, Zarei, & El-Sharkawi, 
2005): 

∀𝑖 ∈ {1, . . , 𝑁}:	𝑓F(𝑢Ã⃑ ) ≤ 	𝑓F(𝑣)	𝑎𝑛𝑑 
∃𝑗 ∈ {1, . . , 𝑁}:	𝑓É(𝑢Ã⃑ ) < 	𝑓É(𝑣)	𝑎𝑛𝑑 

 
When translating the formulas above to this research, the following statements need to be true 
for a particular decision vector to be dominant. 
 

𝐹u(𝑢Ã⃑ ) ≤ 	𝐹u(�⃑�)	𝑎𝑛𝑑 
𝐹�(𝑢Ã⃑ ) < 	𝐹�(𝑣) 

𝑂𝑟 
𝐹u(𝑢Ã⃑ ) < 	𝐹u(�⃑�)	𝑎𝑛𝑑 
𝐹�(𝑢Ã⃑ ) ≤ 	𝐹�(𝑣)	 
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The resulting set of all Pareto optimal solutions is the Pareto optimal set or Pareto front (blue 
outer circles in Figure 5.4). No single solution of the Pareto front dominates on all 
objectives, the decision makers' preferences identify an optimal solution. 
 
Step 3 of Figure 5.2 is to estimate the relative importance vector. This step is essential for the 
optimal solution. The solution depends on multiple factors, one of them is the relative 
magnitude of the objective functions. When setting the weights, the aim should be on the 
relative importance of the objectives, not the relative magnitudes of the function values. Due 
to this misunderstanding, a function-transformation can be helpful. Example two supports the 
above-mentioned reasoning. (Deb, 2014) 
 
Example 2 
Consider minimizing two objective functions, where function one is the mean maximum 
deviation, which ranges between 5 and 15 ̊C. Where function two are the mean costs and 
ranges between 0 and 140. 
 
Suppose that the mean maximum deviation is twice as valuable as costs, 𝑤𝑒𝑖𝑔𝑡ℎu= 1 and 
𝑤𝑒𝑖𝑔𝑡ℎ�= 2. However, given the outcomes of the objective functions, costs would still 
dominate the weighted sum, and the use of 𝑤𝑒𝑖𝑔ℎ𝑡�= 2 becomes irrelevant. The cost 
dominating the maximum deviation shows that the magnitudes of the objective functions 
affect the determination of the weights. 
 
The value of an objective weight is significant not only relative to other weights but also 
relative to its corresponding function. Dividing the objective functions by their respective 
maxima solves this problem. Via this way, the values become normalized, while they both 
range between zero and one. 
 
The following function normalizes the objective values. 

𝑧U@*J+ =
𝑧U
𝑧U+G|

 

𝑧U+G|, 𝑖𝑠	𝑡ℎ𝑒	𝑚𝑎𝑥𝑖𝑚𝑢𝑚	𝑣𝑎𝑙𝑢𝑒	𝑜𝑓	𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛	𝑘 

𝑘 = 	 s𝑧u = 𝐹u		𝑖𝑓	𝑘 = 1
𝑧� 	= 𝐹�	𝑖𝑓	𝑘 = 2 

 
The research continues to estimate the relative importance weights. The weights will reflect 
the objective-importance, however, defining these weights can differ. This part describes, 
several examples of how to determine the weights (Marler R. & Arora, 2009): 
 
Rating methods 
In this method, the decision-maker assigns independent values of relative importance to each 
objective function. The best known-rating method concerns the constant sum approach. When 
using the constant sum approach each respondent receives, for example, a hundred points 
which he or she may distribute over the objectives. In such a way that the number reflects its 
importance. (Voogd, 1982) 
 
Complete ranking  
This method ranks objective functions. These rankings represent units on a cardinal scale. 
Standardizing the rank orders finds the weight. 

𝑤𝑒𝑖𝑔𝑡ℎU = 	
𝐷𝑒𝑔𝑟𝑒𝑒	𝑜𝑓	𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒U
∑𝐷𝑒𝑔𝑟𝑒𝑒	𝑜𝑓	𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 
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This method is straightforward which makes using this method attractive. However, the 
accuracy of this method decreases with the increase in the number of objectives. 
Investigations prove that respondents can discriminate about seven items. Situations with over 
seven items mostly use partial ranking (Voogd, 1982) 
 
Partial ranking (Categorization methods) 
This ranking method divides the set of objectives into two subsets: the critical objectives and 
the less critical objectives. The same subdivision repeats for each of these subsets until the 
resulting subsets have a reasonable size. Next, the ranking method asks the respondent to rank 
the criteria of each subset in a way similar to the complete ranking (Voogd, 1982). 
 
Ratio questioning  
Also known as paired comparison methods, provide systematic means to rate objective 
functions by comparing two objectives at a time. Zeros and ones fill the paired comparison 
matrix where a one represents a more critical objective. Adding these values over the columns 
obtains a measure for the degree to which an object is essential compared to all other 
objectives. Standardizing these objectives uses the same formula as the complete ranking: 
 

𝑤𝑒𝑖𝑔𝑡ℎU = 	
𝐷𝑒𝑔𝑟𝑒𝑒	𝑜𝑓	𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒U
∑𝐷𝑒𝑔𝑟𝑒𝑒	𝑜𝑓	𝑖𝑚𝑝𝑜𝑟𝑡𝑎𝑛𝑐𝑒 

 
While dividing through the sum of all degree of importance’s ∑𝑤𝑒𝑖𝑔𝑡ℎU = 1 will be correct.  
 
The next step is to set the single objective optimization problem. 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒	𝐹 = 𝑤𝑒𝑖𝑔𝑡ℎu ∗	𝑧u@*J+ +	𝑤𝑒𝑖𝑔𝑡ℎ� ∗	𝑧�@*J+ 
The last step is solving the single objective optimization problem, the example shows how to 
optimize the problem and come to the optimal solution. 
 
Example 3 
The example uses the information from example 1, thus (g = 3, n = 6, T = 12 and UTP = 0,9). 
A higher level of information results in a focus of 80% on risk and 20% on costs, the different 
options result in the following single objective outcomes. 

Packaging 
Option A 

Packaging 
Option B SW1 SW2 Lane 

Mean 
Cost 

Mean 
maximum 
deviation 

Single objective 
function value 

Standard Cover TLX4 1 8 1 23,60 3,05 0,1764 
Standard Cover TLX4 1 9 1 23,39 3,07 0,1769 
Standard Cover TLX4 1 10 1 23,18 3,16 0,1809 
Standard Cover TLX4 1 11 1 22,97 3,19 0,1821 
Standard Cover TLX4 1 12 1 22,76 3,19 0,1820 
Standard Cover TLX4 2 8 1 23,81 3,05 0,1767 
Standard Cover TLX4 2 9 1 23,60 3,07 0,1772 
Standard Cover TLX4 2 10 1 23,39 3,16 0,1812 

Table 5.3: Results of the optimization problem resulting from example 3. 

The last step is identifying the optimal solution, the table above provides several solutions. 
The evolutionary solver finds the optimal solution for this problem. The optimal solution from 
Table 5.3 provides a plan on which months to switch to specific packaging options. 
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The optimal solution in Table 5.3 identifies using a Standard cover from September until 
January is beneficial. From February to August the TLX4 cover provides enough safety 
regarding the temperature exposure. The freight forwarder uses lane one (directly from Basel 
to Moscow) for the entire year. 
 
When using the weighted sum method, little knowledge of the objectives is necessary. The 
decision maker sets the weights mostly based on ranking, no knowledge about the outcomes 
for the objectives is necessary to rank the objectives. Compared to the methods described next 
this is the main benefit. However, the main drawback is the amount of influence the decision 
maker has on the optimal solution. Optimizing the problem with help of the weights might 
still lead to a non-satisfactory solution. 
 

5.3 e -constraint method 
The second method determining the optimal solutions is the e-constraint method, also known 
as the trade-off method. This method choses one objective function to minimize or maximize 
(in this research minimized), while imposing constraints on the remaining objective functions 
(𝑐�). This method is valuable to the industry if decision-makers have a strict policy for an 
objective function. The formulas below show the objective function and the constraint added 
for this method. The minimization function focusses on the costs while keeping the maximum 
deviation under a particular value is crucial for the pharmaceutical industry (Bouchekara & 
al., 2014). 
 
Minimization function 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒	𝐹 = 𝐹u 
 
Constraint 

𝐹� 	≤ 	 𝑐� 
 
In this method, the constraint for the maximum deviation (𝑐�) reflects the preferences of the 
customer. Other variables, constraints and objective functions do not differ from chapter 
5.1.2. 
 
Example 4 
This example uses the same information as example 1, thus (g = 3, n = 6, T = 12 and UTP = 
0,9). The decision maker estimates the constraint for maximum deviation at 2 degrees (c� =
2). 

Packaging 
Option A 

Packaging 
Option B SW1 SW2 Lane 

Mean 
Cost 

Mean 
maximum 
deviation 

Single 
objective 
function value 

Extreme Cover Standard Cover 3 8 1 95,22 1,85 95,22 
Extreme Cover Standard Cover 3 9 1 85,20 1,89 85,20 
Extreme Cover Standard Cover 3 10 1 75,18 1,97 75,18 
Extreme Cover Standard Cover 3 11 1 65,15 2,17 NAV 
Extreme Cover Standard Cover 3 12 1 55,13 2,42 NAV 
Extreme Cover Standard Cover 4 8 1 105,25 1,73 105,25 
Extreme Cover Standard Cover 4 9 1 95,22 1,78 95,22 
Extreme Cover Standard Cover 4 10 1 85,20 1,86 85,20 

 Table 5.4: Results of the optimization problem resulting from example 4. 
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The optimal solution for this example is to use the Extreme cover from November to April, in 
April it is beneficial to change to the Standard cover. During the entire year the freight 
forwarder utilizes lane one (directly from Basel to Moscow). 
 
The main drawback of this method is how it obtains the preferences of the decision maker. 
The e-constraint method implements the decision makers preferences via constraints. 
However, to come up with a well reflective constraint, the decision maker should know what 
the possible objective functions outcomes are. Using the e-constraint method provides two 
main benefits. The decision maker has more influence on the optimal solution. Besides, no 
normalizations of the objective functions are necessary 
 
5.4 Goal programming method 
This method is an ‘a priori' method, hence the decision maker provides the preferences before 
creating the optimization. The preferences of the decision maker result in a unique Pareto 
front. In this method, the designer or decision maker wants each object to attain a pre-
specified goal. The goal programming method minimizes the deviations between the objective 
results and their respective goals. The minimization function used in this method takes the 
form of a distance. During this method, normalizing elements before calculating their 
deviations is crucial. (Bouchekara & al., 2014) 
 
This method starts by identifying the goals for the objectives (cost and maximum deviation). 

𝑔𝑜𝑎𝑙 = 	 [𝑔𝑜𝑎𝑙u, 𝑔𝑜𝑎𝑙�] 
 
Next, the method normalizes the goals, dividing the goal by the maximum value of the 
objective function normalizes the goal. 

𝑔𝑜𝑎𝑙U@*J+ =
𝑔𝑜𝑎𝑙U
𝑧U+G|

 

The next variables describe the distances between the pre-specified goal and the actual data 
points. 

𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒P = 	 [𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒uP, 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒�P] 
𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒^ = 	 [𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒u^, 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒�^] 

 
The goal programming method requires a new minimization function, normalization function 
and two extra constraints. Variables not mentioned do not change compared to the 
optimization model from chapter 5.1.2.  

𝑀𝑖𝑛¡𝑤𝑒𝑖𝑔𝑡ℎU ∗ (	𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒UP 	∨ 	𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒U^ ∨	𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒UP +	𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒U^)
�

U¢u

	 

𝑧U@*J+ =
𝑧U
𝑧U+G|

 

𝑘 =	 s𝑧u = 𝐹u		𝑖𝑓	𝑘 = 1
𝑧� 	= 𝐹�	𝑖𝑓	𝑘 = 2 

𝑧U+G|, 𝑖𝑠	𝑡ℎ𝑒	𝑚𝑎𝑥𝑖𝑚𝑢𝑚	𝑣𝑎𝑙𝑢𝑒	𝑜𝑓	𝑜𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒	𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛	𝑘 
 
Constraints 

𝑧U@*J+(𝑥) + 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒U^ − 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒UP = 	𝑔𝑜𝑎𝑙U@*J+	 
 

𝑑U^ − 𝑑UP ≥ 	0 
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Three optimization options are visible in the minimization function, which option to use 
depends on the desired goal. The table below provides more information on this subject. 
(Marler & Arora, 2004) 
 
Case Deviation value Combination of 

variables to 
minimize 

The ith objective function is allowed to 
be greater than or equal to the goal i. 

Positive 𝑑UP 

The ith objective function is allowed to 
be smaller than or equal to the goal i. 

Negative 𝑑U^ 

The ith objective function desired has to 
be equal to the goal i. 

Null 𝑑UP +	𝑑U^ 

Table 5.5: Type of optimization functions to achieve different goals. 

Example 5 
This example uses the same information as example 1 (g = 3, n = 6, T = 12 and UTP = 0,9). 
An individual decision maker set the goal by a cost of 70 euros and a maximum deviation of 
1,7 degrees. The weights assigned are 20% to costs and 80% to risk.   
 

𝑔𝑜𝑎𝑙 = 	 [70; 	1,7] 
 
Since both objective functions will be better when they decrease (lower maximum deviation 
and lower costs) the objective function is to minimize the positive deviation. This information 
leads to the following minimization function. 
 
Minimization function 

𝑀𝑖𝑛¡𝑤𝑒𝑖𝑔𝑡ℎU ∗ (	𝑑𝑘
+)

�

U¢u

 

Constraints 
𝑧U(𝑥) − 𝑑UP 	= 𝑔𝑜𝑎𝑙U@*J+ 

𝑑U^ − 𝑑UP ≥ 	0 

¡𝑤U = 1
�

F¢u

 

 
Figure 5.5 reveals the goal set by the decision maker and the solutions. The optimization does 
not use a weight (or award) for being lower than the goal. Thus, all solutions having a value 
smaller than the goal are equal and result in a distance of 0 for this particular objective 
function.  
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Figure 5.5: Scatter plot of Pareto front, objective function results and goal set by the decision maker. 

Figure 5.5 shows why the goal programming method is an ‘a priori’ method. The goal set by 
the decision maker influences the Pareto front, a different goal will result in a different Pareto 
front. The optimal solution is one of the Pareto front solutions. 
 
After creating Figure 5.5, the objective weights identify the optimal solution. The table 
illustrates the performance of different solutions.  
 

Packaging 
Option A 

Packaging 
Option B SW1 SW2 Lane 

Mean 
Cost 

Mean 
maximum 
deviation 

Single 
objective 
function value 

Extreme Cover Standard Cover 2 12 1 45,11 2,63 0,03 
Extreme Cover Standard Cover 3 8 1 95,22 1,85 0,18 
Extreme Cover Standard Cover 3 9 1 85,20 1,89 0,11 
Extreme Cover Standard Cover 3 10 1 75,18 1,97 0,02 
Extreme Cover Standard Cover 3 11 1 65,15 2,17 0,17 
Extreme Cover Standard Cover 3 12 1 55,13 2,42 0,19 
Extreme Cover Standard Cover 4 8 1 105,25 1,73 0,21 
Extreme Cover Standard Cover 4 9 1 95,22 1,78 0,20 
Extreme Cover Standard Cover 4 10 1 85,20 1,86 0,20 
Extreme Cover Standard Cover 4 11 1 75,18 2,05 0,19 

Table 5.6: Results of the optimization problem resulting from example 5. 

Using the Extreme cover for the cold ambient temperature period (November until March). 
and the Standard cover for the other months when temperature is rising provides the optimal 
solution. The optimal lane does not change compared to previous results, lane one represents 
going directly from Basel to Moscow. 
 
Some situations use a penalty and award system to formulate the weights. Hence, for 
example, having lower costs will have a positive effect. Implying that there should be a 
negative weight (award when minimizing the objective function) attached to being lower than 
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the specified goal. The goal programming method has one primary concern. The goal 
programming method forces the decision maker to have a clear view of the objective space. 
Setting a goal can be hard for the decision maker when not much knowledge is available on 
the objectives. This drawback is a reason for not taking a negative weight (or award) into 
account for being better than the goal. Adding negative weights would make the incorporation 
of the preferences of the decision maker even more difficult. 
 
Thus, as described, the main drawback of this method is the objective function knowledge 
needed to work with this method. A decision maker who desires to have high influence in the 
decision on the packaging options prefers the goal programming method. The goal 
programming method provides the decision maker with the ability to set a goal for both 
objectives instead of a goal for all but one objective (e-constraint method). 

 
5.5 Conclusion on optimization model 
 
Each optimization method requires different knowledge of the objective function outcomes. 
Besides the different knowledge requirements, the influence of the decision maker is different 
for each optimization method. The table below identifies the strengths and weaknesses for 
each optimization method. 
 
Method: Weighted sum e-constraint Goal programming 
Influence of decision maker: Low Medium High 
Knowledge needed: Low Medium High 
Optimization difficulty: Medium Low High 

Table 5.7: Strengths and weaknesses for the different optimization methods. 

The influence of the decision maker reflects the amount of influence a decision maker has on 
the objective functions. When using the weighted sum method, the decision maker cannot set 
any goals for the objective functions. The e-constraint method provides the ability to set 
objective function goals via constraints. Within the goal programming method, the decision 
maker can set a goal for every objective function in the optimization model. 
 
The higher the influence of the decision maker, the higher the knowledge needed on the 
objective functions. A decision maker who prefers the ability to have high influence should 
make sure that the knowledge is available. 
 
The optimization difficulty results from the amount of additions necessary to the optimization 
model before execution of the method is possible. The e-constraint method only needs the 
addition of a constraint, resulting in a low difficulty. The weighted sum method needs the 
normalized values and weights for each objective function. The goal programming method 
has the same additions as the weighted sum plus some extra additions. Therefore, the 
weighted sum method difficulty is medium, and the goal programming difficulty is high. 
  
Based on Table 5.7 a decision maker could select his or her preferred optimization method. 
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6. Sensitivity analysis of the uncertainty tolerance 
percentage 

All examples within the report use the same uncertainty tolerance percentage. However, 
focusing on a different rate influences the solutions. A decision maker anxious for uncertainty 
takes advantages of a higher percentage. The employment of a lower uncertainty tolerance 
percentage could lead to uncertainty reducing situations. In the first situation, the lower 
percentage could promote using a less expensive quality packaging option. The other situation 
could decrease the period of using the higher quality packaging option. Both of these 
situations decrease the mean costs. A lower uncertainty tolerance percentage should cause a 
decrease in mean costs. Performing a sensitivity analysis provides more information on 
whether these situations occur in practice. 
 
The sensitivity analysis tests 99%, 95%, 90% (used for chapter 5) and 75% as uncertainty 
tolerance percentages. 
 
The weighted sum method finds the optimal switching moments, lane and packaging option. 
The sensitivity analysis uses mostly the same values as previous examples. Thus, g = 3, n = 6, 
and T = 12, only the weights and the uncertainty tolerance percentages change (weight1 = 0,1 
and weight2 = 0,9). The change of the weights put more focus on the maximum deviation 
illustrating clearer results for the sensitivity analysis. 
 
For every uncertainty tolerance percentage, a scatter plot of the solutions exhibits the 
objective function results.  
 
Uncertainty tolerance percentage of 99% - [UTP = 0,99] 
Figure 6.1 exhibits the result of the objective functions when using a 99% uncertainty 
tolerance percentage. 

 

Figure 6.1: Solutions when uncertainty tolerance percentage (UTP) = 0,99 
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The optimal solution is using the TLX4 cover from May until September. Other months use 
the Extreme cover. This entire period uses lane one to deliver the products at the destination 
(directly from Basel to Moscow). The high uncertainty tolerance percentage is causing the 
usage of a high-quality packaging option for seven months. The optimal solution has a mean 
cost of 94,18. 
 
Uncertainty tolerance percentage of 95% - [UTP = 0,95] 
Figure 6.2 exhibits the result of the objective functions when using a 95% uncertainty 
tolerance percentage. 
 

 
Figure 6.2: Solutions when uncertainty tolerance percentage (UTP) = 0,95. 

The new solution still uses the same covers for the both periods. However, the period of using 
the Extreme cover decreases to six months (November until April). Only using the high-
quality packaging option for six months reduces the costs. The optimal solution has a mean 
cost of 83,95. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

0

0,1

0,2

0,3

0,4

0,5

0,6

0 0,2 0,4 0,6 0,8 1 1,2

N
or

m
al

ize
d 

m
ea

n 
m

ax
im

um
 d

ev
ia

tio
n

Normalized mean costs

Scatterplot of all solutions and optimal solution when UTP = 
0,95

All solutions Optimal solution



Sensitivity analysis of the uncertainty tolerance percentage 
 

Optimization of Packaging Options in the Cold Supply Chain  
 

59 
 

Uncertainty tolerance percentage of 90% - [UTP = 0,9] 
Figure 6.3 exhibits the result of the objective functions when using a 90% uncertainty 
tolerance percentage. 
 

 

Figure 6.3: Solutions when uncertainty tolerance percentage (UTP) = 0,90. 

When using a 90% uncertainty tolerance percentage the optimal packaging options and 
switching moments do not change compared to the 95% uncertainty tolerance percentage.   
 
Uncertainty tolerance percentage of 75% - [UTP = 0,75] 
Figure 6.4 exhibits the result of the objective functions when using a 75% uncertainty 
tolerance percentage. 

 

Figure 6.4: Solutions when uncertainty tolerance percentage (UTP) = 0,75. 
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A decision maker using an uncertainty tolerance percentage of 75% is relatively uncertainty 
tolerant. The change in percentage results in a shorter period of using the expensive packaging 
option. In Figure 6.4, the optimal solution uses the Extreme cover for five months (January, 
February, March, November and December). The relatively hot period uses the Standard 
thermal blanket to cover the package instead of the TLX4 cover. Even though the hot period 
is using a more expensive cover, the total costs still decrease due to the shorter period of using 
the Extreme cover. 
 
The beginning of the sensitivity analysis raised the following expectation: 
 
“The employment of a lower uncertainty tolerance percentage could lead to uncertainty 
reducing situations. In the first situation, the lower percentage could promote using a less 
expensive quality packaging option. The other situation could decrease the period of using the 
higher quality packaging option. Both of these situations decrease the mean costs. A lower 
uncertainty tolerance percentage should cause a decrease in mean costs.” 
 
The mean cost decreased in all situations except for the 90% tolerance percentage. The 
optimal solution when using a 90% tolerance level is the same as the 95% percentage optimal 
solution. When going from the 99% uncertainty tolerance to 95%, the costs decrease due to a 
shorter period of using the expensive cover. The other decrease (when shifting from 90% to 
75% uncertainty tolerant) is due to the same reasoning, a shorter period of using the Extreme 
cover decreases the total costs. The sensitivity analysis verifies the expectation raised in the 
beginning of the chapter since the costs decrease in most of the situations. 
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7. Conclusions and recommendations 
This chapter will conclude the research and identify possible interesting future topics to 
investigate. 
 
7.1 Conclusions 
Answering every research question provides a summary of the research. 
 

i. What decision factors classify a packaging option? 
a. What exact problem arises from the industry? 

 
While a lot of relating factors influence the decision-making process objective 
decision-making is hard. Evaluating all different factors becomes time-consuming. 
Besides, most factors are conflicting with each other, for example, packaging costs 
and the functioning of a packaging option. The industry experiences difficulties 
when creating unbiased decisions on which packaging option to use. This research 
aims to create an objective optimization for one of the current packaging option 
decisions. The packaging option decision described in this research is the moment 
of switching from one packaging option to another assuming that only two 
switching moments are available in a year.   
 
 

b. How to decide on which packaging option, lane and switching moment to use? 
 
The decision diagram from Figure 1.2 provides a guideline for the packaging 
option decision. The decision-making factors all relate to each other, resulting in a 
complex evaluation process. 
 
 

ii. Level 4 factor: What are the ambient temperatures at different locations? 
 
Every location visited during a lane has different ambient temperatures. The research 
uses collected data on monthly minimum and maximum temperatures for different 
locations. These minimum and maximum temperatures are the basis for an ambient 
temperature profile. Later the research adjusts the ambient temperature profile based 
on uncertainties in the transportation process. Building an ambient temperature profile 
is necessary to estimate the functioning of the packaging option and the ambient 
temperature exposure risk. 
 

iii. Level 3 factors: What aspects influence the selection of the distribution circuit? 
a. “Shipper's concern about the supervision & maintenance requirement during 

transportation.” 
 
The research uses the supervision and maintenance during transportation in two 
ways. On one hand the supervision influences the process times, lower process 
times result in lower ambient temperature exposure. Besides the availability of 
controlled rooms are a supervision and maintenance requirement as well. 
Available controlled rooms reduce the ambient temperature exposure while the 
temperature is constant at a for the product beneficial temperature (in this research 
21°C).  
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b. “Shipper's concern about the reliable functioning of the packaging system during 
transportation.” 
 
A forecast model reflects the functioning of different packaging options. Climate 
room data estimates the parameters of the forecast model. The forecast model 
utilizes the direct/recursive strategy to estimate the inside temperature based on the 
ambient temperature. The ambient temperature profile results from different 
decision-making factors. 
 
 

iv. Level 2 factor: How does uncertainty influence the functioning of a packaging 
option? 
 
a. How does the uncertainty of ambient temperature predictions influence the 

functioning of packaging options? 
 
Temperature forecasts are likely to have a forecast error, the higher the forecast 
error the higher the uncertainty. Higher uncertainty might lead to a higher ambient 
temperature exposure and thus lead to higher risk for the product to reach 
unwanted temperatures. 

 
The maximum and minimum ambient temperatures for each location is modeled 
with normal distribution. The research estimates normal distributions for each 
month and each specific location. The forecast model of the inside temperature 
uses the normal distributions to estimate the ambient temperature during a specific 
month. 
 

b. How does uncertainty of process times (possible delays) influence the functioning 
of packaging options?  
 
The quality management risk score reflects the skills of the employees at a specific 
location. The higher the quality management risk, the higher the uncertainty of 
delay in process times. A gamma distribution estimates the delay. A longer process 
time results in a higher ambient temperature exposure if the execution of a process 
is not in a temperature-controlled environment. The gamma distribution uses fixed 
variables and does not use the quality management risk yet while limited data for 
the process times is available. 
 

v. Level 1 factor: How to calculate the costs of a packaging option? 
 

Every packaging results in different purchase, handling costs and extra transport 
costs. The handling costs represent the amount of workforce hours needed to apply 
the packaging option. The extra transport costs result from either the extra weight 
or the extra volume to be transported due to the packaging option. The purchase 
costs are straightforward and provided by the supplier. 
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vi. How can all these factors contribute to answer the switching moment problem 
resulting from the first research question? 
 

The research identifies a multi-objective optimization problem to evaluate the 
packaging option decision in a less time-consuming way. The weighted sum, e-
constraint and goal programming method identify the optimal solutions for the 
multi-objective optimization problem. This research uses different methods to 
identify an optimal solution for which moment to switch, what packaging option to 
use and what lane to utilize. Every optimization method differently incorporates 
the preferences of the decision maker. Thus, every decision maker prefers a 
different method based on the benefits and drawbacks discovered during the 
research.  

 
7.2 Recommendations 
The recommendations section describes some report specific recommendations as well as 
possible future research recommendations. 
 
Gathering uncertainty tolerance level of decision makers  
Chapter 3 identifies uncertainties within the logistic process. Each of these have impact on the 
ambient temperature exposure and thus on the inside temperature. Uncertainty plays a 
significant role in assessing the risk. Knowing the uncertainty tolerance of the customer is a 
priority when selecting packaging options and lanes. The sensitivity analysis (chapter 6) 
illustrates how the uncertainty tolerance level of a decision maker might change the entire 
lane and packaging selection process. Gathering information on the uncertainty tolerance 
level would provide a better solution for the decision maker. Estimating which packaging 
option is best to use will be hard without knowing the uncertainty tolerance level of the 
decision maker. 
 
Ranking of packaging options 
Table 5.2 illustrates a simple ranking table for different thermal covers. Having an objective 
ranking of varying packaging options is beneficial for the research. The Validaide platform 
works with professionals in the industry, using the professionals to generate multiple rankings 
creates an objective overview of the different packaging options. The more professionals 
involved, the stronger the ranking. This entire process will cause a broad ranked list of 
different packaging options. 
 
Having a lot of ranked packaging options makes data analysis for a new to the market 
packaging option not immediately necessary. Estimating the rank of the new packaging option 
based on several expert opinions provides a first impression on the reliable functioning of the 
packaging option.  
 
For example, assume having a list of twenty different ranked packaging options. One of the 
suppliers brings a new packaging option to the market. Estimating the rank based on different 
expert opinions provides a ranking between for example the TLX2 and the TLX4 of Table 5.2. 
Without having data on the performance of this particular packaging option there is a first 
impression for the functioning of the packaging option. Assuming the ranking is correct, the 
packaging option will at best perform equal to the TLX4 cover. In the worst-case, the 
packaging option performs the same as the TLX2 cover. These boundaries provide a first 
impression of the performance of the packaging option. 
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Packaging option availability 
Most locations use only a few packaging options while having all packaging options available 
would increase the holding costs significantly. However, the information on the availability of 
the packaging options is still missing for most locations. Extending the questionnaire with a 
checklist of the available packaging options would provide constraints on the packaging 
options. This would prevent for situations in which a non-available packaging option results 
from the optimization method.   
 
Ground handling agent specific packaging options 
Some ground handling agencies use a packaging option for several sub processes. For 
example, Etihad uses a thermal cover during the loading process on the tarmac. Future 
development of the optimization tool should be able to use packaging options for only one sub 
process instead of the entire transportation process. Using a (extra) packaging option during 
several sub processes will influence the inside temperature of the packaging option. When 
ground handling agent A uses their own packaging option during certain sub processes, a less 
expensive packaging option might lead to the same results as an expensive packaging option 
at ground handling agent B who does not use a packaging option. The optimization model 
does not capture these effects yet. 
 
Adjusting the ambient temperature risk score 
The current ambient temperature risk score uses a decision tree, which reviews the ambient 
temperature during the process. The more significant the difference between the product 
temperature limits and the ambient temperature, the higher the risk. Below Figure 7.1 shows 
the decision tree for when the ambient temperature is lower than the product limit. This 
decision tree is the starting point of the risk score when not using a thermal cover. 

 
Figure 7.1: Decision tree to assign risk level, when ambient temperature is lower than the product limit. 
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The figure below compares the inside temperature results for the lane Basel to Moscow in 
October. 
 

 
Figure 7.2: Effect of thermal covers on inside temperature and the upper and lower bound of the product temperature limits. 

Table 7.1 depicts two ambient temperatures from the decision tree (Figure 7.1) unequal to the 
product limits (15 and 25). Besides the temperatures, the table illustrates the time of exposure 
and the ending inside temperature. The results from Table 7.1 reflect the usage of no cover.  
 
Ambient temperatures Time of exposure Inside Temperature 
0 1:00:00 14,44 
10 2:00:00 14,73 

Table 7.1: Time to excursion and inside temperature calculated for temperatures from the risk score model in figure 7.1. 

However, when using a cover, the same time of exposure and ambient temperatures will result 
in lower inside temperatures. Since the risk score translates a time to an excursion, the 
ambient temperatures change. The forecast model calculates ambient temperatures resulting in 
the inside temperatures closest to the results in Table 7.2 keeping the time span equal. 
 
Standard Cover 
Ambient temperatures Time of exposure Inside Temperature 
-12,5 1:00:00 14,62 
2,5 2:00:00 14,92 
Extreme Cover 
Ambient temperatures Time of exposure Inside Temperature 
-20 1:00:00 14,77 
-2,5 2:00:00 14,79 

Table 7.2: Results of temperatures used in the risk score model for different cover types. 
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These results create the following decision tree for the Standard cover for temperatures below 
the product limit. 
 

 
Figure 7.3: Decision tree to estimate risk score when using a Standard cover.  

 
Example 7 
The new decision trees for no cover, Standard cover and Extreme cover calculate the risk 
scores for the example lane Basel to Moscow in January.  
 
First, the results for January when having no cover. 
  Jan Ø Jan Min Jan Max Risk Exposure Index 
In Range (hrs) 11,00 11,00 11,25 

5 

In Range (%) 73,74% 73,74% 75,42% 
Out of Range Total (hrs) 3,92 3,92 3,67 
Out of Range Total (%) 26,26% 26,26% 24,58% 
Out of Range CMI (hrs) 0,50 0,25 0,50 
Out of Range CMI (%) 3,35% 1,68% 3,35% 
Out of Range CME (hrs) 0,75 0,75 0,50 
Out of Range CME (%) 5,03% 5,03% 3,35% 
Out of Range CC (hrs) 2,75 3,00 2,75 
Out of Range CC (%) 18,44% 20,11% 18,44% 
Out of Range HMI (hrs) 0,00 0,00 0,00 
Out of Range HMI (%) 0,00% 0,00% 0,00% 
Out of Range HME (hrs) 0,00 0,00 0,00 
Out of Range HME (%) 0,00% 0,00% 0,00% 
Out of Range HC (hrs) 0,00 0,00 0,00 
Out of Range HC (%) 0,00% 0,00% 0,00% 

Table 7.3: Risk score results from January when using no cover. 
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Next, the results for January when using the Standard cover. 
  Jan Ø Jan Min Jan Max Risk Exposure Index 
In Range (hrs) 11,00 11,00 11,25 

5 

In Range (%) 73,74% 73,74% 75,42% 
Out of Range Total (hrs) 3,92 3,92 3,67 
Out of Range Total (%) 26,26% 26,26% 24,58% 
Out of Range CMI (hrs) 1,00 0,75 1,00 
Out of Range CMI (%) 6,70% 5,03% 6,70% 
Out of Range CME (hrs) 3,00 3,00 2,75 
Out of Range CME (%) 20,11% 20,11% 18,44% 
Out of Range CC (hrs) 0,00 0,25 0,00 
Out of Range CC (%) 0,00% 1,68% 0,00% 
Out of Range HMI (hrs) 0,00 0,00 0,00 
Out of Range HMI (%) 0,00% 0,00% 0,00% 
Out of Range HME (hrs) 0,00 0,00 0,00 
Out of Range HME (%) 0,00% 0,00% 0,00% 
Out of Range HC (hrs) 0,00 0,00 0,00 
Out of Range HC (%) 0,00% 0,00% 0,00% 

Table 7.4: Risk score results from January when using the Standard cover. 

At last, the results for January when using the Extreme cover. 
  Jan Ø Jan Min Jan Max Risk Exposure Index 
In Range (hrs) 11,00 11,00 11,25 

4 

In Range (%) 73,74% 73,74% 75,42% 
Out of Range Total (hrs) 3,92 3,92 3,67 
Out of Range Total (%) 26,26% 26,26% 24,58% 
Out of Range CMI (hrs) 1,25 1,00 2,75 
Out of Range CMI (%) 8,38% 6,70% 18,44% 
Out of Range CME (hrs) 2,75 3,00 1,00 
Out of Range CME (%) 18,44% 20,11% 6,70% 
Out of Range CC (hrs) 0,00 0,00 0,00 
Out of Range CC (%) 0,00% 0,00% 0,00% 
Out of Range HMI (hrs) 0,00 0,00 0,00 
Out of Range HMI (%) 0,00% 0,00% 0,00% 
Out of Range HME (hrs) 0,00 0,00 0,00 
Out of Range HME (%) 0,00% 0,00% 0,00% 
Out of Range HC (hrs) 0,00 0,00 0,00 
Out of Range HC (%) 0,00% 0,00% 0,00% 

Table 7.5: Risk score results from January when using the Extreme cover. 

Example 8 
The new decision trees for no cover, the Standard cover and the Extreme cover calculate the 
risk scores for the example lane Basel to Moscow during July. 
No cover Standard cover Extreme cover 
Risk exposure index Risk exposure index Risk exposure index 
3 2 2 

Table 7.6: Mitigations of risk scores when using covers in July. 
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Impact of other location dependent weather conditions 
The first crucial future development is to include more location-dependent weather 
conditions. This project only considers the ambient temperature. However, the sun might 
influence the inside temperature as well. The figure below shows the impact of the sun 
(Mijnhart, 2017). 
 

 
Figure 7.4: Inside temperatures showing impact of the sun on several thermal covers.  

Besides the ambient temperature, there should be a value for the impact of the sun. A sun 
exposure measurement is still unclear. The first step for this future research should be to 
identify a clear sun exposure measurement and collect data on several locations. 
 
Another valuable addition within the location capabilities is whether the processes in Table 
2.4 (for example storage) are in the sun or the shades.  
Next, a new characteristic of the packaging options should indicate how they react to the 
impact of the sun. An example of this characteristic could be: 
 

- Outer color of the thermal cover, while for instance, a black coat is a lot less reflective 
than aluminum color foil. 
 

A new forecast model incorporating the sun exposure factor is the last step. 
Whenever a process is in the sun while using a black cover, the increase of the inside 
temperature should increase more compared to the current forecast model. 
 
7.3 Limitations of research 
 
The research has some limitations to finish the research in time. Most of these limitations 
result from the assumptions in chapter 1.3. 
 
Only thermal blankets data. 
Only analysis on thermal blankets data is the main limitation of the report. As described 
earlier the packaging industry has a lot more solutions. Not analyzing the functioning of any 
other packaging options makes the research not directly usable as an evaluation for all 
packaging options. 
 



Conclusions and recommendations 
 

Optimization of Packaging Options in the Cold Supply Chain  
 

69 
 

Data used. 
The research analyzes data from a climate room. This climate room data measured three 
different ambient temperatures: 21 ̊C, 40 ̊C, 50 ̊C (see chapter 2.2). The analysis of the 
behavior of the different thermal blankets results from these three different temperatures. The 
research assumes the same behavior for the inside temperature when unaddressed ambient 
temperatures occur. Having data on more ambient temperatures would provide a more 
realistic and reliable forecast model. 
 
Assumed product temperature limits. 
Part 1.3 assumed the usage of 15-25 ̊C as product temperature limits. These temperature limits 
do not suit all pharmaceutical products. Not being able to use the evaluation tool for all 
product limits creates an incomplete evaluation tool. Therefore, the research is a guideline on 
how to optimize packaging options and identify a forecast model. When climate room data is 
available for different product limits, the optimization and forecast model should change.  
 
The assumption on the temperature of the controlled room does not provide many limitations. 
The forecast model can easily adjust this variable when using different product temperature 
limits. 
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