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Abstract 

This report is about forecasting of the workload of Royal FloraHolland Aalsmeer. The accuracy of the 

forecasts of workload related to the flower auction clocks in Aalsmeer was perceived to be too inaccurate. 

The forecasting processes have been analyzed as well as the cost of a forecasting error. An over-forecast 

turned out to be much more costly than an under-forecast, because an over-forecast leads to inevitable 

waste of personnel costs, while the effect of an under-forecast on the lead times was not found in the 

actual data. Based on this research, the lead times are expected to suffer from positive forecast errors 

(under-forecasts) only if these errors become larger than approximately 20%, although it also depends on 

other factors such as the absolute number of trolleys.  

New models have been developed to forecast different workload factors, the number of supplied trolleys 

being the most important of these. The new models perform significantly better than the current methods, 

with relative improvements of the accuracy ranging from 13% to 31%. The used techniques are Holt-

Winters exponential smoothing, with holiday decompositions, linear regression and simple exponential 

smoothing. For the trolley forecasting, the temperature has also been used to correct the actual data 

before applying the univariate methods. Using the new models to forecast the workload can reduce the 

costs related to forecast errors.  
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Summary 

Every working day, truckloads of flowers get delivered to the flower auction Royal FloraHolland. These 

flowers are transported on flower trolleys and get auctioned at the clocks. After the auction, the trolleys 

have to be transported to the client and in most cases, the flowers have to be distributed over multiple 

client trolleys, as there are usually multiple clients per supplied trolley. The processing of these trolleys 

requires a lot of hands, but Royal FloraHolland does not know beforehand how much trolley will be 

supplied and hence, how much work to do. The auction is a cooperation with independent members, the 

growers, who decide what and when to supply. Only the evening before arrival, the supplied quantities are 

announced by the growers. To schedule its workers, Royal FloraHolland has to forecast the number of 

supplied trolleys. Many workers are agency workers that have to be ordered on Wednesday for the coming 

week. Therefore, the forecast is finalized on Tuesday. However, these forecasts are perceived as too 

inaccurate, leading to difficulties for the logistics department. Apart from the number of trolleys, there are 

some other important factors that determine the workload. The most important are the split factor, the 

auctioning speed and the expansion factor. The split factor is the number of clients per supplied trolley. 

The higher the split factor, the more distribution work. The auctioning speed is important, because the 

logistics department has to handle the flowers that are sold at the clock within two and a half hour from 

the moment of the clock transaction to the client. (The clients have their own depots within the auction 

building). The expansion factor is the multiplication factor between supplied trolleys and client trolleys. 

The supplied trolleys are usually quite full, while the clients trolleys have a lower occupancy rate. These 

three factors, together with the number of trolleys, determine most of the workload. The number of 

trolleys is clearly the most important factor. Based on intake meetings and stakeholder interviews, the 

following problem statement has been formulated: 

The forecasts of the factors that determine the workload related to the logistic processing of 
cut flowers offered at the auction clocks in Aalsmeer are too inaccurate. 

Note that only the location of Aalsmeer and only flowers for the auction are considered. Other locations, 

plants and direct trade are excluded from this study, to keep it feasible.  

Cost of forecast error 

Before designing new forecasting processes and models, the effect of a forecast error has been studied. 

This is important to know, because it indicates how much effort should be put in improving forecasting 

accuracy. Furthermore, if the cost of an over-forecast and under-forecast are different, this could 

potentially be an opportunity to save costs in planning. The cost of an over-forecast of trolleys is 

estimated to € 3.57 per over-forecasted trolley. This is based on the assumption that employee hours at 

that are scheduled, while it was not necessary in retrospect, are partially wasted. To what extend these 

hours are wasted differs per department. For LDK, it is assumed that all man hours that are planned on 

top of what was necessary if the right number of supplied trolleys was known. For LO, it is assumed that 

25% of these hours are wasted. LO is more flexible, as LO can quit earlier if the work is finished and most 

workers only get paid for the hours they actually work. Still, some part is assumed to be lost because of 

efficiency losses (if the number of supplied trolleys was known beforehand, the optimal number of 

workers would have been used). For LDK, this percentage is 50%. These assumptions are made by the 

respective departments, but no data was available to verify it. Still, these assumptions are crucial for 

determining the costs. The cost of an under-forecast is much lower. It is estimated to be € 0.17 per under-

forecasted trolley, due to dissatisfaction and the last minute-search for extra workers. Beforehand, it was 

expected that the lead times would suffer from under-forecasts. Actual data about forecast errors (of 

trolleys and the split factor) and lead times from every day in 2014 and 2015 however, do not show any 

relationship between an under-forecast and higher lead times. This is surprising, but we found the 

following explanations: 
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1. If there are more trolleys than expected, the auction process itself also takes longer. The lead 

times start running from the moment of transaction at the clock, which is also delayed. However, 

this does not explain everything, because the auction is still faster than distribution. 

2. The trolley forecast errors are almost always lower than 20%. Forecast errors of this magnitude 

have a limited effect on the lead times. Only if forecast errors become larger than approximately 

20%, the expected lead time service levels drop below 95%, which is the agreed service level.   

3. In case of a higher split factor than expected, the productivity, measured in logistic transactions 

per man per hour, increases. (A logistic transaction is one order from one trolley. The total 

number of logistic transactions is the number of trolleys multiplied with the split factor.) This is 

because it is easier to distribute one trolley with 10 transactions than 5 trolleys with 2 transactions 

each, because of travelling distances. The current planning formulas do not take this effect into 

account.  

So it is important to note that given the current forecast errors, the lead times are not significantly 

influenced by forecast errors. However, if the trolley under-forecasts become very large (> 20%), it is 

expected that the lead times will suffer.  

New forecasting models 

New models have been developed to forecast the number of trolleys, the split factor, the auctioning speed 

and the expansion factor. The trolley forecasting model starts with correcting the actual data for holiday 

effects, which are huge. After that, the same is done for the temperature in De Bilt and in Nairobi, but 

these effects are smaller, still the temperature can change the forecast with a couple of hundreds of 

trolleys. The relevant temperature is the maximum temperature in De Bilt of 3 and 4 days before the 

auction day and the maximum temperature of Nairobi of 6 to 10 days before the auction day. This lag 

between the relevant weather and the corresponding auction day is the result of the time the flowers need 

to grow and the lead times from the grower to Aalsmeer. The corrected number of trolleys is forecasted 

with Holt-Winters exponential smoothing. After that, the numbers are corrected back for the weather and 

holidays. Using this method, the forecasting accuracy improves strongly. In 2016, the actual forecasts had 

a Mean Absolute Percentage Error (MAPE) of 5.3%. The model we propose reached a MAPE of 3.9%, 

which comes down to a reduction in the inaccuracy of 27%. These results are representative, because the 

model is based on the years 2009-2015. 2016 is out-of-sample. The forecasting horizon of these forecasts 

is 6 to 10 days, as the forecasts are made every Tuesday for every day of the next week.  

Given the improvement in the forecasting accuracy, a rough estimation of the financial benefits of the 

trolley forecasting model can be made. On average, 7600 trolleys arrive each day. The mean error was 

5.3% and gets reduced to 3.9%. If unbiased forecasts are assumed, half of the forecast errors is an under-

forecast and half is an over-forecast. There are 254 auction days in a year, so the total yearly cost of the 

trolley forecast errors is 7600 * 5.3% * 254/2 * € 3.57 + 7600 * 5.3% * 254/2 * € 0.17 = € 191,322. With 

the MAPE reduced from 5.3% to 3.9% (relative reduction in the MAPE of 26.4%) the costs decrease with 

26.4% which is € 50,537. So the yearly cost benefit of the new trolley forecasting model is approximately 

fifty thousand euros, given the used assumptions. The cost benefit is sensitive to the assumptions, 

especially about the percentage of wasted surplus hours at LO, but it gives an indication of the order of 

magnitude.  

The split factor forecasting model is very similar to the trolley forecasting model. Also for the split factor, 

the holidays are important. Only the weather does not play a role in this model, as no relationship was 

found between the split factor and temperatures. This model has a MAPE in 2016 (out-of-sample) of 

2.5%, where the current split factor forecasts have a MAPE of 3.6%.  

The auctioning speed forecasting model is totally different, as it is a causal model. It is a multiple linear 

regression model with the following predictor variables: the number of trolleys and the split factor. Each 

weekday has a different model, as the relationships differ between the weekdays. This model has a MAPE 
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of 3.0%, compared to 4.2% MAPE of the current forecast. Note that this model relies on the forecasted 

split factor and number of trolleys. The forecasts made with our models are used as input.  

The expansion factor can be forecasted with very simple techniques, as no clear seasonal pattern was 

found and no other complicating factors are present. Simple exponential smoothing results in a MAPE of 

2.6%, compared to a current MAPE of 3.0%.  

Recommendations 

We recommend to use the models that are proposed in this report. The improvements compared to the 

current methods are significant. When using the models, it is important to rely on the forecasts made by 

the models. Only in special cases, the forecasters should adjust the model’s forecast, for example during 

strikes, armed conflicts, limited air or truck transportation, etc.  



7 

Preface 

This master thesis is the concluding piece of work of my master degree in Operations Management and 

Logistics at Eindhoven University of Technology.  After returning from a great exchange semester at 

KAIST, Daejeon, South Korea, I started at Royal FloraHolland Aalsmeer in February. I am grateful for 

the opportunity to do my graduation research at the auction, even more so since I have had a side job at a 

grower in my home town since my thirteenth. I have truly enjoyed working on this project. Especially 

trying to improve measurable and concrete results has been satisfying. This project confirmed that I want 

to find a career in this field, even though I am following a second master degree in Business Law at the 

moment.  

I would like to express my gratitude to my supervisors for their guidance. Firstly, Rob Koppes, thank you 

for your feedback, support and especially your practical advices. Your experience with supervising 

university students could be recognized from these advices. I have appreciated working with you. 

Secondly I would like to thank professor Ton de Kok. I am very glad to have had you as my first 

supervisor. Every time when I entered a meeting while being unsure about my work, I left with 

confidence and clear directions about how to continue.   

Next I want to thank Ad Kleingeld. Your feedback has helped me to improve my writing and especially to 

report results properly.  

Finally I want to thank my family for supporting me during my studies. 

Henk Jan Bragt   Bruchem, September 2016  



8 
 

Contents 

Abstract ........................................................................................................................................................................... 3 

Summary ......................................................................................................................................................................... 4 

Preface ............................................................................................................................................................................. 7 

Contents .......................................................................................................................................................................... 8 

1. Introduction ........................................................................................................................................................10 

1.1. Company introduction .............................................................................................................................10 

1.2. Research and redesign methodology ......................................................................................................10 

1.3. Problem context ........................................................................................................................................11 

1.4. Workload of the different sub-departments .........................................................................................12 

1.5. Forecasting process of the number of supplied trolleys .....................................................................13 

1.6. Forecasting of the split factor and logistic transactions ......................................................................14 

1.7. Forecasting of other factors ....................................................................................................................15 

2. Problem definition and research questions ....................................................................................................16 

2.1. Cause and effect diagram .........................................................................................................................16 

2.2. Problem definition ....................................................................................................................................17 

2.3. Research questions ....................................................................................................................................17 

2.4. Scope ...........................................................................................................................................................17 

3. Forecasting performance ..................................................................................................................................19 

3.1. Trolley forecast ..........................................................................................................................................19 

3.2. Split factor forecast ...................................................................................................................................20 

3.3. Auctioning speed forecast .......................................................................................................................21 

3.4. Expansion factor .......................................................................................................................................21 

4. Cost of forecast error ........................................................................................................................................22 

4.1. Cost drivers ................................................................................................................................................22 

4.2. Cost of forecast error: mistakes at the departments and client complaints .....................................23 

4.3. Cost of forecast error: lead time service level agreements .................................................................25 

4.4. Cost of forecast error: unnecessary personnel costs ...........................................................................30 

4.5. Total cost of forecast error ......................................................................................................................32 

4.6. Workforce planning using new productivity insights ..........................................................................34 

5. Forecasting models ............................................................................................................................................35 

5.1. Trolley forecasting ....................................................................................................................................35 

5.2. Split factor forecasting model .................................................................................................................40 

5.3. Auctioning speed forecasting model ......................................................................................................40 

5.4. Expansion factor forecasting model ......................................................................................................41 

6. New forecasting processes using statistical models ......................................................................................42 

6.1. General procedure of all forecasts .........................................................................................................42 

6.2. Trolley forecasting ....................................................................................................................................42 



9 
 

6.3. Split factor forecasting .............................................................................................................................43 

6.4. Auctioning speed forecasting ..................................................................................................................44 

6.5. Expansion factor forecasting ..................................................................................................................44 

6.6. Acceptance of the models and their forecasts ......................................................................................44 

6.7. Robustness of the models and maintenance ........................................................................................45 

7. Conclusion and implications ............................................................................................................................46 

7.1. Conclusions ................................................................................................................................................46 

7.2. Limitations of the study ...........................................................................................................................46 

7.3. Implications for Royal FloraHolland and other businesses ...............................................................47 

7.4. Implications for research .........................................................................................................................48 

References .....................................................................................................................................................................49 

Appendix A: swim lane diagram of the trolley forecasting process ....................................................................50 

Appendix B: Workforce planning .............................................................................................................................52 

Appendix C: Predicting the lead time service level ................................................................................................54 

Appendix D: Hours per trolley LDA .......................................................................................................................55 

Appendix E: Hours per trolley LDK .......................................................................................................................56 

Appendix F: Supplied trolleys chart .........................................................................................................................58 

Appendix G: Auctioning speed .................................................................................................................................59 

Appendix H: Trolley forecasting tool ......................................................................................................................60 

 

  



10 
 

1. Introduction 

This report presents the results of the study about forecasting of daily workload at Royal FloraHolland 

Aalsmeer. It addresses the following problem statement: “The forecasts of the factors that determine the workload 

related to the logistic processing of cut flowers offered at the auction clocks in Aalsmeer are too inaccurate.”  This first 

chapter explains the background against which the problem statement has been arisen.  It starts with a 

short introduction of the company Royal FloraHolland, in chapter 1.1. Then the used research and 

redesign methodology is explained in chapter 1.2. Chapter 1.3 presents the problem context. A further 

explanation of the current workload forecasting processes is given in chapter 1.4 (explanation of the 

concept ‘workload’), chapter 1.5 (forecasting of the number of trolleys), chapter 1.6 (forecasting of the 

split factor) and 1.7 (forecasting of other factors).  

1.1. Company introduction 

This paragraph introduces the company Royal FloraHolland. Royal FloraHolland is known as the largest 

auction of flowers and plants in the world. It is a cooperation owned by almost 4500 growers of flowers 

and plants, the members. Apart from the 4500 members, there are another approximately 1700 suppliers 

not being member.  Royal FloraHolland is the result of a merger in 2008 between the Auction of Flowers 

Aalsmeer (VBA) and FloraHolland, located in Naaldwijk. The auction in Aalsmeer is more than 100 years 

old. Since the merger in 2008 they are using the name FloraHolland and the logo of VBA. Since 2016, 

they are using a new logo and a new name: Royal FloraHolland. It has four active auction locations within 

The Netherlands: Aalsmeer, Naaldwijk, Rijnsburg and Eelde, and shares one joint-venture auction in 

Germany, Rhein-Maas, with Landgard. The headquarters is located in Aalsmeer. Every working day, 

flowers and plants are traded at the four locations. The growers can offer their flowers and plants in two 

alternative ways. They can either offer their products via the clock auction or sell them directly via the 

trade agency Connect which is also part of Royal FloraHolland. In the past, the auction used only the 

auction clock to trade the products. A few decades ago, the option of direct trade was introduced and the 

trade volumes of direct trade have been growing slowly ever since at the expense of the clock volumes. 

This shift from the clock to direct trade is an ongoing process. The trade of plants and flowers is 

separated and especially plants are often sold directly. The clients of Royal FloraHolland form a 

heterogeneous group of florists, wholesalers and retailers of different sizes.  

In December 2014, the new strategy of Royal FloraHolland: FloraHolland 2020 was presented (Royal 

FloraHolland, 2014). The decreasing volumes of clock sales, dissatisfied members and clients, and the 

unclear added value of the cooperation were the drivers behind a new direction for the auction. A shift 

from the clock auction towards direct trade is deteriorating Royal FloraHolland’s business model. With 

the strategy FloraHolland 2020, Royal FloraHolland wants to go back to the basics. The core of the new 

strategy can be summarised as follows:  Two main ambitions are stated: (1) Increasing the margins for 

growers and buyers, by making the logistic supply chain more efficient, reducing the costs and being an 

open marketplace with a good and stable pricing. (2) More consumers spend more on flowers and plants, 

by attracting the best market and consumer knowledge to Royal FloraHolland, leading the promotion of 

floricultural products in Europe and being the innovation centre of the global floriculture. Next to the 

ambitions, FloraHolland 2020 contains four goals in order to improve the success of the growers: 

1. A yearly growth of floricultural sales 

2. Reducing the costs of Royal FloraHolland 

3. Reducing the logistic and sales costs of the members 

4. Increasing customer satisfaction 

This report aims to contribute to this strategy. 

1.2. Research and redesign methodology 

As a guideline for this study, the regulative cycle of Van Strien (1997) was used. The regulative cycle, as 

shown in figure 1-1, consists of six phases: (1) problem mess, (2) problem definition, (3) analysis and 
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diagnosis, (4) plan of action, (5) intervention and (6) 

evaluation. Van Aken et al. (2007) explain how to use 

the regulative cycle during a thesis project: The problem 

mess contains multiple problems and causes related to 

each other and related to the problem that is going to 

be addressed during the study. The problem definition 

scopes down on a specific part of the problem to make 

it small enough to be solved within the limited time, 

but still large enough such that the project can still 

significantly improve the situation. The analysis and 

diagnosis phase includes a detailed analysis of the 

problem has to be made. During this phase, the 

problem also has to be validated: “Is the problem a real 

problem?” Next to the problem validation, the causes 

of the problem also have to be analysed in more detail. 

The next phase is the plan of action. A solution for the 

problem is designed in this phase, including a change 

plan. Theory from scientific literature as well as the 

analysis of the problem serve as important guides in order to come to a sound solution. During the 

intervention phase, the plan of action is implemented in the organisation. And the evaluation phase is used to 

measure the achievements of the intervention.  

This project is set up using this regulative cycle. Chapter 1 and chapter 2 describe the problem definition 

phase. Chapter 3 and chapter 4 present the results of the more detailed analysis and diagnosis. Chapter 5 

presents forecasting models and chapter 6 describes how to embed these models into the forecasting 

process, together forming the plan of action. By the end of this project, a start of the intervention was made 

as well. Evaluation should be done in the future, when the new forecasting methods are being used for a 

while. Still, chapter 7 discusses the evaluation in advance.  

1.3. Problem context 

This paragraph briefly explains the problem context, as it was at the beginning of the project. Every day, 

truckloads of flowers and plants arrive at the auctions of Royal FloraHolland. Until the night before the 

arrival, the size of the inflow is unknown at Royal FloraHolland, because the suppliers can independently 

choose when and how much they supply. Furthermore, the suppliers can choose to offer their products at 

the auction clock or to sell them directly via trade agency Connect and they can also choose between the 

different locations. Only the day before the delivery, the auction receives an electronic delivery form from the 

supplier which states how many products will be delivered the next day. In order to determine the 

required number of workers, the daily workload of the logistics department which processes the flowers 

and plants is forecasted. This research scopes only on the forecasting of workload related to cut flowers 

for the auction clocks in Aalsmeer. (A more detailed demarcation of the scope is described in chapter 2). 

Royal FloraHolland found the fluctuations in the workload hard to predict and hard to handle. Until the 

beginning of 2016, a bandwidth of 300 trolleys had been agreed on as the maximum acceptable forecast 

error on both sides of the forecasted number of supplied trolleys with flowers for the clock in Aalsmeer, 

on an average supply of approximately 7700 trolleys per day. This number was based on the maximum 

number of extra trolleys, in the case of under-forecast, that LO expected to be able to handle without 

jeopardising the service level agreements. In the case of over-forecast, there are more workers present 

than necessary, which means that unnecessary costs are made. Since 2016, this ‘acceptable bandwidth’ has 

been increased to 450 trolleys on both sides, because the flexibility of the workforce has been increased. 

However, this bandwidth was often exceeded. The forecasting performance is described in more detail in 

chapter 3. 

Figure 1-1: Regulative cycle (Van Strien, 1997) 
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The perceived trolley forecasting inaccuracy was the initial problem which motivated the start of this 

study. However, workload is more complex than just the number of trolleys. In this study, a closer look is 

taken at the factors that determine the workload. This is done in the next paragraph (1.4). The final 

paragraphs of chapter 1 explain the forecasting process of the different workload factors (1.5 – 1.7). Then, 

in chapter 2, the final problem definition and the research questions are presented.  

 

1.4. Workload of the different sub-departments 

There are three different logistic sub-departments that are physically processing the supplied flowers 

within the auction at Aalsmeer. The first one is Logistic Supply Service (LDA), the second one is Logistic 

Operations (LO) and the third one is Logistic Service: Clients (LDK). Figure 1-2 shows an overview of the 

different logistic departments. Their responsibilities can be briefly summarised as follows: LDA’s main 

task is to move the trolleys with flowers or plants from their arrival location to the cool store (LDA: 

Arrivals). For flowers, this happens between 1 pm and 4 am, the time period during which the flowers 

arrive at the auction. LDA is also responsible for logistic resources (empty trolleys and containers) and for 

scanning the trolleys. LO’s main task is the distribution of the flowers, from the grower’s trolleys to the 

client’s trolleys. They also bring the trolleys from the cool store to the distribution (this is done by A&A, 

which is also part of LO) and after the distribution they bring the trolleys to LDK. LDK is responsible for 

delivering the trolleys to the client, which is their main task, but they also take back empty trolleys and 

containers and they repair broken trolleys. Note that both the arrival docks and the client docks are 

located within the auction building, so this entire logistic process takes place within the buildings of the 

auction in Aalsmeer. The distribution of the flowers includes the most handling work.  As a result, LO is 

the sub-department with the highest workload. The total number of used hours in 2015 per sub-

department is 295,660 for LDA, 657,634 for LDA and 74,443 for LDK.  

Figure 1-2: Sub-departments and the factors that determine their workload 

The workload of LDA: Arrivals is mainly determined by the number of supplied trolleys. The workload of 

LO is determined mainly by (1) the number of trolleys, (2) the number of logistic transactions and (3) the 

average finishing time of the auction process. Logistic transactions are, by definition, the product of the split 

factor and the number of supplied trolleys. The split factor is the result of the number of buyers per 

trolley. The higher the split factor, the more logistic transactions have to be made during the distribution 

process. The split factor is the result of the buying quantity of clients. They can decide how much they 

buy, but they are bound by the minimum quantity which is determined by the auctioneers and which is 

always at least one bucket. The average finishing time of the auction process is important, because LO has 

to finish their distribution process within a fixed amount of time after the trolleys are auctioned. There are 

twelve auction clocks for flowers in Aalsmeer, which are operated simultaneously. Each clock has its own 

product groups (different types of flowers) which are determined beforehand, so the auction clocks are 

not finishing at the same time. The average auction finishing time is used to determine when LO has to be 

finished with their work, because the flowers should be delivered at the clients depot within 2.5 hours 

after they are sold at the clock. The workload of LDK is determined by the number of outgoing trolleys, 

which is the product of the expansion factor and the number of incoming trolleys. The expansion factor 
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indicates how many trolleys are leaving the distribution process relative to the number of trolleys that 

enter the distribution process, the supplied trolleys. There are more flower trolleys leaving the process 

than entering the process, so empty trolleys are also fed to the process. The definitions of the workload 

factors are listed in figure 1-3. 

 

1.5. Forecasting process of the number of supplied trolleys 

This paragraph describes in detail the current trolley forecasting process and the purpose of the different 

forecast updates.The forecast of the number of supplied trolleys is made in a few iterations. The timeline 

of figure 1-4 shows the different updates that are made (beneath the timeline) and what it is used for 

(above the timeline). The first iteration takes place at the end of the year. The process operators of the 

commercial department make a forecast for the coming year on daily level. This forecast is based on the 

supplied number of trolleys in the past and on the shift of holidays. However, this forecast is bound to a 

restriction: the total number of trolleys in one year has to comply exactly with the total number of trolleys 

forecasted for the next year by the financial controller of the commercial department. The process 

operators make a forecast on daily level, but the sum of all day forecasts has to equal the existing year 

forecast. The result of this, is that the process operators have to change the forecast that they consider 

accurate in order to comply with the year total. The yearly forecast is only used for determining the yearly 

budgets of the departments.  

 

Figure 1-4: Timeline towards an auction day: forecast updates and their use. (Above the timeline: how the forecasts are used. Beneath the 
timeline: the different forecast updates.) 

Roughly twelve weeks before the week that is forecasted, the process operators update their forecast, 

based on newly realised data. This update is made because with newly realised actual data of the supplied 

trolleys, a more accurate forecast can be made. Furthermore, the process coordinators are not bound 

anymore to the year total when they make this update, which is probably an even more important reason 

to update it. The operational managers of the three logistic sub-departments indicate that this twelve week 

ahead update is only used in special cases. The weeks before Mother’s day, for example, are planned more 

than four weeks in advance.  

𝐿𝑜𝑔𝑖𝑠𝑡𝑖𝑐 𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠                         = 𝑆𝑢𝑝𝑝𝑙𝑖𝑒𝑑 𝑡𝑟𝑜𝑙𝑙𝑒𝑦𝑠 ∗ 𝑆𝑝𝑙𝑖𝑡 𝐹𝑎𝑐𝑡𝑜𝑟 

(𝐴𝑣𝑒𝑟𝑎𝑔𝑒) 𝐴𝑢𝑐𝑡𝑖𝑜𝑛 𝐹𝑖𝑛𝑖𝑠ℎ𝑖𝑛𝑔 𝑇𝑖𝑚𝑒 = 6 𝑎𝑚 + 𝐴𝑢𝑐𝑡𝑖𝑜𝑛𝑖𝑛𝑔 𝑆𝑝𝑒𝑒𝑑 ∗ 𝑆𝑢𝑝𝑝𝑙𝑖𝑒𝑑 𝑇𝑟𝑜𝑙𝑙𝑒𝑦𝑠 

𝑂𝑢𝑡𝑔𝑜𝑖𝑛𝑔 𝑇𝑟𝑜𝑙𝑙𝑒𝑦𝑠                                = 𝑆𝑢𝑝𝑝𝑙𝑖𝑒𝑑 𝑇𝑟𝑜𝑙𝑙𝑒𝑦𝑠 ∗ 𝐸𝑥𝑝𝑎𝑛𝑠𝑖𝑜𝑛 𝐹𝑎𝑐𝑡𝑜𝑟  

Figure 1-3: Definitions of the workload factors 
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The last iterations take place weekly. Every Tuesday, the initial forecast is being reviewed and changed if 

necessary, but only for the coming four weeks. The four week ahead-forecast is used to update the 

prognosis of the workload. It can use more recent information than the yearly forecast. The weekly 

updates are finalised every Tuesday. They are being updated weekly until one week beforehand, so on the 

Tuesday before the coming week, the final version of the forecast for the coming week is made. This is 

the final version, because the workforce planners have to decide on the number of flexible workers every 

Wednesday for the coming week. However, if during a week the realised supply differs too much from the 

forecasted supply, the final forecast is still adjusted one more time. This adjustment within the week has a 

limited impact, because at such short notice, the availability of flexible workers is limited and cancelling 

workers within the week is also not desirable. So the week-ahead forecast is the most important forecast.  

The weekly updated planning is not only based on historical data and shifting holidays. It starts with three 

groups of people who make a more or less independent forecast: (1) the process operators of the 

commercial department, (2) the auctioneers, and (3) the logistic support department. They are using 

different methods and partly different input. 

The process operators make their forecast based on historical data and shifting holidays only. They are not 

using exactly the same method every time, but they have developed a way of working which at least 

involves some rules of thumb. For example, if the realised supply has been a few percent higher than the 

forecasted supply in the past weeks, the forecast for the coming weeks will be adjusted with this 

percentage. 

The auctioneers are using additional input, besides historical data. Every auction clock has two 

auctioneers, who receive a wide variety of different signals which can be useful for forecasting the future 

supply of trolleys. These signals can be for example: expectations shared by flower importers, transporters 

or growers, trends, problems in certain regions, bankruptcy of suppliers, but also more public information 

like recent weather reports. The auctioneers take these factors into consideration in a judgmental way, 

together with historical data and shifting holidays.  Every Monday, they have a group meeting during 

which they make their forecast. The process operators of the commercial department are present during 

this meeting, so that they can listen to the auctioneer’s explanations. However, not all auctioneers are 

always present during these meetings. Due to this, not all expertise is present during the meetings, since 

every auctioneer is responsible for his or her own auction clock with specific product groups.  

The logistic support department primarily uses historical data and shifting holidays for their forecast as 

well. In addition to that, they also have access to more information: the total number of trolleys and 

containers that are being used by the suppliers. However, this information is not always used.  

The three groups all make their forecast independently, but in the end the commercial process operators 

are responsible for the final forecast.  That is why they are present on Monday at the group meeting of the 

auctioneers and on Tuesday they discuss with the logistics department about their forecast. Based on these 

conversations and the arguments used by the other groups, the process operators judge on Tuesday which 

forecast to use, or how to combine the forecasts. There are no guidelines on how to combine the three 

independently developed forecasts; it is a human judgment.  

The entire forecasting process of the number of trolleys is represented by the SWIM lane diagram shown 

in appendix A. 

 

1.6. Forecasting of the split factor and logistic transactions 

The split factor is first forecasted by the logistic support department. Their forecast is finished on the 

Monday before the next week. They are using a simple univariate calculation method as the basis of their 

forecast. The average of two numbers is taken: (1) the split factor in the same day of the same week last 

year and (2) the average of the split factors in the same day of the past three weeks this year. This number 

is then adjusted with the percentage error of this method from the past weeks, in order to capture trends.  



15 
 

However, the forecast is still made by humans and sometimes they deviate from this standard method. 

This can be the case, for example, when the split factor of the same day of the same week last year seems 

to be less relevant than the same day of another week last year, because of shifting holidays. The logistic 

support department sends its forecasted split factor to LO. LO uses the forecast of logistic support as an 

indicator, but they also make their own split factor forecast. LO is also relying on historical data of the 

split factor, but then for each auction tribune separately (an auction tribune consists of several auction 

clocks). LO distributes the expected number of supplied trolleys over the tribunes and uses that to 

calculate a weighted average of the total split factor. The split factor forecast of LO is the one that is used 

primarily. The forecast made by logistic support is only used as a check. If there is a big difference 

between the two forecasts, LO can adjust its own forecast. The forecasted split factor is multiplied with 

the forecasted number of supplied trolleys in order to get the forecasted logistic transactions, since the 

logistic transactions are, by definition, the product of the number of trolleys and the split factor.  

 

1.7. Forecasting of other factors 

The expansion factor is mainly important for LDK, since they work with client trolleys, but LO’s 

workload is also influenced a bit by the expansion factor, since they have to supply the empty trollies and 

they have to transport the client trolleys to LDK. LDK does not forecast the expansion factor explicitly. 

When they make their workforce planning it is only taken into account implicitly by their planners. LO 

does forecast the expansion factor explicitly. An expert estimation, based on history, is put into an Excel-

sheet and that is used to calculate the required number of people.  

The auction finishing time depends on the number of supplied trolleys and the auctioning speed (in 

trolleys per hour). The auctioning speed is forecasted by LO. Just like the expansion factor, it is estimated 

by an expert, based on historical data. In fact, there are multiple auction clocks that finish at different 

times. The average finishing time of the clocks is the auction finishing time used by LO, since the average 

finishing time of all clocks is relevant for their planning.  
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2. Problem definition and research questions 

This chapter presents the cause and effect diagram, which is a representation of the problem mess as 

described in chapter 1.2. It is based on interviews with stakeholders. The cause and effect diagram forms 

the basis for the problem definition (chapter 2.2) the research questions (chapter 2.3) and the scope of the 

study (chapter 2.4).  

 

2.1. Cause and effect diagram 

 

Figure 2-1: Cause and effect diagram.  

Based on intake meetings and interviews with stakeholders of the forecasting process, a cause and effect 

diagram has been developed (figure 2-1). It shows the perceived causes and effects of the problem and 

gives an indication of directions that have to be explored. To construct the diagram, the following 

stakeholders were interviewed:  

– The project leader of a former forecasting project 

– Both commercial process operators (responsible for the final forecast) 

– An employee of logistic support (responsible for one of the three independent trolley forecasts 

and the split factor forecast) 

– The planner of logistic support (responsible for the planning of flex-workers) 

– The planner of LO (responsible for the split factor forecast and user of the trolley forecast) 

– The operational manager of LDA 

– The operational manager of LO 

– The operational manager of LDK 

Most of the stakeholders are a user of the forecast, a contributor to the forecast, or both. After the 

interviews had been taken, a preliminary cause and effect diagram was made. This preliminary cause and 

effect diagram was validated by the project leader of the former forecasting project, the commercial 

process operators and the three operational managers of the logistic sub-departments, resulting in the final 

diagram as shown in figure 2-1. The diagram is still just a representation of existing ideas of the 

stakeholders. Data analysis later in the report (chapter 4) shows that not all the mentioned effects of 

forecasting inaccuracy can actually be attributed to forecasting inaccuracy.  
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Not all causes and effects shown in the diagram can be influenced. The causes at the leftmost side of the 

diagram are characteristics that are assumed to be ‘facts of life’. Furthermore, planning and workforce 

flexibility are out of scope, in order to keep the research feasible. As a result, only the problems mentioned 

in the black rectangles are within the scope of this paper (chapter 2.4 describes the scope in more detail).   

 

2.2. Problem definition 

Based on the cause and effect diagram, the inaccuracy of the forecast of the factors (number of supplied 

trolleys, split factor, expansion factor) that determine the workload forecast can be seen as the central 

problem. Therefore, the proposed problem definition for this project is: 

The forecasts of the factors that determine the workload related to the logistic processing of 
cut flowers offered at the auction clocks in Aalsmeer are too inaccurate. 

 

2.3. Research questions 

The main focus of the project is to design a solution for the defined problem. The main research question 

is therefore:  

How can the forecasts of the factors that determine the workload related to the logistic 
processing of cut flowers offered at the auction clocks in Aalsmeer be improved? 

In order to answer the main research question, the following sub-questions shall be answered: 

1. What is the current forecasting performance? 

2. What forecasting method is best suited for forecasting each of the factors that determine 
the workload? 

a. What is the cost of the forecast error? 

b. Should the asymmetry between the costs of the over- and under-forecasting error 
be taken into account in the forecast? 

c. Can causal variables (other variables than the forecasted variable) be used to 
improve the forecasts? 

3. What quantitative models can be designed to support the forecasting process? 
4. How can the forecasters use quantitative models to improve the forecasting process? 

a. What can a quantitative model take into account and what not? 

The first sub-question has two purposes: showing the current forecasting performance indicates whether 

there is a real problem (although forecasting performances can only be compared against benchmarks) 

and its current performance can be compared with the performance of alternative methods or models. 

Sub-question two then will lead to a new forecasting method. The cost of the forecast error is important 

to measure, because it gives an indication of how much effort should be put in improving its accuracy. An 

asymmetry in the costs is important to identify, because if there is an asymmetry, there could potentially 

be a more efficient way of planning. Furthermore, a search for causal variables to improve the forecasts is 

important, because if there is a strong relationship between a predictor variable and the workforce variable 

that is to be forecasted, this can improve the forecast. Generally speaking, causal models outperform 

extrapolation models, but only if strong relationships with other variables exist (Armstrong, 1985).  

 

2.4. Scope 

Each location of Royal FloraHolland is forecasting its workload separately. Aalsmeer is the biggest 

location. In order to keep the research feasible, only the forecasting process at Aalsmeer is analysed. It is 

expected that involving other locations takes too much time. If the forecasting performance at Aalsmeer 
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can be improved, one can investigate later whether the results can be used to improve the forecasting 

performance at other locations as well.  

Only the forecasting of workload related to the logistic processing of products for the auction clock is 

analysed. The direct trade via the trade agency is not part of this research. Direct trade involves much less 

handling work, because usually whole trolleys are traded between growers and buyers, so there is no 

distribution work to do for these trolleys. It is also very common that these direct traded products are not 

even transported physically through the auction building, but directly from the grower to the client. So the 

amount of handling work that has to be done for the auction clock process is far bigger than the amount 

of work that has to be done for direct trade. That is why this research focusses on clock sales only.  

There are two types of products that can be traded at the auctions of Royal FloraHolland: cut flowers and 

plants. This research focusses on cut flowers only. The auction clocks and the distribution processes of 

flowers and plants are separated in Aalsmeer.  The total supply of cut flowers to Aalsmeer is larger than 

the total supply of plants. Furthermore, plants are more often traded via direct trade than flowers.  This 

makes the portion of plants that are traded via the auction clock even smaller. Because of their relative 

small share and in order to keep the research feasible within the limited time, workload forecasting related 

to plants will not be included in this research.  

To sum up: only the forecasting of workload related to cut flowers for the auction clock in Aalsmeer is 

part of the scope. Plants, direct trade and the other locations of Royal FloraHolland are excluded in order 

to keep in feasible. The workload, measured by the required man hours, depends on a lot of different 

factors, but for this research, the four most important factors are identified: (1) number of supplied 

trolleys, (2) number of logistic transactions, (3) average auction finishing time and (4) number of outgoing 

trolleys. There are more factors influencing the workload, but these have a marginal impact and are 

therefore out of scope.  
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3. Forecasting performance 

This chapter describes the performances of the different forecasts in the past years. Reporting these 

performances has two goals: Firstly, it shows how good the current forecasts are. Large mean percentage 

errors (MPE) indicate biased forecasting and if forecasts are biased strongly, there is room for 

improvement. Large mean absolute percentage errors (MAPE) indicate high forecasting inaccuracy, 

although the latter one can only be judged when compared with benchmarks. This leads directly to the 

second goal of reporting these performances: they can be used as benchmarks for new forecasting models 

and vice versa. If different forecasting methods are used to forecast the same, their performance can be 

compared. The remainder of this chapter presents the current forecasting performance of the trolley 

forecast (chapter 3.1), the split factor forecast (chapter 3.2), the auctioning speed forecast (chapter 3.3) 

and the expansion factor forecast (chapter 3.4).    

 

3.1. Trolley forecast 

The forecasting performance of the one week ahead-forecast of supplied trolleys is known from 2013 and 

has been very constant over time between 2013 and 2015. On average 50.4% of these one week ahead-

forecasts differed more than 300 trolleys from the realised supply and the average MAPE has been 5.4% 

between 2013 and 2015 (table 3-1). So the week ahead-forecast has an error larger than the acceptable 

limit of 300 trolleys in more than 50% of the days.  

Table 3-1:  
Trolley forecasting performance (1 week ahead forecast). 

 2013 2014 2015 

MAPE 5.4% 5.3% 5.6% 
MPE -2.5% +1.3% +1.0% 
Number of over-
forecasts 

165 109 98 

Number of under-
forecasts 

89 144 154 

 

In table 3-1 the MPE (Mean percentage error) is also shown. It is the average of the daily deviations of the 

forecast from the real number of trolleys. If the MPE is not close to zero, it indicates bias. Table 3-1 

shows that the forecasts in the past years were biased, but also that the bias changed from -2.5% in 2013 

to 1.3% and 1.0% in 2014 and 2015 respectively. A positive bias means that there were more trolleys in 

reality than forecasted, and a negative bias vice versa. The same change can be seen in the number of 

over- and under-forecasts. The forecasters do not know the exact cost effects of over- and under-

forecasts, but they do know that over-forecast is in general more expensive than an under-forecast. They 
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Figure 3-1: Average trolley forecast (week ahead) error per weekday. 

 



20 
 

-3,00%

-2,00%

-1,00%

0,00%

1,00%

Monday Tuesday Wednesday Thursday Friday

M
P

E

Weekday

2014 2015

Figure 3-2: LO split factor forecast, mean percentage error per weekday.  

 

are told to ‘round down when in doubt’, in order to make over-forecast less likely. It seems likely that the 

change of bias is the effect of this instruction. However, the forecasters claim that they try to forecast the 

number of trolleys as accurately as possible, without creating intentional bias. The change in the bias could 

be the result of a change in the forecasting process since 2014. Before 2014, the forecast was made by the 

commercial department only. Since 2014, logistic support contributes to the forecast as well (as described 

in chapter 1.5).  

Apart from a general bias, figure 3-1 shows that there used to be notable differences between the average 

forecast errors of the different weekdays in 2013 as well, but since 2014 these differences are reduced. So 

it looks like there was also a ‘weekday bias’ in 2013, which has been solved in 2014.  

All in all, it can be concluded that the forecasts do not show strong bias anymore (if there was, it was clear 

that there would be room for improvement). The MAPE of the week-ahead trolley forecast is 

approximately 5.5% and is quite constant over the years. This will be used as benchmark for the 

forecasting models presented in chapter 5. 

Table 3-2:  

Forecasting performance of the split factor forecasts (by LO and by Logistic Support). 

 

3.2. Split factor forecast 

The daily split factor forecasts by logistic support are also known from 2013 till now.  On average, the 

MAPE of this forecast was 4.2% between 2013 and 2015. In 2014, the forecasting performance was 

remarkably worse than in the other years, as shown in table 3-2. This was probably caused by a mistake in 

shifting the holidays from 2013 to 2014.  

The historical forecasts of LO are only available from 2014 till now, so their performance of 2013 is not 
shown in table 3-2. The MAPE of the forecasts made by LO is 3.8% on average, which is comparable to 
the MAPE of the forecasts of Logistic Support in 2013 and 2015. LO is primarily relying on its own split 
factor forecasts though. Figure 3-2 shows the MPE of their forecast per weekday separately. Based on this 
diagram, it seems that their forecast has a systematic bias: on average, the forecasts from Wednesday till 
Friday were too low, both in 2014 and 2015. The Monday forecast, on the other hand, shows almost no 
bias. The bias at some of the weekdays indicate that there is room for improvement. The split factor 
forecast of LO has a MAPE of approximately 3.8%, which will be used as benchmark for the models in 
chapter 5.  

 2013 2014 2015 

MAPE Log. Support 3.7% 5.1% 3.8% 
MAPE LO - 3.6% 4.0% 
MPE Log. Support -0.1% -2.3% +0.1% 
MPE LO - -0.9% -1.5% 
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3.3.  Auctioning speed forecast 

The auctioning speed is forecasted by LO, because it has an influence on the amount of time they have to 

distribute the flowers. The two logistic departments that process the flowers after they are sold at the 

clock (LO and LDK) have a KPI on their lead time. 95% of the transactions made at the auction clock 

should be delivered within two and an half hours at the client’s dock from the moment that they are sold 

at the clock (the client docks are located within the auction building in Aalsmeer). The auctioning speed 

determines the average auction finishing time, which is used to estimate how much time LO has to 

distribute the flowers. If the auction finishing time is expected to be high, while other factors are expected 

to remain equal, LO will work with more employees in order to distribute faster. Table 3-3 shows the 

MAPE and MPE of the forecasts in the past two years. Again, these figures will be used as benchmarks 

for new models. The MPE indicates some bias, although it is not very strong.  

Table 3-3:  
Auctioning speed forecasting performance. 

 2014 2015 

MAPE 4.1% 4.2% 
MPE -0.3% -1.1% 

 

3.4. Expansion factor 

The expansion factor is the multiplication factor between ingoing and outgoing trolleys. Unlike the 

number of ingoing trolleys, the expansion factor does not change much over time. The average expansion 

factor in 2015 was 1.74 with a standard deviation of 0.067 (3.8% of the average). This makes its forecast 

of less importance than the forecast of the ingoing trolleys. This might be the reason that LO used a fixed 

value as the expansion factor forecast until week 12 of 2014. Since week 12 of 2014, LO started to 

forecast the expansion factor on a daily basis. For LDK, the expansion factor has a much stronger impact 

on their workload, but LDK is not using an expansion factor forecast at all. Instead, a big part of LDK’s 

workforce is scheduled regardless of expected workload. The forecasting performance of LO’s expansion 

factor forecast is summarised in table 3-4. The week before Valentine’s Day 2014 is excluded in the 

MAPE and MPE calculations, because there was a strike going on, resulting in an extraordinary high 

expansion factor.  

 

Table 3-4:  

Expansion factor forecast performance (excluding the strike before Valentine’s day 2014) 

 2014  2015 

MAPE 3.9% 3.0% 
MPE +0.7% -1.5% 
 

Both the MAPE and the MPE values are remarkable. Firstly, the MAPE reduced from 3.9% to 3.0% from 

2014 to 2015. This can be explained, because in 2014 fewer effort was put into the expansion factor 

forecast as in 2015. In 2014, it was common to use a fixed expansion factor forecast for a full week or 

even for longer periods of several months. Only since November 2014, the expansion factor forecast was 

made separately for every single day. The reduction in the MAPE shows that this extra effort pays off in 

terms of accuracy. However, the expansion factor forecast bias increased. This means that the expansion 

factor forecast can be improved even further. The MAPE of 2015 (3.0%) will be used as benchmark for 

later model evaluation. The lower performance in 2014 will not be used as benchmark, because back in 

2014, fewer effort was put into the forecasts.  
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4. Cost of forecast error 

In this chapter, an estimation of the cost of forecast error is elaborated. This estimation has two goals. 

Firstly, if the cost of forecast error is known, it can be determined how much effort is worthwhile to put 

into the forecasts. Secondly, if the cost of forecast error is asymmetric (cost of under-forecast and cost of 

over-forecast are not equal), it is worth considering to take this asymmetry into account when making 

workforce planning decisions. At the beginning of the project, the cost of forecast error was unknown. 

Only rough estimations had been made. Unnecessary personnel costs in the case of over-forecasts and 

jeopardized lead time serviced levels in the case of under-forecasts were seen as the main cost effects of 

forecasting errors.  

When estimating the cost of a forecast error, an often made mistake is to calculate the difference between 

the costs that are truly made and the costs that were expected based on the forecasts and to treat this cost 

difference as the result of inaccurate forecasting. However, this method is not correct. Only the costs that 

are made and which would not have been made if a perfect forecast was available, are the true result of 

inaccurate forecasting. If 10000 trolleys were expected to arrive and in fact 11000 trolleys arrived, it costs 

more than expected, because there are more trolleys than expected. However, if it was known beforehand 

that these 11000 trolleys would arrive, one would still need more people than in the case of 10000 arriving 

trolleys. It is important to keep this distinction in mind when estimating the cost of forecast error.  

4.1. Cost drivers 

The cost of forecast error of the workload forecasts was unknown at the start of this project. The 

operational managers of LDA, LO and LDK were interviewed to identify the cost drivers and to make an 

estimation of the costs involved. The following effects were mentioned as possible cost effects for 

inaccurately forecasting the workload of the logistic department. The sub-department where the cost 

driver is mentioned is noted within brackets.  

Over-forecast: 

– Unnecessary personnel costs (LDA, LO, LDK). 

– More mistakes are made due to low concentration (LDA). 

Under-forecast: 

– Service level agreements about lead times are not met when the error is large (LO, LDK). 

– Last-minute search for extra workers (LDA). 

– More trolleys get damaged due to rushing (LDA). 

– More mistakes are made due to rushing (LDA). 

– More complaints from clients (LDK). 

– Dissatisfied personnel, because they have to rush and/or work longer (LDK). 

Among the stakeholders, consensus exists about the most important cost effects. All three operational 

managers indicated that the unnecessary personnel cost of an over-forecast and the failure to reach the 

agreed lead times in case of an under-forecast are seen as the most important cost effects of a forecast 

error. Note that with lead times, the lead times from the auction clock to the client are meant. The LDA 

process takes place before the auction, so their work does not influence these lead times. Of course, they 

also have to be finished within time (before the auction starts) but that has never been a problem.  

The last-minute search for extra workers is a result of forecast error, because if the forecast had been 

more accurate, all the required workers could have been ordered the week before which is easier. The size 

of the different costs is not known by the managers. Only at LO they are using an estimation of the cost 

of a forecast error. They have estimated that an error of 250 trolleys in the forecast of a certain day results 

in 10 minutes more work or less work for the entire department that day, which equals roughly 60 to 70 

man hours. In the case of over-forecast it is a matter of wasted salary and in the case of under-forecast the 
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trolleys are delivered approximately 10 minutes later. The reality is more complicated, but this is the 

approximation that they are using.  

 

4.2. Cost of forecast error: mistakes at the departments and client complaints 

Mistakes that are made at the logistic department after the flowers are sold at the auction clock are 

registered and labelled with an error code. The mistakes can be detected by all staff and also by clients, if 

the mistake was not detected and resolved before delivery. If the mistake involves costs for the client, for 

example because a product is damaged or not delivered to the client, and it is caused by Royal 

FloraHolland, they have to pay damages to the client. Sometimes the mistake does not involve costs for 

the client, because it can be resolved by employees from Search and Correction, or simply because it is a 

mistake that does not result in costs. The time spent by Search and Correction on each mistake and the costs 

paid to the client are tracked for every mistake made. However, the time spent to correct each mistake is 

not always tracked precisely. Mistakes that are made at the logistic department before the flowers are sold 

at the clock are not recorded in this system, because these mistakes do not involve costs for clients. This 

means that most mistakes made by LDA are not recorded, unless the mistakes are only detected after the 

auction clock process. There are dozens of different error codes. Not all of them are relevant for this 

research. Some error codes are used for mistakes made by the supplier, other errors codes are not related 

to workload or are rarely used. Eighteen error codes are identified as relevant for this research. Table 6-1 

shows these error codes and an explanation. With these data, the expectations from the operational 

managers about the number of mistakes at LO and LDK can be verified. For LDA, the data are not 

complete, because the errors detected before the auction clock are not included, and with the available 

data a final conclusion about the relationship between a forecast error and the number of mistakes by 

LDA can therefore not be drawn.  

Table 4-1:  
Relevant error codes and explanation. (A&A moves the trolleys to and from the clock, DS is distribution.) 

Error 
code 

Explanation Responsible 
department 

200 Placing error (trolley is placed at wrong location). LDA 
290 Damage to product (entire flower containers are damaged). LDA 
291 Damage to product (single flowers are damaged). LDA 
571 Batch note is attached to wrong trolley. LO (A&A) 
590 Damage to product (entire flower containers are damaged). LO (A&A) 
591 Damage to product (single flowers are damaged). LO (A&A) 
610 Wrong number of units distributed. LO (DS) 
613 Wrong units distributed. LO (DS) 
615 Units distributed to wrong trolley. LO (DS) 
650 Trolley is moved to wrong trail. LO (DS) 
660 Trolley is moved to wrong trail (detected by scanner). LO (DS) 
690 Damage to product (entire flower containers are damaged). LO (DS) 
691 Damage to product (single flowers are damaged). LO (DS) 
850 Trolley is delivered to wrong client. LDK 
890 Damage to product (entire flower containers are damaged). LDK 
891 Damage to product (single flowers are damaged). LDK 

 

Of all of the mistakes listed in table 4-1, it is expected that they are related to the workload. The more 

trolleys are processed, the more mistakes are expected. Furthermore, the number of mistakes per trolley, 

or per transaction could also increase with an increasing workload, for example because of time pressure 

or stress. However, only if the mistakes are related to a workload forecast error, they are relevant for the 

cost of forecast error. This could happen if not enough people are scheduled to finish the work in time, 

which could also lead to haste. These two possible effects have to be distinguished. If 9000 trolleys were 
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forecasted for a certain day and in reality 10000 trolleys arrived, it is possible that more mistakes are made 

per trolley than expected, just because there are more trolleys. The question is whether more mistakes are 

made per trolley than in the case that the 10000 trolleys were forecasted accurately.  

Since all the data about these mistakes are stored per day and the workload and forecast errors of the 

workload are also available per day, the relationship between workload and a forecast error on the one 

hand and the mistakes on the other hand can be examined on daily level. The compensation paid to 

clients for each mistake is also stored. All these data go back to 2014. Because it seems obvious that the 

number of mistakes increases with the workload (number of trolleys or number of transactions), the 

number of mistakes per trolley or per transaction is more relevant. Some of the mistakes are made on 

supplied trolley level (mistakes made before distribution), other mistakes are made on logistic transaction 

level (mistakes made during distribution), and other mistakes are made on outgoing trolley level (mistakes 

made after distribution).  Table 4-2 shows the relevant workload unit for each error code. For each day, 

the total number of mistakes of a certain error code is divided by the relevant workload unit.  

Table 4-2:  
Relevant workload unit for each error code. 

Error code Relevant workload unit 

200, 290, 291, 571, 591 Supplied trolleys 
610, 613, 615, 650, 660, 690, 691 Logistic transactions 
850, 890, 891 Outgoing trolleys 

 

We analysed each error code to see if there is a relationship between the relevant workload unit and the 

forecast error of that unit on the one hand and the number of mistakes per workload unit on the other 

hand in the years 2014 and 2015.  

Statistically significant positive correlations (p<0.01) between the relevant workload unit and the number 

of mistakes per workload unit have been found for the following error codes: 610, 613, 690, 850 and 890, 

with correlation coefficients 0.202, 0.138, 0.191, 0.133 and 0.149 respectively. For all other errors, there 

are no significant correlations (in all these cases p>0.05), the correlation coefficients of these vary between 

-0.074 and 0.086. For this analysis, the forecast errors were expressed in percentage error, which can be 

positive (under-forecast) or negative (over-forecast).  

In order to find relationships between forecast errors and the number of mistakes, correlations between 

the percentage forecast error of either the number of trolleys or the number of transactions and the 

number of mistakes of each code per trolley or per transaction have been calculated. For all error codes, 

no statistically significant correlation (with p<0.01) are present. The correlations vary between -0.081 and 

0.075, with a sample size of 501. Also when multiple linear regression is used with the number of logistic 

transactions or the number of trolleys as one predictor and the percentage forecast error of the respective 

workload unit as the other predictor, it appears that for none of the error codes, the percentage forecast 

error of the workload unit is a relevant predictor. So it has to be concluded that mistakes made at the 

logistic department are not the result of forecast errors.  

 

 

 

 

 

 



25 
 

4.3. Cost of forecast error: lead time service level agreements 

Within Royal FloraHolland, the failure to comply with the service level agreements about lead times is 

seen as the biggest problem related to under-forecasts. The lead time is defined as the time difference 

between the transaction moment at the auction clock and the delivery moment of the corresponding 

flowers at the client. Most of the transactions have to be delivered at the client within two and an half 

hours. A small minority of the transactions only has to be delivered within four and an half hours, but this 

lead time is almost always reached anyway (99.6% average in 2015, with only one day lower than 95%). 

More important is the two and an half hours lead time service agreement. Royal FloraHolland wants to 

have a service level of 95%. For this two and an half hours lead time, the logistic department is using the 

following rule of thumb: LO can use two hours to process the flowers and LDK has half an hour left to 

deliver the products to the client (see figure 4-2).  

The lead time service levels of each day are known, as well as the forecast errors of each day and also the 

average lead time of the total of all transactions of each day, so the relationship between the forecast 

errors and the lead times and the service levels can be examined. It is important to note, however, under-

forecasts are not expected to have an impact anymore when more than 10000 trolleys were expected to 

arrive in a day. This is because distribution only has 280 pull wagons, which means that only 280 

distributors can be scheduled at the same time and they are all used when approximately 10000 trolleys or 

more are expected. If there are so many trolleys, the 95% service level is often not reached, but there are 

special agreements with the clients about these days. If there are 10000 till 11000 trolleys, distribution is 

supposed to finish at noon. If there are 11000 till 12000 trolleys, they should finish before 12.30 pm, and 

so on for every extra 1000 trolleys they get half an hour extra time. If it is so crowded, the clients usually 

also need more time to process their own goods. In 2015, 32 of the 255 auction days had more than 10000 

trolleys, mostly Mondays.  

4.3.1. (Lacking) relationship between forecast error and lead time service 

levels 

With the available data (entire 2014 and 2015 for the service levels, entire 2015 for the average lead times, 

every auction day being one case) we examined the effect of the workload forecast errors on the lead 

times and on the service levels. Surprisingly, there was no significant correlation between the percentage 

forecast error of supplied trolleys and the average lead times (r=0.080, p=0.206, N=252), nor was there a 

significant correlation between the percentage forecast error of the logistic transactions and the average 

lead times (r=0.020, p=0.755, N=252) or the split factor percentage forecast error and the average lead 

times (r=-0.067, p=0.291, N=252). And also between these forecast errors and the service levels, no 

significant correlations have been found (correlations ranging from -0.046 to + 0.062, p>0.05, with 

N=501). When the cases with more than 10000 trolleys are excluded (because these are not relevant for 

this analysis), there are still no significant correlations. On the other hand, the percentage error of the 

Figure 4-2: Schematic overview of the process from cool store to client. 
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auctioning speed and the service level are statistically significantly correlated, although the coefficient is 

still rather small (r=-0.144, p=0.002, N=504). Note that a positive forecast error means under-forecast, so 

positive forecast errors are related to lower service levels, so this correlation is the only one that fits with 

the expectations. It is surprising that there is no correlation between the forecast errors of trolleys and the 

split factor on the one hand and the service level or the average lead times on the other hand. If the 

number of trolleys and the split factor are higher than expected, LO has more logistic transactions to 

execute than expected, so one would think that it takes longer to finish the distribution process with the 

scheduled number of people. A few plots are created in order to make sure that there is really no 

relationship at all. The most important plot is shown in figure 4-3. (This one is the most important, 

because according to the planning tool, the number of logistic transactions determines the lead time.) 

Similar plots with trolley forecast error or split factor forecast error on the x-axis or the service level on 

the y-axis, and all combinations of these different x and y axes, show similar results. The scatterplots 

confirm that no relationship between the percentage forecast error of the number of trolleys, the 

percentage forecast error of the split factor or the percentage forecast error of the logistic transactions and 

the daily average lead times or the lead time service levels can be observed in the historical data.  

 

In order to find explanations of this lacking relationship between a (positive) forecast error and the service 

level, a closer look at the logistic process is needed.  

 

 

  

Figure 4-3: Scatterplot between logistic transactions forecast error and daily 
average lead times. 
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4.3.2. Explanation of the lacking relationship 

LO is responsible for distribution and for transporting the trolleys to and from the auction clock every 

morning. The latter is done by A&A, which is part of LO. The actual distribution is done by distributors, 

but there is also a supportive shell, consisting of several different types of workers who keep the 

distribution process running, namely: layer handlers, path stewards and empty trolley drivers (see figure 4-

5). Management and administration are excluded from this analysis, because their schedules are 

independent from the workload. LO is planning its workforce with an Excel tool, containing several 

formulas to calculate how many workers are needed of each type. Figure 4-5 shows the workforce 

planning of LO as a black box with its input and output variables.  

Figure 4-5: Input and output variables for LO's workforce calculation. 

The formulas used to calculate how many workers LO expects to need, and for how many hours, are 

shown in appendix B. There is one decision variable in the planning tool, the process finishing time. It is 

usually planned to finish 80 minutes after the expected average auction finishing time.  As a rule of thumb, 

90 minutes should be enough to reach the lead time service level. They plan to finish 80 minutes after the 

average auction finishing time in order to have 10 minutes slack time. Sometimes, the planner deviates 

from these 80 minutes, for example because it is not feasible to reach it (during busy days). The formulas 

give some interesting insights. In the planning tool, the process duration of distribution depends linearly 

on the distributors only. The supportive shell is supposed to keep up with the tempo of the distributors. 

Furthermore, the productivities are fixed, except the distributors productivities which depend on the 

weekday.  So in the planning tool, the distribution process takes longer if there are more logistic 

transactions while the number of distributors remains equal. So if the planning tool is completely accurate, 

the lacking relationship between a forecast error and the service levels still is not explained.            

At the end of each day, the actual numbers of all the variables are entered in the planning tool, to compare 
the reality with the planning. Analysis of these data shows the explanation of the lacking relationship 
between forecast errors and lead times (or lead time service levels). The explanation is threefold: firstly, if 
there are more trolleys than expected, the auction process itself also takes longer (shown in figure 4-6). 
Secondly, the productivity measured in logistic transactions per man per hour increases with an increasing 
split factor. Finally, the productivity increases when fewer distributors are working in the distribution area. 
These three findings are now explained in more detail. 

The lead times are measured from the transaction moment at the clock, until delivery at the client, so if 

the auction process takes longer, the logistic departments also have more time to process the trolleys. 

However, this does not fully explain the lacking relationship, because the auction process is always faster 

than the distribution process. The rest of the lacking relationship appears to be caused by an increased 

productivity. The productivity, measured in logistic transactions per man per hour, increases both with a higher 

Workforce 

calculation 

 Nr. of workers: 

 Distributors 

 Layer handlers 

 Path stewards 

 Empty trolley 

drivers 

 A&A 

 Hours per worker 

 Nr. of supplied trolleys 

 Split factor 

 Auctioning speed 

 Expansion factor 

 Productivities: 

 Distributors 

 Layer handlers 

 Path stewards 

 Empty trolley drivers 

 Planned time between 

auction finishing time and 

distribution finishing time 
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split factor and also with a lower number of working distributors. It increases with a higher split factor, 

because a higher split factor means more logistic transactions per trolley. Even though the number of 

logistic transactions is a reasonable estimator of distributions workload, in fact it is easier to distribute a 

low number of trolleys with a high split factor than vice versa (with the same total number of logistic 

transactions), because picking up a new trolley involves extra travelling distance. The data also show that 

productivity increases when there are less distributors working. This finding is slightly different from the 

existing idea that productivity decreases when there are more trolleys. It is indeed true that there is a 

negative correlation between the number of trolleys and the distributors’ productivity (-0.205, p<0.01) but 

there is also a negative correlation between the number of working distributors and their productivity (-

0.276, p<0.01). When both factors are used as predictors in a multiple regression analysis with the 

productivity as dependent variable, the number of trolleys is not a significant predictor anymore, while the 

number of working distributors is (table 4-3). Note that this analysis is made using all the available data, 

including the days with more than 10000 expected trolleys. Excluding these days leads to similar results. 

So, concluding from this analysis, the productivity is indeed lower on days with more trolleys, but that is 

just because there are also more distributors on these days. 

Table 4-3 

Multiple regression analysis, productivity not influenced by number of trolleys. 

Variable B SE B β t Sig. 

(Constant) 36.67 .77  47.63 .00 
Number of trolleys 
 

6.3E-005 .00 .07 .82 .41 

Number of distributors -.02 .01 -.34 -4.32 .00 
R2 .08 

20.4 F 

 

As explained, the split factor also influences the productivity of the distributors. The split factor and the 

number of distributors that are working can be used to predict the average productivity at a certain day. 

The average auctioning speed can be predicted on the basis of the number of supplied trolleys and which 

weekday it is (because Thursday deviates from the other days, as can be seen in figure 4-2). With the 

auctioning speed, the expected auction finishing time can be calculated. The service level is highly 

dependent on the time lag between the auction finishing time and the distribution finishing time (which 

can also be calculated, using the number of transactions and the productivity). 

Figuure 4-6: Relationship between number of trolleys and auction finishing time  
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Using these relationships, the expected impact of very large forecast errors can be calculated. This has 

been done with a set of extreme scenarios. The impact of the following forecast errors has been tested: 

20% more trolleys and 0% higher split factor, 40% more trolleys and 0% higher split factor, 0% more 

trolleys and 10% higher split factor, 0% more trolleys and 20% higher split factor, 12% more trolleys and 

7% higher split factor, 25% more trolleys and 12% higher split factor. The impact of these errors have 

been tested on two sets of expected workloads: 5000 trolleys with a split factor of 4.5 and 8000 trolleys 

with a split factor of 4.9. These two sets both have less than 10000 trolleys, because when there are more 

than 10000 trolleys, the maximum capacity of LO is reached which makes a workload forecast error not 

relevant anymore for reaching lead times. Note also that under-forecast errors of 20% or 40%, in the case 

of trolleys and 10% or 20% in the case of the split factor are huge and very unlikely to happen (from 2013 

till 2015, there were only four days with a week-ahead trolley under-forecast greater than 20% and only 

two days with a split factor under-forecast greater than 10%). The results are shown in table 4-4. 

Table 4-4 
Expected effect of very large forecast errors. 

* This auctioning speed is based on the regression model presented in chapter 5.3 with the real number of trolleys and the real 

split factor as input and is assumed to be the real auctioning speed for this analysis.  

** The expected service level is based on the regression model shown in appendix C with the time lag between the real 

distribution process finishing and auction process finishing as input. Note that an expected service level of 95% is not 

desirable, because there also is random noise. The planning of LO aims for a time lag of 1:20 hours between distribution 

finishing and auction finishing, which corresponds to an expected service level of 97.1%.   
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20% Trolleys 199 5000 4,5 2312 6000 4,5 2371 8:31 10:13 94,9 

40% Trolleys 199 5000 4,5 2312 7000 4,5 2431 8:52 10:51 90,0 

10% Split factor 199 5000 4,5 2312 5000 5 2201 8:16 9:47 96,4 

20% Split factor 199 5000 4,5 2312 5000 5,4 2089 8:23 9:58 96,0 

12% Trolleys & 
7% Split factor 

199 5000 4,5 2312 5600 4,8 2268 8:28 10:08 95,3 

25% Trolleys & 
12% Split factor 

199 5000 4,5 2312 6250 5 2253 8:46 10:40 91,6 

20% Trolleys 241 8000 4,9 2128 9600 4,9 2223 10:19 11:52 96,1 

40% Trolleys 241 8000 4,9 2128 11200 4,9 2318 10:49 12:43 92,0 

10% Split factor 241 8000 4,9 2128 8000 5,4 2007 9:59 11:16 97,2 

20% Split factor 241 8000 4,9 2128 8000 5,9 1886 10:14 11:30 97,3 

12% Trolleys & 
7% Split factor 

241 8000 4,9 2128 8960 5,2 2101 10:15 11:44 96,6 

25% Trolleys & 
12% Split factor 

241 8000 4,9 2128 10000 5,5 2101 10:45 12:29 94,6 
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The scenarios are chosen to see when the forecast error will influence the lead times, because this 

relationship has not been found in the actual data. Apart from the found productivity relationships, the 

table is also based on the planning formulas of LO (appendix B) and the auctioning speed regression 

models (chapter 5.3). 

The only forecast error that is correlated with the service levels, is the auctioning speed forecast error. In 

order to estimate the size of the effect, multiple regression analysis is used with the real workload variables 

as predictors in order to control for their effect. So the predictors are: number of trolleys, split factor, 

auctioning speed, expansion factor and auctioning speed percentage forecast error. The dependent 

variable is the lead time service level. In this regression analysis, both the auctioning speed and the 

auctioning speed forecast error are no statistically significant predictors (p>0.05), while the other three 

variables are statistically significant (p<0.01). This means that when all five predictors are taken into 

account, changes in the forecast error of the auctioning speed did not predict changes in the lead time 

service level in 2014 and 2015, while changes in the other variables did have an effect on the service level.  

So, to conclude chapter 4.3: the effect of under-forecasts on the lead times has been explored. Based on 

actual forecast error and lead time data, no relationship can be found between under-forecasts and lead 

times. However, when forecast errors become very large, it is still expected that the lead times suffer from 

it. How large this effect is exactly is hard to say, because other factors also influence it, especially the 

absolute number of trolleys. Table 4-4 gives an indication of the size of the effect. If there are 20% more 

trolleys than expected, the expected lead time service level drops from 97.1 to somewhere between 94.9 

and 96.1. If there are 40% more trolleys than expected, it drops to an expected level between 90.0 and 

92.0, which is very low. However, trolley forecast errors larger than 20% are very rare. A large split factor 

forecast error is less problematic. A 20% higher split factor than expected, can make the expected service 

level drop from 97.1 to 96.0 (on a quiet day), but it can even increase the expected service level slightly on 

a busy day. This limited effect of a split factor forecast error is the result of two side-effects: a higher split 

factor delays the auctioning process (and the lead times are measured from the moment of transaction at 

the auction) and a higher split factor increases the productivity in terms of logistic transactions per man 

per hour. Since trolley forecast errors larger than 20% and split factor forecast errors larger than 10% 

hardly ever occur, and the mere effect of a forecast error also gets blurred by random noise, in practice the 

effect of a forecast error on the lead times is negligible.  

This result raises the question of whether the planning could be more tight. If under-forecasts do not lead 

to lead time problems, could the logistic department use fewer people and reach the same lead times? The 

current planning formulas also do not take into account the positive effects of a higher split factor and 

fewer distributors on productivity.  Strictly speaking, this is out of scope for this forecasting research, but 

because of the potential cost benefits, a quick examination of this topic is elaborated in paragraph 4.6.  

 

4.4. Cost of forecast error: unnecessary personnel costs 

When there is an over-forecast, the unnecessary personnel costs are seen as the biggest cost effect of the 

forecast error. For LO the size of this effect can be estimated quite accurately, because their workforce 

planning is based on explicit formulas which are used in an Excel tool. For LDA and LDK, it is somewhat 

harder to estimate the size of the costs, since their planning is not based on explicit formulas. LDK’s 

planning is not even based fully on expected workload, but also on fixed schedules of employees. For 

LDA and LDK, the estimate of the cost effect is based on the total used hours in a week and the total 

workload in that week. Such approximations are quite rough.  
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Table 4-7:  
Planning distribution with different amounts of trolleys while split factor, expansion factor and auctioning speed are fixed. 

 

For LO, the formulas from appendix B are used again. If the split factor, the auctioning speed and the 

expansion factor are assumed to be fixed on their average values (4.78, 2220 and 1.72 respectively), the 

effect of a change in the number of trolleys on the number of used hours can be estimated with these 

formulas. The productivity values are also assumed to be fixed, the productivities of Tuesday, Wednesday 

and Friday are used (Monday and Thursday have slightly different productivities, as shown in appendix B). 

A&A is excluded from this analysis, because A&A is using a more or less equal amount of workers 

everyday who just work until their job is finished. Management and administration functions are also 

excluded because they also use fixed schedules. Table 4-7 shows the number of workers and the number 

of hours that distribution is using with different amounts of trolleys.   

The number of hours used is linearly related to the number of trolleys. Only the breaks that come into 

effect after 4000 and after 8500 trolleys make the relationship deviate a bit (R2=0.996) from the linear line: 

−48 + 0.2063 ∗ 𝑇𝑟𝑜𝑙𝑙𝑒𝑦𝑠, so for every extra trolley, it is estimated that 0.2063 extra hours are spent.  

If there is an over-forecast, there are more workers present than needed. If there are more workers 

present, not all extra man hours are wasted. The process can be finished earlier, and the employees get 

paid only for the hours that they actually work. However, in that case the process is not as efficient as it 

could have been. The management of LO assumes that the hours that are planned on top of the hours 

that were actually needed, are only effective for 75%. It is not possible to verify this assumption with the 

available data, so for now it is assumed that 25% of the hours that are planned on top of the needed hours 

are wasted. This waste is said to be caused by a decrease in productivity, because the number of workers, 

also in the supportive shell, is not optimal anymore. Sensitivity analysis is needed to show the impact of a 

change in this assumption. This assumption results in an estimation of the over-forecast costs for LO of 

0.0516×hourly loan costs.  

For LDA, it is assumed that the number of hours needed is also linearly related to the number of trolleys. 

This assumption is supported by the data (see appendix D). For LDA, data is only available about the total 

number of trolleys, including trolleys with plants and trolleys for direct trade. Plants and direct trade are 

out of scope for this report, but it is assumed that for LDA the amount of work required per trolley is 

independent of the product type and whether it is a trolley for the clock or for direct trade. In fact, only 

Trolleys #Distributors #Workers in 
supportive 

shell 

#Total 
workers 

Distribution 
process duration 
(including paid 
break) in hours 

Distribution 
man hours 

Supportive 
shell man 

hours 

Total man 
hours 

3500 185 49 234 2.74 507 134 642 

4000 195 52 247 2.97 579 154 733 

4500 228 60 288 3.19 728 192 920 

5000 235 63 298 3.42 803 215 1019 

5500 241 64 305 3.64 878 233 1111 

6000 246 65 311 3.87 952 251 1203 

6500 250 67 317 4.10 1024 274 1298 

7000 254 69 323 4.32 1097 298 1395 

7500 258 68 326 4.55 1173 309 1482 

8000 261 70 331 4.77 1245 334 1579 

8500 264 71 335 5.00 1319 355 1673 

9000 276 74 350 5.22 1441 386 1827 

9500 278 75 353 5.45 1514 408 1922 

10000 280 75 355 5.67 1588 425 2013 
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56% of the trolleys in 2015 were trolleys with flowers for the clock. Regression analysis with the number 

of supplied trolleys in a week as independent variable and number of used hours as dependent variable 

resulted in the following relationship: For the entire sub-department LDA, approximately 0.0434 hours of 

work is required for every extra trolley. Appendix D shows the entire output of the regression analysis. 

This analysis is based on data from 2014 and 2015. Unlike LO, LDA cannot effectively use superfluous 

workers. LDA has to move the trolleys, which arrive by truck between 4 pm and 4 am, to the cool store. 

In order to do this, there just have to be enough workers present. If there are too many, they cannot finish 

the work earlier, as the trucks keep arriving until 4 am. So for LDA it is assumed that all hours that are 

used while it was not necessary are lost, so for LDA the over-forecast costs are estimated to be 

0.0434×hourly loan costs per over-forecasted trolley.  

For LDK, a similar analysis is made as for LDA (see appendix E). The spent hours are predicted with the 

number of trolleys in a linear regression analysis. Based on this analysis, it is estimated that 0.0346 hours 

are needed for every extra supplied trolley at LDK. Again, this is just a linear approximation based on the 

past and also for LDK it is assumed that the spent hours are equal for flower and plant trolleys and for 

trolleys for the clock and for direct trade. Supplied trolleys are used, because they are forecasted and 

outgoing trolleys are not forecasted. Just like at LO, the hours that are used while it would not have been 

necessary in retrospect, can only be used partly efficiently. It is assumed that the superfluous hours are 

25% effective, so the other 75% can be seen as wasted. So the costs of an over-forecast for LDK are 

estimated to be 0.0326×hourly loan costs per over-forecasted trolley.  

4.5. Total cost of forecast error 

The costs of superfluous personnel, the effect of a forecast error on service level agreements and the costs 

due to mistakes (for LO and LDK) are examined. The latter one includes client complaints, as they are 

also stored in the system as mistakes. For an analysis about mistakes made at LDA, adequate data is 

missing. Since the forecast cost effect of mistakes by LO and LDK turned out to be marginal, possible 

costs due to mistakes at LDA are ignored in this analysis. What remains are the costs of a last-minute 

search for extra workers at LDA and the costs of dissatisfied personnel at LDK. Both of these are hard to 

quantify. The last-minute search can be seen as extra costs for using personnel, on top of the normal 

hourly loan costs. It was estimated that LDA used 0.0434 hours for every extra trolley. For an under-

forecast, if extra workers are used to do the extra work, the normal loan costs are not a cost effect of a 

forecast error, since they also would have been made if the workload was forecasted accurately. However, 

the last-minute search for extra workers is only needed if there is an under-forecast. These costs are 

assumed to be 10% of the extra hours that are searched for, so 0.00434 hours for every under-forecasted 

trolley. Dissatisfied personnel is hard to quantify in terms of costs. Still, it is an undesirable effect of an 

under-forecast. With dissatisfied personnel, we mean that workers are unhappy because they have to work 

longer than they had expected. This is undesirable in itself and additionally, dissatisfaction could increase 

the number of mistakes due to fatigue or lower motivation. In order to take this undesired effect into 

account, it is modelled as a cost effect of an under-forecast. The dissatisfaction effect will be modelled as 

1 euro costs for every hour overtime, resulting in 0.0434 euros for every under-forecasted trolley. This 

assumption is a wild guess, because it is hard to quantify.  

Table 4-8:  

Personnel costs per hour per department 

 
 

 

 

 

Department Costs per hour 

LDA €30.92 
LO €24.55 
LDK €27.70 
Search and correction €36.75 
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Now that all potential cost effects are estimated, an estimation of the total cost of the forecast error of 

supplied trolleys can be made. The average hourly loan costs of the employees per department are shown 

in table 4-8. These costs include premium pay for irregular working times.  

All cost effects are related to the forecast error in number of trolleys, except the costs of error 690, which 

are related to the percentage error of number of transactions. In order to take them into account in the 

same analysis, an estimation is made about the cost effect per over- and under-forecasted trolley. In case 

of over-forecast, it was estimated that the paid damages increased with 0.110×10-3 per transaction for 

every extra percent of over-forecasted transactions. In case of under-forecast, the paid damages are 

estimated to decrease with 0.110×10-3 per transaction for every extra percent under-forecast. With an 

average number of trolleys (7600) and an average split factor (4.78), this would mean that the paid 

damages increase with €0.05260 for every over-forecasted trolley and decrease with €0.0526 for every 

under-forecasted trolley. The extra minutes that ‘search and correction’ spends are then estimated to be 

0.0156 higher (€0.00956, with hourly loan costs of €36.75) for every extra over-forecasted trolley. 

Together with the paid damages, this makes €0.0623 per trolley. However, this effect was not estimated to 

be linear with the forecast error in trolleys, but with the percentage error of forecasted transactions, which 

makes the estimation per trolley less reliable when the number of trolleys or the split factor deviate from 

their average. Table 4-9 and table 4-10 show the estimated costs of over- and under-forecasts.  

Table 4-9:  
Cost of over-forecast 

Cost driver Cost estimation 

Personnel costs (LDA) 0.0434×€30.92 per over-forecasted trolley 
Personnel costs (LO) 0.0516×€24.55 per over-forecasted trolley 
Personnel costs (LDK) 0.0326×€27.70 per over-forecasted trolley 
Total over-forecast costs €3.57 per over-forecasted trolley 

 

Table 4-10:  
Cost of under-forecast 

Cost driver Cost estimation 

Last-minute search for extra workers (LDA) 0.00434*€30.92 per under-forecasted trolley 
Dissatisfied personnel (LDK) € 0.04 per under-forecasted trolley 
Total under-forecast costs € 0.17 per under-forecasted trolley 

 

So the total cost effect of the forecast error (in number of trolleys), based on the assumptions that are 

made, is estimated to be €3.57 per over-forecasted trolley and €0.11 per under-forecasted trolley, with the 

notion that with very large under-forecasts, the lead time service levels decrease and are expected to drop 

below 95%. This starts to happen with errors of approximately 20%.   

Table 4-11: 

Sensitivity analysis of the assumptions about the percentage of waste of surplus hours of LO and LDK on the cost per over-

forecasted trolley. 

LO surplus waste  LDK surplus waste  

 50% 75% 100% 

0% € 2.00 € 2.30 € 2.60 
25% € 3.27 € 3.57 € 3.87 
50% € 4.54 € 4.84 € 5.14 

 

Furthermore, it is important to note that two decisive assumptions are made which could not be verified 

with the available data, namely to what extend man hours are wasted which are planned on top of the 

amount which was used if the exact number of trolleys was known beforehand, both at LO and LDK. For 

LO it is assumed that 25% of these hours are lost and for LDK 75%. (For LDA there is not much 
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uncertainty about the assumption of wasted surplus hours, as explained before).  Table 4-11 shows the 

effect of changes in these two assumptions on the costs of an over-forecast. Changes of 25 percentage 

points in both assumptions to both sides are shown. The sensitivity analysis shows that these two 

assumptions are decisive for the personnel cost of an over-forecast. With these results we conclude 

chapter 4.5. 

4.6. Workforce planning using new productivity insights 

This paragraph shortly examines the potential benefits of using the newly gained insights about forecast 

errors, productivity and lead times in the workforce planning. This is necessary to answer how to deal with 

the asymmetry between over- and under-forecast costs. We found that a trolley forecast error only leads to 

lead time problems when there is a very large under-forecast. With the actual data, no relationship was 

found at all, because the actual forecast errors are usually not very large. Furthermore, productivity turned 

out to increase when fewer people where used and when the split factor was higher.  

Currently, LO’s planners are using fixed expected productivities for each weekday, which is a very simple, 

but still quite accurate estimation of the daily productivities. We have attempted to explore what would 

have happened in 2014 and 2015 if not these simple estimates had been used, but instead the regression 

models presented in chapter 4.3 had been used by the planning department. One would expect that if the 

planning uses more accurate estimates, it should be possible to plan more precise and reduce costs. The 

simple productivity estimates that are used now, have a MAPE of 4.2%. If the regression model had been 

used to make productivity estimates and the actual trolley and split factor forecasts of 2014 and 2015 had 

been used as input, besides the number of distributors, for these models, this would have led to a MAPE 

of 3.9%. However, these models rely on accurate trolley and split factor forecasts, so instead we have used 

the results of our models (which are presented in the next chapter) as input for this productivity model.  

This reduces the MAPE of the productivity to 3.2%. So the regression model with the expected trolleys 

and split factor as input works significantly better than the current simple estimates, but it relies also on 

good trolley and split factor forecasts.  

The question is: what is the effect of using these insights in the planning system of LO? This is very hard 

to measure given the available data, because if the productivity is estimated using regression, with the split 

factor, number of trolleys and number of distributors as input, the optimal number of distributors also 

changes. The actual historical productivities are known, but we know that if the number of distributors 

changes, productivity changes as well. So these historical productivities are not relevant if we test scenarios 

with different amounts of distributors.  

Therefore, we used an alternative way to examine the benefit of using more accurate productivity 

estimates. Three different scenarios are compared: 

1. The actual productivity is known, and used by the planners of LO beforehand. 

2. The actual productivity is not known, but LO’s simple estimates are used. (Reality of 2014, 2015)  

3. The actual productivity is not known, but the regression models are used to predict it, with the 

split factor en trolley forecasts from chapter 5 as input.  

With the formulas that LO is using (Appendix B) we can calculate how many man hours would have been 

scheduled in these three scenarios on a daily basis in 2014 and 2015. It turns out scenario 2 (which is 

reality) differs 3.8% on average (mean absolute daily deviation) from scenario 1, while scenario 3 differs 

3.6% (mean absolute daily deviation) from scenario 1. So this theoretical examination only shows a small 

benefit of using the more accurate productivity estimates. This is probably because there are still so many 

other variables which are stochastic, that estimating only one relatively unimportant factor (at least when 

compared to the number of trolleys, for example) more accurately has only a small effect.  
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5. Forecasting models  

In this chapter, we explain the designed models for the different workload factors. The trolley forecasting 

model is described in chapter 5.1. Chapter 5.2 describes the split factor model, which shows a lot of 

similarities with the trolley forecasting model. The auctioning speed forecasting model is explained in 

chapter 5.3, and the expansion factor forecasting model is described in chapter 5.4.  

5.1. Trolley forecasting 

In order to construct forecasting models for the number of supplied trolleys, several experts from Royal 

FloraHolland have been interviewed about expected influences of external variables.  If external variables 

have a strong influence on the number of supplied trolleys and if these external variables are known or 

can be accurately forecasted themselves, it should be used in forecasting. When such variables exist, good 

multivariate models tend to outperform univariate models (Allen and Fildes, 2001). Based on the 

interviews, the following potentially useful external influences have been identified: holidays, weather, 

flower prices at the auction, weekdays. In the current forecasting process, the forecasters take into account 

at least the holidays and the weekdays and sometimes also the weather in the Netherlands and in Kenya 

(which is Flora Holland’s second largest supplying country of flowers) although the impact of the weather 

is hard to take into account.  

A quick look at a graph of the daily supplied trolleys (appendix F) clearly shows the impact of weekdays; 

the graph shows a clear weekly rhythm. It is also clear that some holidays, such as Valentine’s day and 

Christmas, have a huge effect on the number of supplied trolleys. So there is no doubt that holidays and 

the day of the week should be part of any trolley forecasting model. Whether the weather and the flower 

prices can help to improve a forecasting model had to be investigated in more detail, which is done in the 

next paragraphs.  

5.1.1. Weather 

Daily weather data from De Bilt (The Netherlands), Nairobi (Kenya) and Addis Ababa (Ethiopia) are used 

to find relationships with changes in the supplied number of trolleys, corrected for the weekday, from the 

respective country. (Historical data shows the daily number of trolleys per country of origin.) The 

locations of Nairobi and Addis Ababa are chosen based on the distance to most of the flower growers in 

Kenya and Ethiopia. The Netherlands is so small, that it is assumed that De Bilt is close enough to all 

Dutch growers to represent the respective local weather. Of all the available weather variables, the only 

ones that are correlated with the number of supplied trolleys are the daily minimum and the daily 

maximum temperature. However, these two are also strongly correlated with each other, so only the daily 

maximum temperature is chosen for further analysis, since the correlation between daily maximum 

temperature and the weekday corrected number of supplied trolleys was highest (0.781 for the 

Netherlands, 0.451 for Kenya, 0.346 for Ethiopia, p<0.01 for these three correlations).  

This correlation, however, is not useful as such. When the temperature is high, it influences the growth of 

the flowers but after that, it takes some time before these flowers are cut and transported to the auction, 

especially for flowers from Africa. The correlations exist probably only because of a yearly pattern with a 

higher supply during the spring and summer and a lower supply during the autumn and winter. This 

becomes clear when the correlation between the number of supplied trolleys (corrected for the weekday) 

and the long term average temperature of the respective day is calculated. These correlations are higher 

than the correlations between the trolleys and the actual temperatures (0.896 for The Netherlands, 0.661 

for Kenya and 0.546 for Ethiopia, p<0.01 for all three)! 

So the correlation between the maximum temperature and the supplied trolleys is caused by a yearly 

pattern, which is already known. In order to check the real effect of the weather on the daily number of 

supplied trolleys, a few other corrections have been made. Firstly, instead of using the maximum daily 

temperature, the daily temperature difference between the actual maximum temperature and the long term 

average maximum temperature of that day is used (so when it is 10 degrees Celsius in De Bilt on a winter 
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day when it is usually 4 degrees Celsius, this ‘relative temperature’ is +6 degrees). Secondly, the time lag 

between the day with the relevant weather and the auction day which is influenced by that weather is 

searched for. After these corrections, it turns out that the Dutch weather of three till four days ahead of 

the auction day is most relevant (the average relative temperatures of these two days are correlated 0.268, 

p<0.01, with the number of supplied trolleys) the Kenyan weather of six till ten days ahead of the auction 

day is most relevant (the average relative temperatures of these five days are correlated 0.319, p<0.01, with 

the number of supplied trolleys). The Ethiopian daily weather does not correlate with the number of 

trolleys from Ethiopia. This could be caused by the low changes in the Ethiopian weather or maybe the 

weather data from Addis Ababa is either not reliable or it does not accurately represent the weather at the 

locations of the flower growers in Ethiopia. However, other weather stations in Ethiopia are even located 

further away from most of the growers.  

So it can be concluded that the weather does have an impact on the number of supplied trolleys. It is 

important, however, to be careful when analysing the effect. The found correlations between the 

maximum temperature in the Netherlands, three to four days before the auction day and in Kenya, six to 

ten days before the auction day, will be used in the forecasting model as described in the paragraph 1.3 of 

this chapter.  

5.1.2. Prices 

Average cut flower prices are also correlated with the number of supplied trolleys, but again, this probably 

reflects some kind of yearly season, influenced by holidays. Only when daily effects are visible, it can add 

something to forecasting, because long term seasonal effects can be constructed on the basis of historical 

data without using flower prices. Therefore, also for the flower prices the effect has been investigated on a 

daily level. Long term average prices at each date are not known (unlike maximum temperatures), so 

instead, the number of supplied trolleys is adjusted to find daily effects. Instead of using weekday 

corrected number of supplied trolleys, the difference between the number of supplied trolleys on a day 

with the surrounding 40 days is compared with the cut flower prices. This is done for the two largest 

groups of flowers at the auction, roses and chrysanthemums and no significant correlation has been found 

between the cut flower prices and the daily changes in the number of supplied trolleys of the respective 

group of flowers. Based on this, it is concluded that flower prices cannot be used to improve forecasting.  

5.1.3. Trolley forecasting model  

Since it is known that the daily weather of The Netherlands and Kenya have an effect on the number of 

supplied trolleys, it should be used in the forecasting model. However, weather explains only a small share 

of the variation in the number of trolleys. Other input that is useful to forecast the amount of trolleys 

consists of: historical numbers of supplied trolleys, holiday dates and the day of the week. As explained 

before, the impact of holidays cannot be underestimated (see as well Appendix G). Holidays such as 

Valentine’s Day, International Women’s Day or Mother’s Day increase the demand for flowers and the 

growers supply more flowers ahead of these holidays. On other holidays, like the Dutch Kings Day or 

Ascension Thursday, the auction is closed, resulting in more supply the day afterwards, because the 

flowers keep growing and have to be sold. Finally, some holidays both increase sales and are free days, 

such as Christmas or Easter (Monday). Apart from these holidays, the supplied number of trolleys also 

shows a seasonal pattern. In spring and summer, more trolleys are supplied than in autumn and winter.  

To take into account the effect of holidays, while still being able to use powerful forecasting techniques 
that can handle seasonal effects, the time series can be decomposed for the holidays. In demand 
forecasting, this technique has proven to be helpful in forecasting demand during promotions (Leonard, 
2001). The effect of holidays on the number of supplied trolleys is comparable to the effect of 
promotions. It is known beforehand when the holidays take place and that they increase the supply and 
besides, a lot of historical data is known about the supply during holidays. Based on these historical data, 
holiday decompositions can be constructed. For holidays with a fixed weekday (such as Easter, Pentecost, 
Mother’s Day), this is still relatively straightforward. Supplied trolley data is available from the beginning 
of 2009 till now. 2009 to 2015 are used to construct the holiday decompositions. When the holiday has a  
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Step 1.

Holiday period 
identification:

Estimate where the 
effect of the holiday 
starts and ends.

Step 2.

Holiday period 
interpolation:

Use one week from 
before and one week 
from after the period 
infuenced by the 
holiday, to linearly 
interpolate this period.

Step 3.

Holiday period effect 
estimation:

Divide the real 
numbers of supplied 
trolleys by the 
constructed numbers 
based on interpolation 
to isolate the 
(multiplicative) effect 
of the holiday.

fixed weekday, the effect of the holiday can be based on 7 years of history. This is done using the 

procedure shown in figure 5-1. 

Figure 5-1: Holiday correction method 

The identification of the period that is influenced by the holiday is quite arbitrary, but we found that for 

most holidays that increase the supply, the effect starts two weeks before the actual holiday and ends the 

last auction day before the holiday. Cannibalization effects (decreased supply after holidays) have not been 

found for any holiday. For holidays that are non-auctioning days, the effect is usually found only in the 

two days following the holiday. When the critical period is identified, a fictitious time series for this period 

can be constructed, based on linear interpolation between the two normal weeks outside the critical 

period. This fictional time series represents the expected supply if the holiday did not exist. Then, the truly 

delivered number of trolleys is divided by this interpolated number of trolleys in order to isolate the effect 

of the holidays. This is done for every year and, by averaging the available seven years, a quite reliable 

decomposition is made. However, for holidays that are not fixed to a weekday, but to a specific date (such 

as Valentine’s day and International Women’s day) it is more complicated, because their effect interferes 

with the weekday pattern. For these holidays, unique holiday decompositions are made for every weekday 

on which the holiday can take place. There are 7 years of history available, with 6 different weekday 

patterns. Due to leap years, one weekday pattern is missing. So every holiday occurred on 6 different 

weekdays in the past 7 years. For these weekdays, the decomposition is based on the single year in which 

the holiday took place on that weekday.  
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Figure 5-2: International Women’s Day in different years (each line represents a year with the holiday on a different weekday, which is 
shown in the legend) with weekdays on the x-axis.  
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For the missing weekday, the decomposition is interpolated between the decompositions on the 

surrounding weekdays. So for these holidays, the holiday decompositions are based on one data point only 

(the year in which the holiday had the same weekday). This is done because the interfering effect of the 

weekdays and the holidays is unique for each holiday with a different weekday. We use the corrections for 

International Women’s Day as an example to illustrate this. Figure 5-2 shows the International Women’s 

Day corrections for the different weekdays on which this holiday occurs. The x-axis shows the day of the 

week, with a number. Week number three is the week with the holiday (not the conventional week 

numbering, just one to three for this example). The end of each line is the International Women’s Day. 

One can see in figure 5-2 that the effect depends on the weekday and on how many days there are left to 

the holiday. In the year in which International Women’s day occurred on a Saturday, the Thursday in the 

week before had a huge peak. This peak occurs because it is a Thursday (which has more room for extra 

supply, because usually Thursdays are quite quiet) and it is a week and a day before the holiday. The 

Thursday peak of the series with the holiday on Tuesday, in the week before the holiday week, is much 

smaller, because more time is left until the holiday. So the holiday corrections should not be based on the 

nth weekday before the holiday. However, figure 5-3 shows that they can neither be based on the nth day 

before the holiday. Figure 5-3 shows the same pattern, but now with another x-axis. All lines are following 

the same dates in this figure, but now the weekdays on these dates are different. One can still recognize 

the Thursday peak, occurring on different dates.  

So the holiday decompositions for the holidays with a fixed date (Valentine’s Day, International Women’s 

Day and Christmas) are now based only on the year which has the same weekday for that holiday, which 

makes that these are based on one data point only. This is a weakness of these holiday corrections, but it 

cannot be solved with the amounts of data that are available. Also averaging out different holidays with 

each other is problematic, because the patterns look different. Christmas is totally different from the other 

two days, and Valentine’s Day and International Women’s Day differ in the sense that Valentine’s day has 

a stronger maximum peak, where International Women’s Day corrections have a more flat curve.  

By decomposing the supplied number of trolleys for all these holidays, a time series arises which is easier 

to predict using standard univariate forecasting methods. A comparable method is used to take the 

weather into account. The supplied number of trolleys are corrected for the weather, using the 

relationships explained in paragraph 1.1 of this chapter. What remains is a time series that is corrected for 

holidays and weather, but which still has a yearly season and a strong weekday pattern.  
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Table 5-1:  

Trolley forecasting model performance (Holt-Winters linear trend model with multiplicative seasonal smoothing) 

  

Table 5-2:  
Trolley forecasting model performance (Damped trend model with multiplicative exponential smoothing) 

 

This time series is suitable to forecast with univariate forecasting models. One univariate forecasting 

technique that keeps performing well and has won multiple forecasting competitions is damped trend 

exponential smoothing (Armstrong, 2001b) (Fildes et al., 2008). This method can also be extended with a 

seasonal component. Gardner (1985) gives an overview of the most important varieties of exponential 

smoothing. The Holt-Winters linear trend model with multiplicative seasonal smoothing, and the damped 

trend model with multiplicative exponential smoothing are both tried to compare their performance. To 

take into account the effect of weekdays, the seasonal factor does not look back simply 365 days, but it 

looks back to the same weekday closest to 365 days ago. This way, both the weekday as well as the yearly 

seasonal pattern are captured by the seasonal component. The forecasted time series is then corrected 

back for the holidays and the weather again. After the smoothing parameters were optimized, both 

different varieties of exponential smoothing showed comparable results. The Holt-Winters linear trend 

model with multiplicative exponential smoothing is used, because it is slightly easier to apply. The final 

forecasting accuracies are shown in table 5-1. The results of the damped trend model is shown in table 5-

2. It is clear that the models are very much alike. This is probably because the trend factor is negligible 

anyway with the chosen parameters. The forecasts are made on Tuesday, for all days of the next week, just 

as in the current process. Note that 2010 to 2015 are within sample: the methods and parameters of the 

model are based on 2009 to 2015. 2016 is out of sample and gives a better estimation of the MAPE that 

can be expected in the future. 

There are two benchmarks to compare these results with. Firstly the current forecasting methods which 

had a MAPE of 5.3% in the first 8 months of 2016 and 5.4% in 2013-2015. Secondly, in another project a 

commercial planning and forecasting software package is used to forecast the trolleys in 2016. These 

software package forecasts had a MAPE of 7.9% in 2016. Compared with the best benchmark (the 

currently used forecasting method), the model we propose is expected to have an accuracy which is 

approximately 26% better in terms of MAPE.  

 

 

  

Year MAPE 

2010 3.9% 
2011 3.3% 
2012 3.1% 
2013 3.6% 
2014 3.2% 
2015 3.6% 
January – August 2016 (out of sample) 3.9% 

Year MAPE 

2010 4.0% 
2011 3.4% 
2012 3.3% 
2013 3.5% 
2014 3.3% 
2015 3.6% 
January – August 2016 (out of sample) 3.9% 
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5.2. Split factor forecasting model 

Just like the number of trolleys, the split factor also shows a seasonal pattern, influenced by holidays. The 

exact same procedure is used as for the trolley forecasting model, except that no weather corrections are 

used for the split factor model. The holiday decompositions are made using the same procedure and the 

decomposed time series is also forecasted using the Holt-Winters linear trend model with multiplicative 

seasonal smoothing. The MAPE of the model between 2010 and 2016 is shown in table 5-3.  

Table 5-3:  
Split factor model performance 

Year MAPE 

2010 2.2% 
2011 2.7% 
2012 2.4% 
2013 2.8% 
2014 2.5% 
2015 2.4% 
January – August 2016 (out of sample) 2.5% 

 

Compared to the benchmark, the forecasts made by LO, which have an average MAPE of 3.8%, this 

model’s out of sample MAPE is approximately 34% better. The fact that the out of sample performance is 

comparable with the within sample performance indicates that the method is robust.   

5.3. Auctioning speed forecasting model 

Just like the split factor and the supplied trolleys, the auctioning speed also clearly shows a yearly seasonal 

pattern (see Appendix G). It would be suited to use seasonal exponential smoothing again, but only two 

years of historical data are available. This makes seasonal exponential smoothing problematic. However, 

the auctioning speed also turned out to be correlated with both the split factor (r=-0.651, p<0.001, 

N=503) and the number of trolleys (r=-0.249, p<0.001, N=503). As shown in chapter 4.3.2, the 

relationship between the split factor and the number of trolleys on the one hand and the auctioning speed 

on the other hand is different at different weekdays. We made multiple regression models with the 

number of trolleys and the split factor as predictors and the auctioning speed as dependent variable. For 

each weekday, a unique regression model is made. The models are shown in tables 5-4 and 5-5. 

Table 5-4: 

Auctioning speed regression models for Monday, Tuesday and Wednesday 

 Monday Tuesday Wednesday 

Variables B SE B β B SE B β B SE B β 

(Constant) 2554.6 262.9  2596.2 206.7  2984.7 249.5  

Trolleys  0.066 0.009  0.565 0.072 0.008  0.571 0.046 0.010  0.377 

Split Factor -188.3 39.4 -0.352 -194.5 32.8 -0.387 -234.7 41.1 -0.472 

R2 0.722 0.756 0.589 
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Table 5-5: 

Auctioning speed regression models for Thursday and Friday 

 Thursday Friday 

Variables B SE B β B SE B β 

(Constant) 3606.6 342.2  2484.5 302.8  

Trolleys 0.037 0.018  0.203 0.071 0.011  0.543 

Split Factor -326.6 63.2 -0.495 -189.3 47.7 -0.333 

R2 0.398 0.663 

 

These regression models are used as forecasting models, but then with the forecasted trolleys and the 

forecasted split factor (from the models described in paragraph 1 and 2 of this chapter) as input variables. 

The out of sample MAPE of these models is 3.0% in 2016, which is significantly better than the 

benchmark: LO’s forecasts have a MAPE of 4.2%. This is the out-of-sample performance, as the 

regression models are based on 2014 and 2015.  

5.4. Expansion factor forecasting model 

The expansion factor differs from the other workload factors, because it is relatively constant over time. It 

also does not show a weekday pattern. There seems to be a seasonal pattern, but it is not very strong. 

Holt-Winters linear trend modelling with multiplicative seasonal smoothing is compared with simple 

exponential smoothing. Both models perform almost equally. The model with seasonal smoothing has a 

MAPE of 2.6%, while simple smoothing has a MAPE of 2.5%. The models forecast 4 to 8 working days 

ahead (the forecasts are made on Tuesday for the week ahead). Compared with the current expansion 

factor forecast, which have a MAPE of 3.0%, the improvement is not as large as for the other workload 

factors. This is probably because the expansion factor is quite constant, which makes simple forecasting 

methods sufficient.  
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6. New forecasting processes using statistical models 

In this chapter, the new forecasting processes are proposed. Using the forecasting models described in 

chapter 5, the forecasting accuracy can be improved and the costs of the forecasting process itself can be 

reduced, compared to the current situation. This chapter describes the proposed forecasting processes of 

the different workload factors as follows: general procedure of all forecasts (chapter 6.1), trolley 

forecasting (chapter 6.2), split factor forecasting (chapter 6.3), auctioning speed forecasting (chapter 6.4) 

and expansion factor forecasting (6.5).  

 

6.1. General procedure of all forecasts 

Before describing the different proposed forecasting processes in detail, some general procedures can be 

explained that are relevant for all different forecasting processes. The following recommendations, based 

on Fischhoff (2001) apply to the forecasting methods of the different workload factors: 

 It is always important to keep track of all forecasts that are made, in order to measure the 

accuracy afterwards and to learn from the past.  

 If multiple methods are used to forecast the same value, all different forecasts should be saved.  

 If multiple methods are used to forecast the same value, they should be made independently in 

first instance, in order to be able to compare the different forecasting methods.  

 It is important to make notes about special circumstances that could have influenced the 

forecasted value. This way one can understand unexpected results and forecasting inaccuracies 

and it can be used to improve the forecasts if comparable circumstances occur again later.  

 

6.2. Trolley forecasting 

The current forecasting process is described in detail in chapter 1.5. Shortly summarized, it includes three 

independent forecasts (by the commercial process operators, the auctioneers and logistic support). The 

final forecast is based on these three values, and the commercial process operators are responsible for this 

final forecast. The week-ahead forecast is the most important forecast for workforce planning and it is 

also the forecast where most effort is put in. If the week-ahead forecast of a particular day turns out to be 

far off (more than 300 trolleys), the commercial process operators have to decide either to keep the 

original forecast in place or to make an adjustment. Such adjustments can be made until one day before 

the forecasted day.   

The trolley forecasting model, described in chapter 5, has an out-of-sample MAPE of 4.2% (in the first six 

months of 2016). This is significantly better than the MAPE of the current forecasting process (5.7% in 

the first six months of 2016, for the final week-ahead trolley forecast). In addition, the number of large 

forecast errors of the model is also smaller. Therefore, we recommend to replace all current four weeks 

ahead, one week ahead and less than one week ahead trolley forecasting methods with the proposed 

model. However, this does not mean that the forecast made by the model should always be used without 

any reservation. Based on 45 studies about human judgment and statistical forecasts, Sanders and Ritzman 

(2001) describe principles about how and when statistical forecasts should be adjusted by human 

judgement. We apply these principles to design a forecasting process, using the trolley forecasting model.  

The first question to answer is: when to adjust statistical forecasts? Based on the principles of Sanders and 

Ritzman, it is recommended to adjust the model forecasts only if important domain knowledge is available 

that is not used in the model. Domain knowledge is the knowledge that forecasters have gained through 

experience about causes and effects and environmental cues. However, most important information is already 

used by the model, namely historical data of supplied trolleys, holiday dates and the temperature in the 

Netherlands and in Kenya. Only in the case of rare events that clearly impact the supply but which are not 
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considered by the model, the experts should adjust the statistical forecast, or make their own forecast, 

regardless of the model. Such events could be for example: strikes, trade boycotts or volcanic ash clouds 

disrupting air traffic (all of these events have taken place at least once in the past years). When such events 

are foreseen, the commercial process operators can also call in the aid of other experts within the 

organization, for example in the case of disrupted air travel, one would be interested in the percentage of 

trolleys that are transported by plane. In that case, one could ask market analysts or supply chain experts 

to estimate how much of the supply is disrupted.  

The second question to answer is: how to adjust statistical forecasts? Sanders and Ritzman (2001) describe 

that it is important to structure and document the human adjustments of statistical forecasts. In case of 

the trolley forecasting, it is important to note when the statistical forecasts are adjusted and why. 

Furthermore, it is important to note both the statistical forecast as well as the forecast made by human 

judgment.  This way, one can regularly check whether the adjustments improve the forecasts or not. The 

trolley forecasting model as proposed in this report is used in an Excel-tool which gives a warning 

message if the models forecast is adjusted and no comment is made in a dedicated column. Sanders and 

Ritzman (2001) also recommend to consider mechanical integration of statistical forecasts and human 

judgments. However, the model’s performance did not improve by averaging it with the human judgments 

that were made in 2016.  

Based on these principles, a new forecasting process can be designed. However, one more question has to 

be answered before doing so: who should make the forecasts in the new process? During this project, the 

question raised at the commercial operations department whether they should stay responsible for the 

trolley forecasts. In previous studies, researchers have investigated what kind of knowledge is beneficial 

for forecasting. One can distinct between domain knowledge and technical knowledge. Domain knowledge, as 

explained before, has everything to do with experience with the particular forecasted value. Technical 

knowledge is knowledge about forecasting procedures and data analysis. Sanders and Ritzman (2001) 

summarize the findings of multiple studies and conclude that only domain knowledge improves 

forecasting accuracy, while technical knowledge does not improve accuracy. These results are important 

for Royal FloraHolland, because based on this, it makes sense to keep commercial operations responsible 

for trolley forecasting. Firstly, they are experienced (because they are responsible for forecasting already 

for years) have domain knowledge. Secondly, their independently made forecasts proofed to be slightly 

more accurate than the independent forecasts of logistic support and the auctioneers (see chapter 2.1). 

Thirdly, it does not matter that other people within the organization of Royal FloraHolland have more 

technical knowledge about forecasting and data analysis, since this does not improve forecasting accuracy.  

Now that we have described how and when to adjust the statistical forecast and concluded that it makes 

sense to keep commercial operations responsible for trolley forecasting, the newly proposed trolley 

forecasting procedure can be described as follows: If there are no rare events which are expected to have a 

significant impact on the supplied number of trolleys, use the model to make a forecast. Check the 

forecasted value and use it as the final forecast, unless it is a value which is obviously wrong. If the latter is 

the case, the input variables should be checked and if the forecasted value still is an unrealistic number, it 

should be adjusted.   

 

6.3. Split factor forecasting 

The split factor forecasting model described in chapter 5.2 performs significantly better than the currently 

used forecasting methods. The out-of-sample MAPE of the model is 2.4% in the first 6 months of 2016, 

compared to a MAPE of 4.0% of the currently used forecasts of the department of LO and a MAPE of 

3.8% of the forecasts of the department of logistic support. The within-sample MAPE of the model is 

2.5% from 2010 to 2015 with 2013 being the worst performing year with a MAPE of 2.8%.  Given the 

fact that the model performs significantly better than the current methods and that the model’s 

performance is stable over the years, we recommend to completely replace the currently used methods 



44 
 

with the new model as described in chapter 5.2. This means that the model should be used as the only 

forecasting method and that the forecasting only checks whether the split factor forecasted by the model 

is realistic, to prevent errors in the forecast. Just like the trolley forecasting model, it is designed as an 

Excel-tool which requires the user to put in the actual split factor of the past. This can be done by anyone, 

but the forecast should be checked by an expert. The department of logistic support as well of the LO 

department both have experts that understand the process behind the split factor, so principally either of 

these departments could use the model and make the forecast. As explained in chapter 1, in the current 

situation both departments make a split factor forecast, but only LO’s forecast is used by LO. We 

recommend to let only of these departments make a forecast, because a forecast that is not used is just a 

waste of time. Because of a vacancy at LO, it was more convenient to instruct the forecaster of logistic 

support. We recommend that logistic support makes the split factor forecast in the future and that LO 

uses this forecast. Compared to the current situation, the time which is spent on the split factor forecast 

by LO now, will be saved.  Logistic support will spend more or less the same amount of time on the 

forecast using the model, compared to forecasting without the model. So the net result is that less time is 

spent on the split factor forecast, while the accuracy is expected to improve with approximately 39% 

(MAPE change from 4.0 to 2.5 percent).  

 

6.4. Auctioning speed forecasting 

In the current situation, the auctioning speed is forecasted by the planners of LO, who are also the only 

users of this forecast. Since they are also the experts with domain knowledge, it is best to keep the 

forecasting of the auctioning speed where it is. The auctioning speed forecasting model is easy to use, 

since only 3 input values are used (expected number of trolleys, expected split factor and the weekday). 

The currently used forecasting methods can be replaced by this model, which is expected to be 

approximately 24% more accurate than the current methods (MAPE change from 4.2 to 3.2 percent).  

Unlike the other models, the auctioning speed forecasting model does not use historical data. Still, it is 

important to save the forecasted and the actual values, in order to keep track of the forecasting accuracy.  

 

6.5. Expansion factor forecasting 

Currently, LDK is not using expansion factor forecasts. In some sense, this is understandable, because the 

expansion factor is quite stable over time anyway. However, if LDK wants to plan its workforce tighter, it 

is recommended that not only the supplied trolley forecast is used to determine LDK’s workforce, but 

also the expansion factor. Simple exponential smoothing can be used to make the forecasts. Also for LO, 

their forecasting method can be replaced by simple exponential smoothing. The forecasting accuracy then 

is expected to improve from 3.0% to 2.6%, a relative improvement of 10%.  

 

6.6. Acceptance of the models and their forecasts 

In general, the acceptance of forecasts made by statistical model can be an issue, but it depends largely on 

the situation. For example, the more important the forecast, the harder it is to gain acceptance for it  

(Gregory and Duran, 2001). In order to gain acceptance for the forecasting models designed in this thesis, 

we have taken a few important steps, but this was not feasible for all four models. The focus was on the 

trolley forecasting model, since this one is the most important (it has the largest impact, since the entire 

logistical department depends on the number of trolleys) and the trolley forecasting was the initial reason 

to start the project. To gain acceptance for the model, a user friendly Excel-tool has been designed (see 

Appendix H for a screenshot). The front tab of this tool requires to enter all the required data (historical 

actual number of trolleys and the temperature in De Bilt and Nairobi each day) and then it gives the 

forecast for the coming week. The holiday effects are already built-in, which saves a lot of work for the 

users. Furthermore, the future users of the model have been consulted during the design of the tool. Their 
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feedback has been used to change the lay-out of the forecasting performance. However, even more 

important than user friendliness is the perceived usefulness  (Davis, 1993), but both the users of the 

model as well as the management of commercial operations seem convinced of the models usefulness and 

performance. They were eager to use the model and have recently started to do so, right after the tool was 

finished. Furthermore, the model is designed such that the users can adjust the models forecast and use 

their own, but then if explanation is lacking, a warning message pops up. We have clearly pointed out to 

the users of the model and the management of commercial operations the importance of trusting the 

forecast and to change it only in case of a special event such as a strike, a trade embargo, etc.  

The split factor forecasting tool is also shown to the future user. Some minor adjustments are still required 

to enable the output to be imported directly in an already existing spreadsheet. After that, the tool will be 

used. Based on the response of the user of this model, the acceptance of this model also is not expected to 

be an issue. For the other two models, it was not feasible to involve the future users. For the auctioning 

speed forecasting model, this is caused by a vacancy at LO. For the expansion factor forecast, it is because 

LDK is not using expansion factor forecasts in its planning so far. Their planning first has to be made 

more dependent on workload expectations (instead of on fixed schedules). This is an ongoing process, 

which is outside the scope of this study. As soon as LDK is going to schedule based on workload, it is 

recommended to use the expansion factor model proposed in this report. 

 

6.7. Robustness of the models and maintenance  

This paragraph discusses the robustness of the models (insensitivity to changes) and how they can be 

maintained. The trolley and split factor forecasting models are very much alike: the method behind it is 

exponential smoothing with a seasonal component and in addition there are holiday corrections. 

Exponential smoothing is able to adapt to changes to some extent.  The trolley forecasting model has 

been tested with a few scenarios. The week-ahead model usually shows a MAPE around 3.9%. The effect 

of an immediate large increase of supplied trolleys of 20% has been tested. In the first week after this 

change, the MAPE is approximately 20% of course, however, the second week shows a MAPE of 

approximately 11% and after that it decreases gradually to a MAPE of approximately 4% again after six 

weeks. If such an event happens, this requires action of the users of course, but at least the model is able 

to recover within a few weeks. More problematic is a change in the week pattern or the holiday patterns. 

If only the Thursday supply increases instantly with 20% from a certain moment, the model cannot cope 

with this. Even after six months, the Thursday MAPE stays higher than 7%. Also drastic changes in 

holiday patterns will show such effects, as these patterns are fixed. So if something like that happens, the 

model requires maintenance. With this report, it should be able to change the model and solve problems 

like these. However, it is quite unlikely that such a thing happens. In the available history, from 2009, no 

events like this occurred. Only temporary events, such as a strike and an ash cloud disabling European air 

traffic occurred. During such temporary events, the forecasters should change the input manually and put 

in realistic values, even if the actual number of supplied trolleys are different. Otherwise the model will 

become unbalanced.  

Apart from dealing with special events, it is also recommended to check the performance of the model 

regularly, say every 6 months. Note that the users can also see the daily performance straight from the 

front tab of the model, so if something odd happens, it will be noticed right away.  

  



46 
 

7. Conclusion and implications 

In this chapter, conclusions from this report are drawn in paragraph 7.1. Paragraphs 7.2 discusses some 

limitations of the results and 7.3 and 7.4 describe the implications for Royal FloraHolland and scientific 

research respectively.  

7.1. Conclusions 

The main research question of this thesis is: ‘How can the forecasts of the factors that determine the workload related 

to the logistic processing of cut flowers offered at the auction clocks in Aalsmeer be improved?’. In the previous chapters, 

this question has been answered . The current trolley forecasting MAPE, of the week-ahead forecast, is 

5.3% (in 2016). The cost effect of a trolley forecast error is estimated to be € 0.17 for every under-

forecasted trolley and € 3.57 for every over-forecasted trolley. This estimate is sensitive to the assumptions 

of to what extend surplus planned man hours are wasted, but it can still be used to estimate the total cost 

effect of the trolley forecasting inaccuracy. The average forecast error is 5.3% on a daily average supply of 

7593 trolleys. If no forecasting bias is assumed, the average costs per day are 5.3% * 7593 * (€3.57 + 

€0.17)/2 = € 752. There are usually 252 auction days per year, so the total yearly cost of trolley forecasting 

error is estimated to be: € 189,438.  

Something that has not become clear is how to deal with the asymmetry between the costs of over- and 

under-forecasts. With the available data we could not demonstrate that the asymmetry of the forecasting 

costs should be taken into account by the workforce planning, so no bias is created in the models and we 

also do not recommend to do so, unless future research proves otherwise.  

Forecasting models are made for the four main workforce factors. The trolley forecasting model is based 

on historical data, the temperature in Kenia and in The Netherlands and holiday patterns. This model 

performs well, with a MAPE of 3.9% in 2016 (until august), which is 26.4% better than the methods 

currently used. This  means that the expected cost benefit of using this model is 26.4% * 189,438 = € 

50,040 per year.  

For the split factor, a similar model is created, in which the weather plays no role. Apart from that, the 

model uses the same technique and the improvement of the forecasting performance of the split factor 

model is even larger. The split factor forecasting model improves the MAPE from 3.8% (current MAPE) 

to 2.5% (MAPE of the model).  

For the auctioning speed, a different forecasting method is used. Auctioning speed turned out to depend 

on the number of trolleys, the split factor and the day of the week. Using the expectations of these 

variables as input, a multiple regression model is made which has a MAPE of 3.0%, versus a current 

MAPE of 4.2%.  

The expansion factor forecasting method is simple, namely simple exponential smoothing. The expansion 

factor does not show seasonality or any other characteristics that cannot be caught with simple methods 

and no external variables are known which can be used to improve the forecast. The MAPE of this simple 

method is 2.6%, which shows also that the expansion factor is relatively easy to forecast.   

7.2. Limitations of the study 

As discussed before, the forecasting models have some limitations. Unlike the exponential smoothing part 

of the model, the holiday corrections are fixed: the corrections do not update themselves based on new 

data. So if the effect of a holiday changes, this can negatively affect the models accuracy around this 

holiday. Although large changes in the effect of holidays have not been observed in the past seven years, 

they cannot be ruled out in the future. If that happens and the impact is large, the model should be 

updated.  

Another limitation concerns the calculation of the cost effect of a forecast error. In this study, we have 

focused on the cost effect of trolley forecasting errors only. This is done for reasons of feasibility and 
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because the trolley forecast is of larger importance than the other forecasts. The number of trolleys is 

important for all logistic departments, while the other factors are only important for one of the three. The 

split factor for example, only influences LO’s workload. However, the workload of LO is based 

approximately in equal parts on (1) the number of trolleys and (2) the logistic transactions. The logistic 

transactions then, are the product of the number of trolleys and the split factor. So roughly speaking, even 

for LO the number of trolleys is three times more important than the split factor. In addition to that, the 

split factor forecast error is also smaller than the trolley forecasting error, reducing the expected costs 

related to this error even further.  

7.3. Implications for Royal FloraHolland and other businesses 

The commercial operations department has recently started using the trolley forecasting model. It is too 

soon for an evaluation, but based on the findings from this research, using the model can be expected to 

reduce the forecasting error and the costs that are related to it significantly. The same goes for the split 

factor model, which is going to be used soon by the logistic support department. LO does not have to 

make the split factor forecast anymore, since they can rely on the model used by logistic support.  

It is important to rely on the models, unless special events take place. When that is the case, it is important 

to note why the forecast has been adjusted. However, even special events do not have to be problematic. 

If it leads to a general increase or decrease in supply over a longer period, the model can deal with it. If 

something has a strong temporary effect on the supply, it is best adjusted manually during this period. 

Only if the holiday pattern or the weekday pattern changes drastically and structurally, the model has to be 

updated. Regular monitoring of the models performance is important to check whether the model keeps 

performing reasonably well.  

Apart from the models themselves, it is also important to know the cost effect of trolley forecast errors. 

The costs are lower than initially expected within Royal FloraHolland, which has effects on how much 

effort should be put in forecasting.  

The forecasting models of the auctioning speed and the expansion factor are not currently being used yet. 

Because of a vacancy at LO planning, it was not feasible to start implementing the auctioning speed 

model. We still recommend to use the auctioning speed forecasting tool. It is easy to use (only three 

variables have to be entered) so it can always been used to run in the shadow to prove its performance. 

The expansion factor model is a different story. LDK is not using expansion factor forecasts explicitly in 

their planning, even though it is an important workforce factor. The low variability of the expansion factor 

makes it of less importance than the number of trolleys, but it still determines the number of client trolleys 

and it is easy to produce a rather accurate forecast, so also here we recommend to use the model.  

One last note, which is also important for FloraHolland, is that it stays important to keep studying the 

logistic process and its planning. With the available data it is hard to draw conclusions, so we recommend 

to do further research, especially to see if the cost asymmetry of the trolley forecast error can be used to 

reduce costs without jeopardizing the lead time service levels.  

Since this study shows that a significant improvement in the forecasting accuracy of Royal FloraHolland 

Aalsmeer can be reached with statistical forecasting, one can also question to what extend this can be 

expanded to the other locations of Royal FloraHolland as well. Since these locations and their processes 

are very similar in nature and the locations of Naaldwijk and Rijnsburg are not using statistical forecasting 

yet, it is likely that improvements in the same order of magnitude are possible for these locations as well. 

Although the parameters and holiday corrections of the models are based on data for Aalsmeer, and they 

can therefore not be used directly at other locations, this study shows how these corrections can be made. 

So with a small extra effort, it can be expanded to Naaldwijk and Rijnsburg as well.  

Organizations outside Royal FloraHolland could also benefit from this study, if they have to deal with the 

forecasting of time series that are heavily influenced by recurring events such as holidays. The holiday 

corrections turned out to be decisive in improving the forecasting accuracy.   
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7.4. Implications for research 

This study shows how to deal with holidays that have a big impact on time series. However, if the holidays 

and weekdays both influence the time series, it is hard to take this into account. Many years of history are 

needed to find the combined effect of a certain holiday which takes place on a specific weekday. Even 

with 7 years of historical data, there is still only one case of each holiday and weekday combination (and 

because of leap years, one combination will still be missing). Still, in this research, only three holidays with 

a fixed date were of importance, so the average forecasting performance of an entire year does not suffer 

significantly from it. These findings show that holiday corrections can be made similarly to corrections for 

promotions in sales forecasting, with the important difference that holidays recur every year and are the 

same every year, which enables the use of more reliable historical data to construct these corrections.  
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Appendix A: swim lane diagram of the trolley forecasting process 
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Appendix B: Workforce planning 

Ti : Expected total nr. of supplied trolleys 

S: Expected split factor 

A : Expected auctioning speed 

E : Expected expansion factor 

L: Expected logistic transactions 

To: Expected number of outgoing trolleys (to deliver to clients) 

F: Expected average auction finishing time (in decimal hours, 11.5 equals 11:30 am) 

B: Expected total break time 

D: Planned distribution process finishing time (in decimal hours, 11.5 equals 11:30 am) 

𝑃𝐷 : Expected productivity of distributors in logistic transactions per man per hour 

𝑃𝐿: Expected productivity of layer handlers in empty trolleys per man per hour 

𝑃𝑃: Expected productivity of path stewards in client trolleys per man per hour 

𝑃𝐸 : Expected productivity of empty trolley drivers in empty trolleys per man per hour 

𝑁𝐷: Expected number of required distributors 

𝑁𝐿 : Expected number of required layer handlers 

𝑁𝑃: Expected number of required path stewards 

𝑁𝐸 : Expected number of required empty trolley drivers 

𝑁𝐴: Expected number of required A&A workers (≈40 permanently, independent from workload) 

HD: Expected distribution process duration (excluding breaks) 

HA: Expected A&A process duration 

W: Expected total number of hours of all workers (excluding permanent workers) 

V: Planned time difference between auction finishing time and distribution finishing time (in decimal 

hours) 

 

Forecasted variables: 

𝑇𝑖, 𝑆, 𝐸, 𝐴 

Decision variable: 

D 

If possible in terms of capacity, D is set such that: 

𝑉 = 𝐻𝐷 − 𝐹 = 1,333333 

 

With: 

𝐻𝐷 = 𝐷 − 𝐵 − 6.167  
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𝐵 = {

0      𝑖𝑓 𝐷 < 9.25                 
0.33 𝑖𝑓 9.25 ≤ 𝐷 < 11.25
0.5  𝑖𝑓 𝐷 ≥ 11.25              

 

 

Productivity estimations: 

𝑃𝐷(𝑖𝑛 𝐿𝑜𝑔. 𝑇𝑟𝑎𝑛𝑠𝑎𝑐𝑡𝑖𝑜𝑛𝑠 𝑝𝑒𝑟 𝑚𝑎𝑛 𝑝𝑒𝑟 ℎ𝑜𝑢𝑟) = 

{
 
 

 
 
32.5
33

𝑜𝑛 𝑀𝑜𝑛𝑑𝑎𝑦
𝑜𝑛 𝑇𝑢𝑒𝑠𝑑𝑎𝑦

33 𝑜𝑛 𝑊𝑒𝑑𝑛𝑒𝑠𝑑𝑎𝑦

34
33

𝑜𝑛 𝑇ℎ𝑢𝑟𝑠𝑑𝑎𝑦
𝑜𝑛 𝐹𝑟𝑖𝑑𝑎𝑦

  

𝑃𝐿= 200 (in empty trolleys per man per hour)  

𝑃𝑃= 58 (in outgoing trolleys per man per hour) 

𝑃𝐸= 150 (in empty trolleys per man per hour) 

Number of workers to schedule 

𝑁𝐴= 40 (Approximation, in reality it varies, usually between 38 and 43, but it does not depend on 

workload, they have to be present during the auction process) 

𝑁𝐷 = 𝑚𝑖𝑛 (
𝐿

𝐻𝐷
/𝑃𝐷 , 280) 

𝑁𝐿 =
𝑇𝑖 − 𝑇𝑜
𝐻𝐷

/𝑃𝐿 

𝑁𝐸 =
𝑇𝑖 − 𝑇𝑜
𝐻𝐷

/𝑃𝐸 

𝑁𝑃 =
𝑇𝑜
𝐻𝐷

/𝑃𝑝 

With: 

𝐿 = 𝑇 ∗ 𝑆 

𝑇𝑜 = 𝑇𝑖 ∗ 𝐸 

Notes: 

The number of distributors is limited to 280, because there are no more than 280 pull wagons.  

The workforce planning tool is designed in such a way that the process finishing time is a decision 

variable. It is usually set such that the distribution process is finished one hour and 20 minutes after the 

average auction finishing time, because it is expected that that’s the optimal time to reach the lead times. If 

the workforce planning is made (that is, if the numbers of workers of each type are known), the process 

duration is expected to be: 
𝐿

𝑃𝐷
/𝑁𝐷. 
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Appendix C: Predicting the lead time service level  

 

Model Summary 

Model R R Square Adjusted R 

Square 

Std. Error of the 

Estimate 

1 .692a .479 .478 .0316 

a. Predictors: (Constant). Time lag auction finish/distribution finish l 

 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

1 

Regression .462 1 .462 463.5 .000b 

Residual .502 503 .001   

Total .964 504    

a. Dependent Variable: Service level 

b. Predictors: (Constant). Time lag auction finish/distribution finish 

 

 

Coefficientsa 

Model Unstandardized Coefficients Standardized 

Coefficients 

t Sig. 

B Std. Error Beta 

1 

(Constant) 1.124 .008  139.1 .000 

Time lag auction 

finish/distribution finish 
-.112 .005 -.692 -21.5 .000 

a. Dependent Variable: Service level 
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Appendix D: Hours per trolley LDA 

 

 

Model Summary 

Model R R Square Adjusted R 

Square 

Std. Error of the 

Estimate 

1 .796a .633 .630 379.6 

a. Predictors: (Constant). Trolleys per week 

 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

1 

Regression 25407451.0 1 25407451.0 176.3 .000b 

Residual 14700353.9 102 144121.1   

Total 40107804.9 103    

a. Dependent Variable: Hours LDA per week 
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b. Predictors: (Constant). Trolleys per week 

 

 

Coefficientsa 

Model Unstandardized Coefficients Standardized 

Coefficients 

t Sig. 

B Std. Error Beta 

1 
(Constant) 2791.6 223.0  12.5 .000 

karren .043 .003 .796 13.3 .000 

a. Dependent Variable: Hours LDA per week 

 

Appendix E: Hours per trolley LDK 
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Model Summary 

Model R R Square Adjusted R 

Square 

Std. Error of the 

Estimate 

1 .776a .602 .598 323.8 

a. Predictors: (Constant). Supplied trolleys 

 

 

ANOVAa 

Model Sum of Squares df Mean Square F Sig. 

1 

Regression 16207479.550 1 16207479.5 154.5 .000b 

Residual 10699066.020 102 104892.8   

Total 26906545.570 103    

a. Dependent Variable: Hours LDK 

b. Predictors: (Constant). Supplied trolleys 

 

 

Coefficientsa 

Model Unstandardized Coefficients Standardized 

Coefficients 

t Sig. 

B Std. Error Beta 

1 
(Constant) 1930.3 190.2  10.146 .000 

karren .035 .003 .776 12.430 .000 

a. Dependent Variable: Hours LDK 
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Appendix F: Supplied trolleys chart 
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Appendix G: Auctioning speed  
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Appendix H: Trolley forecasting tool 
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