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Abstract 

As part of a transformation the company is switching over from matching their workload to their 

workforce to matching their workforce to their workload; i.e. instead of technicians only working in 

their assigned areas technicians are now moved around between areas to meet the demand as soon as 

possible. 

To assist the company in moving their technicians between areas they will use a forecasting model. 

This forecasting model can tell the company where technicians will be needed and arrangements for 

the transfers can be made in advance. 

Four forecasting models where developed for each specified region. These models are Holt-Winter 

Additive as well as Multiplicative models and Ad Hoc models with one using monthly factors and the 

other using weekly factors. The four models for each region where compared using the Mean Average 

Deviation (MAD).   
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Chapter 1 

 

1.1 Introduction 

Telkom is Africa’s largest integrated communications company. Telkom started in 1991 as essentially a 

telephone company. Since then they have expanded to include fixed-line, data and mobile services. 

 

To support their ability to maintain their leadership is South Africa while building a strong footprint on 

the continent, the company has embarked upon a process renewal, in essence, a complete 

transformation of the way they focus on serving their customers and creating value for their 

stakeholders (Telkom 2010). 

 

This project was done in the Fulfilment and Assurance Management Center (FAMC) of Telkom. One of 

this department’s functions is to manage the amount of field technicians available. There are a few 

factors that determine how many technicians are available to fulfill demand. Technicians like any other 

employees are not available to work due to different types of leave or training. Some of these factors 

are manageable and others cannot be controlled, for example training can be scheduled to allow for as 

many technicians to be available as possible whereas sick leave cannot. It is important to manage the 

manageable factors so as to ensure that there are enough technicians to fulfill the demand as much as 

possible.  

 

For this departmentthere is another,important, factor that contributes to the availability of the 

technicians; the geographic location of the technicians, which is a manageable factor. As the term 

implies, field technicians are dispatched and work outside, away from Telkom office buildings. 

Technicians are assigned to a specific area or areas but the demand fluctuates and it is thus important 

to move the technicians to where the demand is. Since Telkom is providing services country wide, this 

is proving to be a daunting task as the country is divided into almost 600 areas. 

 

These technicians’ activities mainly take place in two core product categories as defined by Telkom, 

namely Commodity Services and Data and Advanced Services. As the name Fulfilment and Assurance 

Management Center suggests the department manages the Fulfilment(installations) and Assurance 

(faults) activities of the company. Fulfilment and Assurance are each broken down into voice and non-
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voice components. The field technicians are divided accordingly taking into account their acquired 

skills.  

As part of their transformationthe company is switching over from matching their workload to their 

workforce to matching their workforce to their workload i.e. instead of technicians only working in 

their assigned area technicians are now moved around between areas to meet the demand in as many 

areas as possible as soon as possible.To assist the company in moving their technicians around 

between areas they will use a forecasting model. This forecasting model can tell the company where 

technicians will be needed and arrangements for the transfers can be made in advance. 

This project’s focus is on the distribution of the field technicians of the Data and Advanced Service 

(DAS) department of the company. Four forecasting models where developed for each specified 

region. These models are Holt-Winter Additive as well as Multiplicative models and Ad Hoc models 

with one using monthly factors and the other using weekly factors.The four models where compared 

using their Mean Absolute Deviations (MAD) and an applicable model was selected. 
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1.2 Problem Statement 

Telkom employs about 1200 field technicians in their Data and Advanced Services department.These 

technicians’ work isdivided into two broad categories namely Assurance and Fulfilment as defined in 

the glossary. Each technician is assigned to a specific geographical area(s). The country is divided 

intoalmost 600 areas. 

Telkom used to match their workload to their workforce. This means that technicians only worked in 

their assigned area(s) and that the time it took to see to a customer’s request depended on the 

workload in that customer’s area, thus the higher the demand in an area the longer it would take to 

see to a customer’s request. 

As part of their business improvement objectives to improvecustomer satisfaction and to meet their 

internal KPI’s they are now working on matching their workforce to the workload. This means that 

technicians are now being moved around between areas so as to see to the demand as soon as 

possible. 

However, moving technicians around between areas is not a simple task. It is subject to some 

negatively influencing factors namely: 

 extra travel time(due to the technicians not being assigned to the area and thus not present in 

the area as well as the technician not knowing the roads in the new area), 
 

 technicians not knowing the infrastructure of the new area (where the Telkom equipment is  

located), 
 

 not all technicians take ownership of their work when moved outside their assigned area.  

If the company can know how many technicians will be required each day in each areathen technicians 

can be assigned to more than one area, this will improve travel time since they will now be familiar 

with all their areas, they will know the infrastructure of all their areas and ownership will improve 

since they are not working in a new area. Another instance is where technicians will not permanently 

be assigned to more than one area; still it will contribute to productivity if the technicians can be 

moved to another area from the beginning of the day. 

Knowing theFulfilment(installations) and Assurance (faults) intake and consequently the number of 

technicians required is also proving to be a difficult task due to the inherent instability of the operating 
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environment. Not only can customers request, cancel and amend jobs unpredictably and the 

environment itself (seasonal changes and traffic) is also not completely predictable.  

Other factors that influence the number of technicians required are: 

 

 demography and infrastructure (property expansions require more technicians for a few years 

for the new infrastructure and installations; also levels of infrastructure differ over the 

country) 
 

 job duration(a job may take anything from 10minutes to weeks or months if new 

infrastructure is required, the duration of consecutive jobs is very volatile) 
 

 service level agreements (some jobs have to be completed within four hours from the request 

being logged, others have to be completed within either eight or twelve hours in order to 

avoid penalties) 
 

  job may require more than one technician at a time 
 

 special offers (Telkom makes special offers available to customers or prospective customers 

from time to time, as more people make use of these special offers more technicians are 

required) 
 

 Some areas are only Fulfilment areas and some are only Assurance areas 
 

 Fulfilment(installation) or Assurance (faults) may be increasing or declining 

 

New data has to be continuously incorporated to generate valid estimations because of these changing 

conditions. 

1.3 Project Aim 

The aim of the project is to assist the company in matching their workforce to their workload. By 

forecasting the number of technicians required in each region the company can know beforehand how 

to move their technicians around between areas in order to satisfy the demand as far as possible. 
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Chapter 2 

 

2.1 Literature Study 

To solve the problem of not knowing how many technicians are required, when and where, a model 

was built to estimate how many technicians are required each day in each defined region. There is a 

wide variety of possible statistical models that can prove to be suitable to meet the requirements. 

2.1.1 Understanding the current environment 

A UKbased telecommunications company address similar situation as faced by this project. This 

company did an extensive review of their entire scheduling system. The scope of this project only 

pertains to a little part of the UK company endeavour namely the workforce forecast.The complete 

journal of actions taken is not available for public viewing. 

Simply stated, field-workforce scheduling is about sending the right technician to the right customer 

at the right place at the right time with the right equipment—at any time and in any 

operationalenvironment.Many factors contribute to the complexity of the problem.First, skill 

requirements vary immensely. The second factor contributing to the complexity of scheduling is the 

geographical distribution of the workforce (Lesaint et al. 2000). 

The problem is further compounded by the inherent instability of the environment self (weather 

and traffic). Indeed, much schedule information is uncertain, imprecise, and incomplete. Therefore, 

any scheduling process must continuously incorporate new data to generate valid work assignments 

but it must also minimize the impact of these data on the current work schedule (Lesaintet al. 2000). 

2.1.2 Forecasting 

Forecasting is more of an art than a science. 

There is a wide variety of forecasting procedures available and no single method is universally 

applicable. A procedure must be chosen that is most appropriate for the given set of conditions. 

Forecasting is essentially a form of extrapolation with all the dangers that it entails (Chatfield, 2004). 

Forecasting should thus not be taken lightly, every aspect should be considered carefully and chosen 

methods should be validated properly. 
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According to Chatfield (2004) forecasting methods may be broadly classified into the following three 

groups: 

(i) Subjective 

Forecasts made on a subjective basis is made using judgement, intuition, commercial 

knowledge and any other relevant information. These methods range widely from bold 

freehand extrapolation to the Delphi technique, in which a group of forecasters tries to obtain 

a consensus forecast with controlled feedback of other analysts’ predictions and opinions as 

well as other relevant information. More information can be found in Webby and O’Connor 

(1996). 

 

(ii) Univariate 

Forecasts of a given variable are based on a model fitted only to present and past 

observations of a given time series, possibly augmented by a simple function of time, such as 

a global linear trend. This would mean, for example, that univariate forecasts of the future 

sales of a given product would be based entirely on past sales, and would not take account of 

other economic factor. 

 

(iii) Multivariate 

Forecasts of a given variable depend at least partly on values of one or more additional series, 

called predictor or explanatory variables. For example sales forecasts may depend on stock/ 

or on economic indices.  

In practice, a forecasting procedure may involve a combination of the above mentioned approaches. 

Marketing forecasts, for example, are often made by combining statistical predictions with the 

subjective knowledge and insight of people involved in the market. A more formal type 

ofcombination is to compute a weighted average of two or more objective forecasts, as this often 

proves superior on average to the individual forecasts (Chatfield 2004). An approach like this could 

prove to be very useful in finding a suitable forecast for the Data and Advanced Services of the 

company since the managers have a lot of subjective knowledge and experience that can refine 

quantitative methods.  

Forecasting methods can also be classified as either an automatic approach (requiring no human 

intervention) or a non-automatic approach (requiring some subjective input from the forecaster). 

The latter applies to subjective methods and most multivariate methods. Most univariate methods 
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can be made fully automatic but can also be used in a non-automatic form, and there can be a 

surprising difference between the results (Chatfield 2004).  

According to Chatfield 2004 the choice of method depends on a variety of considerations, including: 

 How the forecast is to be used. 
 

 The type of time series and its properties. Some series are very regular and hence ‘very 

predictable’, but others are not. As always, a time plot of the data is very helpful. 
 

 How many past observationsare available. 
 

 The length of the forecasting horizon.  
 

 The number of series to be forecast and the cost allowed per series. 
 

 Analysts should select a method with which they feel good with and for which relevant 

computer software is available. They should also consider the possibility of trying more than 

one method. 

Appropriate forecasting for this project is time series forecasting. A common goal of time series 

analysis is extrapolating past behaviour into the future. The data can be analysed to find a trend and 

can incorporate the seasonal trend that exists within the company’s business functions (Arsham, 

H1994). 

The forecasting model can be built automatically or non-automatically. Automatic forecasting refers 

to building the model using software to generate the model where as non-automatic forecasting 

refers to building the model manually.  

There are different forecasting models to consider. The forecasting models generally used are 

exponential smoothing models, Moving Average models, Auto-Regression models or a combination 

known as Auto-Regression Moving Average models. The Auto-Regression Moving Average models 

can also be extended to Auto-Regression Integrated Moving Average models and Seasonal Auto-

Regression Integrated Moving Average models. 

The following diagram depicts a forecasting system. It shows the steps to be followed from 

obtaining past data to updating the final forecast. The process is divided into two parts. The first 

part is to analyse data and select an appropriate model to use followed by the generation and 

development of the forecast. It shows the flow of all the steps and how one will loop until a model is 

adequate and the forecast is stable.  
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Figure 1: Forecasting System (Arsham, H 1994) 

2.1.3 Company structure and current methods 

As discussed in the introduction the Fulfilment and AssuranceManagement Center (FAMC)of Telkom 

has two departments; Commodity Services (CS) and Data and Advance Services (DAS). The diagram 

below shows the division the Fulfilment and Assurance Management Center down to the level 

relevant to this project. 
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Figure 2: Fulfilment and Assurance Management Center Breakdown 
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The Fulfilment and Assurance ManagementCentercurrently uses subjective forecasting methods. 

They translate their experience into a quantified trend to predict the number of technicians 

required. 

2.1.4 Forecasting methods 

2.1.4.1 Non-Seasonal Exponential Smoothing 

Exponential smoothing is a general class of forecasting procedure that rely on simple updating 

equations to calculate forecasts. The most basic form is called simple exponential smoothing 

which should be used for non-seasonal time series showing no systematic trend. If a time series 

contain a trend or seasonal pattern it can be removed to produce a stationary series (A stationary 

series is one with no trend or seasonality)(Chatfield, C. 2004). Exponential smoothing can thus be 

used for many types of time series, for a general review see Gardner 1985.  

Given a non-seasonal time series, say with no systematic trend, it is natural to 

forecast  by means of a weighted sum of the past observations: 

                                               (2.1) 

where the { } are weights. It seems sensible to give more weight to recent observations and less 

weight to observations further in the past. An intuitively appealing set of weights are geometric 

weights, which decrease by a constant ratio for every unit increase in the lag. In order that the 

weights sum to one, take 

 

where  is a constant such that  then Equation (5.7) becomes 

                             (2.2) 

Strictly speaking, Equation (2.2) implies an infinite number of past observations, but in practice 

there will only be a finite number. Thus Equation (2.2) is customarily rewritten in the recurrence 

form as  

 

                             (2.3) 
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If one sets , then Equation (2.3) can be used recursively to compute forecasts. Equation 

(5.9) also reduces the amount of arithmetic involved since forecasts can easily be updated using 

only the latest observation and the previous forecast (Chatfield, C 2004). 

The procedure defined by Equation (2.3) is called simple exponential smoothing. The adjective 

‘exponential’ refers to the fact that the geometric weights lie on an exponential curve, but the 

procedure could equally well have been called geometric smoothing. 

Equation (5.9) is sometimes rewritten in the equivalent error-correction form 

 

                           (2.4) 

where  is the prediction error at time N. Equations (2.3) and (2.4) look 

different at first sight, but give identical forecasts, and it is a matter of practical convenience as to 

which on should be used. 

Although intuitively appealing, it is natural to ask when simple exponential smoothing is a good 

method to use. It can be shown that simple exponential smoothing is optimal if the underlying 

model for the time series is given by 

                                                          (2.5) 

where { } denotes a purely random process. This infinite-order moving average(MA) process is 

non-stationary, but the first differences  form a stationary first-order MA process. 

Thus  is an autoregressive integrated moving average process of order (0,1,1). In fact it can be 

shown that there are many other models for which simple exponential smoothing are optimal. 

This helps to explain why simple exponential smoothing appears to be such a robust method 

(Chatfield, C 2004). 

The value of the smoothing constant  depends on the properties of the given time series. Values 

between 0.1 and 0.3 are commonly used and produce a forecast that depends on a large number 

of past observations. Values close to one are used rather less often and give forecasts that depend 

much more on recent observations. When α = 1, the forecast is equal to the most recent 

observation. 

The value of α may be estimated from past data by a similar procedure to that used for estimating 

the parameters of an Moving Average process. Given a particular value of α, one-step-ahead 
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prediction errors is computed. This can be repeated for different values of α so that the value, 

which minimizes the sum of squares, can be found. In more detail, for a given value of α, calculate 

 

 

 

 

and so on until 

                                            (2.6) 

and then compute . Repeat this procedure for other values of α between0 and 1, say i 

steps of 0.1, and select the value that minimizes  , either by inspection or using an algorithmic 

numerical procedure. Modern computers make this all easy to do. Usually the sum of squares 

surface is quite near the minimum and so the choice of α is not critical (Chatfield, C 2004). 

Non-seasonal exponential smoothing is a popular widely used method but for this forecasting 

effort the seasonal factor cannot be ignored. A non-seasonal forecasting method will thus not be 

sufficient for this forecasting effort. 

2.1.4.2 Seasonal Exponential Smoothing 

Exponential smoothing may be generalized to deal with time series containing trend and seasonal 

variation. The version for handling a trend with non-seasonal data is usually called Holt’s (two-

parameter) exponential smoothing, while the version that also copes with seasonal variation is 

usually referred to as the Holt-Winters (three-parameter) procedure. The idea is to generalize the 

equations for simple exponential smoothing by introducing trend and seasonal terms, which are 

also updated by exponential smoothing (Chatfield,C 2004). 

First the Holt’s Exponential Smoothing is considered. In the absence of trend and seasonality, the 

one-step-ahead forecast from simple exponential smoothing can be thought of as estimate of the 

local mean level of the series, so that simple exponential smoothing can be regarded as a way of 

updating the local level of the series, say . This suggests rewriting Equation (2.3) in the form 

                                                           (2.7) 
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Suppose now wish to include a trend term,  say, which is the expected increase or decrease per 

unit time period in the current level. Then a plausible pair of equations for updating the values of 

 and  in recurrence form is the following 

                                              (2.8) 

                                              (2.9) 

Then the h-step-ahead forecast at time t will be of the form 

          (2.10) 

For h = 1,2,3,... . There are now two updating equation, involving two smoothing parameters, α 

and γ, which are generally chosen to lie in the range (0,1).it is natural to call this the two-

parameter version of exponential smoothing (Chatfield, C 2004). 

The above procedure may readily be generalized to cope with seasonality. Let  denote the 

local level, trend and seasonal index, respectively, at time t. The interpretation of  depends on 

whether seasonality is additive or multiplicative. In the former case,  is the deseasonalized 

value, while in the multiplicative case, it is . The values of the three quantities, , all need 

to be estimated and so there is a need for  three updating equations with three smoothing 

parameters, α, γ, δ. The smoothing parameters range between 0 and 1(Chatfield, C 2004).  

The equations for updating , when a new observation  becomes available, are 

                             (2.11) 

                                           (2.12) 

                                                (2.13) 

and the forecasts from time t for Additive model is then  

                                       (2.14) 

and the forecasts from time t for Multiplicative model is then 

  (3.15) 
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According to Chatfield (2004) the following steps should be followed in order to apply Holt-Winter 

smoothing to seasonal data: 

(i) Examine the graph of the data to see whether an additive or a multiplicative seasonal 

effect is the more appropriate. 

(ii) Provide starting values for , and  as wellas seasonal values for the first year, say 

, ..., , using the first few observations in the series in a fairly simple way; for 

example, the analyst could choose  

(iii) Estimate values for α, γ, δ by minimizing  over a suitable fitting period for which 

historical data are available. 

(iv) Decide whether to normalize the seasonal indices at regular interval by making them sum 

to zero in the additive case or have an average of one in the multiplicative case. 

(v) Choose between a fully automatic approach (for a large number of series) and a non-

automatic approach. The latter allows subjective adjustments for particular series, for 

example, by allowing the removal of outliers and a careful selection of the appropriate 

form of seasonality. 

Initial values for the model parameters can be estimated as follows (Kalekar, P.S 2004). 

Suppose data from m seasons are available and let µ denotes the mean of the observations(L = 

number of seasons). 

Estimate of trend component: 

                                                                   (3.16) 

Estimate of level component: 

                                                                 (3.17) 

Estimate of seasonal component: 

                                                               (3.18) 

Exponential smoothing is a procedure for continually revising a forecast in the light of more recent 

experience. Exponential Smoothing assigns exponentially decreasing weights as the observation 

get older. In other words, recent observations are given relatively more weight in forecasting than 

the older observations. 
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2.1.4.3 Ad Hoc Forecasting 

The Ad Hoc forecasting method is a simple forecasting model that can take seasonality into 

account. Winston, WL (2004) suggests developing the model I the following way: 

Use 1 = Monday, 2 = Tuesday, …, 6 = Saturday, 7 = Sunday to denote the days of the week. 

Let  = number of customers on day t 

Forecast: 

                                                          (2.19) 

where 

B = base level of customers corresponding to an average day 

 = day of the week factor corresponding to the day of the week on which day t falls 

 = month factor corresponding to the month during which day t occurs 

 = random error term whose average value equals 1 

To begin estimate B = average number of arrivals per day 

for Monday =                                   (2.20) 

Similarly find  for the other days of the week 

To estimate  

for January =                           (2.21) 

Similarly find  for the other months of the year 

There is no guarantee that the future will follow the same pattern as the past. This type of model 

can subjectively be adjusted to give more accurate forecasts. For example if it is observed that the 

demand is higher on days after a public holiday the model can be adjusted accordingly. 
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2.1.5 Mean Absolute Deviation (MAD) 

The Mean Absolute Deviation is a measure of the performance of a forecasting model. It measures the 

deviation between a forecasted value and the mean of the series. 

                                                            (2.22) 

n = Total number of forecasts                             

 = each of the forecasts 

 = mean of the sample values 
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Chapter 3 

 

3.1 Data Analysis 

Since the company operates country wide their work-orders add up to a lot of data entries. Taking this 

into account together with the fact that the company is growing aMarkovian approach will be 

followed. On request the company pulled the data of work-orders for the past yearup until the most 

recent data at the time (November2010 to August2011).  In November 2010 the company started to 

use a new system, data is thus now stored on a different system than before November 2010. This had 

an impact onacquiring and structuring the data, but after considerable analyses by the company the 

data was accepted as the best representation obtainable of company activities.  

A data set was received in Microsoft Excel® format. This data was then divided into 14 

regionsaccording to a manager level defined by the company (each manager is in charge over a set of 

geographical areas). For the purposes of this project all the geographical areas of the country was 

divided according to the managers in charge over them. Since one of the regions only contains one 

geographical area it was left out of the analysis for this project as it can be sufficiently managed. 

Different types of company activities require technicians with different skills and because of this the 

data was broken down further into high level product categories. Each of the regionswere divided into 

Fulfilment and Assurance activities and then further broken down into voice and non-voice 

components. This totals to 52 forecasts to be made.  

Below is a diagram showing the division discussed above: 
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Figure 3: Data and Advanced Services Breakdown 
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The Assurance (fault) data is based on the date the work-order was created on the system as this 

translates to the demand for work. 

The Fulfilment (installations) data is not based on the date the work-order was created on the system, 

but on the earliest start date. The earliest start date is the date for which a customer makes an 

appointment with the company for an installation or the first date when a technician will be available 

to do the installation.Unfortunately there is no way to distinguish within earliest start date which jobs 

are done according to appointments and which are done according to the availability of the 

technicians. There is thus not a pure demand indication, but partially capacity constrained indication of 

the demand. 

Data for the two missing months, September 2010 and October 2010, was obtained by data mining 

(smoothing) using the Microsoft Excel® add-in XLMiner®.Extreme points in the data were removed to 

improve the accuracy of the models. Single extreme points and public holidays were replaced by the 

average of the preceding and succeeding corresponding day of the week; that is if a public holiday fell 

on a Monday it was replaced by the average of the preceding and succeeding Monday. 

The following table describes the column headings used in the data sets: 

Entries from original data 

Colum title Explanation 

Created Date 

or 

WO Early Start Date 

The data the job was created on the system 

or 

The earliest the work-order could be started or the date the 

appointment for the installation was made for 

Estimated Duration A duration determined by work studies (in seconds) 

Area Name Description Telkom name for the area included in the region 

Total Time En Route Total time technicians spent driving to job sites 

Total Time On Site Total time technicians spent on job sites 

Table 1: Explanation of data sets’ column headings – Original data 
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Entries from calculated data 

Colum title Explanation 

Number of jobs  Number of jobs on a day 

Total Time 
Total time a technician spent driving to the site and spend on the site 

for a specific day 

Time Tech's Required per Day Total time all technicians spent driving to sites and spend on sites 

Number of Tech’s Required Number of technicians required on a day 

Table 2: Explanation of data sets’ column headings – Calculated data 

The originaldata was used to calculate the data required for analyses to make the forecasts. 

Data calculations: 

Number of jobs = Count of number of jobs for a specific day (3.1) 

Total time = Estimate Duration+Total Time en Route        (for all work orders) (3.2) 

Time Tech’s Required per Day= )] (3.3) 

Number of Tech’s Required = Time Tech’s required per Day ÷28800 (3.4) 

(28800 = nr of seconds in eight hours since the unit of the data is seconds)  

 

As an example AppendixA shows two data sheets for one of the regions, one of Assurance and the 

other of Fulfilment. The other datasets can be seen on the included CD.  
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3.2 Development of Solution 

The approach followed is set up according to what the company will be able to repeat with their 

available or obtainable resources in their available time frame.  

3.2.1 Holt-WintersExponential Smoothing 

The Holt-Winters Exponential Smoothing models were used since the seasonal component of the 

data cannot be ignored. Both Additive and Multiplicative models were used for each forecast in 

order to compare them using the Mean Absolute Deviation (MAD), since the seasonality is neither 

purely additive or multiplicative. 

Since there are 52 forecasts to be made the smoothing parameters (α, β, γ) were determined using 

subjective estimation and trial and error to test the relation between the parameters to minimize 

the MAD.Since it takes time to optimize the parameters trial and error was used to find parameters 

that give low MAD’s which are within decimal points of the lowest MAD’s for most models.  

Different parameters were used for the Additive and the Multiplicative models. 

The Holt-Winters models were solved automatically using XLMiner®. Sections 3.2.11 and 3.2.1.2 

describes the equations used for Holt-Winters models.  

3.2.1.1 Additive Model 

The following are examples of initial value equations for Holt-Winters models:  

   (3.5) 

  (3.6) 

 
 

(3.7) 

   

Parameter values:  

α = 0.15  

β = 0.005  

δ = 0.005  
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The following are the equation to update indices for the Additive model: 
 

  (3.8) 

  (3.9) 

  (3.10) 

  (3.11) 

   

where  

 = base level estimate  

 = trend estimate  

 = seasonal estimate  

α = smoothing constant for base level of data  

γ = smoothing constant for trend estimate  

δ = smoothing constant for seasonality estimate  

s = nr of periods in season  

h = forecast steps    (1,2,3,…s)  

 = actual value  

 = forecasted value  
 

An example of the results from XLMiner® are presented in Appendix B and the full results can be 

seen on the included CD.The Mean Absolute Deviations of these models can be seen in section 

3.3. 

3.2.1.2 Multiplicative Model 

The following are examples of initial value equations for Holt-Winters models:  

   (3.12) 

  (5.13) 

 
 

(3.14) 

   

Parameter values:  

α = 0.2  

β = 0.05  



BPJ421 – Final Report 2011 
 

22  

 

δ = 0.05  

   

 
The following are the equation to update indices for the Additive model: 
 

 

  (3.15) 

  (3.16) 

  (3.17) 

  (3.18) 

   

where  

 = base level estimate  

 = trend estimate  

 = seasonal estimate  

α = smoothing constant for base level of data  

γ = smoothing constant for trend estimate  

δ = smoothing constant for seasonality estimate  

s = nr of periods in season  

h = forecast steps    (1,2,3,…s)  

 = actual value  

 = forecasted value  
 

An example of the results from XLMiner® are presented in Appendix C and the full results can be 

seen on the included CD. 

The Mean Absolute Deviations of these models can be seen in section 3.3 

3.2.2 Ad Hoc Model 

An Ad Hoc model was considered since it can be managed in a non-automatic manner which can be 

subjectively adjusted to obtain better results. Section 2.1.4.3 describes the Ad Hoc model. 

The Ad Hoc forecasting equation is: 

                                                                                                                     (3.19) 
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where 

 = number of technicians required on day t 

 = base level corresponding to the average number of technicians required on a day 

 = day of the week factor corresponding to the day of the week on which day t falls 

 = month factor corresponding to the month during which day t occurs 

 = random error term whose average value equals 1 

t = 1,2 ,3,4,5   (1 = Monday, 2 = Tuesday, 3 = Wednesday, 4 = Thursday, 5 = Friday) 

k = 1,2,3,….,12   (1 = January, 2 = February,…., 12 = December) 
 

The Assurance data for Region 1 is used to illustrate this model. The same procedure is followed for 

the other 51 data sets.  

The base level: 

B = average number of technicians per day 

 = 5972.1/261 

 = 22.88 

The day factor for Monday: 

 = (average number of arrivals on Monday)/B 

 = 25.88/22.88                            

 = 1.13 

Similarly, 

 

Tuesday:  = 1.04   

Wednesday:  = 1.02   

Thursday:  = 0.93   

Friday:  = 0.87   

The month factor for January: 

 = (average number of technicians on day in January)/B 

 = 35.47/22.88 

 = 1.55 
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Similarly, 

February:  = 1.24 August:  = 0.73 

March:  = 1.12 September:  = 0.87 

April:  = 0.88 October:  = 0.04 

May:  = 0.93 November:  = 1.07 

June:  = 0.91 December:  = 0.95 

July:  = 0.90    

 

The model above assumes there is only one level per month. To accommodate months where the 

level fluctuates from week to week this model was adjusted to use weekly factors. 

To allow for this equation (3.17) was adjusted to be based on a weekly factor: 

                                                                                                                     (3.20) 

And the weekly factor was calculated as follows: 

 = (average number of technicians on day in Week i)/B 
 

where 

 = week factor corresponding to the week during which day t occurs 

i = 1,2,3,….,52       (1 = Week 1, 2 = Week 2,…., 52 = Week 52) 

Again the Assurance data for Region 1 is used to illustrate the model. The same procedure is 

followed for the other 51 data sets.  

The base level: 

B = average number of technicians per day 

 = 5972.1/261 

 = 22.88 

The day factor for Monday: 

 = (average number of arrivals on Monday)/B 

 = 25.88/22.88                            

 = 1.13 
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Similarly, 

Tuesday:  = 1.04   

Wednesday:  = 1.02   

Thursday:  = 0.93   

Friday:  = 0.87   

 

The week factor for Week 1: 

 = (average number of technicians on day in Week 1)/B 

 = 22.68/22.88 

 = 1.55 

 

Similarly, 

 

An example of the Microsoft Excel®Ad Hoc spreadsheets can be seen in Appendix D and the 

complete collection can be seen on the included CD.  

Week 2:  = 1.55 Week 19:  = 0.87 Week 36:  = 0.76 

Week 3:  = 1.43 Week 20:  = 0.87 Week 37:  = 1.00 

Week 4:  = 1.41 Week 21:  = 0.87 Week 38:  = 1.00 

Week 5:  = 1.34 Week 22:  = 1.00 Week 39:  = 0.92 

Week 6:  = 1.30 Week 23:  = 1.01 Week 40:  = 0.76 

Week 7:  = 1.29 Week 24:  = 0.98 Week 41:  = 0.85 

Week 8:  = 1.09 Week 25:  = 0.76 Week 42:  = 1.03 

Week 9:  = 1.10 Week 26:  = 0.85 Week 43:  = 0.94 

Week 10:  = 1.05 Week 27:  = 1.01 Week 44:  = 1.19 

Week 11:  = 0.96 Week 28:  = 0.92 Week 45:  = 1.17 

Week 12:  = 1.21 Week 29:  = 0.94 Week 46:  = 1.04 

Week 13:  = 1.30 Week 30:  = 0.81 Week 47:  = 0.94 

Week 14:  = 1.30 Week 31:  = 0.69 Week 48:  = 1.04 

Week 15:  = 0.76 Week 32:  = 0.80 Week 49:  = 1.15 

Week 16:  = 0.41 Week 33:  = 0.69 Week 50:  = 0.66 

Week 17:  = 0.96 Week 34:  = 0.80 Week 51:  = 0.47 

Week 18:  = 0.98 Week 35:  = 0.53 Week 52:  = 1.41 
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3.3 Results 

The following table shows the Mean Absolute Deviation (MAD) of each of the models for each of the 

defined regions.  

The lowest Mean Absolute Deviation for each model is highlighted. 

  Mean Average Deviation (MAD) 

 Additive Multiplicative Ad Hoc Month Ad Hoc Week 

R
e

gi
o

n
s 

01 ASS 5.94 5.84 3.95 5.10 

 FUL  5.12 5.21 2.63 3.42 

 ASS NV 2.39 2.43 1.29 1.68 

 FUL NV 1.13 1.15 1.49 1.63 

02 ASS 5.60 5.64 7.04 7.57 

 FUL  4.85 4.99 2.06 3.04 

 ASS NV 2.78 2.66 3.96 4.11 

 FUL NV 0.97 1.04 2.50 2.58 

03 ASS 5.66 5.43 3.63 4.46 

 FUL  4.67 4.78 1.83 2.84 

 ASS NV 2.45 2.49 0.91 1.20 

 FUL NV 0.66 0.68 0.63 0.71 

04 ASS 3.39 3.37 2.58 3.44 

 FUL  4.15 4.24 1.03 2.42 

 ASS NV 3.75 3.86 1.49 1.73 

 FUL NV 0.71 0.78 0.78 0.97 

05 ASS 3.54 3.56 1.72 2.35 

 FUL  3.62 3.68 1.79 2.52 

 ASS NV 1.39 1.44 0.53 0.80 

 FUL NV 0.90 1.18 0.94 1.16 

06 ASS 7.15 6.95 8.25 9.29 

 FUL  5.88 5.83 2.40 3.63 

 ASS NV 1.97 2.02 1.04 1.73 

 FUL NV 1.05 1.06 0.74 0.83 

07 ASS 6.56 6.44 6.36 7.25 

 FUL  5.18 5.17 3.02 3.54 

 ASS NV 3.12 3.14 1.50 2.27 

 FUL NV 1.50 1.53 1.00 1.16 

08 ASS 5.88 5.49 7.03 6.04 

 FUL  5.12 5.01 3.23 3.32 

 ASS NV 1.05 2.51 1.20 1.82 

 FUL NV 1.05 1.08 0.51 0.70 

09 ASS 9.88 9.32 8.84 10.94 

 FUL  6.58 6.66 2.80 3.73 

 ASS NV 4.07 4.08 1.95 2.64 

 FUL NV 1.49 1.53 0.96 1.04 
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 Mean Average Deviation (MAD) 

Additive Multiplicative Ad Hoc Month Ad Hoc Week 

R
eg

io
n

s 

10 ASS 8.73 8.51 8.51 11.34 

 FUL  6.93 6.69 3.69 4.70 

 ASS NV 2.37 2.39 1.19 1.65 

 FUL NV 1.92 1.93 1.87 2.03 

11 ASS 7.47 6.97 6.54 8.11 

 FUL  8.58 8.38 3.86 5.02 

 ASS NV 3.87 3.83 1.88 2.72 

 FUL NV 1.48 1.55 0.78 1.07 

12 ASS 6.90 6.79 6.91 9.20 

 FUL  6.42 6.33 2.45 3.76 

 ASS NV 1.22 1.24 0.46 0.62 

 FUL NV 1.57 1.60 1.22 1.37 

13 ASS 14.44 3.68 9.59 11.70 

 FUL  4.39 1.45 2.03 2.78 

 ASS NV 1.48 4.51 1.00 1.15 

 FUL NV 3.57 14.19 1.73 2.17 

Nr of lowest MAD’s 6 7 39 0 
Table 3: Mean Absolute Deviation’s from all models  

As can be seen from the table above Ad Hoc models performedthe best. Where the Ad Hoc models 

performed better they performed rather better whereas where the Holt-Winter models performed 

better they only performed slightly better. Thus where the Holt-Winter models are close to optimal 

there is a big change that the Ad Hoc could still outperform it. 

It is in general difficult to make daily and long term forecasts. Holt-Winters models will be able to 

perform better if more past data is used in the analyses. If the optimization of the smoothing 

parameters together with the forecasts can be done automatically it might prove to be a useful way to 

forecast the number of technicians required. To find out more about optimizing the smoothing 

parameters text like Rasmussen, R (2003) can be consulted. 

A can be seen from the results the Ad Hoc models using weekly factor consistently performed worse 

than the Ad Hoc models using monthly factors. This is because the Mean Absolute Deviation measures 

the deviation from the mean and the models using weekly factors deviate further from the mean since 

it follows the yearly pattern more closely.  

The following two pages show the graphs for Region one Assurance models. All graphs can be seen on 

the included CD. 
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Chapter 4 

 

4.1 Conclusions and Recommendations 

To assist the company in moving their technicians between regions forecasting models were 

developed. These forecasting models can tell the company where their technicians will be required 

and arrangements for the transfers between regions can be made in advance. 

The company can also use these forecasts for long term planning. For example if a region shows 

permanent overstaffing, the company can permanently assign the technicians to regions that show 

permanent or close to permanent under staffing. 

Past data was analyzed and forecasting models were built. The results based on the available data 

were analyzed and it was concluded that the forecasts of how many technicians will be required on a 

regional levelare to be made withAd Hoc models. According to the results the forecasts are to be made 

with Ad Hoc models using monthly factors. 

If completely automated Holt-Winters models can prove to be useful.It is however recommended that 

the company should use a model type that can be influenced subjectively. It is thus recommended that 

the company test the Ad Hoc models for implementation.  
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Appendix A  -Examples of Datasets 

 

Dataset for region 1 - Assurance 

Dataset for region 1 - Fulfilment  
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Appendix B  -Example of Additive Model Results 

 

Additive XLMiner® results for region 1 - Assurance 
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Appendix C  -Example of Multiplicative Model Results 

 

Multiplicative XLMiner® results for region 1 - Assurance 

  



BPJ421 – Final Report 2011 
 

h  

 



BPJ421 – Final Report 2011 
 

i  

 



BPJ421 – Final Report 2011 
 

j  

 

Appendix D  -Example of Ad Hoc Models Spread sheets 

 

Ad Hoc model (with monthly and weekly factors) for region 1 - Assurance 
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