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Abstract: Workforce planning is essential in today’s business management. If an organization can
find and keep enough staff who have the right values, then they can provide high-quality service.
This paper presents a workforce planning framework for selecting the best forecasting model in
order to provide minimum wage and computer electricity costs for a mobile call center during the
Songkran festival event, and to optimize workforce planning. The framework is constructed with
four main steps: a study of a separate period; the separation of models with different data types; the
simulation of models under different service levels to determine the number of customers waiting in
a call center; and the evaluation of the models. The results from the proposed framework presented
the best forecasting method and the optimal workforce plan. It is clear that this approach can assist
in systematically selecting the best forecasting model. In addition, a workforce planner can use this
framework to support workforce planning and cost evaluation in other event periods.

Keywords: workforce planning framework; forecasting; simulation; call center; Songkran festival
event; energy saving; energy management

1. Introduction
1.1. Motivation

Energy management is crucial to economic and environmental requirements. Many
companies are turning to energy-saving programs to reduce their operating costs. In the
call center industry, the purpose of business is to deliver customer service at the lowest
possible cost. Therefore, reducing energy usage and increasing quality service level are
paramount to helping achieve workforce planning management, especially in the case
if special events in which the number of incoming calls drastically increases. Effective
workforce planning when considering a special event is essential to a high-performing call
center. In Thailand, the Songkran festival or Thai New Year is the most important holiday.
It is celebrated in April, from the 13th to the 15th. The statistics presented by the Tourism
Authority of Thailand (2017) reported that the total economic impact of spending during
the Songkran festival 2017 was THB 45.428 billion, defining a 14.40 per cent increase over
the same period last year [1].

During the Songkran festival period, Thai people spend more money on activities,
such as eating, traveling, and shopping, than in other periods. One of the most common
expenditures is on new mobile phones. To generate income for a mobile phone business,
new mobile phone promotion during this festival is an important strategy. In addition,
during this period, mobile phone usage associated with these activities is expected to
increase two- to three-fold. This substantial growth in traffic across the network may
lead to troublesome changes in network performance. Thus, during the Songkran festival
period, the number of incoming calls in mobile call centers is higher than that in other
periods. The preparation of an appropriate number of agents is significantly beneficial for
call center services. Accurate incoming call and average handling time forecasting must be
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determined effectively in workforce planning to define the number of agents needed for
customer satisfaction [2].

1.2. Related Work

Workforce planning is an essential construct in the development of human resource
management (HRM), and is used as a strategic planning concept [3,4]. Thus, effective
workforce planning is key for strategic planning [5,6]. This paper proposes a workforce
planning framework for a mobile call center during a special event, the Songkran Festival.
The objective of this framework was to find an accurate forecasting model and to optimize
the number of agents in workforce planning with a simulation model. The resulting plan
was executed considering the total cost of the event, including wages and the electricity
cost of computers.

Data collection systems have become necessary for workforce planning in call cen-
ters [7]. The accuracy of the forecasting method used is one factor of call center management,
and forecasting methods need to be compared to determine the best method [8,9]. Time
series forecasting methods are used to forecast the number of incoming calls in a call
center [10–12]. For staffing in modern call centers, a proposed staffing method using a
simulation has been developed. The proposed method can enhance the accuracy and
effectiveness of workforce management [13]. However, optimization modeling can be used
to analyze cost effectiveness for workforce planning [14].

Many workforce planning frameworks have identified the development of work-
force management. In this section, workforce planning framework concepts are compared
in a methodological approach. The relevant framework is categorized by five aspects:
(1) separation of the models by data collection (SMdc); (2) forecasting selection (FS);
(3) forecasting classification by period (FCp); (4) formulation of simulation models by
queuing theory (FSMQ); and (5) evaluation of model classification by cost (EMc), as shown
in Table 1. The five aspects of the framework, and a summary of the relevant research gaps
are as follows:

(1) Firstly, in general, there was a lack of model separation by data collection noted
by the review papers [13,15,16]. In the review of papers [13,15–28], there was also
a lack of forecasting selection. A lack of forecasting classification by period was
shown in the review papers [13,16–20,22,23,25–29]. In addition, it was noted in
the review papers that there was no formulation of simulation models by queuing
theory [15,17–19,21–29]. Furthermore, it was noted in review papers [13,20–23,28,29]
that there was no evaluation of model classification by cost. Therefore, this paper
aims to address these gaps. Most frameworks are applied to separate models by the
data collection aspect, in order to evaluate model classification by cost. However, our
proposed framework includes all five aspects.

(2) Secondly, it was noted by review papers [15,29] that future research is required to
decide changes to tools and methodologies. The key outcomes and recommenda-
tions from the literature reviews included a methodological approach for workforce
management. The proposed workforce planning framework in a call center is a new
concept in the methodological approach.

(3) Finally, it was noted in the review paper [25] that a future research direction should
implement decision-making approach models. This paper proposes the workforce
planning framework for decision making during a special event.

Our proposed workforce planning framework is composed of two important parts:
forecasting and workforce planning. In special events such as the Songkran Festival, it is
important for workforce planning management to prepare an accurate number of agents to
reduce customer service time and total cost.
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Table 1. Comparison of the related framework methodological approach with the proposed frameworks.

Article
Number Framework Purpose Methodological Approach

SMdc FS FCp FSMQ EMc

1 Framework for workforce
management [13]

Consecutive staffing solution
using simulation 4

2 Enumerative constraint
framework [17]

Airline engineering manpower
cost optimization 4 4

3 Workforce planning framework
using structured equations [18] Strategic workforce planning 4 4

4 Strategic workforce planning
framework [29]

Strategic workforce planning in
healthcare 4 4

5 Workforce planning and
deployment framework [15]

Hospital reservation call center
with abandonment cost and

multiple tasks
4 4

6
Framework of workforce

planning, operations, and risk
management [19]

Stochastic control problems 4 4

7 Framework for optimizing call
center staffing [20]

Computing optimal staffing
levels in a call center when

traditional methods fail.
4 4

8 Framework for capacity and
operations planning [21]

Servicing organizations
employing workers with

intellectual disabilities
4 4

9
Fuzzy input–output

optimization modeling
framework [22]

Allocating human resources in
organizations operating under

crisis conditions
4

10 Framework for new workforce
skills [23] The era of industry 4.0 4

11 Rescheduling framework [24] Intraday updating of call center
agent schedules 4 4 4

12 Activity-based cost
framework [16]

Workforce scheduling in terms of
performance and cost. 4 4

13 Decision-making framework [25]
Location selection of a

temporary hospital during the
COVID-19 pandemic

4 4

14 Multi-model assembly line
balancing framework [26]

Balancing workload and
workforce capacity in

lean management
4 4

15 Optimal staffing framework [27] Randomly selecting a number
of servers 4 4

16 Job demands and resources
framework [28]

Early childhood
teacher workforce 4

17
Workforce planning framework

in a call center (our
proposed framework)

Special event planning 4 4 4 4 4

1.3. Empirical Study on a Call Center

An empirical study was performed on a mobile communication call center com-
pany in Thailand. There were four types of customer questions: (1) billing, (2) internet,
(3) promotion, and (4) general information. The workforce planner forecasted incoming
calls for all questions by time of day. Then, the number of agents was scheduled for the
workforce biweekly. This call center operated 24 h a day. The working times were separated
into three shifts; the first shift started at 8.00 a.m. and went on to 5.00 p.m.; the second
shift was from 4.00 p.m. to 1.00 a.m.; and the third shift was from 12.00 a.m. to 9.00 a.m.
The existing workforce planning method is shown in Figure 1. The incoming calls were
forecasted by the multiplicative decomposition forecasting method. Erlang C under the
80/20 service level was applied to define the number of agents.
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Figure 1. The existing workforce planning method.

During the Songkran Festival, the case study company offers promotions, such as
the addition of internet packages for travel, cooperation packages with restaurants and
hotels, new mobile phone packages, and a free mobile cover for water protection when a
bill is paid at the store, to increase business income. The promotion packages and greater
mobile phone usage for activities during the Songkran festival period affect the number
of incoming calls. In this period, the number of incoming calls is higher than that in other
periods.

Currently, the existing workforce planning method from empirical study consists of
forecasting by the multiplicative decomposition forecasting method and generating the
number of agents needed under the 80/20 service level by the Erlang C formula. The
workforce planner forecasts incoming call data from all customer questions. Then, the
call center uses these data to calculate the number of agents necessary. In addition to the
data described, the number of customers waiting in a call center and average handling
time during the Songkran festival are high. Therefore, the number of agents planned is not
enough to service the incoming calls, reducing customer satisfaction. Thus, we propose a
workforce planning framework that identifies planning process steps and evaluates models
by cost during the Songkran festival event.

This framework enhances the workforce management at the call center step by step. In
the first step, the incoming calls and average handling time are separated into three periods:
before the event, during the event, and after the event. The second step includes data
collection, time series forecasting, and the defining of the number of agents by the proposed
and existing workforce planning models. For the third step, the customers waiting in
the call center from the two models are simulated with actual data. The last step is the
evaluation of energy cost. This conceptually contributes to the discussion of how the
different workforce planning models affect energy cost during the Songkran festival.

This paper is organized as follows. The framework and methodology are presented
in Section 2. Then, the evaluation of this study is presented and discussed in Section 3.
In Section 4, the validation of the workforce planning framework is embedded by the
conceptual framework in different scenarios. The conclusions are presented in Section 5.

2. Workforce Planning Framework in the Call Center

The framework proposed in this paper presents a simulation process of forecasting
and workforce planning in a call center. The entire framework process consists of four
sections: data analysis, model definition, model simulation, and model evaluation, as
shown in Figure 2. The details are as follows.
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2.1. Data Analysis

As shown in Figure 2, the first step of this framework is the analysis of the incoming
calls and average handling times during the Songkran festival period and non-festival
period in 2016–2018. The studied periods included three periods: a week before the
Songkran festival, during the Songkran festival, and a week after the Songkran festival.
There were three separate periods studied, as shown in Equations (1)–(3). The timeline was
disaggregated into three periods, as shown in Figure 3.

Bi =
{

Bi1 , Bi2 , Bi3
}

(1)

where Bi represents a set of time series of calls in the week before the event period on the
days corresponding to those of the event:

Bi1 represents the calls on the first day, a week before the event period;
Bi2 represents the calls on the second day, a week before the event period;
Bi3 represents the calls on the last day, a week before the event period.

Si =
{

Si1 , Si2 , Si3
}

(2)

where Si represents a set of time series of calls during the event period:

Si1 represents the calls on the first day during the event period;
Si2 represents the calls on the second day during the event period;
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Si3 represents the calls on the last day during the event period.

Ai =
{

Ai1 , Ai2 , Ai3
}

(3)

where Ai represents a set of time series of calls in the week after the event period on the
days corresponding to those of the event:

Ai1 represents the calls on the first day, a week after the event period;
Ai2 represents the calls on the second day, a week after the event period;
Ai3 represents the calls of the last day, a week after the event period.
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2.2. Model Definition

This section presents two models from three steps: data collection, time series forecast-
ing, and the number of agents required. The results of this section provide the number of
calls for a two-service level approach. The two models of workforce planning are as fol-
lows: Model 1 is the optimal workforce planning model; Model 2 is the existing workforce
planning model. A detailed description of each model is presented in Table 2.

Table 2. The details of the two models.

Step Detail Model 1 Model 2

Step 1 Data collection
1.1 Separation of data types of customer questions 4

1.2 All data types of customer questions 4

Step 2 Time series forecasting
2.1 The proposed forecasting method 4

2.2 Existing forecasting method 4

Step 3 The number of agents required
3.1 Classification service level 4

3.2 Existing service level 4

2.2.1. Data Collection

The incoming call volumes from all customer questions were prepared in two ways,
as follows.

Separation of Data Types of Customer Questions

The data types of customer questions were used to select the forecasting model(s). The
time interval for forecasting incoming calls and the average handling time was one hour.

All Data Types of Customer Questions

All data types of customer questions were used to forecast incoming calls and the
average handling time. The time interval for forecasting was one hour.
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2.2.2. Time Series Forecasting

The proposed and existing forecasting methods for forecasting the number of incoming
calls and average handling time are as follows.

The Proposed Forecasting Method

In this step, the proposed incoming call forecasting is defined. Three forecasting
methods—Holt’s two parameter, Holt–Winters, and the seasonal autoregressive integrated
moving average (SARIMA)—were applied and compared in terms of mean absolute per-
centage error (MAPE). The formulations of all forecasting methods are as follows.

(1) Holt’s two parameter

Holt’s two parameter equation is shown in Equation (4). Two smoothing parameters
(level component (α) and trend component (β)) are optimized by minimizing the forecasting
error, as shown in Equation (7). Equations (5) and (6) provide the level of the series at time
t and the slope of the data series at time t, respectively [30].

F = Lt + btm (4)

where:
Lt = αYt + (1− α)(Lt−1 + bt−1) (5)

bt = B(Lt − Lt−1) + (1− β)bt−1 (6)

minimize:

E =
100%

n

n

∑
t=1

∣∣∣∣∣ At − Ft+ n
t

At

∣∣∣∣∣ (7)

where

F = the forecasted value for m periods;
α = the level component;
β = the trend component;
Lt = the level of the series at time t;
bt = the slope of the data series at time t.

(2) Holt–Winters method

The multiplicative Holt–Winters method is applied to forecast the call volume, as
shown in Equation (8). It is calculated from three components: the level component (Lt) in
Equation (9); the trend component (Tt) in Equation (10); and the seasonal component (St)
in Equation (11). Three smoothing parameters (α, β, and γ) are optimized by minimizing
the forecasting error (Min E) by Equation (12) [30].

Ft+ n
t
= (Lt + Ttn)St−s+n (8)

where:
Lt = α

Yt

St−s
+ (1− α)(Lt−1 + Tt−1) (9)

Tt = β(Lt − Lt−1) + (1− β)Tt−1 (10)

St = γ
Yt

Lt
+ (1− γ)St−s (11)

minimize:

E =
100%

n

n

∑
t=1

∣∣∣∣∣ At − Ft+ n
t

At

∣∣∣∣∣ ; 0 < α, β, γ < 1 (12)

where:

Lt = the level component;
St = the seasonal component;
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Tt = the trend component;
Fn = the forecast n periods ahead;
Y = the observation;
s = the seasonal period;
t = time;
n = the number of time periods (i.e., 1,2, . . . , n periods);
α = a level-related parameter;
β = a slope-related parameter;
γ = a smoothing constant related to the seasonal factor.

(3) SARIMA model

This forecasting method is calculated by including seasonal terms. There are two
separate parts: the nonseasonal part of the model is defined by the values of (p, d, q), and
the seasonal part of the model is defined by the values of (P, D, Q)m [31–34]. The SARIMA
model is obtained by adding an additional seasonal term to the ARIMA models. SARIMA
combines the advantages of the autoregressive model and the moving average model. The
SARIMA forecasting method is represented by Equation (13):

Yt = SARIMA (p, d, q) × (P, D, Q) (13)

where:

Yt = the forecast value at time t;
p = the number of autoregressive items;
d = the number of nonseasonal differences needed for the data to be stationary;
q = the number of lagging forecast errors in the forecast equation;
P = the number of seasonal autoregressive terms;
D = the number of seasonal differences;
Q = the number of the seasonal moving average;
M = the number of periods (the hours were divided into 24 periods, m = 24).

For the autoregressive model, a linear combination of the past values of the variable is
used to forecast the future of the variable, as shown in Equation (14):

ARt = θ0 + θ1 ARt−1 + θ2 ARt−2 + · · ·+ θp ARt−p + εt (14)

where:

AR = the observation at time t;
p = the previous observations;
θn = the parameters (n = 1, 2, 3, . . . , p);
εt = the white noise.

For the moving average model MA(q), the forecast value is calculated by Equation (15).
The past forecast errors are included in the equation.

MAt = φ0 + εt + φ1εt−1 + φ2εt−2 + · · ·+ φqεt−q (15)

where

MA = the observation at time t;
φn = the parameters (n = 1, 2, 3, . . . , q);
εt−k = the error at time t (k = 1, 2, 3..., q).

Then, the autoregressive integrated moving average (ARIMA) model combines autore-
gression and a moving average represented by Equation (16). f́t denotes the differenced
series.

f́t = θ0 + θ1 f́t−1 + θ2 f́t−2 + · · ·+ θp f́t−p + φ1εt−1 + φ2εt−2 + · · ·+ φqεt−q + εt (16)
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Existing Forecasting Method

The existing forecasting method of the case study is multiplicative decomposition,
as shown in Equation (17). In Equation (16), there are three components: a trend-cycle
component (Tt), a seasonal component (St), and an irregular component (Et). The trend-
cycle component is calculated as a moving average that is centered at t. The estimated
trend also depends on the seasonality of the time series. In this paper, the moving average
is determined in hours, and the data on the Songkran festival event calls are obtained from
3 days per year. We suppose that the time series of the Songkran festival event calls start on
the 1st day in the first hour (t = 1), and we average the number of calls received per hour up
through the 24th hour (t = 24). This average corresponds to a time of t = 12.5 (the halfway
point between the 1st hour and the 24th hour). Then, the equation of the trend at time
t can be estimated as the centered average. It is formulated as T̂ = 1

m ∑k
j=−k yt+j, where

m = 2k + 1 and k is the time in period t. However, a detrended series can be calculated
by determining yt

T̂t
. Then, the average of the detrended values by period is the estimated

seasonal component for each period. The values obtained are denoted by Ŝt. Next, the
irregular component at period t is calculated by dividing by the estimated seasonal and
trend-cycle components as Êt =

yt
(T̂Ŝt)

[31].

yt = Tt × St × Et (17)

where:

Tt = the trend-cycle component in period t;
St = the seasonal component in period t;
Et = the irregular component in period t;
t = time period.

2.2.3. The Number of Agents Required

We apply the Erlang C formulation to determine the number of agents required in this
paper, as shown in Equation (18), and its components are detailed in Equations (19)–(21).
The formulation can be represented by W(m, u, TA, TR), as shown in Equation (22) [35].

Ec(m, u) = P(call waiting) =
um

m!
um

m! + (1− ρ)∑m−1
k=0

uk

k!

(18)

where:
u =

λ

µ
(19)

ρ =
u
m

(20)

µ =
1

TA
(21)

Then,

W(m, u, TA, TR) = P(waiting time ≤ TR) = 1− Ec(m, u)e−(m−u) 1
TA (22)

where:

λ = call arrival rate;
TA = average handling time;
m = number of agents;
TR = target waiting time.
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Classification Service Level

In this step, service level is classified into three categories: (1) service level under
90/10, in which at least 90% of the customers must wait no more than 10 s; (2) service level
under 80/20, in which at least 80% of the customers must wait no more than 20 s; and
(3) service level under 70/30, in which at least 70% of the customers must wait no more
than 30 s. The details are shown in Table 3.

Table 3. Three categories of service level.

Categories Incoming Calls Volume

1. Service level under 90/10 rule ≥80%
2. Service level under 80/20 rule 10–15%
3. Service level under 70/30 rule ≤5%

Existing Service Level

In this step, we fix the queuing model under the 80/20 rule, in which at least 80% of
the customers must wait no more than 20 s.

2.3. Model Simulation

This section explores how the number of customers waiting in the call center are
applied by simulation models. The simulation methodology process of this research is
shown in Figure 4. A detailed description of each process step is presented as follows:

Energies 2022, 15, x FOR PEER REVIEW 11 of 25 
 

 

 
Figure 4. Simulation methodology process. 

2.3.1 Goal Setting Simulation 
This step sets the goal for finding the number of agents in the call center and the 

number of queues. The simulation study goals are necessary because we can compare the 
existing model and the optimal model from the datasets of incoming calls and average 
handling time [36]. 

2.3.1. Data Identification 
Data identification is an essential task for simulation. Then, the challenge in simula-

tion is connected to data quality and data availability [37]. We collected data for the sim-
ulation of two models (Model 1 and Model 2) and the actual data for incoming calls in 
three periods in 2019. The actual data were divided by hour from 24 h per day. 

2.3.2. Configuration of the Data 
The incoming calls and average handling time were used to formulate the simulation 

model. For data analysis, the number of agents and the waiting time of each shift were 
fitted to the appropriate queueing theory using the input analyzer of the software Flexsim. 
The scenario modeling was analyzed by 3D image processing in this software [38]. The 
process of configuring data for simulation is shown in Figure 5. There are three parts, 
which are detailed as follows. 

Figure 4. Simulation methodology process.



Energies 2022, 15, 1551 11 of 24

2.3.1. Goal Setting Simulation

This step sets the goal for finding the number of agents in the call center and the
number of queues. The simulation study goals are necessary because we can compare the
existing model and the optimal model from the datasets of incoming calls and average
handling time [36].

2.3.2. Data Identification

Data identification is an essential task for simulation. Then, the challenge in simulation
is connected to data quality and data availability [37]. We collected data for the simulation
of two models (Model 1 and Model 2) and the actual data for incoming calls in three periods
in 2019. The actual data were divided by hour from 24 h per day.

2.3.3. Configuration of the Data

The incoming calls and average handling time were used to formulate the simulation
model. For data analysis, the number of agents and the waiting time of each shift were
fitted to the appropriate queueing theory using the input analyzer of the software Flexsim.
The scenario modeling was analyzed by 3D image processing in this software [38]. The
process of configuring data for simulation is shown in Figure 5. There are three parts, which
are detailed as follows.
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Part 1 First, two data types—data type 1 and data type 2—of the actual data are simulated.
Data type 1 is incoming calls from three categories at the service level, and data
type 2 is incoming calls with an 80/20 service level. Then, the result is the number
of agents required for each type.

Part 2 The actual number of agents from part 1 is used for simulation with Model 1
(following data type 1) and Model 2 (following data type 2) to determine the
number of customers waiting in a call center.

Part 3 Finally, the numbers of customers waiting from Model 1 and Model 2 are compared.

2.3.4. Verification and Validation

Model verification and validation are conducted to test the accuracy of the statistics,
regardless of whether the model is appropriate for simulation. We used a significance level
of 0.05 (significant < 0.05) for the percentage error for simulation. The percentage error of
the simulation is formulated as Equation (23):

PE =

∣∣∣∣S− A
A

∣∣∣∣× 100% (23)

where:

PE = percentage error;
S = simulation data;
A = actual data.
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Then, the average of the results of the models and the percentage difference ratios are
calculated by Equations (24) and (25):

S =
1
2
(S1 + S2) (24)

PD =
|S1 + S2|

S
× 100% (25)

where:

PD = percentage difference;
S1 = data results for Model 1;
S2 = data results for Model 2.

2.3.5. Formulation of the Model

In the last step, the simulation is formulated to present the optimal method of Model
(1) and Model (2) by the number of customers waiting via Flexsim 2016 software. The
number of customers waiting in a call center per hour is shown.

2.4. Evaluating the Models

In this step, Model (1) and Model (2) were evaluated by cost, wages and energy cost.
The model that had the lowest total cost was the optimal solution.

2.4.1. Wages

This comparison step analyzes the wages according to the daily minimum wage rate
in Bangkok of THB 331 [39]. The cost of three periods from the two models are compared.
The total wages are calculated with Equation (26):

WC =
sn

∑
i=1

Ni ×WD× C. (26)

where:

WC = wages;
WD = day number;
C = daily minimum wage rate (which in Bangkok is THB 331);
N = number of agents;
i = shift number (i = 1, 2, . . . , sn).

2.4.2. Energy Cost

The energy cost is the electricity consumption cost calculated considering desktop
computer model 2.3 GHz processor 3 GB RAM. This computer model uses an energy of 1200
watts [40]. The agents work for 8 h per shift, and one day has three shifts. The energy cost
is calculated based on metropolitan electricity authority rates. The case study is classified
into category 3, a medium-sized businesses with a voltage lower than 12 kilovolts [41].
The period of electricity consumption is divided into two periods: off-peak and on-peak
periods. The off-peak periods are: (1) between 10:00 p.m. to 9:00 a.m. on Monday until
Friday; and (2) between 12:00 a.m. to 12:00 p.m. on Saturday, Sunday, National Labor Day,
and regular public holidays (excluding the royal plowing ceremony day and substitution
holidays). The energy charge rate is THB 2.6627 per kW-hour. The on peak period includes
Monday to Friday from 09:00 a.m. to 10:00 p.m. The energy charge rate is THB 4.3555 per
kW-hour. The total energy cost is calculated by Equation (27), and the energy costs on peak
and off peak are shown in Equations (28) and (29), respectively. The details of the energy
costs in each shift are presented in Table 4.

Minimize EC = ECon + ECo f f (27)
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where:
ECon =

N × 1200× T
1000

× 4.3555 (28)

ECo f f =
N × 1200× T

1000
× 2.6627 (29)

where:

EC = energy cost from desktop computer;
ECon = energy cost from desktop computer during on peak;
ECo f f = energy cost from desktop computer during off peak;
N = the number of agents;
T = working hours for desktop computer.

Table 4. The energy costs for each shift.

Shift No. Time Period
Energy Cost (THB Per kW-Hour)

Monday–Friday Saturday and Sunday

1 08.00 a.m.–05.00 p.m. 4.3555
2.66272 04.00 p.m.–01.00 a.m. 4.3555 (for 6 h)

2.6627 (for 3 h)
3 12.00 a.m.–09.00 a.m. 2.6627

3. Empirical Evaluation

In this part, the results of the evaluation of the workforce planning framework in a
call center are presented.

3.1. Data Analysis Results

Three periods, including during event and nonevent periods (before and after) were
analyzed in terms of incoming calls and average handling time. The corresponding days
a week before the Songkran festival period

{
Bi1 , Bi2 , Bi3

}
were April 6th, 7th, and 8th. The

days during the Songkran festival period
{

Si1 , Si2 , Si3
}

were April 13th, 14th, and 15th. The
corresponding days a week after the Songkran festival period,

{
Ai1 , Ai2 , Ai3

}
were April 20th,

21st, and 22nd. The weekdays during 2016–2018 for each period are presented in Table 5.

Table 5. The weekday for each period in April.

Period Day April Year 2016 Year 2017 Year 2018

Bi Bi1 6th Wednesday Thursday Friday
Bi2 7th Thursday Friday Saturday
Bi3 8th Friday Saturday Sunday

Si Si1 13th Wednesday Thursday Friday
Si2 14th Thursday Friday Saturday
Si3 15th Friday Saturday Sunday

Ai Ai1 20th Wednesday Thursday Friday
Ai2 21st Thursday Friday Saturday
Ai3 22nd Friday Saturday Sunday

3.2. Model Definition Results

From Table 2, the details of the two models included three steps. In the first step,
data collection was performed, and customer questions were classified in two ways:
(1) four separate types of customer questions (billing, internet, promotions, and general
information); and (2) all types of customer questions combined.

In the next step, the forecasting methods were applied to forecast the incoming calls
for the two types of data classification, and the forecasting errors of all forecasting methods
were evaluated. For data type 1, the Holt’s two parameter method, the Holt–Winters
method, and the SARIMA method were used to forecast both incoming calls and the
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average handling time for three periods. The method that provided a lower MAPE was
selected. The MAPE of each forecasting method in each period is shown in Table 6. The
parameter values in the parentheses are the values that provided the minimum forecasting
error. For data type 2, multiplicative decomposition was applied. The MAPE of each
period is shown in Table 7. Figure 6 presents the incoming calls based on data type 1, data
type 2 and the actual data. For each period, the number of calls was assessed in terms of
trends and seasonality. The number of calls in the 10th hour on the second day during the
Songkran festival of data type 2 was high, at 2158 calls. However, the number of calls in
the 4th hour on the second day of the period after the Songkran festival in the actual data
was low, at 145 calls. Figure 7 compares the average handling times for data type 1, data
type 2 and the actual data. The average handling time in the 16th hour on the second day
during the Songkran festival of data type 2 was high, at 590 s. The average handling time
was low during the 1st hour during the first day of the period before the Songkran festival
in the actual data, at 325 s.

Table 6. Comparison of the MAPEs for data type 1.

Forecasting Type Data Type Period Holt’s Two Parameter
(α, β)

Holt–Winters
(α, β, γ)

SARIMA
(p, d, q) × (P, D, Q) m

1. Incoming calls

1.1. Billing
Bi 16.83 (0.5, 0.1) 9.21 (0.5, 0.3, 0.1) 9.32 (1, 0, 1) (0, 1, 1) [24]
Si 18.15 (0.5,0.9) 7.41 (0.1, 0.5, 0.5) 8.71 (1, 0, 2) (1, 1, 1) [24]
Ai 17.72 (0.3,0.5) 9.73 (0.1, 0.5, 0.1) 8.66 (1, 0, 1) (0, 1, 1) [24]

1.2. Internet
Bi 19.81 (0.7, 0.5) 11.45 (0.1, 0.9, 0.1) 10.26 (1, 0, 1) (1, 1, 1) [24]
Si 17.26 (0.5, 0.9) 13.58 (0.1, 0.3, 0.2) 12.42 (1, 0, 2) (1, 1, 1) [24]
Ai 21.19 (0.2, 0.8) 10.25 (0.2, 0.5, 0.5) 11.63 (1, 0, 1) (0, 1, 1) [24]

1.3. Promotion
Bi 16.73 (0.5, 0.1) 9.73 (0.4, 0.3, 0.1) 10.82 (1, 0, 1) (0, 1, 1) [24]
Si 14.61 (0.1, 0.5) 8.52 (0.1, 0.2, 0.1) 11.30 (1, 0, 1) (0, 1, 1) [24]
Ai 23.11 (0.1, 0.9) 8.21 (0.1, 0.5, 0.1) 14.74 (1, 0, 1) (1, 1, 1) [24]

1.4. General
information

Bi 14.23 (0.8, 0.1) 11.22 (0.1, 0.4, 0.5) 10.52 (1, 0, 1) (0, 1, 1) [24]
Si 15.43 (0.5, 0.9) 9.12 (0.5, 0.1, 0.1) 9.32 (1, 0, 2) (1, 1, 1) [24]
Ai 20.22 (0.3, 0.8) 12.29 (0.8, 0.5, 0.1) 10.34 (1, 0, 1) (1, 1, 1) [24]

2.1. Billing Bi 10.63 (0.1, 0.1) 8.17 (0.1, 0.5, 0.1) 8.32 (1, 0, 2) (0, 1, 1) [24]

2. Average
handling time

Si 9.18 (0.2, 0.9) 7.38 (0.1, 0.9, 0.1) 8.71 (1, 0, 2) (1, 1, 1) [24]
Ai 12.85 (0.5, 0.5) 8.73 (0.5, 0.5, 0.1) 7.47 (1, 0, 1) (0, 1, 1) [24]

2.2. Internet Bi 9.41 (0.1, 0.3) 8.52 (0.1, 0.5, 0.1) 9.26 (1, 0, 1) (1, 1, 1) [24]
Si 10.25 (0.5, 0.1) 9.11 (0.1, 0.3, 0.5) 9.48 (1, 0, 1) (0, 1, 1) [24]
Ai 11.12 (0.3, 0.9) 8.29 (0.1, 0.3, 0.5) 10.63 (1, 0, 1) (0, 1, 1) [24]

2.3. Promotion Bi 10.13 (0.5, 0.4) 9.24 (0.5, 0.9, 0.1) 9.12 (1, 0, 1) (0, 1, 1) [24]
Si 9.29 (0.7, 0.3) 8.36 (0.1, 0.5, 0.1) 8.39 (1, 0, 1) (1, 1, 1) [24]
Ai 9.12 (0.1, 0.9) 7.71 (0.2, 0.5, 0.1) 8.27 (1, 0, 2) (1, 1, 1) [24]

2.4. General
information

Bi 10.13 (0.1, 0.1) 9.28 (0.1, 0.1, 0.5) 8.18 (1, 0, 2) (0, 1, 1) [24]
Si 9.56 (0.1, 0.9) 7.34 (0.5, 0.2, 0.9) 9.37 (1, 0, 1) (1, 1, 1) [24]
Ai 9.35 (0.3, 0.5) 7.13 (0.5, 0.1, 0.1) 8.35 (1, 0, 1) (1, 1, 1) [24]

Remark: bold values indicate the lowest forecasting error.

Table 7. The MAPEs for data type 2.

Forecasting Type Period Multiplicative Decomposition

1. Incoming calls
Bi 26.33
Si 30.31
Ai 32.11

2. Average handling time
Bi 19.87
Si 18.21
Ai 18.32



Energies 2022, 15, 1551 15 of 24
Energies 2022, 15, x FOR PEER REVIEW 16 of 25 
 

 

 
Figure 6. The incoming calls based on the two data types and actual data. 

 
Figure 7. The average handling time on two data types with actual data. 

In the final step, the number of agents was classified in two categories: (1) service 
level classification for data type 1; and (2) the existing service level for data type 2. For the 
service level classification, we selected the number of calls from the best forecasting. Table 
8 shows the incoming call forecasting classified into three categories. The results are 
shown in the same class for the same periods: Category 1 for internet and promotion, 

0
100
200
300
400
500
600
700
800
900

1000
1100
1200
1300
1400
1500
1600
1700
1800
1900
2000
2100
2200
2300

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59 61 63 65 67 69 71

N
um

be
r o

f c
al

ls

Hours

Period Bi: data type 1 Period Bi: data type 2 Period Bi: actual data

Period Si: data type 1 Period Si: data type 2 Period Si: actual data

Period Ai: data type 1 Period Ai: data type 2 Period Ai: actual data

300

350

400

450

500

550

600

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59 61 63 65 67 69 71

Th
e 

av
er

ag
e 

ha
nd

lin
g 

tim
e

Hours

Period Bi: data type 1 Period Bi: data type 2 Period Bi: actual data

Period Si: data type 1 Period Si: data type 2 Period Si: actual data

Period Ai: data type 1 Period Ai: data type 2 Period Ai: actual data

Figure 6. The incoming calls based on the two data types and actual data.

Energies 2022, 15, x FOR PEER REVIEW 16 of 25 
 

 

 
Figure 6. The incoming calls based on the two data types and actual data. 

 
Figure 7. The average handling time on two data types with actual data. 

In the final step, the number of agents was classified in two categories: (1) service 
level classification for data type 1; and (2) the existing service level for data type 2. For the 
service level classification, we selected the number of calls from the best forecasting. Table 
8 shows the incoming call forecasting classified into three categories. The results are 
shown in the same class for the same periods: Category 1 for internet and promotion, 

0
100
200
300
400
500
600
700
800
900

1000
1100
1200
1300
1400
1500
1600
1700
1800
1900
2000
2100
2200
2300

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59 61 63 65 67 69 71

N
um

be
r o

f c
al

ls

Hours

Period Bi: data type 1 Period Bi: data type 2 Period Bi: actual data

Period Si: data type 1 Period Si: data type 2 Period Si: actual data

Period Ai: data type 1 Period Ai: data type 2 Period Ai: actual data

300

350

400

450

500

550

600

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59 61 63 65 67 69 71

Th
e 

av
er

ag
e 

ha
nd

lin
g 

tim
e

Hours

Period Bi: data type 1 Period Bi: data type 2 Period Bi: actual data

Period Si: data type 1 Period Si: data type 2 Period Si: actual data

Period Ai: data type 1 Period Ai: data type 2 Period Ai: actual data

Figure 7. The average handling time on two data types with actual data.

In the final step, the number of agents was classified in two categories: (1) service
level classification for data type 1; and (2) the existing service level for data type 2. For the
service level classification, we selected the number of calls from the best forecasting. Table 8
shows the incoming call forecasting classified into three categories. The results are shown
in the same class for the same periods: Category 1 for internet and promotion, Category 2
for general information, and Category 3 for billing. Then, the service was adjusted under
the 90/10 rule, 80/20 rule, and 70/10 rule for Category 1, Category 2, and Category 3,
respectively. For data type 2, the existing service level was adjusted under the 80/20 rule.
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Table 8. The classifications for data type 1.

Data Type Period Bi Period Si Period Ai
The

Number
of Calls

Percent Category
The

Number
of Calls

Percent Category
The

Number
of Calls

Percent Category

1. Billing 2578 3.88% 3. 3458 4.26% 3. 3015 4.55% 3.
2. Internet 27,125 40.78% 1. 31,352 38.66% 1. 27,025 40.79% 1.

3. Promotion 27,058 40.68% 1. 34,126 42.08% 1. 26,589 40.13% 1.
4. General

information 9752 14.66% 2. 12,153 14.99% 2. 9632 14.54% 2.

3.3. Model Simulation Results

The results of the simulation and their significance are discussed through five steps.

3.3.1. Step 1: Goal Setting Simulation

Simulation can be used to predict the number of agents and to compare the number of
customers waiting in the call center under Model (1) and Model (2).

3.3.2. Step 2: Data Identification

The actual data in 2019 and two models discussed in the simulation model were tested
based on the simulation goal. There were three periods (Bi, Si, Ai).

3.3.3. Step 3: Configuration of the Data

In this step, the results for each part are discussed below.
Part 1: Simulation: Actual data.
The number of agents was determined by using the actual data for simulation in each

period. Therefore, altogether, three time series datasets were analyzed. Figure 8 presents a
simulation application for the number of agents from actual data. Following the procedure
for simulation data type 1, the actual incoming call data were classified into three categories:
Category 1 for internet and promotion, Category 2 for general information, and Category 3
for billing. The results showed incoming calls of the same class in the same periods. The
output results for the number of agents from three periods under data type 1 and data type
2 are shown in Figure 9.
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Part 2: Simulation: Model (1) and Model (2).
The previous steps consisted of using the incoming calls, average handling time and

the number of agents as the input parameters in the simulation to determine the number
of customers waiting in the call center. Both models were simulated, and the number of
customers waiting in the call center is shown in Table 9.

Table 9. The number of customers waiting in the three periods.

Period Model First Day Second Day Last Day

Bi
Model (1) 323 366 239
Model (2) 684 676 491

Si Model (1) 612 394 251
Model (2) 1134 756 894

Ai Model (1) 376 342 198
Model (2) 484 489 285

Part 3: Comparison of the two models.
In Table 9, the number of customers waiting in the call center is shown separately in

three shifts for the two models. The number of customers waiting in the call center from
Model (2) was higher than that from Model (1) for all shifts and all periods. Figure 10
compares the number of customers waiting in the call center under the two models for each
hour over three days. For the first day, we can see a higher number of customers waiting
during the Songkran festival period for Model (2) than for the other periods. This number
was high at 10.00 a.m.–10.59 a.m. in the first shift. For the second day, a high number of
customers waiting for the second day occurred in the first shift at 10.00 a.m.–10.59 a.m.
during the Songkran festival period for Model (2). Additionally, the number of customers
waiting on the last day during the Songkran festival period for Model (2) was high at
12.00 a.m.–12.59 a.m. in the first shift.
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3.3.4. Step 4: Verification and Validation

The simulation was carried out for three periods. The simulation time for each period
was 259,200 s (3 days × 24 h × 60 min × 60 s). After each period ran, the corresponding
data were generated for testing whether the model was appropriate for simulation or not.
The percentage errors of the simulations were 3.26% and 3.45% for data type 1 and data
type 2, respectively. The statistical test of the model proved that the percentage errors of
the simulations of data type 1 and data type 2 were not significantly different.

3.3.5. Step 5: Formulation of the Model

For this step, we can conclude that the number of customers waiting in the call center
for Model (2) was higher than that for Model (1), for all periods.

3.4. Model Evaluation Results

We next describe a cost comparison of wages and energy charges. The results of the
two evaluations are as follows:

3.4.1. Wages

The wages from the two models are displayed in Table 10. From Table 10, the wages
of Model (2) were higher than those of Model (1). The percentage differences between the
costs under Model (1) and Model (2) were 34.56%, 15.03%, and 16.25% for the same days a
week before the Songkran festival period, during the Songkran festival, and a week after
the Songkran festival period, respectively.

Table 10. Wage costs of the three periods for the two models.

Period Model
Wage Costs (THB) Total Wage Costs

(THB)
Cost Difference

(Percentage)First Day Second Day Last Day

Bi
Model (1) 44,685 46,671 43,692 135,048

34.56Model (2) 59,580 63,552 58,587 181,719

Si
Model (1) 54,615 59,580 57,594 171,789

15.03Model (2) 64,545 69,510 63,552 197,607

Ai
Model (1) 51,636 54,615 52,629 158,880

16.25Model (2) 59,580 64,545 60,573 184,698

3.4.2. Energy Costs

The energy cost was calculated considering a desktop computer model 2.3 GHz
processor 3 GB RAM working for 24 h. The results for this cost for the three periods are



Energies 2022, 15, 1551 19 of 24

presented in Table 11. The differences between the costs under Model (1) and Model (2)
were THB 7586.50, THB 7252.17, and THB 8207.28 for the same days a week before the
Songkran festival period, during the Songkran festival, and a week after the Songkran
festival period. Thus, Model (2) provided a higher energy cost than Model (1).

Table 11. Energy costs of the three periods for the two models.

Period Model
Energy Costs (THB)

Total Energy Cost (THB)
First Day Second Day Last Day

Bi
Model (1) 3021.12 3075.65 2858.41 8955.18
Model (2) 5583.97 5936.22 5021.49 16,541.68

Si
Model (1) 3505.53 3607.12 3395.89 10,508.54
Model (2) 5809.81 6114.23 5836.67 17,760.71

Ai
Model (1) 2909.66 3170.82 2742.30 8822.78
Model (2) 5473.09 5849.12 5707.85 17,030.06

4. Validation of the Proposed Workforce Planning Framework

To ensure that the proposed workforce planning framework was appropriate for the
call center during the other special events, the workforce planning during a new mobile
phone event was tested.

The proposed process was tested for the release a new mobile phone promotion
package from September to December each year. The nonevent period consisted of the
other months in one year. We applied the proposed framework in four steps, as follows.

Step 1 First, there were three separate periods: (1) four months before the release of a
new mobile phone promotion package; (2) during release of a new mobile phone promotion
package; and (3) four months after the release of a new mobile phone promotion package,
as shown in Equations (30)–(32), respectively. The months during 2017–2019 in each period
are presented in Table 12.

BMi = {BM1, . . . , BMtm−1, BM tm} (30)

SMi = {SM1, . . . , SMtm−1, SMtm} (31)

AMi = {AM1, . . . , AVtm−1, AV tm} (32)

where:

BMi is a set of time series values for four months before the event period;
SMi is a set of time series values during the event period;
AMi is a set of time series values four months after the event period;
tm is time.

Table 12. The months for each period.

Period Day Month 1st Year 2nd Year 3rd Year

BMi BMi1 May

2017 2018 2019
BMi2 June
BMi3 July
BMi4 August

SMi SMi1 September

27 2018 2019
SMi2 October
SMi3 November
SMi4 December

AMi AMi1 January

2018 2019 2020
AMi2 February
AMi3 March
AMi4 April
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Step 2 Then, the different data types were separated into two models. This step
followed the details of the two models from Table 2. The data collection was the same
as that during the Songkran festival event. Then, the time series forecasting from data
type 1 was applied to forecast three periods, and the results of the MAPE are displayed
in Table 13. The parameter values in the parentheses were the values that provided the
minimum forecasting error. The incoming calls and average handling time forecasting
for data type 2 are shown in Table 14. For the number of agents required, we selected
the number of calls from the best forecasting for data type 1. The results are shown in
the same class for the same periods, Category 1 for general information and promotions,
Category 2 for internet, and Category 3 for billing. Then, the service level was adjusted
under the 90/10 rule, 80/20 rule, and 70/10 rule for Category 1, Category 2, and Category
3, respectively. The existing service level for data type 2 was adjusted under the 80/20 rule.

Table 13. Comparison of the MAPEs for data type 1 during a new mobile phone event.

Forecasting Type Data Type Period Holt’s Two Parameter
(α, β)

Holt-Winters
(α, β, γ)

SARIMA
(p, d, q) × (P, D, Q) m

1. Incoming calls

1.1. Billing
BMi 10.53 (0.5, 0.1) 11.21 (0.1, 0.3, 0.1) 10.35 (1, 0, 1) (0, 1, 1) [24]
SMi 11.19 (0.1, 0.5) 9.22 (0.1, 0.1, 0.5) 9.78 (1, 0, 1) (1, 1, 1) [24]
AMi 13.85 (0.9, 0.1) 9.15 (0.1, 0.2, 0.1) 9.56 (1, 0, 1) (0, 1, 1) [24]

1.2. Internet
BMi 12.25 (0.1, 0.5) 10.53 (0.1, 0.5, 0.5) 10.11 (1, 0, 1) (1, 1, 1) [24]
SMi 15.45 (0.5, 0.2) 12.18 (0.5, 0.3, 0.1) 10.45 (1, 0, 1) (1, 1, 1) [24]
AMi 12.75 (0.1,0.6) 11.12 (0.1, 0.9, 0.5) 9.84 (1, 0, 1) (0, 1, 1) [24]

1.3. Promotion
BMi 14.13 (0.4, 0.1) 10.71 (0.5, 0.2, 0.1) 10.95 (1, 0, 1) (0, 1, 1) [24]
SMi 15.65 (0.9, 0.5) 11.92 (0.1, 0.5, 0.1) 11.15 (1, 0, 1) (0, 1, 1) [24]
AMi. 18.41 (0.1,0.5) 12.27 (0.9, 0.5, 0.1) 13.24 (1, 0, 1) (1, 1, 1) [24]

1.4. General
information

BMi 15.89 (0.5, 0.1) 9.27 (0.5, 0.3, 0.5) 11.78 (1, 0, 1) (0, 1, 1) [24]
SMi 15.71 (0.5, 0.9) 8.12 (0.6, 0.9, 0.1) 9.37 (1, 0, 1) (1, 1, 1) [24]
AMi 15.59 (0.5, 0.6) 9.19 (0.5, 0.5, 0.1) 9.04 (1, 0, 1) (1, 1, 1) [24]

2.1. Billing BMi 9.43 (0.1, 0.1) 8.15 (0.1, 0.9, 0.5) 8.38 (1, 0, 2) (0, 1, 1) [24]

2. Average
handling time

SMi 9.12 (0.1,0.9) 7.32 (0.1, 0.5, 0.1) 8.75 (1, 0, 1) (1, 1, 1) [24]
AMi 10.15 (0.1,0.5) 8.51 (0.1, 0.5, 0.1) 8.97 (1, 0, 1) (0, 1, 1) [24]

2.2. Internet BMi 9.45 (0.5, 0.1) 8.73 (0.1, 0.9, 0.1) 9.13 (1, 0, 1) (1, 1, 1) [24]
SMi 10.55 (0.1, 0.1) 8.15 (0.1, 0.5, 0.5) 9.22 (1, 0, 1) (0, 1, 1) [24]
AMi 10.42 (0.1, 0.5) 8.79 (0.5, 0.9, 0.5) 9.73 (1, 0, 1) (0, 1, 1) [24]

2.3. Promotion BMi 9.43 (0.1, 0.4) 8.22 (0.1, 0.5, 0.1) 8.75 (1, 0, 1) (0, 1, 1) [24]
SMi 9.13 (0.1, 0.5) 8.79 (0.9, 0.4, 0.1) 8.98 (1, 0, 1) (1, 1, 1) [24]
AMi 8.42 (0.5, 0.1) 7.86 (0.1, 0. 0.1) 8.12 (1, 0, 2) (1, 1, 1) [24]

2.4. General
information

BMi 9.46 (0.5, 0.1) 8.81 (0.5, 0.1, 0.5) 8.85 (1, 0, 2) (0, 1, 1) [24]
SMi 9.12 (0.5, 0.1) 7.84 (0.5, 0.1, 0.9) 8.45 (1, 0, 1) (1, 1, 1) [24]
AMi 9.37 (0.1, 0.7) 7.59 (0.1, 0.1, 0.1) 9.12 (1, 0, 1) (1, 1, 1) [24]

Remark: bold values indicate the lowest forecasting error.

Table 14. The MAPEs for data type 2 during a new mobile phone event.

Forecasting Type Period Multiplicative Decomposition

1. Incoming calls
BMi 21.47
SMi 35.39
AMi 31.41

2. Average handling time
BMi 20.17
SMi 22.91
AMi 19.25

Step 3 For the simulation model, the simulation methodology from Figure 4 was
followed. The comparison of the number of customers waiting in the call center is shown
in Table 15. The number of customers waiting in the call center of Model (1) was lower
than that of Model (2).
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Table 15. Comparison of the number of customers waiting for the three periods with Model (1) and
Model (2).

Model
Periods

BMi SMi AMi

Model (1) 3100 3500 2070
Model (2) 9840 11,280 8640

Step 4 Finally, the model that had the lowest wage costs and electricity costs was
selected. Table 16 shows a comparison of the costs for these two models, and those of
Model (1) were lower than those of Model (2). It can be concluded that the proposed
framework can be applied to workforce planning in other event periods.

Table 16. Comparison of costs for Model (1) and Model (2).

Cost (THB) Period Model (1) Model (2)

Wages
BMi 5,362,200 7,149,600
SMi 6,196,320 7,983,720
AMi 5,958,000 6,434,640

Electricity
BMi 70,551.00 94,078.80
SMi 81,525.60 105,054.66
AMi 78,390.00 84,670.92

However, this proposed workforce planning framework is not only for an event in
Thailand. Workforce planners can use this framework to support workforce planning
during other special event periods, such as Christmas, the New Year festival, Chinese New
Year, and during the promotion period. The framework will help to select the appropriate
model during those events.

5. Conclusions

A workforce planning framework in a call center during the Songkran festival event
was presented in this article. The purpose of this framework was to evaluate the total cost.
It included four main steps.

(1) The first step was data analysis through a three-period study. The weekday results for
each period in April were shown;

(2) Next, two models were defined. The proposed method was Model (1), and the existing
method was Model (2). There were two separate data types (data type 1 and data
type 2) with three steps. For the data collection, data type 1 separated four types of
customer questions (billing, internet, promotion, and general information), and data
type 2 combined all types of customer questions. Then, the time series forecasting
for data type 1 was compared with Holt’s two-parameter forecasting method, the
Holt–Winters forecasting method, and the SARIMA forecasting method. Data type 2
was the existing forecasting method (multiplicative decomposition). Data type 1 had
less forecasting errors than data type 2. Then, the number of agents required and data
type 1 were classified into three categories. The results were shown in the same class
in the same periods. The service was adjusted under the 90/10 rule, 80/20 rule, and
70/10 rule for Category 1, Category 2, and Category 3, respectively. For data type 2,
the existing service level was adjusted under the 80/20 rule;

(3) Third, the simulation of the number of customers waiting in the call centers showed
that Model (2) yielded a higher result than Model (1);

(4) For the last step, the energy cost for wages and energy charges were calculated, and it
was found that they were also higher for Model (2) than those for Model (1).

This proposed framework presents alternative models for analysis and formulates a
simulation model for cost comparison. There are three important technical takeaways from
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the proposed workforce planning framework: (1) the number of incoming calls during
events is higher than that in other periods; (2) questions from customers commonly regard
the internet and promotions; and (3) an accurate forecasting method and classification
service level reduce the cost and number of customers waiting at the call center. The main
contributions of this paper are the new concept of the workforce planning framework for
selecting the best forecasting model, and optimizing workforce planning that provides
minimum wage and computer electricity costs for mobile call centers during the Songkran
festival event.

Workforce planners can use this framework to support workforce planning and cus-
tomer satisfaction during other event periods, such as during the release of a new mobile
phone promotion package. This result shows that the proposed framework is better than
the existing framework. It can help companies, professionals and researchers to decide
on an energy saving program to reduce their operating costs, and consequently assist in
development in this area. However, the limitation of this paper is the period of collecting
the incoming calls data. We excluded the data from 2019–2021 because various activities
for the Songkran festival were forbidden due to COVID-19. Therefore, the proposed model
is not provable for this period of time.

In future research, software for selecting models will be included in this framework,
such as including an algorithm to detect the best model and best forecasting method. There-
fore, future research should address separate customer questions that could guide agent-
training courses. There is also a need to develop a greater capacity for customer satisfaction.
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