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Abstract: Buffers are used as a complement to strategies that deal with the detrimental 4 

impacts of variability in projects. However, the construction industry has traditionally 5 

employed informal approaches to allocate buffers. As a result, this has negatively impacted 6 

the scheduling performance of projects. This study aims to develop a probabilistic-based 7 

buffer allocation method (PBAL) that helps to find the best compromise between an 8 

excessive buffer size scenario, which results in undesirable waste, and a non-buffer scenario, 9 

which causes poor project performance. Simultaneously, it keeps the project time-span 10 

minimized. The advantages of PBAL are shown through a set of computational experiments 11 

against well-known buffer allocation methods, using the records from ten construction 12 

projects. The results demonstrated that a) the framework was able to incorporate the impact 13 

of variability from any activity into the overall distribution at project level, b) the quality of 14 

results was sustained independent to the number of activities on the network and c) the PBAL 15 

mathematical framework to calculate buffer sizes outperformed well-known methods and 16 

simulation in terms of buffer estimation effectiveness and statistical accuracy. 17 
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ASCE Subject Headings: Buffers, Scheduling, Analytical techniques, Network analysis, 18 

Process variability.  19 

Introduction 20 

Variability represents one of the major problems in construction projects. It can negatively 21 

affect performance and disrupt production. It causes instability in construction processes by 22 

inducing fluctuations in the flow of work and information. Productivity, cycle times, cost, 23 

and planning efficiency are among the performance aspects that are affected by variability 24 

(González and Alarcón 2010). Accordingly, the assumption that construction projects follow 25 

a deterministic schedule is deemed to fail. It is reported that, in approximately one third of 26 

construction activities, the planned time target is not achieved (Ballard and Howell 1994). As 27 

a result, unexpected conditions are encountered that make objectives unstable, obscure the 28 

means to achieve them, and makes plans unpredictable (Ballard 2000). The variability level 29 

associated with a process can be statistically measured using the coefficient of variation 30 

(COV) of its duration (Hopp and Spearman 2008). 31 

In order to deal with variability effects, two concurrent production strategies have been 32 

suggested in construction (Ballard 2000): The first strategy focuses on the “control” of 33 

variation in flow of work or information. It takes care of the operations and pushes the 34 

planning commitments onto activities (Howell 1999). Management approaches such as 35 

Constructability (Construction Industry Institute 1986), the Last Planner System 36 

(LSP)(Ballard 2000), or the Reliable Commitment Model (RCM) (González et al. 2010; 37 

González et al. 2011) assist to control flow variation. However, these kind of variation 38 

control strategies are able to reduce the variability effects to a certain extent (Alarcón et al. 39 

2005). Therefore, a second group of production strategies is required to manage the effects 40 

from the remaining variability (Ballard and Howell 1995). Buffers have been commonly used 41 

for this purpose. They can be implemented in the form of scheduling excess time (time 42 



buffer), extra work capacity (capacity buffer), or extra material stockpile (inventory buffer) 43 

(González et al. 2011). While buffers can take different forms, they often are represented by 44 

time added to the project duration (Ballard and Howell 1995). Buffers allow a production 45 

process to be isolated from its environment as well as its depending processes by maintaining 46 

a certain level of “flexibility”(Hopp and Spearman 2008). Some scheduling techniques such 47 

as “Critical Chain Project Management” (CCPM) have used time buffers with a dual-48 

purpose: 1) as a warning mechanism to “control” the inflow variation, and 2) as a flexible 49 

approach to manage the remaining variability (Goldratt 1997). 50 

A wide range of production concepts and techniques, particularly in manufacturing, have 51 

been developed to manage buffers. They have evolved from inventory theory to the modern 52 

manufacturing methods. They vary in terms of emphasis on decision rules, system status, and 53 

the type of buffers used (Hopp and Spearman 2008). Economic order quantity (EOQ), (Q, r) 54 

model, Base Stock model (BSM), Material requirement planning (MRP), Program Evaluation 55 

and Review Technique (PERT), Just-In-Time (JIT), Constant-Work-in-Process (CONWIP), 56 

Drum- Buffer- Rope (DBR), and CCPM are among these techniques. While the 57 

manufacturing industry has been characterized by a well-structured implementation of this 58 

type of buffering strategies, traditionally the construction industry has employed informal and 59 

often inconsistent approaches to allocate buffers (González et al. 2013).  60 

A suitable buffer allocation method should consider the following aspects: 1) identification of 61 

the best location to insert buffers into the system, and 2) determination of the required size of 62 

buffer to protect the system against variability (Park and Peña-Mora 2004; Battini et al. 63 

2009). This study aims to develop a buffer allocation method that can minimize the project 64 

time span. Therefore, it focuses on a construction environment in which each activity starts as 65 

soon as possible. The proposed method allocates a time buffer at the end of the project 66 

schedule according to the CCPM guidelines to place the “project buffer”.  The main 67 



contribution of this paper is the development of a buffer allocation technique that uses 68 

probability theory to determine a feasible range of buffer sizes and compare them according 69 

to their effectiveness to protect the system against likely disruptions.   70 

As a result, a probabilistic-based buffer allocation method (PBAL) is proposed in this 71 

research which uses common production information from planners to model variability at 72 

“activity level”. It combines the models of variability at activity level and determines the 73 

required size of a time buffer to deal with the likely variability at a “project level”. According 74 

to Ben-Haim and Laufer (1998) a project schedule is reliable if it is immune to variations that 75 

arise during implementation; otherwise, it is unreliable in case of being vulnerable to them. 76 

Misra (1992) suggests that “reliability” can be quantified by measuring the probability of a 77 

successful event. Accordingly, PBAL associates the reliability of the planned schedule with 78 

the probability to meet the intended due date. In PBAL, the relationship between the total 79 

buffer size and the gained “reliability” in the system achieved through different sizes of 80 

buffer is represented as a comparative diagram. The diagram can aid decision makers to 81 

select the best compromise within a feasible range of buffer sizes with the aim of providing a 82 

certain level of flexibility in the planned schedule. This management approach represents a 83 

significant improvement over current methods, which rely on a single value solution for the 84 

buffer size and provides a fixed level of reliability in the buffered system.  85 

Research Methodology 86 

This research has been developed in three phases:  87 

1. Conceptual phase: The existing buffer sizing approaches in a variety of disciplines 88 

were reviewed. A conceptual model was developed that describes the components of the 89 

fundamental concepts to determine a buffer size. 90 

2. Methodological development phase: A reliable method to model the stochastic nature 91 

of variability in construction activities was developed. Then, a mathematical solution was 92 



adopted to aggregate the models of variability throughout the network that permits to 93 

estimate a proper size of buffer. Afterwards, a graphical representation was proposed to 94 

facilitate the practical use of the method.  95 

3. Experimental phase: A set of computational experiments was conducted to test the 96 

accuracy and efficiency of PBAL. It was thoroughly examined by using the records from 10 97 

construction projects considering different type, number, and activity durations. In order to 98 

assess the effectiveness of PBAL, the experiments compared the statistical performance and 99 

the calculation time required by PBAL against well-known buffer allocation methods and 100 

computer simulation. 101 

Reasons to Determine the Optimum Buffer Size  102 

Park and Peña-Mora (2004) mentioned the lack of efficient buffer sizing methods as one of 103 

the major causes for poor scheduling performance of projects. “Variability and Buffer 104 

Management” has been a topic of much theoretical debate within the lean construction 105 

community (González and Alarcón 2010). In lean, reduction of variability is considered as a 106 

means to decrease non-value-adding components from the system (Womack and Jones 2003). 107 

Lean ideal strives to avoid safety buffers because they represent waste (Womack and Jones 108 

2003; Erdmann et al. 2012). Otherwise, in the absence of buffers, the system needs to control 109 

flow of works rigorously, in order to be smooth and predictable (Erdmann et al. 2012). 110 

Hence, the absence of a buffer makes production systems vulnerable to disruptions and 111 

stockless systems appear as a rare practice in ordinary construction systems. The dichotomy 112 

between the lean ideal and real practice implies a “balance problem”: A balance state is 113 

required to be established between an excessive buffer size scenario, which results in 114 

undesirable waste, and a non-buffer scenario that causes vulnerability and poor performance 115 

(González et al. 2010). The “balance problem” provides valuable insight to determine the 116 

optimum buffer size as a compromise between antagonist goals.  117 



Methods to Estimate the Size of a Buffer  118 

Project managers have typically used “time contingencies” to protect projects against the 119 

uncertainty impacts on project performance (Park and Peña-Mora 2004).  Early attempts were 120 

mainly concerned about the amount of additional time that could compensate for the 121 

variability effects in “individual tasks”. Programme Evaluation and Review Technique 122 

(PERT) was one of the first scheduling methods that proposed a stochastic approach to 123 

calculate time contingencies. PERT modeled the task duration based on three time estimates: 124 

optimistic, pessimistic, and the most likely (Malcolm et al. 1959). In CCPM, Goldratt (1997) 125 

allocates buffers for both “control” and “protection” purposes. CCPM shifted the concern 126 

from task protection to the protection of the project completion time. It has been argued that 127 

estimates for task duration include plenty of safety time. People give their “safe estimates” 128 

about task durations based on their worst past experience. Accordingly, CCPM suggests to 129 

cut off 50% of these safe estimates from the activity durations and to add it to the end of each 130 

chain of activities to protect them against variability. The set of activities that determines the 131 

longest path, given both precedence and resource dependencies, is termed as “Critical 132 

Chain”. A buffer that protects the critical chain is named project buffer. In order to estimate 133 

the buffer size, the risk on each task was defined as the difference between its safe estimate 134 

and the average expected duration. Newbold (1998) suggested the root square error (RSE) 135 

technique to aggregate the risks along the chain. Demeulemeester and Herroelen (2002) 136 

proposed to use the Central Theorem Limit (CTL) to determine the size of a buffer, as long as 137 

there is  a sufficient number of activities along the critical and non-critical chains, bearing in 138 

mind the independency of their activity durations. However, the use of a fixed formula for 139 

different projects regardless of their specific attributes is claimed to produce unreliable results 140 

(Yang et al. 2008). Lee et al. (2006) suggested the use of the reliability and stability buffering 141 

approach, based on the overlapping principle of activities, and the dynamic planning and 142 



control methodology (DPM). They discussed on the role of “production type”, “reliability 143 

and stability”, “sensitivity”, and “latency” of activities as the significant factors to determine 144 

the efficient size of a buffer in a construction plan. Dynamic systems simulation was used in 145 

order to estimate buffer size and location. Tukel et al. (2006) proposed two adaptive methods 146 

that consider the effects of “resource tightness” and “number of precedence activities” on the 147 

size of buffer. Ma et al. (2012) suggested to integrate the effects from resource tightness, 148 

network complexity, and risk reference to calculate the optimum buffer size. Koh (2006) 149 

suggested a buffer evaluation model based on forecasting laws and fuzzy logic. González and 150 

Alarcón (2010) and Srisuwanrat and Ioannou (2007) used evolutionary and genetic 151 

algorithms, respectively, along with discrete-event simulation to compute the optimum buffer 152 

size and schedule for repetitive projects. Based on the existing methods to determine the size 153 

of a buffer, a general expression to calculate the buffer size can be represented by 154 

equation (1) as follows: 155 

S DBS CT CT �  (1) 156 

Where: 157 

BS is the feasible size of buffer 158 

CTs is the required time to complete a project that is probabilistically calculated.  159 

CTD is the expected due date that is calculated deterministically. It accounts for the 160 

precedence relationships and resource constraints, but ignores the likely fluctuations in the 161 

project performance measured by time. 162 

In most cases, however, the methods are claimed to be too theoretical and/or too complex to 163 

be implemented on construction sites (González et al. 2013). The calculated buffer size may 164 

either overprotect the project completion time or fail to prevent the propagation of disruptions 165 

as a result of variability associated with the tasks’ performance (Schatteman et al. 2008). The 166 

failure is linked to the lack of a flexible mathematical model that can accurately capture the 167 



specifications and characteristics of a project and calculate the effects of the fluctuations at 168 

the task level on the time performance of the project (Yang et al. 2008). Also, the effects 169 

from prolonging non-critical chains are currently neglected which is another reason for the 170 

ineffective determination of the buffer size (Anklesaria and Drezner 1986).  171 

This study aims to propose PBAL as a flexible method to size time buffers, through the 172 

application of mathematical models. The method offers a range of feasible buffer sizes that 173 

can protect the project completion time against the likely degree of variability at activity 174 

level.  175 

Buffer Sizing in Construction Schedules through PBAL 176 

PBAL generates a range of potential and feasible buffer sizes that enables decision makers to 177 

assess the level of improved reliability when one unit of buffer is added to the schedule. A 178 

mathematical framework has been proposed that utilizes the “analytical statistics” to model 179 

the random fluctuations in the system. The method progressively calculates the impacts of the 180 

variability at the performance of each activity, measured by time, on the performance of the 181 

whole network of activities (project level). Fig.1 presents the five-stage methodological 182 

framework that is used to support the decision-making process through PBAL. 183 

Fig.1. Methodological Stages to use PBAL 184 

Before discussing the details of each of the methodological stages, the modeling assumptions 185 

are presented next.    186 

Modeling assumptions 187 

This research considers four main modeling assumptions: 188 

1. The activities start as soon as their last predecessor is finished. Traditionally, this is a 189 

well-known strategy to minimize the project duration (Demeulemeester and Herroelen 2002). 190 

2. The likely degree of variability in a construction system can be consistently modeled 191 

by means of Probability Distribution Functions (PDFs).  192 



3. The duration of different activities along a network is independent. 193 

4. Resource availability is possible to be translated into activities duration uncertainty. 194 

Lambrechts et al. (2011) assumed that the “time to failure of each resource unit” and the 195 

“time to repair it” are exponentially distributed; and calculated the expected duration 196 

extension due to resource breakdowns for an activity given a certain level of “renewable 197 

resource usage”. 198 

Creating the Baseline Schedule 199 

PBAL assumes the precedence relationships and resource requirements are known and 200 

represented on an Activity-on-Arc (AoA) network. In the AoA networks, the activities are 201 

shown on arcs while nodes stand for the events that are also known as “project milestones”.  202 

Calculation of the Expected Due Date 203 

The expected due date for each activity [CTD in Eq.(1)] is calculated based on the estimated 204 

due dates for its predecessors plus the estimated duration for the activity itself. According to 205 

Goldratt (1997), experts add plenty of safety time to the estimations of the activity durations 206 

based on their worst experience. Therefore, the use of the “median” as a realistic single-point 207 

estimate for the activity durations is suggested. However, the use of the “mean” in the 208 

calculations can be an alternative measure which is statistically preferable (Demeulemeester 209 

and Herroelen 2002). PBAL is flexible about the adopted approach to calculate the expected 210 

due dates at activity level. Thus, either the median or mean value can be used in PBAL to 211 

estimate the duration of activities and the deterministic due dates.  212 

Variability Estimation and Modeling at Activity Level 213 

PBAL uses a probabilistic mathematical model to describe the stochastic nature of variability 214 

at activity level. Two methods are prevalent to estimate the performance of individual 215 

activities in a project: 1) to take historical data from past projects and extrapolating it into the 216 

future, 2) to rely on experts’ opinions and judgments. In practice a mixture of the two is 217 



employed (Williams 2008). The subjective knowledge from experts can be formulated 218 

through a process which is discussed under the “expert elicitation” topic in Bayesian analysis 219 

(O'hagan et al. 2006). Much of the literature on elicitation has been concerned with 220 

formulating uncertain quantities in the form of Probability Distribution Functions (PDFs) 221 

(Garthwaite et al. 2005). PDFs have assisted in modelling variability in different fields of 222 

science (Poshdar et al. 2014). They allow for the “smoothing out” of certain irregularities in 223 

data, and help to generate values from an observed range (Law 2007). The “Program 224 

Evaluation and Review Technique” (PERT) suggested the use of project expert opinion to 225 

estimate three values for activity duration (optimistic, pessimistic, and the most likely), and 226 

also suggested the Beta PDF as a reasonable choice to model variability (Malcolm et al. 227 

1959). The use of the Beta PDF [Eq.(2)] has been supported by a significant number of 228 

researchers in construction (Poshdar et al. 2014). However, further research pointed out the 229 

limitations of Beta PDF when variability level exceeds a particular threshold (González and 230 

Alarcón 2010). Recent research has suggested that the Burr PDF [Eq.(3)] is a suitable and 231 

complementary choice in cases in which the Beta PDF is unable to accurately model 232 

variability (Poshdar et al. 2014).  233 

1 1

1

1 ( ) ( )( )
( , ) ( )

x a b xf x
B b a

D E

D ED E

� �

� �

� �
 

�
     : 0Support X !  (2) 234 

Where: 235 

α, β>0 are the shape factors.  236 
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Where: 240 

α, k>0 are the shape factors.  241 



Despite all the advancements in this field, the discussion about a generic PDF that can 242 

represent different construction scenarios with a wide range of variability levels is divergent. 243 

Triangular, Normal, Lognormal, Gamma, Erlang, Johnson, and Extreme value are alternative 244 

suggestions for the modeling (Poshdar et al. 2014). Moreover, some researchers have been 245 

skeptical about the existence of such a generic PDF that can capture all the likely variability 246 

patterns related to a construction project (Demeulemeester and Herroelen 2002). Therefore, 247 

PBAL suggests, but does not restrict, the use of Beta and Burr PDFs to model the variability 248 

at activity level. In fact, the mathematical techniques considered in PBAL enable the use of 249 

any alternative PDF in its framework. In this regard, the application of the “discrete 250 

convolution” technique has helped PBAL to be independent from the utilized PDF at the 251 

activity level.  252 

Variability Estimation and Modeling at Project Level 253 

PBAL combines the PDFs estimated at the activity level to calculate a probabilistic 254 

distribution and to model variability at the project level. In probability theory, the sum of two 255 

PDFs, which represent independent random variables, is calculated through “convolution” 256 

(Feller 2008). Convolution uses the integral of the product of the two functions, after one is 257 

reversed and shifted to accumulate the distribution functions. However, the development of a 258 

distribution that accounts for the accumulated variability of the whole network of activities 259 

through the “exact convolution” in most cases is a very difficult operation (Dodin 1985; 260 

Demeulemeester and Herroelen 2002; Yao and Chu 2007). From a practical standpoint, the 261 

methods to calculate the overall variability distribution at the project level have two major 262 

drawbacks that prevent their widespread acceptance: they are associated with high levels of 263 

conceptual complexity, and are time consuming to be implemented (Barraza 2011). In order 264 

to overcome these limitations, two methods have been used (Demeulemeester and Herroelen 265 



2002; Yao and Chu 2007): 1) Approximate analytical approach, and 2) Simulation based 266 

methods.  267 

This study uses an approximation analytical approach that is kept simple, while accurate. It 268 

has adopted an approximation technique for the convolution proposed by Dodin (1985). The 269 

technique discretizes the distributions at activity level, and calculates a new distribution 270 

through mathematical operations focused on pairs of PDFs. The overall variability 271 

distribution at project level is calculated and progressively applied on the whole network of 272 

activities through it. Thus, the calculations are completed implementing two main stages as 273 

follows: 274 

Discretizing the Estimated PDFs at Activity Level 275 

The analysis starts with discretizing the defined range of time in the estimated continuous 276 

PDFs. The discretizing step is needed for practical purpose (Dodin 1985). Agrawal and 277 

Elmaghraby (2001) refer to three of the most common methods to discretize a continuous 278 

PDF. The methods include “Moment matching”, “Equal probability”, and “Equal distance”. 279 

PBAL suggests that the use of the latter suits well to the nature of a construction schedule 280 

which normally uses a fixed time scale for the time breakdown. In “Equal Distance” the 281 

range of applicable durations is divided into intervals of equal length, with the probability 282 

value of each interval located at its mid-point. Three potential problems can arise from using 283 

a discretization technique, namely: range shrinkage, storage issues, and precision errors. 284 

However, these problems are presumed to be dependent (Agrawal and Elmaghraby 2001). In 285 

order to minimize the errors and keep the procedure simple, PBAL considers a two-fold 286 

approach. 287 

First, a larger interval size is calculated using the same time scale as in the baseline schedule. 288 

For example, if in the baseline schedule the time is broken into “working days”, the intervals 289 

may follow the same timescale. Time values lower than the applied scale are considered to be 290 



insignificant and negligible. Therefore, if the estimated duration range for a distribution at 291 

activity level is 12 working days, the range will be discretized to 12 intervals in the first fold 292 

of the discretization.  Each interval is specified by a minimum (IMn), and a maximum (IMx) 293 

value. The probability at each breakpoint is determined by using the area under the 294 

probability curve within the relevant interval, and it is represented by a histogram. Second, a 295 

sequence of calculations with a smaller size of intervals is undertaken (e.g. 1/100 or 1/1000 296 

size of the larger interval). The sub-intervals are calculated to improve the accuracy of the 297 

probability histogram that will be used for the convolution operation. The accuracy of the 298 

sub-intervals can be examined by comparing “the total area under the curve of the histogram” 299 

and “the total area under the curve in the continuous case” (which is equal to 1.0). 300 

Calculation of the Overall Variability distribution using a Discrete Convolution 301 

Operation 302 

A reasonable probabilistic model to represent the overall variability to complete a project 303 

[CTs in Eq.(1)] should account for the likely variability at activity level. The likely range for 304 

the completion time at activity level can be determined based on the two following factors: 305 

(1) The PDF that characterizes the probabilistic performance of the individual activity, 306 

(2) The probability distribution of the time when the activity receives the inputs from its 307 

direct predecessors and begins working. 308 

The method to estimate the time performance distribution for individual activities was 309 

discussed in a previous section. In order to calculate the distribution for which the activity 310 

receives its input, PBAL uses the discrete convolution following a progressive approach.  311 

The probability distribution of the “start time” of each activity is governed by the distribution 312 

of the “completion time” of its direct predecessors.  A set of secondary nodes has been added 313 

to the network to represent the probability distributions associated with the start time and 314 

completion time of each activity (Fig.2). 315 



Fig.2. Sample of the developed network in PBAL 316 

The mathematical representation of the distributions for the secondary nodes is referred to by 317 

a “cumulative probabilistic index” (CPI). The CPI at each point of the network reflects the 318 

“cumulated likely variability” through the network from the node 0. Table 1 presents the 319 

algorithm applied in PBAL to calculate the CPIs. As the algorithm shows, the probability 320 

distribution of completion time for an activity can be calculated by using Eq.(4): 321 

( ) _ ( ( ), ( ))c ICPI i Discrete Convolution CPI i PDF i  (4) 322 

Where: 323 

CPIc(i) is the calculated CPI for the time of completion of activity (i). 324 

CPII(i) is the calculated CPI for the start time of activity (i). 325 

PDF(i) refers to the probabilistic model of the time performance (duration) of activity (i). 326 

Discrete_convolution is a set of mathematical operations described in Table 2. 327 

The convolution operation results in a new distribution function that models the expected 328 

variability in time to complete the activity. If the activity receives its input from more than 329 

one direct predecessor, the CPI of its start time requires being determined through a set of 330 

pre-calculations. In the pre-calculation stage, the distributions of completion time for the 331 

direct predecessors of the activity are progressively combined using the discrete convolution 332 

operation [Eq.(5)]. 333 

( ) _ ( ( ), ( ))c C CCPI m Discret Convolution CPI p CPI q  (5) 334 

Where: 335 

CPIc(m) is the resulting distribution from the convolution operation. 336 

CPIC(p) is the first distribution to be convolved which is the pth calculated CPI in the list of 337 

the direct predecessors. 338 

CPIC(q) is the distribution for the next activity to be convolved based on the list of direct 339 

predecessors.  340 



Table 1.Algorithm 1 341 

The mathematical operations to convolve two discretized distribution functions are shown in 342 

algorithm 2 (Table 2).The algorithm combines the endpoints and the probability values of the 343 

intervals for the convolving distributions. The operation is completed by an additional step to 344 

aggregate the probability values for all of the new intervals that are associated with the same 345 

endpoints. The algorithm to identify the endpoints of the new intervals after the combination 346 

operation is slightly different when Eq.(4) is applied in comparison to those cases using 347 

Eq.(5). This difference is required as the precedence relationships in these two situations are 348 

different. In the first case, a CPII(i) is convolving with a PDF(i) which represents a 349 

convolution operation in a finish-to-start precedence relationship (see 350 

Discrete_Convolution_Type1 in Table 2). In the second case, the CPIc(j)s are combined 351 

together to represent convolution operations on activities executed in parallel (see 352 

Discrete_Convolution_Type 2 in Table 2).  353 

The first line of the Algorithm1 shows that the probability value of CPII(1) is equal to 1 354 

because the project start time is indicated by 0 and no uncertainty is pertinent to the node 0.          355 

(1),1 (1),10, 1
ICPI CPIIMx P  (6) 356 

Table 2.Algorithm 2 357 

The distribution that models the likely variability of time completion at the project level is 358 

represented by the final CPI on the network.  359 

Buffer calculation 360 

This stage is illustrated by using the activity network presented in Fig.2. Table 3 summarizes 361 

the relevant information about the activities. The “median” [column (4) in Table 3] is used to 362 



calculate the expected due date. Therefore, the project due date has been set as 77 days. In 363 

this case, all the activity durations are modelled using the Beta PDF. 364 

Table 3.Activity Data for the presented network in Fig.2 365 

The main features of the network analysis are summarized in Table 4. Each row in the table 366 

gives the main entries and results associated with one convolution operation. As the used 367 

scale to estimate the durations of activities were in “working days”, the continuous 368 

distributions were discretized to intervals with the size of a “working day”. Columns (6) to 369 

(9) in Table 4 give the estimated time that represents a certain level of probability within the 370 

calculated distributions. 371 

Table 4.Details of the calculations within PBAL 372 

Fig.3 presents the final CPI calculated on the network of activities in a cumulative format. As 373 

can be seen, the estimated due date based on the deterministic calculations (day 77 showed in 374 

Table 3), is subjected to a probability of occurrence of about 42%. Higher levels of 375 

“reliability” are possible by adding buffers to the system and reducing the risk of a time 376 

overrun in the project. The buffer sizes calculated through Eq.(1) are presented on the upper 377 

horizontal axis. The visual representation of the results enables the decision maker to 378 

compare the effects from different buffer sizes in terms of the potential gains in “reliability” 379 

in the planned schedule. As the figure shows, after a certain level the additional buffers do 380 

not contribute to any significant reliability improvement and produces wasteful time. In the 381 

end, the final buffer size can be decided based on two major factors: 382 

1. The intended level of reliability in the planned schedule. 383 



2. The efficiency of the additional units of buffers in terms of the differential 384 

improvement that can be gained in terms of planning reliability. 385 

Fig.3. Buffer size-reliability diagram for the sample network (Fig.2) 386 

Testing PBAL Framework 387 

PBAL was tested on the records from ten construction projects collected from five countries 388 

which included Chile, Iran, Jordan, Mexico, and the United States. The data was sought in 389 

order to include different type of projects, number of activities and durations. Table 5 390 

presents the basic information about these projects. The experiments considered four road 391 

construction projects which involved a range of activities from paving to concrete operations 392 

(Projects 02, 03, 06, and 08); three steel structure projects which involved activities from 393 

excavation for foundations to erection and roofing activities (Projects 01, 05 and 10); two 394 

residential complex projects with masonry structures which involved activities from primary 395 

lot clearing to painting and general cleaning operations (Projects 04, 09); and one residential 396 

building with reinforced concrete structure which involved activities from excavation to final 397 

finishing works (Project 07). The last column presents the estimated variability in activity 398 

durations ranging from 0.9% to 148.0% measured using their COV values. 399 

Table 5.Details of the experimented construction projects   400 

Table 6 compares the calculation of the buffer size using PBAL against a number of well-401 

known buffer allocation methods such as CCPM (Goldratt 1997), risk aggregation technique 402 

through the use of RSE (Newbold 1998), and normality assumption for the “project 403 

completion time” based on the Central Limit Theorem (CLT) (Demeulemeester and 404 

Herroelen 2002). Also, the PBAL results are compared to the calculations from Monte Carlo 405 

experiments using simulation models, which is stated as being one of the most reliable 406 

methods to estimate the quality of a buffered schedule (Ang et al. 1975; Ludwig et al. 2001; 407 



Lambrechts et al. 2011). The reason to include these methods was because they comply with 408 

the basic assumptions of this study. As mentioned, it was assumed that resource availability 409 

can be translated into uncertainty in activity durations, and accordingly, it can be expressed 410 

using probability distribution functions. Other buffering techniques do not support this 411 

assumption properly. The results from the tests have been reported at four levels of reliability 412 

as an indication of the overall performance of each method. Table 6 shows that the buffer 413 

sizes proposed by CCPM are highly fluctuating in relation to the other methods. This 414 

fluctuation happens because the results were strongly influenced by the predicted variability 415 

at activity level. The algorithm used in CCPM disregards the probabilistic distribution that 416 

explains the occurrence of predicted values. It means that CCPM ignores the effects of 417 

skewness and kurtosis of the expected distributions for the durations of activities. The use of 418 

RSE includes the effects of skewness but still it ignores the kurtosis of distributions. 419 

Comparing RSE against CCPM, its results give a better approximation to the results of the 420 

other buffering methods. As Table 6 shows, the normality assumption for the “project 421 

completion time” based on CLT has often resulted in an underestimated size of buffer. The 422 

reason can be related to the CLT requirement to have a minimum number of activities on 423 

each chain of the network to meet the normality assumption. Demeulemeester and Herroelen 424 

(2002) noted the same problem and proposed a set of correction coefficients that could be 425 

determined either through simulation or analytically. Table 6 shows that the results from 426 

PBAL notably match the results of the computer simulation. In addition, PBAL includes the 427 

effects from higher statistical moment such as skewness and kurtosis, and mathematically 428 

accumulates these kind of effects throughout the network. 429 

Table 6.Calculated buffer size using different approaches 430 



Simulation models allow systems and their states in different circumstances to be studied 431 

(Law 2007). Accordingly, Ma et al. (2012), Lambrechts et al. (2011), and Ludwig et al. 432 

(2001), have used simulation as a reliable benchmark to assess the capability of the buffering 433 

methods to provide accurate results. Similarly, in this study, the observed errors were 434 

calculated and compared in relation to the simulation results. While the maximum error from 435 

the CCPM, RSE, and CLT exceeds 500%, 208%, and 71% respectively, the application of 436 

PBAL has significantly reduced the observed maximum error. The maximum error observed 437 

using PBAL to assess the required buffer size was 12.5%. Fig.4 compares the observed errors 438 

in this study using the average and the standard deviation of the whole set of observations for 439 

each method. As can be seen, PBAL outperforms the other methods in both of the considered 440 

statistical measures. The average errors in PBAL were lower than 5% while the extent of 441 

fluctuation, calculated by the standard deviation of errors, was the minimum among the 442 

compared methods. 443 

Fig.4. Average and standard deviation of the observed error from different methods compare 444 

to the simulation results 445 

Finally, PBAL offers three major advantages in comparison to other approaches: 446 

1. It comprises an integrated analysis of the whole network. The analysis takes into 447 

account the impacts of variability from any individual activity on an overall probability 448 

distribution that captures the variability at project level. Hence, this method can provide a 449 

suitable solution to the problem presented by Kulkarni and Adlakha (1986) which related to 450 

the role of prolonging activities on non-critical paths when determining the overall variability 451 

at the project level.  452 

2. The mathematical approach used accumulates the distributions throughout the 453 

network, and as a result, it enables PBAL to maintain the accuracy of the results independent 454 

to the number of activities on the network. Therefore, PBAL overcomes the limitations in use 455 



of CLT that requires a minimum number of activities to be included in the chain of activities 456 

(Demeulemeester and Herroelen 2002).   457 

3. PBAL assesses the probabilistic distributions for the whole network of the activities 458 

through a finite number of mathematical operations. As a result, the calculation time in PBAL 459 

is drastically less than the required time in simulation-based approaches.  460 

Summary and Conclusions 461 

Variability induces instability in construction projects which causes the deterministically 462 

planned schedules to fail. The use of buffers is one approach to deal with the detrimental 463 

effects of variability on projects. Traditionally, the construction industry has used informal 464 

methods to allocate buffers into construction systems. This has negatively impacted the 465 

scheduling performance of projects. A suitable buffer allocation technique requires 466 

addressing two major problems: 1) To identify the optimum location of buffers in the system, 467 

and 2) To determine the optimum size of buffer that can simultaneously maximize the 468 

protection level of plans against variability, and minimize the undesirable waste of time in 469 

projects. 470 

This paper discussed a framework that is able to offer a buffer allocation method that 471 

minimizes the total project duration. This method follows the CCPM guidelines in terms of 472 

placing the required buffers at the end of the chain of activities. Accordingly, a probabilistic-473 

based buffer allocation method (PBAL) has been introduced that provides a feasible range of 474 

buffer sizes to protect the system against variability in time performance at the activity level. 475 

PBAL models variability at the activity level by means of Probability Distribution Functions 476 

(PDFs), which can be based on the expert opinion of project personnel. PDFs are then 477 

combined by using the discrete convolution technique along the network of activities. The 478 

overall distribution to model variability at the project level is represented through a 479 



comparative diagram, which enables decision makers to select the best compromise between 480 

an excessive buffer size scenario, and a non-buffer scenario for their particular project.   481 

The proposed framework was tested and the results indicated the ability of PBAL to 482 

incorporate the effects of variability at activity level into an overall distribution that 483 

represents variability at project level. Also, it was shown that the accuracy of the calculations 484 

in PBAL is not affected by the number of activities and precedence relationships on the 485 

network (complexity). Finally, the calculation time in PBAL is significantly lower than 486 

simulation methods. Thus, PBAL avoids the use of simulation that can require some degree 487 

of computer modelling expertise. The difference is more significant as the network becomes 488 

more complex. 489 

This study is part of an ongoing research programme. The next stage will focus on 490 

determining the most strategic location for a buffer that can maximize the “schedule 491 

stability”. Therefore, a buffer allocation method will be sought that can minimize the 492 

difference between the planned schedule and the probabilistic performance at the activity and 493 

project level.  494 
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Table 1. Algorithm 1 

Input:   

 NoA, PDF(i), Nop(i)    

Calculations:  

St
ep

 

Descriptions More details 
in: 

1 CPII(1)=1 - 
2 i=1 - 
3 If Nop(i)=1 then Goto Step 4 Else Goto Step 9 - 
4 F1(x)= CPII(i) - 
5 F2(x)= PDF(i)  - 
6 CPIc(i)= Discrete_Convolution_Type1 (F1(x), F2(x)) Algorithm 2 
7 i=i+1 - 
8 If i>NoA Then Goto Step 19 Else Goto Step 3 - 
9 For Direct Predecessor Number j=1 to NoP(i) Do - 
10 Determine CPIC(j) - 
11 j=j+1 - 
12 If j>NoP(i) then goto Step 7 - 
13 Determine CPIC(j) - 
14 F1(x)= CPIC((j-1)) - 
15 F2(x)= CPIC(j) - 
16 CCPIC(j)=Discrete_Convolution_Type2 (F1(x), F2(x)) Algorithm 2 
17 CPIC(j)= CCPIC(j) - 
18 Next j - 
19 End - 
Notations: 
NoA: Number of activities in the project network 
PDF(i): PDF to model variability in time performance of activity (i) 
Nop(i): Number of direct predecessors of activity (i) 
CPII(i): Distribution function that represents variability in “start time” of the activity (i) 

1( )F x , 2 ( )F x :
 

Probability functions to be convolved
 

CPIC(j) The calculated CPI for time of completion of the jth direct predecessor of activity (i) 
[CPIC(p), and CPIC(q) in equation (5)] 

CCPIC(j) The cumulated CPI of time of completion from CPIC(1) to CPIC(j)[CPIC(m) in 
equation (5)] 

 

Table1
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Table 2. Algorithm 2 

Input:   

 1( )F x , 2 ( )F x ,
1 ( )F xNoI , 

2 ( )F xNoI   

Calculations:  

St
ep

 

Descriptions 

1 n=1, m=1, CN=0 
2 CN=CN+1 

3 
If Discrete_Convolution_Type1 Then 

3 1 2( ), ( ), ( ),F x CN F x n F x mIMx IMx IMx �  

If Discrete_Convolution_Type2 Then
3 1 2( ), ( ), ( ),{ , }F x CN F x n F x mIMx Max IMx IMx  

4 
3 1 2( ) ( ) ( )Pr( ) Pr( ).Pr( )F x F x F xCN n m  

5 m=m+1 
6 If m<=

2 ( )F xNoI Then Goto Step 2 
7 n=n+1 
8 If n<= 

1 ( )F xNoI Then Goto  Step 2 

9 Aggregation of all of the calculated intervals under F3(x) that have the same boundaries 
10 Determine 

3 ( )F xNoI  

11 Report F3(x) and 
3 ( )F xNoI  

12 End 
Notations: 

1( )F x , 2 ( )F x :
 

Probability functions to be convolved
 

1 ( ) ,F xNoI
2 ( )F xNoI : Number of intervals at the discretized range for F1(x) and F2(x) respectively 

1 ( )F xn : The nth interval in the discretized range of  F1(x) 

2 ( ) :F xm  The mth interval in the discretized range of  F2(x) 
F3(x): The calculated function as the result of convolution operation 
CN : The CNth created interval within  F3(x) 

Pr(YX): The assigned probability to the Xth interval of function Y 

3 ( )F xNoI  Number of representative intervals under F3(x) after the aggregation step 

 

Table2
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Table 3. Activity Data for the presented network in Fig.2 

 
Activity 

No. 

 
PDFs 

per activity 

Estimated Durations 
(days) Beta PDF parameters 

COV2 
(3) 
min 

(4) 
mL1 

(5) 
max α β a b 

1 PDF(1) 28 30 34 2.33 3.67 28 34 3.64% 
2 PDF(2) 20 32 44 3.00 3.00 20 44 14.19% 
3 PDF(3) 20 25 30 3.00 3.00 20 30 7.56% 
4 PDF(4) 12 15 20 2.50 3.50 12 20 9.72% 
5 PDF(5) 17 20 25 2.50 3.50 17 25 7.34% 

Σ (mL) = 77  
1 Median =Most likely value.   
2COV: the ratio between standard deviation and mean of the variables. 
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Table 4. Details of the calculations within PBAL 

A
ct

iv
ity

 N
um

be
r 

D
ire

ct
 

Pr
ed

ec
es

so
r(

s)
 

D
is

tri
bu

tio
ns

 th
at

 
m

od
el

 th
e 

po
te

nt
ia

l 
va

ria
bi

lit
y 

Range Estimated time (working days) 

Remarks m
in 

m
ax 

(6) 
Pr(t)= 
0.751 

(7) 
Pr(t)= 
0.801 

(8) 
Pr(t)= 
0.901 

(9) 
Pr(t)=0.9

51 

1 - 

CPII(1) 0 0 0 0 0 0 - 
PDF(1) 28 34 30 to 31 30 to 31 30 to 31 31 to 32 From Table 3 

CPIC(1) 28 34 30 to 31 30 to 31 30 to 31 31 to 32 

(1)CCPI  
Discrete _ Convolution _ Type1 

( (1), (1))ICPI PDF  

2 (1) 

CPII(2) 28 34 30 to 31 30 to 31 30 to 31 31 to 32 CPII(2)≡CPIC(1) 
PDF(2) 20 44 34 to 35 35 to 36 37 to 38 38 to 39 From Table 3 

CPIC(2) 49 78 65 to 66 66 to 67 68 to 69 69 to 70 

(2)CCPI   

Discrete _ Convolution _ Type1 

( (2), (2))ICPI PDF  

3 (1) 

CPII(3) 28 34 30 to 31 30 to 31 30 to 31 31 to 32 CPII(3)≡CPIC(1) 
PDF(3) 20 30 25 to 26 25 to 26 26 to 27 27 to 28  From Table 3 

CPIC(3) 49 64 56 to 57 56 to 57 57 to 58 58 to 59 

(3)CCPI   

Discrete _ Convolution _ Type1 

( (3), (3))ICPI PDF  

4 (2) 

CPII(4) 49 78 65 to 66 66 to 67 68 to 69 69 to 70 CPII(4)≡CPIC(2) 
PDF(4) 12 20 15 to 16 15 to 16 16 to 17 16 to 17 From Table 3 

CPIC(4) 62 98 81 to 82 82 to 83 84 to 85 85 to 86 

(4) 1( (4), (4))C ICPI DCT CPI PDF 
 
Discrete _ Convolution _ Type1

( (4), (4))ICPI PDF  

5 (3) 

CPII(5) 49 64 56 to 57 56 to 57 57 to 58 58 to 59 CPII(5)≡CPIC(3) 
PDF(5) 17 25 20 to 21 20 to 21 21 to 22 21 to 22 From Table 3 

CPIC(5) 67 89 77 to 78 77 to 78 79 to 80 80 to 81 

(5) 1( (5), (5))C ICPI DCT CPI PDF 
 

Discrete _ Convolution _ Type1 

( (5), (5))ICPI PDF  

Final 
Output (4),(5) CPII(6) 67 98 81 to 82 82 to 83 84 to 85 85 to 86 

(6) 2( (4), (5))I C CCPI DCT CPI CPI 
 

Discrete _ Convolution _ Type2
( (4), (5))C CCPI CPI  

1 Pr(t): probability of occurrence of the estimated time 
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Table 5. Details of the experimented construction projects   
Pr

oj
ec

t C
od

e 

Project type 

Network Details 

Expected Due 
date 

 Variability 
Range of 
Activity 
duration 

(measured by 
COV) 

Number 
of nodes 

Number 
of arrows 

Number 
of 

activities 
on CC1 

01 Industrial Building 27 36 14 69 10.0%-30.0% 
02 Road Construction 21 28 9 52 25.1%-57.1% 
03 Road Construction 32 50 14 299 5.0%-19.5% 
04 Residential Complex 21 20 20 144 8.3%-38.0% 
05 Industrial Building 23 35 16 287 5.0%-16.2% 
06 Road Construction 19 33 6 57 3.3%-37.7% 
07 Residential Building 24 41 18 421 0.9%-36.1% 
08 Road Construction 16 29 5 52 25.9%-54.8% 
09 Residential Complex 58 85 10 252 3.2%-41.7% 
10 Commercial building 13 13 11 272 4.0%-148.0% 

1Critical Chain 
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Table 6. Calculated buffer size using different approaches 

P
ro

ject C
o

de 

(1) (2) 

Reliability 

95% 90% 80% 75% 

(3) (4) (5) (3) (4) (5) (3) (4) (5) (3) (4) (5) 

01 27 25 19 25 25 15 22 22 10 17 17 8 16 16 

02 24 16 13 17 17 10 14 14 6 10 10 5 9 9 

03 71 13 11 17 18 9 15 15 6 12 12 4 11 11 

04 50 15 11 20 21 9 18 18 5 15 15 4 13 14 

05 88 25 18 24 25 14 20 21 9 15 16 7 13 14 

06 19 12 8 9 10 6 8 8 4 7 7 3 6 6 

07 119 16 13 20 21 10 18 18 6 15 15 5 13 14 

08 23 21 16 14 16 12 13 14 7 12 11 6 11 10 

09 75 24 18 23 23 14 18 19 9 13 14 7 11 12 

10 159 179 147 178 169 114 129 125 75 77 76 60 58 58 

(1) CCPM- Original CCPM 
(2) RSE-Normality assumption for both “activity duration” and “project time completion” 
(3) CLT-Normality assumption for “project completion time” 
(4) PBAL 
(5) Simulation 

Table6
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Fig.1 Methodological Stages to use PBAL 

(1) 
Creation of the baseline 

schedule 

(3) 
Modelling variability at 

“activity level” 

(4) 
Determination of the 

variability model at “project 
level” 

(5) 
Creating a comparative graph that supports the final 

decision making process 

(2) 
Calculation of the 
expected due date
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