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Abstract

Shorter span time for new product development (NPD) has become a measure of success in the global marketplace. 
All of the present techniques to improve NPD: concurrent engineering, dedicated design teams, enhanced computer 
tools, etc., require excellent communication. A model of NPD was built to investigate parameters that affect 
communication and how they impact design project effort and span time. The model considered the effect of 
coordination in the form of task decomposition, allocation of resources, and information exchange methods upon 
information flow at the design team, system integration and project levels. The model was validated against present 
practices in aerospace companies. Results from simulations give insight into the impact of these coordination 
mechanisms on the span time and effort of NPD projects under various levels of uncertainty. 

The effects of coordination mechanisms at the project level were also tested. In particular, the use of the 
coordination principles from the Sprint method (Scrum) (highly employed in the software industry) during product 
design showed significant span time reduction for projects with moderate to high uncertainty. Other coordination 
mechanisms, such as the use of virtual data models during NPD, were also studied, and showed great promise for 
span time reduction. 
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1. Introduction
New product development (NPD) is a vitally important part of the product lifecycle, consuming a large proportion 
of the overall time for bringing a product to market, and setting about 70% of product cost [1]. The implementation 
of engineering design tools, concurrent engineering practices and product data management systems has contributed 
to reduced NPD cycle times in recent years.  However, in large NPD projects where hundreds of engineers work to 
develop complex products, there remain significant inefficiencies. The amount of waste in aerospace and defence 
product development programs is estimated at 60–90% of the charged time with about 60% of all tasks being idle at 
any given time. The actual time engineers spend on value-added activities is much less than half of the total working 
time.  Much efficiency is lost in wasted communication, waiting for information and lack of coordination [2]. 

Planning and managing an NPD project to minimize span time requires detailed understanding of the mechanisms
that drive the process, how they interact, and how sensitive project performance characteristics are to each of them. 
To this end we performed simulations using a model [3, 4] to study span time and effort for various sets of 
conditions. Section 2 describes the model. Simulation results follow in Section 3 with conclusions in Section 4.

2. Description of the Model
New product development is an undertaking comprised of the various multi-functional activities done between 
defining a technology or market opportunity and starting production. The goal of NPD is to create the ‘recipe’ for 
producing a product [5]. Thus, the output of product development is not products, which are physical objects, but 
rather information. Although flawlessly doing the same thing twice in a row in manufacturing is a success, 
flawlessly doing the same thing twice in a row in NPD is a failure, since duplicating a recipe adds no value. 
Although many business processes seek an identical result repeatedly, NPD seeks to do something new, once. NPD 
involves creativity and innovation which are nonlinear and iterative [6].

2.1 Features of NPD incorporated in the model
The design process within NPD can be viewed as a system of interrelated activities which are performed to increase 
knowledge or to reduce uncertainty about a design solution [7]. Product design is typically decomposed into a 
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hierarchy of subtasks. This is done to cope with the complexity of the design task and to gain the benefits of 
specialization. Many subtasks have dependencies between them which require management or coordination. These 
dependencies are primarily information that is generated within some subtasks and required by others; therefore, the 
performance of the entire design task is dependent on the progress of individual subtasks and the exchange of 
information between them. If the coordination of information is carried out efficiently and effectively, design 
projects have better results in terms of span time and effort. In order to find how to best coordinate the flow of 
information as the subtasks are being carried out, the structure and synchronization of the information must be 
analyzed. In this paper we consider this information flow to consist of the following types of information: design,
which can be specified directly, e.g., materials and geometry; performance, which is a consequence of design 
information, e.g., fatigue life and weight; and requirements, which constrain design or performance information, 
such as the geometry needed to meet overall product performance. This follows the approach of others that have 
worked on analysis of information exchange in design processes [8, 9].

One of the most prominent features of a design activity is its iterative character. The majority of development time 
and cost has been shown to be an iterative activity [10]. Here, we consider the possibility of iterations that occur 
when a task is being performed, where not all of the required input information is available at the outset. The work 
begins with partial information which is uncertain and is updated periodically as the process unfolds. If two tasks are 
reciprocally dependent, the information received by the first task is used to generate new information required by the 
second task, and vice versa. This type of iteration is classified as progressive or incremental. Unnecessary iteration 
occurs when a task has gone too far with the partial or preliminary information it has received, and upon receiving 
further information the task must rework some of what it has already done. Iteration that comes about as a result of a 
design review is also taken into account. Here, we reason that as tasks are completed and results reviewed, there is a 
probability that a task must be reworked in its entirety. This likelihood of design version rework diminishes with the 
completeness of information exchange that has taken place with the interdependent tasks in the process. Likelihood 
of design version rework also diminishes when the uncertainty of information developed by the end of the phase is 
sufficiently reduced. The iteration brought about by design version rework is classified as feedback or repetition.

Another prominent feature of design activity is its uncertainty. One of the main distinctions regarding uncertainty in 
engineering design is between the lack of knowledge (epistemic) and random (aleatory) uncertainty [11, 12]. Some 
epistemic uncertainty is reducible, for instance, via further studies, measurements or expert consultation. Random 
uncertainty describes the inherent variation associated with a system or environment. In design, aleatory uncertainty 
is often manifested as changes in design information brought about by events beyond the control of an individual 
designer such as changes to product requirements or to estimates of performance parameters. This aleatory 
uncertainty cannot be reduced through more information or knowledge acquisition during the design process. Wood 
et al. [13] propose that as a design progresses the level of epistemic uncertainty is reduced, whereas a degree of 
stochastic uncertainty usually remains. 

Product development also includes system level oversight tasks where information about the various activities being 
carried out on subsystems is scrutinized and tested to ensure that the subsystems being developed function correctly 
together as a system [14]. The information examined by the system level team is often sent to other development 
teams for use in their own tasks. In this way the interdependencies between design activities is coordinated.

Schedule considerations also constrain the product development process when decisions are made to end the work 
on design tasks. This occurs if the work performed has reached a certain quality regardless if all of the 
interdependencies have been fully exploited to achieve an optimum design. This trade-off of span time versus non-
conformance failure at a design review is often used as a tactic to speed up the development of new products. 

2.2 Modeling the features of NPD and their interactions
The informational dependency relationship between any pair of tasks can be quantified and compiled as a numerical 
dependency structure matrix D, which is the product of the initial estimated uncertainty and sensitivity between each 
pair of tasks [15]. The model sets the total amount of information that must be communicated between 
interdependent tasks as being directly proportional to their dependency strength Dij. Empirical results supporting 
this assumption were published by Allen [16]. We can therefore form an information exchange matrix NC which is 
directly proportional to the dependency matrix D.

Execution of each development task is modeled as being composed of three subtasks: work, which consists of the 
technical, production work entailed in the task; read, which consists of reading and interpreting all incoming 
information; and prep, which consists of preparing information generated by executing the task into communicable 
form (i.e., preparing reports, summarizing data, etc.), as well as coordinating the actual communication. We consider 
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that these subtasks cannot be performed simultaneously and that each requires the exclusive use of the development 
team while it is being performed (modeled as a finite resource). We do not require, however, that the entire work
subtask be done to completion each time it is begun, but rather it can be performed as a series of steps in between 
which communication subtasks are performed. In a particular instance, the amount of effort required by an 
individual development team (in man-hours) to perform its specific work subtask can be determined by a triangular 
probability density function (PDF) of given minimum, median and maximum values. Similarly, the amount of effort 
required by this team to perform a read or prep subtask on a unit amount of information can also be determined 
from a triangular PDF for each respective subtask.

Information is generated by the work subtask in discrete units, and is gathered and prepared in batches in the prep
subtask for communication to other development teams. The communication interval is one of the input parameters 
whose effects on project span time were studied. Each unit of information is addressed randomly to a task in the 
system, but the total number of units of information addressed to each task is equal to the corresponding element in 
NC. Dispatched units of information are processed in the addressee’s read subtask. Information is generated in each 
development task in proportion to the amount of effort made in its work subtask. However, the precision of this 
information increases only asymptotically according to the way in which the epistemic uncertainty reduces.

Epistemic uncertainty of each discrete information entity developed in a task is a function of the current state of 
progress of the task. Aleatory uncertainty of each discrete information entity is a random number proportional to the 
epistemic uncertainty at the time of its creation and a scaling factor. Rework occurs in a work subtask if the work 
has progressed too far with the information previously received. This occurs if the uncertainty of input information 
received from any task before a new work period is greater than the uncertainty of input information received from 
that task in a prior work period.

If work in a task has progressed too far beyond the percentage of input information received, further work on the 
task is suspended until more input information has been received. However, depending on the perceived uncertainty 
of information previously received, a decision may be made to continue after a certain period of time regardless.
This is based on observations in collaborative projects, where schedule constraints force a manager to make the 
decision to risk continuing work on a task in order to allow the project to move forward. The missing information is
estimated based on previous information received and the perception of imprecision of this previous information.

Progress in design refers to a process that achieves a succession of improvements or refinements on the way toward 
the final outcome [17] or to a process in which the level of uncertainty in the artefact is reduced as the design 
progresses [18]. This reasoning was incorporated into the model in the way in which tasks in the model make 
progress through technical and communication work done during a simulation. The information exchanged between 
interdependent tasks is given uncertainty attributes that can lead to rework, where these uncertainty attributes are 
based on the state of the task that sent the information. The ability of the simulated tasks to complete work while 
exchanging information needed to continue to make progress is what drives the tasks to their final outcome.

An S-shape appears to be the best function to represent task progress as it can embody a growth phenomenon similar 
to learning [19]. This was adapted in the model to calculate the reduction in epistemic uncertainty as a function of 
task state with an S-shape function (given that the work progress curve can be transformed into an uncertainty 
reduction curve by subtracting the S-shape function from its upper asymptote). The model makes use of a Gompertz 
equation as the S-shape function because of its flexibility in allowing for different rates of approach to the upper and 
lower asymptotes at activity start and end. Two coefficients govern the shape of the Gompertz curve and can be set 
to values that cover a range of possible epistemic uncertainty reduction behaviour. The aleatory uncertainty is 
calculated for any task state with the use of a random number generator and a scaling factor. Further details can be 
seen in [3, 4] .

Using discrete event simulation [20] the logic of the model was executed to produce the process behavior for each 
set of conditions examined.

2.3 Validation of the model
Ideally the best way to validate a model of a NPD process would be to compare data from a comprehensive series of
actual processes with data from simulations of the same processes. In practice however, this has not yet been 
feasible because of the long cycle time of complex PD processes and the difficulty in obtaining sufficiently detailed 
historical data. Validation of the model to date was based on comparison of model results with predictions of other 
models, with data from real processes that are available for several cases, and with the validation of the specific 
behaviors incorporated in the model’s logic with those that have been reported to take place in NPD. Further 
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validations of results are being performed as data becomes available. The results shown here serve to illustrate the 
operation of the model, and how it can explain the mechanisms that drive the NPD process.

3. Scenarios investigated with the model
The following table describes the parameters used as input to the model to create each scenario. In scenarios where 
comparisons of results are made, we maintained the total work requirement in the NPD project (as calculated by 
summing the average of the triangular PDF of each task across all phases) as a constant. 

Table 1 Input parameters defining scenarios for the NPD model

Parameter Description
CI Vector defining the nominal communication interval (hours) for each task
BR Vector containing the flag value for each task whether to broadcast information to all other tasks
DeltaT Vector defining Δt (hours) maximum work cycle time between which communications are

attended to by each development team
D Matrix defining dependency strength between each pair of tasks with element values of 0 to 9
INTMAX System level integrator capacity
IQ Integrator queue time threshold in hours where additional integrator resource is added
MINT,SINT Mean value and standard deviation of the normal PDF for the integrator process 
LAT Matrix defining the mean value and standard deviation of the PDF for communication latency 
M Vector defining the scaling factor for aleatory uncertainty for each task
MWI Vector defining the number of hours each task waits for new information while in the starve 

condition before another cycle of work is done 
OVF Matrix defining the degree of overlap between each pair of tasks in a project
PREP Matrix defining the parameters of the triangular PDF for the prep subtask for each task
RD Matrix defining the parameters of the TPDF for the read subtask for each task
WK Matrix defining the parameters of the TPDF for the work subtask for each task
B, C Vector defining Gompertz function values for the epistemic uncertainty for each task
NPT Number of tasks in each phase
TP Number of phases in the project
QMR Vector defining minimum number of entities in the read queue before attending to this queue
QMP Vector defining minimum number of entities in the prep queue before attending to this queue
SCH Vector defining the scheduled span time for each task

3.1 Number of tasks in the project decomposition and the relationship to integrator resource management
Figure 1 shows simulation results for the normalized span time of a project with 2 phases that have been split into 
NPT development tasks. The total amount of work to be performed in each case is constant and is used to normalize 
the results for project span time. In figure 1, the tasks are highly interdependent so that each task requires 
information from every other task and the tasks all begin simultaneously. In the case shown, the reduction in 
epistemic uncertainty is slow and there is zero aleatory uncertainty. In this series of simulations, the PDFs for the 
work subtasks were equal. The results show that initial reduction in span time is linear with an increase in the 
number of tasks, but levels off as the delays brought about by information exchange and system level integration 
with a higher number of tasks come into play. As can be seen, further increases in the number of tasks have less 
effect on the span time. Insufficient integrator resource capacity causes the span time and effort to rise sharply 
because tasks are not able to complete due to the information flow bottleneck. Simulation shows that the information 
flow bottleneck causes increase in design version rework. Even with sufficient resource capacity, if the resources are 
not deployed early enough, the consequent delays to the project result in increased effort and span time with fewer 
tasks in the decomposition. This is controlled in the simulation by the parameter IQ, which is the threshold that
triggers the addition of an integrator resource. It turns out that keeping the value of IQ less than 5% of the nominal 
time required to perform a task ensures that the integrator queue time does not impede the completion of tasks 
during the simulations we examined. Thus, relationships for the required integrator capacity to avoid bottlenecks can 
be found for specific projects with estimated uncertainty reduction profiles. 
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Figure 1- Normalized span time variation with the number of tasks

3.2 Effect of dependency and task overlap
Figure 2 shows the effects of overlapping tasks in NPD projects where the tasks are sequentially dependent, for 
example, with 3 sequentially dependent tasks, task 3 requires information from tasks 1 and 2, task 2 requires 
information from task 1 and task 1 does not require any information from other tasks. The case shown is for slowly 
reducing uncertainty and moderate magnitude of aleatory uncertainty. As can be seen in figure 2, full overlap leads 
to lowest span times, but with higher effort. The additional effort is due to rework that is developed when work in 
downstream tasks, based on interim information received from the upstream task before its work is complete, is 
lacking in precision. 

Figure 2- NPD project effort versus span time for sequentially dependent tasks

As can be seen in the figure, for full overlap, if the information is updated more often (shorter communication 
interval) the span time initially decreases further without any further increase in effort. However, if the 
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communication interval is too short, span time does not decrease any further and effort increases rapidly. This 
occurs when unstable interim information is communicated and acted upon too often, creating more rework. 

3.3 Effect of non-equal task sizes
Figure 3 shows how span time is affected if one of the tasks in the task decomposition of a project requires a greater 
proportion of effort than all the rest. The figure shows how span time for a project divided into 4 interdependent 
tasks and 2 phases changes with the effort multiple (NW) of the one unequal task. Thus, when NW=2, one of the 
tasks requires twice the average total effort of each of the other 3 tasks. In each case the average total project effort 
is identical. This significant increase in span time can be understood when studying the simulation. The longer time 
taken by the larger task to generate information sufficient to keep the other tasks from reaching a starve condition 
makes the pace of the project as a whole follow that of the larger task. Even though the total work required is equal 
for all values of NW, the smaller tasks cannot make progress and are often idle waiting for input information.

Figure 3- Effect on span time when one task is larger than the others

3.4 Adapting sprint methods to non-software NPD
In the sprint method as applied to software development, each ‘sprint’ is required to produce a complete, tested 
version of the software that completely answers a planned set of requirements. Each successive sprint goes on to add 
additional requirements so that at the end of the project the software meets the complete list of requirements for the 
final product. Similar to this for non-software NPD, the model is divided into a series of short phases, analogous to 
sprints with a design review at the end of each phase. A key element here is that the tasks involved in each phase 
collectively solve a specific set of well defined design problems that can be evaluated during the design review. 
NPD of a complex product is essentially a series of activities providing information that allow key design decisions 
to be made, and thus, the design review at the end of each of these phases or sprints formalizes the point at which 
these decisions are made. The tasks in each phase leading up to a design review are those that generate the 
information required to make these key decisions. As in the sprint method, the work in each phase must be 
coordinated intensely so that the design review is successful and rework of a phase is not required. In practice, this is
facilitated by smaller sized phases. Figure 4 illustrates the results for a comparison between two projects requiring 
the same amount of effort: a typical project with 2 phases and design reviews, and a project using the sprint method 
with 6 phases and design reviews. The results show that there is little difference between standard and sprint 
methods when there is rapid reduction in uncertainty, whereas there is a marked difference when there is a slow 
reduction in uncertainty. Similar results, but with smaller differences, are predicted for a comparison measuring 
effort. Thus, the model predicts that more frequent ‘course calibrations’ (in the form of design reviews between 
sprints) prevent the tasks from straying too far from the ‘correct direction’ (resulting in more rework) when there is 
high uncertainty in interim information.
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3.5 Effect of the communication interval 
As we have seen, exchanging interim information when there is task overlap is an effective way to shorten span time 
in both cases of sequential and reciprocal dependencies. However, interim information can be imprecise, and is 
subject to instability of aleatory uncertainty. Depending on the rate at which the imprecision of information 
generated by a task is reduced and on the magnitude of the instability of this information, acting on interim 
information can lead to unnecessary rework. Simulations show that there is an optimum interval for communicating 
interim information to other tasks that minimizes span time and effort. Simulation studies of various scenarios of 
uncertainty and task dependency indicate that the optimum communication interval is at about 8% of the nominal 
time required to execute a task as calculated from its triangular PDF. 

Figure 4- Effect of increasing the number of design reviews and uncertainty

3.6 Effect of other coordination improvements 
The sensitivity of the span time to methods or policies that can facilitate the exchange of information in a timely 
manner can be ascertained using the simulation model described here. For example, under conditions of high 
interdependence and uncertainty, communication latency (delays between the time information is prepared for 
communication and the time it reaches its destination) can increase the span time of a project by 40% if delays are 
greater than 15% of the nominal time required to perform a task. These delays, where information must travel 
through several layers of an organization, can accumulate and cause unnecessary rework and have significant knock-
on effects on the work of many tasks. Depending on the structure of the product development system and the levels 
of uncertainty, simulations can evaluate the impact of methods to reduce this latency. Product data management 
systems or virtual models of the new product being developed, if well designed, can reduce communication latency, 
facilitate the preparation of information for communication, and reduce the time required to interpret new data. 
However, too much information, too often, can propagate imprecise and unstable data causing unnecessary rework, 
and wasted effort in communication.

4. Conclusion
Simulations of NPD processes were conducted to study the effects of process structure, critical resource 
management, communication policies, and uncertainty on rework, project span time and effort. Results showed that 
significant potential for reducing project span time and effort can be achieved by applying the following methods 
with sufficient knowledge of task interdependencies and uncertainty reduction profiles:

a. overlap tasks when there is sufficiently frequent, interim information exchange (sections 3.2 and 3.5);
b. structure projects such that task sizes are similar (section 3.3);
c. provide sufficient resource capacity in critical support tasks (section 3.1);
d. implement sprint methods where high uncertainty occurs (section 3.4);
e. adopt policies to reduce communication effort and latency (section 3.6).
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The greatly reduced span time when using the sprint method (Figure 4) is consistent with other results. Untimely 
information exchange by integrators increases span time (Figure 1). Unequal task size causes delays in information 
exchange (Figure 3). The sprint method forces setting of task size, resource allocation and information exchange 
such that the information required by dependent tasks is exchanged in a timely and predictable way. As a 
consequence, dependent tasks are not starved for information since the synchronous ‘sprints’ and design reviews set 
short, fixed periods for receiving information.

Overall, this simulation model can be used to help in the planning and management of actual NPD projects by 
providing guidelines for key process attributes. Further research to gather relevant process data should be performed 
to validate the use of the model for quantitative evaluation of NPD process improvement strategies.  
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