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Abstract

The needs of software maintenance and the importance
of maintenance project management increase rapidly in the
military avionics industry. Although few previous studies
related to the maintenance effort estimation were proposed,
they had two drawbacks:(1) the needs of some input param-
eters which are hard to measure precisely at early stage,
(2) the passive support of “what-if” analysis by exploring
the impact of changes among input parameters for more
realistic estimation. In this paper, we suggest probabilis-
tic effort estimation model for military avionics software
maintenance by considering structural characteristics. We
elicited the four aspects to the maintenance effort including
structural characteristics, developed probabilistic mainte-
nance effort estimation model based on Bayesian network
with a data set of 76 military avionics software maintenance
projects in the Republic Of Korea AirForce(ROKAF).

1. Introduction

The military avionics software is embedded software
which is strictly structured with legally-mandated safety.
Because its portion which can replace hardware module be-
comes higher and it has a long operation time, the needs
of software maintenance and the importance of mainte-
nance project management increase rapidly in the military
avionics industry. Like the new development project, the
software maintenance project starts from planning tasks
which include the planning of cost, resource, schedule and
other managements(ex. risk management) which have an
impact upon the project success. Although few previous
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studies([2],[13]) propose to help maintenance effort estima-
tion which is the most influential task in the planning phase,
they have two drawbacks: (1) the needs of some input pa-
rameters which are hard to measure precisely at early stage,
(2) the passive support of “what-if” analysis which explores
the impact of changes among input parameters for more re-
alistic estimation. The difficulty of deciding the value of in-
put parameter can be a heavy load to project managers and a
source of the inaccuracy of the final effort estimation result.
To support more realistic estimation, “what-if” analysis is
needed because it provides a way to simulate the effort es-
timation result by changing the value of input parameters
according to some unexpected situations.

In this paper, we suggest probabilistic effort estimation
model for a military avionics software maintenance. To
improve the two drawbacks of previous studies, we used
the structural information of avionics software instead of
the estimated code size and the Bayesian network(BN) as
the estimation technique to provide “what-if” analysis. Af-
ter eliciting four aspects of the military avionics software
maintenance effort, we developed the probabilistic mainte-
nance effort estimation model using BN with the identified
aspects. The empirical study was performed with a data set
of 76 military avionics software maintenance projects in Re-
public Of Korea AirForce(ROKAF). The remainder of this
paper is organized as follows. In Section 2, related work
is explained. Military avionics software and the concept of
BN are briefly introduced in Section 3. Section 4 describes
our overall approach to develop the probabilistic mainte-
nance effort estimation model and Section 5 illustrates the
empirical study. Finally, we conclude with future work in
Section 6.

2. Related work

Boehm et al.[2] developed COCOMO II in 1995 by re-
vising the original COCOMO[1] to reflect the current soft-
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ware development practice. From the viewpoint of software
maintenance, its scope follows the COCOMO81 guide-
line that includes adding new capabilities and fixing or
adapting existing capabilities[2]. Except the maintenance
size(SizeM ) and two cost drivers(SCED,RUSE), the main-
tenance effort estimation model is the same as the CO-
COMO II Post-Architecture model because its cost drivers
are generally considered to have an impact on the mainte-
nance effort estimation. The SizeM is normally obtained
as follows[2]:

• SizeM = [SizeBase × MCF ] × MAF

where, MCF = (SizeAdded + SizeModified)/SizeBase and
MAF = 1 + ((SU/100)×UMFM). Maintenance Change
Factor(MCF) and Maintenance Adjustment Factor(MAF)
are introduced and Software Understanding(SU) and Pro-
grammer Unfamiliarity(UNFM) factors are used in MAF
from the reuse model of COCOMO II. Although this fa-
mous work provides the stable model by handling many
important impact factors such as cost drivers and scale fac-
tors, it requires input parameters which are hard to measure.
In the planning stage, the fraction code added(SizeAdded)
or modified(SizeModified) to the existing base code dur-
ing the maintenance period are hard to measure, therefore
they should be estimated by expert judgment without any
guidance. The difficulty of deciding the values of input pa-
rameters can be a heavy load to project managers who don’t
have much experience. Besides, it can be a source of the
inaccuracy of the final effort estimation result because the
accuracy of values estimated depends on the expert’s esti-
mation capability.

Andrea et al.[13] present an empirical assessment and
improvement of the effort estimation model for corrective
maintenance adapted in a company. The maintenance effort
estimation models are constructed by multiple linear regres-
sion analysis using five project data sets as follows:

• Model A: Effort = a1N + a2Size

• Model B: Effort = a1NA + a2NBC + a3Size

• Model C: Effort = a1NA + a2NB + a3NC + a4Size

where, NA is a number of tasks requiring software modi-
fication. NB is a number of tasks requiring fixing of data
misalignment. NC is a number of other tasks. N is a num-
ber of tasks (N = NA + NB + NC). Size is a system size
to be maintained and Effort is an actual effort. The main-
tenance effort estimation models of this work use the simple
parameters which are easy to collect, use and understand in
the industry. However, the parameter “the number of tasks”
can be only used under the condition that tasks of the same
type require almost same effort. In addition, five historical
data sets are not enough to present general characteristics of
maintenance project in an organization.

Finally, we compare our work with Boehm’s work and
Andrea’s work on the following criteria: technique, param-
eter, pros and cons. Table 1 presents the comparison re-
sult. We take notice that both studies don’t provide “what-
if” analysis which was mentioned in the previous section.

3. Background

3.1. Military avionics software

Military avionics software is embedded software with
legally-mandated safety and reliability concerns used in
avionics. Therefore it has to follow development process
that is required by law and is optimized for safety by com-
plying the standards such as the DOD-STD-2167A(Military
standard defense system software development)[17] during
the acquisition, development, or support of avionics soft-
ware systems. This development process requires specific
documentation with the structural information of the re-
lated military avionics software components. For exam-
ple, maintenance requirements should be documented with
the information of target Computer Software Configura-
tion Items(CSCIs) in the Software Requirement Specifica-
tion(SRS) and the information exchange specification be-
tween CSCIs should be documented in the Interface Re-
quirements Specification(IRS). We consider the SRS is im-
portant because it has to be traceable to the avionics system
specification.

Military avionics is more highly integrated system. Like
the functional units of system, each of the major embed-
ded software can be modeled as a CSCI which is associated
with each Hardware Line Replaceable Unit[14]. By accor-
dance with the Software Development Plan(SDP), software
can be decomposed to CSCI, Computer Software Compo-
nents(CSCs) and Computer Software Units(CSUs). For ex-
ample, a CSCI Fire control is created for the fire control
system which provides one of the major military avionics
system functions. Then, this CSCI can be decomposed to
two CSCs which are Air To Air mode and Air To Ground
mode. The CSC Air To Air mode can be decomposed to two
CSUs which are Missile control and GUN control, either.

3.2. Bayesian network and effort estimation

The BN is a probabilistic graphical model that represents
a set of variables and their probabilistic dependencies[15].
It consists of an associated set of probability tables and a
causal model such as Figure 3 which describes the cause-
effect relationships between variables. The variables have
discrete interval values as their states and presented by
node. The probability table for each node specifies how
the probability of each state of the variable depends on the
states of its parents using Bayes’ theorem. Consequently,
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Table 1. Comparison with the related work
Categories Boehm’s work Andrea’s work Our approach
Technique Statistics regression Statistics regression Bayesian network
Parameter ·15 cost-drivers 5 parameters 6 parameters with 4 aspects

·maintenance size (number of tasks as to (structural characteristics, experience
·maintenance change factor maintenance type and size) of maintainer, final test type and
·maintenance adjustment factor base software size)

Pros The model is stable ·The model is simple and ·The model provides “what-if” analysis
(Using cost driver of COCOMOII understandable ·Early estimating is possible
post-architecture development model) ·Early estimating is possible

Cons ·Amount of code added or modified ·Historical data for constructing The model is useful only for strictly
for sizing is not measurable at planning the model is not enough structured software
·Accuracy depends on expert ·The model is useful only for
estimation capability corrective maintenance type

the BN represents the complete joint probability distribu-
tion. Bayesian analysis using the BN is a well-defined and
rigorous process of inductive reasoning that has been used
in many scientific disciplines[4].

Recently, the BN have been used for predicting software
development effort([4],[7],[6],[8]) because traditional soft-
ware effort estimation models do not provide any support
for risk assessment and mitigation using “what-if” analysis.
The BN is suitable for supporting expert judgment in effort
estimation for following reasons[16]:

• BN can combine information from past statistical data,
where available, with expert opinion. Thus, it can inte-
grate partial knowledge and data concerning a project
in the form of observed values of some nodes.

• BN can be used for “what-if” analysis to explore the
impact of changes in some nodes to other nodes.

• BN has strong theoretical background(Bayes theory,
Pearl’s polytree algorithm, etc.). That is supported by
a number of software tools for building and using the
BN.

Therefore, we choose the BN as the proper effort estimation
technique of the military avionics software maintenance
project.

4. Overall approach

In this section, we explain the overall approach to create
the probabilistic effort estimation model for military avion-
ics software maintenance project. As shown in Figure 1,
our approach consists of five steps. The step1 is the essen-
tial task to identify the influential features on maintenance
effort of military avionics software. With the domain analy-
sis result of step1, the step2 and step3 which are commonly
required tasks to create the probabilistic maintenance effort

Figure 1. Overall approach for creation of
military avionics software maintenance effort
estimation

estimation model using BN. The step4 defines the method
of a point forecast calculation. Finally, the step5 validates
the performance of the effort estimation model according to
7 performance evaluation criteria and a cross-validation.

4.1. Domain analysis

In this step, we identified 4 aspects and 6 input variables
which have an impact upon the maintenance effort of a mil-
itary avionics software project. By the interview and dis-
cussion with domain experts, we specially focused on the
identification of input variables which project managers can
collect and use easily in the planning stage of real project.
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Table 2. Result of domain analysis: four aspects, mesurement variables, their probability and defined
states, and unit

Aspects Variables Description Unit
Effort P(EFFORT) Probability of actual maintenance effort person-months

State: low(<50),medium(50-100),high(>100)
EXPERIENCE P(EXPERIENCE) Probability of experience of maintainer years

State: low(<4),medium(4-5),high(>5)
TEST P(TEST) Probability of final test type

State: no(ground),yes(flight)
SIZE P(SIZE) Probability of base software size to be maintained KLOC

State: small(<100),medium(100-200),large(>200)
STRUCTURAL P(Relation of CSCIs) Probability of relation of CSCIs Existence of interface
CHACTERISTICS State: no(false),yes(true) among CSCIs

P(Constructs of CSCs) Probability of constructs of CSCs Number of CSCs
State: small(1),medium(2-4),large(>5) in CSCIs

P(Constructs of CSUs) Probability of constructs of CSUs Number of CSUs
State: small(<5),medium(5-8),large(>8) in CSCIs

Table 2 describes the result of domain analysis: 4 aspects,
6 input variables and their probability and states, and unit.
Because BN uses the discrete interval values to calculate
the probability as we mentioned in the Section3, the con-
tinuous value of numeric variables was divided into two or
three states using domain experts’ advice.

4.1.1 Structural characteristics

Most previous work related to effort estimation typically
use a measure of size or complexity as the input parameter.
However, the measurement of these parameters is a difficult
work by depending on expert’s judgement in the planning
phase. To reduce overhead for predicting amount of code
to be changed or the software complexity, we suggest struc-
tural characteristics of military avionics software as one of
aspects. Related to this aspect, the existence of interface
among CSCIs, the number of CSCs in CSCIs, and the num-
ber of CSUs in CSCIs are decided as the input parameters
because of the following reasons:

• The structural characteristics of software can be known
by referring the SRS or the expert’s domain knowl-
edge. As shown in Figure 2, military avionics software
is strictly structured according to the standard[17]. Us-
ing this well-defined structure by the standard and
SRS which are written with this structural information,
project manager can easily collect this information.

• When the values of three input parameters increase,
the complexity of military avionics software becomes
higher, too. Therefore, three input parameters can be
used as the measure of complexity.

Figure 2. An example of military avionics
software structural characteristics

4.1.2 Final test type

Due to the requirement of high reliability in the military
avionics domain, the testing effort has an impact upon
the total maintenance effort. The final test type of mili-
tary avionics software is categorized into Ground test and
Flight test according to testing environment. Flight test
needs more effort. One of the reasons is a communication
effort between pilot and maintainer.

4.1.3 Experience of maintainer

Domain knowledge such as military strategy, avionics and
security as well as programming skill and tool experience is
needed to maintainer for military avionics software mainte-
nance. In addition, it takes a long time to get domain knowl-
edge. Thus, experience of maintainer is very important in a
military avionics software maintenance project.
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Figure 3. A causal model for predicting mili-
tary avionics software maintenance effort.

4.1.4 Base software size

This aspect is considered to be the complementary aspect of
the structural characteristics. It is possible to use the input
parameters of the structural characteristics aspect without
this. However, it is necessity of the distinction between the
projects whose input parameters of the structural character-
istics aspect have the same values while their maintenance
requirements are different. The base software size is defined
as the sum of base code size to be targeted in maintenance.

4.2. Construction of a causal model

In this step, we constructed the causal model of effort es-
timation for military avionics software maintenance project
using the 4 aspects and 6 input parameters which were iden-
tified in the previous step. Figure 3 describes our causal
model reflects the 4 aspects. In particular, the nodes of our
model are created using the 6 input parameters and the re-
lations of nodes in the part of structural characteristics as-
pect are the same as the relations among CSCIs, CSCs, and
CSUs. Because the structure of military avionics software
complies with the standard, our causal model can be used as
the framework to be extended to other avionics domain. Us-
ing this model, the learning process of BN will be executed
in the next step.

4.3. Execution of learning process using BN
tool

In this step, the learning process executes on our causal
model using BN tool. BN tool transforms the values of in-
put parameters to the joint probability distribution of the
maintenance effort as the defined three states:low, medium,
and high.

4.4. Definition of a point forecast method

The output of BN tool cannot be directly presented the
estimated effort. Therefore, we calculated a point forecast
effort using the method suggested by Pendharkar et al.[15]
with the joint probability distribution over the effort and the
observed mean values of actual effort as to effort state. The
method for a point forecast is as follows:[15]

E(Effort) = P (El) ∗ Ul + P (Em) ∗ Um + P (Eh) ∗ Uh

where,

• E(Effort) is a point forecasted effort.

• P (E) is a joint probability distribution over the effort
and is consisted P (El), P (Em), P (Eh) as to effort
state such as low, medium, high.

• U is an observed mean value of actual effort and is
consisted Ul, Um, Uh as to effort state such as low,
medium, high.

4.5. Validation of the model performance

In this step, the performance of effort estimation model
was performed according to 7 performance evaluation cri-
teria and a cross validation. The next section will explain
the details.

5. Empirical study

5.1. Experimental setting

In our empirical study, the data set consists of 76 mili-
tary avionics software maintenance projects conducted by
the software development center in the ROKAF during 9
years. The software development center maintains the oper-
ational flight program (OFP) of military avionics software.
For this study, we collected a data set from 76 historical
data sets1 according to the definition of input parameters as
shown in Table 2. In addition, we use a Bayesian network-
based tool called Agena Risk, developed by Agena Ltd. for
learning process using a causal model. (Agena Ltd. at
http://www.agena.co.uk/)

5.2. Validation of the model performance

5.2.1 Evaluating the joint probability distribution of
maintenance effort

Using Agena Risk, we get joint and conditional probabili-
ties from a causal model. In the Figure 4, the joint probabil-

1Specific data is not presented for military security in this paper.
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Figure 4. A joint probability distribution over
effort through the BN tool.

Table 3. Model performance with effort state
Effort Under- Over- Accurate-
state estimate estimate estimate
Low - 14.29% 85.71%
Medium 20% - 80%
High - - 100%
Total

√
6.67% 6.67% 86.66%

ity distribution of the maintenance effort is made by cause-
effect relationships which are conditional probabilities of 6
input parameters with 4 aspects. In order to evaluate the
predictive performance of the joint probability distribution
of the maintenance effort, we compare the state of actual
effort with the state of joint probability of predicted effort
using cross validation by randomly partitioning the data set
into a training data set composed of 80% of the observations
and a test data set composed of the remaining observations.
The results are shown in Table 3. Since the overall accuracy
is good(86.66%), project manager can estimate effort state
of new project using the joint probability distribution of the
maintenance effort at early stage.

5.2.2 Assessing a point forecast maintenance effort

Using a point forecast method with the joint and conditional
probabilities, we compare the actual and predicted effort. In
order to evaluate the overall performance of a point fore-
cast maintenace effort, we compare the actual effort with
predicted effort using leave-one-out cross validation. The
Figure 5 shows the comparison results are not significantly
different. For example, miss prediction is that predicted ef-
fort is overestimated at the project 37 and underestimated at
the project 70.

Figure 5. Leave-one-out cross validation with
the actual effort and predicted effort.

In order to perform the accurate performance evalua-
tion of the estimation model in detail, we applied 7 perfor-
mance evaluation criteria such as the PRESS(PREdiction
Sum of Squares) statics [11], the SPR, MMRE (Mean Mag-
nitude Relative Error), MaxMRE (Maximum Magnitude
Relative Error), MdMRE (Median Magnitude Relative Er-
ror) ([3],[9])and the PRED measures([5],[10]):

• PRESS is the sum of the squared prediction errors.

PRESS =
∑

i

(yi∗ − yi)2

• SPR is the sum of the absolute value of PRESS resid-
uals or prediction errors.

SPR =
∑

i

|yi∗ − yi|

• MREi is the magnitude of relative error and used for
MMRE, MaxMRE and MdMRE.

MREi =
|yi∗ − yi|

yi

• PRED25 = the % of the observations with RE <= 0.25

• PRED50 = the % of the observations with RE <= 0.50

where, y is an observed value of the dependent variable,
yi is the value of the i − th value of the dependent variable
as observed in the data set, yi∗ is the predictive value from
the point forecast model trained with all the observations
except the i− th, and n is a sample data set of size. Indeed,
the literature and the experience show that accurate predic-
tion is difficult: an average error of 100% can be considered
“good” and an average error of 32% “outstanding” [12].

411



Table 4. Comparison the actual effort and pre-
dicted effort with statistics analysis

Performance
PRESS 122674.4
SPR 1733.2
MMRE 28.39 %
MaxMRE 161.28 %
MdMRE 22.30 %
PRED25 42.11 %
PRED50 82.89 %

Table 5. Cross-validation with randomly par-
titions

Performance(%)
MMRE 24.59
MaxMRE 81.92
MdMRE 17.42
PRED25 60
PRED50 93.33

The measures resulting from cross-validation with statis-
tics analysis are shown in Table 4. In particular, the values
for the PRED measures are very promising: it predicts 42%
of the cases within a relative error less than 25% (PRED25)
and about 83% of the cases with a relative error less than
50% (PRED50). Also, the relative mean error is 28.39%
and can be considered outstanding.

In addition, in order to assess the predictive capability
of the model by performing a cross-validation with statis-
tics analysis, we randomly partitioned data set into a train-
ing data set (61 projects) and a test data set (15 projects).
We used the training data set to build the estimation model
and the test data set to evaluate the predictive performances
of the model. The results are shown in Table 5. The col-
umn shows the performances of the model obtained by ran-
domly partitioning the data set of 80% into a test set of
20% of the observations. In particular, the values for the
PRED measures are very promising: it predicts 60% of the
cases within a relative error less than 25% (PRED25) and
about 93% of the cases with a relative error less than 50%
(PRED50). Also, the relative mean error is 24.59% and can
be considered outstanding. In order to assess the more ac-
curate predictive capability of the model, we may perform a
leave-more-out cross-validation. However, because getting
a data is possible at early stage and the result of predicted ef-
fort performance is outstanding, our proposed effort estima-
tion model can be used for predicting effort in the planning
phase of military avionics software maintenance projects.

Figure 6. An example of “what-if” analysis
with different scenarios.

Table 6. Information of two scenarios for
“what-if” analysis

Aspects Variables Scenario1 Scenario2
Experience P(Effort) Low Medium
Size P(Size) Medium Medium
Test P(Test) Flight Flight
Structural P(Re. of CSCIs) No No
Chacteris- P(Con. of CSCs) - -
tics P(Con. of CSUs) Low Medium

5.3. “What-if” analysis

When project manager makes a planning for military
avionics software maintenance, he can do “what-if” analy-
sis for effort estimation using our proposed model, as shown
in Figure 6. This example has two scenarios which are dif-
ferent about P(Experience) and P(Constructs of CSUs), as
shown in Table 6. In addition, because time to market is low,
the two scenarios don’t have information of P(Constructs of
CSCs) at planning. As shown in Figure 6, when information
of structural characteristics aspect is not enough, project
manager can estimate the probability distribution over con-
structs of CSCs using “what-if” analysis1. In addition, us-
ing the output of “what-if” analysis1 he can do “what-if”
analysis2. In particular, in “what-if” analysis2, as well as
he can predict effort with a point forecast method using the
probability distribution over effort, can allocate the human-
resource using exploring the impact changes in experience
aspect to effort. Thus, “what-if” analysis using our pro-
posed model can be used to simulate the effort estimation
result by changing the value of input parameters according
to some unexpected situation, and is useful to support more
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realistic estimation.

6. Conclusions

In this paper, we suggest the probabilistic effort estima-
tion for military avionics software maintenance by consid-
ering structural characteristics. To improve the two draw-
backs of previous studies, we used the structural informa-
tion of avionics software instead of the estimated code size
and the BN as the estimation technique to provide “what-
if” analysis. In addition, the structural information such
as the relationships between software components(CSCI,
CSC, and CSU) is considered because military avionics
software is strictly structured software. After identifying
the 6 input parameters and 4 aspects by the domain anal-
ysis, the causal model of BN was constructed using them.
By executing the learning process of BN tool, joint proba-
bilities of each node of BN were calculated. After defining
point forecast method, the empirical study was performed
with a data set of 76 military avionics software maintenance
projects in the ROKAF. In this empirical study, we assessed
the performance of our model with 7 criteria and gained the
result as our model has “good” or higher performance for
the effort prediction. Finally, we have a plan of applying
our model to the real effort estimation task of new military
maintenance software projects and adjusting it.
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