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Abstract 

 

Software project effort prediction accuracy is improved with modified 

COCOMO II model and the factors which determine the effort and schedule 

are presented in this paper. The effort multipliers of COCOMO II model are 

reduced from 17 to 15 in modified COCOMO II model keeping scale factors 

unchanged. This model is experimented with the multilayer feed forward 

neural network using back propagation training algorithm. The percentage of 

MRE and MMRE are estimated for both the COCOMO II and modified 

COCOMO II model. It is found from the results that the modified COCOMO 

II model estimates better performance due to the reduction in number of effort 

multipliers. 
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M. Shepperd and C. Schofield [5] described an alternative approach to the 

effort estimation based on the use of analogies sometimes referred to as case based 

reasoning. The underlying principle is to characterize projects in terms of features that 

is, the number of interfaces, the development method or the size of the functional 

requirements. Based on Euclidean distance in n-dimensional space and with n number 

of project features the similarities in the projects are identified. All the dimensions are 

standardized in such a way that each dimension may have equal weight. In this work 

basis for the prediction is the known effort values of the nearest neighbours with the 

new project. 

Detailed review of different studies on the software development effort was 

provided by Jorgensen [6] with the main goal of contributing and supporting the 

expert estimation research. Neural networks have learning ability and are good at 

modeling complex nonlinear relationship, provides more flexibility to integrate expert 

knowledge into the model. The review results suggest that in some situations expert 

estimation produces more accurate results than formal estimation techniques. In 

software project effort estimation the expert estimation is the most frequently used 

estimation method even though there is no substantial evidence for favouring the use 

of this model. 

Machine learning techniques hold the promise of producing clear and quality 

output by sensing various inputs in different format. In terms of prediction accuracy 

the statistical methods based techniques frequently provides low accuracy whereas the 

hit-or-miss business was always appeared in software cost modeling techniques with 

better accuracy. 
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Software reliability researches with statistical techniques have proved that the 

prediction failure occurs due to failure data from similar projects. In this work 

reliability- growth models are used, in which the reliability has mature enough to 

guarantee product release. Reliability-growth models shows sign of different 

prognostic capabilities at diverse testing phases both inside a project and crossway 

projects. Researchers are finding it practically unfeasible to develop a general model 

that will afford precise predictions in all situations. 

In this work they express two methods of machine 

learning, that are indented to be used by the estimators of software project 

development effort from past data. The experiments designate that these techniques 

are spirited with conventional estimators on one dataset; they also demonstrated that 

these methods are perceptive to the facts on which they are trained. oftware project 

effort valuation is supposed to be evaluated by exploring model kindliness on a 

diversity of historical data.

The significance in the performance of neural network modeling techniques 

with complex pattern recognition and nonlinear estimation mechanism has been 

demonstrated from corner to corner in a remarkable spectrum of applications. 

Artificial neural network was used to capture the significant attributes of the software 

development environment to forecast the improvement in prediction accuracy.

Iman Attarzadeh and Siew Hock Ow [11] suggested that the soft computing 

approach is best for estimating software project development cost and time using 

COCOMO II. It has two input cluster from COCOMO II cost drivers, scale factors 

and one output. Three fuzzy steps are covered by this model; fuzzification process, 

inference from fuzzy rules and defuzzification process are those steps. Triangular 

membership function in fuzzy technique is used for software development cost and 

time estimation and then it’s validated with 93 software projects from NASA. Here, 

the advantages of fuzzy logic and good generalisation are obtained. 

COCOMO II model is used in most of the effort prediction purposes, h
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2.  TUNING COCOMO II WITH ANN 

COCOMO [15] model can be used to compute the amount of effort and the time 

schedule for software projects. COCOMO 81 was an unwavering model in 1980s. The 

limitation in using COCOMO 81 to the present day effort estimation is that it does not 

match with the development environment of the late 1990’s. So the COCOMO II was 

published in 1997 and was focused to solve most of the problems associated with 

recent development environment [16]. This model has three sub models, Application 

Composition Model, Early Design Model and Post-Architecture Model but they are 

different from those of COCOMO 81. 

Application Composition Model – Suitable for estimating effort and schedule 

of software projects built with modern GUI-builder tools. In this model effort was 

estimated based on Object Points. Early Design Model – Rough estimates of a 

software project's cost and schedules are calculated before determining its entire 

architecture. It uses a small set of cost drivers, and scale factors. This model is based 

on unadjusted Function Points and or lines of code. Post-Architecture Model – As the 

name suggests effort is estimated after the software architecture was well defined. It is 

a clear and detailed extension of earlier design model. This model is the flanking in 

structure and formulation to the Intermediate COCOMO ’81 and Ada COCOMO 

models. This uses Source Lines of Code (SLOC) and or Function Points. In this 

model 17 effort multipliers and 5 scale factors determines the effort and schedule of 

the software project under development [17]. Cost drivers of COCOMO II model is 

rated on a scale from Very Low to Extra High as like COCOMO 81. COCOMO II 

post architecture model is given as: 
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KSLOC is thousands of Source Lines of Code, Function Points or Object 

Points. The selection of scale factors (SF) is based on the rationale that they are a 

significant source of exponential variation on a project effort or productivity variation. 

In this work COCOMO II dataset is used for experimentation [18]. Besides, 

the datasets are publicly available online in the PROMISE repository [19]. The 

datasets used in this work are COCOMO II dataset and the new project data. There 

are 63 projects in this COCOMO II data set and are collected from a variety of 

domains including science, engineering and finance. New project data collected from 

small size software industry. 
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3.  METHODOLOGY 

Flow diagram of estimation in modified COCOMO II Model shown in 

figure 2.
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Figure 2. Flow Diagram of Estimation in Modified COCOMO II Model
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S.No Project 

ID 

ACTUAL 

EFFORT 

Estimated EFFORT 

COCOMO II Modified COCOMO II 

1 1 2040 2018 2038 

2 5 33 39 37 

3 9 423 397 424 

4 11 218 190 203 

5 26 387 391 386 

6 34 230 201 235 

7 42 45 46 44 

8 47 36 33 45 

9 50 176 193 163 

10 51 122 114 129 

11 54 20 24 21 

12 56 958 537 956 

13 61 50 47 52 

S.No Project 

ID 

%MRE of COCOMO II %MRE of Modified  

COCOMO II 

1 1 1.08 0.1 

2 5 18.18 12.12 

3 9 6.15 0.24 

4 11 12.84 6.88 

5 26 1.03 0.26 

6 34 12.61 2.17 

7 42 2.22 2.22 

8 47 8.33 25 

9 50 9.66 7.39 

10 51 6.56 5.74 

11 54 20 5 

12 56 43.95 0.21 

13 61 6 4 

MMRE 11.43 5.49 
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S.No Project 

ID 

ACTUAL 

EFFORT 

Estimated EFFORT

COCOMO II Modified COCOMO II 

1 P1 23 28 24 

2 P2 98 113 97 

3 P3 10 9 12 

4 P4 130 127 136 

5 P5 79 81 80 

6 P6 86 92 90 

7 P7 45 46 44 

S.No Project ID %MRE of COCOMO II %MRE of Modified COCOMO II 

1 P1 21.74 4.35 

2 P2 15.31 1.02 

3 P3 10 20 

4 P4 2.31 4.62 

5 P5 2.53 1.27 

6 P6 6.98 4.65 

7 P7 2.22 2.22 

MMRE 8.73 5.45 
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Figure 3. Effort of COCOMO II dataset 

 

In figure 3 the estimated and the actual efforts are plotted. It is clearly seen 

that the effort estimated using  model is closer to the actual 

effort when compared to COCOMO II model estimation. This is due to the reduction 

in redundant parameters which increases the software project effort. 

 
 

Figure 4. %MRE of COCOMO II dataset 
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The percentage magnitude of relative error for the COCOMO II model and the 

 model is given in figure 4. This %MRE representation shows 

that there is a considerable amount of reduction in estimation error. This reduction in 

%MRE proves that this  model improves the accuracy of effort 

estimation. 

 
 

Figure 5. Effort of New Project data 

 

Figure 5 depicts the pictorial representation of effort for the project data 

collected in this experiment. It is also proved that the  model 

estimated effort is very near to the actual effort. In this case seven projects are 

considered for testing and the newly collected project was not utilized for training the 

neural network. 

 
Figure 6. %MRE of New Project Data 
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MRE value is used to identify the level of improvement in estimation. The 

figure 6 represents the %MRE of new project data. In this case seven projects are re-

considered, even though %MRE of two projects are higher than COCOMO II MRE 

the mean magnitude of relative error is very less. 

 
 

Figure 7. MMRE of COCOMO II dataset and New Project data 

 

 

The main objective of the research is to improve prediction accuracy of the 

model. Figure 7 represents the mean magnitude of relative error in COCOMO II and 

the modified COCOMO II model. This graphical representation shows one third of 

improvement in effort estimation. 

 

 

5.  CONCLUSION
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