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Abstract 

This work is the result of a 6-month internship at OGMA, Indústria Aeronáutica de Portugal, S.A, with 

the purpose of developing a rotables’ inventory management system, which plays a major role in one of 

the company’s main business areas, aircraft maintenance. 

Based on the knowledge provided by the literature review and bearing the goals of the company in 

mind, it was concluded that a complete inventory management system should integrate: item 

classification, demand forecasting, inventory management and performance evaluation. Moreover, it 

should not only indicate how many spare parts must be acquired of each component, but also be able 

to help managers make decisions regarding buying or selling spare parts.  

The system was developed towards these recommendations, introducing item classification through 

the demand pattern, new demand forecasting techniques and new inventory management models, 

oriented for a multi-echelon scenario. It also includes a simulation-based inventory management model 

with the purpose of evaluating the effect of demand occurrence’s randomness in the system’s 

performance. Finally, a list of recommendations on how to use the system is provided and it is shown 

how the system can be used as a decision support tool. 

1. Introduction 

Managing the inventory of spare parts is an important task for companies across many industries. In 

particular, aircraft maintenance is one industry where these inventories have a greater impact. Airlines 

and maintenance providers use spare parts to replace the parts removed from aircrafts, relying on an 

efficient management of their stock to keep the vehicles operational. The type of components which is 

probably more difficult to manage is rotables. Considering they are repairable, rotables can be cyclically 

restored to a serviceable condition, forming a nearly closed system. As a consequence, both the repair 

time and demand forecast have to be taken into account when choosing the amount of spares that 

should be owned. Additionally, they are highly expensive, which implies large investments in order to 

achieve high levels of demand satisfaction, and their demand patterns are usually intermittent, being 

difficult to predict. 

OGMA – Indústria Aeronáutica de Portugal, S.A, performs the maintenance of a fleet of Lockheed 

Hercules C-130 aircrafts. The company operates in 2 different locations: one in Alverca, Portugal and 

another in Bricy, France, with both locations having warehouses, but only one having the capacity of 

repairing failed components. Managing the stock of rotables of these aircrafts is one of the main tasks 

required to guarantee the adequate performance of the maintenance program.  
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The purpose of this project was to develop, for OGMA, an inventory management system for the 

rotables of the aircraft Lockheed Hercules C-130. The system should be able to forecast demand, 

suggest the required amount of spare parts for each rotable and predict the corresponding service level 

for the following year. 

2. Literature Review  

The starting point for the research conducted was inventory management. However, inventory 

management is a wide field of investigation, with multiple applications on different areas. Eventually, the 

research lead to repairable items’ inventory management models and 2 additional fields of investigation: 

item classification and demand forecasting. As some authors suggest [1], these 3 components, together 

with a system’s performance evaluation, form a complete inventory management system. 

2.1. Item Classification 

Although classification of stock keeping units is commonly adopted, the methods and criteria used 

vary widely [2]. In a recent study conducted by Bacchetti and Sacani [1], which covered an extended 

analysis of 25 papers, the most popular classification criteria were parts’ cost and criticality. Other 

popular criteria were demand volume or value, supply characteristics and demand variability. Less 

popular criteria were also identified, concerning the parts’ life cycle phase, reliability and specificity.  

Given the nature of rotables, using demand variability as a classification criterion is especially 

relevant for this study. In 2005, Syntetos et al. [3] suggested a classification scheme based on the 

average inter-demand interval (𝑝) and the squared coefficient of variation of demand sizes (𝐶𝑉2). The 

average inter-demand interval is defined as the average interval between two demand occurrences, 

while the squared coefficient of variation of demand sizes equals the square of the standard deviation 

of demand divided by the demand’s mean (both ignoring periods without demand). Using 2 cut-off values 

(one for each variable), the authors divide demand into 4 categories and indicate (between the 

exponentially weighted moving average, Croston’s method and the Syntetos-Boylan approximation) the 

best forecasting method for each category. The 4 demand patterns into which items can be divided are: 

smooth, intermittent (when there are periods without demand), erratic (when demand size is highly 

variable) and lumpy (when demand is both intermittent and erratic). 

2.2. Demand Forecasting 

For this project, a particular type of forecasting methods was relevant: those applied on intermittent 

demand patterns, the typical demand pattern of spare parts, such as rotables. Intermittent demand 

forecasting as a separate branch of demand forecasting, emerged after the introduction of Croston’s 

method, in 1972. Most of the research conducted afterwards is based on his method [4]. Croston claimed 

that his method was unbiased and theoretically superior. Despite the acclaimed theoretical superiority, 

empirical evidence suggested modest performance gains and, sometimes, even losses in performance, 

comparing to simpler forecasting techniques [5]. In 2001, Syntetos and Boylan [5], investigated the 

reason why Croston’s method was not as accurate as theoretically expected and as a result discovered 

that the method was biased.  In 2005, the same authors suggested a new method (Syntetos-Boylan 

approximation), based on Croston’s, that is approximately unbiased [6]. They compared 3 forecasting 
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methods (Syntetos-Boylan approximation, exponentially weighted moving average and Croston’s 

method) on an intermittent demand context, defining regions of superior performance and then 

categorizing demand based on these regions. According to the authors, the Syntetos-Boylan 

approximation performs better for the erratic, intermittent and lumpy demand patterns, while Croston’s 

method is more adequate for smooth demand patterns. 

In 2012, Bacchetti et al. [1] pointed out that most comparative studies support the superiority of the 

Croston’s method and its variants over traditional time series methods, with the Syntetos-Boylan 

approximation being referred to as the method with the best performance. 

Other approaches have also been studied, such as neural networks, a non-linear forecasting method, 

that is based on mathematical models that try to replicate the way brains are thought to work [7], and 

bootstrapping. Recently, in 2015, Syntetos et al. [8] recognized some advantages of the bootstrapping 

approach but questioned if the considerable added complexity was worth the improvement on the 

results. 

To deal with intermittent demand patterns, Nikoloupolos et al. [4] suggested applying temporal 

aggregation, which consists of aggregating demand in lower frequency periods, reducing the number of 

zero observations. In their study, they investigated the performance of 3 forecasting methods (Croston’s 

method, Syntetos-Boylan approximation and simple exponential smoothing) with both a classical and 

aggregation approach. The authors concluded that “a simple technique such as temporal aggregation 

can be as effective as complex mathematical intermittent demand forecasting approaches” [4]. 

2.3. Repairable Items’ Inventory Management Models 

One of the most common problems in repairable item inventory management systems is where to 

allocate inventory in a multi-echelon system [9], which is typically a two-level (or higher) system where 

a number of bases in different locations are served by a central depot. The challenge is to set inventory 

levels at each base and at the depot, so that a target service level is achieved, taking into account the 

influence of demand, repair and transportation times and possibly a budget constraint [10].  

In 1968, Sherbrooke [11] presented the METRIC model, which presents itself as a technique aimed 

at dealing with the inventory management of repairable items on a multi-echelon reality. Among other 

approximations, the model assumes that: demands for an item at base are generated by a stationary 

compound Poisson process; all items can be repaired; there is no lateral resupply; successive repair 

times are independent identically distributed random variables (infinite repair capacity). 

After the introduction of the model, literature has presented several extensions and modifications 

that aim to eliminate some assumptions, bringing the original METRIC model closer to real life situations.   

Considering the purpose of including assembly/subassembly relationships, MOD-METRIC was 

presented in 1973 by Muckstadt [12], allowing for multiple levels of indenture. However, the method 

becomes increasingly complex as the number of indenture levels increases [10]. VARI-METRIC, 

introduced by Sherbrooke in 1986 [13], is another important modification presented by literature, 

combining an improvement in accuracy and including the multi-indenture levels introduced by MOD-

METRIC. Furthermore, there is a group of models that address the multi-echelon repairable item 

inventory systems when limited repair capacity is considered [10], usually based on the classical 
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machine repair queuing model. Although representing a more realistic approach than METRIC, these 

models are also considerably more difficult to solve [10] and require more information such as the 

number of repair servers and their repair rate. Other models allow lateral transshipments and models 

that include inventory holding and shortage costs on budget constraints or that allow condemnations 

can be found, too [10]. 

3. Development and Implementation 

With the concern of choosing a familiar programming platform for the company, which could allow 

further improvements, the system was developed on a Visual Basic for Applications (VBA) environment, 

with a total of 17 macros developed.  All the macros perform, sequentially, the calculations for each item 

and the final output is a spreadsheet with the results for all items. The macros are divided through six 

major groups: 

 

Figure 1: System’s main procedures 

3.1. Data gathering 

The macros developed for this part of the system gathered important data from different documents 

and read the demand record of each rotable, aggregating this demand into one-year periods. The last 

task was to group all data mentioned earlier by the ATA 100 codes, gathering stock and demand records 

of alternative components, which resulted in a total of 636 items. 

3.2. Item Classification 

The classification performed was the one suggested by Syntetos et al. [3]. The average inter-demand 

interval and the squared coefficient of demand variation were calculated for both demand records of 

each item and, based on that, the demand was either classified as smooth, intermittent, erratic or lumpy. 

3.3. Demand Forecast 

For this part of the system, conclusions drawn from the study conducted by Syntetos et al. [3] were 

used, implementing the Croston’s and Syntetos-Boylan approximation methods. Additionally, in order to 

allow forecasting data with trends, Holt’s linear method was also implemented. For these methods, 11 

values of each smoothing constant were tested (0.0-1.0) in order to determine the values that minimize 

the MSE. Furthermore, the 2 methods that were already being used by the company were also 

implemented in this system: a forecast based on the expected flying hours, using the MTBF, and a 

forecast using the simple average method. For all methods, the MSE, MAE and MAPE were calculated. 

1) Data Gathering
2) Item 

Classification
3) Demand 
Forecast

4) Theoretical 
Stock 

Recommendations

5) Performance 
Evaluation 
Through 

Simulations

6) Stock 
Recommendations 

Through 
Simulations



 

    5 
 

3.4. Inventory Management Models 

Given the constraints associated with the data available, the only methods that could be implemented 

were the METRIC and VARI-METRIC. To implement them, the company’s two location business layout 

was adapted to the multi-echelon problem by considering 2 bases, 1 at each location (both without repair 

capacity but with a warehouse), and a depot, situated on location A (with repair capacity and a 

warehouse). Additionally, a Poisson model similar to the one the company original used but adapted to 

the multi-location reality was also implemented. 

Both METRIC and VARI-METRIC suggest using a marginal analysis approach, however, an 

alternative approach was developed. Instead of having a limited budget, and choosing the most cost 

efficient way of reducing backorders (marginal analysis), the objective of this algorithm was to achieve 

a target service level for each component, with the minimum amount of spares possible (and 

consequently, with the minimum costs associated). The main reason to develop this approach was the 

fact that the price of each item was not available. In order to use such an approach, an algorithm that 

calculates all the possible stock distributions across 3 locations was developed. For a given total quantity 

of stock, the algorithm developed creates vectors, each one representing a possible distribution of 

components in the multi-echelon system. With the combination of stock, the turn-around time, 

transportation time and demand forecast, the METRIC’s and VARI-METRIC’s service level can be 

calculated. For each total quantity of stock, the algorithm finds the distribution which achieves the 

highest service level. 

3.5. Simulation 

To evaluate the effect of randomness in the demand occurrence, an algorithm that distributes 

demand randomly and simulates the inventory movements throughout a year was developed. Two types 

of simulation-based macros/programs were developed, both with different purposes: one to confirm if 

the theoretical service level is achieved for both current and recommended stocks (step 5 in figure 1); 

the other to suggest a stock quantity for which the simulation’s average service level is at least equal to 

the target service level (step 6 in figure 1). Both types of programs read the stock distribution suggested 

by the theoretical models for either the current of recommended stock, and simulate the behavior of the 

system throughout a year, repeating the simulation 20 times. Then the simulations’ average, lowest and 

highest service level (SASL, SLSL, SHSL) and minimum, average and maximum number of 

cannibalizations are written in the spreadsheet. The second type of programs checks if the SASL of the 

recommended stock by METRIC/VARI-METRIC reaches the target service level. If it does not, the 

recommended quantity is increased, the best distribution is found using the METRIC model and then 

the simulations are performed. This is repeated until the SASL reaches the target service level. 

4. System’s Evaluation 

Upon the development of the system, the next step was to assess its performance. To do that, each 

block (namely the item classification, demand forecasting, inventory sizing/distribution and performance 

evaluation by simulation) had to be evaluated separately. Throughout this chapter, the word “item” will 

be used referring to one of the ATA 100 groups or rotables (in the event that they do not have an ATA 
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100 code associated). In total 636 items were considered, corresponding to the aggregation of 912 part 

numbers into ATA groups. 

4.1. Item Classification 

The first information provided by the system was the items’ demand classification. Each item has two 

distinct demand records: one from location A and another from location B. This results in a total of 1,272 

demand records, corresponding to 636 items. Having used the demand records from 2012 until 2015, 

the results indicated that 36% of the patterns were intermittent, followed by the smooth (14.6%), lumpy 

(3.9%) and erratic (3.8%) categories. The results also indicated that a large portion of the records 

(41.7%) falls into the “no demand” category, which means many items had no consumptions in one of 

the locations in the last four years. However, it is more important to ascertain how many items had no 

consumptions on both locations for the past 4 years, considering that these situations may indicate items 

whose consumption no longer occur and where holding stock is not justified. It was verified that, out of 

the 636 items, 207 (32.5%) did not have any demand occurrence on both locations for the past 4 years. 

4.2. Demand Forecast 

Regarding demand forecasting, 2 types of analyses were performed. For the first analysis, the 

statistical measures used were the MSE, MAE and MAPE, which compared the demand observations 

with the forecasts, calculating a specific type of error (squared, absolute or absolute percentage), for 

the years that have already passed. The MSE was used to select the smoothing constants on Croston’s, 

Syntetos-Boylan approximation and Holt’s linear method, while the MAE and MAPE were used to 

compare the performance of the forecasting methods. The items from the “no demand” pattern were 

excluded from this analysis because its MAE and MAPE are always zero, which would have misled the 

overall results by suggesting better results that those actually achieved. Table 1 compares the 

performance of the 3 forecasting methods used across all demand patterns. 

Table 1: Average MAE and MAPE for the different methods 

Demand 

Pattern 

Croston’s/SBA Simple Average Holt’s linear method 

MAE MAPE MAE MAPE MAE MAPE 

Smooth 2.65 55.7% 3.10 68.0% 2.32 48.2% 

Erratic 2.33 74.5% 4.31 208.6% 2.20 112.4% 

Intermittent 1.05 67.6% 1.25 70.0% 0.71 31.4% 

Lumpy 1.57 88.4% 2.92 142.3% 1.06 47.6% 

Overall 1.57 66.5% 2.03 83.0% 1.24 42.0% 

 

The results indicate that the Holt’s linear method has the lowest average MAE and MAPE, with a 

significant difference from the other two methods. This method performs better for the smooth, 

intermittent and lumpy demand patterns, for which the average MAPE is 48.2%, 31.4% and 47.6%, 
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respectively. On the other hand, the Croston’s/SBA method performs better for the erratic pattern, with 

the average MAPE equal to 74.5%. For both the Holt’s linear and simple average methods, the erratic 

pattern is the one associated with the highest MAPE, 208.6% and 112.4%, respectively. These are all 

substantial percentage errors, that can be justified by the fact that most components have irregular 

demand patterns, and by the fact that many items have few consumptions and, consequently, small 

absolute errors (close to one unit) translate into large percentage errors. Furthermore, it is important to 

note that percentage errors and absolute errors might not always be proportional, considering that when 

the forecast is greater than zero and the observed demand is zero, the percentage error is considered 

to be 100%. 

To assess the actual performance of the methods, a second analysis was performed: the demand 

record for 2015 was ignored and a forecast for 2015 was calculated, solely using demand from 2012 

until 2014. Then, the forecast was compared with the real demand from 2015, and the AE and APE were 

calculated for each item. Similarly to the first analysis, the items from the “no demand” pattern were 

excluded, for the same reasoning. On the other hand, the AE and APE analysis was not performed for 

the Holt’s linear method: due to its initialization process, this method’s first 2 forecasts (for 2013 and 

2014) are the same for all the combinations of the smoothing constants. Because of that, it is impossible 

for the program to select the ‘best’ combination and use it for 2015. However, given its MAE and MAPE 

results, it would be very interesting to perform this analysis for the Holt’s linear method in 2016. 

Table 2: Average AE and APE in 2015 

Demand 

Pattern 

Croston’s/SBA Simple Average 

AE APE AE APE 

Smooth 2.72 78.3% 2.7 80.5% 

Erratic 2.62 58.2% 3.1 132.1% 

Intermittent 1.09 74.0% 0.9 57.0% 

Lumpy 1.75 75.0% 2.0 67.0% 

Overall 1.71 74.0% 1.7 70.5% 

 

Table 2 shows that both methods compared have a similar overall performance, with a small 

advantage for the simple average method, especially for the APE. Their performance is similar for the 

smooth category but it differs for the other categories, especially for the erratic, where the Croston’s/SBA 

method is much superior. 

4.3. Inventory Management Models and Simulation 

On this subsection, the performance of the different inventory management models tested (Poisson, 

METRIC, VARI-METRIC and simulation-based) is evaluated. Considering that the goal was to analyze 

separately each component of the inventory management system, the forecasts from the previous 

subsection were not used. Instead, the actual demand from 2015 was used as an input for the inventory 

management models. Throughout this subsection, all the average service levels presented in tables 
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correspond to averages from the 636 items considered, excluding the items from the “no demand” 

category.  

First it was important to understand how the system should perform with the current stock owned by 

the company. A total of 1,632 spare parts are owned by it and they are divided across 912 part numbers. 

For all the 3 theoretical inventory management models, the best service level expected to achieve was 

very similar, around 80%, while the simulation model indicated 75% for all of them. Therefore, it should 

be expected the actual average service level to be slightly lower than the one predicted by these models. 

The next step was to evaluate how many spare parts were recommended and the corresponding 

predictions of service levels, for each method. In table 3, the total recommended stock represents the 

sum of spare parts that each item should have (including the items from the “no demand” category). 

Table 3: Theoretical stock recommendations, against simulation’s results 

Method 
Total Recommended 

Stock 

Average Theoretical 

Service Level 
Average SASL 

Poisson 987 98.0% 95.5% 

METRIC 838 98.0% 89.9% 

VARI-METRIC 913 97.4% 92.0% 

Simulation 1185 - 98.1% 

 

The Poisson model is the one which requires the largest quantity of spare parts. Comparing to the 

METRIC model, it suggests a quantity of stock nearly 18% greater, which would represent a significant 

investment, while predicting the same service level. The recommended stock by the VARI-METRIC 

model is between the other 2 methods, which was expected since, as noted on the literature review, the 

METRIC model underestimates the number of backorders, thus overestimating the service level 

achieved for a given number of spare parts. From table 3, we can infer that all models perform worse 

than theoretically expected. Both METRIC and VARI-METRIC fail to reach an average SASL equal to 

the target service level (95%), while the stock recommended by the Poisson model is capable of 

reaching it.  

The quantity recommend through the simulation is even larger than the one recommended by the 

Poisson model, but the average SASL is also higher. However, all these results can be deceitful: 

although most of the items reach a SASL very close to 100% with all models, a few items do not. For 

instances, METRIC’s lowest SASL is near 50%, which is the result of 20 service levels varying between 

30% and 60%. This means that this item’s stock is expected to fulfil only half of its the demand. 

Considering the fact that these low values of the SASL are associated with high demand items, this 

means that even with an average SASL near 95%, the total number of cannibalizations (across all items) 

could still be substantial. 

Comparing the results from this table with the quantity of stock currently owned (1,632 units), an 

important conclusion that can be drawn is that the current number of spares owned is higher than the 

one recommended. However, this does not mean that the company has more stock than it should, rather 

that it has excess of stock for certain items and lack of stock for others. In fact, from the 207 items with 
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no demand for the past years, only 104 had no current stock associated, with the remaining 103 having 

176 spares associated.  

4.4. Decision Support Tools 

To aid managers deciding if spares for a given item should be bought or sold, parametric studies 

could be made, to take into account the impact of the uncertainty in the forecasts and repair turn-around 

times (TAT) on the quantities of stock recommended, with the different methods. Similar analyses can 

be performed but considering all items simultaneously, such as calculating the total recommended stock 

for each method using different target service levels. This last example is presented in figure 2.  

 

Figure 2: Total required stock per target service level 

5. Conclusion 

The main objective of this project was to develop a rotables’ inventory management system that 

combined the company’s requirements with the theoretical recommendations from literature. Two 

important conclusions were drawn from literature. The first was that a complete inventory management 

system should have 4 components: item classification, demand forecasting, inventory management and 

performance evaluation. Comparing to the company’s previous rotables’ inventory management system, 

both the item classification and performance evaluation through simulation are new features, while new 

methods were introduced in the other 2 areas and their performances analyzed. 

The second was that it was necessary to develop decision support systems and to strengthen the 

tie-in of repairable inventory models to service levels. The implementation of the inventory management 

models used was slightly changed to orientate results through the items’ service levels and it was shown 

how the system can be used as a decision support tool.  

Finally, the system developed represents the first step towards an efficient rotables’ stock 

management system. Therefore, continuing the development of each component of the system (item 

classification, demand forecasting, inventory model and simulation) is strongly advised. As a future line 

of work, implementing item classification through demand volume and/or criticality, testing more 

forecasting methods (such as the Holt-Winters’ method), and trying to include both the variation of the 
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number of workers throughout the year and effects of queuing in the inventory management and 

simulation models, is suggested. 

6. References 

[1] Bacchetti, A. and Saccani, N. Spare parts classification and demand forecasting for stock 

control: Investigating the gap between research and practice, Omega, 2012, Vol. 40(6), pp. 722-737. 

[2] Syntetos, A. and Boylan, J. Forecasting for Inventory Management of Service Parts, Springer, 

2008. 

[3] Syntetos, A., Boylan, J. and Croston, J. On the categorization of demand patterns, Journal of 

the Operational Research Society, 2005, Vol. 56(5), pp. 495-503. 

[4] Nikolopoulos, K., Ali, M. M. and Babai, M. Z. Impact of temporal aggregation on stock control 

performance of intermittent demand estimators: Empirical analysis, Omega, 2012, Vol. 40(6), pp. 713-

721. 

[5] Syntetos, A. and Boylan, J. On the bias of intermittent demand estimates, International Journal 

Production Economics, 2001, Vol. 71(2), pp. 457-466. 

[6] Syntetos, A. and Boylan, J.. The accuracy of intermittent demand estimates, International 

Journal of Forecasting, 2005, Vol. 21(2), pp. 303-314. 

[7] Makridakis, Spyros, Wheelright, Steven C. and Hyndman, Rob J. Forecasting Methods and 

Applications, John Wiley & Sons, 1998. 

[8] Syntetos, A., Babai, M. Z. and Gardner, E. S. Forecasting intermittent inventory demands: 

simple parametric methods vs bootstrapping, Journal of Business Research, 2015, Vol. 68(8), pp. 1746-

1752. 

[9] Kenedy, W. J., Wayne Patterson, J. and Fredendall, L. D. An overview of recent literature on 

spare parts inventories, International Journal of Production Economics, 2002, Vol. 76(2), pp. 201-215. 

[10] Guide Jr, V.D.R. and Srivastava, R. Repairable inventory theory: Models and applications. s.l. : 

European Journal of Operational Research, 1997, Vol. 102(1), pp. 1-20. 

[11] Sherbrook, C. C. METRIC: A Multi-echelon Technique for Recoverable Item Control, 1968. 

[12] Muckstadt, John A. A model for a multi-item, multi-echelon, multi-indenture inventory system, 

Management Science, 1973, Vol. 20(4), pp. 472-482. 

[13] Sherbrook, C. C. VARI-METRIC: Improved Approximations for Multi-Indenture, Multi-Echelon 

Availability Models, Operations Research, 1986, Vol. 34(2), pp. 311-319. 

 


