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This paper develops a model to evaluate potential malfunctions of an airport, through the definition of proactive performance 
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allows us to predict how probable is for the system to enter a degraded state. The methodology is validated through a case study at 
Madrid Airport (LEMD): a collection of nearly 34,000 aircraft turnarounds is used to statistically determine the system operational 
characteristics. The main contribution of this paper is to provide a mechanism to monitor and forecast the system’s state, as a way 
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1. Introduction and problem statement 

An efficient management of airport related operations is a key element when assessing the air transport system 
performance (Wu, 2012). Mutual interdependencies between airports result in system-wide effects for the air traffic 
network (Pyrgiotis et al., 2013). Therefore, a change to an air-to-air perspective is necessary, with a specific focus on 
the aircraft ground operations as major driver for airline operational efficiency. In fact, airport operations (including 
Air Traffic Flow and Capacity Management -ATFCM- associated issues) were the second highest cause in the share 
of primary delays (initial delays that are not inherited from the aircraft previous leg operation) (EUROCONTROL, 
2017). Currently, wider boundaries are given to the turnaround operational scope: it encompasses the processes 
occurring at the airport’s Extended Terminal Maneuvering Area (E-TMA) (Rodríguez-Sanz et al., 2018). The concept 
of Airport Transit View (ATV) describes the “visit” of an aircraft to the airport and connects inbound and outbound 
flights (SESAR, 2014). It is divided into three sections: the final approach and inbound ground section of the arrival 
flight, the turnaround process section in which the inbound and the outbound flights are linked and the outbound 
ground section and the initial climb segment of the departure flight. Reliability engineering is the discipline devoted 
to ensure that a system will be reliable when operated under certain conditions (Lisnianski and Levitin, 2003). Through 
Multi-State Systems (MSS) reliability models, such as Markov-chains, more realistic and more precise representation 
of engineering systems are provided (Levitin and Xing, 2017). However, they are much more complex and present 
major difficulties in system definition and performance evaluation (Gu and Li, 2012). For this study, we have used 
information about nearly 34,000 airport transit view operations at Adolfo Suárez Madrid Barajas Airport (LEMD) 
during the months of July and August of 2016. All the information related with the operations at the airport is divided 
into four blocks: delay, capacity, environment and complexity. Then, we propose a Markov chain model that 
represents the global state of the airport with respect to the four blocks. Finally, we study some reliability 
functionalities and performance indicators of Markov-chains to model the system potential degradation and predict 
its behavior. The main contribution of this paper is to apply the MSS theory to the ATV, including the study of 
reliability features of Markov-chains. These features determine the status of the system and, through the predictive 
applications of the proposed model, allow us to forecast the behavior of the system for the next operations. 

2. Materials and methods 

Traditionally, systems have been modelled in a binary way, thus each element has only two possible states: perfect 
functioning or complete failure (Lisnianski and Levitin, 2003). However, the majority of real systems can be in more 
than two states. The so-called Multi-State Systems (MSS) are the systems that present a finite number of states. 
Usually, a multi-state system is composed of elements that can also be in different states (Lisnianski et al., 2010). If a 
multi-state system is composed of n elements, its performance level is determined in an unambiguous way by the 
performance levels of the elements that constitute it. At each moment, the system elements have a level of performance 
that corresponds to their current state. The status of the entire system is determined by the states of its elements. 
Therefore, the definition of a multi-state model must include the stochastic process performance for each element of 
the system 𝑖𝑖: Gi(t)(𝑖𝑖 = 1, …𝑛𝑛) and the structure of system operation that causes the stochastic process corresponding to 
the output of the entire multi-state system: 𝐺𝐺(𝑡𝑡) = 𝜑𝜑(𝐺𝐺𝑖𝑖 (𝑡𝑡), … ,𝐺𝐺𝑛𝑛 (𝑡𝑡)). 

Markov-chains are a special type of discrete stochastic process in which the probability of an event only depends 
of the previous state of the system. This type of systems are memoryless thus satisfy the Markov property (Lisnianski 
et al., 2010). The probability of transition between state 𝑋𝑋𝑛𝑛−1 = 𝑖𝑖 and 𝑋𝑋𝑛𝑛 = 𝑗𝑗 is given by 𝛾𝛾𝑖𝑖,𝑗𝑗, where 𝑛𝑛 is the number 
of transitions. The matrix 𝑷𝑷 collectively represents these transition probabilities (Sigman and Notes, 2009). 

The vector 𝜋𝜋𝑛𝑛𝑇𝑇  defines the probability of finding the system in a specific state on the 𝑛𝑛 -th transition. The 
probabilities of the state for each transition are determined iteratively multiplying the state vector by the transition 
matrix. The stationary distribution 𝜋𝜋 (steady state or long-term,𝑛𝑛 → ∞), does not change over time; i.e.: 

 𝜋𝜋 = 𝜋𝜋𝑷𝑷  𝑤𝑤𝑖𝑖𝑡𝑡ℎ 𝑷𝑷 = ( 

𝛾𝛾1,1 𝛾𝛾1,2 ⋯ 𝛾𝛾1,𝑘𝑘
𝛾𝛾2,1 𝛾𝛾2,2 ⋯ 𝛾𝛾2,𝑘𝑘
⋮ ⋮ ⋯ ⋮

𝛾𝛾𝑘𝑘,1 𝛾𝛾𝑘𝑘,2 ⋯ 𝛾𝛾𝑘𝑘,𝑘𝑘

)  (1) 
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3. Results 

3.1.  State vector and blocks definition 

To simplify the analysis, the airport model is divided into four blocks: delay, capacity, environment and complexity. 
A number of parameters or elements, which have different performance rates, defines each block. To avoid an 
excessive number of states that will complicate the main model definition, the state of each block is defined in a 
conservative way, i.e., the state of the delay block will be assessed by the most adverse state of the parameters of the 
block. Once the blocks are defined, the main model states are determined as the number blocks that have failed. 

3.1.1. Capacity and complexity 
The block of capacity relates the number of operations taking place during an hour to the airport capacity. It has 

two indicators: adaptation and relation. The metric ‘adaptation’ describes the relationship between the total number 
of operations (arrivals and departures) of each hour and the declared capacity of the airport. The runway “declared” 
(or practical) capacity is the maximum number of aircraft operations during a given period of time (i.e., one hour), 
when the average delay imposed on each aircraft movement does not exceed a tolerable level prescribed in advance 
(Horonjeff et al., 2010). The metric ‘relation’ connects the number of departures with the number of arrivals. It is 
calculated as the division of the number of departures by the number of arrivals. This block helps us to understand the 
overall situation of the airport; i.e., its level of workload. Table 1.illustrates the states the three possible states of the 
parameters. 

The objective of the complexity block is to consider the complexity of airport operations. Complexity can be 
represented by parameters such as meteorological conditions or runway configuration. In our case of study, the 
database has information about operations that were registered in the months of July and August, thus some 
meteorological conditions (visibility, amount of clouds) are always in excellent conditions and do not provide any 
relevant information about how meteorological variables affect the airport operational complexity. Future works will 
be oriented to improve this limitation. The states for the complexity block are summarized in Table 2. 

Table 1: Capacity block state intervals. Table 2: Complexity block states intervals. 

 Adaptation Relation 

Target value 80% < x < 100% 0.1 < x < 1.1 

Correct value x ≤ 80% 0.2<x≤0.1 or 1.1≤x<2.2 

Incorrect values x ≥ 100% Other values 
 

 Runway configuration Wind 

Normal 
operation 

North (the airport’s preferential 
configuration)  

Head 

Complex 
operation 

South Cross or 
tail 

 

3.1.2. Delay and environment 
The delay block is defined by two parameters: off-block time delay to represent the punctuality in departures and 

in-block time delay to represent punctuality in arrivals. The off-block time delay is the difference between the 
scheduled off-block time (SOBT) and the actual off-block time (AOBT) (EUROCONTROL et al., 2012). The in-
block time is the difference between the scheduled in-block time (SIBT) and the actual in-block time (AIBT) 
(EUROCONTROL et al., 2012). The three possible states of the parameters of the delay block are illustrated in Table 
3. As mentioned before, delay refers to the time difference between the actual time and the schedule time of a 
timestamp or process. Therefore, delays can be positive or negative, meaning early departure or early arrival of a 
flight. “Negative” delays (early arrivals) occur when the schedule is running close to plans and can cause issues for 
airport operations; e.g., disrupting the sequencing of flights and the allocation of resources (gates, handling 
equipment), especially during peak hours at busy airports (Wu, 2012). “Positive” flight delays often cause significant 
problems for all the involved stakeholders; e.g., they affect operational and financial performance of airports and 
airlines, schedule adherence and use of resources, passenger experience and satisfaction, and system reliability 
(Belobaba et al., 2015; Wu, 2012). Delay thresholds are defined according to operational targets: the ±3 minutes 
threshold for punctuality set by SESAR’s (target state) (Single European Sky ATM Research) performance metrics 
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(Cook et al., 2013) and the 15 minutes threshold for defining delay (correct state) that has historically been common 
to both Europe and the US (Jetzki, 2009). 

Table 3: Delay and environment blocks states intervals. 

 Target time Correct time Incorrect time 

Thresholds -3 min < d < 3 min -15 min < d ≤ -3 min or 3 min ≤ d < 15 min d ≤ -15min or d ≥ 15 min 

The environment block aims to include the metrics that reflect the emissions of particulates and gases (CO2, water 
vapor, hydrocarbons, carbon monoxide, nitrogen oxides, sulfur oxides, lead and black carbon) nearby and within the 
airport infrastructure. It can be represented by the extra time in the aircraft processes related to approach and on-
ground operations. That is why this block is modelled by the additional taxi-in time, the additional taxi-out time, the 
additional Arrival Sequencing and Metering Area (ASMA) 40 NM time and the additional ASMA 60 NM time. The 
ASMA is defined as a virtual cylinder with a 40 NM or 60 NM radius around the airport (SESAR, 2014). One of the 
appraised timestamps in airport operations is the additional time the flight spends in ASMA 60 NM. This time is 
calculated as the difference between the actual time the aircraft needed to pass through this volume of airspace and 
the ideal time it should have needed, depending on the space congestion situation at that time. Therefore, the additional 
ASMA time is an indicator for the average arrival runway queuing time on the inbound traffic flow, during congestion 
periods at airports (SESAR, 2014). Just as the additional ASMA 60 NM time was defined for a 60 NM radius cylinder, 
a similar indicator can defined for the next volume of airspace the aircraft goes through, which is the ASMA 40 NM. 

For our case study is particularly important to study both ASMA 40 NM and ASMA 60 NM additional times. This 
is due to the fact that holdings at Adolfo Suarez Madrid-Barajas (LEMD) are located beyond a radius of 40 NM, as 
depicted in Fig. 1. 

 

Fig. 1: ASMA 40 NM and ASMA 60 NM for Adolfo Suarez Madrid Barajas-Airport (LEMD). 

Additional taxi-in time is the difference between an estimated time to perform taxi-in procedures (depending on 
the stand and the runway in use) and the actual process duration. Therefore, ‘additional taxi-in time’ will collect the 
inefficiencies in the airport taxiways due to traffic congestion or potential incidents. Conversely, taxi-in procedures 
could be carried out in a shorter time than expected (during periods of low inflow traffic), with the operation being 
able to absorb delays generated in other processes. The additional taxi-out time is appraised likewise. Note that 
unimpeded taxi times can only be as short as the physics of the process allows but can grow large in the event of a 
slow taxi operation (Simaiakis and Balakrishnan, 2015). The environment block states are defined in the same way as 
the delay block states (Table 3).  
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3.1.3. Global model states 
When the contributions of the components to the cumulative system performance rate are different, the number of 

possible MSS states grows significantly; i.e., different combinations of k available units can provide a large number 
of performance rates for the entire system (Lisnianski et al., 2010). This is the reason why the global model only 
considers total failures of the blocks regardless of which block has failed. Otherwise, the number of global states 
would be unmanageable in practical applications. Therefore, in our study, the number of blocks that have failed 
measures the global performance of the system; i.e., the global model has a total of five possible states (𝐺𝐺1,𝐺𝐺2,𝐺𝐺3,𝐺𝐺4 
and 𝐺𝐺5) according to the number of failed blocks. The performance rate of each state is defined as the relative number 
of blocks that have failed. That way 𝐺𝐺1 has a performance rate of 100%, 𝐺𝐺2 of 75%, 𝐺𝐺3 of 50%, 𝐺𝐺4 of 25% and 𝐺𝐺5 of 
0%. 

3.2. Markov Chain 

Once the system’s states are established, the next step is to obtain the transition matrix of the model. A Matlab © 
program (MathWorks, 2017) is implemented using the data for the almost 34,000 airport transit views at Adolfo 
Suarez Madrid-Barajas Airport (LEMD). This program calculates the probability of transitioning from one state to 
another from real operations. Once the transition matrices are obtained, the steady state can be appraised by solving 
Eq. 2 and knowing that the sum of the components of state vector 𝜋𝜋 must be equal to one. 

For the model construction and testing, data is divided into two partial datasets. The first one is used to train and 
validate the model, with 80% of the total number of observations (building and cross-validation sample); while the 
remaining 20% (test sample) is used to test the generalization of the model. Therefore, the process is as follows: 

1) Randomly split the initial dataset into construction/building and testing sets: 80% construction and 20% test. 
2) Perform cross-validation on the construction set to fit the model (k-fold with k=10) (Larose, 2005). 
3) Test if results are generalizable, using a test set, which is completely separated from model development. 

Both the train and the error scores presents an average value of 10%, i.e., our model predicts new observations as well 
as it fits the original dataset. Therefore, we are not overfitting the model and results can be generalizable. 

Table 4: Global transition matrix. 

 𝑮𝑮𝟏𝟏 𝑮𝑮𝟐𝟐 𝑮𝑮𝟑𝟑 𝑮𝑮𝟒𝟒 𝑮𝑮𝟓𝟓 

𝑮𝑮𝟏𝟏 0,483 0,439 0,074 0,004 0,000 

𝑮𝑮𝟐𝟐 0,081 0,491 0,389 0,038 0,001 

𝑮𝑮𝟑𝟑 0,006 0,192 0,514 0,280 0,008 

𝑮𝑮𝟒𝟒 0,001 0,033 0,489 0,457 0,020 

𝑮𝑮𝟓𝟓 0,000 0,022 0,351 0,470 0,157 

The transition matrix among the five states of the global model is presented in Table 4. The transition matrix shows 
that total failures do not last long. The probability of being in state 𝐺𝐺5 (total failure) and staying in that same state is 
only 15.7%, which means that the system is not supposed to stay in that state for a large number of operations. It is 
more probable that the system transitions to state 𝐺𝐺4 through a partial repair. Moreover, the system tends to stay in the 
same state or suffer partial repairs or failures. This can be appraised by analyzing the diagonal of the matrix, which is 
the most likely set of transition probabilities, except for the case in which the system is in state 𝐺𝐺5 (as mentioned 
before, when it tends to move to state 𝐺𝐺4). Furthermore, total recoveries and total failures are not possible, the 
probability that the system is in state 𝐺𝐺5 for operation 𝑛𝑛 and in state 𝐺𝐺1 for operation 𝑛𝑛 + 1 is zero. The system neither 
can go from state 𝐺𝐺1 (perfect functioning) to state 𝐺𝐺5 (total failure) in just one-step.  

The system’s Markov-chain is ergodic, thus it has a unique stationary distribution (Roger A. Horn and Johnson, 
2002). When the system reaches the stationary distribution, the more probable state is 𝐺𝐺3(45.94%), this means that 
the system is working with a 50% performance rate or that is working with two failed blocks. Perfect functioning and 
total failure are very unlikely to happen (4% and 1 % respectively). 
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3.3. Functionalities 

To study the system’s performance, three main indicators are evaluated: mean instantaneous performance, mean 
instantaneous deficiency and mean instantaneous availability. After that, three scenarios are presented: the first one 
studies the evolution of the system when the initial state is the perfect functioning (𝐺𝐺1), the second one studies the 
evolution of the system when it starts from total failure (𝐺𝐺5) and for the third one, the system starts in an intermediate 
state (𝐺𝐺3), which is the most probable. 

To characterize the average MSS output performance, we can use the performance expectation. The mean value of 
MSS instantaneous output performance at operation 𝑛𝑛 (En) is defined as (Lisnianski and Levitin, 2003): 

𝐸𝐸𝑛𝑛 = ∑ 𝑔𝑔𝑘𝑘𝑝𝑝𝑘𝑘(𝑛𝑛)𝑁𝑁
𝑘𝑘=1   (2) 

Where 𝑁𝑁 is the total number of states, 𝑔𝑔𝑘𝑘  is the performance rate associated with state 𝑘𝑘  and 𝑝𝑝𝑘𝑘(𝑛𝑛)  is the 
probability that the system is in state 𝑘𝑘 at operation 𝑛𝑛. 

The mean instantaneous deficiency or deviation (Dn ) is defined as a weighted average between the system 
probability to be found in each state and the service levels associated to these states. A weighted average of the value 
of a random variable where the probability function provides weights can be understood as the expected value 
(Lisnianski and Levitin, 2003). In case the difference is negative, the average is weighted with a zero. That is because 
in those cases the system is meeting the expected demand and the aim of the index is to assess the cases when the 
system is not fulfilling the demand.  

𝐷𝐷𝑛𝑛 = ∑ 𝑝𝑝𝑖𝑖(𝑛𝑛)𝑚𝑚𝑚𝑚𝑚𝑚(𝑤𝑤 − 𝑔𝑔𝑖𝑖; 0)𝑁𝑁
𝑖𝑖=1   (3) 

Where 𝑝𝑝𝑖𝑖(𝑛𝑛) is the probability that the system is in state 𝑖𝑖 at 𝑛𝑛-th operation, 𝑤𝑤 is the expected demand and 𝑔𝑔𝑖𝑖 is the 
level of performance associated to state 𝑖𝑖. 

Another parameter to evaluate the performance of the system is the mean instantaneous availability (An). It is 
defined as the sum of the probabilities of the acceptable states (Lisnianski and Levitin, 2003): 

𝐴𝐴𝑛𝑛 = ∑ 𝑝𝑝𝑖𝑖(𝑛𝑛)𝐾𝐾
𝑖𝑖=1   (4) 

Where 𝐾𝐾 is the number of acceptable states and 𝑝𝑝𝑖𝑖(𝑛𝑛) is the probability that the system is in state 𝑖𝑖 at operation 𝑛𝑛. 
First, it is necessary to establish the number of acceptable states and the expected level of demand. This study 

contemplates that an acceptable situation for the airport system includes the states 𝐺𝐺1, 𝐺𝐺2 and 𝐺𝐺3. The expected level 
of demand (𝑤𝑤) is at least 50%. 

For the stationary distribution, the mean instantaneous availability is 72.65%, the mean instantaneous deficiency 
is 7.1087 and the mean instantaneous performance is 50.59%. Fig. 2 (a), (b) and (c) show the evolution of the three 
performance indicators when the system starts at state 𝐺𝐺1, with initial state vector 𝑝𝑝0 = [1 0 0 0 0]. The system is 
initially functioning perfectly (𝐸𝐸𝑛𝑛 = 100%,𝐷𝐷𝑛𝑛 = 0 and 𝐴𝐴𝑛𝑛 = 100%). The system’s performance is degraded until it 
reaches the stationary distribution. The number of steps spent by the system to reach the stationary distribution is 20 
operations (with an error of the estimation of 0.1010%). 

The second studied case is completely opposite of the previous one. The system is initially in complete failure 
(𝐺𝐺5,𝑝𝑝0 = [0 0 0 0 1]) and improves its performance rate by reaching the stationary distribution in 17 operations (with 
a maximum error of the estimation of 0.1403%). Fig. 2 (d), (e) and (f) represent this evolution, which is faster than 
the case before; i.e. the system recovers itself faster than it evolves towards a degraded state. 

To study the system evolution from a non-extreme initial situation (total failure or perfect functioning), a third case 
is appraised in which the system is initially in the most probable state (𝐺𝐺3). The initial state vector is 𝑝𝑝0 = [0 0 1 0 0] 
and the system takes 15 operations to reach the stationary distribution (with a maximum error in the estimation of 
0.1060%). Now the system requires less time to reach the stationary distribution (only 15 steps) because the initial 
state vector is similar to the stationary state vector. Fig. 2 (g), (h) and (i) describe the temporary evolution of the three 
performance indicators for the third case. The evolution can be divided into two stages. In the first one, the system 
suffers a degradation, arriving at a minimum of mean instantaneous performance (47.6896%) in 2 steps, a minimum 
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of mean instantaneous availability (70.57%) in 3 steps and a maximum of mean instantaneous deficiency (7.6340) in 
3 steps. Then, the system recovers itself in the second stage of the evolution, arriving at the stationary distribution in 
15 steps. 

(a) (b) (c) 

(d) (e) (f) 

(g) (h) (i) 

Fig. 2: Performance indicators: (a) Mean instantaneous availability for case 1, (b) Mean instantaneous deficiency for case 1, (c) Mean 
instantaneous performance for case 1, (d) Mean instantaneous availability for case 2, (e) Mean instantaneous deficiency for case 2, (f) Mean 
instantaneous performance for case 2, (g) Mean instantaneous availability for case 3, (h) Mean instantaneous deficiency for case 3, (i) Mean 

instantaneous performance for case 3. 

4. Conclusion 

This paper develops a reliability analysis of the airport transit view process. In this analysis, we use a multi-state 
system approach, through a Markov-Chain model. Four main elements of the system are used to appraise its evolution: 
delay, capacity, environment and complexity. From these partial elements, we evaluate the failure behavior of the 
system. The model application to a case of study of nearly 34,000 operations shows that the airport system tends to a 
stationary distribution for a sufficient number of operations. In this stationary distribution, the most probable state is 
the one with a performance rate of 50%, which is equivalent to the system being working with two failed blocks.  

The analysis of the values obtained for the performance indicators (mean instantaneous performance, mean 
instantaneous availability and mean instantaneous deficiency) allows us to represent the current behavior of the 
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system’s dynamics. Moreover, we can obtain a prediction of its most likely evolution through the Markov-chain 
functionalities. Three cases were evaluated to understand the system behavior, with the system starting in different 
initial states: total failure, perfect functioning and the most probable state. These three situations show a fast evolution 
(indeed, the system reaches the stationary distribution in less than 5 operations) and prove that the system is repairable, 
thus it can recover from a failure. However, the system cannot suffer neither a total failure nor a total recovery. This 
is interesting for future research regarding recovery mechanisms for the system. The model and the indicators also 
enable airport operators and policy makers to forecast the behavior of the system given a certain number of operations. 
Starting at an initial state, we can predict what may happen in the next operations until the system reaches the stationary 
state/distribution. 

Future work will be focused on improving the accuracy and reliability of the model (e.g., with adverse 
meteorological data) and on studying the importance of each one of the blocks in relation with system behavior. We 
also need to analyze the potential measures that helps the system to recover from a failure. 
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