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ABSTRACT 
 

This paper presents a generalized surveillance model for predicting the performance of complex 
systems consisting of many subsystems (units). These subsystems are frequently inspected to 
keep the entire system operating satisfactorily. Systems of this type are encountered in many 
areas, including nuclear power plant, national defense system, transportation stations, medical 
monitoring control rooms, etc. The particular application that motivated a development of this 
model is an FAA project, where we were asked to develop a surveillance model to better 
understand both the inspection process and the repair station itself and to provide information 
that can be used to assist inspectors in scheduling and prioritizing their visits to the stations.  
 
A distinguishing feature of this surveillance model is that it combines two mutually dependent 
stochastic processes. One is a two-stage stochastic process for the occurrence of unfavorable 
condition in an individual subsystem and the other is a non-homogeneous Poisson process 
(NHPP) for the frequency of surveillance. 
 

 
 

1.   INTRODUCTION 
 

With the development of modern technologies and the advancement of our industrial society, 

various engineering systems [8,11] have been developed and are becoming more complex. Many 

such systems, including nuclear power plants, national defense system, transportation stations, 

medical monitoring control rooms, etc., require frequent surveillance by certified personal, who 

must identify potential problems and keep the systems performing satisfactorily. For example, 

the Federal Aviation Administration (FAA) [3] is the regulatory agency for aviation safety in the 

Unites States. Their aviation safety inspectors need to quickly identify areas of air operation that 

may warrant additional surveillance or corrective action, in order to minimize the risk of the 

flying aircraft. Often a system consists of many subsystems (units) and each of these subsystems 

is frequently inspected to keep them operating satisfactorily. It is clear that the performance of a 
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system depends on the human inspections and, on the other hand, the frequency of inspection 

visits and tests of systems should also relate to the subsystem functions. 

 

In order to promote a better understanding of the mutual dependence of system performance and 

human surveillance and to make the inspection procedure efficient, in this paper we develop a 

generalized model which consists of a dual stochastic process for surveillance systems. The 

model is used to describe the behavior of the FAA certified airplane repair stations as well as the 

inspectors’ visiting pattern. It identifies significant covariate factors that contribute to an 

unfavorable rating and provides information to assist inspectors in scheduling and prioritizing 

their planned visits to airplane repair stations. In the analysis, a Poisson regression technique is 

adapted to study the covariate factors that are critical to the subsystem. Also, to simplify our 

discussion, we assume an inspection result of a subsystem is a binary type, i.e., either a 

satisfactory (favorable) result or an unsatisfactory (unfavorable) condition. The approach 

developed can be easily extended to multiple inspection results, other than the binary type. 

 

In the development of complex systems, the first prototypes produced will invariably contain 

design, engineering and inspection deficiencies. To identify performance and reliability 

measurements so that corrective actions may be taken, many reliability, availability and 

maintainability (RAM) models [6,7,12-16] have been developed during the last two decades 

using various methodologies, i.e., the non-homogeneous Poisson process [2,6,15], neural 

networks [9], Bayesian approach [4,12], renewal process [5], quasi-renewal process [16] or 

Markov process [7]. Some of these papers have recognized the human influence to the system 

performance. They, however, only consider a single process of the system where the inspection 

patterns are not studied. This paper presents a generalized surveillance model for predicting the 

performance of complex systems consisting of many subsystems (units). A distinguishing feature 

of this research is that we develop a general surveillance model consisting of two mutually 

dependent stochastic processes that includes the frequency of surveillance. We illustrate our 

developed surveillance model by evaluating the performance of the repair stations based on the 

information collected in the National Program Tracking and Recording Subsystem (NPTRS) and 

Vital Information Subsystem (VIS) databases. The model’s results can be used to (i) analyze the 

performance of the repair stations, (ii) identify significant covariate factors that contribute to the 

unfavorable rating, and (iii) obtain guidelines which can be used to prioritize inspection 

activities. 
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2. MODEL DEVELOPMENT 

 

Consider a model consisting of two mutually dependent stochastic processes. One is a two-stage 

stochastic process for the occurrence of unfavorable condition in an individual repair station; the 

other is a non-homogeneous Poisson process (NHPP) for the frequency of surveillance. To our 

knowledge, this is the first surveillance model that includes both the frequency of surveillance 

and the occurrence of station unfavorable rating.   

 

A. Model Formulation 

 

Notations 

i subsystem index, i = 1,2,…,n 

Xi:  (p × 1 vector) covariate (characteristics) variables associated with the ith subsystem 

tk
(i)  the time of the kth visit by inspectors to the ith subsystem 

yk
(i): binary outcome (0 or 1) assigned to the ith subsystem at the kth visit (corresponding to 

time  tk
(i) ), i.e., the indicator variable of the occurrence of unfavorable conditions 

yk
(i)  = 1 corresponds to the unfavorable rating 

yk
(i)  = 0 corresponds to the favorable rating 

Z
k
(i)   (random variable) the period when the ith subsystem is under favorable condition 

(problem free state) after the (k-1)th problem is fixed and before the kth problem occurs. 

       Z
k
(i) follows an exponential distribution with a parameter function λZ

(i)(t). 

W
k
(i)  (random variable) the period when the ith subsystem is under unfavorable condition after 

the kth problem occurs and before the problem is detected/corrected 
λI 

(i)(t)  the intensity function of the NHPP used to model the inspection visits 

λZ(t) the intensity function to model the occurrence of unfavorable rating 

γ  unknown parameters vector in λI 
(i)(t)  

α, β   unknown parameters in λZ
(i)(t) 

B  (p×1 vector) regression parameters associated with the covariate variables Xi 

ri  a given constant in λZ
(i)(t).  

  

A.1 Model for the Frequency of Surveillance  
 

The development of the model for the surveillance visits consists of the following considerations. 
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First, inspection records are collected during the inspectors’ visits to a subsystem. Second, it is 

clear that the frequency of surveillance has an impact on the subsystem as the intent of an 

inspection is to identify problem areas to assure that any unfavorable condition will be corrected. 

Third, the frequency of surveillance conducted on a subsystem also depends on the performance 

of the subsystem, since inspectors are more likely to schedule trips to problem-prone subsystems. 

 

For the subsystem ith, we assume that the frequency of surveillance follows a non-homogeneous 

Poisson process (NHPP) with a time-dependent intensity function λI(t). For any given time t 

between the (k-1)th and the kth surveillance visit, i.e. tk-1
(i)  < t  < tk

(i),  we assume that the intensity 

function λI 
(i)(t) has the following form 

 

 0
)( )(i

I t =λ  eλ GK
(i)(t; γ)                                                 

 

where parameter λ0 is the baseline unknown constant of the intensity function. The form of the 

function Gk
(i)(t; γ) is assumed to be known but with unknown parameter vector γ and is used to 

model the factors that have influence on the inspection pattern.  

 

In this paper, we define the function Gk
(i)(t; γ)  to be in the form of γ1wk

 (i)(t) + γ2 I(t - tk-1 > T2 ) 

where I is the indicator function. The development of the function wk
(i)(t) depends on the 

performance of the ith subsystem in a recent past. As an example, we may define wk
(i)(t) to be the 

number of times that the ith station received unfavorable ratings in the past T1 units of time prior 

to time t. That is, wk
(i)(t)  = Σ yk, where the yk's are the inspection results of the ith station in a 

period of T1 units of time prior to t. Usually we have γ1 0, then γ1wk
 (i)(t) can be viewed as 

representing the fact that inspectors are more likely to visit a station that has had many 

unfavorable ratings in recent visits.  If γ1 = 0, then it means a station past history of unfavorable 

inspection results does not change the frequency of surveillance.  If γ1 >0, then it means the 

inspectors are more likely to visit stations with more recent problems detected as compared to 

those with fewer problems. The larger the γ1 is, the bigger the impact of the station history is.  

 

The second term γ2 I(t - tk-1 > T2 )  for γ2 0 in Gk
(i)(t; γ) is developed to model the requirement 

(enforcement) that each station should increase the chance of scheduling an inspection if it has 

not been inspected during the past T2 period of time. If γ2 = 0, then it means the enforcement is 

not effective.  
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A.2 Model for the Occurrence of Unfavorable Rating at an Individual Subsystem 

 

As mentioned previously, in order to simplify our analysis, we categorize the outcomes of an 

inspection to be either a favorable or an unfavorable rating.  In this case, we can use a two-state 

process to model the subsystem performance. For some systems, the operators may be able to 

detect and correct some problems without the presence of an inspector. From the inspection point 

of view, such information is often not available. Hence, the problems that are considered in this 

paper will only be the problems that are discovered by the inspectors. Other types of problems 

can be included in our analysis if further information is available.  

 

We assume that each subsystem starts in a favorable condition. After a waiting period, say Z1, a 

problem occurs.  During this time period, an inspector may or may not have paid a visit to the 

subsystem.  After a problem occurs, if it is not detected and corrected by the subsystem itself, the 

subsystem will remain in an unfavorable condition until an inspector comes and detects the 

problem.  Then the problem(s) is corrected and the station returns to a favorable state.  Starting 

from that time, it will stay in the favorable state for time period Z2, at which time until the same 

or a different problem occurs.  The station is now in an unfavorable state again. If the station 

does not detect the problem, the problem will be with the station until the next inspection. After 

the problem is corrected, the station returns to the favorable condition.  Such a process is 

repeated as time progresses.  In the process, we ignore the time period required for fixing the 

detected problems, as in most situations the time to fix a problem is relatively short.   

 

Figure 1 illustrates a possible realization of such a process for a subsystem.  In Figure 1, the 

subsystem remains problem-free for a period of time Z1. During this time, an inspector comes 

once at time t1, and no problem is detected.  At the end of a period of time Z1, a problem occurs.  

The subsystem is in an unfavorable condition. The subsystem stays in that condition for W1 

period until at time t2  (= Z1 + W1), an inspector comes, and the problem is fixed. Starting from t2, 

the subsystem stays problem-free for a period of time Z2.  During this time, inspectors conduct 

two inspections at times t3 and t4. Then no problem is found at either inspection.  At time t2 + Z2, 

a problem occurs. The subsystem stays in this state for a period of time W2. At time t5 (= t2 + Z2  

+ W2), an inspector comes.  The problem is detected and fixed, and the subsystem returns to a 

favorable state.  The subsystem will repeat such two-state process as time progresses.  The 

waiting times for a problem to occur after fixing the previous problem are Z1, Z2,…, Zj . 
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Figure 1:  A Two-Stage Stochastic Process Scheme 

 

In our analysis, the Zi’s are modeled by an exponential distribution with a parameter λZ(t).  λZ(t) 

is a function of time t.  In order to identify significant covariate factors that contribute to the 

unfavorable rating, we assume that the intensity function of the ith station λZ(t) has the following 

form 

                    λZ
(i)(t) = α β ri

k-1 tβ-1
 eBX i  ,          for tk-1 < t < tk,                                                    

where ri is a given constant and α, β and B are the unknown parameters.  BTXi is a linear 

regression term.  The specification of such form is related to the Poisson log-linear model [1,10] 

discussed in the statistical literature of generalized linear models. However, our specification is 

more general than that of the standard generalized linear models, as we allow λZ (t) to be a 

function of t, in addition to a log-linear function of covariates of interest. 

 

B. Model Fitting 

 

We use the maximum likelihood method to estimate the unknown parameters of the proposed 

model above.  The observations available to us are {(tk
(i), yk

(i)),  for k = 1,2,…,mi and i = 1, 2, 

…,n}.  Denote θ as all the unknown parameters in the model.  The joint density function for a 

given subsystem can be written as: 

 

Based on the model specification in Section 2 and from the standard computation, we obtain: 
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Therefore, the log-likelihood function for all observations will be 

 

 

From equations (2.1) and (2.2), we have: 

 

and   

 

  

When Gk
(i)(t; γ)  takes the form of γ1wk

 (i)(t) + γ2 I(t - tk-1 > T2 ), we have 

 

To estimate the unknown parameters θ, we then maximize the log-likelihood function l(θ|{(tk
(i), 

yk
(i)),  for k = 1,2,…,mi and i = 1, 2, …,n}).  Or equivalently, we can obtain  by solving the 

following system of equations 

. 

Based on the standard likelihood inference theory, it can be proved that such an estimator is 

asymptotically the most efficient.  Since the information matrix is equal to 
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So the variance-covariance matrix of the estimator  can be estimated by 
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where  li(θ)  is the log-likelihood function for the ith subsystem. 

 

3. MODEL IMPLEMENTATION 

 

Safety assurance is an important aspect of a certificate holder's performance that is recognized by 

both the Federal Aviation Administration (FAA) and airlines.  The FAA, as the regulatory 

agency responsible for aviation safety in the United States, has taken a proactive position to 

initiate research efforts in developing and validating safety performance measures (PMs) to 

benchmark air operators' safety performance.  By analyzing the safety PMs, aviation safety 

inspectors are able to quickly identify areas of air operation that may warrant additional 

surveillance or corrective action, thereby safety risk of the public air transportation system is 

minimized. 

 

To support an inspector's work in the areas of certification, surveillance, and investigation of 

repair stations, the FAA developed an information system, known as the Safety Performance 

Analysis System (SPAS) [3], in which PMs are being defined for implementation. These SPAS 

PMs can be used as a decision-support tool for inspectors since they integrate relevant 

information relating to the performance of an individual station.  The information involved in 

these PMs may include the frequency of unfavorable ratings, personnel records, time interval 

between inspections, elapsed time from previous inspection, past data, and the average 

performance of similar stations.   

 

In this section, we utilize the proposed surveillance model to carry out demonstrative analyses 

for domestic repair stations in the eastern region by: (1) evaluating the performance of an 

individual repair station, (2) identifying significant covariate factors (relevant characteristics) 

that contribute to unfavorable ratings, and (3) obtaining guidelines which can be used to 

prioritize inspection activities.  
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A. Data Collection and Description  
 

Data collected in these analyses are based on inspection results of the maintenance and avionics 

surveillance obtained from the Program Tracking and Reporting Subsystem (PTRS) and the Vital 

Information Subsystem (VIS) records [3]. Approximately, five years of past data from May 1994 

to May 1999 was available.  An inspection could result in one of the following: 

. S (Satisfactory) 

. I (Information) 

. E (Enforcement) 

. F (Follow up) 

An S inspection result is considered as a favorable rating, while E or F is considered to be 

unfavorable.  I (Information) is converted to either a favorable or an unfavorable rating 

according to inspector’s opinion code.   No missing data is included in this study. 

 

In this paper, as a demonstration, we analyzed the following two data sets:  

1. ‘DC’ data set: combined data set for the domestic repair stations inspected by either 

the maintenance or the avionics inspectors. The DC data set includes 477 repair 

stations. 

2. ‘D36’ data set: a subset of DC, containing only the data of domestic stations 

inspected only by maintenance inspectors. This data set includes 421 repair stations. 

 

The complete surveillance records of 3 repair stations in data set DC are shown in Table 1. The 

value 0 in the inspection result (column 2) represents a favorable rating while value 1 represents 

an unfavorable rating. 

 

To improve the current capability of SPAS as a decision-support tool for inspectors, a number of 

relevant parameters (covariate factors) relating to the performance of an individual station are 

integrated into the calculation of the rate of unfavorable occurrences.  The covariate factors taken 

into consideration include the followings: 

X1:  log10 (total employees) 

X2:  the percentage of the certified mechanics among the total number of employees  

X3: the percentage of the repair men in total employees  

X4: the percentage of the non-certified mechanics in the total number of employees  

X5:  the date that a repair station is certified. 
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                           Table 1. Basic information of 3 repair stations in data set DC 

Station ID 

Inspection 

Result 

Inspection 

Completion 

Date 

Total number  

Of 

Employees 

Number of  

Certified 

Mechanics 

Number of  

Non-certified  

Mechanics 

Number   

Of Repair  

Men 

Original  

Establish 

Date 

1 0 8-Mar-96 6 0 2 4 27-Apr-70 

1 0 9-Feb-96 6 0 2 4 27-Apr-70 

1 0 12-Apr-96 6 0 2 4 27-Apr-70 

1 0 12-Feb-97 6 0 2 4 27-Apr-70 

1 1 24-Feb-98 6 0 2 4 27-Apr-70 

1 0 29-May-98 6 0 2 4 27-Apr-70 

2 0 1-Aug-97 5 0 2 2 14-Feb-78 

2 0 5-Feb-97 5 0 2 2 14-Feb-78 

2 0 5-Sep-95 5 0 2 2 14-Feb-78 

2 0 6-Jul-98 5 0 2 2 14-Feb-78 

2 0 7-Aug-97 5 0 2 2 14-Feb-78 

2 0 12-Oct-95 5 0 2 2 14-Feb-78 

2 0 13-Nov-95 5 0 2 2 14-Feb-78 

2 1 15-Aug-96 5 0 2 2 14-Feb-78 

2 0 19-Jul-95 5 0 2 2 14-Feb-78 

2 0 20-Oct-98 5 0 2 2 14-Feb-78 

2 1 23-Sep-96 5 0 2 2 14-Feb-78 

2 0 27-May-98 5 0 2 2 14-Feb-78 

2 0 29-Nov-95 5 0 2 2 14-Feb-78 

2 0 31-Jul-97 5 0 2 2 14-Feb-78 

3 0 5-Apr-99 4 3 1 0 26-Nov-79 

3 0 6-Nov-95 4 3 1 0 26-Nov-79 

3 0 11-Feb-97 4 3 1 0 26-Nov-79 

3 0 20-Feb-96 4 3 1 0 26-Nov-79 

3 0 25-Mar-98 4 3 1 0 26-Nov-79 

3 0 28-Oct-97 4 3 1 0 26-Nov-79 

 

 

Computations in this report are performed using the statistical software packages, SAS 

(Statistical Analysis Software package) and S-PLUS (a system for data analysis from MathSoft). 

A customized micro-program was written and incorporated into the statistical software tool S-

PLUS to help us quickly obtain the maximum likelihood estimates (MLE) and perform statistical 

inference for the proposed surveillance model. 
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B. Modeling Results for the Proposed NHPP Model 

 

For a given station, let yk be the inspection result (either value 0 or 1, as in Table 1) at the time tk, 

the completion time of the kth inspection. As described earlier, we assume inspectors’ visits 

follow a NHPP with intensity function λI(t) while the occurrence of unfavorable rating in each 

repair station follows a two-state stochastic process with intensity rate λS(t). The T1 and T2 in 

λI(t) are both taken to be  12 months. The covariate factors considered include the five factors 

X1, X2,…,X5 listed above.  

 

For the data set DC, maximum likelihood estimates of all parameters and coefficients are listed 

in Table 2. It shows that the estimates of λ0 and γ1 are both positive and significant. This seems 

to confirm the fact that inspectors paid more visits to those repair stations that had more 

unfavorable ratings in the past 12 months as compared to others. The results in Table 2 also 

indicate that no single covariate factor seems significant. This may due to the vast diversity in 

the data set. However, the global affects of these factors are critical. For example, the larger the 

numerical value of linear combination of these factors, the shorter the waiting time for the 

unfavorable rating, indicating worsen future behavior of specific repair station. 

 

Table 2. NHPP modeling results for data set DC 
Data DC Value Std.Error 

α 0.0020415 0.0106298 

β 1.4478712 1.1735413 

λ0 0.1986897 0.0284546 

γ1 0.1550324 0.0366495 

γ2 0.0000000 0.5098523 

log10(TotEmply) (x1) 0.5900304 0.7429894 

CertMech/TotEmply (x2) 0.8885833 1.5818333 

RprMen/TotEmply (x3) 0.6759927 2.3244980 

NonCertMech/TotEmply (x4) 0.4505002 1.5689656 

NewIssueDate/12 (x5) 0.0117569 0.0360356 
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From the results, we have λI(t) and λS(t) with the following forms, 

 
54321 01176.045050.067599.088858.059003.044787.0)44787.1)(00204.0()( xxxxx

s ett ++++=λ .  

Table 3 lists all the MLE parameters and coefficients in our proposed model for data set D36. As 

we previously observed in preliminary data analysis, the data set D36 shares very similar 

properties with the data set DC. Since all the signs and levels of significance of the parameters 

are close in both cases, similar interpretation of the results then follows.  

 

Table 3. NHPP modeling results for data set D36 
Data D36 Value Std. Error 

α 0.0001649 0.0009530 

β 1.8706570 1.2006743 

λ0 0.1318164 0.0202614 

r1 0.1697728 0.0586521 

r2 0.0000000 0.5833140 

log10(TotEmply) (x1) 0.6993509 1.1004831 

CertMech/TotEmply (x2) 0.7218738 2.4592173 

RprMen/TotEmply (x3) 0.5946047 3.2975450 

NonCertMech/TotEmply (x4) 0.4546172 2.4960397 

NewIssueDate/12 (x5) 0.0062341 0.0519131 

 

From the results, the corresponding NHPP intensity rates λI(t) and λS(t) for each individual 

station are: 

 

 

 

 

)(15503.0
1)198690.0()(
∑

= yr

y

I etλ

)(16977.0
1)13182.0()(
∑

= yr
y

I etλ

54321 006234.045462.059460.072187.069935.087066.0)87066.1)(000165.0()( xxxxx
S ett ++++=λ
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C. Prediction for Selected Repair Stations using NHPP Model 

 

We can also use the proposed model to predict the future performance of the repair stations. This 

information can help management to better understand the station performance and assist 

inspectors in scheduling and prioritizing his/her planned visits to repair station(s). We illustrate 

this by two examples with repair stations selected from the data sets DC and D36 respectively.  

The first example compares two stations with some similar features. One can compare the 

chances to see an unfavorable rating in a ``future'' visit to the stations and explore their 

differences. In the second example, we illustrate the results from an individual inspector's point 

of view. The chances to see an unfavorable rating in a ``future'' visit to the stations in charged by 

inspector BLC are listed. Such information can assist inspectors to prioritize his visits to stations. 

 

Example 1. 

We select two repair stations from the data set DC, say, Station A and Station B. Their 

information is summarized in Table 4. By investigating the personnel and past inspection 

information, we see that the ratios of all kinds of technical personnel (factors X2, X3, and X4) are 

almost same for these two stations, and they both have no unfavorable results in the year 1998. 

The differences between the twos are the amounts of time that elapsed from the last inspection, 

the total numbers of employees and the certified dates.  

 

            Table 4. Information of repair stations Station A and Station B 
Station ID Total   

Number of  

Employees 

No. of  

Cert.  

Mech. 

No. of  

Non-Cert. 

Mech. 

Number  

of  

Repairmen 

No. Unfav. 

Vs. 

No.Inspection 

Date of 

Last  

Inspection 

Original  

Establish 

Date 

         A 5 0 2 2 2  /  14 20-Oct-98 14-Feb-78 

         B 20 0 9 8 1  /  11 30-Apr-99 04-Apr-88 

 

Assume “today” is August 2nd, 1999. Based on our model and the estimates of the model 

parameters (from fitting the data set DC), the probabilities of an unfavorable inspection result in 

a “future” visit are shown in Table 5. 
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 Table 5. Predicting the probability of unfavorable ratings 
Station ID 1 month from 

today 

6 months from 

today 

1 year from 

today 

A 0.01204 0.02187 0.03072 

B 0.00610 0.01109 0.01519 

 

From Table 5, the chance for an inspector to detect an unfavorable condition during his/her 

“future” visit to Station A is almost double that to Station B, if the “future” is one month, six 

months or one year from “today”. Station A is more likely to have problems in a near future. 

 

Example 2. 

Assume that the inspector BLC was responsible for six repair stations in eastern region during 

the last five years. The basic information of these six repair stations is shown in Table 6. 
  

         Table 6. Available repair stations inspected by inspector BLC 
Station ID Total   

No. of  

Employees 

No. of  

Cert.  

Mech. 

No. of  

Non-Cert. 

Mech. 

Number  

Of  

Repairmen 

No. Unfav. 

Vs. 

No.Inspectn 

Date of  

Last  

Inspection 

Original  

Establish 

Date 

        A 14 3 11 0 0  /  11 11-Jan-99 01-Aug-95 

        B 3 3 0 0 0  /  5 22-Jun-98 01-Jul-70 

        C 18 12 3 3 4  /  17 21-Jan-99 06-Jun-60 

        D 28 21 3 4 2  /  9 12-Jan-99 06-Jun-72 

        E 5 1 3 1 1  /  12 24-Jun-98 26-Oct-89 

         F 8 4 4 0 5  /  16 27-Aug-98 02-Apr-93 

 

Assume “today” is August 2nd, 1999. Based on NHPP model and maximum likelihood estimates 

of all parameters and coefficients for data set D36, the probability for inspector BLC to see an 

unfavorable condition in a “future” visit to an individual repair station is shown in Table 7. The 

values associated to Station E are the highest. Table 7 indicates that a “future” visit to Station E 

will be more likely to see an unfavorable inspection result compared to the other five stations. 

Repair stations Station B and Station F are the next two. What these three stations have in 

common is that the times of last inspection are all in middle 1998, much further back than the 

last inspections of the other three stations.  Among the three stations last inspected in January 
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1999, suppose the inspector decides to inspect one of them one month later, he is most likely to 

see an unfavorable inspection result in Station C, followed by Station D. Examine the past 

performances of these three stations (Table 6, column 6), we can see that STATION-C had the 

most problems, followed by Station D.  

 

Table 7. Chance to see Unfav. In a “future” visit 
Station ID 1 month from 

today 

6 months from 

today 

1 year from 

today 

A 0.01702 0.05482 0.09182 

B 0.08672 0.12740 0.16823 

C 0.01497 0.05565 0.09648 

D 0.00900 0.02728 0.04220 

E 0.08964 0.13379 0.17965 

F 0.06253 0.10266 0.14273 

 

 

 

4. CONCLUSIONS 

 

The dual-processes model that we developed in Section 2 takes into account many factors and 

situations that may influence inspection result of FAA repair stations. It’s flexible and 

comprehensive as involving in stochastic process, which usually can afford satisfactory 

simulations to realistic maintenance systems.  In this study, the NHPP model not only identifies 

covariate factors that contribute to the unfavorable rating of repair stations but also provides 

guidelines that can be used to prioritize future inspection activities.   

 

It is, however, worth to extend this study by incorporating the following issue. As we know, it 

often takes time for operators in the subsystems to correct problems. In practice, the period from 

the time the problem is detected to the time the problem is corrected is not zero. The actual time 

interval between the last inspection and an occurrence of a new problem (i.e., Zi’s) should 

include the period of fixing problems. So the Zi’s values should be greater than it is supposed to 

be if the problems can be fixed instantly.  
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