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Abstract— Safety is a top priority for civil aviation. To help
airlines further improve safety, various clustering-based methods
were developed to better understand their current flight
operations and detect unknown risks from onboard flight data.
However, existing methods can only be carried on historical data
in batches, resulting in its inability to update and adjust as new
data come in. New onboard flight data related to anomaly
detection are generated at airlines every day. The addition of new
data will inevitably cause changes in the clustering results. Yet it
would be computational costly to run clustering on all data as
they accumulate. Therefore, anomaly detection methods that
allow real-time update of cluster models as new data come in are
more practical for airlines. This paper presents a reinforcement
learning method to identify common patterns in flight data via
cluster analysis and update its clusters as new data come in. This
method is based on Gaussian Mixture Model (GMM) and uses
online (recursive) expectation-maximization (EM) algorithm to
update clustering results over time. An initial result of clusters
can be obtained by performing GMM-based clustering on
historical flight data. Then, as new data come in, the parameters
of GMM are updated via an online EM algorithm. By recording
the GMM parameters, the method can also track changes in
clusters over time. We demonstrated the proposed method using
Flight Data Recorder (FDR) data from real operations of an
airline. The evolution of clusters was observed as new batches of
flight data are fed into the proposed method.
Keywords—Gaussian mixture models, adaptive
clustering, expectation maximization, flight data

I.

online

INTRODUCTION

In the past, the improvement of aviation safety was mostly
based on the analysis of accidents and lacked of the ability to
effectively detect and deal with the unknown safety hazard. In
recent years, the aviation industry has adopted many databased risk identification methods. The digital flight data recorder (FDR) data is used by many airlines for routine analysis to
identify risks. In order to better identify factors in FDR data
that cannot be artificially identified, some methods based on
cluster analysis have been developed, such as ClusterAD [7, 8].
However, when the new data come in, the original model and
the result cannot be adjusted accordingly. Cluster analysis
needs to be conducted over again by re-entering a large amount
of old data and new data, which is computationally intensive
and unable to track the changes in clusters as flight operations
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evolve. In practice, airlines consolidate new flight data and
perform Flight operations quality assurance (FOQA) or Flight
Data Monitoring (FDM) analysis every month. In order to
make the cluster-based anomaly detection method compatible
with airline’s practice, an online clustering method is needed to
process new data every month.
In recent years, in the transportation direction, many
methods have been developed to monitor the operation of
transportation. [3, 7, 16, 17, 20, 22]. In the field of aviation,
there have been many studies showing that clustering is a
technology that can effectively identify various common
patterns in operations. The Morning Reporting Package was
one of the methods to detect anomalies in the aviation field at
early stages [1]. The method uses statistical and mathematical
based algorithms to identify abnormal flights, flight parameters, and flight phases. The Sequence Miner developed by
Budalakoti is another method to detect anomalies. By inputting
discrete flight data, such as binary switches inside the cockpit,
the Sequence Miner algorithm can detect abnormalities in pilot
switch operations based on Longest Common Subsequence
(LCS) metric [2]. Srivastava et al. developed a statistical
method that discretizes continuous data to combine discrete
data with continuous data [19]. On top of this framework, Das
et al. developed multi-core anomaly detection (MKAD). This
method is based on the theory of multiple kernel learning and
adopted one-class Support Vector Machine (SVM) to detect
anomalies from a large set of continuous and discrete data [4].
Cluster-AD developed by Li et al. is a technique which is
directly applicable to solve the anomaly detection problem for
flight operations [7]. This method transforms time series data
into a high-dimensional vector, which represents the trajectory
of the takeoff phase or landing phase of a flight. After
dimensionality reduction, the method adopts DBSCAN to
cluster all the flights to identify the common operations.
ClusterAD-DataSample uses the snapshot data at each time
point as a data sample and adopts a Gaussian Mixture Model to
automatically recognize multiple typical patterns of flight
operations [8]. Melnyk et al. adopt a semi-Markov switching
vector autoregressive (SMS-VAR) model to represent each
flight and detect anomalies based on measuring the difference
between the model’s prediction and data observation [12]. A
common challenge exists for all the above methods is that they
all focus on the anomaly detection based on historical digital

flight data. As new flight data come in, the methods cannot be
updated rapidly.
Sato et al. developed an online EM algorithm for normalized
Gaussian networks, which shows that the online EM algorithm
can be seen as a stochastic approximation process to find the
maximum likelihood estimator [15]. The idea of the online
expectation-maximization (EM) algorithm for the method was
derived by Xu, Jordan, & Hinton [21]. A number of studies
adopt this idea to develop similar online EM algorithms for
mixture models [6, 9, 14]. In this article, we adopt the idea of
the online EM algorithm [21] to update the parameters of the
Gaussian Mixture Model.
This study aims to develop an online cluster model to detect
common patterns in the operations of aircraft based on flight
data and update the identified patterns as new data come in.
Compared with existing methods, the advantages of the new
method lie in that it can (1) update the cluster model as new
flight data are added into the model, and (2) track changes in
clusters over time.
II.

METHOD

The main purpose of the method is to perform cluster
analysis and update the parameters of the cluster model as new
flight data come in. The workflow of the method in this paper
is illustrated in Fig.1, which consists of two parts: offline parts
and online parts. For the offline part, the algorithm runs only
once to get the initial parameters of the cluster model. For the
online part, the algorithm runs every time when new flight data
come in and the clusters are updated accordingly.
Historical Digital
Flight Data

New Digital
Flight Data

Input Initial Parameters

Cluster
Analysis
Using GMM

Offline

Input

Online EM
Algorithm

GMM Model

Output New
Parameters
Clusters

Fig. 1. Workflow of the method.

A. Data Transformation
Firstly, we need to normalize
Outliersthe fight parameters to have
“zero mean and unit variance” for offline data. As for online
data, we normalize them to the same standard with normalized
offline data. After normalization, flight data are transformed
into high-dimension vectors. Each vector x represents a single
flight, including some selected parameters.
The work was supported by the Hong Kong Research Grant
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x = [ x11 , x12 ,..., x1f ,..., x if ,...xnm ]

(1)

where x if is the value of the fth flight parameter at time i. n is
the number of flight parameters and m represents the sample
size for every flight parameter.
B. Cluster Analysis
After the data transformation, we develop a clustering method based on GMM to identify the different common patterns of
the flight operations. The clustering method contains two part:
offline GMM to obtain the initial parameters and online GMM
to estimate the parameters based on new arrival data and
update the initial parameters.
a) Offline Gaussian Mixture Model: We use clustering
to identify the same pattern in flight data. The advantage is
that the clustering algorithm can automatically assign similar
vectors to the same cluster without the manually adding a
label. The Gaussian mixture model is a typical clustering
method which need to know the statistical properties of each
cluster. The advantage is that parameters describe the
characteristics of each Gaussian component, making it easy to
update the parameters in the online algorithm. The GMM with
the K component is given by:

p(x | λ ) =  i =1 ωi g (x | μi , Σi )
K

(2)

where x is a set of M-dimensional vectors, λi = {ωi , μi , Σi }
are the GMM parameters, K is the number of components of
Gaussians and ωi , i = 1,…, K, are mixture weights, satisfying



K
i

ωi = 1 , μi , i = 1,…, K, are the mean vectors and Σ i , i =

1,…, K, are the covariance matrixes of Gaussians, and
g (x | μi , Σi ) are the component Gaussian densities.

g (x | μi , Σi ) =

1
− ( x − μi )' Σi −1 ( x − μi )
1
e 2
(2π ) M |Σi |

(3)

In order to determine the number of Gaussian mixture
model components, K, sensitivity analysis was performed
based on the Bayesian Information Criterion (BIC). The K with
the smallest BIC is considered to be the best component.
The parameters of GMM ( λ initial ) in offline part are
obtained by using the expectation-maximization (EM)
algorithm, which is a well-established method. We adopt the
EM algorithm developed by Xu and Jordan and utilize the fact
that at each iteration, the parameter increments have a positive
projection on the gradient of the likelihood function (Xu et al.
1996).
In expectation step (E step), we need to calculated the log
likelihood, LN (x | λ ) . As for the maximization procedure, we
need to update the parameters of GMM in each interaction to

get the convergence of likelihood. In the EM algorithm for
GMM, the log likelihood is:

LN (x | λ ) =  j =1 ln( i =1 ωi g ( x j | μi , Σi ))
N
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=    
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K

(4)

We can convert the EM algorithm to a gradient algorithm:

λ

( t +1)

=λ

(t )

+ P L ( x, λ )  λ
(t ) '
N

(t )

( t +1)

= Ξ (λ , x)
(t )

(5)

where

P (t )

 Pω( t )

= 0
 0


0
Pμ(t )
0

is the posteriori probability for each Gaussian
component i:
Pr( i | x, λ )

0 

0 
PΣ( t ) 

Pr( i | x, λ ) =

and

L'N (x, λ (t ) ) =

∂LN (x, λ )

Each GMM parameter is updated using the following
equations.

ω t +1 = ω t + Pω( t )

∂LN ( x | λ )
∂ω
ω =ωt

(6)

μ t +1 = μ t + Pμ(t )

∂LN (x | λ )
∂μ
μ = μt

(7)

Σt +1 = Σt + PΣ(t )

∂LN ( x | λ )
∂Σ
Σ=Σt

(8)

1
Pω =
N
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 ω1( t )  0 



(t )
(t ) T 
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Pμ(it ) =



Σi(t )
N
i =1

Pr (t ) (i | xi , λ )

the termination tolerance ( ε ) is set as 1 × 10 −6 . After the offline GMM, we can get the initial parameters, λ initial , based on
the historical flight data.
b) Online Gaussian Mixture Model: In order to update
the clusters as new flight data ( x new ), come in, we introduce a
new algorithm to estimate and update the parameters of GMM
based on new data and initial GMM parameters, namely online
(recursive) EM algorithm. The online EM algorithm is
composed of two parts. The first part is estimating a GMM
( λ new ) based on newly arrived data. The second part is
updating the previous GMM ( λ initial ) based on the newly
estimated GMM ( λ new ) in order to obtain λ updated .

Estimating a GMM of based on newly arrived data
In this part, we apply the EM algorithm to update the initial
parameters when new data come in. We have:

λ ( t +1) = Ξ(λ ( t ) , x new )

let

2

 i =1 Pr (i | xi , λ )
N

(t )

0 < at < 1, at +1 < at , lim a → 0
Σi(t ) ⊗ Σ i(t )

(10)

where λ (t ) are parameters of tth interaction and λ (t +1) are
parameters of (t+1)th interaction and Ξ is the parameterupdating function that we have mentioned above. To ensure
and accelerate the convergence of the parameters, we set
{at , t ≥ 0} as a sequence of positive numbers, satisfying
t →∞

PΣ(it ) =

(9)

The proof of (6)-(8) can be given by the following the
same line as the derivation of Theorem 1 of Xu and Jordan
[21]. The GMM parameters are solved iteratively with the
convergence criteria set as LN ( x, λ t +1 ) − LN ( x, λ t ) < ε , where

∂λ λ = λ ( t )

where

ωi g ( x|μi ,Σi )
K
j =1ω j g ( x|μ j ,Σ j )

Then, at the tth iteration, the parameter λ is updated by:

λ ( t +1) = (1 − at )λ (t ) + at Ξ(λ (t ) , x new )
= (1 − at )λ ( t ) + at [λ (t ) + P ( t ) L'N (x new , λ (t ) )]

(11)

For each interaction, the parameters of GMM can be updated
by (11). If the likelihood converge is smaller than the
termination tolerance ( ε = 1× 10−6 ) the loop of interaction
stops at Tth interaction and output the updated parameter, λ T ,
which is equal to λ new in the next step.

Updating the previous GMM based on the newly estimated
GMM
Now we need to combine the initial parameters obtained
from the offline algorithm, λ initial = {ω initial , μ initial , Σ initial } , and

the updated parameters λ new = {ω new , μ new , Σ new } to get the final
updated parameter, λ updated = {ω updated , μ updated , Σ updated } . Here
we propose a straightforward way to update the GMM
parameters:

λ updated = (1 − w)λ initial + wλ new

(12)

A new weighting parameter w is introduced here to balance
the impact of new flight data versus historical flight data on
GMM estimations. w is in the range of [0,1].

ω updated = (1 − w)ω initial + wω new

(13)

μ updated = (1 − w) μ initial + wμ new

(14)

TABLE I.
Pseudo code of online EM Algorithm

Σupdated = [(1 − w)Σinitial + wΣ new ]

Input:
Normalized vectors of new digital flight data xnew

T

Initial parameters of offline GMM, λ initial
Output:
Updated GMM parameters, λ updated
Algorithm:
1. Estimate a new set of GMM based on new data xnew
a)

E step.
Determine the log likelihood
xnew based on λ

b)

LN (x new | λ (t ) )

− μ updated μ updated

for

(t )

M step.
for each Gaussian component:

λ ( t +1) = (1 − at )λ ( t ) + at [λ ( t ) + P ( t ) L'N (x new , λ ( t ) )]
end for
Evaluate log likelihood:

LN (x new | λ ) =  j=1 ln( i=1 ωi g ( x j | μi , Σi ))
N

p(x | λ updated ) =  i =1 ωi updated g (x | μi updated , Σi updated ) (16)
K

λ new ;

else:

λ = λ ( t +1)
go to Step a.
2. Combine initial parameters and updated parameters by the
following scheme.

λ updated = (1 − w)λ initial + wλ new
3. return λ updated

The pseudo code of the online EM algorithm is shown in
Table I. After the updating of the parameters of GMM, we can
use the new model to predict the cluster that each new data
belongs to and output the new clusters and new parameters.

K

if (likelihood difference< ε ):
Output

T

The value of w depends on the size of the offline dataset and
the online datasets. The number of historical data is N as we
mentioned above and we let N new is the number of newly
arrival data. Then, the value of w can be calculated by
N new
. Finally, the Gaussian Mixture Model is
w=
N + N new
updated to:

Update parameters using the following equation.

c)

T

+ [(1 − w) μ initial μ initial + wμ new μ new ] (15)

III.

EXPERIMENT

A. Dataset
To demonstrate the performance of the proposed method,
the algorithm was tested on a set of FDR data provided by an
international airline, which contained landing phase of 1600
B777 flights. 256 flight parameters and 26 destination airports
were included in the dataset. We set the beginning of the
landing phase as 120 seconds before touchdown and convert
position-related parameters into values relative to the airport
location. 1600 flights were divided into two groups randomly:
1300 flights as training data and 300 flights as testing data,
which is furtherly split into three groups equally.

Fig. 2. The selection of component number based on BIC.

Fig. 3. Number of flights in each cluster in the new approach.

C. Online Clustering
The purpose of offline clustering is to get the initial parameters and clusters of GMM. We have divided the original
data into four groups, where the first one is offline dataset and
the last three are online datasets. The online datasets represent
three sets of data from three different months. Then we conducted the online cluster method on the three sets of stream
data to update the parameters and clusters three times. At each
time of update, we inputted one new dataset and the parameters
that we got from the previous updating. Specifically, for the
first new stream data, the input parameters are the parameters
that we got from offline clustering. After three times of update,
we got three different sets of parameters, which can be further
analyzed in the next step.
D. Results
To evaluate of the proposed algorithm, we perform the
cluster analysis on the data of all 1600 flights using the
standard offline GMM algorithm, and then compare the results
with the ones obtained by our adaptive approach. We let the
parameters that we get by conducting the existing approach on
all flight data are λ all = {ω all , μ all , Σ all } .
Fig. 3 and Fig. 4 shows the number of flights in each cluster
by two approaches. The left figure shows the result of our
approach, and the right one shows the result of the standard
GMM with all data.
Fig. 5 shows the clustering results of our proposed approach
using a visualization technique, T-distributed Stochastic
Neighbor Embedding [10]. Each point in the figure represent
the data of one flight. As shown in the figures, the three set of
newly arrived data is progressively classified into existing
clusters, and the cluster parameters are updated accordingly.
As for the parameters of the GMM in our new approach and
the existing approach, we can see that the weights of our new
approach (the yellow line in Fig. 6) and the weights for the
existing approach (the blue line in Fig. 6) are similar to each
other. The online algorithm didn’t change the weights too
much.
To compare the similarity between covariance matrix in our
new approach and in the existing approach, we conduct a W
statistic for each cluster. The null hypothesis H 0 for each
cluster i is:

Fig. 4. Number of flights in each cluster in the existing approach.

H 0 : Σi updated ≠ Σi all , H1 : Σ i updated = Σi all

B. Offline Clustering
We firstly used 1300 flights to build an offline Gaussian
mixture model to get the initial parameters and clusters.
Regarding the selection of K (number of mixture components),
we found 15 to be the optimal value for this dataset as it gave
the lowest BIC value, as shown in Fig. 2. Then, the parameters
of the offline GMM can be obtained using the expectationmaximization (EM) algorithm.

By calculating W value and p-value for each cluster, we
collected all the results in Table II. Here we selected α=0.05 as
significance level. As we can see, all the clusters except for the
5th cluster, 12th cluster and 13th cluster have the p-values that
are smaller than 0.05. So we reject H 0 for the clusters except
the three clusters above, and accept the hypothesis H1 that for
all the clusters except for the 5th, 12th and 13th clusters, the
covariance matrixes of each cluster of our new approach is
similar with that's of the existing approach.

As for means and covariance of GMM model, the mean
matrix is a 15 ×1920 matrix (15 Gaussian components and
120 seconds of data × 16 parameters of flights). To compare
the similarity between means in our new approach and means
in the existing approach, we conducted Hotelling’s T 2
statistic to analyze the similarity between the means in our
new approach and the existing approach. The null hypothesis
H 0 for each cluster i is:

H 0 : μi updated ≠ μi all , H1 : μi updated = μi all
By calculating the value of T 2 and p-value for each cluster, we
also collected all the results in Table III. We also selected
α=0.05 as significance level. Similar results were observed
with covariance matrixes. Except for the 5th and 12th clusters,
all the clusters have p-values less than 0.05. So we reject H 0
for the clusters except the 5th and 12th clusters, and accept the
hypothesis H1 that for all the clusters except the 5th and 12th
clusters, the means in the new approach and the means in the
existing approach are the same.
In summary, the proposed online algorithm can estimate
GMM parameters relatively reliable compared to the standard
offline approach. The exception of the 5th, 12th and 13th
cluster may be caused by too few data in the clusters.
TABLE II.

TABLE III.

W and p-value for covariance

0

0.914

< .05

T 2 and p-value for means
Clusters
p-value
T2
(α=0.05)
0
75.524
< .05

1

0.641

< .05

1

11.507

2

0.745

< .05

2

52.617

< .05

3

0.966

< .05

3

410.930

< .05

4

0.755

< .05

4

101.140

< .05

5

0.500

0.496

5

3.7100

0.079

6

0.832

< .05

6

26.233

< .05

7

0.796

< .05

7

372.250

< .05

8

0.868

< .05

8

92.874

< .05

9

0.761

< .05

9

161.030

< .05

10

0.900

< .05

10

460.240

< .05

11

0.684

< .05

11

8.903

< .05

12

0.377

1.000

12

0.701

0.816

13

0.505

0.366

13

5.673

< .05

14

0.679

< .05

14

38.159

< .05

Clusters

Fig. 5. Clustering results of our approach using t-SNE visualization technique

IV.

Fig. 6. Weights of the new approach and the existing approach

W

p-value
(α=0.05)

< .05

CONCLUSION

Digital flight data are collected by airlines every month or
even every day. It would be very time consuming to analyze all
the data every time new data is generated. Even in the data
reading phase, it takes a lot of time, which will greatly affect
the efficiency of the airline operation. We developed a method
for online clustering of new data, which can automatically

update the original clusters when new data are added. The
method was tested on real FDR data, which were provided by
international airlines. Results show that this method is able to
cluster new data and update the parameters of the clusters that
already exist.
However, there are some limitations in our method. On the
one hand, the method can only assign new data into the
existing clusters and no more clusters could be generated. As
airlines may adopt new technology or system on their aircraft,
new operation patterns which are different with existing ones
can be formed. On the other hand, new digital flight data are
not the only data generated by the airlines. Two types of new
data related to anomaly detection are generated at airlines
every day. One is the onboard flight data; the other one is the
airline safety experts’ feedback on the anomaly detection
results. Safety experts’ feedback is as important as new digital
flight data and is a good way for us to identify the realistic
characteristics of each particular flight state. It can also help
the airline to recognize different risks in various states.
Therefore, a method that considers the real-time update of the
two types of new data will be better to detect anomalies and
provide more information to the airline.
In future steps, we will continue to complete the part of
anomaly detection in some statistical ways to find outliers in
our clusters and conduct some analysis on the outlier and
clusters to identify different common patterns in operations.
We will also improve our method to enable the updating of the
number of clusters. It will be very useful to identify new
clusters in new data, which will reveal more information for
the airlines. Safety experts’ feedback is another part that we are
interested in. We plan to use the experts’ feedback to identify
the new outliers to avoid repeating work on the same type of
outliers.
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