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Abstract—We develop fast anomaly detection algorithms using
extreme learning machines (ELM) to discover operationally significant anomalies in large aviation data sets. Anomaly detection
(aka one-class classification or outlier detection) is an active area
of research to identify safety risks in aviation. Aviation data is
characterized by high dimensionality, heterogeneity (continuous
and categorical variables), multimodality and temporality. To
address these challenges, NASA Ames has developed several
anomaly detection algorithms including MKAD, the present state
of the art [1]. MKAD’s computational complexity is quadratic
with respect to the number of training examples which makes it
time consuming (and sometimes infeasible) for mining very large
data sets. In this paper, we utilize ELM’s fast training and good
generalization properties to develop scalable anomaly detection
algorithms for very large data sets. We adapt unsupervised ELM
algorithms such as the autoencoder and embedding models to
perform anomaly detection. The unsupervised models capture
the nominal data distribution and by choosing a desired strength
of detection that defines the upper bound of outliers in the
training data, the anomaly decision boundary is determined. The
autoencoder model detects anomalies as the ones that have a
large reconstruction error while the embedding model detects
anomalies as the ones that lie outside a hypersphere in the
embedded space. The proposed algorithms are applied to a real
aviation safety benchmark problem and the results show that the
ELM based algorithms are comparable to MKAD in detection
while training is made faster by two orders of magnitude.

I. I NTRODUCTION
The US national Airspace System (NAS) is among the safest
in the world transporting more than 2 million passengers a day
[2]. With increasing traffic demands, new technology is being
introduced by the Federal Aviation Administration (FAA),
transforming the airspace system with the Next Generation
Air Transportation System (NextGen) [3]. The NAS is a
highly complex system with multiple interacting elements and
ensuring safety is a top priority. One of the goals of NextGen
is to mine massive data that is being collected in the NAS
to observe and study present and future safety issues so that
air safety can be improved. NASA, in partnership with the
FAA and industry is continuing to develop new technologies
to address this need.
Anomaly detection using data has been an active area of
research to discover and study safety events in the NAS.
Anomaly detection (aka one-class classification, outlier detection) refers to the task of identifying abnormal patterns
in data which sometimes reveal the weak links in the NAS.

Anomaly detection for aviation problems has been studied at
various levels ranging from simple exceedance based methods
to sophisticated kernel based methods [4]. The most common
industrial practice is to detect anomalies using domain defined
exceedances (simple threshold on some critical parameters).
For example, a flight’s airspeed ≥ 150𝑘𝑡𝑠 at 1000𝑓 𝑡 altitude before landing may be considered an exceedance. As
exceedances are simple and are defined by domain experts,
when applied to new data, they often detect previously known
and simple anomalies while missing the ones that involve a
combination of several parameters.
With advances in data mining, more sophisticated methods were developed such as Morning Report, Orca, IMS,
SequenceMiner and MKAD for detecting aviation anomalies
[4]. Morning report uses multivariate cluster-analysis to group
flights by similarity along flight signatures derived from parameter values, calculates an atypicality score for each flight,
and provides a plain-language description of what makes targeted flights atypical [5]. Inductive Monitoring System (IMS)
[6] is another distance based unsupervised algorithm to find
anomalies using incremental clustering. IMS uses data from
nominal operation of the system to build a model and tests
a given data sample for its closeness to the nominal model.
While Morning Report and IMS operate only on continuous
data, Orca [7] works on both continuous and discrete features
using a variant of the k-nearest neighbors algorithm. The similarity metric in Orca is calculated based on Euclidean distance
and hamming distance for continuous and discrete features
respectively. In order to consider the temporal aspect of the
data, Sequence Miner [8] was introduced. Sequence Miner
works by first using an unsupervised clustering algorithm to
cluster the sequences using the normalized longest common
subsequence (nLCS) as a similarity metric. Once the clusters
are defined, anomalies can be detected using the nLCS as the
distance measure.
Discovering anomalies in modern aviation data is challenging because of several factors including high dimensionality (a
typical flight operational quality assurance data has about 350
time series variables), heterogeneity (data consists of continuous and categorical variables), multimodality (data consists
of a mix of different aircraft types, runways and airports,
each having its own unique characteristics) and temporality
(data is in the form of long time series). To simultaneously

address these challenges, multiple kernel anomaly detection
(MKAD) was developed [1]. MKAD builds separate kernels
for continuous and categorical variables taking the temporal
aspect into account and combines the different variables in
the kernel space. A one-class SVM model is then learned
which separates the nominal data from the anomalous data
using a hyperplane. MKAD achieves state of the art results
in anomaly detection and is being assessed by the FAA for
implementation. A major challenge with MKAD is that the
kernel building step is time consuming and memory intensive.
MKAD’s computational complexity is quadratic with respect
to the number of training examples which makes it time
consuming (and sometimes impossible) for mining very large
data sets [9]. With increasing volume of data and NextGen’s
focus towards realtime safety monitoring, a method that can
perform anomaly detection faster is required.
In this paper, we explore anomaly detection algorithms
using extreme learning machines (ELM) to take advantage of
ELM’s fast training and good generalization performance. An
ELM is a single hidden layer feed-forward model whose input
layer parameters are assigned using random numbers and fixed
during training. Thus, ELM training involves solving a linear
least squares problem and so training is several times faster
compared to SVM and backpropagation neural nets. ELM
tends to achieve superior results on many classification and
regression problems [10].
Although ELM based algorithms are very popular in supervised learning, little work has been done in ELM based
anomaly detection. When prior labels are available, the problem of anomaly detection is converted to a binary classification
problem and solved using ELM [11], [12], [13], [14]. Although
one-class ELM was recently introduced [15], [16], they require
that the models are trained purely on the target (nominal)
class data. Such methods may be useful for problems such
as system fault detection where it may be very easy to obtain
the target class data by running the system in normal mode.
A model that is built using this data can be used to detect
faults in the test data. In many challenging cases, as in the
case of aviation data, it is not trivial to collect purely nominal
data for training. For instance, flight data in our domain may
be identified as nominal only after a subject matter expert
(SME) confirms it, which takes several hours of expert’s time.
Thus flight anomaly detection algorithms such as MKAD
operate on data whose labels are not required to be known
a priori. In other words, training data is expected to contain
some anomalies. The algorithms that we discuss in this paper
works in this setting; i.e., training data may be a mixture of
nominal and anomalous data. By choosing a desired strength
of detection that defines the upper bound of anomalies in
the training data, the decision boundary can be defined. We
adapt unsupervised ELM algorithms such as ELM autoencoder
[17], [16] and ELM embedding [18] to perform anomaly
detection. We explored both a sparse autoencoder model
(𝐿1 -ELMAD) and a non-sparse 𝐿2 regularized autoencoder
model (𝐿2 -ELMAD) to compare if sparsity helps find better
features for anomaly detection. The autoencoder model uses a

reconstruction error as the anomaly score while the embedding
model (Em-ELMAD) uses the Euclidean distance metric for
determining the anomaly score. The three models are applied
to an aviation safety benchmark data set and are compared
against the state-of-the-art MKAD algorithm. We observe from
the experiments that the proposed ELM based algorithms are
comparable to MKAD in detection performance with 𝐿2 ELMAD slightly better, while being faster by two orders of
magnitude.
II. ELM BASED A NOMALY D ETECTION
In this section ELM principles are used in developing
fast and scalable algorithms for aviation anomaly detection.
In most cases, the labels on anomalies are not available a
priori and thus anomaly detection falls in the category of
unsupervised learning. We develop three anomaly detection
algorithms by adapting ELM based unsupervised learning
methods; two models based on ELM autoencoding and one
model based on ELM embedding. In all the models, the
general idea is the following: Given a training data set, obtain
a model capturing the data distribution. Based a user-defined
expected rate of anomalies, set a threshold on the anomaly
scores of the training data. Using the threshold, evaluate the
test data set for anomalies. Based on these steps, simple but
efficient anomaly detection algorithms are developed.
A. Autoencoder Based Anomaly Detection
An autoencoder [19], [20] is model that maps the training
data onto itself by identifying an efficient latent representation
that reconstructs the data well. The encoded representation
usually captures prominent features of the data that often
results in better classification and regression. For anomaly
detection where the data is predominantly nominal with very
few anomalies, the autoencoder model captures the features of
the nominal data that helps reconstruct it. When the learned
features are used for reconstruction, the model finds it hard to
reconstruct the anomalies which can then be identified using
the reconstruction error.
Consider a training data set {𝑥1 , 𝑥2 , ..𝑥𝑁 } where 𝑁 is the
number of training data and 𝑥 ∈ ℝ𝑑 . The labels 𝑦𝑖 = 1 (or 0)
if 𝑥𝑖 is anomalous (or nominal) are not known a priori. The
optimization problem that solves an autoencoder training is
min

𝑁
∑

∥𝑥𝑖 − 𝑥
ˆ𝑖 ∥2

(1)

𝑖=1

where 𝑥
ˆ𝑖 is the reconstruction corresponding to the data 𝑥𝑖 .
Using an ELM autoencoder model, we obtain a standard ELM
optimization problem given by
min{∥𝐻𝑊 − 𝑋∥2 + 𝜆𝑝 ∥𝑊 ∥𝑝 }.
𝑊

(2)

where 𝑝 = 1, 2 corresponds to 𝐿1 , 𝐿2 norm respectively,
𝜆𝑝 represents the regularization coefficient and 𝐻 = 𝐻(𝑥)
represents the coding function that transforms the training data
to some coded representation. 𝑊 is the output parameters of
the ELM model (aka the decoding function) that needs to be
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Fig. 1. ELM autoencoder based anomaly detection.
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Fig. 2. ELM embedding based anomaly detection.

learned from data. Here we consider both 𝐿1 and 𝐿2 norms
for autoencoding because each has its own advantages and
disadvantages. For instance, 𝐿1 norm encourages sparsity in
𝑊 and sometimes provides good feature learning [21] but the
optimization problem becomes non-smooth and an iterative
algorithm needs to be designed. An 𝐿2 norm on the other
hand results in a much simpler (closed form) solution to the
optimization problem but gives a non-sparse solution which
may not be desirable for some applications.
1) 𝐿2 -ELMAD: Using 𝐿2 regularization, equation (2) can
be modified as
{
}
(3)
min ∥𝐻𝑊 − 𝑋∥2 + 𝜆2 ∥𝑊 ∥2 ,

theory, 𝑊𝑟 and 𝑏𝑟 can be assigned based on any continuous
random distribution without even seeing the training data,
and is fixed during training. Thus, the nonlinear optimization
problem in equation (3) is converted to a linear least squares
problem. The learned parameters of ELM autoencoder is given
by
(
)−1 𝑇
𝐻 𝑋.
(5)
𝑊 ∗ = 𝐻 𝑇 𝐻 + 𝜆2 𝐼
Using the above ELM autoencoder, the reconstruction 𝑥ˆ𝑖
corresponding to any 𝑥𝑖 is given by
𝑥
ˆ𝑖 = 𝑊 ∗𝑇 𝜙(𝑊𝑟𝑇 𝑥𝑖 + 𝑏𝑟 ).

(6)

(4)

2) 𝐿1 -ELMAD: For the 𝐿1 -ELMAD, we adapt the ELM
based sparse autoencoder for multilayer perceptron developed
in [17]. Using 𝐿1 regularization, equation (2) can be modified
as
{
}
(7)
min ∥𝐻𝑊 − 𝑋∥2 + 𝜆1 ∥𝑊 ∥ ,

where 𝑛ℎ represents the number of hidden neurons of the ELM
model, 𝜙 represents the hidden layer activation function (any
piecewise continuous function such as sigmoidal, radial basis
functions), 𝑏𝑟 represents the input bias, 𝑊𝑟 , 𝑊 represents the
input and output layer weights respectively. Based on ELM

where 𝜆1 represents the 𝐿1 regularization coefficient and the
other variables as defined earlier. If 𝐴(𝑊 ) = ∥𝐻𝑊 − 𝑋∥2
and 𝐵(𝑊 ) = 𝜆1 ∥𝑊 ∥, the solution to the problem in (7) is
obtained using FISTA (A fast iterative shrinkage-thresholding
algorithm) [21] as follows

𝑊

where 𝜆2 represents the 𝐿2 regularization coefficient and 𝐻
in this case is given by
𝐻 𝑇 = 𝜙(𝑊𝑟𝑇 𝑋 + 𝑏𝑟 ) ∈ ℝ𝑛ℎ ×𝑁 .

𝑊

1) Calculate the Lipschitz constant 𝛾 of the gradient of
smooth convex function Δ𝐴.
2) Begin the iteration by taking 𝑦1 = 𝑊0 , 𝑡1 = 1 as the
initial conditions. Then, for 𝑗(𝑗 ≥ 1), the following
holds.
∙ 𝑊𝑗 = 𝑠𝛾 (𝑦𝑗 ) where 𝑠𝛾 is given by
{
𝛾
1
∥𝑊 −(𝑊𝑗−1 − Δ𝐴(𝑊𝑗−1 ))∥2
𝑠𝛾 = argmin
2
𝛾
𝑊
}
+ 𝐵(𝑊 ) .
∙

𝑡𝑗+1 =

1+

√

1+4𝑡2𝑗
.
2
𝑡 −1

𝑦𝑡+1 = 𝑊𝑗 + 𝑡𝑗𝑗 +1 (𝑊𝑗 − 𝑊𝑗−1 ).
The reconstruction function of the sparse ELM autoencoder
remains the same as in equation (6).
From equation (6), it can be seen that 𝜙 is the encoding
function with parameters 𝑊𝑟 and 𝑏𝑟 while the decoding function is linear with learned parameters 𝑊 . Using the reconstruction error as the anomaly score, the above algorithms can be
adapted to perform anomaly detection. Let the reconstruction
error 𝑒𝑖 for data sample 𝑥𝑖 be defined as
∙

𝑒𝑖 = ∥𝑥𝑖 − 𝑊 𝑇 𝜙(𝑊𝑟𝑇 𝑥𝑖 + 𝑏𝑟 )∥2 ,

𝑖 = 1, 2, ..𝑁.

(8)

After ELM training, a set of reconstruction error values ℰ =
{𝑒1 , 𝑒2 , ..𝑒𝑁 } can be obtained. For anomaly detection, the data
having the top largest reconstruction errors (note from equation
(8) that the reconstruction errors are positive) are identified as
anomalies. As in any unsupervised anomaly detection such as
one-class SVM, a strength of detection is specified that defines
the upper bound of outliers in the training data. Here, the
percentile 𝜏 ∈ [0, 100] on the reconstruction error distribution
is considered as the strength of detection. A threshold on
reconstruction error 𝑒𝛿 is computed corresponding to the 𝜏 th percentile as follows
𝑒𝛿 = 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒(𝐸𝑡𝑟 , 𝜏 ),

(9)

where 𝐸𝑡𝑟 contains the ordered values of ℰ. A data sample 𝑥𝑖
is considered an anomaly if
𝑒𝑖 = ∥𝑥𝑖 − 𝑊 𝑇 𝜙(𝑊𝑟𝑇 𝑥𝑖 + 𝑏𝑟 )∥2 > 𝑒𝛿 .

(10)

It can be noted that if 𝜏 = 100, no anomalies are detected
while if 𝜏 = 0, all the training data are detected as anomalies.
Figure 1 shows the idea of using reconstruction error to detect
anomalies. The anomaly decision boundary 𝑒𝛿 (shown by a
vertical dotted line) is fixed based on 𝜏 defined in training.
B. Embedding Based Anomaly Detection
Extreme learning machines were recently extended to perform semi-supervised and unsupervised learning tasks [18]
using a manifold regularization framework. For anomaly detection, we make use of the unsupervised learning algorithm
(US-ELM) where the input data is mapped to a random
hyperspace by ELM transformation and spectral embedding

is performed. For a clustering task, the data in the embedded
space can be clustered using a k-means algorithm. Our hypothesis for anomaly detection is that the ELM embedded space
discriminates the anomalies from the nominal data better,
and that the anomalies are separated from the origin of the
embedded space.
The formulation of US-ELM [18] is given by
1
𝜆∑
𝑎𝑖,𝑗 ∥𝑓𝑖 − 𝑓𝑗 ∥2 ,
(11)
min ∥𝑊 ∥2 +
𝑊 2
2 𝑖,𝑗
where 𝑎𝑖,𝑗 is the pair-wise similarity between two patterns 𝑥𝑖
and 𝑥𝑗 , 𝑓𝑖 = ℎ(𝑥𝑖 )𝑊 . The second term in the above equation
is the manifold regularization term that says if two patterns
𝑥𝑖 and 𝑥𝑗 are similar, then they are similar in the embedding
space as well. Expressing in vector form, the US-ELM is given
by
1
𝜆
min ∥𝑊 ∥2 + 𝑇 𝑟(𝑊 𝑇 𝐻 𝑇 𝐿𝐻𝑊 )
(12)
𝑊 2
2
𝑠.𝑡.(𝐻𝑊 )𝑇 𝐻𝑊 = 𝐼𝑛𝑒
where 𝐿 is the graph Laplacian and 𝑛𝑒 the chosen dimension
of the embedded space. It was shown in [18] that an optimal
solution to the above problem is obtained by choosing 𝑊
as the matrix whose columns are the normalized eigenvectors
corresponding to the first 𝑛𝑒 smallest eigenvalues of the below
generalized eigenvalue problem
(𝐼𝑛ℎ + 𝜆𝐻 𝑇 𝐿𝐻)𝑣 = 𝛾𝐻 𝑇 𝐻𝑣.

(13)

If 𝑣1 , 𝑣2 , ..., 𝑣𝑛𝑒 +1 are the eigenvectors corresponding to the
(𝑛𝑒 +1) smallest eigenvalues of equation (13), then 𝑊 is given
by
(14)
𝑊 = [˜
𝑣2 , 𝑣˜3 , ..., 𝑣˜𝑛𝑒 +1 ],
where 𝑣˜𝑖 = 𝑣𝑖 /∥𝐻𝑣𝑖 ∥, 𝑖 = 2, ..., (𝑛𝑒 + 1) are the normalized
eigen vectors. The embedding for any data sample 𝑥𝑖 is given
by
(15)
𝑥
˜𝑖 = ℎ(𝑥𝑖 )𝑊.
The idea of adapting the US-ELM for anomaly detection is
shown in Figure 2. Using ELM, we aim to find an embedding
space where the nominal data are separated well from the
anomalous data. A simple rule to define a separating boundary
is as follows: the embedded data is z-scored to center the
data at the origin and have unit variance. The Euclidean
norm of the data 𝒟 = {𝑑1 , 𝑑2 , ..𝑑𝑁 } is determined and is
considered as the anomaly score. Similar to the autoencoder
based anomaly detection models, a strength of detection is
specified that defines the upper bound of outliers in the training
data. Here, the percentile 𝜏 ∈ [0, 100] on the distribution of
Euclidean norm of the samples is considered as the strength
of detection. A threshold 𝑑𝛿 is computed corresponding to the
𝜏 -th percentile as follows
𝑑𝛿 = 𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒(𝐷𝑡𝑟 , 𝜏 ),

(16)

where 𝐷𝑡𝑟 contains the ordered values of 𝒟. A data sample
𝑥𝑖 is considered an anomaly if
∥𝑍(ℎ(𝑥𝑖 )𝑊 )∥2 > 𝑑𝛿 ,

(17)

where Z(.) represents the z-scoring function. As we have
centered the data to the origin, the Euclidean norm corresponds
to the Euclidean distance of the data sample from the origin.
Thus, we define a hypersphere of radius 𝑑𝛿 that encompasses
the nominal data in the embedded space. Any data that falls
outside the hypersphere is considered an anomaly. Similar to
previous discussions, a 𝜏 of 100 doesn’t detect any anomalies
while if 𝜏 = 0, all the training data are detected as anomalies.
III. E XPERIMENTS
In this section, we apply the ELM based anomaly detection
algorithms to a real aviation problem and evaluate its ability to
detect anomalies as well as its training speed. We use MKAD
as the baseline algorithm as MKAD is the present state-of-theart in aviation anomaly detection and has worked extremely
well in practice detecting operational significant anomalies
significantly better than other methods [1], [22], [23].
The aviation data considered in this work include radar
measurements recorded at the Denver Terminal Radar Approach Control Facility (TRACON), collected and stored
by the Performance Data Analysis and Reporting System
(PDARS) program which is managed by the FAA’s Air Traffic
Organization Office of System Operations Services. PDARS
not only provided trajectory data but also delivered additional
capabilities to enhance this research such as runway detection
and computing flight separation features. Each data record is
in the form of a time series consisting of aircraft trajectories
such as latitude, longitude and altitude. In addition, we also
consider a separation parameter that measures the distance to
the nearest neighbouring aircraft in the space. This feature is
included to consider anomalies caused by loss in separation
between flights in the air. Although other data such as ground
speed, airport data (runway configuration, counts and rates of
departure and arrival, total air and taxi delays) and meteorological data were available, we restrict ourselves to the above
4 parameters for this study for which we have ground truth
anomaly labels. Our goal is to compare the proposed ELM
anomaly detection algorithms against MKAD on a dataset with
known anomalies.
For this benchmark study, we setup the data as follows. The
training data is a mix of flights landed at Denver (DEN) airport
(all runways included, see Figure 3 for the runway orientation
at DEN) during the months of March and July 2015. Based
on our previous work [23], we identified and validated about
57 anomalous flights with subject matter experts (SME) who
found them to be operationally significant during this time
period. Each of the operationally significant events were either
due to high speed, overshooting their final turn before landing,
overtaking other landing aircraft, or a combination. These
constitute the anomaly labels. We also labeled an equal number
of nominal flights. These two sets of data (about 115 flights in
total) constitutes our test data set. Our training data consists of
about 43000 flights. We consider times series data representing
the final 60 miles of flight before landing, sampled at 1 mile
intervals. Thus our training data matrix is sized 240x43000.
The data is shown in Figure 4 in multiple views to understand

Fig. 3. A sketch of the runways at Denver airport showing the runway
numbers and orientation.

the multimodal, high variability patterns in flights landing at
DEN airport. The top left plot shows the top view of the airport
runways (also see Figure 3) where the flight data begins from
the sides of the plot window and converges to the center where
the runway area is shown in a rectangular box. The trajectories
are colored to distinguish between nominal flights (green) and
anomalies (red). A couple of side view plots are also shown
to visualize the descent patterns of the flights.
The experiment setup of the baseline MKAD algorithm is
as follows: For each of the trajectories which includes latitude, longitude, altitude and separation, the similarity between
flights is calculated using the radial basis function
𝜅(𝑥⃗𝑖 , 𝑥⃗𝑗 ) = 𝑒𝑥𝑝(−

∥𝑥⃗𝑖 − 𝑥⃗𝑗 ∥
)
2𝜎 2

where 𝜎 is chosen by an unsupervised grid search on a subset
of the data using the method described in [23]. These similarities are used to build an 𝑁 ×𝑁 kernel matrix for each variable
with 𝑁 equalling the number of training flights. The kernels
are then linearly combined using the procedure described in
[1], [23] and the below one-class SVM optimization problem
is solved using quadratic programming.
𝑁

min

𝑁

1 ∑∑
𝛼𝑖 𝜅(𝑥⃗𝑖 , 𝑥⃗𝑗 )𝛼𝑗
2 𝑖=0 𝑗=0

subject to
0≤𝛼≤

𝑁
1 ∑
,
𝛼𝑖 = 1, 0 ≤ 𝜈 ≤ 1,
𝑁 𝜈 𝑖=0

where 𝜈 is a hyperparameter selected to represent the percentage of examples expected to be anomalous. The above
problem is solved for optimal 𝛼𝑖 . The non-zero 𝛼𝑖 define the
support vectors, which forms the hyperplane that separates the
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Fig. 4. Flight landing patterns at Denver airport (all runways included, see Fig. 3 for the runway orientation at DEN airport) for the months of March and
July 2015. The figure on the top left shows the top view while the figures on top right and bottom left shows two side views. The bottom right figure shows
the 3-D view of the flight landing patterns. To help interpret the figures, each trajectory corresponds to a flight which starts from the sides of the plot window
and converge to the center (near the runway area) and simultaneously descend for landing. The trajectories colored in red are anomalous flights while the
ones in green are nominal flights.

anomalies from the nominals in the training data. Using the
SVM model, a data sample 𝑥𝑖 is considered anomalous if
𝑁
∑

𝛼𝑖 𝜅(𝑥, 𝑥𝑖 ) − 𝜌 < 𝑚𝛿 ,

(18)

𝑖

where 𝜌 is the bias term of the SVM hyperplane, 𝑚𝛿 is a
threshold that can be tuned to achieve a tradeoff between
detection accuracy and false alarms.
The ELM experiments are performed as follows. The same
training data that is used for MKAD is used to train the models
for the three cases - 𝐿1 -ELMAD, 𝐿2 -ELMAD and EmELMAD. For 𝐿1 -ELMAD and 𝐿2 -ELMAD, we used 1000
and 900 hidden nodes respectively while for Em-ELMAD,
we used 2000 nodes and 1000 dimensions for the embedded
space. The regularization coefficients for the models include
𝜆2 = 1𝐸 − 2, 𝜆1 = 1𝐸 − 5, 𝜆 = 4 and 4 nearest neighbors
for calculating the graph Laplacian (in equation (12)). The
FISTA algorithm for 𝐿1 -ELMAD is run for 50 iterations. In
all ELM models, the sigmoidal activation function is used. For
each model including MKAD, the decision threshold is varied
to obtain a receiver-operating characteristic (ROC) curve that

shows the variation of true positive rate (detection accuracy)
with respect to false positive rate (false alarm rate). The ROC
is a popular way to compare the performance of anomaly
detection algorithms. An algorithm is said to be better if the
ROC curve approaches the top left corner of the plot where
it detects all anomalies with no false alarms. It can be seen
from Figure 5 that the ROC of the ELM based algorithms are
comparable to that of MKAD. Further, it can be observed that
𝐿2 -ELMAD and Em-ELMAD have a better detection rates
with zero false alarms compared to MKAD, while 𝐿1 -ELMAD
is worse. However, the ELM algorithms does not detect all
anomalies without a very high false alarm rate (more than
70%) compared to MKAD which detects all anomalies with
about 50% false alarms.
To quantitatively compare the algorithms, we use the area
under the ROC curve (AUC) that gives a single value summarizing the ROC curve. A high value of AUC indicates a
better algorithm. The AUC values of the ELM algorithms
along with that of MKAD are summarized in Table I. The
training and testing times for the different algorithms, and
reconstruction errors for the autoencoder based models are

TABLE I
P ERFORMANCE COMPARISON OF ELM ANOMALY DETECTION ALGORITHMS WITH MKAD SHOWING AREA UNDER THE ROC CURVE (AUC), TRAINING
AND TESTING TIME , RECONSTRUCTION ERRORS FOR AUTOENCODER MODELS . A HIGHER VALUE OF AUC INDICATES A BETTER ALGORITHM .

MKAD
𝐿1 -ELMAD
Em-ELMAD
𝐿2 -ELMAD

Training time
(seconds)

Testing time
(seconds)

Average training
reconstruction error

Average testing
reconstruction error

AUC

680.053
8.4629
49.33
2.0153

31.575
0.1058
0.2646
0.0269

0.0016
0.0005529

0.0058
0.0009264

0.8922
0.8513
0.8912
0.9105

building step may be present but ELM solves the resulting
optimization problem more efficiently and would still be faster
than MKAD.
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Fig. 5. Comparison of receiver-operating characteristic (ROC) curves of the
ELM based algorithms with the baseline MKAD algorithm.

In summary, ELM based anomaly detection is explored
and three extensions are proposed namely the 𝐿1 -ELMAD,
𝐿2 -ELMAD and Em-ELMAD. The algorithms are tested on
a benchmark aviation safety problem where the results of
ELM looks promising. The 𝐿2 -ELMAD algorithm outperforms MKAD in detection accuracy and is more than 300
times faster in training.
Although the proposed algorithms perform well on the
considered aviation problem, more work needs to be done to
benchmark the performance on other data sets as well as with
respect to other popular state-of-the-art algorithms and will
constitute our work for the future.
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