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A new method for detection of temporomandibular disorder based on singular spectrum analysis is
presented. In this method the motion data of markers placed on the points of special interest on the faces
of several subjects is extracted and analysed. The individuals are classiﬁed into a group of healthy
subjects and a group of those with temporomandibular disorder by extracting the signal components of
the original time series and separating the noise using the proposed technique. The results for both
simulated and real data verify the effectiveness of the proposed algorithm.
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1. Introduction
Temporomandibular disorders (TMDs) occur as a result of
problems with jaw, temporomandibular joint (TMJ), and surrounding facial muscles that control chewing and moving the jaw [1,2].
TMJ is the hinge joint that connects the lower jaw (mandible) to the
temporal bone of the skull, which is immediately in front of the ear
on each side of the head. The joints are ﬂexible, allowing the jaw to
move smoothly up and down and side to side. If you place your
ﬁngers just in front of your ears and open your mouth, you can feel
the joints on each side of your head (illustrated in Fig. 1).
Symptoms of TMD include headaches, tenderness of the
chewing muscles, and clicking or locking of the joints [4]. More
than 40% of the general population has at least one sign of TMD, yet
only one in four of such people is actually aware of, or reports any
symptoms [5]. One of the most popular areas of TMD research is
developing clear guidelines for diagnosing these disorders.
Automatic measurement and classiﬁcation of TMDs before and
during the treatment can assist in early diagnosis, accurate
monitoring of treatment, and enhance the efﬁcacy of the
treatment.
Current methods for TMD detection involve a physical
examination by an expert in the area [4]. A dentist or clinician
almost always diagnoses a TMD-based solely on a person’s medical
history and on a physical examination. Some background work has
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been reported in the literature for investigating the chewing
performance using a multiple regression model of electromyographic and electrognathographic variables [6]. Frontal plane
mandibular rotations and corresponding hemimandibular translations were studied in vitro by using direct observations of human
cadaver mandible and in vivo by using the indirect observations of
rotational electrognathography [7]. In recent research, scientists
suggested new methods for detecting TMD on the basis of audio [8]
and visual analysis [9,10]. Due to the cyclic nature of jaw
movement some algorithmic methods have been developed for
analysis of jaw movement based on frequency distribution of the
myographic data [11]. Despite various clinical tests and methods,
currently there are no scientiﬁcally proven tests available to
diagnose TMD, and therefore the focus of this research is to provide
a new approach veriﬁed by clinical trials.
Here we present an alternative method for detection of TMD
based on visual analysis of facial movement. For this purpose we
attach a number of markers to the points of interest on the
individuals’ faces and track their positions over a large number of
frames in the video sequences. Afterwards, we analyse the motion
patterns of the markers and extract their main signal.
In order to evaluate chewing in TMD patients with unilateral
and bilateral internal derangement of the TMJ, the envelope of
motion and velocity of chewing were recorded and analysed [12]. It
was found that patients with bilateral internal derangement
demonstrated a signiﬁcantly restricted range of motion and
reduced velocity than patients with unilateral internal derangement or normal subjects. The effect of malocclusion on mandibular
movement during speech has also been investigated by using a
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applied to the data in Section 3. Section 4 concludes the paper with
a short discussion.
2. Singular spectrum analysis
The SSA technique is a powerful technique for time series
analysis incorporating the elements of classical time series
analysis, multivariate statistics, multivariate geometry, dynamical
systems and signal processing [30]. A thorough description of the
theoretical and practical foundations of the SSA technique (with
several examples) can be found in [30,34]. In recent years SSA has
been developed and applied to many practical problems (see, for
example [35–40]).
The SSA technique consists of two complementary stages:
decomposition and reconstruction, both of which include two
separate steps. At the ﬁrst stage we decompose the time series and
at the second stage we reconstruct the original (noise free) time
series. Here we provide a brief discussion of the methodology of
the SSA technique.
2.1. Decomposition

Fig. 1. An illustration of the temporomandibular joint and its location adopted from
[3].

sirognathograph analyzing system and by looking at the envelope
of motion during speech [13]. It was also shown that the signals
extracted from the video data as a result of markers’ motion during
chewing has chaotic behavior [9,10]. The above ﬁndings motivated
us to use a suitable method which is useful for analysis of nonlinear
dynamical system and signal detection.
The study of nonlinear dynamical systems and chaos over the
past decade motivated many researchers to reconsider what is
meant by noise. In many cases the deterministic signal from a
nonlinear system may look like noise when displayed in the time
domain. Recently many different noise reduction methods for
chaotic time series have been developed [14–18]. Many of them
are based on the dynamical and statistical properties which use the
embedding methods such as the method of delays [19] and
singular value decomposition (SVD) [20].
It is accepted that SVD-based methods are very effective for
noise reduction from chaotic signals [21,22] and widely has been
used in speech enhancement (see, for example, [23–29]). Such an
approach assumes that the signal and the noise are uncorrelated,
and their second order statistics are available. In this way, one is
able to decompose the noisy signal vector space into two
orthogonal subspaces, called the signal subspace and the noise
subspace, in order to achieve improved noise reduction.
It should be noted that the signal extracted from TMJ has
different types of non-stationarities. Thus, one should use the
method such as singular spectrum analysis (SSA) that does not rely
on stationarity assumption. The SSA method does not depend on
any assumptions based on normality of the residuals, linearity and
stationarity of the observed data, and works well for both linear
and nonlinear signals [30]. The SSA technique consists of two
complementary stages: decomposition and reconstruction. The
decomposition step comprises of embedding and SVD operations.
The superiority of the SSA technique over traditional digital
ﬁltering methods used in biomechanical analysis was shown, with
several examples, in the literature [31](for more applications in
biomedical data analysis see [32,33]).
The paper is organized as follows. In Section 2, we provide the
necessary mathematical background of the SSA technique, then we
discuss the experimental data as well as the results of our methods

The decomposition step comprises of embedding and SVD
operations.
2.1.1. Embedding
Consider a noisy signal vector Y ¼ ðy1 ; . . . ; yN ÞT of N samples.
Assume that the noise is white, additive and uncorrelated with the
signal:
Y ¼ S þ N;

(1)

where S represents the signal and N noise, respectively. Embedding
can be regarded as a mapping that transfers a one-dimensional
signal Y ¼ ðy1 ; . . . ; yN Þ into a multidimensional signal X 1 ; . . . ; X K
with vectors X i ¼ ðyi ; . . . ; yiþL1 ÞT 2 RL , where K ¼ N  L +1. Vectors
X i are called L-lagged vectors. The result of this step is the trajectory
matrix
0

X ¼ ½X 1 ; . . . ; X K  ¼ ðxi j ÞL;K
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Note that the trajectory matrix X is a Hankel matrix, which
means that all the elements along the diagonal i þ j ¼ C, where C is
a constant, are equal. The only parameter required in the
embedding step is the window length L, such that 2  L  N.
We then consider X as a multivariate data with L characteristics
and K ¼ N  L þ 1 observations. The columns X j of X, considered as
vectors, lie in an L-dimensional space RL . We also have:
X¼SþN

(3)

where S and N represent respectively Hankel matrices of the signal
S and noise N.
2.1.2. Singular value decomposition
The second step, the SVD step, calculates the singular value
decomposition of the trajectory matrix and represents it as a sum
of rank-one bi-orthogonal elementary matrices. SVD of X provides
us with the collections of L eigenvalues l1  l2      lL  0 and
the corresponding eigenvectors U ¼ ðU 1 ; U 2 ; . . . ; U L Þ where U i is
the normalized eigenvector corresponding to the eigenvalue
li ði ¼ 1; . . . ; LÞ.
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The SVD of the trajectory matrix X can be written as
X ¼ USVT

(4)
LK

KK

, and S ¼ diagðl1  l2      lL Þ. We
where U 2 R , V 2 R
can also partition the SVD of X as follows:
"
#" T #
V1
S1 0
(5)
X ¼ ½U1 U2 
0 S2
VT2
where U1 2 RLr , S1 2 Rrr and V1 2 RKr . We can also represent
SVD of the Hankel matrix of the signal S as
"
#" T #
V1s
S1s
0
S ¼ ½U1s U2s 
(6)
0
0
VT2s
It is clear that the Hankel matrix S cannot be accurately
reconstructed if the matrix is perturbed by noise. The least squared
(LS) estimate of S is obtained when we approximate S by a matrix
of rank r [41]:
ŜLS ¼ arg min kX  SLS k2F

(7)

where k  kF denotes Frobenius norms. The solution of (7) can be
obtained directly from SVD of X as
SLS ¼ U1 S1 VT1

(8)

In fact the trajectory matrix X is decomposed into a sum of
rank-one bi-orthogonal elementary matrices, Ei ði ¼ 1; . . . ; d  LÞ,1
by applying the singular value decomposition on X. Thus, the SVD
of the trajectory matrix X can be written in the following format:
X ¼ E1 þ    þ Ed ;

(9)

SVD of (9) is optimal in the sense that among all the matrices,
P
the matrix XðrÞ ¼ ri¼1 Ei of rank r < d, provides the best
approximation to the trajectory matrix X, so that kX  XðrÞ kF is
minimum.
2.2. Reconstruction
The reconstruction part includes grouping and diagonal
averaging operations as follows.
2.2.1. Grouping
The grouping step corresponds to splitting the elementary
matrices into several groups and summing the matrices within
each group. Let I ¼ fi1 ; . . . ; i p g be a group of indices i1 ; . . . ; i p . Then
the matrix XI corresponding to the group I is deﬁned as
XI ¼ Ei1 þ    þ Ei p . The spilt of the set of indices J ¼ f1; . . . ; dg
into disjoint subsets I1 ; . . . ; Im corresponds to the representation
X ¼ XI1 þ    þ XIm :

(10)

The procedure of choosing the sets I1 ; . . . ; Im is called the
eigentriple grouping.
2.2.2. Diagonal averaging
The purpose of diagonal averaging is to transform a matrix to
the form of a Hankel matrix which can be subsequently converted
to a time series. If zi j stands for an element of a matrix Z, then the kth term of the resulting series is obtained by averaging zi j over all
i; j such that i þ j ¼ k þ 1. This procedure is called diagonal
averaging, or Hankelization of matrix Z. The result of Hankelization
of a matrix Z is the Hankel matrix HZ, which is the trajectory
matrix corresponding to the series obtained as a result of the
diagonal averaging.
1

d is the number of nonzero eigenvalues.
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By applying the Hankelization procedure to all matrix
components of (10), we
obtain another expansion:
X̃ ¼ X̃I1 þ    þ X̃Im , where X̃Ii ¼ HXIi ði ¼ 1; . . . ; mÞ and H is the
Hankel operator. This is equivalent to the decomposition of the
initial series Y ¼ ðy1 ; . . . ; yN Þ into a sum of m series:
yn ¼

m
X
ỹðkÞ
n

(11)

k¼1
ðkÞ

ðkÞ

ðkÞ

where Ỹ ¼ ðỹ1 ; . . . ; ỹN Þ corresponds to the matrix XIk . The
ðkÞ
procedure of computing the time series Ỹ (that is, building up the
group Ik plus diagonal averaging of the matrix XIk ) is called
reconstruction of a series Y ðkÞ by the eigentriples with indices in Ik .
3. Application
To examine the algorithm, a set of simulated data is generated
and tested by the algorithm. Next, the performance of the method
is evaluated on the TMD data.
3.1. Simulated data
The SSA technique can be applied to various time series. As our
simulated example, let us consider the application of SSA for
analyzing the following series in detail:
yðtÞ ¼ 0:7 sinð2pt=17Þ þ 0:5 sinð2pt=7Þ þ 0:2 sinð2pt=3Þ
þ ut Iut þ 0:5 eðtÞ

(12)

where eðtÞ is a white noise process, the random variable ut is
distributed uniformly between 0.5 and 1, and Iut is deﬁned as
Iut ¼



1
0

if t ¼ 40k ðk ¼ 1; . . . ; 4Þ
o:w

(13)

In fact the random variable ut Iut adds some peaks to the time
series systematically. Obviously, the behavior of these peaks are
dynamic and completely different from random variable eðtÞ.
However, this part of the signal can be simply considered as a noise
component whilst contains useful information. Fig. 2 shows the
series. Visual inspection of Fig. 2 indicates that the depicted series
has a complicated structure and looks like a noise signal. Next, we
extract the added peaks from the signal yðtÞ using the SSA
technique and show that these peaks appear in the noise series.
3.1.1. Decomposition: seasonality and noise
A general descriptive model of the series that is considered in
SSA is an additive model where the components of the series are
oscillatory signals and noise. In addition, the oscillatory components are subdivided into periodic and quasi-periodic components,
while noise components are, as a rule, aperiodic series. The sum of
all additive components, except for the noise, is called signal. We
thus decompose the series into the signal (oscillations) and noise.
Note that SSA does not require any priori parametric model for the
oscillatory signals.
As was mentioned earlier, the window length L is the only
parameter to be used in the decomposition stage. Theoretical
results advise us to choose L large enough but not greater than N=2.
Using these recommendations, we take L ¼ 100 (in our case
N ¼ 200). Thus, based on this window length and on the SVD of the
trajectory matrix, we have 100 eigentriples, ordered by their
contributions (shares) into the decomposition stage. The leading
eigentriple describes the general tendency of the series. Since in
most cases the eigentriples with small shares are related to the
noise component of the series, we need to identify the set of
leading eigentriples. Let us consider the result of the SVD step.
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Fig. 2. Simulated series.

Fig. 4. Matrix of w-correlations for the 100 reconstructed components.

It is clearly seen that splitting of all the eigentriples into two
groups, from the ﬁrst to the sixth and the rest, gives rise to a
decomposition of trajectory matrix into two almost orthogonal
blocks, with the ﬁrst block corresponding to the signal and the
second block corresponding to noise.

Fig. 3. Square roots of the 100 eigenvalues.

A useful insight is provided by checking breaks in the
eigenvalue spectra. As a rule, pure noise produces a slowly
decreasing sequence of singular values. If such noise is added to a
signal, described by a few eigentriples with large singular values,
then a break in the eigenvalue spectrum can distinguish the signal
eigentriples from the noise. Fig. 3 depicts the plot of the square
roots of the 100 eigenvalues for the simulated series.
Six evident pairs with almost equal leading singular values,
correspond to ﬁve (almost) harmonic components of the series:
eigentriple pairs 1–2, 3–4 and 5–6 are related to harmonics with
speciﬁc periods.
The main concept in studying SSA properties is ‘separability’,
which characterizes how well different components can be
separated from each other. SSA decomposition of the series Y N
can only be successful if the resulting additive components of the
series are separable from each other. The following quantity (called
the weighted correlation or w-correlation) [30] is a natural measure
of dependence between two series Y ð1Þ and Y ð2Þ :

rðwÞ
12 ¼

3.1.2. Reconstruction: grouping and diagonal averaging
Reconstruction is the second stage of the SSA technique. As
mentioned above, this stage includes two separate steps: grouping
(identifying signal component and noise) and diagonal averaging
(using grouped eigentriples to reconstruct the new series without
noise).
The problem of ﬁnding a reﬁned structure of a series by SSA is
equivalent to identiﬁcation of the eigentriples of the SVD of the
trajectory matrix of this series, which corresponds to various
oscillatory components and noise. From the practical point of view,
a natural way of noise extraction is by grouping of the eigentriples,
which do not seemingly contain elements of oscillations. Based on
the above information, we thus classify eigentriple 7–100 as a part
of noise. Fig. 5 shows the extracted noise obtained by considering
the eigentriples 7–100.
As it appears from Fig. 5, the noise series, nðtÞ, consists of the
added peaks. This conﬁrms that the SSA technique can be used as a
powerful method for detection of regular or dynamical peaks. Note
that there is evidence that the signal extracted from the TMJ of an
individual with TMD consists of such regular peaks during opening

hY ð1Þ ; Y ð2Þ iw
kY ð1Þ kw kY ð2Þ kw

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
P
ðiÞ ð jÞ
where kY ðiÞ kw ¼ hY ðiÞ ; Y ðiÞ iw , hY ðiÞ ; Y ð jÞ iw ¼ N
k¼1 wk yk yk ði; j ¼
1; 2Þ and wk ¼ min fk; L; N  kg (here we assume L  N=2).
If two reconstructed components have zero w-correlation it
means that these two components are separable. Large values of wcorrelations between the reconstructed components indicate that
the components should possibly be gathered into one group and
correspond to the same component in the SSA decomposition.
Fig. 4 shows the w-correlations for the 100 reconstructed
components in a 20-grade grey scale from white to black
corresponding to the absolute values of correlations from 0 to 1.

Fig. 5. Noise series (eigentriples 7–100).
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and closing of the mouth. Therefore, beside the advantages of SSA
mentioned in the Introduction, SSA can be considered as a suitable
candidate to detect these peaks.
3.2. TMJ signal
We apply the SSA technique to TMJ signal to illustrate the
capability of the technique to detect TMD. In this study, we used 14
subjects. We have four individuals with TMD in the left side of their
faces and the rest are healthy subjects. We only represent the
results for an individuals with TMD and a healthy subject. The
patients used in our experiments were examined by our clinical
expert collaborator.2
Different types of imaging systems may be utilized for diagnosis
of TMD. Arthrography and magnetic resonance imaging (MRI) are
the most popular ones. As the advantages of MRI over arthrography
it is known that MRI is non-invasive, readily obtains multiplanar
images in an inﬁnite array of anatomic sections, and allows direct
visualization of soft tissue components. However, MRI is costly and
it cannot show the perforations of the posterior attachment or of
the disc, and using these images it is difﬁcult to assess accurate jaw
position for the initiation or adjustment of splint therapy. Other
imaging modalities such as computerised tomography are costly,
hazardous and cause discomfort for the patients. Here we captured
the video of subjects’ faces from the left and right sides in frontallateral direction by two cameras (illustrated in Fig. 6).
Each subject was captured performing four cycles of chewing
motion using two high resolution (640  480 pixels) color video
cameras at 30 fps. On average, 400 video frames were obtained per
subject. We placed four blue round markers at the locations of
interest on each subject’s face. The size of each marker is 6 mm. We
used blue color because it was easy to detect in the images due to
the contrast between it and the color of subjects’ faces.
We attached two markers on the TMJ at the left and right side of
the face. We also attached two additional markers of the same
color on nose and chin level (illustrated in Fig. 7).
We used image processing methods to extract the position of
the markers in video frames. The important locations with
signiﬁcant changes during mouth movement are around the
TMJ. Thus we analysed the motion pattern of TMJs marker for each
subject. Therefore, for each marker we obtained a time sequence
representing its movement, in the horizontal direction, in the video
sequences.
Fig. 8 shows the time sequence of a TMJ’s marker for individual
with TMD (left side) and healthy one (right side) in the original
scale. As it appears from Fig. 8, there are different types of nonstationarity involved and it is not possible to detect which series is
related to individuals with TMD through visual inspection of the
signals.
3.2.1. Decomposition: window length and SVD
As mentioned before, for the simulated series L should be large
enough but not greater than N=2. We take L ¼ 40. Based on this
window length and the SVD of the trajectory matrix (40  40), we
have 40 eigentriples, ordered by their contribution (share) in the
decomposition.
Fig. 9 shows the w-correlations for 40 reconstructed components in a 20-grade grey scale from white to black corresponding to
the absolute values of correlations from 0 to 1. It is clearly seen that
the splitting of all eigentriples into two groups, from the ﬁrst to the
ﬁfth and the rest, gives rise to decomposition of the trajectory
matrix into two almost orthogonal blocks, with the ﬁrst block
corresponding to the reﬁned signal and the second block
corresponding to noise.
2

We are grateful to Prof. S. Dunne of the Kings College London, Dental Institute.

Fig. 6. The diagram of cameras and subject position.

Fig. 7. The original image.

3.2.2. Reconstruction: grouping and diagonal averaging
Based on information given for the simulated data we consider
the eigentriples 1–5 as signal component and eigentriples 6–40 as
noise. Thus, we have two groups (m ¼ 2).
Fig. 10 shows the noise series for an individual with TMD (left
side) and a healthy subject (right side) after extracting the signal
from the original series. Large peaks are clearly visible in Fig. 10 for
the individual with TMD.
The analysis of chewing velocity pattern suggested that opening
and closing patterns with obvious peak velocity was signiﬁcantly
more frequent in patients with TMD than healthy subjects. Here
the behavior of the peaks is dynamic, conﬁrming that the series
with this structure in the noise series relates to the individuals
with TMD. Note that the peaks appear in Fig. 10 are the points in
the TMD signal when the individual has a problem during closing
of the mouth. Therefore, we conclude that the noise with such a
structure is related to individual with TMD. In fact, our detection
method is based on the separated noise, not the signal, and the
peaks are important observations.
3.3. Statistical test
To acquire a better understanding of the accuracy of the results,
we designed the following statistical test. In many applications, it
is important to detect the outliers, i.e., unusual abnormal values.
Here outliers can be considered as the peaks in the noise series. In
medicine, unusual values may indicate the diseases (see, e.g., [42]).
One approach to outlier detection is to start with N observations
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Fig. 8. Original time series of TMJ marker from an individual with TMD (in the left) and that of a healthy individual (in the right).

we also used median in place of mean as there are some outliers/
extreme values in our observations. Let mi for i ¼ 1; . . . ; N take
values 1 if jni j  3s in each period of opening and closing the mouth,
and 0 otherwise. Therefore, variable mi follows a Bernoulli
distribution with parameter p. Now a Bernoulli experiment is
performed n times. Here n is four as we consider only four periods,
and also there are, in an ideal situation, two peaks in each period. The
periods are mutually independent, and also p is a constant in each
P
period. Therefore, B ¼ ni¼1 mi has a Binomial distribution with
parameters n and p. The parameter p is estimated by
p̂ ¼

n
1 X
m
2n i¼1 i

(14)

Now we are able to test whether p̂ obtained from a noise series
of an individual is statistically different from expected proportion
p0 or not. Therefore, we consider the following hypothesis
H0 :
H1 :
Fig. 9. Matrix of w-correlations for 40 reconstructed components.

n1 ; . . . ; nN , compute the sample average n̄, the sample standard
deviation s , and then mark a value ni as an outlier if ni is outside the
interval ðn̄  as ; n̄ þ as Þ (for some preselected number a). We can
therefore identify the outliers as those values that are outside the as
intervals (for an application of this method in engineering, see, e.g.,
[43]). Here, we selected a ¼ 3. Unlike the mean, the median is not
inﬂuenced by outliers at the extremes of the series. For this reason,
the median often is used when there are a few extreme values. Here

p̂ ¼ p0
p̂ 6¼ p0

(15)

In an ideal situation p0 is equal to 1 for an individual with TMD
as we are concerned with regular peaks; two peaks in each period.
Thus, if the method recognizes the peaks properly then one should
have p̂ ¼ p0 ¼ 1. Otherwise, one needs to check whether the
discrepancy is statistically signiﬁcant or not. Here we assume that
p0 ¼ 0:95. Table 1 shows the results of the Binomial test for 14
subjects. The ﬁrst four rows are related to the individual with TMD,
labeled TMD, and the rest are healthy subjects. The symbol ðÞ in
Table 1 indicates statistical signiﬁcant difference with p-value
< 0:05. As the results show, the p̂ of healthy individuals are all
signiﬁcant at the 5% level. Therefore, we conclude that the detected

Fig. 10. Noise series (eigentriples 6–40) for an individual with TMD (in the left) and that of a healthy individual (in the right).
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Table 1
The results of the binomial test.
N

Subject

Z

p̂

1
2
3
4
5
6
7
8
9
10
11
12
13
14

TMD
TMD
TMD
TMD
Healthy
Healthy
Healthy
Healthy
Healthy
Healthy
Healthy
Healthy
Healthy
Healthy

8
8
7
6
2
2
1
1
1
0
0
0
0
0

1.00
1.00
0.88
0.75
0.25*
0.25*
0.12*
0.12*
0.12*
0.00*
0.00*
0.00*
0.00*
0.00*

*

Indicates statistical signiﬁcant difference with p-value <0.05.

peaks from noise series of healthy individual are not related to
TMD.
4. Conclusions
In this paper we have established a method based on the SSA
technique for detection of useful information in a noise series, and
applied it as a method for TMD detection. The motion data of
markers placed on the points of special interest on the faces of
several subjects extracted and analysed using the proposed method.
The results illustrated that, in addition to time series analysis
and forecasting, the SSA technique can be successfully used as a
detection method, or at least for extraction of the main signal, and a
ﬁltering technique for processing of the biomedical time series
with irregular behavior such as the data for TMD analysis.
The results also show that we can use the extracted noise for
detection. In fact, we extract a useful pattern for classiﬁcation of
the individuals with TMD and healthy individuals using the noise
series. Therefore, it is established that the extracted noise contains
useful information which can be used for detection.
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