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Abstract — The data in many real-world applications are streamed continuously which causes a variety of problems, e.g. infinitely 
long data streams, concept drift, on-line or real-time classification and noise or outlier samples. Since the size of the data set is 
increasing with increasing data stream duration, the classifier should be updated incrementally without storing the whole training 
set. We present a polynomial classifier that efficiently detects the outliers using the extreme value theory in combination with 
confidence bands derived from regression techniques. This approach makes the classifier suitable for on-line classification, since 
the processing time of the update is negligible with respect to the time required for processing the full training data set. The 
proposed method is evaluated on an unbalanced multi-class gesture database. A comparison of the proposed method with the 
support vector data description classifier shows that it has superior properties. 

Keywords - data streaming; online classification; incremental learning; novelty detection; EVT; confidence bands; polynomial 
classifier; semi-supervised learning. 

 

I.  INTRODUCTION 

The classification of gestures is an important approach to 
the interaction between humans and robots or other 
intelligent systems. Therefore, many methods address this 
classification problem, e.g. [1]. Some of the common 
classification methods for dynamic gestures or actions are 
hidden Markov models [2] and Conditional Random Fields 
[1]. In [3] a semi-supervised learning system is presented for 
recognising gestures of the total body movement. The 
application of the dynamic time warping method to hand 
gesture recognition is described in [4], where acceleration 
sensor data are processed.  

Commonly, a recognition system in human-machine 
interaction is trained on gestures, which are performed by a 
limited number of persons. Although the system is trained on 
all possible classes of the gestures, it often faces difficulties 
in the recognition of gestures which are performed by 
unknown “new” interaction partners. Since the commonly 
used training methods pre-suppose a manually labelled 
training data set, usually the interaction system cannot be 
adapted autonomously to new interaction partners during its 
operation. In many cases, this means the person is enforced 
to learn how the gestures must be performed such that they 
are recognized by the system.  

Also, in some approaches a manual assignment to some 
samples that are used in the updating the classifier is 
possible, a procedure which is called “active learning” [5] 
and which is implemented in [6] for gesture recognition. 
These techniques solve just a part of the problems which is 
using all or some of the unlabelled data to retrain the 
classifier but it still needs all the old data in the retraining 
process.  

Instead of enforcing the persons to limited ways of 
performing the gesture, we supposed the model should 
update itself autonomously to new partner’s gestures. The 
semi-supervised learning scenario is used to do that. Initially, 
the classifier is trained with a small labelled data set and then 
updated using the labels assigned by in the next training [7] 
after excluding the outliers.  

Consequently, the system is desired to be automatically 
updated on-line, i.e. the classifier is updated incrementally, 
without storing the old data, on the newly assigned data 
during its operation without human intervention. By adding 
the ability of distinguishing real gestures from random 
movements, it is possible to update the classifier to new 
persons or new gestures fully autonomously. Furthermore, 
the usage of labels that are assigned by the classifier without 
human intervention requires that these labels are believable, 
i.e. the outputs of the classifier should have additional 
measures for the confidence.  

In [8] a method of gesture recognition is proposed that 
uses the Walsh transformation but unfortunately, it cannot be 
updated incrementally and it has no outlier detection feature, 
whereas most algorithms solve either the incremental 
learning problem, e.g. [9], or the novelty detection problem, 
e.g. [10]. Additionally, the existing novelty detection 
methods need additional manually labelled data to set the 
novelty thresholds, which are not available in case of semi-
supervised techniques. The proposed algorithm, in contrast, 
handles all the problems of the streaming data, e.g. semi-
supervised learning, incremental learning, novelty detection, 
unavailability of additional labelled data for the threshold 
setting, and autonomous classifier update. Since the SVDD 
approach described in [11] is incremental and has the ability 
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to detect outliers, its results are used as a reference to our 
results. Section II-C describes the SVDD in more detail.  

This study enhances a system for classifying emblematic 
gestures. The system is initially trained only on a small 
database which consists of a limited number of persons. It is 
then extended to other persons by adding the automatically 
labelled samples to the training data set. The manual 
labelling is required only for the persons in the initial 
training set and the other gestures which belong to either the 
known persons or unknown persons are assigned labels 
without human intervention. A compact feature 
representation of gestures is used to reduce the time of 
processing, which helps in the on-line update procedure. 
Furthermore, the proposed classifier has the ability to detect 
novelties and to reject outliers or random movements. This 
novelty detection is based on two techniques, namely 
extreme value theory (EVT) [10] and confidence bands [12]. 
The proposed algorithm is evaluated on a gesture database 
recorded using the Kinect sensor. The database consists of 9 
different classes. A small number of persons are used in the 
initial training and the system is then extended to more 
persons by semi-supervised learning. In addition, we 
excluded one class from the initial training and added 
random movements to the learning set in order to evaluate 
the ability of rejecting outliers or unknown classes.  

II. REFERENCE METHODS 

A. Polynomial Classifier 

According to [13], the matrix form of the discriminant 
function of the polynomial classifier is 

TH   (1)

where β and T are the model parameters matrix and the 
target output of the classifier, respectively. H is the vector of 
polynomial basis features which is computed from the input 
feature vectors x


and depends on the polynomial degree k 

(see [13] for details). One possibility to obtain the solution is 
to minimize the residual of (1), i.e. TH  . Since (1) is a 
linear system of equations for the output weights (similar to 
the equation of the extreme learning machine [14]), the 
model parameter estimation is possible using the pseudo-
inverse of the polynomial basis matrix according to H† = 
(HTH)-1HT [15]: 

TH  †̂  (2)

The pseudo-inverse H† can be computed using the 
singular value decomposition (SVD) [15]. The calculated 
values of ̂  and H† are used in (1) to estimate the labels of 
the new samples. 

B. Extreme Value Theory (EVT) 

Normally, the conventional approaches of the novelty 
detection require an additional set of labelled data (validation 
data) to estimate one threshold or a set of class-wise 
thresholds or it uses the cross-validation technique. 
However, in our case we assume that there is no sufficient 

amount of labelled data and the cross-validation techniques 
are not suitable for on-line classification, since they require a 
considerable amount of time to estimate the thresholds. 
Moreover, all old data are required to update the thresholds, 
since they are highly related to the training data distribution. 
The extreme value theory (EVT) presented by [10] and [16] 
avoids such problems. According to [10], [16], the EVT is a 
statistical theory used to simulate the extreme values in the 
tails of one-dimensional probability distributions, i.e. 
maxima or minima. For m i.i.d. n-dimensional samples 
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 is more extreme than x


max  given that 
the set χ is the extreme value probability (EVP) which is 
expressed as )max()|( xxPxPEV


 . The extreme value theory 

has three types of distributions according to the Fisher-
Tippett theorem [17], which are the Gumbel distribution, the 
Weibull distribution, and the Frechet distribution [10]. The 
EVP of a one-sided normal distribution with D= | (0,1)|can 
be modelled using the Gumbel distribution according to [10] 
and [16]. As described in [16], the Gumbel distribution for a 
one dimensional variable x corresponds to  
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and the scale parameter 

.))ln(2( 5.0mm  (5)

Both parameters of the Gumbel distribution depend only 
on m, i.e. the number of samples drawn from D [16]. The 
effect of the amount of training data on the final results is 
reduced by these parameters, leading to constant thresholds 
even when the number of samples is changed.  

One threshold Pth is simply defined based on the extreme 
values of the known classes. The sample is indicated as 
novel if its value of PEV exceeds Pth. As apparent from (3), 
the threshold in EVT, in contrast to conventional thresholds, 
does not depend on the distribution of the classes and it has a 
straightforward statistical interpretation [10]. 

C. Suport Vector Data Description (SVDD) 

The support vector data description (SVDD) method 
proposed in [18] is a kernel-based technique used to detect 
the outliers of one known class. The novelty detection is 
implemented by enclosing all possible samples of the known 
class with minimal hypersphere volume. An incremental 
version of the SVDD is proposed in [11] to give the ability to 
add or remove samples to/from trained classifier. More 
details about the evaluation of the SVDD can be found in 
[18]. Since the SVDD has several limitations for large 
training data due to the optimization process [19], several 
extensions are proposed in different applications (e.g. [19]). 
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D. Confidence Bands 

Models which are adapted to noisy measurements differ 
for each acquired set of data. The confidence band is a 
measure or the probability that encloses all models derived 
from limited or noisy data [12]. Confidence bands are 
applied in many approaches (e.g. [20]). The confidence 
bands of the polynomial classifier are used for semi-
supervised learning in [21], [22] to detect noisy samples or 
outliers. 

III. THE PROPOSED ALGORITHM 

The proposed algorithm is an extension of the work in 
[23], which incorporates the techniques of incremental 
learning and novelty detection. Additionally, novelty 
detection is achieved by using the EVT and the confidence 
band interval techniques. 

A. Incremental Learning Phase 

The incremental training of the polynomial classifier as 
described in [13] (which is similar to the analytical form of 
updating the extreme learning machine developed in [24]) is 
adopted here, where  

 M = HTH  and  P = HTT. (6)

and hence β = M-1P. (7)

The dimension of the matrix M is L × L and the 
dimension of P is L × c, where L denotes the number of 
variables in the polynomial basis vector and c the number of 
classes. Assume that m(0) is the number of labelled samples 
for initial training. Then M(0) = HT

(0)H(0) and P(0) = HT
(0)T(0) 

are computed according to (6). It is thus β(0) = M-1
(0)P(0). The 

polynomial classifier can be incremented using either sample 
by sample or chunk by chunk. If the chunk k+1 has 

m̂ samples x

ˆ then the polynomial basis matrix 

Ĥ corresponding to this chunk of data is computed [13]. 
Using Ĥ in (6) yields HHH ˆˆˆ T and THP ˆˆˆ T for the new 
data, leading to 

MMM kk ˆ)()1(  and ,ˆ)()1( PPP kk   (8)

and following (7) the incremented model becomes 
PM kkk )1(

1
)1()1( 


  [13]. 

B. Novelty Detection Phase 

1) Novelty Detection Using EVT 
In the training phase, the labels of the samples are 

supposed to be perfectly known, i.e. the probability that a 
sample belongs to a different class than the labelled one is 
zero and the probability of belonging to the correct class is 
one. The probabilities of all classes are collected in the the 
label vector. Hence, the ideal output vector of the polynomial 
classifier should follow the same values, i.e. all values are 
close to zero except the place of the class that the sample 
may belong to, which is around one. The trustiness of the 
classifier output decreases with an increasing deviation of the 
output values from the desired target output vector. 
Additionally, the absolute difference between the polynomial 

classifier output and the desired output is generated from a 
one-sided normal distribution with a mean of zero since the 
least-squares estimate is bias-free. Moreover, we divide these 
values by the standard deviations of the residuals in the 
training phase, which corresponds to the square root of the 
mean squared residual. This leads to a one-sided normal 
distribution (0,1) of a mean of zero and a variance of 1.  

The labels of the training data set D can be estimated by 
using (1) and substituting (2) 

D = H(HTH)-1HTT. (9)

The predicted value for each class is given by a column 
of D, i.e. the number of columns in D corresponds to the 
number of classes. If d c


denotes the vector of the predicted 

values and t c
 the vector of the target values of class c, then 

the sum of the squared residuals is given by 

   tdtdr cc
T

ccc
   (10)

 tttt c
T
cc

TTT
c HHHH   1)( . (11)

Noticeably, HTH=M, and t c
TH  is the c-th column of P. 

Therefore, the first summand on the right side of (11) can be 
incremented using (8). Consequently, the term tt c

T
c
 is the 

sum of the squared target values and it can be incremented 
simply by adding the squared target values of the new 
samples. The standard deviation of these residuals is the 
square root of rc after dividing it by the number of samples. 
The result will be a class-wise standard deviation of the 
different models that is produced by the polynomial 
classifier. As mentioned above, the absolute difference of the 
polynomial classifier output in the test phase and the target 
(“ideal”) values originates from a zero-mean one-sided 
normal distribution and will be of unit variance if it is 
divided by the class-wise standard deviation. Thus, it will fit 
the Gumbel distribution of the EVT [16]. Consequently, the 
highly believable samples should have Pev = 0 and the ideal 
novel sample should get Pev = 1. A threshold of Pth = 0.9 is 
defined and the sample is indicated as novel if at least one 
class detects a novelty. Additional conditions should be 
fulfilled to use the sample in the next training set. The label 
is considered untrustworthy if any class detects the novelty. 
Moreover, the ideal difference between the highest and the 
second highest output is one. Hence, a second threshold is set 
for this difference and the sample is considered 
untrustworthy if this difference is less than 0.5. All 
untrustworthy samples are excluded from the next training 
set. 

2) Novelty Detection Using Confidence Band 
Since the polynomial classifier output is a linear 

combination of the polynomial basis features, the confidence 
bands of the polynomial classifier output decision can be 
estimated in the same way as for a multivariate linear 
regression function. According to [12], the confidence band 

)(qη


 of a linear multivariate regression q


 for a test sample 

x


 amounts to 
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where )()( xxr iii td   represents the residual of the sample 
i, v = m - Np is the number of degrees of freedom, NP is the 
number of free model parameters and tv,α denotes the critical 
value of the t-distribution which is a function of v and the 
probability threshold α. The detailed mathematical 
expressions are provided in [12]. They are used in [21] in the 
context of semi-supervised gesture classification. Here, the 
number of free parameters Np corresponds to the number of 
polynomial basis features. Since HTH = M and the residuals 

)()( xxr iii td   appear in the squared sum in (12), (8) and 
(11) are applied to update the confidence bands 
incrementally. The standard value of α = 0.05 [12] is used. 
The sample x


is considered novel if the inequality 

))()(()()( 2121 xxzxx ηηdd


  (13)

is fulfilled, where )(1 xd


and )(2 xd


correspond to the first 
and second largest decision values in the output of the 
polynomial classifier for the sample x


and )(1 xη


and 

)(2 xη


are the confidence band widths of )(1 xd


and )(2 xd


, 
respectively (condition (13) is proposed in [25] in the context 
of semi-supervised learning). z is a constant (here set to z = 
180).  
Finally, the sample x


is considered as novel only if both 

conditions, i.e. the EVT and confidence band, indicate it as 
novel. 

IV. DATABASES 

A. Gesture Data Set 

Examples of gesture databases are [26] and [2]. Both 
hands are used simultaneously within the gestures in the data 
set in [26]. Two asynchronous cameras are used to compute 
the 3D gestures in the database in [2]. To avoid the 
complexity of using two hands in the gesture or using two 
cameras, we adopted the gesture database used in [22]. This 
database consists of 3D trajectories of the gestures, which 
were recorded using the Kinect sensor 1 . The spotting 
algorithm [27] is used in this database to segment the 
trajectories. Each segment consists of three repetitions of a 
gesture. Here, these repetitions are segmented into individual 
gestures. Then the number of gestures is 2878 in total. The 
gestures were performed by 10 persons. The classes are 
similar to those in [2], [6] and correspond to “come here”, 
“go away”, “up”, “down”, “circle”, “point”, “through”, 
“wave vertically”, and “wave normally”. The first 6 features 
are adopted from [22] but the last 2 features are modified. 
The 7th feature is the total length of the gesture and the 8th 
feature is a code that represents the main direction of the 
gesture in the space, which is calculated as follows:  

                                                           
1  The complete data set is available at http://www.bv.e-

technik.tudortmund.de 

1. The principal components of the 3D trajectory of 
each gesture are computed. If λ2 > 0.6λ1, where λ1, 
and λ2 are the largest and second-largest eigenvalues 
of the covariance matrix of the gesture, then the 
gesture is considered as a two-dimensional gesture 
and both components are kept. Otherwise, it is 
considered one-dimensional and only the largest 
component is kept.  

2. The signs of the velocities of the projected gesture 
on the new coordinates are computed.  

3. A zero value is assigned to the principal components 
that are not selected in step 1. The other principal 
components are assigned a value of 1, 2 or 3 
depending on the number of positive signs in the 
direction of the principal component. A value of 1 or 
2 is assigned to the component that has more than 
80% of the gesture length of positive or negative 
velocities, respectively. Otherwise, no predominant 
direction is considered and a value of 3 is assigned.  

4. These values of the three components are interpreted 
as a 3-digit base 4 number. The decimal value of this 
number represents the direction of the gesture.  

This feature set turned out as more reliable than other 
extensive feature sets used in the literature, e.g. [28], where 
position, speed, direction, orientation, curvature, chain code 
and other features are included. Additionally, reducing the 
number of features to only 8 leads to a reduced 
computational complexity and that is beneficial for learning 
infinite data streams.  

B. Iris Data Set  

The well-known Iris data [17] is also used here to 
evaluate the proposed classifier. It consists of three types of 
species of Iris flowers. For each type of Iris 50 samples are 
available and each sample is represented by four features. 
One of these classes is non-linearly separable from the other 
two classes. Since, this data set is well-known in the machine 
learning field; it is used to show the ability of the proposed 
algorithm to separate non-linearly separable distributions. 

V. EXPERIMENTAL SET-UP 

Although the version of the SVDD algorithm described 
in [11] is incremental, it still requires all old data for 
computing the kernel of the new samples. Additionally, to 
use the incremental SVDD algorithm we need additional 
labelled data, which are called validation data, to compute 
class-wise thresholds. Since the SVDD algorithm is well-
known, it is used here for comparison with the results of the 
proposed algorithm. We used the incremental version of the 
SVDD which it is implemented in the PRToolbox2 . Both 
classifiers have the ability to detect outliers and are updated 
incrementally. Hence, we used them in the semi-supervised 
process to compare their results. We created three disjoint 
data sets: the initial training set, the learning set and the 
independent test set are produced by randomly dividing the 
databases. In the case of the gesture data set, which has 2878 
samples of nine classes, it is divided into fractions of 25%, 

                                                           
2  PRTool is available at http://prtools.org/software/ [29] 
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50%, and 25%, respectively. The Iris data set is divided into 
fractions of 40%, 30%, and 30%, respectively. Each class is 
divided into the given fractions separately to ensure that all 
sets include all classes with specific fractions. Since the 
classes in the original gesture database data are unbalanced, 
i.e. they have different numbers of samples; each produced 
set will be unbalanced. The novel class or outliers are 
simulated by excluding one class from the initial training set. 
Additionally, to emulate the data streaming, the learning data 
set is subdivided into “buckets”, each of which consists of 
100 samples in case of the gesture data set and 5 samples in 
the case of the Iris data set.  

Each classifier is trained using the initial training set and 
adapted using the buckets of the learning set, respectively. 
They are evaluated by computing the accuracy and other 
measures based on the test set. The buckets of the learning 
set are sequentially presented to the classifiers to update 
them incrementally after removing the samples which have a 
low reliability. Since the classifiers have different outputs, 
they will generate different training sets. This process is 
continued until the last bucket in the learning set has been 
classified. The semi-supervised learning process is controlled 
by two flags. The first flag indicates outliers and the second 
flag indicates trusty labels. Only trusty labels are used in the 
next training. The first flag is set if both conditions of 
novelty, i.e. the EVT output and the confidence band 
condition, indicate a sample as novel, whereas the second 
flag is set if it is not indicated as novel by any of the novelty 
conditions but the difference between the winner class and 
the second class exceeds 0.5.  

As mentioned above, the training data sets of the 
classifiers may develop differently, i.e. they may have 
different sizes and may contain different samples or labels. 
This behaviour is due to the fact that each classifier may 
indicate different samples as outliers and may assign 
different labels to the same sample. This will lead to a 
different handling of the data and will have an effect on the 
processing time. Since the data are randomly divided, the 
whole experiment was repeated 100 times for each class, i.e. 
each class was considered a novel class in 100 runs, 
respectively. Notably, identical data sets were ensured for 
both classifiers during the total of 900 runs of Gesture data 
and 300 runs of Iris data.  

Since the data are multi-class, we cannot use the 
commonly applied sensitivity and specificity measures to 
evaluate the ability of detecting novelties. Instead, we adopt 
the novelty detection metrics proposed by [30] for this 
purpose. These metrics are Mnew, Fnew, and Etotal, which 
represent the fraction of missed novel samples, the fraction 
of samples belonging to known classes indicated as novel 
class by the classifier, and the total misclassification rate, 
respectively. These metrics are computed according to  

 Mnew = 100· Fn/Nn   (14)

 Fnew = 100· Fp/(N - Nn) (15)

 Etotal = 100· (Fp+Fn+Fe)/N (16)

 

 
The value of Fn corresponds to the false negatives for one-
class classifiers, which is the number of the outliers that the 
classifier misses. Nc represents the total number of the 
outliers within the total set of N presented samples. The 
number of false positives for one class classifiers is given by 
Fp and is the number of samples of known classes incorrectly 
indicated by the classifier as outliers, Fe is the number of 
samples belonging to a known class and assigned to an 
incorrect known class. From (16) we notice that Etotal is not 
necessary equal to the sum of Mnew and Fnew [30]. 
Furthermore, we compare the total processing time to show 
that the proposed approach is suitable for on-line 
classifications. 

VI. RESULTS 

Since the proposed algorithm performs many tasks 
(incremental learning, outlier detection, and recognition in a 
multi-class system); we cannot evaluate it by computing one 
single quantity denoting the accuracy. Hence, we used four 
measures to evaluate the system. The incremental updating is 
evaluated by computing the processing time (total time 
required for training and testing) of each classifier. The 
successful semi-supervised learning should not accept any 
outlier in the training; hence we evaluate the ability of 
detecting the outliers by computing Mnew for each classifier. 
In contrast, rejecting a large number of samples leads to a 
small amount of new data, which means that not much new 
information will added to the classifiers. The error of 
rejecting samples belonging to the known concept is 
evaluated by computing Fnew. Mnew and Fnew correspond to 
the false negative and false positive rates in the one class 
system, respectively. Finally, we evaluate the classifier by 
computing the total error Etotal which contains the above two 
types of error in addition to the error of misclassifying a 
sample of a known class as belonging to the wrong known 
class.  

A very important factor is the runtime of the proposed 
classifier. It is evaluated using the explained experiments and 
compared with the runtime of the SVDD classifier. The 
difference between the processing times is quite clearly 
apparent from Fig. 1(a) and 1(b) (the dashed lines denote the 
25% and 75% quantiles in all figures). It requires just some 
milliseconds to update itself for one bucket and is thus 
suitable for incremental learning. To implement the 
autonomous updating successfully, the classifier should be 
able to indicate the samples which are dissimilar to the 
concept learned by classification system. The missed 
indication of these samples is summarised by the value Mnew, 
which means that it should be as small as possible to reject 
all outliers from the training set. It is exactly equal to zero for 
the proposed algorithm which means that all outliers in both 
data set are detected. Although the median of Mnew of the 
SVDD classifier is zero, the 75% quantile exceeds 30% of 
the total number of outliers in the case of the gesture data as 
shown in the Fig. 1(c) and it corresponds to 20% with a 75% 
quantile of more than 40% for the Iris data (Fig. 1(d)).  

The value Fnew summarises the number of samples that 
belong to known classes but are indicated as outliers by the 
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classifier. It affects only the size of selected data for the next 
training period, i.e. it is not critical if some samples 
belonging to known classes are rejected. This behaviour may 
occur because such samples lie on the border of the class. 
Figs. 1(e) and 1(f) show the value of Fnew of the proposed 
algorithm, which starts higher than that of the SVDD but 
decreases with successive updating and becomes lower than 
that of the SVDD. This means that additional information is 
added to the classifier by the semi-supervised learning. The 

other important measure in semi-supervised learning, the 
total error rate Etotal, should decrease with increasing amount 
of training data, which is shown in Figs. 1(g) and 1(h) for the 
proposed algorithm. This means that the classifier extracts 
new information from the new unlabelled data. In contrast, 
the total error rate of the SVDD classifier slightly increases 
with increasing amount of data, which may be due to the 
continuous acceptance of some outliers. 

(a) Time: Gesture data (b) Time: Iris data 

(c) Mnew : Gesture data (d) Mnew : Iris data 

(e) Fnew : Gesture data (f) Fnew : Iris data 

(g) Etotal : Gesture data (h) Etotal : Iris data 

Figure 1.  Accuracy metrics of the classifiers: (a)–(b) Time consumed by each classifier for the gesture and the Iris data set, respectively. (c)–(d) The rate of 
missed novelties Mnew for the gesture and the Iris data set, respectively. (e)–(f) The rate of false detections Fnew for the gesture and the Iris data set, 

respectively. (g)–(h) The total error Etotal for the gesture and the Iris data set, respectively 

VII. SUMMARY AND CONCLUSION  

An incremental polynomial classifier has been applied in a 
semi-supervised learning scenario. The classifier is initially 
trained with a small data set. It has the ability to update itself 
without requiring manually labelled data. The proposed 
algorithm is evaluated on a data stream of emblematic arm 

gestures mixed with a high number of outliers or samples 
belonging to unknown classes. The outlier samples are 
rejected based on the EVT in combination with the 
confidence bands of the classifier. Hence, no additional 
manually labelled data required. Additionally, the EVT 
allows for deriving class-wise thresholds in the examined 
multi-class scenario. 
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