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Abstract

Named Entity recognition (NER) is the essential topic in the real world during the advanced
development of technologies. Hence, in this paper, to develop Enhanced Conditional Random
Field-Long Short-Term Memory (ECRF-LSTM) for NER in English language. The proposed
ECRF-LSTM is combination of Conditional Random Field-Long Short-Term Memory (ECRF-
LSTM) and Arithmetic Optimization Algorithm (AOA). This proposed method is utilizing to
NER from the English texts. The proposed method is working with three phases such as pre-
processing phase, feature extraction phase, and NER phase. Initially, the datasets are collected
from the online system. In the pre-processing phase, removal of URL, removal of special
symbol, username removal, tokenization and stop word removal are done. After that, the
essential features such as domain weight, event weight, textual similarity, spatial similarity,
temporal similarity, and Relative Document-Term Frequency Difference (RDTFD) are extracted
and then applied for training the proposed model. To empower the training phase of CRF-LSTM
method, AOA is utilized to select optimal weight parameter coefficients of CRF-LSTM for
training the model parameters. The proposed method is validated by statistical measurements and
compared with the conventional methods such as Convolutional Neural Network- Particle
Swarm Optimization (CNN-PSO) and Convolutional Neural Network (CNN) respectively.

Keywords: named entity recognition, pre-processing, feature extraction, long short-term memory
and arithmetic optimization algorithm.

1. Introduction
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“Named Entity Recognition (NER)” is a troublesome and significant process in conventional
language manipulation. The NER must recognize named elements, for example, individual, part,
link from unconfigured text, converting free text into integrated [1]. For a time, for example,
query address and information retrieval, the NER system was used to manipulate data each time
[2]. Therefore, NER's show will directly affect the public view of these significant works. In
addition, experts, especially those contributing from a medical, contextual, and terrestrial
context, need to identify the name components that have been recorded as hard copy for further
study [3]. For example, simply deleting parts of geography and displaying them in electronic
assistants will help individuals make better use of composite and musical composition. Of late,
the NER has been extensively explored [4]. The progress of the NER framework is deeply
related to the progress of the conventional language dealing with the system. During the 1990s,
rule-based formal language control methods [5].

These procedures are used to manage some direct issues. Incidentally, however, rule-based
practices are challenging to move between powerless variations and holes [6]. In NER models,
conventional evaluation methods such as Hidden Markov Model (HMM), Conditional Random
Field (CRF), Naive Bayes classification can also be taken. However, these models rely on the
outrageous elements of resources and classification. Of late, deeper brain structures give a more
reasonable course of action. By learning the modifiable components of a vast extension corpus,
deep neural structures can control the features of hollow faults [7]. In this perspective, some
forward tabs are shown in multiple attempts, for example, message processing, punctuation,
naming component approval, information retrieval, inquiry address structures and, of course,
researchers worry about better news program and custom language arrangement. Images in the
upper tier vector space [8].

A key component of the NER system is Al procedures, which generally deploy some way of
perceiving and integrating NERs in terms of data. Authorized learning practices, for example,
HMM, Maximal Entropy Model (ME), Decision Tree (DT), CRF, Artificial Neural Network
(ANN), NB, support vector machines (SVM) have been studied for developing NER models.
Under the most essential news portrayal and modeling program, the introduction of the NER
system could be enhanced in a general sense [9]. However, there is still a gap between the
capabilities of the NER system and the business needs. Since the size of NER information sites is
often small, beautifying NERs in light of deep brain structure is not a fun issue. In these ways,
although it is difficult to find new words, it is easier for the model to identify recently displayed
words [10]. Consequently, in order to obtain consistent processing, the model must have a very
basic hypothetical capability. Advanced learning and aided learning techniques such as the
“Genetic Algorithm (GA), Particle Swarm Optimization (PSO), Grey Wolf Optimization (GWO)
and Whale Optimization Algorithm (WOA)” are used to operate the productive NER.

2. Literature Review



Various strategies for NER in English texts are being developed by researchers. An area of
strategies is explored in this section.

Yao Chen et al., [11] have developed three models of CRF, “Bi-directional Long Short-Term
memory-CRF (BiLSTM-CRF)” and lexical element-based BiLSTM-CRF (LF-BiLSTM-CRF).
ADR-related components for the underlying causes of treatment drugs used and ADRs of
Chinese ADERs. In the absence of a clear corpus for ADR research, extensive efforts have been
made to understand the free discourse associated with ADR, especially in the Chinese language,
as in other explicit districts. This model accomplished comparative first-class presentations for
each type of object view, in which the LF-BiLSTM-CRF performed better with external direct
lexical areas supported as BiLSTM-CRF. Tri-item impacts demonstrate enhanced ability to
integrate into BILSTM-CRF and CREF, creating cases with reliable pseudonyms from unlabeled
data and extending data to provide tests when predetermined data is defective. They have
proposed the similarity of applications and tri-product models of the lexical part which could
replace by how much data and parts in the communication companies.

Luka Gligic et al., [12] have introduced neural networks (NNs) that deal with these issues for
nominal substance approval, which scored 94.6 F1 on the I2B2 2009 clinical extraction
challenge. To achieve this, bootstrap the NN models by figuring out how to move the word
implant in a preferred labor performed on a large arrangement of undefined EHRs, and use the
subsequent installation to set the reason for the NN configurations. Part I2B2 was tested and 82.4
F1 was further approved in providing links between clinical guidelines as well.

Ivan Lerner et al., [ [13] have developed a word-for-word design for UMLS and SNOMED.
Then, at that point, at that point, the Bidirectional - Gated Recurrent Unit - Conditional Random
Field (biGRU-CRF) uses word-based structure evaluation as parts of the biGRU-CRFand
biGRUCREF. In French, the organized APcNER is a corpus of 147 reports (drug names,
symptoms or side effects, diseases or complications, symptoms or laboratory tests and
treatments) depicted in 5 subjects. Here, each NER system is evaluated using an F-level accurate
and fragmentary fit article for the NER. There are 4,837 things in APcNER that need 28 hours to
clarify. The feedback rating rated by Cohen Kappa was critical for infinite fit (K = 0.61) and
moderate rationality for perfect fit (K = 0.42). They have evaluated the NER structure in the
12b2-2009 drug challenge for drug name approval, which included 8,573 parts for 268 reports,
and reduced the i2b2-small description to streamline the scale of the APcCNER numbers.

Bin Ji et al,[14] has provided social collaboration of two brain structure model-based
calculations, including two BiLSTM-CRF models and one CNN model. To manage the problem
of target visual display database restriction and lack of object exchanges, provide non-target
visual databases and propose model transfer learning of syntactic brain structure. Use word2vec,
GloVe and ELMo to insert the Chinese individual's pre-made medical space in the brightness of
30,000 real CEMRs, and get them exclusively to learn about changes in pre-made language



models in the Chinese medical NER. Also, use the Gated Recurrent Unit as a control test. In the
long run, our framework comes with all the things that make up the F1-score of 8§7.60%.

Yuan Li et al, [15] have introduced a dynamic insertion technique in the light of dynamic
consideration, which combines the features of both person and word in matching layers. Partial
information was provided by the word vector generated by the space database. Similarly, spatial
consideration was added to upgrade the model to obtain more successful system encryption data.
Finally, direct wide choices to reveal the reliability of the calculation generated. Examines the
CCKS2017 and shows the measurement technique proposed for the general database.

3. Problem definition

NER has become an important decision in the NLP from its potential applications to various
sectors. Nevertheless, the development of new works is required, which will undoubtedly be
more precise and effective than current practices. English languages use the SOV (Subject
Object Verb) word requirement because the English NER framework cannot be used directly due
to the lack of top cover, attributes, default and font types.0

In past work in the field of NER in English, researchers have shown that it is challenging to
construct a completely rule-based framework for English dialects, and it is difficult to achieve
great truth as significant assets are less accessible in Indian languages. NER Framework. In this
way, it is essential to develop a novel and accurate Indian NER framework.

The performance status in the NER framework for the English language creates close human
execution. It is, however, not much done in NER for English dialects in the formation of the
Indian language and the accuracy of the Indian NER is lower than with English. The current
selection is a step towards achieving accuracy in the English language NER, which is closer to
humans than many consider possible. In this light, the current choice to create a common model
for each English language NER is triggered [16]. To further develop a model, which can be
applied to the NER of some other languages, as stated below with minor modification. The basic
challenges are introduced as follows,

Some of them are:

No top cover - English dialects require top caching data, which does a significant job of
differentiating companies named in English.

Massive Gazette Inaccessibility - Web hotspots for naming arrangements (e.g., fixing personal
names, city names, etc.) are expected to be assets for NER. It is, however, only accessible to
English elements and not accessible in Indian dialects, resulting in direct interpretation of one or
the other or the compulsion to produce such gazettes.



Normalization and lack of spelling - Indian personal names are enormous, distinct and can be
found in most of these words with obvious influences on vocabulary. Also, part of these names is
used in addition to ordinary things.

Navigation Language - English dialects offer rich and highly experimental sets of etymological
and factual features that bring up long and complex vocabulary systems.

Lack of assets and tools - English dialects, unfortunate language - comments on corpora,
excellent morphological analysts, POS taggers and many more are not yet accessible enough.

4. Proposed methodology

NER is a difficult errand that concentrates named elements from unstructured text information,
including news, articles, social remarks, and so on The NER framework has been read up for a
really long time. As of late, the improvement of Deep Neural Networks and the advancement of
pre-prepared word installing have turned into a main thrust for NER. To develop ECRF-LSTM
for NER in English language is proposed in this paper. The proposed ECRF-LSTM is
combination of ECRF-LSTM and AOA. This proposed method is utilizing to NER from the
English texts. The proposed method is working with three phases such as pre-processing phase,
feature extraction phase, and NER phase. Initially, the datasets are collected from the open-
source system. In the pre-processing phase, removal of URL, removal of special symbol,
username removal, tokenization and stop word removal are done. After that, the essential
features such as domain weight, event weight, textual similarity, spatial similarity, temporal
similarity, and RDTFD are extracted and then applied for training the proposed model. To
empower the training phase of CRF-LSTM method, AOA is utilized to select optimal weight
parameter coefficients of CRF-LSTM for training the model parameters. The proposed method is
validated by statistical measurements and compared with the conventional methods such as
CNN-PSO and CNN correspondingly. The complete projected technique is illustrated in figure 1.
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Figure 1: Block diagram of the projected technique

The objective and contribution of the research is presented as follows,

R/
A X4

e

There are several models for NER, for example HMM and RF and many more models
that will help in the analysis of the results using these models.

Separating the information in the limited imagery from the text is an undeniable
challenge for the PC / machine. Manually estimating these boundaries is disgusting and
difficult, and requires a large number. A planned evaluation of the finite representation of
information is another confirmation of this choice.

Information about the labeling of the language master is required as the labeled text
requires text-to-border rating. The marked corpus, built into the exam, can partially
overcome the unfortunate restrictions on the property of many dialects. The largest rated
corpus created for English can be used by other scientists for their research purposes.
Organized learning requires uninterrupted labor in the development of the named corpus,
and a framework has been developed to alleviate this problem. Using this module
different scientist may have the option to create their own marked corpus with minimal
human effort.

4.1. Preprocessing model

The pre-processing step is utilized to remove the unwanted texts from the collected input

data and change the text into a numerical formulation for achieving the best event forecasting.



Removal of URL

In the removal of URL, any kind of link that is presented in the collected database, it does
not require for named entity recognition is removed.

Removal of special symbol

This step is utilized for removing different symbols which are not required for forecasting
1.e., punctuation marks.

Username removal
This step is utilized to remove the user’s name starts with @username [17].
Tokenization

Tokenization is the procedure for dividing the texts and sentences into different portions
which are named tokens.

Normalization

If the collected sentence has the white space, based on that the normalization process is
enabled. Normalization is a procedure of changing the dataset from input data into words which
improves accuracy. It changes the words into a normal design by operations that able to
manipulate data. Normalization enhances text matching by considering different parameters such
as abbreviations, type of writing, and synonyms of some words.

Stop word removal

The stop word removal step is utilized to remove the stop word from the text. At last, the
stemming process is returned to the root by computing the suffix and prefix of the word. If the
word is related to a set of letters that have an interest in separation.

Stemming

Deleting the prefixes and additions of each word converts the correct inflection types of
some words to a similar source. For example, there is a so-called normal root or root segment
that meets sets aside and includes all of the parts.

Based on the pre-processing stage, the required texts are collected and unwanted features
are removed from the input text. Stop word removal is a procedure to remove the stop word from
the input text such as 'an’, 'the’, and 'a’, 'this'" and 'that'. The synonyms of words are separated with
the consideration of pre-processing stage.



4.2. Feature extraction stage

The feature extraction phase is essential to predict the civil unrest protest event from the
input text data. In this paper, different types of feature extraction are utilized such as domain
weight, event weight, textual similarity, spatial similarity, temporal similarity, and RDTFD
features.

Domain weight

The domain weight is quantifying the word’s ability in denoting a targeted domain. The
targeted domain twitter set and open domain twitter data are given then domain weight is
calculated as the product of two terms such as normalized term frequency of word [18] in the
targeted domain set and inverse text frequency of the word in open domain set which is
presented as follows,

F(W,T)
max{F(W,T):WeT}

X lg(—__) (1)

|{aeT:Wea}|+1

C(W,P) =

Where, ¢(W, P) can be represented as domain weight, T can be represented as input data,
f can be represented as the frequency of input data and W can be described as a word.

Event weight

Event weight is utilized to quantify the word in distinguishing events from other events in
a similar domain [27]. It is calculated as the product of two parts such as term frequency of a
word in the event and inverse text frequency of a word in an event which presented follows,

F(W,T)
max{F(W,T):WeT}

x Ig(—el__y )

|{aeT:Wea}|+1

E(W,P) =

Where, E(W, P) can be represented as event weight, T, can be represented as input data,
f can be represented as the frequency of input data and W can be described as a word.

Textual similarity

The textual similarity is computed among names and domain. This textual similarity is a
product of words such as name weight sum and domain weight sum.

TS = Zwe(dynwc) C(W,P) x Zwe(dynwex)E(W' P) (3)

Where, x can be considered as an event, y can be described as a input data, d, can be
represented as a context of the input data, we event of x are considered when calculating the input
data weight time and ex can be described as domain word set when computing the domain
weight time.



Spatial similarity

The spatial similarity among word y and word x is computed by two factors such as
spatial influence scope of word and distance among event occurrence location and word location.
The spatial influence for event x is designed with Gaussian distribution which is presented as
follows,

Qx,y = N(ly' Zx,y) (4)

The influence scope is presented as follows,

Zx,y = (wa'y 0 ) (5)

@x,y
Temporal similarity

Based on the particular event, the initial burst of words is considered for computing
temporal similarity. In this temporal similarity, name related words are reduced with the help of
Poisson process. Basically, the case of word y is likely to be identified with x defects over a
period of time, indicating the probability of an individual word being identified following a
Poison cycle. Nevertheless, the global similarity between input data y and occasion x can be
introduced as follows,

P(x’ y) = le_ﬂtx_t)/' (6)
RDTFD features

In this section, the detailed description of the RDTFD process is explained which is
utilized to compute the term frequency and input data frequency. The term frequency is
computed from the total number of words and a total number of terms [19]. This calculation of
the words is utilized to compute the similarity which enhances the detection process. This feature
extraction method is mathematically formulated as follows,

log(pFTlsicl log(pFTls2cl log(pFTlssicl log(pDFTls2cl
RDTFD = & ) 5 los( ) _ log( ) 5 Los( ) (7)
log(DNH) log(TNH) log(DNS) log(TNS)
. prTisicl prTis2cl
lf MAX (DFT151£Z+DFTISZCI’DFTlSICl+DFTlSZCl) > 0'7 (8)

Where TNS can be considered as total number of terms in input data 1(1cl), TNH, can be
described as total number of terms in a second words (2cl), DNS can be described as a number of
the second data and DNH can be described as a first data, DFT'¢ can be described as term
frequency of the second data, DFT's'¢! can be described as the term frequency of the first data.
This feature extraction method is utilized to extract the term and word frequency which one is
close to another word, the RDTFD value is described as 0. Based on the term frequency value of



the words, the classes are divided. The frequency value of a words is considered as the text
matching condition.

4.3. CRF-LSTM

In this study, the classifier is used to distinguish and recognize the input data based on features
extracted. The independent LSTM and independent CRF models are at first prepared
autonomously. The CRF structure additionally gives the best outcomes in the grouping stage
which impacted because of immense data set and order mistake rate. To enable the CRF model
[20], the LSTM is joined with that CRF structure. The architecture of CRF-LSTM is given in
figure 2.
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Figure 2: CRF-LSTM architecture
4.3.1. CRF

In the CRF model, the features are utilized to take decision independently that is extremely
optimal for each output. Moreover, the classification independently is insufficient because of the
output has strong dependencies. The CRF developed by Lafferty is an optimal solution for
software bug detection and classification. CRF is one of the efficient methods which provide
efficient classification and detection methods [21].

Let, x =< eq,e,,..,e, > can be described as a genetic input sequence, where e; can be
described as vector of the i word. Let, y =< y4,¥,,..,V, > can be described as a set of LSTM



states each of which can be related with the respected label. The possible tag sequences for a
sentence x which can be computed based on below equations,

H?=1 W (yi—1, Yir X)
Yyey | Lpi(yi—y Vis x)

P(ylx;w,B) = (11)

Wiy ypx) = exp(whxi+b, ) (12)

Where, b, ,, can be described as bias for the label pair (y‘, y) and W;\ can be described as the

weight vector. Here, the utilization of maximum conditional likelihood computation for CRF
training. The logarithm of likelihood can be mathematically formulated as follows,

lw;B) = ) logp Gliw,b)  (13)

This maximum conditional likelihood algorithm can be utilized to train parameters which
maximize the log likelihood [(w; B). In the decoding process, the LSTM is utilized and which is
utilized to predict the output sequence that achieve the maximum score for output label based on
the below formulation,

y* =argmax, ,p(ylx;w,Db) (14)
4.3.2. LSTM

The weighting component of CRF design, ought to be tuned accurately which enable the
classification accurateness. To enable the CRF, the secret layer of CRF is refreshed with the
course of LSTM. For the most part, the LSTM [22] enjoy benefits for the time series information
as a result of the capacity to plan among info and result arrangements with context oriented
information. The course of the result door, input entryway and neglect entryway of LSTM
network have been finished up as follows.

The neuron weight of input gate, output gate, forget gate and memory cell are denoted as w'",

out

wo% w/ and w¢ respectively. Likewise the bias terms are presented as h¢, b°“t,b'™ and b/

respectively.
Forget Gate

The forget gate is taken as the most recent input X' from the past result memory block, the
neglect door is signified as F'. The enactment capacity of the neglect entryway is signified as ¢?
and it is chosen with the premise of strategic sigmoid in a typical practice that ascertains how
much information is put away the upper cell. It is numerically planned as follows,



ht = @*(WF x [At71, xt] + b)) (15)
Input Gate
The mathematical representation of input gate is presented as follows

it = (W™ x [h*71, x'] + b™) (16)
Output Gate
Similarly, the output gate is formulated as

of = @A(WOUE x [ht~1, xt] + HOUE) (17)

Memory Cell

This level is planned with tanh and it makes a vector of new competitor values which included to
the state which figured out as follows,

CT(t) = tanh(w® = [h*71,xt] + b°) (18)
ht = o® x tanh(CT) (19)

The position of old memory cell is reorganized based on the new memory cell which is
given as

CT = flxCT 1 +iT  CT(t) (20)

LSTM architecture is used to improvise the CRF classifier. The proposed classifier is
used to group and identify the product bugs from the information bases.

4.4. Arithmetic optimization algorithm

In the proposed classifier, the AOA is utilized to select optimal weighting parameters of the
proposed classifier. Arithmetic can be general parameters of number theory in addition it can be
solitary of the essential parameters of design mathematics combined with analysis, algebra as
well as geometry. Arithmetic operators (addition, subtraction, division in addition multiplication)
can be conventional parameters utilized normally to learn the numbers. Here, use these simple
parameters as a mathematical formulation towards compute the optimal parameter related to
special condition since approximately set of applicant solutions. The optimization issues happen
in complete measurable punishments from computer sciences, economics, engineering to
processes investigation. The main motive of the AOA increases from the utilization of arithmetic
functions in resolving the arithmetic issues.



Initialization phase:

At AOA, progress communication begins with the applicant's (X) set, which is introduced at the
bottom, and all high-quality arrangements in each focus can be measured the finest array and the
best point up to this point. During the installation phase, Random weighting ranges are
introduced in an arbitrary way [23].

[ X1’1 Xl,j X1,n—1 Xl,n T
X2,1 XZ,j XZ,TL
XN—1,1 XN_l,j XN—l,Tl
| XN,l XN,j XN,Tl—l XN,Tl ]

To process exploration and exploitation, the Math Optimizer Accelerated (MOA) function is
utilized which presented as follows,

Max(M in))

MOA(iter) = Min + C.1It x( _
(iter) in er M iter

(11)

Here, C. Iter can be portrayed as the current emphasis, M. iter can be portrayed as the most

extreme number of rotations, and Min and Max can be introduced as the largest and least
upside of accelerated capabilities.

Fitness Evaluation phase:

When the underlying population is generated, the objective function is processed. Based on the
error value Mean Square Error (MSE), optimal weights are estimated for the proposed classifier.
The minimization of error value will obtain the optimal weight.

FF = MIN{MSE}  (12)

1 N M ,
N« M z Z[Pref(A'B) - Pcurrent(ArB)] (13)

X=1Y=1

MSE =

Where, Ppor(A,B) is described as reference weighting parameter and Pgyypent (4, B) is

described as a present weighting parameter.

Exploration stage:



The exploration of the AOA can be presented in this section. Where, the simplest operator which
can be able to pretends the characteristics of arithmetic variables [24]. The position updating
formulations is presented as follows,

X,,;(C.Iter +1)
_ {best(Xj) + (MOP + €) x (ub; — Ib;) X u + lb;), 12 < 0.5

. (14)
best(X;) x (MOP) x (ub; — lb;) X u + lb;), otherwise

where,X;(C.Iter + 1) can be described as position of the solution of every iteration,

X j (C.Iter + 1) can be defined as solution of next iteration, (l is defined as control parameter,
lbj can be described as lower bound value and ubj can be described as upper bound value and

beSt(Xj) can be described as best obtained solution.

QIR

C.
MOP(C.Iter) = 1 — — (15)

Moy

where, C.Iter can be defined as current iteration, Mj;,, is defined as maximum number of

iterations, MOP is described as math optimizer probability,ccan be described as a sensitive
variable in addition describes the exploitation efficiency over the iterations that can be equivalent
towards 5.

Exploitation stage:

Based on the arithmetic variables, the exact computations utilizing Addition (A) and Subtraction
(S) achieve tall dense a that define towards the exploitation hunt technique. Moreover, these
operators (S and A) can effortlessly method the board the largest because of their little dispersal
different variables. The exploitation phase is mathematically presented as follows,

Xq1;(C.Iter + 1)
B { best(Xj) — (MOP) x (ub]- — lb]-) X p+1bj), r3<0.5

. (16)

best(Xj) + (MOP) x (ub]- — lb]-) X u+1b;), otherwise
This stage exploits the search space by managing the deep search. The initial operator (S), in this
phase is managed by 3 > (0.5 in addition the remaining operator (A) will be deserted until this
operative completes its present action. Related on the AOA technique, the optimal weighting
parameter is selected.



4. Results and discussion

The presentation of the projected technique is explained in this section. The outcomes of the
projected technique of anomaly action identification in video surveillance images are analyzed in
this section. This projected technique is implemented in MATLAB and performances can be
measured in relations of accuracy, precision, recall, specificity, sensitivity, F_Measure, error and
ROC respectively. To justify the performance of the projected technique, it is contrasted with the
conventional techniques such as CNN+PSO and CNN. The execution variables of the projected
technique are presented in table 1.

Table 1: Variables of projected strategy

S. No Description Parameters

1 Cell dimension 800/1500 number of hidden nodes
2 | Maximum training epochs 50

3 Batch size 60

4 Momentum 0.8

5 Learn rate 0.0002

6 Number of iterations 100

7 number of populations 50

4.1. Dataset Description:

To standardize NER implementation, scientists run their model on the CoNLL-2002 and
CoNLL-2003 databases [25], which have autonomously named element names for English.
There are four different types of named objects in all databases: regions, peoples, associations,
and random elements that do not appear in any of the last three classifications. The various
categories are highly categorized, including Indian genres and events such as the 1000 Lakes
Rally. In the CoNLL-2003 database, the labeled element labeling of English and German
product, progress and test information was completed manually at the University of Antwerp.
Practically all studies recognize the theory that NER structures perform best when there is
external information. External information gazettes and unlabeled text used by NER structures.
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The projected technique is analyzed in terms of accuracy which presented in figure 3. The
projected strategy is achieved 0.97 accuracy value. The conventional techniques of CNN+PSO
and CNN are attained 0.95 and 0.92 accuracy value. Related on the accuracy level, the projected
strategy is attained best outcomes in terms of accuracy. The projected technique is analyzed in
terms of precision which presented in figure 4. The projected strategy is achieved 0.95 precision.
The conventional techniques of CNN+PSO and CNN are attained 0.91 and 0.89 precision.
Related on the precision level, the projected strategy is attained best outcomes in terms of
precision. The projected technique is analyzed in terms of recall which presented in figure 5. The
projected strategy is achieved 0.94 recall value. The conventional techniques of CNN+PSO and
CNN are attained 0.93 and 0.89 recall value. Related on the recall level, the projected strategy is
attained best outcomes in terms of recall. The projected technique is analyzed in terms of
sensitivity which presented in figure 6. The projected strategy is achieved 0.92 sensitivity value.
The conventional techniques of CNN+PSO and CNN are attained 0.93 and 0.89 sensitivity
value. Related on the sensitivity level, the projected strategy is attained best outcomes in terms of
sensitivity. The projected technique is analyzed in terms of specificity which presented in figure
7. The projected strategy is achieved 0.91 specificity value. The conventional techniques of
CNN+PSO and CNN are attained 0.90 and 0.88 specificity value. Related on the specificity
level, the projected strategy is attained best outcomes in terms of specificity. The projected
technique is analyzed in terms of error which presented in figure 8. The projected strategy is
achieved 0.05 error value. The conventional techniques of CNN+PSO and CNN are attained 0.13
and 0.17 error value. Related on the error level, the projected strategy is attained best outcomes
in terms of error level. The projected technique is analyzed in terms of F_Measure which
presented in figure 9. The projected strategy is achieved 0.94 F_Measure. The conventional
techniques of CNN+PSO and CNN are attained 0.91 and 0.87 F_Measure. Related on the
F_Measure level, the projected strategy is attained best outcomes in terms of F_Measure level.
The ROC validation of the projected technique is evaluated and presented in figure 10. Based on
the analysis, the projected technique is attained efficient outcomes in anomaly detection from the
video surveillance.

5. Conclusion

In this paper, has developed ECRF-LSTM for NER in English language. The proposed ECRF-
LSTM is combination of ECRF-LSTM and AOA. This proposed method is utilizing to NER
from the English texts. The proposed method is working with three phases such as pre-
processing phase, feature extraction phase, and NER phase. Initially, the datasets are collected
from the online system. In the pre-processing phase, removal of URL, removal of special
symbol, username removal, tokenization and stop word removal are done. After that, the
essential features such as domain weight, event weight, textual similarity, spatial similarity,
temporal similarity, and RDTFD are extracted and then applied for training the proposed model.
To empower the training phase of CRF-LSTM method, AOA is utilized to select optimal weight
parameter coefficients of CRF-LSTM for training the model parameters. The proposed method
has been validated by statistical measurements and compared with the conventional methods



such as Convolutional Neural Network- Particle Swarm Optimization (CNN-PSO) and
Convolutional Neural Network (CNN) respectively.

Acknowledgements
None. No funding to declare.

Conlflict of Interest
All authors have no conflict of interest to report.

6. References

[1].

[2].

[3].

[4].

[5].

[6].

[7].

[8].

[9].

Deni Cahya Wintaka, Moch Arif Bijaksana, and Ibnu Asror. "Named-Entity Recognition
on Indonesian Tweets using Bidirectional LSTM-CRF." Procedia Computer Science 157
(2019): 221-228.

Kai Xu, Zhenguo Yang, Peipei Kang, Qi Wang, and Wenyin Liu. "Document-level
attention-based BiLSTM-CRF incorporating disease dictionary for disease named entity
recognition." Computers in biology and medicine 108 (2019): 122-132.

Isabel Moreno, Ester Boldrini, Paloma Moreda, and M. Teresa Roma-Ferri.
"Drugsemantics: a corpus for named entity recognition in spanish summaries of product
characteristics." Journal of biomedical informatics 72 (2017): 8-22.

Francisco M. Couto, and Andre Lamurias. "MER: a shell script and annotation server for
minimal named entity recognition and linking." Journal of cheminformatics 10, no. 1
(2018): 1-10.

Leigh Weston, Vahe Tshitoyan, John Dagdelen, Olga Kononova, Amalie Trewartha,
Kristin A. Persson, Gerbrand Ceder, and Anubhav Jain. "Named entity recognition and
normalization applied to large-scale information extraction from the materials science
literature." Journal of chemical information and modeling 59, no. 9 (2019): 3692-3702.
Isabelle Augenstein, Leon Derczynski, and Kalina Bontcheva. "Generalisation in named
entity recognition: A quantitative analysis." Computer Speech & Language 44 (2017):
61-83.

Alicia Perez, Rebecka Weegar, Arantza Casillas, Koldo Gojenola, Maite Oronoz, and
Hercules Dalianis. "Semi-supervised medical entity recognition: A study on Spanish and
Swedish clinical corpora." Journal of biomedical informatics 71 (2017): 16-30.

Qi Peng, Changmeng Zheng, Yi Cai, Tao Wang, Haoran Xie, and Qing Li.
"Unsupervised cross-domain named entity recognition using entity-aware adversarial
training." Neural Networks 138 (2021): 68-77.

Guihua Wen, Hehong Chen, Huihui Li, Yang Hu, Yanghui Li, and Changjun Wang.
"Cross domains adversarial learning for Chinese named entity recognition for online
medical consultation." Journal of Biomedical Informatics 112 (2020): 103608.



[10]. Jiuniu Wang, Wenjia Xu, Xingyu Fu, Guangluan Xu, and Yirong Wu. "ASTRAL:
adversarial trained LSTM-CNN for named entity recognition." Knowledge-Based
Systems 197 (2020): 105842.

[11]. Yao Chen, Changjiang Zhou, Tianxin Li, Hong Wu, Xia Zhao, Kai Ye, and Jun Liao.
"Named entity recognition from Chinese adverse drug event reports with lexical feature
based BiLSTM-CRF and tri-training." Journal of biomedical informatics 96 (2019):
103252.

[12]. Luka Gligic, Andrey Kormilitzin, Paul Goldberg, and Alejo Nevado-Holgado. "Named
entity recognition in electronic health records using transfer learning bootstrapped neural
networks." Neural Networks 121 (2020): 132-139.

[13]. Ivan Lerner, Nicolas Paris, and Xavier Tannier. "Terminologies augmented recurrent
neural network model for clinical named entity recognition." Journal of biomedical
informatics 102 (2020): 103356.

[14]. Shasha Li Ji, Jie Yu, Jun Ma, Jintao Tang, Qingbo Wu, Yusong Tan, Huijun Liu, and
Yun Ji. "Research on Chinese medical named entity recognition based on collaborative
cooperation of multiple neural network models." Journal of biomedical informatics 104
(2020): 103395.

[15]. Yuan Li, Guodong Du, Yan Xiang, Shaozi Li, Lei Ma, Dangguo Shao, Xiongbin Wang,
and Haoyu Chen. "Towards Chinese clinical named entity recognition by dynamic
embedding using domain-specific knowledge." Journal of biomedical informatics 106
(2020): 103435.

[16]. Usama Yaseen, and Stefan Langer. "Neural text classification and stacked
heterogeneous embeddings for named entity recognition in smm#4h 2021." arXiv preprint
arXiv:2106.05823 (2021).

[17]. Chaim van Toledo, Friso van Dijk, and Marco Spruit. "Dutch Named Entity
Recognition and De-identification Methods for the Human Resource Domain." arXiv
preprint arXiv:2106.02287 (2021).

[18]. Qi Peng, Changmeng Zheng, Yi Cai, Tao Wang, Haoran Xie, and Qing Li.
"Unsupervised cross-domain named entity recognition using entity-aware adversarial
training." Neural Networks 138 (2021): 68-77.

[19]. Aldo Hernandez-Suarez, Gabriel Sanchez-Perez, Karina Toscano-Medina, Hector
Perez-Meana, Jose Portillo-Portillo, and Victor Sanchez. "Sensing Earthquake Disaster
Information: A Named Entity Recognition Approach Using Twitter Collaborative Data."
(2018).

[20]. Richa Sharma, Sudha Morwal, and Basant Agarwal. "Named Entity Recognition
using Neural Language Model and CRF for Hindi Language." Computer Speech &
Language (2022): 101356.

[21]. Pingchuan Ma, Bo Jiang, Zhigang Lu, Ning Li, and Zhengwei Jiang.
"Cybersecurity named entity recognition using bidirectional long short-term memory



with conditional random fields." Tsinghua Science and Technology 26, no. 3 (2020):
259-265.

[22]. Zengjian Liu, Buzhou Tang, Xiaolong Wang, and Qingcai Chen. "De-
identification of clinical notes via recurrent neural network and conditional random
field." Journal of biomedical informatics 75 (2017): S34-S42.

[23]. Laith Abualigah, Ali Diabat, Seyedali Mirjalili, Mohamed Abd Elaziz, and Amir
H. Gandomi. "The arithmetic optimization algorithm." Computer methods in applied
mechanics and engineering 376 (2021): 113609.

[24]. Samir Khatir, Samir Tiachacht, Cuong Le Thanh, Emad Ghandourah, Seyedali
Mirjalili, and Magd Abdel Wahab. "An improved Artificial Neural Network using
Arithmetic Optimization Algorithm for damage assessment in FGM composite plates."
Composite Structures 273 (2021): 114287.

[25]. Erik F Sang. Tjong kim (2002).“introduction to the conll-2002 shared task:
Language independent named entity recognition”. In COLING-02: The 6th Conference
on Natural Language Learning, 2002.



