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Abstract— Big Data Analytics in Geo-Spatial metadata is 

geographically annotated social media is extremely valuable 

for modern information retrieval. However, when 

researchers can only access publicly-visible data, one 

quickly finds that social media users rarely publish location 

information. In this work, we provide a method which can 

geo-locate the over whelming majority of active Social 

media users, independent of their location sharing 

preferences, using only publicly-visible user data. My 

method infers an unknown user's location by examining 

their friend's locations. We frame the problem of identifying 

the location and optimization over a social network with a 

total variation based objective and provide a scalable and 

distributed algorithm for its solution. Furthermore, we show 

how a robust estimate of the geographic dispersion of each 

user's ego network can be used as a per-user accuracy 

measure, allowing us to discard poor location inferences and 

control the overall error of our approach and finally the 

sentimental analysis of the obtained user’s data over social 

media with user history statistics. 
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I. INTRODUCTION 

The rapid and pervasive use of social media and advances in 

multiple platforms (mobile and web-based applications) 

have made accessing and sharing information ubiquitous. 

Social media are classified into different categories on the 

basis of three criteria: the type of the connection between 

users, the ways of sharing information and user interactions 

with the media stream. The categories are: Interest-graph 

media such as Mircoblogging, Social Network Sites such as 

Facebook, Professional Networking Services such as 

Linkedin and Content sharing discussion services such as 

Youtube and Vimeo. Among these, Social media1 is the 

most popular form of micro-blogging. A social media refers 

to a short text message of up to 140 characters. 

The topics of tweets posted by social media users 

across the world are various and cover almost everything 

from daily routine to the important events of, for example, 

sports and politics. In particular, vast amount of data are 

generated via Social media in transmitting information at the 

time of a disaster. Evidence shows that analysis of Social 

media data for past or present events increases the potential 

to detect a disastrous event and as a result, improves the 

emergency situation awareness. 

Disaster-related tweets posted by victims, 

volunteers and relief agencies are often distinguished from 

other types of tweets, because they contain information 

about an emergency situation or provide data in response to 

such circumstances. 

In the domain of crisis management, have been 

developed to assist humanitarian agencies and disaster relief 

workers. Identify some of the advantages of using such 

systems for disaster agencies: (1) listing situational reports 

extracted from social web content and (2) performing 

operational activities such as recruiting volunteers, 

providing emergency contacts and making decisions about 

distribution channels. 

Online social networks enable people to easily 

connect and maintain relationships with others independent 

of the individuals locality. However, the physical location of 

participants in online networks has become an increasingly 

important factor in the analysis of social media. Modeling 

phenomena such as political elections, disease outbreaks or 

appropriate responses to natural disasters  often depends on 

knowing where individuals are located as they communicate 

about the phenomena. However, location-annotated data is 

often very sparse; for example, although many models 

leverage social media users microtext, less than 1% of its 

data has been annotated with the coordinates of where the 

messages originated.We propose a new method for 

estimating user locations in online social network that 

leverages social relationships and the spatial distribution of 

locations in an individual’s local social network. Recent 

work has shown that geography does still matter in online 

social networks (1. Over-provisioning of resources arises 

when the application gets surplus resources than the 

demanded one. 

In the past few years online social media have risen 

as a key venue for communicating with the public and 

monitoring public opinions. In order to weigh in the public 

opinions expressed on such social media as much as 

traditional poll results, the representativeness of the opinions 

has to be accounted for. Geographic location is one of the 

key factors in the representativeness. Yet, most users of 

online social media do not make their geographic location 

information public. For example, only 34% of Social media 

users have meaningful location information in their process, 

and less than 1% of Social media users tag their tweets with 

GPS locations Location-based services are thriving in the 

Internet.  

As a result, exchange of geo-location information 

has become common for Internet users. Looking for 

whereabouts of friends, searching for nearby points of 

interests or simply checking weather, people increasingly 

leave geo-location footprints (latitude and longitude pairs, or 

“geo-tags”) in the Internet. These footprints are a window to 

people’s real-world activities and as such attract the 

significant attention of location-based service providers. 

In addition, such geo footprints open the door 

towards understanding people’s real-world behavior and 

interests. 

To overcome this location sparsity problem, we 

propose in this paper to predict a user's location based 

purely on the content of the user's tweets, even in the 
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absence of any other geospatial cues. Our intuition is that a 

user's tweets may encode some location-specific content { 

either specific place names or certain words or phrases more 

likely to be associated with certain locations than others. In 

this way, we estimate for the 74% of Social media users 

lacking city-level granular location information. By 

augmenting the massive human-powered sensing 

capabilities of Social media and related microblogging 

services with content-derived location information, this 

frame-work can overcome the sparsity of geo-enabled 

features in these services and bring augmented scope and 

breadth to emerging location-based personalized 

information services. 

Effectively geo-locating a Social media user based 

purely on the content of their tweets is a difficult task, 

however: 

1) First, Social media status updates are inherently 

noisy, mix- ing a variety of daily interests (e.g., 

food, sports, daily chatting with friends). Are there 

clear location signals: identified for locating a user? 

2) Second, Social media users often rely on shorthand 

and non-standard vocabulary for informal 

communication, meaning that traditional gazetteer 

terms and proper place names  may not be present 

in the content of the tweets at all, making the task 

of determining which terms are location-sensitive 

non-trivial.  

3) Third, even if we could isolate the location-

sensitive at- tributes of a user's tweets, a user may 

have interests that span multiple locations beyond 

their immediate home location, meaning that the 

content of their tweets may be skewed toward 

words and phrase more consistent with outside 

locations. For example, New Yorkers may post 

about NBA games in Los Angeles or the 

earthquake in Haiti. 

4) Fourth, a user may have more than one associated 

location, e.g., due to travel, meaning that content-

based location estimation may have difficulty in 

precisely identifying a user's location. 

As a consequence, it is challenging to estimate the 

real location for a Social media user based on an analysis of 

the user's tweets. With these issues in mind, in this paper, 

we pro- pose and evaluate a probabilistic framework for 

estimating a Social media user's city-level location based 

purely on the con- tent of the user's tweets. The proposed 

approach relies on three key features: (i) its data input of 

pure tweet content, without any external data from users or 

web-based knowledge bases; (ii) a classifier which identifies 

words in tweets with a local geographic scope; and (iii) a 

lattice-based neigh borhood smoothing model for refining 

the estimated results. 

The system provides k estimated cities for each 

user with a descending order of possibility. On average, 

51% of randomly sampled Social media users are placed 

within 100 miles of their actual location (based on an 

analysis of just 100s of tweets). We find that increasing 

amounts of data (in the form of wider coverage of Social 

media users and their associated tweets) results in more 

precise location estimation, giving us confidence in the 

robustness and continued refinement of the approach. 

 

II. SOCIAL NETWORKS DATA 

Despite predictions that location is no longer a factor in the 

formation and maintenance of social relationships in the 

online setting, recent studies have argued. 

That a user’s social network is still influenced by 

locality Individuals form offline relationships, which are 

then transferred to online social platforms and as a result, a 

user’s social network is likely to include many individuals 

who are geographically close. We refer to the part of the 

network directly connected to an individual as their ego 

network. 

Therefore, we hypothesize that the ego network is a 

prime candidate for use in inferring an individual’s location: 

The locations of the individuals in an ego network should 

predict of where that individual is. As a test, we evaluate 

three social networks extracted from two social media 

platforms, and then use the available ground truth data to 

measure the potential for location inference. 

III. LOCATION DATA 

Both of the considered platforms provide some form of 

ground truth data, which enables us to analyze the distances 

within a user’s ego network. 

A. Foursquare:   

Foursquare users provide both self-reported location data in 

the user profile as well as limited amounts of publicly-

accessible GPS-tagged data. The largest amount of GPS-

tagged data comes from publicly shared information on the 

user’s Mayorships, which are awards given to users for 

being the individual that checks in the most to a specific 

location. While found that Mayorships which provides us 

strong evidence of the users location, we note that they used 

the self-reported location data as ground truth, which has far 

higher coverage, with 98% of users providing identifiable 

locations. As a result, we use the self-reported location data 

as ground truth. We use a conservative location-mapping 

procedure that labels 2,735,701 (68.7%) of the users in our 

network with locations based on the text reported in their 

profile. 

B. Sentiment Analysis: 

Sentiment analysis or opinion mining is an important type of 

text analysis that aims to support decision making by 

extracting and analyzing opinion oriented text, identifying 

positive and negative opinions, and measuring how 

positively or negatively an entity (i.e., people, organization, 

event, location, product, topic, etc.) is regarded. As more 

and more users express their political and religious views on 

Social media, tweets become valuable sources of people's 

opinions. Tweets data can be efficiently used to infer 

people's opinions for marketing or social studies. This paper 

proposes a Tweets Sentiment Analysis Model (TSAM) that 

can spot the societal interest and general people's opinions 

in regard to a social event. 

IV. RELATED WORK 

Geographic locations of users on online social networking 

services are of paramount importance in marketing, 

advertising, and public opinion polling. Yet most users do 

not specify their towns of residence or use the GPS tagging 
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feature. From the few users with annotated locations and 

GPS tagged status updates, inference techniques mine 

location information of unknown users [2, 3, 8, 11]. 

One set of location inference techniques relies on 

the social network of users. We examine the location 

information and the social network of users with annotated 

locales and predict the location of their friends using a 

dynamic Bayesian network].  

It utilize reciprocal relationships on Social media 

and estimate user locations. They report a success ratio of 

74% on inferring users' locations on Social media even 

without the textual contents in social media. 

  The authors argue that a user's network in social 

media is a pertinent source of information for inferring user 

location. They also demonstrate that mixing multiple social 

media datasets have the potential to improve the accuracy 

and infer locations on another social network. 

Another approach is to take advantage of user-

generated contents. Location inference of search engine 

queries and web pages has produced the idea of power and 

spread, and to build a probabilistic model for spatial 

variation.  

We provide report on Social media users' behavior. 

According to their paper, a low ratio of 34% Social media 

users did not enter their actual geographic information on 

their profiles. They use a term-frequency-based Multinomial 

model on textual contents and estimate state-level user 

locations. 

We propose a probabilistic framework similar the 

noisiness in tweet words by a local word classifier. They 

demonstrate that by filtering out non-local words, the 

estimation error is reduced from 1,773 miles to 539 miles. 

Also they employ smoothing to address the data sparseness 

and places "51% of users within 100 miles of their actual 

locations." data center for the user based on expected 

allocation time and location. For the provider, the proposed 

model considers the workload of physical machines in a data 

center. 

 
Fig. 1:  Parallel Coordinate Descent for Dispersion- 

Constrained TV Minimization 

We consider energies including an L1 term and 

also energies with a total variation (TV) term 

 
Where F is convex and differentiable and  is a 

discrete approximation of gradient. 

 

 
Fig. 2:  TV-Base Image Processing 

 
Where ƛ  is a scalar parameter and f is input noisy image  

 
Fig. 3: 

A. User Location Identification: 

In this section, we evaluate the proposed methods for geo-

location report extraction and filtering as well as study the 

properties of obtained location data. Specifically, we show 

how the proposed approach fares on the dataset introduced 

in the previous section with respect to two key challenges: 

(i) identifying geotags in unstructured traffic, and (ii) 

determining trustable services that persistently reveal 

physical user locations. 

1) Extraction of Geo-Tags: 

We extract geo-tags by employing geo-signatures as 

described in Section II, demonstrate their effectiveness (in 

terms of number of obtained geo-tags) and analyze the 

quality of the devised information. As a demonstration of 

the breadth of services that deploy geo-tags in today’s 

Internet, we identify over 2,500 geo-signatures and 

27,981,407 geo-tags embedded in HTTP sessions to 2,246 

individual hosts within our two-week traffic trace.An 

important aspect of geo-tag quality is their accuracy. 

Different consumer technologies can pinpoint user 

location in a radius of a couple meters to hundreds of 

meters. In the evaluation of our network trace, we learned 

that Internet services predominantly employ two levels of 

localization accuracy: fine-grained geo-tags are reported 

with more than 5 decimal digits, while coarse-grained geo-

tags use only 2 decimal-digits. The fact that about 40%  of 

locations are coarse-grained makes our goals extremely 

challenging: for a vast number of reports, Geo-Echo would 
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have to identify, among tens or hundreds of PoIs falling 

within the wide are identified by the geo-coordinates, which 

one(s) the reporting user has actually visited. 

2) Geo-Trustable Hosts: 

Geo-trustable hosts identify user locations from random 

geotags. As presented in Section II-B, GeoEcho leverages 

the initial geo-trustable host set and grows it reliably. It is 

possible to get the initial geo-trustable host set from priori 

knowledge or experiments for each potential host.  

To adapt different environments (different 

countries have different location-based services), here we 

illustrate how to utilize the positions of corresponding base-

stations to identify and evaluate the initial geo-trustable host 

set. 

The fact that the user must be within the coverage 

area of the associated base-station, enables singling out 

hosts that should not be included in the geo-trustable set.  

As the coverage range of a standard base station 

varies from typically 35km to over 120km, we use smaller 

distances to select initial geo-trustable hosts. In particular, if 

the 90-th percentile of the distance between the locations 

reported for a host and the base-station through which the 

report is received is less than 25 km and the 99-th percentile 

is less than 90 km, the host is included in the initial set of 

geo-trustable hosts. With 10 initial geo-trustable hosts, we 

grow the set of geo-trustable hosts based on the coherence 

of reports with the ones sent to existing geo-trustable hosts, 

as discussed in Section II-B. 

In our data set, 35 hosts were found to be compliant 

in more than 90% of cases, receiving geo-tag reports within 

10s of identical reports to geo-trustable hosts. 

3) Effectiveness of Geo-Location Filtering: 

Having identified the geo-trustable hosts that reliably report 

user locations, we use this information for geo-tag filtering. 

As a result, we trust 21,747,858 geo-tags to indicate actual 

user locations, which is about 78% of the original set of geo-

location reports. 

 
Fig. 4: Geographical Centers of Local Words Dis- 

Covered In Sampled Geo-Tagging Dataset 

B. Sentiment Analysis: 

Sentiment analysis, on the other hand, is about determining 

the subjectivity, polarity (positive or negative) and polarity 

strength (weakly positive, mildly positive, strongly positive, 

etc.) of a piece of text. Sentiment analysis has found its 

application in almost every domain. Any individual wants to 

buy a product or use a service will check the opinion or 

reviews of the others. Also the organization would like to 

know the sentiment of its customers for improving the 

service or product.  

Sentiment analysis can be done at three levels 

namely; Document level, Sentence level, Entity and aspect 

level. Document level expresses the positive or negative 

opinion of a single entity in the document as a whole. In 

sentence level each sentence in the document is analyzed to 

determine the positive, negative or neutral opinion. An 

aspect-based opinion polling system takes as input a set of 

textual reviews and some predefined aspects, and identifies 

the polarity of each aspect from each review to produce an 

opinion poll. 

1)  Overview of the Proposed Solution: 

We run our optimization on the bidirectional @mention net-

work described in section 3.1. Results are reported after 5 

iterations of alg. 2, though high coverage can be obtained 

obtained sooner. The parameter was set to 100km after 

experimenting with different values  To assess coverage, we 

examined 4; 835; 561; 225 tweets collected between. These 

social media users message were generated by users. Active 

Social media users are likely present in the @mention net- 

work and are therefore likely geo-coded by our algorithm.  

We grouped users by the number of times they have tweeted 

during the 4-month sample and, for each group, plot- ted the 

probability that a user is geo-coded by three different 

methods. The probability that a user is geo-coded by our 

method increases dramatically as a function activity level. 

The probability that a user is geo-coded via GPS or 

self-reports, however, is roughly constant but slightly 

decreases 

2) Proposed Solution: 

Our proposed solution for Identifying unknown locations 

consists of 3 parts 

1) Latitude and longitude values 

2) Sentiment Analysis 

3) User history statistics 

Metrics: To evaluate the quality of a location estimator, we 

compare the estimated location of a user versus the actual 

city location (which we know based on the city correspond- 

ing to their latitude/longitude coordinates). The _rst metric 

we consider is the Error Distance which quanti_es the dis- 

tance in miles between the actual location of the user lact(u) 

and the estimated location lest(u). The Error Distance for 

user u is defined as: 

ErrDist(u) = d(lact(u); lest(u)) 

To evaluate the overall performance of a content-

based user location estimator, we further define the Average  

Error Distance across all test users.  

A low Average Error Distance means that the 

system can geo-locate users close to their real location on 

average, but it does not give strong insight into the 

distribution of location estimation errors. Hence, the next 

metric considers the percentage of users with their error 

distance categorized in the range of 0-100 miles: 

Further, since the location estimator predicts k 

cities for each user in decreasing order of confidence, we 

define the Accuracy with K Estimations which applies the 

same Accuracy metric, but over the city in the with the least 

error distance to the actual location. In this way, the metric 

shows the capacity of an estimator to identify a good 

candidate city, even if the first prediction is in error. 

Some of the applications of sentiment analysis 

includes online advertising, hotspot detection in forums , 
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web blog author‟s attitude analysis, sentiment filtering etc. 

Opinion mining for recommendation system: One 

possibility is as an augmentation to recommendation 

systems since it might not recommend items that receive a 

lot of negative feedback. Opinion mining for Ad Placement 

In online systems that display ads as sidebars, it is helpful to 

detect WebPages that contain sensitive content inappropriate 

for ads placement; for more sophisticated systems, it could 

be useful to bring up product ads when relevant positive 

sentiments are detected, and perhaps more importantly, nix 

the ads when relevant negative statements are discovered. 

Opinion mining in Business Intelligence When faced with 

tremendous amount of online information , information 

seekers usually find it very difficult to yield accurate 

information that is useful to them, which has motivated the 

research in hotspot detection. Sentiment analysis find a 

major role in Business Intelligence to extract and visualize 

comparative relation between customer review and help 

enterprise discover potential risk and future design of new 

product and marketing strategies. Using an Opinion Mining 

Approach we can Exploit Web Content in Order to Improve 

Customer Relationship Management and provide better 

service to the customer by improving on the product quality 

and making the product personalized according to the 

customer view point. new VM for the applications to load 

balance & achieve the target TPS for the application.   

User history statistics gives the past history of the 

particular user history over social media and the user history 

is plotted on the map and past and the current history of the 

user can be well known. The user current location can 

shown on the map using the Google-app and the user 

statistics can known based on the user-Id geospatial 

metadata. 

 

Fig. 5:  

V. SYSTEM MODEL 

The system model will mathematically analyze the proposed 

resource management algorithm. 

A. System Architecture: 

 
Fig. 6: System Architecture 

VI. PERFORMANCE ANALYSIS 

The Apache Spark cluster computing framework [36] was 

used to implement alg. 1 and alg. 2. Spark allows one to 

distribute data in cluster memory by making use of resilient 

distributed datasets (referred to as RDDs) and operate on 

these datasets with arbitrary Scala code. Our technique is 

sketched in Listing 1. Our network and user locations are 

stored in the RDDs edgeList, and user Locations. 

Computations on these RDDs make use of all available 

cluster cpu resources. 

 

The challenge is to detect sentiment in spoken and 

written language which is easy for humans to understand but 

difficult for computers to detect. Opinions are far harder 

than facts to describe as they are short and informally 

written and highly diverse. The raw text contains wrong 

spellings, sarcasm, idiom, abbreviations, poor grammar. 

Using computer the sentiment can be analyzed for huge data 

in less time but accuracy is important. Few opinion mining 

challenges are listed below: 1. Analyzing natural language is 

difficult enough. Sarcasm or other forms of derisive 

language are extremely problematic for technologies to 

interpret. 2. To identify what the person actually talking 

about. 3. The problem of resolving what a phrase refers to 

example "We watched the movie and went to dinner; it was 

awful." What does "It" refer to? 4. Difficulty in parsing the 

sentence to find the subject and object to which verb and/or 

adjective refer to. 5. The opinion on social media have 

abbreviations, lack of capitals, poor spelling, poor 

punctuation, poor grammar and so difficult to understand. 6. 

The detection of spam and fake reviews, mainly through the 

identification of duplicates, the comparison of qualitative 

with summary reviews, the detection of outliers, and the 

reputation of the reviewer. 7. Language which is another 

challenge, most of the work done in sentiment analysis is 
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focused on English and Chinese language other languages 

are yet to be explore. 8. In one context the statement can be 

positive and in other it can be negative. For example, 

“fighting” is negative in a war context but positive in a 

medical one. Different sentiment for different domains. 9. A 

single word can be used to convey three different opinions, 

positive, neutral and negative respectively depending on its 

use and context. 

We measured the resource consumption rate in 

terms of number of VM created by increasing the number of 

cloudlet. 

 
Fig. 7: 

 
Fig. 8: 

VII. RESULTS 

We run our optimization on the bidirectional @mention net- 

work described in section 3.1. Results are reported after 5 

iterations of alg. 2, though high coverage can be obtained 

obtained sooner (cf. table 1). The parameter  was set to 

100km after experimenting with different values   

 
Fig. 9: 

VIII. CONCLUSION AND ENHANCEMENTS 

We have presented a total variation-based algorithm for in- 

ferring the home locations of millions of Social media users. 

By framing the social network identifying the location 

problem as a global convex optimization, we have 

connected much recent work in computational social science 

with an immense body of existing knowledge. Additionally, 

we have developed a novel technique to estimate per-user 

accuracy of our identifying the location algorithm and used 

it to ensure that errors remain small. Our results have been 

demonstrated at scale. To the best of our knowledge, this is 

the largest and most accurate dataset of Social media user 

locations known. The fact that it is constructable from 

publicly visible data opens the door for many future research 

directions. 

Sentiment analysis can be applied to a wide domain 

to classifying and summarizing review and prediction. 

However, finding opinion sources and monitoring them on 

the Web can still be a difficult task because there are a large 

number of diverse sources, and each source may also have a 

huge volume of opinionated text (text with opinions or 

sentiments).Also the fact that sentiment analysis is a natural 

language processing task, which is not an easy problems. 
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