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Abstract- The location recommendation plays an essential role 

in helping people for find interesting places.Content-based 

collaborative filtering framework is   used to avoid negative 

sampling and  incorporate semantic based contents .Although 

recent research  he has  recommend  places and that places 

information. Recommend places with social and 

geographically. Collaborative content-based filtering is based 

on explicit comments.  But Collaborative filtering requires a 

negative design sample. Collaborative content-based filtering 
is improving performance. negative user  preferences  not 

observable in mobility records. A Propose system  is based on 

implicit scalable comments .Also Personalized 

recommendation recommends  the Point Of Interest routes by 

mining users travel records.scalable Implicit-feedback-based 

Content-aware Collaborative Filtering (ICCF) framework to 

incorporate semantic contents and to steer clear of negative 

sampling. Finally,evaluate ICCF with a large-scale LBSN 

dataset in which users have profiles and textual content.. 
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I. INTRODUCTION 

Content based filtering system is used to recommendation of 
articles which is similar to those that the user has preferred in 

the past. Recommendation systems are use different 

technologies, and these technologies they can be classified 

into two categories: content This paper is related to 

Recommender System which is part of the Data mining 

technique. -based filtering systems and collaborative filtering 

system. Collaborative filtering system is used to improving 

performance and also collaborative filtering system is very 

useful  for avoid negative samples based on implicit scalable 

comments. 

 

Collaborative filtering systems suffering from this problem 
because they depend on previous user ratings. So, In that 

system we are improving accuracy using different parameters. 

In Propose system, provide a location recommendations using  

Implicit-feedback based Content-aware Collaborative Filtering  

framework.   

 

We decided to work on the Recommendation application 

which is used for e-commerce online shopping, location 

recommendation, product recommendation lot of work done 

on that application and that the technique used for that 

application is Recommendation system using traditional data 

mining algorithms. 

 

II. PROPOSED SYSTEM MOTIVATIONS 

Advanced content aware collaborative filtering technique 
using Improve the prediction accuracy.  

Providing location recommendations from positive examples 

is based on the implicit feedback. 

III. RELATED WORK 

We need to study the previous papers of our domain 

which we are working and on the basis of study we can predict 

or generate the drawback and start working with the reference 

of previous papers. 

In that section, we briefly review of Recommendations system 

and their different techniques and their related work. 

  

M.-Y. Kan, X. He, and T.-S. Chua ,H. Zhang, describe the 

“online recommendation with implicit feedback Fast matrix 

factorization,” In this paper, Matrix Factorization models from 

implicit feedback and that applied a uniform weight on 

missing data, we propose to weight Missing data based on the 

popularity of items. develop a new learning algorithm which 

effectively learns Parameters by performing coordinate 

descent with memorization. [1]. 

Xueming Qian, Shuhui Jiang, IEEE and Yun Fu, Senior 

Member, IEEE” describe the  “Personalized Travel Sequence 

Recommendation on Multi-Source Big Social Media” In this 

paper , recommended travel sequences and also personalized 

point of interests .In this Paper, the system automatically 

mined user’s and routes’ travel topical preferences including 

the topical interest,Cost, time and season. we recommended 

not only POIs but also travel sequence, considering both the 

popularity and user’s travel preferences at the same time. We 

mined and ranked famous routes based on the similarity 
Between user package and route package. [2]. 
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J. M. Jose, F. Yuan, L. Chen, H. Yu,   G. Guo, describe the 

“Lambda fm:  factorization machines and  learning optimal 

ranking with using lambda surrogates” In this paper use 

lambda strategy and this strategy is used for improving 

performance of system .describe  use both FM and Ltr . 

capable of optimizing various top-N item ranking metrics in 
implicit feedback settings, is very flexible to incorporate 

context information for context-aware recommendations. [3]. 

R. Hong, Y. Ge, H. Li, Z. Wu, D. Lian, M. Wang, describe the 

“A relaxed ranking-based factor model for recommender 

system from implicit feedback,” In this paper, used relaxed 

ranking based algorithm and consider one item review 

parameter. relaxed ranking-based algorithm with implicit 
feedback, and design smooth and scalable optimization 

method for model’s parameter Estimation . Item 

recommendation with implicit feedback.. [4]. 

Yiding Liu1 TuanAnh Nguyen Pham2 Gao Cong3 Quan Yuan 

describe the An Experimental Evaluation of Point of interest 

Recommendation in Location based Social Networks-2017 .In 

this paper, In this paper,focus on location recommendation 

using point of interest. And this point of interest. provide an 
allaroundEvaluation of 12 state-of-the-art POI 

recommendation models. utilize point of interest for finding 

various scenario. [5]. 

H. Xiong , D. Lian,N. J. Yuan, , Y. Ge,  X. Xie, describe the 

“collaborative filtering for implicit feedback for Sparse 

Bayesian,” In this paper, we proposed sparse Bayesian 

collaborative filtering algorithm  and this algorithm remove 
cold start problems using view, listens and visits.sparse 

Bayesian collaborative filtering algorithm best tailored to 

implicit feedback And developed a scalable optimization 

algorithm for jointly learning latent factors [6]. 

X. Li ,  Y. Liu, X. Liu, describe the “Exploring the context of 

locations for personalized Location recommendations”. In this 

paper, Representation of users and locations into two 

separated components: learning location latent representation  
using the Skip-gram model, and learning user latent 

representations Using C-WARP loss.[7]. 

Huang Xu, , Zhe Yang, Zhiwen Yu and Bin Guo describe the 

“Personalized Travel PackageWith Multi-POI 

RecommendationBased on Crowdsourced User Footprints” In 

this paper, we propose an approachvfor personalized travel 

package recommendation to help users make travel Plans. The 

approach utilizes data collected from LBSNs to model users 
and locations, and it determines users’ preferred destinations 

using collaborative Filtering approaches. Recommendations 

are generated by jointly[8]. 

Dingming Wu, Shuyao Qi and Nikos Mamoulis describe that 

“Location Aware Keyword Query Suggestion Based on 

Document Proximity” We propose  LKS framework  and that 

framework provide keyword suggestion  and this suggestions 

are relevant to  user information and that time retrieve relevant 

documents from  Near user locations [9]. 

Amy Zhangy,  Flavio du Pin Calmon_,  Salman Salamatian_,  

Sandilya Bhamidipatiz, Branislav Kvetonx, Nadia Fawazz, 

Pedro Oliveira, Nina Taftk describe the “Managing your 

Private and Public Data: Bringing downInference Attacks 

against your Privacy” Matrix factorization developing   

Effective parameter and efficient parameter [10]. 

IV. PROPOSED APPROACHES 

As I studied then I want to propose content-aware 

collaborative filtering is propose the combination of   content    
based recommendation filtering and collaborative filtering , 

firstly find nearby locations i.e. places, hotels and then to 

recommend to user based on implicit feedback and achieve the 

high accuracy and also remove cold-start problem in 

recommendation system. 

 

In this system, Recommending interested places to users.  

Content-based collaboration filtering frameworks, design  the 

basis of explicit feedback with favourite samples both 

positively and negatively. Such as Only the prefer samples 

implicitly providing  in a positive way. Feedback data while it 

is not practical to treat all unvisited locations as negative, 
feeding the data on mobility together. user get 

recommendation interesting places in top-k recommendation. 

Users information and recommended places  in this explicitly 

comments Frames require pseudo-negative drawings. From 

places not visited. User get recommendation of the most 

visited locations there is need the recommended locations, 

should be personalized to cold start user since different users 

may prefer different types of point of interests. 

 

Proposed System Architecture: 

 

 
 



IJRECE VOL. 7 ISSUE 2 (APRIL- JUNE 2019)                  ISSN: 2393-9028 (PRINT) | ISSN: 2348-2281 (ONLINE) 

 

INTERNATIONAL JOURNAL OF RESEARCH IN ELECTRONICS AND COMPUTER ENGINEERING 

 A UNIT OF I2OR  56 | P a g e  
  

V. DETAILS OF ALGORITHMS 

 

i.Content Aware Collaborative Filtering: 

Content-aware collaborative filtering is the integration of 

content-based recommendation and collaborative filtering.  

Our proposed algorithm targets content-aware collaborative 
filtering from implicit feedback and successfully addresses the 

disadvantages by treating the items not preferred by users as 

negative while assigning them a lower confidence for negative 

preference and achieving linear time optimization. 

Steps: 

1. Given data of M users visiting N Locations 

2. Location recommendation first converts it into a user-
location frequency matrix 

∁𝜖ΝΜ∗Ν 
3. Each entry ∁𝜄,𝜇  indicating the visit frequency of a user u 

to location i. 

4. ℛ ∈ {0,1}𝑀∗𝑁 Is a preference matrix, for which each entry 

𝑟𝑢,𝑖 is set to 1. 

5. If the user u has visited the location i otherwise is set to 0. 

6. Weighed matrix factorization being performed on the 

preference matrix R. 

7. Maps both users and locations into a joint latent space of 

𝐾 ≪ min⁡(𝑀,𝑁) dimension 

Where, each user and each location is represented by user 

latent factor 𝑝𝑢  and location latent factor𝑞𝑖. 
8. Preference 𝑟𝑢,𝑖  of a user u for a location i is estimated. 

ii. Base Line algorithm: 

 

The Distance Matrix API is a service that provides travel 

distance and time for a matrix of origins and destinations. The 

API returns information based on the recommended route 

between start and end points, as calculated by the Google 

Maps API, and consists of rows containing time and distance 

values for each pair. 

This algorithm used for calculating Time and distance 
between two locations. 

Steps: 

1. Select Source location𝑠𝑢  

2. And select destination location 𝑑𝑢 

3. Calculate time and distance using Matrix API. 

Origins=Bobcaygeon+ON|24+Sussex+Drive+Ottawa+O

N 

 

4. If you pass latitude/longitude coordinates, they are used 

unchanged to calculate distance. 

Origins=41.43206,-81.38992|-33.86748, 151.20699 

5. Display results between two locations. 

VI. RESULT AND DISCUSSION 

Experimental evaluation is done to compare the proposed 

system with the existing system for evaluating the 

performance. The simulation is to platform used is built using 

Java framework (version JDK 8) on Windows platform. The 

system does not require any specific hardware to run; any 
standard machine is capable of running the application. 

 

Fig: Graph 1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1: Comparative Result 

 

 

Sr. No. Framework Accuracy 

1 ICCF 87% 

2 ICF 82% 

3 geoMF 77% 

4 GRMF 72% 

5 IRENMF 70% 

6 LibFM-1 69% 

7 LibFM-3 66% 

8 LibFM-10 63% 
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Table 2: Performance Table 

 

Fig. Graph 2 

VII. CONCLUSION 

In that Paper, we propose a content-aware collaborative 

filtering based on content based on implicit feedback set of 
data and develop the coordinates of the offspring for effective 

learning of parameters. We establish   the close relationship of 

ICCF with matrix graphical factorization and shows that user 

functions really improve. So applying framework for 

recommending interesting locations in Location based social 

Network data set. The result of the  ICCF framework  are 

greater than five competing baseline algorithms. Including 

positions recommendation and factoring algorithms based on 

the ranking machine. user oriented scheme improving the 

performance of recommendation system. 
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Sr. No. Existing Sys- Proposed 

 tem  System 

1 78%  89% 


