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1. My name is June Ann Munford. I am over the age of 18, have personal

knowledge of the facts set forth herein, and am competent to testify to the

same.

2. I earned a Master of Library and Information Science (MLIS) from the

University of Wisconsin-Milwaukee in 2009. I have over ten years of

experience in the library/information science field. Beginning in 2004, I

have served in various positions in the public library sector including

Assistant Librarian, Youth Services Librarian and Library Director. I have

attached my Curriculum Vitae as Appendix CV.

3. During my career in the library profession, I have been responsible for

materials acquisition for multiple libraries. In that position, I have cataloged,

purchased and processed incoming library works. That includes purchasing

materials directly from vendors, recording publishing data from the material

in question, creating detailed material records for library catalogs and

physically preparing that material for circulation. In addition to my

experience in acquisitions, I was also responsible for analyzing large

collections of library materials, tailoring library records for optimal catalog
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search performance and creating lending agreements between libraries 

during my time as a Library Director.  

 
4. I am fully familiar with the catalog record creation process in the library 

sector. In preparing a material for public availability, a library catalog record 

describing that material would be created. These records are typically 

written in Machine Readable Catalog (herein referred to as “MARC”) code 

and contain information such as a physical description of the material, 

metadata from the material’s publisher, and date of library acquisition. In 

particular, the 008 field of the MARC record is reserved for denoting the 

date of creation of the library record itself. As this typically occurs during 

the process of preparing materials for public access, it is my experience that 

an item’s MARC record indicates the date of an item’s public availability. 

 
5. Typically, in creating a MARC record, a librarian would gather various bits 

of metadata such as book title, publisher and subject headings among others 

and assign each value to a relevant numerical field. For example, a book’s 

physical description is tracked in field 300 while title/attribution is tracked in 

field 245. The 008 field of the MARC record is reserved for denoting the 

creation of the library record itself. As this is the only date reflecting the 

inclusion of said materials within the library’s collection, it is my experience 
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that an item’s 008 field accurately indicates the date of an item’s public 

availability. 

6. I have reviewed Exhibit 1013, “A Statistical Model for General Contextual

Object Recognition” by Peter Carbonetto, et al. as published in Proceedings

of the 8th European Conference on Computer Vision, 2004.

7. Attached hereto as Appendix CARBONETTO01 is a true and correct copy

of the MARC record for Proceedings of the 8th European Conference on

Computer Vision, 2004 as held by the Case Western University library. I

secured this record myself from the library’s public catalog. The MARC

record contained within Appendix CARBONETTO01 accurately describes

the title, author, publisher, and ISBN number of Proceedings of the 8th

European Conference on Computer Vision, 2004. In comparing Exhibit

1013 to Appendix CARBONETTO01, it is my determination that Exhibit

1013 is a true and correct copy of “A Statistical Model for General

Contextual Object Recognition” as published in Proceedings of the 8th

European Conference on Computer Vision, 2004 by Peter Carbonetto, et al..

8. The 008 field of the MARC record in Appendix CARBONETTO01

indicates the date of record creation. The 008 field of Appendix
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CARBONETTO01 indicates the Case Western University library first 

acquired these proceedings as of May 24, 2004. Considering this 

information, it is my determination that Proceedings of the 8th European 

Conference on Computer Vision, 2004 and therefore “A Statistical Model for 

General Contextual Object Recognition” was made available to the public 

shortly after its initial acquisition as of May 24, 2004. 

9. I have reviewed Exhibit 1014, "Hello! My name is...Buffy - Automatic

Naming of Characters in TV Video" by M. Everingham, et al. as published

in Proceedings of the British Machine Vision Conference 2006.

10. Attached hereto as Appendix EVERINGHAM01 is a true and correct copy

of the MARC record for Proceedings of the British Machine Vision

Conference 2006 as held by the Library of Trinity College Dublin. I secured

this record myself from the library’s public catalog. The MARC record

contained within Appendix EVERINGHAM01 accurately describes the title,

author, publisher, and ISBN number of Proceedings of the British Machine

Vision Conference 2006. In comparing Exhibit 1014 to Appendix

EVERINGHAM01, it is my determination that Exhibit 1014 is a true and

correct copy of "Hello! My name is...Buffy - Automatic Naming of
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Characters in TV Video" as published in Proceedings of the British Machine 

Vision Conference 2006 by M. Everingham, et al.  

 
11. The 008 field of the MARC record in Appendix EVERINGHAM01 

indicates the date of record creation. The 008 field of Appendix 

EVERINGHAM01 indicates the Library of Trinity College Dublin first 

acquired these proceedings as of January 5, 2007. Considering this 

information, it is my determination that Proceedings of the British Machine 

Vision Conference 2006 and therefore "Hello! My name is...Buffy - 

Automatic Naming of Characters in TV Video" was made available to the 

public by the Library of Trinity College Dublin shortly after its initial 

acquisition as of January 5, 2007. 

 
12. I am familiar with the Internet Archive, a digital library formally certified by 

the State of California as a public library. Among other services that the 

Internet Archive makes available to the general public is the Wayback 

Machine, an online archive. The Internet Archive’s Wayback Machine 

service archives webpages as of a certain capture date to track changes in the 

web over time. The Internet Archive has been in operation as a nonprofit 

library since 1996 and has hosted the Wayback Machine service since its 

inception in 2001. During my time as a librarian, I frequently used the 
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Internet Archive’s Wayback Machine for research and instruction purposes. 

This includes teaching instructional classes on using the Wayback Machine 

to library patrons and using the Wayback Machine to research reference 

inquiries that require hard-to-find online resources. I consider the Internet 

Archive’s recordskeeping to be as rigorous and detailed as other formal 

library recordskeeping practices such as MARC records, OCLC records and 

Dublin Core. 

 
13. Attached hereto as Appendix EVERINGHAM02 is a screen capture of the 

Internet Archive Wayback Machine entry for 

http://www.macs.hw.ac.uk/bmvc2006/. I secured these screen captures 

myself from 

https://web.archive.org/web/20061010155114/http://www.macs.hw.ac.uk/b

mvc2006/. This record was captured by the Internet Archive as of October 

10, 2006. 

 
14. Attached hereto as Appendix EVERINGHAM02 is a capture of a web page 

entitled “BMVC 2006” as hosted on Heriot Watt University. This page 

describes the 2006 British Machine Vision Conference and contains a link 

advertising the conference proceedings for download. The presence of this 

link indicates the organizers of the 2006 British Machine Vision Conference 
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intended to make these proceedings publicly available via this webpage as of 

October 10, 2006. 

 
15. I have reviewed Exhibit 1015, “Recognizing Products: A per-exemplar 

multi-label image classification approach” by M. George, et al. as published 

in Proceedings of the 2014 Computer Vision European Conference. 

 
16. Attached hereto as Appendix GEORGE01 is a true and correct copy of the 

MARC record for Proceedings of the 2014 Computer Vision European 

Conference as held by the Penn State University library. I secured this 

record myself from the library’s public catalog. The MARC record 

contained within Appendix GEORGE01 accurately describes the title, 

author, publisher, and ISBN number of Proceedings of the 2014 Computer 

Vision European Conference.  

 
17. Attached hereto as Appendix GEORGE02 is a true and correct copy of 

“Recognizing Products: A per-exemplar multi-label image classification 

approach” as published in Proceedings of the 2014 Computer Vision 

European Conference as held by the Penn State University library. I secured 

this file myself from the library’s collection. In comparing Exhibit 1015 to 

Appendix GEORGE02, it is my determination that Exhibit 1015 is a true and 

Page 8 of 169



correct copy of “Recognizing Products: A per-exemplar multi-label image 

classification approach” as published in Proceedings of the 2014 Computer 

Vision European Conference by M. George, et al.  

 
18. The 008 field of the MARC record in Appendix GEORGE01 indicates the 

date of record creation. The 008 field of Appendix GEORGE01 indicates the 

Penn State University library first acquired these proceedings as of August 

13, 2014. Considering this information, it is my determination that 

Proceedings of the 2014 Computer Vision European Conference and 

therefore “Recognizing Products: A per-exemplar multi-label image 

classification approach” was made available to the public shortly after its 

initial acquisition as of August 13, 2014. 

 
19. I have reviewed Exhibit 1016, “Product counting using images with 

application to robot-based retail stock assessment” by Nishant Kejriwal, et 

al. as published in Proceedings of the 2015 IEEE International Conference 

on Technologies for Practical Robot Applications. 

 
20. Attached hereto as Appendix KEJRIWAL01 is a true and correct copy of the 

MARC record for Proceedings of the 2015 IEEE International Conference 

on Technologies for Practical Robot Applications as held by the University 
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of Washington library. I secured this record myself from the library’s public 

catalog. The MARC record contained within Appendix KEJRIWAL01 

accurately describes the title, author, publisher, and ISBN number of 

Proceedings of the 2015 IEEE International Conference on Technologies for 

Practical Robot Applications. In comparing Exhibit 1016 to Appendix 

KEJRIWAL01, it is my determination that Exhibit 1016 is a true and correct 

copy of “Product counting using images with application to robot-based 

retail stock assessment” as published in Proceedings of the 2015 IEEE 

International Conference on Technologies for Practical Robot Applications 

by Nishant Kejriwal, et al..  

 
21. The 008 field of the MARC record in Appendix KEJRIWAL01 indicates the 

date of record creation. The 008 field of Appendix KEJRIWAL01 indicates 

the University of Washington library first acquired these proceedings as of 

September 29, 2015. Considering this information, it is my determination 

that Proceedings of the 2015 IEEE International Conference on 

Technologies for Practical Robot Applications and therefore “Product 

counting using images with application to robot-based retail stock 

assessment” was made available to the public shortly after its initial 

acquisition as of September 29, 2015. 
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22. I have reviewed Exhibit 1017, “Remote Retail Monitoring and Stock 

Assessment using Mobile Robots” by Swagat Kumar, et al. as published in 

Proceedings of the 2014 IEEE Conference on Technologies for Practical 

Robot Applications. 

 
23. Attached hereto as Appendix KUMAR01 is a true and correct copy of the 

MARC record for Proceedings of the 2014 IEEE Conference on 

Technologies for Practical Robot Applications as held by the University of 

Washington library. I secured this record myself from the library’s public 

catalog. The MARC record contained within Appendix KUMAR01 

accurately describes the title, author, publisher, and ISBN number of 

Proceedings of the 2014 IEEE Conference on Technologies for Practical 

Robot Applications. In comparing Exhibit 1017 to Appendix KUMAR01, it 

is my determination that Exhibit 1017 is a true and correct copy of “Remote 

Retail Monitoring and Stock Assessment using Mobile Robots” as published 

in Proceedings of the 2014 IEEE Conference on Technologies for Practical 

Robot Applications by Swagat Kumar, et al.  

 
24. The 008 field of the MARC record in Appendix KUMAR01 indicates the 

date of record creation. The 008 field of Appendix KUMAR01 indicates the 

University of Washington library first acquired these proceedings as of 
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October 10, 2014. Considering this information, it is my determination that 

Proceedings of the 2014 IEEE Conference on Technologies for Practical 

Robot Applications and therefore “Remote Retail Monitoring and Stock 

Assessment using Mobile Robots” was made available to the public shortly 

after its initial acquisition as of October 10, 2014. 

 
25. I have reviewed Exhibit 1018, "Recognizing Groceries in situ Using in vitro 

training data" by Michele Merler, et al. as published in Proceedings of the 

2007 IEEE Conference on Computer Vision and Pattern Recognition.  

 
26. Attached hereto as Appendix MERLER01 is a true and correct copy of the 

MARC record for Proceedings of the 2007 IEEE Conference on Computer 

Vision and Pattern Recognition as held by the Penn State University library. 

I secured this record myself from the library’s public catalog. The MARC 

record contained within Appendix MERLER01 accurately describes the title, 

author, publisher, and ISBN number of Proceedings of the 2007 IEEE 

Conference on Computer Vision and Pattern Recognition.  

 
27. Attached hereto as Appendix MERLER02 is a true and correct copy of 

"Recognizing Groceries in situ Using in vitro training data" as published in 

Proceedings of the 2007 IEEE Conference on Computer Vision and Pattern 
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Recognition as held by the Penn State University library. I secured this file 

myself from the library’s collection. In comparing Exhibit 1018 to Appendix 

MERLER02, it is my determination that Exhibit 1018 is a true and correct 

copy of "Recognizing Groceries in situ Using in vitro training data" as 

published in Proceedings of the 2007 IEEE Conference on Computer Vision 

and Pattern Recognition by Michele Merler, et al.  

28. The 008 field of the MARC record in Appendix MERLER01 indicates the

date of record creation. The 008 field of Appendix MERLER01 indicates the

Penn State University library first acquired these proceedings as of February

26, 2007. Considering this information, it is my determination that

Proceedings of the 2007 IEEE Conference on Computer Vision and Pattern

Recognition and therefore "Recognizing Groceries in situ Using in vitro

training data" was made available to the public shortly after its initial

acquisition as of March 26, 2007.

29. I have reviewed Exhibit 1022 Machine Learning by Tom M. Mitchell.

30. Attached hereto as Appendix MITCHELL01 is a true and correct copy of the

MARC record for Machine Learning as held by the University of Pittsburgh

library. I secured this record myself from the library’s public catalog. The
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MARC record contained within Appendix MITCHELL01 accurately 

describes the title, author, publisher, and ISBN number of Machine 

Learning.  

31. The 008 field of the MARC record in Appendix MITCHELL01 indicates the

date of record creation. The 008 field of Appendix MITCHELL01 indicates

University of Pittsburgh library first acquired this book as of February 11,

1997. Considering this information, it is my determination that Machine

Learning was made available to the public shortly after its initial acquisition

as of February 11, 1997.

32. I have reviewed Exhibit 1019 “Ontological Supervision for Fine Grained

Classification of Street View Storefronts” by Yair Movshovitz-Attias, et al.

as published in Proceedings of the 2015 IEEE Conference on Computer

Vision and Pattern Recognition.

33. Attached hereto as Appendix MOVSHOVITZ01 is a true and correct copy

of the MARC record for Proceedings of the 2015 IEEE Conference on

Computer Vision and Pattern Recognition as held by the Penn State

University library. I secured this record myself from the library’s public

catalog. The MARC record contained within Appendix MOVSHOVITZ01

Page 14 of 169



accurately describes the title, author, publisher, and ISBN number of 

Proceedings of the 2015 IEEE Conference on Computer Vision and Pattern 

Recognition.  

 
34. Attached hereto as Appendix MOVSHOVITZ02 is a true and correct copy 

of “Ontological Supervision for Fine Grained Classification of Street View 

Storefronts” as published in Proceedings of the 2015 IEEE Conference on 

Computer Vision and Pattern Recognition as held by the Penn State 

University library. I secured this file myself from the library’s collection. In 

comparing Exhibit 1019 to Appendix MOVSHOVITZ02, it is my 

determination that Exhibit 1019 is a true and correct copy of “Ontological 

Supervision for Fine Grained Classification of Street View Storefronts” as 

published in Proceedings of the 2015 IEEE Conference on Computer Vision 

and Pattern Recognition by Yair Movshovitz-Attias, et al.  

 
35. The 008 field of the MARC record in Appendix MOVSHOVITZ01 indicates 

the date of record creation. The 008 field of Appendix MOVSHOVITZ01 

indicates the Penn State University library first acquired these proceedings 

as of October 14, 2015. Considering this information, it is my determination 

that Proceedings of the 2015 IEEE Conference on Computer Vision and 

Pattern Recognition and therefore “Ontological Supervision for Fine 
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Grained Classification of Street View Storefronts” was made available to the 

public shortly after its initial acquisition as of October 14, 2015. 

 
36. I have reviewed Exhibit 1020 “Toward retail product recognition on grocery 

shelves” by Gul Varol, et al. as published in Proceedings of the 2014 

International Conference on Graphic and Image Processing.  

 
37. Attached hereto as Appendix VAROL01 is a true and correct copy of the 

MARC record for Proceedings of the 2014 International Conference on 

Graphic and Image Processing as held by the University of Washington 

library. I secured this record myself from the library’s public catalog. The 

MARC record contained within Appendix VAROL01 accurately describes 

the title, author, publisher, and ISBN number of Proceedings of the 2014 

International Conference on Graphic and Image Processing. In comparing 

Exhibit 1020 to Appendix VAROL01, it is my determination that Exhibit 

1020 is a true and correct copy of “Toward retail product recognition on 

grocery shelves” as published in Proceedings of the 2014 International 

Conference on Graphic and Image Processing by Gul Varol, et al..  

 
38. The 008 field of the MARC record in Appendix VAROL01 indicates the 

date of record creation. The 008 field of Appendix VAROL01 indicates the 
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University of Washington library first acquired these proceedings as of April 

8, 2015. Considering this information, it is my determination that 

Proceedings of the 2014 International Conference on Graphic and Image 

Processing and therefore “Toward retail product recognition on grocery 

shelves” was made available to the public shortly after its initial acquisition 

as of April 8, 2015. 

39. I have reviewed Exhibit 1021 “Searching the Web with Mobile Image for

Location Recognition” by Tom Yeh, et al. as published in Proceedings of

the 2004 Computer Vision and Pattern Recognition Conference.

40. Attached hereto as Appendix YEH01 is a true and correct copy of the

MARC record for Proceedings of the 2004 Computer Vision and Pattern

Recognition Conference as held by the Penn State University library. I

secured this record myself from the library’s public catalog. The MARC

record contained within Appendix YEH01 accurately describes the title,

author, publisher, and ISBN number of Proceedings of the 2004 Computer

Vision and Pattern Recognition Conference.

41. Attached hereto as Appendix YEH02 is a true and correct copy of

“Searching the Web with Mobile Image for Location Recognition” as
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published in Proceedings of the 2004 Computer Vision and Pattern 

Recognition Conference as held by the Penn State University library. I 

secured this file myself from the library’s collection. In comparing Exhibit 

1021 to Appendix YEH02, it is my determination that Exhibit 1021 is a true 

and correct copy of “Searching the Web with Mobile Image for Location 

Recognition” as published in Proceedings of the 2004 Computer Vision and 

Pattern Recognition Conference by Tom Yeh, et al.  

 
42. The 008 field of the MARC record in Appendix YEH01 indicates the date of 

record creation. The 008 field of Appendix YEH01 indicates the Penn State 

University library first acquired these proceedings as of September 3, 2004. 

Considering this information, it is my determination that Proceedings of the 

2004 Computer Vision and Pattern Recognition Conference and therefore 

“Searching the Web with Mobile Image for Location Recognition” was 

made available to the public shortly after its initial acquisition as of 

September 3, 2004. 

 
43. I have been retained on behalf of the Petitioner to provide assistance in the 

above-illustrated matter in establishing the authenticity and public 

availability of the documents discussed in this declaration. I am being 

compensated for my services in this matter at the rate of $200.00 per hour 
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plus reasonable expenses.  My statements are objective, and my 

compensation does not depend on the outcome of this matter. 

 
44. I declare under penalty of perjury that the foregoing is true and correct. I 

hereby declare that all statements made herein of my own knowledge are 

true and that all statements made on information and belief are believed to 

be true; and further that these statements were made the knowledge that 

willful false statements and the like so made are punishable by fine or 

imprisonment, or both, under Section 1001 of Title 18 of the United States 

Code. 

 
 
Dated: 6/18/2024 
 
 
 
June Ann Munford 
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June A. Munford 
Curriculum Vitae 
 
Education 
 
University of Wisconsin-Milwaukee - MS, Library & Information Science, 2009 
Milwaukee, WI 
 

● Coursework included cataloging, metadata, data analysis, library systems, 
management strategies and collection development. 
● Specialized in library advocacy, cataloging and public administration. 

 
Grand Valley State University - BA, English Language & Literature, 2008 
Allendale, MI 

 
● Coursework included linguistics, documentation and literary analysis. 
● Minor in political science with a focus in local-level economics and 
government. 

 
 
Professional Experience 
 
Researcher / Expert Witness, October 2017 – present 
Freelance ● Pittsburgh, Pennsylvania & Grand Rapids, Michigan 
 

● Material authentication and public accessibility determination. 
Declarations of authenticity and/or public accessibility provided upon 
research completion. Experienced with appeals and deposition process. 
 
● Research provided on topics of public library operations, material 
publication history, digital database services and legacy web resources. 
 
● Past clients include Alston & Bird, Arnold & Porter, Baker Botts, Fish & 
Richardson, Erise IP, Irell & Manella, O'Melveny & Myers, Perkins-Coie, 
Pillsbury Winthrop Shaw Pittman and Slayden Grubert Beard. 
 

Library Director, February 2013 - March 2015 
Dowagiac District Library ● Dowagiac, Michigan 
 

● Executive administrator of the Dowagiac District Library. Located in 

Page 21 of 169



Southwest Michigan, this library has a service area of 13,000, an annual 
operating budget of over $400,000 and total assets of approximately 
$1,300,000. 

● Developed careful budgeting guidelines to produce a 15% surplus during
the 2013-2014 & 2014-2015 fiscal years while being audited.

● Using this budget surplus, oversaw significant library investments
including the purchase of property for a future building site, demolition of
existing buildings and building renovation projects on the current facility.

● Led the organization and digitization of the library's archival records.

● Served as the public representative for the library, developing business
relationships with local school, museum and tribal government entities.

● Developed an objective-based analysis system for measuring library
services - including a full collection analysis of the library's 50,000+
circulating items and their records.

November 2010 - January 2013 
Librarian & Branch Manager, Anchorage Public Library ● Anchorage, Alaska 

● Headed the 2013 Anchorage Reads community reading campaign
including event planning, staging public performances and creating
marketing materials for mass distribution.

● Co-led the social media department of the library's marketing team,
drafting social media guidelines, creating original content and instituting
long-term planning via content calendars.

● Developed business relationships with The Boys & Girls Club, Anchorage
School District and the US Army to establish summer reading programs for
children.

June 2004 - September 2005, September 2006 - October 2013 
Library Assistant, Hart Area Public Library 
Hart, MI 

● Responsible for verifying imported MARC records and original MARC
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cataloging for the local-level collection as well as the Michigan Electronic 
Library. 

● Handled OCLC Worldcat interlibrary loan requests & fulfillment via
ongoing communication with lending libraries.

Professional Involvement 

Alaska Library Association - Anchorage Chapter 
● Treasurer, 2012

Library Of Michigan 
● Level VII Certification, 2008
● Level II Certification, 2013

Michigan Library Association Annual Conference 2014 
● New Directors Conference Panel Member

Southwest Michigan Library Cooperative 
● Represented the Dowagiac District Library, 2013-2015

Professional Development 

Library Of Michigan Beginning Workshop, May 2008 
Petoskey, MI 

● Received training in cataloging, local history, collection management,
children’s literacy and reference service.

Public Library Association Intensive Library Management Training, October 2011 
Nashville, TN 

● Attended a five-day workshop focused on strategic planning, staff
management, statistical analysis, collections and cataloging theory.

Alaska Library Association Annual Conference 2012 - Fairbanks, February 2012 
Fairbanks, AK 

● Attended seminars on EBSCO advanced search methods, budgeting,
cataloging, database usage and marketing.
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Depositions 

2019 ● Fish & Richardson 

Apple v. Qualcomm (IPR2018-001281, 39521-00421IP, IPR2018-01282 
and 39521-00421IP2) 

2019 ● Erise IP 

Implicit, LLC v. Netscout Systems, Inc (Civil Action No. 2:18-cv-53-JRG) 

2019 ● Perkins-Coie 

Adobe Inc. v. RAH Color Technologies LLC (Cases IPR2019-00627, 
IPR2019-00628, IPR2019-00629 and IPR2019-00646) 

2020 ● O’Melveny & Myers 

Maxell, Ltd. v. Apple Inc. (Case No. 5:19-cv-00036-RWS) 

2021 ● Pillsbury Winthrop Shaw Pittman LLP 

Intel v. SRC (IPR2020-1449) 

2022 ● Perkins-Coie 

Realtek v. Future Link (IPR2021-01182) 

2023 ● Fish & Richardson 

Neuroderm Ltd. v. Abbvie, Inc (Case No. PGR2022-00040) 

2023 ● Fish & Richardson 

Nearmap US Inc. v. Pictometry International Corp. (IPR2022-00735) 

2023 ● Fish & Richardson 

Samsung Electronics v. MemoryWeb LLC (Case No. 39843-0136PS1) 
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2023 ● Pillsbury Winthrop Shaw Whitman LLP 

Gravel Rating Systems v. Costco Wholesale Corp. (Civil Action No. 
  4:21-cv-149-ALM) 

Limited Case and Clientele History 

Alston & Bird 

● Ericsson

v. Collision Communications (IPR2022-01233)

● Nokia

v. Neptune Subsea, Xtera (Case No. 1:17-cv-01876)

● Universal Electronics Inc

v. Roku Inc (IPR2022-00818)

Arnold & Porter 

● Ivantis

v. Glaukos (Case No. 8:18-cv-00620)

● Samsung

v. Jawbone (Case No. 2:21-cv-00186)

Benesch Friedlander Coplan & Aronoff 

● Voyis

v. Cathx (Case No.  5:21-cv-00077-RWS)
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Erise I.P. 
 ● Apple 

  v. Ericsson Inc. (IPR2022-00715) 

v. Future Link Systems (IPRs 6317804, 6622108, 6807505, and  
  7917680) 

  v. INVT (Case No. 20-1881)  

  v. Navblazer LLC (IPR2020-01253) 

  v. Qualcomm (IPR2018-001281, 39521-00421IP, IPR2018-01282,  
  39521-00421IP2) 

  v. Quest Nettech Corp (Case No. 2:19-cv-00118-JRG) 

v. Telefonaktiebolaget LM Ericsson (IPR2022-00275) 
 

● Fanduel  

          v. CGT (Case No. 19-1393) 
 

● Garmin  

          v. Phillips North America LLC (Case No. 2:19-cv-6301-AB-KS) 

 
● Netscout  

  v. Longhorn HD LLC (Case No. 2:20-cv-00349) 

  v. Implicit, LLC (Civil Action No. 2:18-cv-53-JRG)  

 
● Sony Interactive Entertainment LLC  

  v. Bot M8 LLC (IPR2020-01288) 

  v. Infernal Technology LLC (Case No. 2:19-CV-00248-JRG) 

 
● Unified Patents  
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v. GE Video Compression (Civil Action No. 2:19-cv-248)

Fish & Richardson 

● Apple

v. AliveCor (3:21-cv-03958)

v. LBS Innovations (Case No. 2:19-cv-00119-JRG-RSP)

v. Koss Corporation (IPR2021-00305)

v. Masimo (IPR 50095-0012IP1, 50095-0012IP2, 50095-0013IP1,
50095-0013IP2, 50095-0006IP1, 50095-0135IP1)

v. Neonode (Case No. 21-cv-08872-EMC)

v. Qualcomm (IPR2018-001281, 39521-00421IP, IPR2018-01282,
39521-00421IP2)

● Dell
v. Neo Wireless (IPR2022-00616)

● Dish Network

v. Entropic Communications, LLC (Case No. 2:2023-CV-01043)

v. Realtime Adaptive Streaming (Case No. 1:17-CV-02097-RBJ)

v. TQ Delta LLC (Case No. 18-1798)

● Evapco Dry Cooling

v. SPG Dry Cooling (IPR2021-00688)

● Genetec

v. Sensormatic Electronics (Case No. 1:20-CV-00760)

● Huawei
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v. Bell Northern Research LLC (IPR2019-01174)

● Kianxis

v. Blue Yonder (Case No. 3:20-cv-03636)

● LG Electronics

v. Bell Northern Research LLC (Case No. 3:18-cv-2864-CAB-BLM)

● Metaswitch

v. Sonus Networks (IPR2018-01719)

● Microsoft

v. Throughputer Inc (IPR2022-00757)

● Mom Enterprises

v. Ddrops Company (Case No. 1:22-cv-00332)

● MLC Intellectual Property

v. MicronTech (Case No. 3:14-cv-03657-SI)

● Nearmap Inc

v. EagleView Technologies (IPR2022-01009)

● Neuroderm Ltd.

v. Abbvie, Inc (Case No. PGR2022-00040)

● Realtek Semiconductor
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          v. Future Link (IPR2021-01182) 
 

● Quectel  

          v. Koninklijke Philips (Case No. 1:20-cv-01710) 
 

● Samsung  

v. Aire Technology (IPR2022-00877) 

v. Bell Northern Research (Case No. 2:19-cv-00286-JRG) 

v. Communication Technologies Inc (IPR2022-01221) 

v. Jawbone Innovations (IPR2022-00865) 

v. MemoryWeb LLC (IPR2022-00885) 

v. Dodots Licensing Solutions (IPR2023-00701) 

v. Telefonaktiebolaget LM Ericsson (IPR2021-00615) 
 

● Texas Instruments 

 v. Vantage Micro LLC (IPR2020-01261) 
 

● Xilinx  

  v. Sentient Sensors LCC (Case No. 1:22-cv-00173) 

 

Irell & Manella 

 ● Curium 

 

O’Melveny & Myers 

 ● Apple  

            v. Maxell (Case No. 5:19-cv-00036-RWS) 
 

Page 29 of 169



● Micron Technology Inc. 

 v. Besang Inc (IPR2023-00900) 

 

● Samsung 

  v. Daedalus Prime LLC (1335 Investigation) 

 
 
Perkins-Coie 

 ● Heru Industries 

v. The UAB Research Foundation (IPR2022-01148) 
 
● Intel Corporation 

   v. BitMICRO (Case No. 5:23-cv-00625) 
 

● Realtek Semiconductor 

          v. Future Link (IPR2021-01182) 

● Twitter Inc 

 v. VOIP-Pal.com (Case No. 3:20-cv-02397-JD) 
 

● TCL Industries  

   v. Koninklijke Philips NV (IPR2021-00495, IPR2021-00496  
                    and IPR2021-00497) 
 
  
Pillsbury Winthrop Shaw Pittman 
 
 ● Intel 

   v. FG SRC LLC (Case No. 6:20-cv-00315) 
 
 ● Gravel Rating Systems 

Page 30 of 169



v. Costco (Case No. 4:21-cv-149)
v. Lowe’s Home Centers (Case No. 4:21-cv-150)
v. T-Mobile USA (Case No. 4:21-cv-152)
v. Kohl’s Inc. (Case No. 4:21-cv-258)
v. Under Armor (Case No. 4:21-cv-356)

Quinn Emanuel 

● Wolfspeed

v. The Trustees of Purdue University (Case No. 1:2021-cv-00840)

Stern, Kessler, Goldstein & Fox 

● Preliminary Research

Sheppard, Mullin, Richter & Hampton LLP 

● Cadence Design Systems Inc.

v. Semiconductor Design Technologies (Case No. 3:23-cv-01001)

Page 31 of 169



Appendix CARBONETTO01 

Page 32 of 169



Page 33 of 169

https://catalog.case.edu/search?/.b2897644/.b2897644/1%2C1%2C1%2CB/marc~b2897644


Page 34 of 169



Page 35 of 169

https://catalog.case.edu/record=b2897644


Page 36 of 169



Appendix EVERINGHAM01 

Page 37 of 169



Page 38 of 169

https://library.catalogue.tcd.ie/search~S9?/i=9781904410140/i9781904410140/1%2C1%2C1%2CE/marc&FF=i9781904410140&1%2C1%2C


Page 39 of 169

https://library.catalogue.tcd.ie/search/i=9781904410140


Appendix EVERINGHAM02 

Page 40 of 169



Page 41 of 169

https://web.archive.org/web/20061010155114/http://www.macs.hw.ac.uk/bmvc2006/


Page 42 of 169

https://web.archive.org/web/20060501000000*/http://www.macs.hw.ac.uk/bmvc2006/


Appendix GEORGE01 

Page 43 of 169



Page 44 of 169

https://catalog.libraries.psu.edu/catalog/13209586/marc_view


Page 45 of 169



Page 46 of 169

https://catalog.libraries.psu.edu/catalog/13209586


Page 47 of 169



Page 48 of 169



Page 49 of 169



Page 50 of 169



Page 51 of 169



Page 52 of 169



Page 53 of 169



Page 54 of 169



Page 55 of 169



Page 56 of 169



Page 57 of 169



Page 58 of 169



Appendix GEORGE02 

Page 59 of 169



Recognizing Products: A Per-exemplar

Multi-label Image Classification Approach

Marian George and Christian Floerkemeier

Department of Computer Science
ETH Zurich, Switzerland

Abstract. Large-scale instance-level image retrieval aims at retrieving
specific instances of objects or scenes. Simultaneously retrieving multi-
ple objects in a test image adds to the difficulty of the problem, espe-
cially if the objects are visually similar. This paper presents an efficient
approach for per-exemplar multi-label image classification, which tar-
gets the recognition and localization of products in retail store images.
We achieve runtime efficiency through the use of discriminative random
forests, deformable dense pixel matching and genetic algorithm optimiza-
tion. Cross-dataset recognition is performed, where our training images
are taken in ideal conditions with only one single training image per
product label, while the evaluation set is taken using a mobile phone in
real-life scenarios in completely different conditions. In addition, we pro-
vide a large novel dataset and labeling tools for products image search,
to motivate further research efforts on multi-label retail products image
classification. The proposed approach achieves promising results in terms
of both accuracy and runtime efficiency on 680 annotated images of our
dataset, and 885 test images of GroZi-120 dataset. We make our dataset
of 8350 different product images and the 680 test images from retail
stores with complete annotations available to the wider community.

1 Introduction

Many image classification techniques try to recognize the object classes present in
the image through training multiple binary classifiers or a multi-class classifier
using a large number of training images. Improving the performance of such
algorithms requires learning the model using as many images as possible that
are drawn from the same distribution as the test images [29]. However, in many
real-world applications, we face the challenge that the testing images are taken
in completely different settings than the training images. For example, in the
domain of assisting the visually impaired, or vision for mobile robots, images
are very likely to suffer from blur, specularities, unusual viewing angles, a lot of
background clutter and very different lighting conditions. Gathering and labeling
images that try to mimic the natural environments for which the system is used,
is a tedious and very time-consuming task.

Recently, image recognition in the retail products domain has become an in-
teresting research topic due to the remarkable advancements in the capabilities

D. Fleet et al. (Eds.): ECCV 2014, Part II, LNCS 8690, pp. 440–455, 2014.
c© Springer International Publishing Switzerland 2014
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Fig. 1. System overview: (a) Given a test image, (b) we first filter the categories that
the test image may belong to, (c) then we match the test image against all images in
the filtered categories. (d) An energy function is then optimized given the top-ranked
matches to obtain the final list, along with inferred locations, of recognized products.

of mobile phones and mobile vision systems [27,30]. A mobile vision algorithm to
recognize products in an image has a wide range of potential applications, rang-
ing from identifying individual products to provide review and price information,
to the assisted navigation in supermarkets. Furthermore, mobile retail products
recognition can assist the visually impaired in shopping, encouraging them to
independently perform daily activities, which promotes their social wellness.

Building a system that parses an image featuring several retail products taken
with a smart phone introduces several challenges. This includes the cross-dataset
recognition challenges mentioned earlier. Product images available through on-
line shopping websites are taken in ideal studio-like conditions, which are very
different from real life images taken with mobile phones in shops, as illustrated
in figure 2. These challenges are aggravated when having only one image per
product for training and thousands of products (labels) to match against. Due
to the increasing number of new products every day, the system also needs to be
scalable with no or minimal retraining whenever a new product is introduced. To
be applicable in the visually impaired domain, the designed scheme cannot rely
on any feedback from the user in improving the retrieved results. The system
has to work in a completely autonomous manner. Recognizing grocery products,
in particular, is challenging as there are multiple products that have very simi-
lar visual appearance except for minor features like the color of the package, or
some text describing the product. Finally, runtime efficiency is crucial for mobile
vision systems, which makes semantic segmentation or sliding window detection
approaches computationally expensive for our problem.

To this end, we designed an efficient per-exemplar multi-label image classifica-
tion technique (as shown in figure 1) which targets simultaneous recognition and
localization of all the individual products in a retail store image. Our algorithm
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works in a hierarchical manner, where we first filter the possible labels that a test
image may contain through ranking the output of a fine-grained classification
model. Then, we perform fast dense pixel matching on the images in our filtered
list, and rank the individual products by their matching score. Multi-label image
classification is then achieved through minimizing an energy function that cor-
relates the matching score, context and recognition localization results through
genetic algorithm global optimization. Our proposed approach is evaluated in a
per-exemplar cross-dataset settings, where we show promising results in terms
of both accuracy and speed. Our main contributions include:

– A large-scale novel retail products dataset, which contains 8350 different
products in 80 different fine-grained categories, and 680 test images taken
with a smart phone in natural environments with complete annotations and
labeling tools.

– A fast technique to simultaneously recognize and localize all retail products
in a test image, which scales to thousands of different labels.

– Automatically infer the total number and approximate locations of objects
present in a test image in a single optimization round, unlike other more
expensive object detection techniques.

– Experimental evaluation of our proposed system with an analysis of its dif-
ferent components, showing promising results.

2 Related Work

General-purpose object detection and recognition techniques [10,11,24] have
been extensively used in image classification and retrieval problems. Some ap-
proaches [4] use binary classifiers trained on bag-of-words features [4] or com-
pressed Fisher Vectors [25] to obtain a binary decision whether an object class
is present or absent in a given test image. Hamming embedding[14] provides bi-
nary signatures that refine the matching based on visual words. It has been very
successful in instance-level image retrieval domain. Others [11,7] try to detect
and localize object classes in the image through extracting dense features like
HOG [5] features and apply sliding window detectors or deformable part-based
models [11]. However, these techniques require a large number of labeled training
examples, which makes them unsuitable for classes with sparse examples.

Other approaches explore fine-grained image classification [3,26] to capture
discriminative image regions that distinguish between different classes. In [1],
randomization and discrimination are combined in a computationally efficient
scheme to achieve fine-grained classification in a large feature space.

Multi-label image classification [17,34,16] differs from multi-class recognition
[28] in that a single image is classified using multiple labels. Multi-label classifi-
cation usually incorporates modelling the correlation between the labels, which
significantly boosts the semantic classification performance [16]. In [35], Genetic
Algorithm optimization is utilized for filtering the selected features, which are
then used for classification. Unlike us, they rely on multi-label training data.
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(a) Sample training images from ’Food’, ’Plants’, and ’Healthcare’ categories

(b) Sample testing images from our collected dataset

Fig. 2. Sample images from our collected dataset

There have been relatively limited research attempts to recognize products in
images [27,30,15,20,33]. In systems like [15,20], a product image search engine is
built. However, these systems deal with recognizing only one product per image,
with training images having similar conditions to query images. In [27], cross-
dataset single product recognition is targeted through query object segmentation
combined with iterative retrieval. They achieve good results in searching an
image that contains only a single product. In our work, however, we target
multi-products image parsing.

A related dataset to our proposed one is presented in [22], however the dataset
size is much smaller than ours with only 120 grocery products in the training set.
Each product category represents a single specific product (i.e. no hierarchies or
classes of products). In [27], a sports product image dataset is collected. Both
the training images and 67 query images contain a single product per image.
Other existing object datasets include Caltech 101 [9], Caltech 256 [13], and
VOC [8] datasets, which target more general-purpose object category recogni-
tion. Fine-grained object datasets include Oxford Flower [23], and Stanford Dogs
[18] dataset. We run our experiments on our proposed dataset, as well as the
one presented in [22].

In the following sections, we first present our proposed novel dataset in section
3. Then, we detail our approach in section 4. Experimental results and perfor-
mance evaluation are discussed in section 5. Finally, conclusions and future work
are summarized in section 6.

3 Grocery Products Dataset

We built a new supermarket products dataset, which can be used in multi-
label, fine-grained cross-dataset object recognition. Our dataset consists of 8350
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training images spanning 80 product categories, downloaded from the Web. Each
grocery product is represented by exactly one training image, taken in ideal
studio conditions with a white background. On the other hand, test images are
taken in real-life scenarios using a mobile phone. Each test image contains several
products, ranging from 6 to 30 products per image. Test images are taken with
different lighting conditions, viewing angles and zoom levels, introducing many
challenges to the recognition process.

Training images are organized in hierarchical categories. For example, a Snick-
ers chocolate bar is classified as ”Food/Candy/Chocolate”. The number of train-
ing images in each fine-grained category ranges from 25 to 415 images, with an
average of 112 different retail products in each category – one training image for
each product. We added an additional label for background regions. The images
for the background label represent shelves and price tags, extracted from test
images. Examples of training images are shown in figure 2 (a).

Grocery products introduce many challenges to the object recognition prob-
lem. First, many products have similar appearance, with only minor differences
in the color of the package, size of the package, or some text on the box. Also,
non-planar products, like bottles or jars, lower the matching performance, con-
sidering that we only have one training image per product. Furthermore, eval-
uation images contain very little background regions, which makes it a rather
challenging task to recognize every single product in the image. This is due to
the fact that other regions in the image represent confusing background clutter
relative to the specific region of each object.

One of the main goals of this work is to investigate cross-dataset multi-label
image classification. Accordingly, our evaluation set is collected in completely
different conditions from the training set. A total of 680 images are taken in
different grocery stores covering the different classes in the training dataset.
Testing images impose additional challenges, like specularities, different viewing
angles, rotated or occluded products as shown in figure 2 (b).

We ran our experiments on 27 classes of the ”Food” category products in
addition to the background class, which represents shelves and price tags, with
a total number of 3235 images. Deformable objects, like nuts bags, chips and
bakery are included in the ”Food” category of our datast. To evaluate the per-
formance of our algorithm, we annotated 680 test images with all the products
from the 27 training classes. The ground truth of each test image specifies bound-
ing boxes with a corresponding single product label for each bounding box. A
single bounding box covers a group of instances of the same product in a test
image as shown in figure 3.

4 Exemplar-Based Multi-label Image Classification

In this section, we describe the design and implementation details of our al-
gorithm. Figure 1 shows an overview of our system. Our proposed technique
consists of three main steps. The first two steps filter the best matching prod-
ucts to a given test image through two successive ranking procedures. The third
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Fig. 3. Sample test images with ground truth annotations from our proposed dataset

step simultaneously localizes and infers the total number of objects present in
the test image through globally minimizing an energy function.

Although we are going to use specific algorithms for each step of our pipeline,
any other algorithm that fits to a single step can be applied. For example, we
used discriminative decision trees for multi-class ranking, but it would suffice to
use SVM or k-NN for classification. Similarly, we can use any matching algorithm
for the second step of our pipeline like SIFT flow or sparse features matching.

4.1 Multi-class Ranking

To reduce our search space from thousands of possible matches to tens up to a
few hundreds of images, we train a classification model using the given training
images, and then use a voting scheme, explained below, to retrieve the top-ranked
object classes.

For training, we use the recently proposed discriminative random forests [1]
technique. The training set contains a single image for each product with a total
number of 3235 images in 27 classes. We extract dense SIFT feature descriptors
[21] on each image with a spacing of four pixels, with five patch sizes: 8, 12, 16,
24 and 30. Visual vocabulary codebook of 256 code words is then constructed
using k-means. Descriptors are assigned to code words using Locality-constrained
Linear Coding (LLC) [31].

To retrieve the top ranked object classes for a given test image, we designed
a voting algorithm, which first divides the test image into grids with different
sizes. We, then, classify each grid region separately using the trained model.
We gather votes for each class in the trained model by counting the number of
grid segments belonging to that class. For each test image, we return the top k
classes.

Our proposed class ranking technique handles two important challenges faced
in cross-dataset object recognition, specifically in the products recognition do-
main. First, each object in the test image is surrounded by many other objects
that have very similar features, which can easily confuse the classifier. By di-
viding the image into patches of different sizes, we limit such confusion. Second,
by collecting the total number of votes for grids, we lower the impact of regions
in the image suffering from difficult imaging conditions in affecting the final
classification decision.
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In the experiments section, we detail the parameters used for multi-ranking,
and we show how the multi-label ranking performance is improved through gath-
ering votes over grid patches rather than classifying the whole image once.

4.2 Fast Dense Pixel Matching

To achieve simultaneous recognition and localization of specific object instances
in each test image, we apply fast dense pixel matching through deformable spatial
pyramid matching [19]. No training is required to perform this step. Furthermore,
it contributes to the scalability of our system, in such a way that adding new
specific objects to the dataset does not require retraining the random forests
step, as long as these objects fall under one of the pre-existing classes.

The goal is to rank the images in terms of appearance agreement while enforc-
ing geometrical smoothness between neighboring pixels. The matching objective
can be expressed formally by minimizing the energy function [19]:

E(t) =
∑

i

Di(ti) + α
∑

i,j∈N

Vij(ti, tj), (1)

where Di is a data term which measures the average distance between local
descriptors within node i in the first image to those located within a region in the
second image after shifting by ti. Vij is a smoothness term, α is a constant weight,
and N denotes pairs of nodes linked by graph edges. The energy function is
minimized using loopy belief propagation. Training images are scaled to 200x200
pixels, and test images are scaled to 600x450 pixels. We use the mean difference
of dense color SIFT feature descriptors of patch size of 4 as our data term. In
all the experiments, the value of α was fixed at 0.005 following [19].

A segmentation mask is obtained specifying the inferred location of every
pixel in each matched image with respect to the current test image. The matching
costs, along with the segmentation masks are used in the next step of our pipeline
to produce the final multi-labeling results as explained in section 4.3.

4.3 A Genetic Algorithm-Based Multi-label Image Classification

Once we obtain a ranked list of matching correspondences, we then consider only
the top N images, which will be in the range of very few tens of images, to obtain
our final multi-labeling results. We formulate our problem in a genetic algorithm
(GA) optimization model [12]. The quality of a given solution is determined using
a fitness function, which is the objective function to be minimized using GA.

To define our multi-label image classification objective function, let q be our
current test image. We want to find the L ⊂ N images that minimize the fol-
lowing energy function:

E(L) = α
∑

l∈L

Dlq(l, q) + βULq(L, q) + γCL, (2)

where Dlq is the data term between image l ∈ L and the current test image q,
ULq is the uncoverage term, which measures the proportion of pixels not covered
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(a) (b)

Fig. 4. Sample (a) training and (b) testing images from Grozi-120 dataset

by any image l in L when the whole set is warped to q. Finally, our context term
CL models the prior knowledge about the co-occurrence of recognized products
in the query image. α, β, and γ are weight parameters.

We chose our data termDlq to measure the mean difference between the dense
SIFT descriptors between the two images, as defined by [19]. We experimented
with adding other features like normalized RGB color histogram. However, the
performance was worse with global color, where most products are colorful, and
the lighting conditions of test images are very different from training images.

The coverage term ULq penalizes results that do not cover a big proportion
of the test image. If we define Slq to be the set of non-overlapping pixels in q
covered by l when warped to q, then ULq can be defined as:

ULq(L, q) = 1− 1

z

∑

l∈L

|Slq|, (3)

where z is the total number of pixels in the test image q, and |Slq| is the car-
dinality of the set Slq. This, again, helps in overcoming the challenge of having
multiple database images with very similar visual appearance. Such images will
all be ranked as top matches, but for only one object in the test image. Just
taking the top ranked results, would then yield very poor coverage of the objects
present in the test image.

The context term CL models the prior probability that the labels which appear
in the final retrieved set of images occur together. In other multi-label classifi-
cation approaches, this knowledge is usually inferred from the training images.
In our case, this knowledge cannot be obtained from the training images, as
each image in our training set contains only a single product. We overcome this
problem through utilizing the hierarchical structure of our solution. We model
the prior distribution such that images (or labels) which fall under the same
category are more likely to occur together than those which fall in different cat-
egories. The probability of co-occurrence is higher for more restrictive categories
than for broader categories.

CL = 1−
∑

li,lj∈L

P̃ (li, lj), (4)

where P̃ (li, lj) is the prior distribution over the pairwise co-occurence of labels.
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The overall energy function in Eq. 2 is globally minimized using constrained
genetic algorithm (GA) [12]. We represent the population of possible solutions
as a binary vector of length N, where each element represents the decision of
inclusion for each image in the set. We used the ”ga” method provided in the
Matlab Global Optimization Toolbox. To constrain the type of children that the
algorithm creates at each step to be binary, we implemented special creation,
crossover, and mutation functions [6].

5 Experimental Results

Datasets: We evaluated the performance of our approach on two datasets:

1. 680 annotated test images from the proposed ”Grocery Products” dataset,
with a total number of 3235 products in 27 leaf node classes. Test images con-
tain products of all subcategories in the ”Food” category ranging from 6 to
30 product items per image. Regions in the test images which contain objects
that do not belong to the database are given a null label.

2. 885 extracted test images from GroZi-120 [22] dataset. There is a total
of 676 training images representing 120 grocery products. Each product is
represented by 2-14 training images with an average of 5.6 images. There
are no classes of products (i.e. each class has only one specific product). The
originally provided test images were unsuitable, since each image contains a
single product item. No shelves images were provided. We, instead, extracted
video frames from the provided 29 video files, each representing the whole
frame as shown in figure 4. Each test image contains 4-15 grocery product
items. Training images are downloaded from the web in ideal conditions,
while test images are taken in grocery stores with different conditions.

Implementation Details: We trained 100 trees with a maximum depth of 10.
We gathered votes for each test image over 57 patches of 5 different grid sizes.
The motivation behind choosing these values is explained in section 5.4. The
values of the parameters for the energy function (defined in Eq. 2): α, β and γ
are optimized using coordinate descent as detailed in section 5.2.

Evaluation Metrics: We measure the performance of our proposed system
using three metrics: mean average precision (mAP), mean average product recall
(mAPR), and mean average multi-label classification accuracy (mAMCA) [2].
We chose non-standard measures because standard measures usually address
the performance of single-instance retrieval. mAP is measured by computing the
average precision over all test images for different values of the number of top
matched images (n) that we consider in the matching step, and then the mean
is taken over all values of n (ranging from 5 to 70). Averaging helps to capture
the joint precision-recall performance. We count groups of specific products in
a test image not individual product items (figure 3). We measure the mAPR
by computing the average labeling performance (recall) of the retail product
items present in an image, and then the mean is computed across all images. To
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Table 1. Multi-label image classification performance for baseline labeling, different
versions of our system, and state-of-the-art classification and retrieval techniques

Method mAP(%) mAMCA(%) mAPR(%)

Baseline [19] 13.53 11.77 37.33

Full 23.49 21.19 43.13
without global optimization 16.93 15.07 43.36
with ground truth ranking 42.56 38.02 45.63
ground truth ranking without global optimization 30.7 27.8 68.5

FV(1024 dim) 8.62 6.41 20.73
FV(4096 dim) 11.26 9.95 22.14
FV(4096 dim) + RANSAC 12.3 10.1 24.5
HE(k=200000, ht=22) 4.26 3.96 12.13

compute mAMCA over the test dataset D, suppose Yx is the set of ground truth
labels for test image x, and Px is the set of prediction labels. We can define the

multi-label score for image x as score(Px) =
|Yx∩Px|
|Yx∪Px| , and

accuracyD =
1

|D|
∑

x∈D

score(Px), (5)

To analyze the performance of our multi-class ranking approach, we, also, use
two measures: mean average recall (mAR) per-class and mean average accuracy
(mAA) over the test images. We vary K, i.e. the number of predicted classes
from 1 to the total number of classes, and measure the true positive and false
positive rates accordingly.

In the next sections, we first perform quantitative and qualitative evaluation
of our system (Sec. 5.1). We perform in-depth analysis of our GA optimization
in Sec. 5.2. Results on the GroZi-120 dataset are reported in Sec. 5.3. Finally,
multi-class ranking and runtime efficiency are discussed in Sec. 5.4 and Sec. 5.5.

5.1 Multi-label Image Classification Performance

To evaluate the performance of our proposed approach, we vary the number of
predicted classes of the multi-class ranking (K) from 1 to the total number of
classes and report the mAMCA and mAPR values on different variants of our
system (see table 1): (1) full system (Full), (2) our system without performing
global optimization (i.e. retreive all the n top-ranked images from the dense
pixel matching results on the k top-ranked class categories), (3) our system if
we have perfect ranking performance of the multi-class ranking step, and (4)
ground truth ranking without performing global optimization. We compare the
performance of our algorithm to state-of-the-art classification and instance-level
image retrieval techniques, Fisher Vectors [25] (FV) and Hamming Embeddings
[14] (HE). For FV, we use 1024 and 4096 dim. encodings without PCA. We, also,
compare to FV (4096 dim) with Geometric Consistency Checks with RANSAC
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Fig. 5. Examples of two multi-label classification results. Left column shows the test
image, then the retrieved products, and finally their inferred locations in the test image.

re-ranking on the top 100 images. For HE, we use k = 200, 000 visual words for
building the bag-of-words histogram representation which was shown to yield
good performance and we use a fixed Hamming threshold ht = 22 following [14].
Finally, we compare to the baseline method of ranking all the images by just
dense pixel matching score [19] and taking the top n matches.

Our full system achieves 23.49% mAP and 21.19% mAMCA over all the 680
test images, which outperforms the baseline method by over 9%. Our method also
significantly performs better than other state-of-the-art approaches. FV and HE
are efficient algorithms which achieve impressive precision on other benchmarks.
However, for our case, the distribution of the training data from which the GMM
model is built (for FV), or the BOF dictionary is built (for HE) is significantly
different from the data distribution of the test set. In addition, these methods
are better suited for general rather than fine-grained object recognition.

We also show the performance results if we run our dense pixel matching rank-
ing and global optimization steps using the images of the ground truth classes
(i.e., we assume that the multi-label ranking step gives a perfect ranking of pre-
dicted categories for each test image). This yields a substantial improvement
in the mAP and mAMCA, which shows that our system’s performance could
be further improved by experimenting with different classification techniques.
When evaluating the system, the parameters are optimized for maximizing the
precision and accuracy of recognition. Accordingly, the recall performance is not
much improved given the chosen values of the parameters. Showing the improve-
ment of precision for the same achieved recall values gives an indication of how
ground truth ranking can improve the performance of the system.

To verify the impact of our global optimization step, we report results when
we pick the top n-ranked images from the matching step as our final multi-label
classification result without any global optimization. We have two cases: (1) with
random forests model ranking, and (2) with ground truth ranking. We notice
that the mAMCA degrades by more than 6%, as more irrelevant images appear
in the final result. In case of ground truth ranking, our system still performs
better with global optimization.
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Fig. 6. (a) Mean average precision as a function of the total number of matches (n)
for different values of the number of filtered classes (K). (b) Mean average precision as
a function of the total number of top matches (n) when turning on (and off) the GA
optimization. Our GA step significantly yields better performance.

In figure 5, we show sample results from running our full system on different
test images to illustrate the effectiveness of our proposed technique. We show
the original test image, the inferred labels, and their predicted locations in the
test image. Failure cases are mainly due to significant visual resemblance between
training images (like the cereal box in the figure), severe specularities, and blurry
conditions of test images. We also fail to recognize wrong facing products, which
can be addressed with additional training images.

Discussion: Although the absolute value of the results may seem unsatisfactory,
we have to consider the challenging settings of our problem. Other fine-grained
classification datasets like Caltech-UCSD Birds dataset [32] report a state-of-
the-art performance of average accuracy of 19.2%, considering that there are 15
training images per category, and each image contains only one object instance.
Whereas for our dataset, we have a single training image per category, and each
test image contains an average of 20 objects per image.

5.2 GA Optimization

We analyze the performance of our GA optimization by investigating the mAP
when choosing different parameter values for K, n, α, β and γ. We first study
the effect of the number of filtered classes K, in the multi-ranking step, and
the number of top matches n, in the dense pixel matching step, on the mAP
performance of the system. Figure 6 (a) shows the mAP as a function of n
for different values of K = 5, 7, 9, 13, 15. For each combination of n and K,
we obtain the optimal values of α, β and γ which maximize the mAP using
coordinate descent optimization. It is shown that increasing the number of classes
K generally improves the mAP. However, as K keeps increasing, more noise is
added to the filtered set which decreases the mAP. Best performance is obtained
for K = 13 classes. As expected, mAP decreases as n increases, but at the same
time the recall improves. In figure 6 (b), we plot the mAP as a function of n for
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Table 2. Performance on Grozi-120. System parameters are optimized to maximize
average precision rate.

Method mAP mAMCA mAPR

Baseline [19] 7.62 6.24 16.59

Full 13.21 7.5 9.37
without global optimization 9.54 7.1 17.56
with ground truth ranking N/A 43.03 43.03

FV(1024 dim) 4.44 5.49 12.50
FV(4096 dim) 7.34 5.74 15.16
FV(4096 dim) + RANSAC 8.13 6.65 15.2
HE(k=200000, ht=22) 6.32 5.23 10.54

K = 13 when turning off the GA optimization, by setting α = 0, β = 0 and γ
= 0, and when turning on the GA optimization by fixing α = 0.33, β = 0.05
and γ = 0.29 (obtained using coordinate descent). Our GA step significantly
improves the mAP performance. Also, our curve is flatter which shows that our
method is more tolerant to noise imposed by adding more images in the dense
pixel matching step.

5.3 Performance on GroZi-120 Dataset

We ran our experiments on 885 extracted test images (see figure 4). We used the
same metrics and compared to the same approaches as in Sec. 5.1. Our system
significantly outperforms other methods and the baseline method as shown in
table 2. Please note that mAP value for ground truth ranking variant of our
system will always have a value of 100.0% because each product category rep-
resents a specific product in Grozi-120 dataset. For similar reasons, the ground
truth ranking without global optimization setting cannot be applied to Grozi-120
dataset. Figure 7 shows sample results from running our algorithm on Grozi-120.
We effectively recognize and infer the locations of the objects in a test image.

We note that our system achieves lower mAP values on the Grozi-120 dataset
than on our proposed dataset. This is due to the fact that there are only 5.6
images per product (which represents a class) on average for training which
greatly degrades the results of the discriminative random forests. This is verified
in the significant improvement of the system performance when using ground
truth ranking. Further more, a large proportion of the test images in the Grozi-
120 dataset suffer from blurriness. Nevertheless, our system outperforms other
approaches. Also, there is no available prior information. We adjusted the prior
model to be the l1-norm of the total number of recognized products in the image.

5.4 Multi-class Ranking Analysis

To demonstrate the impact of our multi-class ranking scheme, we report the
mAA and mAR values using (1) different number of segments (i.e. votes), as
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Fig. 7. Examples of two multi-label classification results on Grozi-120. Left column
shows the test image, then the retrieved products, and finally their inferred locations.

Table 3. Multi-class ranking analysis. Baseline is the binary classification of images.

Baseline 1 seg 5 seg 57 seg

mAA 25.56 63.55 62.52 64.00
mAR 22.4 57.22 53.32 58.35

opposed to (2) using the whole image (i.e. 1 segment) for ranking, and (3) per-
forming binary classification of a test image (baseline). We have experimented
with different, empirically chosen, segment sizes. Results in table 3 show that
ranking classes through gathering classification votes consistently yields better
performance. The impact of regions in the image that suffer from specularities or
very wide variation in viewing angles is regularized by considering other patches
that have better conditions.

5.5 Runtime Efficiency

Our system consists of 3 steps: (1) Multi-class ranking, (2) fast dense pixel
matching, and (3) global optimization. We ran our experiments on a single 2.4G
CPU with 4 GB of RAM without code optimization. Step (1) takes an average
of 0.2 seconds per test image, not considering feature extraction time. Step (2)
takes 0.35 seconds per each matching operation, and finally step (3) converges to
an optimal solution in around 1.4 seconds when we consider the top 20 images
for optimization. Accordingly, the total runtime of our algorithm is 1.95 seconds,
where the time for dense pixel matching is parallelized for n top-ranked images.
The most time consuming task is the LLC feature extraction.

6 Conclusions and Future Work

We presented a fast and scalable novel approach to recognize and localize all spe-
cific product instances in a retail store image with minimum training.We perform
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cross-dataset multi-label image classification, where each label is represented by
just one instance in our training set. We also propose a new large-scale retail
products dataset with thousands of different labels. Experiments showed that
our system significantly yields better results than existing state-of-the-art classi-
fication and instance-level retrieval methods on both our proposed dataset, and
Grozi-120 dataset. Although we apply our proposed method to the grocery prod-
ucts use case, our algorithm is general and can be applied to other multi-label
image classification problems. Accordingly, the next step for us is to experiment
with applying our system in other domains and compare the performance with
previous methods on available benchmarks.
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Abstract

The problem of using pictures of objects captured un-

der ideal imaging conditions (here referred to as in vitro)

to recognize objects in natural environments (in situ) is an

emerging area of interest in computer vision and pattern

recognition. Examples of tasks in this vein include assis-

tive vision systems for the blind and object recognition for

mobile robots; the proliferation of image databases on the

web is bound to lead to more examples in the near future.

Despite its importance, there is still a need for a freely

available database to facilitate study of this kind of train-

ing/testing dichotomy. In this work one of our contribu-

tions is a new multimedia database of 120 grocery products,

GroZi-120. For every product, two different recordings are

available: in vitro images extracted from the web, and in

situ images extracted from camcorder video collected inside

a grocery store. As an additional contribution, we present

the results of applying three commonly used object recogni-

tion/detection algorithms (color histogram matching, SIFT

matching, and boosted Haar-like features) to the dataset.

Finally, we analyze the successes and failures of these algo-

rithms against product type and imaging conditions, both

in terms of recognition rate and localization accuracy, in

order to suggest ways forward for further research in this

domain.

1. Introduction

Object detection and recognition are important tasks in

computer vision. Nearly all of the algorithms that address

these problems demand large amounts of labeled training

examples for each object. Moreover, it is generally neces-

sary that the training examples be acquired under environ-

mental conditions (illumination, pose, etc.) that are repre-

sentative of what will be observed in the testing data.

In many real-world applications, however, having access

to training data for which the appearance is drawn from the

same distribution as that of the testing data is not practi-

cal. Examples of such applications include assistive vision

technology for the blind and object recognition for mobile

robots. Consider for example the Semantic Robot Vision

Challenge (SRVC)1, a new research competition designed

to push the state-of-the-art in image understanding and au-

tomatic acquisition of knowledge from large unstructured

databases of images (such as those generally found on the

web). Central to the challenge is the problem of training a

“laptop-on-wheels” object recognizer using only a textual

list of objects (provided shortly before the competition) and

access to an internet image search engine. In the case of our

application of interest, we seek to design a portable vision

system for helping blind people find groceries in a super-

market, with a starting point again consisting of a textual

list – in this case a shopping list – and access to publicly

available grocery images on the internet.

The web contains an immense collection of structured

and unstructured image databases and offers the potential to

generate useful models for image recognition and localiza-

tion. In order to explore this potential in at least one appli-

cation domain, we built a multimedia database consisting of

120 different grocery items easily retrievable from the web.

For every product, two different recordings are available: in

vitro images extracted from the web (captured under ideal

imaging conditions), and in situ images extracted from cam-

corder video collected inside a grocery store. We refer to a

grocery product with its corresponding UPC code as an ob-

ject. Each product has several different image examples that

were extracted from the web and from video captures. The

intent of this dataset is to serve as a seed upon which the

set of images can grow dynamically by user interaction in

the future. In particular, methods such as [5] could be used

to discover and label large amounts of in situ object exam-

ples in photos that currently lack textual annotation using

in vitro training data from online resources such as Amazon

Groceries.

Our goal in this paper is to provide a highly varied real

world multimedia database for studying object recognition

and detection with the above-described distinction between

training and testing data, as well as baseline performance

1http://www.cs.cmu.edu/ ∼prybski/SRVC/

1
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of several approaches used to solve object localization and

recognition. In Section 2 we first review the state of the

art object detection and recognition algorithms used in our

baseline study, and then we discuss existing databases of

common use in the computer vision community. In Section

3 we introduce the GroZi-120 database, which is publicly

available, with a detailed description of what it contains and

how it was created. Section 4 presents the features used

and the different models for localization and recognition.

Section 5 shows the results on the database and finally in

Section 6 we discuss the results and propose ideas for future

work.

2. Related work

2.1. Detection/recognition algorithms

Color histogram matching is one of the first algorithms

ever applied to detect and recognize objects in images and

videos. Swain and Ballard’s early work on color object

recognition by means of fast matching color histograms by

intersecting them [20] opened the way to many different ap-

proaches with a common ground. Computational complex-

ity, which has always been one major bottleneck of the his-

togram extraction and comparison based search tasks, has

recently been overcome with the introduction of the inte-

gral histogram by Fatih Porikli [19]. On the other hand, the

choice of which colorspace or chrominance plane to use is

still an open issue [14].

In addition to color features, one can employ methods

based on on shape [4] and/or gray-scale object descriptors.

There are two distinct problems linked to such approaches:

interest point detection and description of the distribution

of smaller-scale features within the interest point neighbor-

hood. The most commonly used interest point detector is

probably the Harris corner detector [12], while for the sec-

ond problem, David Lowe’s SIFT [16] descriptor has been

shown to outperform the others, as it is invariant to scale and

rotation transformations. This property can be explained by

the fact that it captures a substantial amount of information

about the spatial intensity patterns, while at the same time

being robust to small deformations or localization errors.

In the framework of object detection, a major contribu-

tion has been offered by Viola and Jones [21], who intro-

duced a fast and reliable classifier. They suggested using

a cascade of classifiers, each of which is a combination of

a subset of weak learners selected via Adaboost [8]. The

weak learners use Haar-like features, which are responses

of filters computed extremely quickly by employing inte-

gral images.

2.2. Computer vision databases

Over the years many datasets have been introduced in the

computer vision community, in order to provide a mean of

evaluation for the different algorithms developed. Here we

present a sample of recent ones, summarizing their charac-

teristics. In this way we will make evident the innovative

contribution offered by the GroZi-120 dataset, which we

will introduce in Section 3.

The Pascal Object Recognition Database Collection [1]

consists of data gathered for an object recognition in natu-

ral scenes challenge that took place in 2005 and 2006. In

its final version, the collection contains 5,304 images, pro-

vided by Microsoft Research Cambridge and collected from

the photo-sharing web-site Flickr, of 10 object classes. All

images are annotated with instances of all the classes, for a

total of 9,507 labelled objects. The set presents variability

of scale, pose, background clutter and degree of occlusion

for every object.

Caltech 101, now expanded into Caltech 256 [7], con-

tains 30607 images, grouped into 256 object classes, with

a mean of 119 images per class. It also includes a special

category for clutter and background. It is widely used for

object recognition but is not recommended for object local-

ization.

Another example is SOIL-47 [13], a database of house-

hold objects, many of the same shape, viewed over a sig-

nificant portion of the viewing sphere. The images show

mainly multicolored objects, many of them consisting of

planar surfaces (boxes) and with generally complex color

structure. The database contains 24 objects with approxi-

mately planar surfaces and 22 complex scenes. Both objects

and scenes are presented against a black background, in ab-

sence of clutter. Three different kinds of appearance varia-

tion are included: 3D viewpoint, illumination intensity and

occlusion/distractors. A database like SOIL-47 may repre-

sent an extremely rich in vitro training set for the problem

we investigate, but it lacks the in situ counterpart that is

needed for testing.

A more recent computer vision database is the Amster-

dam Library of Object Images (ALOI) [9], a collection of

one-thousand small objects. The creators of the dataset sys-

tematically varied viewing angle, illumination angle, and il-

lumination color for each object, and additionally captured

wide-baseline stereo images. It includes over a hundred im-

ages per object, yielding a total of 110,250 images. Again,

no clutter or complex background are present.

Finally, the ETH-80 [15] database consists of 80 objects

from 8 chosen categories captured in high-resolution color

images, with segmentation masks provided for every image.

Each object is represented by 41 images from viewpoints

spaced equally over the upper viewing hemisphere.

Apart from the Caltech 256 and the PASCAL dataset, all

the reported databases present a uniform one-color back-

ground, so objects are easily segmentable from the back-

ground (which is usually black and presents no clutter).

Moreover, in almost all cases no occlusion is present and
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the sizes and position of objects inside the images are nor-

malized, as pointed out in [18]. In contrast, we propose a

dataset that contains images that present a significant dif-

ference in quality (between training and testing) and where

individual objects have both cluttered and uniform back-

ground. Therefore it can be used for object localization

as well as recognition approaches, and it can be used for

training and testing purposes, either with images or video

captures.

3. GroZi-120 database

The GroZi-1202 is a multimedia database of 120 gro-

cery products. It was created in order to address the prob-

lem of learning using training data that differs in quality

from the testing data for object recognition and localiza-

tion tasks. The objects belonging to it vary in color, size,

opacity, shape and rigidity, as can be seen in Figure 2. The

dataset introduces variabilities not systematically offered in

previous available collections. In fact, many of our testing

images contain multiple instances of the same object, which

may present partial occlusion and truncation, as well as size

and orientation variations. Furthermore, the location of the

product varies considerably from image to image and differ-

ent objects are found in the same frames. All these proper-

ties are exemplified in Figure 4. Every product has two dif-

ferent representations in the database: one captured in vitro

and another in situ. The in vitro images are isolated and

captured under ideal imaging conditions (e.g.,stock photog-

raphy studio or a lab) and they can be found on the web,

more specifically in grocery web stores such as Froogle3.

In order to obtain in vitro representations we queried the

in vitro in situ

Total number of images 676 11194

Average number of images per object 5.6 93.3

Min. number of images per object 2 14

Max. number of images per object 14 814

Table 1. General statistics of in situ and in vitro images for the

GroZi-120 database. The reduced number of in vitro samples

arises from the difficulty to retrieve unique instances of a given

product.

web using a list of approximately 4000 UPC codes associ-

ated with the products of a local grocery store. A Perl script

was generated to automatically crawl the web looking for

images of the products by using the UPC code. In case the

system did not respond positively to a query, a textual de-

scription of the product was obtained from the UPC online

database4, and the query was performed again with the new

keywords. A manual selection of the downloaded instances

2http://grozi.calit2.net
3http://www.froogle.com
4http://www.upcdatabase.com

was executed in order to eliminate duplicates and images

representing products different from the desired one. In or-

der to make the in vitro images usable as a training set for

any algorithm, we set their background to transparent and

we obtained a binary mask in order to extract only the use-

ful information out of every image, as shown in Figure 5

(a).

Figure 1. Sample of in vitro images of multiple views for a product.

Figure 2. Sample of in vitro images for different products.

Figure 3. Sample of in situ images for the above products.

Therefore the in vitro images become easy to analyze

and at the same time, coming from different online vendors

and stock photo suppliers, they include a variety of illumi-

nations, sizes and poses. Figure 1 shows the different views

of a particular product represented by in vitro images. In

contrast, in situ representations come from natural environ-

ments (real world). Figure 3 shows the in situ representa-

tions of the objects in Figure 2. We went to the grocery store

that provided us the UPC list (a campus convenience store),

and shot 29 videos on the same day at 30 fps, encoded as

Divx 5.2.1 with a bitrate of 2000 kbps using a VGA resolu-

tion MiniDV camcorder, for a total of around 30 minutes of

footage. Such videos include every product present in the in

vitro part of the dataset. These images were selected every
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5 frames and were stored together with their location in the

video (video number, frame number, rectangle coordinates),

as shown in Figure 5 (b). These images present variations

in scale, illumination, reflectance, color, pose and rotation,

while the video frames provide a cluttered background. One

of the benefits of this data is that it represents the typical

low quality of a real world image. Hence, different algo-

rithms for object recognition (where in vitro images can be

compared to in situ images) and object localization (search

for products in videos) can be tested on this dataset. Ta-

ble 1 reports statistics about the dataset. Grozi-120 consti-

tutes a database of mixed multimedia content, with images

and videos representing the same objects under different vi-

sual conditions, together with their text annotations. The

creation of such a dataset involved different multimedia re-

sources, spanning from the web to digital camcorders.

4. Object detection and recognition algorithms

In order to provide a baseline characterization of the

level of difficulty inherent to this problem domain, we tested

a selection of popular object detection and recognition ap-

proaches and studied their performance on the GroZi-120

dataset. Below we describe the different features used and

the approaches implemented in detail.

4.1. Features and dissimilarity measures

Color Histogram: We first tested our database with

chrominance planes belonging to 3 different color spaces:

YCbCr, HSV and Lab. A preliminary study showed that

the ab plane from Lab provided the best results. We com-

puted histograms of 16 bins per channel, a and b, calculated

separately, for a total of 32 bins. Then we generated a his-

togram of the a and b channels for every in vitro image in

the dataset. Histograms belonging to the same product were

subsequently averaged, bin per bin, in order to obtain a final

template histogram representative of the object.

SIFT: We computed SIFT [16] keypoints for every in

vitro image in the data set in order to represent images us-

ing scale and rotation invariant descriptors. The keypoints

were computed using binaries provided by the UCLA Vi-

sion Lab5. Each grocery product was represented by a

“bag of keypoints” extracted from the in vitro images cor-

responding to a particular object. Therefore the calculated

keypoints correspond to the different views of the same ob-

ject without including background. The background pixels

were set to zero when the masks were applied to the images.

The product shape information is implicitly (albeit weakly)

captured by the descriptors, since they are computed on the

masked images.

Boosted Haar-like features: We used the implementa-

5http://vision.ucla.edu/ ∼vedaldi/code/sift/sift.html

tion in the Haar training utility of the Intel OpenCV library6.

Positive samples were synthetically created from the in vitro

images by applying randomly generated perspective distor-

tions, until 200 positive samples were obtained, including

the in vitro instances. The dimensions of such images were

obtained by computing the average ratio of all the masked

in vitro images and then resizing them to have a longest di-

mension of 50 pixels.

Figure 4. In situ video frame sample. There are 2 instances of

product 103, product 4 truncated, 2 instances of object 33 (one

almost completely occluded by the other), 1 sample of product 27

(rotated out of plane) and 1 instance of product 95.

a b

Figure 5. (a) Binary mask applied to web samples. (b) Product

image cropped from video frame and stored together with coordi-

nates.

4.2. Recognition

In our recognition study, in vitro images were used as

training data, while in situ images were used as test data.

In color histogram matching we computed color histograms

for every in situ image in the dataset. Then the distances

between the in vitro image template and in situ image his-

tograms were calculated, according to 3 different metrics:

Euclidean, χ2 and histogram intersection (L1 distance).

Once the distances were computed, we calculated the ROC

curves shown in Section 5 by integrating a bidimensional

histogram of the distances. We obtained the best perfor-

mance using color histogram intersection.

6 http://www.intel.com/technology/computing/opencv/
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Recognition using SIFT proceeded similarly to the ap-

proach used for color histogram matching. For each product

we computed the bag of features obtained from its in vitro

images. Then we matched the features with the keypoints

of every in situ image in the dataset. The distances between

samples were represented by the number of matches be-

tween the in vitro and the in situ one. The ROC curves were

computed in the same manner as for the color histogram

matching.

With regard to training in Adaboost, the cascade was al-

lowed to be 14 stages deep, with a maximum false alarms

rate (FAR) of 0.5 per stage.The ROC curves were obtained

by computing the distances to the in situ images resized to

the dimensions of the training set of the particular product.

Such distances were computed for the classifier by taking

the weighted sums of the responses of the features selected

at every stage and finding their difference from the thresh-

olds of the stage. All the differences were then summed

together to obtain a unique value for the distance.

4.3. Localization

Localization experiments were conducted by trying to

identify the location of products present in video sequences,

using in vitro images as the training set. Testing was per-

formed for every product using 14 frames out of the videos

containing the product, with its locations manually identi-

fied as ground truth, and 100 frames from the same videos

not containing any of the objects in the dataset. We took

into account the possible presence of multiple instances of

the product in the same frame.

We used two different metrics to evaluate localization:

a yes/no rule from which we obtain true positives and false

positives rates, and a metric based on the average object area

recall and the average detected area precision as defined in

[17], that gives us the overall recall and overall precision

rates. The first is a frame-based metric where a yes is given

if the center of the detected box (meaning the best match)

lies within the ground truth region and a no otherwise, as

presented in [3]. In the second, the recall for an object

is defined by the authors as the proportion of its area that is

covered by the algorithm’s output boxes for every frame and

the overall recall is computed as the weighted average recall

of all frames. Precision of an output box is defined as the

proportion of its area that covers the ground truth objects

and overall precision is the weighted average precision of

all frames.

The color histogram matching approach relies on the in-

tegral histogram computation as in [19]. We compute the in

vitro template histogram in the same way as in recognition.

Then, we performed a frame by frame analysis first comput-

ing the integral histogram (for the a and b channels) of the

whole frame and then moving a window at 5 different scales

in raster scan order around the frame, computing the color

histograms of different regions. Then those histograms are

intersected with the in vitro template. If the distance is ac-

cepted by the system, it is stored to be later compared to all

the other best matches in the frame. Finally a maximum of

6 windows are kept, which correspond to the best scores.

The SIFT approach for object localization consisted first

in computing the bag of keypoints for every in vitro object

and for each frame as in recognition. Since the in vitro im-

age sizes are different, we normalized the coordinates of all

the keypoints. Then, we matched the keypoints against the

frame features as in [16]. In order to reduce the number

of outliers and locate the object we centered a circle in the

in vitro average image, with a diameter equal to the aver-

age image diagonal. Iterating over the matches we kept the

circle containing the maximum number of matches. Sub-

sequently we computed the centroid of the locations of the

corresponding matching features in the frame, and also their

average distance with respect to the centroid. Using the pre-

vious pair of matches, we found the ones inside a new circle

with a diameter equal to the average distance in the in vitro

and frame instances. If the number of frame matches found

is greater or equal than the in vitro ones found we consider

the object as detected, otherwise we use the matches that

were not taken into account in the first place and proceed in

the same way. If in both cases the condition is not satisfied,

we do not consider the object as detected. This approach

was performed for different circles so we could handle mul-

tiple instances of a product on a frame.

In the Adaboost based method, the classifier obtained

from the set of boosted Haar-like features during the train-

ing phase is used to decide whether a series of rectangles

analyzed at different scales within each frame contains the

product of interest. This process is performed by compar-

ing the responses of the filters selected for every stage of

the classifier during the training phase to thresholds also se-

lected during the training.

5. Experiments and Results

In this Section we present the results for recognition and

localization of the algorithms presented in the previous sec-

tions. For recognition, we chose 10 in vitro image samples

for every product for training, corresponding to the highest

number of SIFT keypoints, considering that a higher num-

ber of keypoints often means an image with lower blurri-

ness. Synthetic images were created when the original num-

ber of samples was less than 10. Subsequently we chose 10

in situ images per object for testing using the same criteria,

but not considering synthetic images. In Figure 6 we report

the average performances. It can be noticed how the over-

all best performing algorithm is SIFT, while the color his-

togram matching curve (CHM), after an initial flat behavior,

rapidly grows towards a 99 percent match rate. Finally, Ad-

aboost offers the worst performance. One of the reasons for
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such a difference relies on the lack of a consistent number

of original samples for training, alleviated by the generation

of synthetic images, which do not offer effectively diverse

characteristics. SIFT and CHM, on the other hand, need

only very few samples to extract the necessary information

to perform recognition. Figures 7 and 8 present two inter-

esting cases. In the case of product 1, there is a clear dispar-

ity between the performances of the different algorithms.

While the SIFT performed well, probably due to the dis-

tinctiveness of the text and symbols on the product’s box,

the color histogram curve is affected by the predominance

of the white color, which is not particularly distinguishable

in the chrominance plane, and performs poorly since it is

based on a more global approach. On the other hand, in

Figure 8, CHM benefits from the multimodal histogram ob-

tained from a product presenting colors (yellow, orange and

green) very well distinguishable in the ab plane, while SIFT

and Haar-like features encounter a lack of distinctive feature

points on most of the product’s surface.
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Figure 6. Average ROC curves for all the Products.

In the case of localization we used 100 frames with no

instances of any product in the database to test the False

Positive rates. Table 2 shows the localization rates in per-

centages for the three different algorithms. We use a yes/no

rule to obtain true and false positives, based on whether the

center of the detected box lies or not within ground truth re-

gion. Recall is defined as the proportion of the ground truth

area covered by the detection boxes. Precision is defined as

the proportion of the detection boxes that covers the ground

truth area. The best and worst cases are selected consid-

ering the combination of all the 4 rates. Figure 9 presents

the best and worst cases. Looking the results we can no-

tice that SIFT outperforms the other methods, followed by

CHM. For Adaboost the discussion reported for recognition

still applies. The high values of the standard deviations in

the table show that the methods do not perform uniformly

over the set of products. This fact is due to the complex-

ity and variety of the dataset, which presents challenges of

variable difficulty for any algorithm. Furthermore from the

experiments emerges a discrepancy between the efficacy of

the three methods in recognition and localization. While

recognition yields decent results, the average performances

in localization are poor.

Figure 7. ROC curves for Product 1.

Figure 8. ROC curves for Product 15.

Such a discrepancy is due to the different nature of the

tasks: in recognition we are still operating in a controlled

environment, where although it is true that the samples we

are comparing come from the different in vitro and in situ

worlds, it is also true that those instances are segmented

from the cluttered background, and therefore easier to ana-

lyze. On the other hand, localization must consider the full

background, which contributes a significant amount of con-

fusion to the problem. In this sense localization expresses

the core of the problem: find the correspondence between

in vitro samples and cluttered, noise corrupted, realistic in

situ scenes. Figures 10, 11 and 12 are examples of different

cases of the localization performance of the 3 algorithms

on the dataset. From Figure 10 we see CHM perform well

for product 52, while SIFT and boosted Haar-like features

are not as good. In fact, object 52 has a distinctive orange

color, which clearly stands out of the background. On the

other hand, the remaining two methods cannot rely on such

precious information and they are misled by the text on the
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neighboring products. Figure 11 shows good localization by

all the methods on the product where SIFT performs best.

The characteristics of the product (clear and distinctive col-

ors, multiple pattern variations) generate informative fea-

tures for every algorithm. Only boosted Haar like features

are partially misled by a neighbor. Taking a closer look at

the misdetection and a fraction of an in vitro sample, the

similarity between the two is evident.

CHM % Recall % Precision % TP % FP

Mean 15 17 18 65

Std Dev. 28 16 35 32

Best (20) 71 82 100 4

Worst(32) 1.7 0.2 0 100

SIFT % Recall % Precision % TP % FP

Mean 72 18 22 62

Std Dev. 20 17 26 28

Best (34) 14 83 93 25

Worst (9) 26 0.9 0 64

ADA % Recall % Precision % TP % FP

Mean 15 17 18 65

Std Dev. 13 13 19 24

Best (92) 35 74 50 38

Worst (5) 0.5 0.2 0 92

Table 2. Localization performances of the 3 algorithms. Mean,

Standard Deviation, Best Case (product number in brackets) and

Worst Case percentages are reported for Overall Recall, Overall

Precision, True Positives and False Positives.

Figure 9. Best and Worst localization samples for CHM, SIFT and

ADA. The products 32, 9 and 5 correspond to the worst results and

20, 34 and 92 the best.

Finally we present a bad localization example: product

74. CHM is misled by portions of the frame very similar

in color to some parts of the in vitro image. For SIFT, the

image is too rich with keypoints for the algorithm to be able

to succeed, in particular because the product of interest is

mainly composed by uniform patterns, so that the keypoints

are found on corners in the writing. This together with the

reflections on the palstic surface of the Yoohoo bottle prove

deceptive for the algorithm. Boosted Haar like features on

the other hand, finds (in grayscale) a product which is dark

on the top and the bottom, and light in the middle, with

some texture inside.

6. Discussion and future work

Our contributions in this paper include (a) a new mul-

timedia database – GroZi-120 – for studying object recog-

nition in situ (i.e., sitting in the real world) using training

images from an in vitro source (i.e., captured under ideal

conditions) and (b) baseline performance figures of three

widely used recognition/detection algorithms that highlight

the challenge presented by this database. The Grozi-120

database contains both in situ and in vitro representations

of the same products, and it presents a wide range of vari-

ability for each product with respect to size, color, rigidity,

shape, illumination, viewpoint and quality.

Figure 10. Localization example for Product 52. On the right: in

vitro image sample.

Figure 11. Example of good localization performance by all the

methods for Product 34. The in vitro image detail on the top right

resembles the only false positive.

Figure 12. Example of poor localization performance for Product

74. On the right: in vitro image sample.

Gathering useful training information from images cap-

tured in ideal conditions is linked to the semantic web im-

age retrieval issue, addressed among others by [22]. In

this work the authors demonstrate the application of com-

mon image search metrics applied to images captured with

a camera-equipped mobile device to find matching images

on the Web or other general-purpose databases. The results

of the testbed suggest the need for more precise and elabo-

rate detection/recognition algorithms to solve the proposed

problem. In fact, the aim of our work was to provide a base-

line against which to test new methods. Color histogram

matching may benefit from the works on color invariants,

e.g., [11] and [10]. Another interesting direction may con-

sist in a combination of the grayscale and color based meth-

ods, such as [2] and [6]. Our database offers not only a
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testbed for such approaches trying to link real world data to

clean web or studio images, it can also be seen as an inter-

mediate step or a bridge between the two representations of

the same object. In fact, web and multimedia retrieval can

benefit from a set of pre-existing labeled samples, while at

the same time dynamically increasing and improving such

a set. This type of problem can find applications in mobile

robot navigation like the Semantic Robot Vision Challenge

(SRVC) and also in assistive technologies for the visually

impaired . In fact, in the case of a blind or visually impaired

person that uses a device that recognizes products in a gro-

cery store, it would be impractical to acquire in situ data

every time we need to train the system, thus the in vitro data

captured from the web is a good source of training data.

Therefore we intend as future work to use the in vitro

data set as a seed to build upon, as the user base continues

to use the database and expanding the in situ part as a

means of evaluating different algorithms. Furthermore, we

plan to include more objects in the database and expand

the number examples per object. We also plan to fuse

recognition and detection methods in order to improve the

results as well as to make use of context information about

physical object proximity, identifying products nearby

on the shelf to improve localization of objects in natural

scenes.
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Abstract 

Modern search engines receive large numbers of busi­

ness related, local aware queries. Such queries are best 

answered using accurate, up-to-date, business listings, that 

contain representations of business categories. Creating 

such listings is a challenging task as businesses often 

change hands or close down. For businesses with street 

side locations one can leverage the abundance of street 

level imagery, such as Google Street VIew, to automate the 

process. However, while data is abundant, labeled data is 

not; the limiting factor is creation of large scale labeled 

training data. In this work, we utilize an ontology of ge­

ographical concepts to automatically propagate business 

category information and create a large, multi label, train­

ing dataset for fine grained storefront classification. Our 

learner, which is based on the GoogLeNetlInception Deep 

Convolutional Network architecture and classifies 208 cat­

egories, achieves human level accuracy. 

1. Introduction

Following the popularity of smart mobile devices, search
engine users today perform a variety of locality-aware 
queries, such as Japanese restaurant near me, Food nearby 

open now, or Asian stores in San Diego. With the help of 
local business listings, these queries can be answered in a 
way that is tailored to the user's location. 

Creating accurate listings of local businesses is time con­
suming and expensive. To be useful for the search engine, 
the listing needs to be accurate, extensive, and importantly, 
contain a rich representation of the business category. Rec­
ognizing that a JAPANESE RESTAURANT is a type of ASIAN 

STORE that sells FOOD, is essential in accurately answering 
a large variety of queries. Listing maintenance is a never 
ending task as businesses often move or close down. In fact 
it is estimated that 10% of establishments go out of business 
every year, and in some segments of the market, such as the 
restaurant industry, the rate is as high as 30% [24]. 

978-1-4673-6964-0/15/$31.00 ©2015 IEEE

Figure 1. The multi label nature of business classification is clear 

in the image on the left; the main function of this establishment is 

to sell fuel, but it also serves as a convenience store. The remaining 

images show the fine grained differences one expects to find in 

businesses. The shop in the middle image is a grocery store, the 

one on the right sells plumbing supplies; visually they are similar. 

The turnover rate makes a compelling case for automat­
ing the creation of business listings. For businesses with a 
physical presence, such as restaurants and gas stations, it is 
a natural choice to use data from a collection of street level 
imagery. Probably the most recognizable such collection is 
Google Street View which contains hundreds of millions of 
3600 panoramic images, with geolocation information.

In this work we focus on business storefront classifica­
tion from street level imagery. We view this task as a form 
of multi-label fine grained classification. Given an image 
of a storefront, extracted from a Street View panorama, our 
system is tasked with providing the most relevant labels for 
that business from a large set of labels. To understand the 
importance of associating a business with multiple labels, 
consider the gas station shown in Figure 1 (left). While its 
main purpose is fueling vehicles, it also serves as a conve­
nience or grocery store. Any listing that does not capture 
this subtlety will be of limited value to its users. Similarly, 
stores like Target or Walmart sell a wide variety of products 
from fruit to home furniture, all of which should be reflected 
in their listings. The problem is fine grained as business of 
different types can differ only slightly in their visual ap­
pearance. An example of such a subtle difference is shown 
in Figure 1. The middle image shows the front of a grocery 
store, while the image on the right is of a plumbing supply 
store. Visually they are similar. The discriminative infor-

Authorized licensed use limited to: Penn State University. Downloaded on June 13,2024 at 18:51:02 UTC from IEEE Xplore.  Restrictions apply. 

Page 135 of 169



mation can be very subtle, and appear in varying locations 
and scales in the image; this, combined with the large num­
ber of categories needed to cover the space of businesses, 
require large amounts of training data. 

The contribution of this work is two fold. First, we pro­
vide an analysis of challenges of a storefront classification 
system. We show that the intra-class variations can be larger 
than differences between classes (see Figure 2). Textual 
information in the image can assist the classification task, 
however, there are various drawbacks to text based models: 
Determining which text in the image belongs to the business 
is a hard task; Text can be in a language for which there is 
no trained model, or the language used can be different than 
what is expected based on the image location (see Figure 3). 
We discuss these challenges in detail in Section 3. 

Finally, we propose a method for creating large scale la­
beled training data for fine grained storefront classification. 
We match street level imagery to known business informa­
tion using both location and textual data extracted from im­
ages. We fuse information from an ontology of entities with 
geographical attributes to propagate category information 
such that each image is paired with multiple labels with dif­
ferent levels of granularity. Using this data we train a Deep 
Convolutional Network that achieves human level accuracy. 

2. Related Work

The general literature on object classification is vast. Ob­
ject category classification and detection [9] has been driven 
by the Pascal VOC object detection benchmark [8] and 
more recently the ImageNet Large Scale Visual Recogni­
tion Challenge (ll.,SVRC) [26]. Here, we focus on review­
ing related work on analysis of street view data, fine-grained 
classification and the use of Deep Convolutional Networks. 

Analyzing Street View Data. Since its launch in 2007, 
Google Street View [28, 1] has been used by the computer 
vision community as both a test bed for algorithms [19, 31] 
and a source from which data is extracted and analyzed [12, 
34, 21, 10, 6]. 

Early work on leveraging street level imagery focused on 
3D reconstruction and city modeling. Cornelis et al. [6] fo­
cused on supplying textured 3D city models at ground level 
for car navigation system visualizations. Micusik et al. [21] 
used image segmentation cues and piecewise planar struc­
tures to build a robust 3D modeling system. 

Later works have focused on extracting knowledge from 
Street View and leveraging it for particular tasks. In [34] the 
authors presented a system in which SIFT descriptors from 
100, 000 Street View images were used as reference data to 
be queried upon for image localization. Xiao et al. [31] pro­
posed a multi view semantic segmentation algorithm that 
classified image pixels into high level categories such as 
ground, building, person, etc. Lee et al. [19] described a 

weakly supervised approach that mined midlevel visual el­
ements and their connections in geographic data sets. Their 
approach discovered elements that vary smoothly over loca­
tion. They evaluated their method using Street View images 
from the eastern coast of the United States. Their classifiers 
predicted location with a resolution of about 70 miles. 

Most similar to our work, is that of Goodfellow et al. 
[12]. Both works utilize Street View as a map making 
source, and data mine information about real world ob­
jects. They focused on understanding street numbers, while 
we are concerned with local businesses. They described a 
method for street number transcription in Street View data. 
Their approach unified the localization, segmentation, and 
recognition steps by using a Deep Convolutional Network 
that operated directly on image pixels. The key idea behind 
their approach was to train a probabilistic model P(SIX), 
where S is a digit sequence, and X an image patch, by max­
imizing log P(SIX) on a large training set. Their method,
which was evaluated on tens of millions of annotated street 
number images from Street View, achieved above 90% ac­
curacy and was comparable to human operators. 

Fine Grained Classification. Recently there has been re­
newed interest in Fine Grained classification [32, 33, ]4] 
Yao et al. [33] modeled images by densely sampling rect­
angular image patches, and the interactions between pairs 
of patches, such as the intersection of the feature vectors 
of two image patches. In [32] the authors proposed a 
codebook-free representation which samples a large num­
ber of random patches from training images. They de­
scribed an image by its response maps to matching the 
template patches. Branson et al. [4] and Wah et al. [29] 
proposed hybrid human-computer systems, which they de­
scribed as a visual version of the 20-question game. At each 
stage of the game, the algorithm chooses a question based 
on the content of the image, and previous user responses. 

Convolutional Networks. Convolutional Networks [11, 
] 8] are neural networks that contain sets of nodes with tied 
parameters. Increases in size of available training data and 
availability of computational power, combined with algo­
rithmic advances such as piecewise linear units [16, 13] 
and dropout training [15] have resulted in major improve­
ments in many computer vision tasks. Krizhevsky et al. [] 7] 
showed a large improvement over state of the art in object 
recognition. This was later improved upon by Zeiler and 
Fergus [35], and Szegedy et al. [27]. 

On immense datasets, such as those available today for 
many tasks, overfitting is not a concern; increasing the size 
of the network provides gains in testing accuracy. Optimal 
use of computing resources becomes a limiting factor. To 
this end Dean et al. developed DistBelief [7], a distributed, 
scalable implementation of Deep Neural Networks. We 
base our system on this infrastructure. 
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Figure 2. Examples of 3 businesses with their names blurred. Can 

you predict what they sell? Starting from left they are: Sushi 

Restaurant, Bench store, Pizza place. The intra-class variation 

can be bigger than the differences between classes. This exam­

ple shows that the textual information in images can be important 

for classifying the business category. However, relying on OCR 

has many problems as discussed in Section 3. 

3. Challenges in Storefront Classification

Large Within-Class Variance. Predicting the function of 
businesses is a hard task. The number of possible categories 
is large, and the similarity between different classes can be 
smaller than within class variability. Figure 2 shows three 
business storefronts. Their names have been blurred. Can 
you tell the type of the business without reading its name? 
Two of them are restaurants of some type, the third sells 
furniture, in particular store benches (middle image). It is 
clear that the text in the image can be extremely useful for 
the classification task in these cases. 
Extracted Text is Often Misleading. The accuracy of 
text detection and transcription in real world images has in­
creased significantly over the last few years [30, 22], but 
relying on the ability to transcribe text has drawbacks. We 
would like a method that can scale up to be used on images 
captured across many countries and languages. When us­
ing extracted text, we need to train a dedicated model per 
language, this requires a lot of effort in curating training 
data. Operators need to mark the location, language and 
transcription of text in images. When using the system it 
would fail if a business had a different language than what 
we expect for its location or if we are missing a model for 
that language (Figure 3a). Text can be absent from the im­
age, and if present can be irrelevant to the type of the busi­
ness. Relying on text can be misleading even when the lan­
guage model is perfect; the text can come from a neigh­
boring business, a billboard, or a passing bus (Figure 3b). 
Lastly, panorama stitching errors may distort the text in the 
image and confuse the transcription process (Figure 3c). 

However, it is clear that the textual parts of the image do 
contain information that can be helpful. Ideally we would 
want a system that has all the advantages of using text infor­
mation, without the drawbacks mentioned. In Section 6.3 
we show that our system implicitly learns to use textual 
cues, but is more robust to these errors. 
Business Category Distribution. The natural distribution 
of businesses in the world exhibits a "long tail". Some busi-

(a) Unexpected Language (b) Misleading Text (c) Stitching Errors 

Figure 3. Text in the image can be informative but has a number of 

characteristic points of failure. (a) Explicitly transcribing the text 

requires separate models for different languages. This requires 

maintaining models for each desired language/region. If text in 

one language is encountered in a an area where that language was 

not expected, the transcription would fail. (b) The text can be mis­

leading. In this image the available text is part of the Burger King 

restaurant that is behind the gas station. (c) Panorama stitching 

errors can corrupt text and confuse the transcription process. 

(a) Area Too Small (b) Area Too Large (c) Multiple Businesses 

Figure 4. Common mistakes made by operators: a red box shows 

the area marked by an operator, a green box marks the area that 

should have been selected. (A) Only the signage is selected. (B) 

An area much larger than the business is selected. (C) Multiple 

businesses are selected as one business. 

nesses (e.g. McDonalds) are very frequent, but most of the 
mass of the distribution is in the large number of businesses 
that only have one location. The same phenomena is also 
true of categories. Some labels have an order of magnitude 
more samples than others. For example, for the FOOD AND 
DRINK category which contains restaurants, bars, cafes, 
etc, we have 300,000 images, while for LAUNDRY SER­
VICE our data contains only 13,000 images. We note that a 
large part of the distribution's mass is in smaller categories. 

Labeled Data acquisition. Acquiring a large set of high 
quality labeled data for training is a hard task in and of itself. 
We provide operators with Street View panoramas captured 
at urban areas in many cities across Europe, Australia, and 
the Americas. The operators are asked to mark image areas 
that contain business related information. We call these ar­
eas biz-patches. This process is not without errors. Figure 4 
shows a number of common mistakes made by operators. 
The operators might mark only the business signage (4a), 
an area that is too large and contains unneeded regions (4b), 
multiple businesses in the same biz- patch (4c). 
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4. Ontology Based Generation of Training

Data

Learning algorithms require training data. Deep Learn­
ing methods in particular are known for their need of large 
quantities of training instances, without which they overfit. 
In this section we describe a process for collecting a large 
scale training set, coupled with ontology-based labels. 

Building a training set requires matching extracted biz­
patches p and sets of relevant category labels. First, we
match a biz-patch with a particular business instance from 
a database of previously known businesses E that was man­
ually verified by operators. We use the textual information 
and geographical location of the image to match it to a busi­
ness. We detect text areas in the image, and transcribe them 
using an OCR software. This process suffers from the draw­
backs of extracting text, but is useful for creating a set of 
candidate matches. This provides us with a set S of text
strings. The biz-patch is geolocated and we combine the 
location information with the textual data. For each known 
business bEE, we create the same description, by com­
bining its location and the set T of all the textual informa­
tion that is available for it; name, phone number, operating 
hours, etc. We decide that p is a biz-patch of b if geograph­
ical distance between them is less than approximately one 
city block, and enough extracted text from S matches T 

Using this technique we create a set of 3 million pairs 
(p, b). However, due to the factors that motivated our work,
the quality and completeness of the information varies 
greatly between businesses. For many businesses we do not 
have category information. Moreover, the operators who 
created the database were inconsistent in the way they se­
lected categories. For example, a McDonalds can be labeled 
as a HAMBURGER RESTAURANT, a FAST FOOD RESTAU­
RANT, a TAKE AWAY RESTAURANT, etc. It is also plau­
sible to label it simply as RESTAURANT. Labeling similar 
businesses with varying labels will confuse the learner. 

We address this in two ways. First, by defining our task 
as a multi label problem we teach the classifier that many 
categories are plausible for a business. This, however, does 
not fully resolve the issue - When a label is missing from an 
example, the image is effectively used as a negative train­
ing instance for that label. It is important that training data 
uses a consistent set of labels for similar businesses. Here 
we use a key insight: the different labels used to describe 
a business represent different levels of specificity. For ex­
ample, a hamburger restaurant is a restaurant. There is 
a containment relationship between these categories. On­
tologies are a commonly used resource, holding hierarchi­
cal representations of such containment relations [3, 23]. 
We use an ontology that describes containment relation­
ships between entities with a geographical presence, such 
as RESTAURANT, PHARMACY, and GAS STATION. Our 

Figure 5. Using an ontology that describes relationships between 

geographical entities we assign labels at mUltiple granularities. 

Shown here is a snippet of the ontology. Starting from the ITAL­

IAN RESTAURANT concept (diamond), we assign all the predeces­

sors' categories as labels as well (shown in blue). 

ontology, which is based on Google Map Maker's ontology, 
contains over 2,000 categories. For a pair (p, b) for which
we know the category label c, we locate c in the ontology. 
We follow the containment relations described by the on­
tology, and add higher-level categories to the label set of p. 
The most general categories we consider are: ENTERTAIN­
MENT & RECREATION, HEALTH & BEAUTY, LODGING, 
NIGHTLIFE, PROFESSIONAL SERVICES, FOOD & DRINK, 
SHOPPING. Figure 5 shows an illustration of this process 
on a snippet from the ontology. Starting from an ITALIAN 
RESTAURANT, we follow containment relations up prede­
cessors in the ontology, until FOOD & DRINK is reached. 

This creates a large set of pairs (p, s ) where p is a biz­
patch and s is a matching set of labels with varying levels 
of granularity. To ensure there is sufficient training data per 
label we omit labels whose frequency is very low and are 
left with 1.3 million biz-patches and 208 unique labels. 

5. Model Architecture and Training

We base our model architecture on the winning sub­
mission for the ILSVRC 2014 classification and detection 
challenges by Szegedy et al. named GoogLeNet [27]. The 
model expands on the Network-in-Network idea of Lin et 
al. [20] while incorporating ideas from the theoretical work 
of Arora et al. [2]. Szegedy et al. forgo the use of fully 
connected layers at the top of the network and, by forc­
ing the network to go through dimensionality reduction in 
middle layers, they are able to design a model that is much 
deeper than previous methods, while dramatically reducing 
the number of learned parameters. We employ the DistBe­
lief [7] implementation of deep neural networks to train the 
model in a distributed fashion. 

We create a train/test split for our data such that l.2 mil­
lion images are used for training the network and the re­
maining 100,000 images are used for testing. As a busi-
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Figure 6. (a) Accuracy of classification for top K predictions. Us­

ing the top-l prediction our system is comparable to human oper­

ators (see Table 1). When using the top 5 predictions the accuracy 

increases to 83%. (b) Percentage of images for which the first 

correct prediction was at rank K. To save space the values for 

K � 15 are summed and displayed at the 15th bin. 

ness can be imaged multiple times from different angles, 
the splitting is location aware. We utilize the fact that Street 
View panoramas are geotagged. We cover the globe with 
two types of tiles. Big tiles with an area of 18 kilometers, 
and smaller ones with area of 2 kilometers. The tiling alter­
nates between the two types of tiles, with a boundary area of 
100 meters between adjacent tiles. Panoramas that fall in­
side a big tile are assigned to the training set, and those that 
are located in the smaller tiles are assigned to the test set. 
This ensures that businesses in the test set were never ob­
served in the training set while making sure that training and 
test sets were sampled from the same regions. This splitting 
procedure is fast and stable over time. When new data is 
available and a new split is made, train/test contamination is 
not an issue as the geographical locations are fixed. This al­
lows for incremental improvements of the system over time. 

We first pre-train the network using images and ground 
truth labels from the ImageNet large scale visual recog­
nition challenge with a Soft Max top layer, and once the 
model has converged we replace the top layer, and continue 
the training process with our business image data. This pre­
training procedure has been shown to be a powerful initial­
ization for image classification tasks [25, 5]. Each image is 
resized to 256 x 256 pixels. During training random crops
of size 220 x 220 are given to the model as training images.
We normalize the intensity of the images, add random pho­
tometric changes and create mirrored versions of the images 

to increase the amount of training data and guide the model 
to generalize. During testing a central box of size 220 x 220 
pixels is used as input to the model. We set the network to 
have a dropout rate of 70% (each neuron has a 70% chance 
of not being used) during training, and use a Logistic Re­
gression top layer. Each image is associated with all the la­
bels found by the method described in Section 4. This setup 
is designed to push the network to share features between 
classes that are on the same path up the ontology. 

6. Evaluation

In this section we describe our experimental results. We
begin by providing a quantitative analysis of the system's 
performance, then describe two large scale human perfor­
mance studies that show our system is competitive with the 
accuracy of human operators and conclude with quantita­
tive results that provide understanding as to what features 
the system managed to learn. 

When building a business listing it is important to have 
very high accuracy. If a listing contains wrong informa­
tion it will frustrate its users. The requirements on coverage 
however can be less strict. If the category for some business 
images can not be identified, the decision can be postponed 
to a later date; each street address may have been imaged 
many times, and it is possible that the category could be de­
termined from a different image of the business. Similarly 
to the work of Goodfellow et al. [] 2] on street number tran­
scription, we propose to evaluate this task based on recall 
at certain levels of accuracy rather than evaluating the ac­
curacy over all predictions. For automatically building list­
ings we are mainly concerned with recall at 90% precision 
or higher. This allows us to build the listing incrementally, 
as more data becomes available, while keeping the overall 
accuracy of the listing high. 

6.1. Fine Grained Classification Results 

As described in section 4 each image is associated with 
one or more labels. We first evaluate the classifier's abil­
ity to retrieve at least one of those labels. For an image i, 
we define the ground truth label set gi. The predictions Pi
are sorted by the classifier's confidence, and we define the 
top-k prediction set P� as the first k elements in the sorted
prediction list. A prediction for image i is considered cor­
rect if gi n P� -I- 0. Figure 6a shows the prediction accuracy
as a function of labels predicted. The accuracy at top-k is 
shown for k E {I, 3, 5, 7, 10}. Top- l performance is com­
parable to human annotators (see Section 6.2), and when the 
top 5 labels are used the accuracy increases to 83%. Fig­
ure 6b shows the distribution of first-correct-prediction, i.e. 
how far down the sorted list of predictions does one need to 
search before finding the first label that appears in gi. We
see that the first predicted label is by far the most likely and 
that the probability of having a predicted set P� that does not
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Figure 7. Precision recall curves for some of the top performing 

categories. The precision curve of the full system is shown as a 

dashed line. Recall at 90% precision is shown in the legend. 

contain any of the true labels decreases with k. In order to
save space we sum up all the probabilities for k E [15, 208]
in one bin. 

As mentioned above, one important metric for evalua­
tion is recall at specific operating points. Figure 7 shows 
precision recall curves for some of the top performing cate­
gories and summary curve of the full system (dashed). The 
precision and recall of the full system is calculated by using 
the top-l prediction. For many categories we are able to re­
cover the majority of businesses while precision is held at 
90%. For a classification system to be useful in a practical 
setting the classifier's returned confidence must be well cor­
related with the quality of its prediction. Figure 8 shows a 
histogram of the number of correctly predicted labels in the 
top 5 predictions on a set of images whose labels were man­
ually verified. The mean prediction confidence is indicated 
by color intensity (darker means higher confidence). Note 
the strong correlation between confidence and accuracy; for 
confidence above 80% normally at least 4 of the top labels 
are correct. 

The GoogLeNet network [27] incorporates a number of 
new design elements that make it particularly appealing: 
by not using fully connected upper layers, and forcing the 
network to go through dimensionality reduction stages, the 
network has far fewer parameters while being much deeper 
than previous methods. We evaluate the use of this architec­
ture by comparing it to the AlexNet network proposed by 
Krizhevsky et al. [17] on a 13 category, single label classi­
fication task. We select a set of useful categories that a user 
might search for, and train both networks to predict one la­
bel per image. Figure 9 shows recall at 0.9 precision on all 
categories for which at least one method has recall ?: 0.1.
GoogLeNet outperforms the baseline for all categories, and 
for some, e.g. PHARMACY, recall more than doubles. 

Figure lO shows 30 sample images from the test set
with their top 5 predictions. The model is able to classify 
these images with their high level categories and with fine 
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Figure 8. Histogram of correct labels in the top 5 predictions for a 

set of 300 manually verified images. Color indicates mean predic­

tion confidence. Note that the confidence in prediction is strongly 

correlated with the accuracy. 
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Figure 9. Recall at 90% precision for the GoogLeNet model used 

by our method and the AlexNet architecture [17] on a 13 category 

classification task. We show classes for which at least one of the 

models has recall 2: 0. 1. GoogLeNet performs better on all cate­

gories. On some, such as PHARMACY recall more than doubles. 

grained, specialized classes. For example, the top-right im­
age was classified by the model as: BEAUTY, BEAUTY SA­
LON, COSMETICS, HEALTH SALON, and NAIL SALON. 

6.2. Human Performance Studies 

Our system needs to perform at human level accuracy. 
Otherwise it will require a human verification post pro­
cess. To estimate human accuracy on this task we have 
conducted two large scale human performance studies that 
check the agreement of operator-provided labels for the 
same business. In our experiments, subjects were shown 
images of businesses and selected one of 13 options (12 
categories, and an OTHER category that stands for "none 
of the above".) Categories were chosen based on their 
financial impact for a business listing creator. The cat­
egories are: FOOD STORE, RESTAURANT/CAFFE, FI­
NANCE, PHARMACY, REAL ESTATE, GAS STATION, Au­
TOMOTIVE (other than gas stations), FASHION, LODGING, 
LAUNDRY, PLACE OF WORSHIP, BEAUTY. Note that 
the studies used full resolution images as opposed to the 
256 x 256 images given to the algorithm. The first study 
had 73, 272 images, each was shown to two operators. The 
operators agreed on 69% of image labels. In our second 
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Operator 
Agreement 

100% 
75% 
66% 
50% 
0% 

Average Agreement 

Number of images 
Study 1 Study 2 

50,425 9,938 
9 

8,535 
133 

22,847 1,300 

69% 78% 
Table 1. Human Performance studies. In two large scale human 

studies we have found that manual labelers agree on a label for 

69% and 78% of the images. 

study we had 20, 000 images, but each image was shown to 
three to four subjects. We found that the average agreement 
of the human operators was 78%. Table I shows a detailed
summary of the human study results. 

6.3. Analysis: Learning to Read With Weak Labels 

For some of the images in Figure 10, such as the im­
age of the dental center (top row, second image from right) 
it is surprising that the model was capable of classifying it 
correctly. It is hard to think of a "canonical" dental cen­
ter look, but even if we could, it doesn't seem likely that 
this image would be it. In fact, without reading the text, it 
seems impossible to correctly classify it. This suggests that 
the system has learned to use text when needed. Figure 11 
shows images from Figure 10 for which we have manually 
blurred the discriminative text. Note especially the image of 
the dental center, and of the auto dealer. After blurring the 
test "Dental" the system is confused about the dental center; 
it believes it is a beauty salon of some sorts. However, for 
the auto dealer, it is still confident that this is a place that 
sells things, and is related to transportation and automotive. 
To take this experiment to its logical extreme, we also show 
a synthetic image, which contains only the word Pharmacy. 

The classifier predicts the relevant labels for it. 
To us this is a compelling demonstration of the power of 

Deep Convolutional Networks to learn the correct represen­
tation for a task. Similar to a human in a country in which 
she does not know the language, it has done the best it can -
learn that some words are correlated with specific types of 
businesses. Note that it was never provided with annotated 
text or language models. It was only provided with what we 
would consider as weak textual labels, images that contain 
text and labeled with category labels. Furthermore, when 
text is not available the system is able to make an accurate 
prediction if there is distinctive visual information. 

7. Discussion

Business category classification, is an important part of
location aware search. In this paper we have proposed a 
method for fine grained, multi label, classification of busi-

Dental Auto Nail 

Pharmacy 

food & drink .833 food & drink .998 health & beauty .987 

food .745 food .996 shopping .985 

reslauranl or cafe .717 restaurant or cafe .992 store .982 

restaurant .667 restaurant .990 health .981 

beverages .305 fast food restaurant .862 pharmacy .969 

Figure 11. A number of images from Figure 10 with the discrimi­

native text in the image blurred (noted above the image). For some 

images, without the discriminative word the algorithm is confused 

(left column). For example, for the dental center, without the word 

dental it predicts a beauty salon. For other images, there is enough 

non textual information for the algorithm to be confident of the 

business category even when the text is blurred, for example the 

car dealership. Note the image of the nail spa: when the word nail 

is blurred the classifier falls back to more generic classes that fit 

the visual information - beauty salon, cosmetics, etc. As a final in­

dicator to the ability of the network to learn textual cues we show 

a synthetic image where the only visual information is the word 

pharmacy. The network predicts relevant labels. 

ness storefronts from street level imagery. We show that 
our system learned to extract and associate text patterns in 
multiple languages to specific business categories without 
access to explicit text transcriptions. Moreover, our system 
is robust to the absence of text, and when distinctive visual 
information is available, it is able to make correct predic­
tions. We show our system achieves human level accuracy. 

Using an ontology of entities with geographical at­
tributes, we propagate label information during training, 
and produce a large set of 1.3 million images for a fine 
grained, multi label task. The use of non visual information, 
such as an ontology, to "ground" image data to real world 
entities is an exciting research direction, and there is much 
that can be done. For example, propagating information us­
ing the ontology at test time can increase both accuracy and 
recall. Node similarity in the ontology can be used to guide 
feature sharing between classes, and improve performance 
for seldom viewed classes. 
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Figure 10. Top predictions for sample images from the test set. Predictions marked in red disagree with ground truth labels; in some cases 

the classifier is correct and the ground truth label is wrong (marked with *) . For example, see asian restaurant (fourth image from left, row 

before last), for which the top 5 predictions are all correct, but do not agree with the ground truth. The mark (s) is an abbreviation for store. 
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finance .997 shopping .813 prof. services .998 automotive .999 health & beauty .992 beauty .997

bank or atm .994 store .805 real estate agency .995 gas & automotive .999 health .985 beauty salon .997

atm .976 construction .662 real estate .992 shopping .999 doctor .961 cosmetics .995

user op machine .975 home goods (s) .530 rental .453 store .999 emergency services .960 health salon .994
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telecommunication .826 shopping .923 shopping .920 laundromat .934 food & drink .947 automotive .999
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clothing .001 repairs 1.00 food 1.00 hamburger restaurant .936 food & drink .700 fast food restaurant .884

health .999 prof. services .999 prof. services .995 food & drink* .996 food & drink .825 shopping .932

health & beauty .999 real estate .996 company .982 food* .959 food .762 store .920

pharmacy .997 real estate agency .973 cleaning service .975 restaurant* .931 restaurant or cafe .741 florist .896

emergency services .996 rental .132 laundry .970 restaurant or cafe* .909 restaurant .672 fashion .077

shopping .989 consultant .029 dry cleaner .966 asian* .647 beverages .361 gift shop .071

prof. services .594 gas station .996 shopping .489 shopping .719 beauty .999 place of worship .990

legal services .346 transportation .996 store .467 store .713 health & beauty .999 church .988

lawyer .219 gas & automotive .995 prof. services .289 home goods (s) .344 cosmetics .998 education/culture* .031

insurance .129 government .001 services .246 furniture store .299 health salon .998 assoc./organization* .029
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Abstract

In this paper, we describe an approach to recognizing loca-
tion from mobile devices using image-based web search. We
demonstrate the usefulness of common image search met-
rics applied on images captured with a camera-equipped
mobile device to find matching images on the World Wide
Web or other general-purpose databases. Searching the
entire web can be computationally overwhelming, so we
devise a hybrid image-and-keyword searching technique.
First, image-search is performed over images and links to
their source web pages in a database that indexes only a
small fraction of the web. Then, relevant keywords on these
web pages are automatically identified and submitted to an
existing text-based search engine (e.g. Google) that indexes
a much larger portion of the web. Finally, the resulting
image set is filtered to retain images close to the original
query. It is thus possible to efficiently search hundreds of
millions of images that are not only textually related but
also visually relevant. We demonstrate our approach on an
application allowing users to browse web pages matching
the image of a nearby location.

1. Introduction

Content-based image retrieval (CBIR) has been an ongoing
research topic for the past decade. One of the difficulties
reported by users is that queries are hard to specify with
the conventional input modalities; unlike keywords, a visual
query may require the user to sketch or select parameter
values for each low-level feature [10]. For recognizing real-
world entities, searching with an actual image seems ideal.
The advent of a new generation of camera-equipped phones
and PDAs provides a unique platform for image-based web
search.

We apply this paradigm to location recognition. Lo-
cation recognition with radio or other signals (e.g., GPS,
RFID tags, etc.) is possible, but an image-based approach
can recognize locations distinct from a device’s actual posi-
tion. (e.g., “Tell me about that building over there.”, while
taking a snapshot of the building.) We have found that many
landmarks and other prominent locations already have im-
ages on relevant web pages, so matching the mobile image

to web documents can provide a reasonable location cue.
We take images of an unknown location from a mobile cam-
era, send them to a server for processing, and return a set of
matching web pages.

Content-based search over the entire web is a com-
putationally prohibitive proposition. Searching an image
database on a scale similar to any commercial keyword-
based image search engine, such as Google with 425 million
images, remains a research challenge. We propose a hybrid
approach that can provide content-based image retrieval by
combining both image-based and text-based search. We
leverage the fact that there will be redundant landmark im-
ages on the web and that a search in a subset of the web will
likely find a matching image.

Our approach is to first search a bootstrap set of images
obtained by web-crawling a restricted domain. The domain
is selected based on the expected application, for example
tourism-related sites for a particular geographic location.
To recover relevant pages across the full web, we exploit a
keyword-based search followed by a content-based filtering
step. Keywords are extracted from web pages with match-
ing images in the bootstrap set. Instead of running CBIR
over hundreds of millions of images, we only need to oper-
ate on a seed set of images and on the images returned from
the keyword-based search (see Figure 1).

In this paper, we focus on one particular class of
images—landmarks for recognizing location. The goal is
to recognize the location by finding web pages with an im-
age matching the image of the location. In the next sec-
tion we will review relevant related work. Following that,
we present our approach to keyword and image-based web
search and detail the component modules of our method.
We present experiments on a tourist location recognition
task to evaluate the components of our approach. We con-
clude with summary of our contribution.

2. Previous Work
Most commercially successful image search engines are
text-based. Corbis features a private database of millions
of high-quality photographs and artwork that are manu-
ally tagged with keywords and organized into categories.
Google has indexed more than 425 million web pages and
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WEB

CBIR

Eiffel
Tower
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Figure 1: Image-and-keyword hybrid search. In step 1, the user takes an image with a camera phone, which is used as a query
to find similar images from a small image database using CBIR techniques. In step 2, keywords are automatically extracted.
In step 3, extracted keywords are sent to Google to find textually related images. In step 4, content-based image matching
techniques are applied to identify visually relevant images.

inferred their content in the form of keywords by analyz-
ing the text on the page adjacent to the image, the image
caption, and other text features. In both cases, the image
search engine searches for images based on text keywords.
Since the visual content of the image is ignored, images that
are visually unrelated can be returned in the search result.
However, this approach has the advantage of text search—
semantically intuitive, fast, and comprehensive.

Searching for images from images is often called
content-based image retrieval and has been an ongoing re-
search topic for many years [10]. Although the algorithms
for analyzing image content in general run significantly
slower than those for analyzing text, the search result can
exhibit stronger visual relevance; we can have greater con-
fidence as to whether the images retrieved fit the intended
query. One of the first such systems was IBM’s Query-By-
Image-Content (QBIC) system [3]. It supported search by
example images, user-drawn pictures, or selected color and
texture patterns, and was applied mainly to custom, special-
purpose image databases. In contrast, the Webseek system
[11] searched generically on the World Wide Web for im-
ages. This system incorporated both keyword-based and
content-based techniques; the keyword search returned a set
of images among which users could further search by color
histogram similarity with relevance feedback. The Dio-
genes system used a similar bi-modal approach for search-
ing images of faces on the web [2]. A face detector oper-
ated as a screening process to filter out nonface images from

the set of initial images returned by a keyword-based query.
Then, a face recognition module processed the remaining
images to identify particular faces.

Describing what images to search for can be tricky.
QBIC lets users choose the relative weights of each feature
in determining image similarity. Lew et. al proposed a sys-
tem that allows users to sketch the outline of the image [6].
VisualSeek features an interface to paint a color template for
template-based image matching [11]. However, these sys-
tems failed to provide an intuitive interface. The correspon-
dence between low-level parameter values and high-level
visual concept is not so obvious to ordinary users. Draw-
ing can require too much effort and artistic skill. One solu-
tion is the search-by-example approach. For example, Im-
ageRover presents the user with a set of starting images as
examples and uses a “relevance feedback” framework to re-
fine the search iteratively based on what the user says about
the relevance of each image [9].

Due to the complexity typically involved in CBIR algo-
rithms, there is a tradeoff between interactivity and com-
prehensiveness. Many existing CBIR systems use sim-
ple nearest-neighbor techniques to find matching images,
which cannot scale to a large and comprehensive image
database and still perform fast enough to be interactive. Hi-
erarchical indexing with Self-Organizing Maps [5] and re-
lated techniques is possible, but the speed improvement is
very limited. So far, practical CBIR systems operate on a
scale much smaller than their text-based counterparts. We
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were not aware of any CBIR system that had gone beyond
the million images mark in scale [6, 11, 9, 2, 3].

Our approach to image-based location-recognition is
closely related to efforts in the wearable-computing and
robotics literature on navigation and scene recognition. The
wearable museum guiding system built by Starner and col-
leagues uses a head-mounted camera to record and analyze
the visitor’s visual environment [12]. Computer vision tech-
niques based on oriented edge histograms were applied to
recognize objects in the field of view. Based on the ob-
jects seen, the system estimates the location in the museum
and displays relevant information. The focus of this sys-
tem was on recalling prior knowledge of locations—which
item is exhibited where—rather than finding new informa-
tion about locations. Torralba et al. generalized this type
of technique and combined it with a probabilistic model of
temporal dynamics, so that information from a video se-
quence from a wearable device could be used for mapping
and navigation tasks [13]. In these robotics and wearable
computing systems, recognition was only possible in places
where the system had physically been before. In our sys-
tem location-relevant information can be found from a sin-
gle image of a novel place.

3. Image-based Web Search

Web authors tend to include semantically related text and
images on web pages. There exists a high correlation be-
tween semantic relevancy and spatial proximity that can be
exploited on the web; pieces of knowledge close together in
cyberspace tend to be also mutually relevant in meaning [1].
To find information about a well-known landmark, we can
search for web pages with images matching the image of
the current location, and analyze the surrounding text. Us-
ing this approach, the location-recognition problem can be
cast as a CBIR problem—if methods can be found to match
mobile images to the web despite time, pose, and weather
variation, they can serve as a useful tool for mobile web
search (and in the particular application we consider here,
location-based computing.)

With a camera phone, a user can take an picture of a
prominent landmark around the current location. This pic-
ture can be used as a query to find images similar to this
landmark on the web using content-based image matching
techniques. Relevant keywords can be found in the sur-
rounding text and used directly as a location context cue,
or used for further interactive browsing to find relevant
information resources. A very attractive property of this
method is that it requires no special-purpose communica-
tions infrastructure or prior location database, and that from
a user-interface perspective users can specify nearby loca-
tions with a very natural interface action—taking a picture
of the intended place.

For a pure CBIR system to match against the millions
of images on the web in real-time is currently compu-
tationally infeasible. However, using a hybrid keyword-
and-image query system, we effectively implement CBIR
over the entire 425 million images without having to ap-
ply a content-based metric on every single image. Such a
hybrid design benefits from the power of both keyword-
based search (speed and comprehensiveness) and image-
based search (visual relevancy).

We leverage an existing keyword-based image search en-
gine, Google, which has indexed more than 425 million
images. We extract keywords from web pages found in a
content-based search in a bootstrap database, and use these
keywords on Google to search its larger database of im-
ages for images we want. Recall that one shortcoming of
keyword-based search is the existence of visually unrelated
images in the result set. To overcome this, we apply a fil-
tering step, where we run CBIR on this small set of images
to identify visually related images. In this way we retrieve
images that are not only visually relevant but also textually
related.

3.1. Image Matching Metrics
Having the right feature set and image representation is very
crucial for building a successful CBIR system. The per-
formance of general object matching in CBIR systems is
far from perfect—image segmentation and viewpoint vari-
ation are significant problems. Fortunately, finding images
of landmarks requires analysis over the entire image, mak-
ing general image segmentation unnecessary. Also, users
ask about a location most likely because they are physically
there and there are a much smaller number of physically
common viewpoints of prominent landmarks than in the
entire viewsphere of a common object. Consequently, the
simplicity of recognizing location images naturally makes
it an attractive test-bed to test the idea of an image-and-text
hybrid search approach.

We have experimented with two image-matching metrics
on the task of matching mobile location images to images
on the World Wide Web. The first metric is based on the
energy spectrum, the squared magnitude of the windowed
Fourier transform of an image. Given an image i, the dis-
crete Fourier transform can computed as

I(fx, fy) =
N−1∑

x,y=0

i(x, y)h(x, y)e−j2π(fxx+fyy))

where h(x, y) is a circular hanning window to reduce the
boundary effect. The amplitude component of the above
term represents the spatial frequency spread everywhere in
the image. It embeds unlocalized information about the im-
age structure such as orientation, smoothness, length, and
width of the contours that compose the entire scene in the
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image. This type of representation was demonstrated by
[13] to be invariant to object arrangement and object iden-
tity.

The second metric is based on wavelet decompositions.
We compute the local texture features of an image I by con-
volving it with steerable filters [4] over 2 different scales on
the intensity (grayscale) image to obtain a representation as
follows:

λ = Gθi
(Sj(I))

where G is the steerable filter for 6 different θs, evenly
spaced between 0 and 2π, and S is the scaling operator.
This can produce 6 × 2 = 12 subbands. Since this gives us
only the local representation of the image, we take the mean
values of the magnitude of the local features averaged over
large windows to capture global image properties

m(x) =
∑

x′
|λ(i)| · w(x′ − x)

where w is the averaging window. The final representation
is downsampled to have a spatial resolution of 4 by 4 pixels
resulting in a dimensionality of 4 × 4 × 12 = 96.

Given a mobile image of some landmark, similar images
can be retrieved by finding the k nearest neighbors in the
database using either of the two metrics (e.g. see Figure 2,
where k = 16). However, the high dimensionality (d) of
the feature involved in the metric can be problematic. To
reduce the dimensionality, we computed principal compo-
nents over a large number of landmark images on the web.
Then, each feature vector can be projected onto the first 32
(a number picked empirically) principal components which
form the final feature vector for the images.

3.2. Extracting Useful Textual Information
After similar landmark images are found, we need to ana-
lyze the text of the web documents containing these images
with the intention to uncover any useful information about
this particular landmark. We devise a simple frequency-
based approach to identifying named-entities (e.g. name,
location, telephone number) by computing the term fre-
quency inverse document frequency metric µ for each bi-
gram and trigram found in the document:

µ(w) =
df(w)
tf(w)

where tf(w) is the global frequency of w over a large cor-
pus and df(w) is the local frequency of w within the doc-
ument [8]. The underlying intuition is that people tend to
find the sudden occurrence (high df ) of uncommon things
(low tf ) interesting. A good estimate of the global word
frequency can be the number of links Google indexes for
this word. The top n word combinations with the highest f
can be reported as the potential named-entities to the users.

Textually Similar Images

Textually Related Images

Query Image

Visually Related Images

Unigram µ Bigram µ
MIT 128 foundation relations 3
story 59 MIT dome 2

engineering 33 da lucha 2
kruckmeyer 29 view realvideo 2

boston 28 cancer research 2

Figure 2: A typical search scenario: query image to visu-
ally similar images to named-entities to textually relevant
Google images.

Figure 2 illustrates a typical search scenario. A user initi-
ates a search request by taking an image of some prominent
landmark (e.g. MIT Dome) at the current location. Sixteen
visually similar images to the query image are found in the
web image database. Five of them are correct (1,3,4,9, and
14). The content of the source HTML documents of these 5
images are analyzed and potential named-entities are found
and ranked. These named-entities can be submitted as key-
words to a text-based search engine (e.g. Google) to find
more images. However, it can not be guaranteed that these
images are visually similar to the questioned landmark.

3.3. Content-filtered Keyword Search
The name-entities extracted from the web pages can provide
the users with not only the basic notion about this location
but also the possibility to acquire further information from
a powerful text-based search engine (e.g. Google).

One possibility is to search for more web pages that
might lack any visual content but nevertheless indirectly
share similarity with the query image through text. We can
describe such similarity inference notationally:

Iq ←→
image

Iv, Pv ←→
text

Pt =⇒ Iq ←→ Pt

Proceedings of the 2004 IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR’04) 

1063-6919/04 $20.00 © 2004 IEEE

Page 167 of 169



where Iq denotes the query image, Iv denotes the found
similar image, Pv denotes the web page containing Iv, Pv

denotes a web page containing similar keywords as Pt, and
↔ denotes a similarity relation based on either text or im-
age. Here, Pt would not have been found otherwise if either
of the pure image-based search or pure text-based search
were employed.

Another possibility is to use the keywords to search for
images It. The similarity inference can be denoted as:

Iq ←→
image

Iv, Pv ←→
text

It =⇒ Iq ←→ It.

While Iq and It are textually related, to guarantee visual
similarity, a content-based filtering step needs to be applied
to keep keep only those images visually close to the query
image. As shown in Figure 4, a search on the query image
Iq (a 15 floor building) yields the keywords “MIT Green
Building”. These keywords are submitted to Google to re-
trieve 16 such Its that are textually relevant but not quite
visually similar. Sorting each It according to its distance
to Iq, we are able to boost the ranks of the visually similar
images to the top.

Moreover, there might exist images visually distant but
conceptually close to the query image; they can help us
learn more about this location. We can use a bottom-up, op-
portunistic clustering technique that iteratively merges data
points to uncover visually coherent groups of images. Ini-
tially, each image is considered as the center in its own clus-
ter. At each iteration, two closest clusters, in terms of the
same distance metric used in other parts of the system, are
merged. The process will continue until the distance be-
tween every cluster pair has exceeded a certain threshold.
If a cluster is reasonably large, it means the images in this
group represent some potentially significant common con-
cept. In the example shown in Figure 4, four images are
removed from the result set because they can not be clus-
tered with any other image.

4. Experiments
A series of experiments was conducted to evaluate the ef-
fectiveness of our algorithms for location recognition by
matching mobile images to a web database. We chose the
task of recognizing landmark images on a university cam-
pus. We ran a web crawler on mit.edu to collect images
and their source URL’s to build an image database as the
bootstrap set. Images too small to contain interesting loca-
tion information, less than 100 by 100, were discarded. The
resulting database contained roughly 33,000 images. Since
dealing with images of various dimensions and sizes can be
tricky, we resized each image to 100 by 100 for uniformity.

To find similar landmark images, it would not be use-
ful to search images that do not contain any landmark (e.g.
faces, animals, or logos). Thus, an image classifier was used
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Figure 3: The performance of the matching metrics with k
nearest neighbors.

to classify these 33,000 images as landmark or nonland-
mark. The nonlandmark images were then removed from
the database to reduce the search space to 2000+ images.
The image classifier was trained using a method similar to
[7] that was demonstrated to be successful in classifying
indoor-outdoor images by examining color and texture char-
acteristics.

Since we were concerned with location recognition in a
mobile setting, the test queries consisted of landmark im-
ages acquired with a camera-equipped mobile device. We
selected 5 prominent landmarks and asked volunteers to
take 20 images of each of these landmarks using a Nokia
3650 camera phone. A total of 100 query images were ob-
tained for 100 test runs.

The matching metrics discussed in section 3.1 were used
in our experiments. For each query image, the k nearest im-
ages were retrieved from the database to form the search re-
sult. The same volunteers were asked to evaluate the search
result. A success was defined as the occurrence of at least
one correct landmark image among the first k nearest im-
ages. The findings are summarized in Figure 3, which plots
the percentage of test cases that were successful over differ-
ent k.

At k = 16, the likelihood of finding correct images in
the result set is reasonably high. This indicates that even
with these standard feature sets it is possible to find similar
location images for recognition tasks.

5. Conclusions and Future Works
In this paper, we explored the potential of web search with
mobile images using both images and text. We have shown
it is possible to conduct fast and comprehensive CBIR over
hundreds of millions of images using a text-based search en-
gine on keywords generated from an initial search. We pre-
sented an approach to recognizing location from mobile de-
vices using image-based web search, and showed that com-
mon image search metrics can match images captured with
a camera-equipped mobile device to images found on the
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Keywords:
MIT GREEN BUILDING

Query Image:

Sorted by Image Similarity

Clustered by Image Similarity

Google Images

Figure 4: Content filtered keyword search for images. The keywords found for the query image are submitted to Google and
a set of textually released images are found. These images can be further filtered according to their visual similarity to the
query image either by sorting or clustering.

World Wide Web or other general-purpose databases.
A hybrid image-and-keyword searching technique was

developed that first performed an image-based search over
images and links to their source web pages in a bootstrap
database that indexes only a small fraction of the web and
a simple frequency-based procedure was employed to ex-
tract relevant keywords from these web pages. These key-
words can be submitted to an existing text-based search en-
gine (e.g. Google) that indexes a much larger portion of the
web. The resulting image set is then filtered to retain images
close to the original query. It is thus possible to efficiently
search hundreds of millions of images, retrieving those that
are not only textually related but also visually relevant. We
demonstrated our approach on an application allowing users
to search information on the web by matching images.

In the future, we would like to explore more sophis-
ticated image matching techniques and adapt them to the
landmark image domain. In addition, we plan to carry out
an extensive quantitative evaluation of our approach and an
overall usability user study of the system.
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