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Introduction

Pollution is omnipresent and recycling efforts have failed

There is a disconnect between the intent to recycle and properly recycling items
Can we identify the brands that are most often polluted to incentivize and rally for a
positive change?

Open Litter Map is an open source, interactive, and accessible database of the

world's litter and plastic pollution



What We Do

1. Conduct Logo Recognition

Powered by Machine Learning methods and Classification
Models

2. Collect and compile outputs for insight
from model

Leverage model outputs to encourage consumers and
companies to make informed purchasing and business

decisions.

our Mission

1. Empower consumers’ purchasing
decisions

2. Empower companies with insights for

business
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“These insights would be extremely valuable to OpenLitterMap users”
Sean Lynch, founder of OpenLitterMap



https://openlittermap.com/
https://mapsontheweb.zoom-maps.com/post/690943445912715264/the-size-and-location-of-the-great-pacific-garbage
https://mapsontheweb.zoom-maps.com/post/690943445912715264/the-size-and-location-of-the-great-pacific-garbage
https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.ewg.org%2Fnews-insights%2Fnews%2F2024%2F03%2Fnew-study-links-microplastics-serious-health-harms-humans&psig=AOvVaw1W4pUBaDz-iHo5ibHCYOeq&ust=1722439432274000&source=images&cd=vfe&opi=89978449&ved=0CBQQjhxqFwoTCJC_6YWJz4cDFQAAAAAdAAAAABAE
https://www.google.com/url?sa=i&url=https%3A%2F%2Fwww.birdrescue.org%2Fphotographers-in-focus-ingrid-taylar%2F&psig=AOvVaw3h8CLB9uqQnUgAkrQ3v7Mq&ust=1722439541108000&source=images&cd=vfe&opi=89978449&ved=0CBQQjhxqFwoTCODRybmJz4cDFQAAAAAdAAAAABAE

Product Demo

Demo Link
Demo Video

Corona Extra Beer, 12 pk, 12 oz bottles, 4.6% ABV

Corona ranks 1st in pollution among brands in the US,
based on Open Litter Map data.
We found 7134 images of Corona litter out of 20638 total.

To help raise awareness of packaging pollution:
upload your litter images here.

Brand: Corona Extra
4.8 kKK v 1,587 ratings | Search this page
600+ bought in past month
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“CERVECERIA MODELS. « o 9 /be‘lﬁ(:v/ Beer From Mexico . . .
g : Liquid Volume 144 Fluid Ounces
Region of Origin Mexico
Body Description Medium
Alcohol Content 4.55 Percent by Volume
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https://www.amazon.com/Coca-Cola-Soda-Soft-Drink-Pack/dp/B0012QO8AY/ref=sr_1_1_f3_0o_fs_sspa?crid=2CNPMMRWQIPX7&dib=eyJ2IjoiMSJ9.3zYQCXl2mcBjetlQgKoLxVEYJ5gHM_knp-NMfOBGh_vLNqaWffOhMK_cLyauTtAQ9qUnvrIVxZmacWQWYUf4zNbeqhSuV1nuVZoE0h5ZeZ_MRZWSssYGNHW0t_0VJ0971jgMLI0R5hSHRchA8hOvC8VKhjaYYmXvDbnDkJ0tWs8ApbSt4s0HnpK2V3FSXLpfoaWUpJqCLHu4zuWKUFO8vTlEzyJR6K1GkZTsTgTHj5ibOAXLubLN8E9ulWAFnpM2JgwAR5fio0e5EsJGUsu9vvsUiq0IEskSeGITA5n9sWQ.vM8537C7VR95AQ8_atNzrBH9VI2i-Z_DPsLD8eQFP3c&dib_tag=se&keywords=coca+cola&qid=1721945874&sprefix=%2Caps%2C89&sr=8-1-spons&sp_csd=d2lkZ2V0TmFtZT1zcF9hdGY&psc=1
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Cosine distance

Technical Approach - Modeling

e Clustering: KMeans,, Hierarchical Clustering (by cosine sim)
e Output: Use to train 2nd stage classifier (SVM, Efficient Net) or use as annotations for multi-class yolo

Dendrogram

im.jpg7644.jpg im.jpg8302.jpg im.jpg8793.jpg

Index of point



Technical Approach - Modeling
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evaluation: mAP

Precision
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Model evaluation: Examples
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Frequent mode of failure

Model evaluation: Examples
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Technical takeaways

68% MAP is acceptable model performance
Brands are sure they are not accountable for someone else's deficiencies.

Challenges we encountered and our solutions
No ground truth : semi-automated labelling sequence of models
Class imbalance : selective training set enrichment and augmentation
Unknown brands : hierarchical clustering and logo/not logo detectors

Technical Road map:

Multimode labeling: can we use text recognition at the time of inference?
Litter type detection: can bottle vs cup detection help brand detection?
Brand clustering: can we use clustering at the time of inference?



1

Wrap-Up

Our Mission: Litter Log is a partnership with Open Litter
Map that leverages ML techniques to identify brands that
are habitually polluted and feeds these findings to our

users to encourage positive changes.

We aim to empower and incentivize users and

companies for a more eco-friendly future )J



Demo Video



https://docs.google.com/file/d/1KZ1pP5Pe6cyMpvkPVJ3on1YAW7vnpf9n/preview

What We Do

1. Conduct Logo Recognition

Powered by Machine Learning methods and Classification
Models

2. Collect and compile outputs for insight
from model

Leverage model outputs to encourage consumers and
companies to make informed purchasing and business

decisions.

our Mission

1. Empower consumers’ purchasing
decisions

2. Empower companies with insights for

business
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