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Abstract

Littering remains a significant environmental and finan-
cial concern. Current solutions to combat littering include
preventive and proactive measures, but efforts have also
gone into automating the process of collecting litter through
robots, eliminating the costly need for human labour. How-
ever, the development of accurate waste detection for robotic
cleanup is currently limited by insufficient training data.
We propose a system leveraging volunteer litter collectors
equipped with cameras mounted on their litter pickers, that
can automatically extract waste images from recorded videos
during litter collection. The system tracks when litter is be-
ing picked up and automatically saves an image of the litter
as training data. The evaluation shows promising results for
the system to be implemented into litter collectors” work-
ing routine, but the ability to track the many different litter
picker designs requires further development, as they can dif-
fer greatly in appearance. Improvements can also be made to
the process of extracting waste frames, since not all collected
litter is extracted as training data in the tested videos.
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1 Introduction

As of 2022, Denmark is the country in the group of OECD
(Organisation for Economic Co-operation and Development)
countries with the highest average generation of municipal
waste per capita, with the average danish citizen generating
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787 kilograms of waste yearly [10]. Furthermore, it is esti-
mated by the Danish Ministry of the Environment that the
danish municipalities collect an estimated 700 tons of litter
from nature every year, costing them around 500 million
Danish Kroner (circa 67 million euros) [22]. Additionally,
The Danish Society for Nature Conservation collected 100
tons of litter in 2023, totalling an estimated 800 tons of litter
collected from nature in Denmark that year [24]. Collecting
litter from nature is a costly effort, and not just for Denmark.
A German study from 2020 found that German towns and
municipalities pay an estimated 700 million euros to clean up
public littering and dispose of public waste [17]. The issue
of littering needs to be solved, not just for financial reasons,
but also for the environmental impact of littering, which
includes land and air pollution.

Means of combating the problem of littering, deal with
preventive measures to reduce future littering, and proactive
measures to remove current litter found in nature. Although
research has found that certain preventive measures can re-
duce littering in both adults and children [17, 19], littering
will still happen as indicated by the same studies. Proac-
tive measures were successful by providing monetary re-
wards for the collection of litter [25, 27], but efforts have also
gone into the development of automating litter collection
through robots detecting and picking up waste [11, 18, 34].
While studies have looked into developing these robots, a
big problem is the detection of the many different represen-
tations that garbage can take. To develop models that can
accurately detect and segment waste into the proper sorting
categories [23], a lot of training data is required. Collecting
this data is a task requiring manual labour, which has been
hard to consistently motivate people to do.

In this paper, we develop a solution utilising intrinsically
motivated volunteer litter collectors’ efforts in collecting
litter, by building a solution that can extract waste image
data seamlessly while the litter collectors are out picking
up litter, by attaching a small camera to the litter picker,
recording the process. Furthermore, we develop a web appli-
cation allowing users to upload videos of these recordings
for analysis, and reward their efforts. With this solution, we
aim to increase the amount of available waste image data,
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while simultaneously helping incentivize proactive efforts
to reduce litter in nature.

2 Background

Efforts to combat the issue of littering concern both collec-
tion of litter and preventative methods to reduce littering in
the first place. Various different preventive approaches exist,
such as charity bins that promise donations to charity when
waste is disposed in them, and ballot bins where smokers
can vote on "light-hearted questions" with their cigarette
buts [32]. According to the article by ZeroWasteScotland,
the charity bins reduced littering by 30% in the streets where
they where placed and the ballot bins reduced cigarette butt
littering by 8.9% [32]. While the article does not provide
references to support their claims, Katarzyte et. al. further
supports the ineffectiveness of ballot bins to significantly
reduce cigarette butt littering [15]. Although preventive cam-
paigns can help reduce littering to some extent, littering will
still occur and measures are therefore needed to remove it.
To help achieve this removal, a company called The Plastic
Bank is incentivising picking up plastic litter by treating it
as a currency, and is offering goods and services in exchange
for plastic. The company has operating collection centers in
Haiti and the Phillipines among others, where people can
hand in plastic in exchange for credits that can be used for
the goods they provide [27]. The Plastic Bank then process
the plastic and sells it for reproduction to make a sustainable
business out of plastic collection. Powers et. al. supports the
claim that small monetary rewards can increase the motiva-
tion for people to pick up litter in unsupervised areas [25].
However, providing monetary rewards for litter collection is
essentially paying people to pick up litter, something most
countries are already doing and is part of what is costing
Germany and Denmark so much money to clean up littering,
as earlier mentioned.

Instead of having people clean up littering, efforts have
also gone into automating the picking of litter through robots.
Kulshreshtha et. al. [18] designed a robot to automatically
detect and pick up garbage, which received a high detec-
tion rate (95.2%) of waste on a relatively small dataset, the
TACO dataset [26], containing around 1500 annotated im-
ages. However, the detection was binary, meaning the robot
was only able to detect whether something was waste or not,
and not what type of waste it was, like plastic, glass, metal
etc. Furthermore, the detection performance was not evalu-
ated in a real-world test, and the proposed 95.2% detection
rate was only based on a small selection of images from the
TACO dataset. It is therefore not feasible to assume such a
performance, when brought to real-world use. A similar case
can be seen in a study by Gupta et. al. [11], where a robot
is able to detect and classify three types of waste, namely
paper, crushable plastic and non-crushable plastic, with a
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reported accuracy of 90%, also using the TACO dataset for
training. The study does however not provide any informa-
tion about how the evaluation was carried out or how much
waste was collected in the evaluation, which again means
that the results cannot be presumed as real-world perfor-
mance. While these studies could potentially be promising
as preliminary research, the factor of properly sorting the
collected waste also has to be taken into account. Modern
sorting requirements of waste have several different cate-
gories of waste, like the 9 categories seen in Denmark [23].
These requirements urge for detection models capable of
performing more complex classifications than one [18] or
few class-detection [11], for future potential robots and auto-
matic waste sorting services, to be able to properly sort the
collected waste. To do this, models need more image data
of each category of waste, data which is sparse given that
the TACO dataset currently only has 1500 annotated images,
split between 28 super categories (60 sub-categories), and
other open-source available datasets of waste image, either
have less than 10000 images in total, or are web-scraped
datasets, which generally are not of high quality since the
scraped content is not quality controlled (see Figure 1). An
overview of the open-source datasets we could find, can be
seen in Table 1. The creators of the state-of-the-art object
detection architecture, YOLO (You-Only-Look-Once) gen-
erally recommend at least 10000 object instances per class
when training[36]. If we consider the 9 sorting categories
from the Danish sorting requirements, this would mean at
least 90000 annotated pieces of waste for training. Further-
more, the variety of the image data must be representative
of the deployed environment [36], which can differ greatly
in outside environments and in different parts of the world.
This will be elaborated further in the coming section.

Figure 1. The figure show four examples of training data
from the dataset "Waste Classification Data v2" found in Ta-
ble 1. Web-scrapers can include misrepresentations of waste
data and stock-photos without context, leaving it as a poor
option despite the larger size of the datasets.
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Name of Dataset Data Amount
TrashCan 1.0 7.212
Trash-ICRA19 5.700
TACO 1.500
MJU-Waste v1.0 2.475
UAVVaste 772
Trashnet 2.527
WaDaBa 4.000

GLASSENSE-VISION 2.000
Cigarette butt datase 2.200
Waste Class. Datav2 ~27.500

Table 1. Table displaying some of the datasets from the
review "Waste Dataset Review" [1]
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it di cult to generate data to accurately represent the many
states and appearances waste can take, and also a ect how
much real-world data is needed already [8, 36] .

Another approach to acquiring training data, is to engage
users in collecting it. Di erent methods have been tested,
including using gami cation to incentivize continuous usage.
Features like leaderboards, points and rewards have proved
to have initial success in keeping the users captivaté [
However, long-term engagement studies have documented
challenges, indicating a decline in user satisfaction over time
[12, 16, 33].

One notable example of user-engagement through gam-
i cation elements is OpenLitterMap (OLMYP[J. OLM is a
web and mobile application that facilitates geo-located lit-
ter images acquired through their users. The quality of the
images are manually maintained by members of the OLM

As Table 1 shows, numerous datasets have been createdteam. There is however a heavy reliance on a small group of

for the purpose of waste classi cation, however they are usu-
ally tailored to their own speci ¢ purpose, which can range

from underwater environments to home supplies. Notably,
this paper focuses on waste in the wild which requires quite

top contributers. 88% of the total dataset consists of images
taken by the top 10 litter collectors, which highlights the
need to motivate users more e ectively. Furthermore OLMs
users report that sometimes picking up litter takes twice as

a big dataset because of the large amount of subcategorieslong, as they have to take a picture of it with their phone

The only dataset currently focusing of waste in the wild is

and upload it while picking it up. OLM claims their dataset

the TACO dataset which consists of 1500 images. Not nearly consists of over 486.000 images. It is however not publicly

enough to cover the amount of subcategories. Furthermore,
it is worth noting that the biggest dataset in the table is a
web-scraped dataset which often results in a large portion
of the images being ine ective for machine learning pur-

available which means other litter related projects are not
able to bene t from it.

Another local initiative, the danish mobile application
"SpotA ald", employs gami cation elements in the form of

poses as they can be very inconsistent and in some occasionsunlockable badges and statistics regarding users monthly up-

even a ect training negatively (as can be seen in Figure 1).
The signi cance of the variability of waste across di erent
countries needs to be emphasised as well. The di erence in
appearance of everyday products around the world, means
that the litter will also look di erent in many cases, which
impacts the models trained to recognise the litter. A study by
De Vries et. al. §] found that several popular object classi -
cation models performed worse in regions where they had
an under-sampled representation in their training data. This
means that a classi cation model trained on data from e.g.
Italy would not have the same accuracy when tested on data
from Denmark.

loads [6]. Despite an initially low amount of downloads, its
users have shown long term engagement by still uploading
images over a year after its initial release. This has resulted
in a signi cant amount of annotated images. To promote the
application at its release the creators reached out to organi-
sations dedicated to keeping the environment clean, along
with promoting the application in ve di erent Facebook
groups. This indicates that focusing on users who are al-
ready intrinsically motivated, like volunteer litter collectors,
to collect data may have a positive impact on long term user
engagement.

Previous attempts at motivating continuous collection
of waste image data have been scarce and mainly focused

Currently, various methods have aimed to create large datasetson using gami cation elements to motivate usage, with the

for training. One of the approaches is to generate synthetic
training data [7, 31, 35. This approach can be promising in
generating data which e.g. is hard to ethically recreate such
as potential crash scenario data for autonomous drivingy [
However, an issue stated with synthetic data, is the amount
of unique textures requireddl, 35, an issue which can be
especially problematic in the eld of waste images, where
the texture of waste can di er signi cantly, both because of
di erence in appearance based on countr§][but also ap-

means of collecting data requiring the user to manually take
pictures of the waste they nd §, 20. As many of the active

users of SpotA ald and OpenLitterMap are litter collectors
using litter pickers to collect the waste after they have taken
a picture of it, implementing a solution that works seamlessly
with their waste collection could prove bene cial and less
disruptive to their process than the act of manually taking
a photo with their phone. These litter collectors, as well
as other volunteer litter collectors, are already intrinsically

pearance a ected by state of decay. These factors can make motivated to go out collecting waste in nature. In this project,
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we aim to build a solution integrated into the process of
collecting litter, which automatically collects image data of
the waste being picked up, without disrupting the ow of
the litter collection process, allowing for easy and seamless
collection of training data for future detection models.

3 System Design

The solution we propose will make use of a small camera
attached to the litter picker, which can track when a user is
picking up waste, and collect an image of said waste auto-
matically. This integration removes the need for providing
motivation to collect the data, as the litter collectors are al-
ready intrinsically motivate to collect litter, which we then
capture images of. Additionally, we will design a web plat-
form where litter collectors can upload the videos recorded of
the collection process, and our system will automatically ex-
tract the image data from these videos. The web application
will also provide extrinsic rewards for uploading the videos
in an attempt to motivate continuous uploading from the
users. This study will however mainly focus on the develop-
ment and evaluation of the system in charge of automatically
extracting the waste images from the videos, and a thorough
evaluation of the motivational components of the web appli-
cation is reserved for future work.

The process of collecting waste images should be inte-
grated seamlessly into the work ow of the litter collector,
without disrupting their regular process. As we are relying
on our users own motivation to go out and pick up litter,
the interactions they should have to make with the camera
and system should be minimised so it does not negatively
a ect their motivation. Nevertheless, a few preparatory ac-
tions are required to setup the recording process. Firstly, the
user will have to mount the camera on the litter picker and
ensure that it is properly aligned with the picker's claws.
Ideally, the camera should be centrally positioned between
the claws to optimise tracking capabilities, and positioned
in close proximity to ensure clear and sizeable depiction of
waste within the captured images (see Figure 2). However,
the system should be exible enough to be able to track the
claws at a tilted angle or at a slight distance, that is, if the
camera is placed further up on the picker.

Figure 2. The litter picker with the camera mounted, ready
for recording
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3.1 Tracking the litter picker

When the camera has been mounted, the user can go about
their usual routine of picking up litter while the camera
records the process. Whenever they are nished they can
stop the camera and once they get back home, upload it to
the website where the system pipeline starts when its done
uploading. An overview of this pipeline can be seen in Figure
3. At the start the system goes through it calibration phase

Figure 3. Flowchart of the overall system pipeline. Each

frame of a given video is processed to track pick-up events
and nd the best frame showing a clear image of the waste
in the image.

which takes 10 seconds. During these 10 seconds, it will try
to locate the claws of the picker by predicting a bounding
box of their positions in each frame of video and aggregate a
position of each claw based on the predictions of all frames
within the time-span. To predict the positions of the claws,
we make use of the "You only look once"-model (YOLO), an
object detection neural network architecture able to perform
real-time predictions while still outperforming other object
detection architecturesqg. A pre-trained YOLOvV8 model is
re-trained on a manually labelled dataset of around 800 im-
ages of the picker, collected from videos recorded of picking
up litter. For future reference this model will be known as the
"YOLOv8Claws" model. When the claws have been located
in the frame, the system will be tracking their movement to
determine when a piece of waste is being picked up. Once
signi cant movement of the claws has been detected due
to waste being picked up, the system will search through
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the previous seven seconds of the video (which depending
of the Frames Per Second of the video is either the last 210
frames at 30FPS or 420 frames at 60FPS) to try and nd the
most suitable frame of the waste to save as training data.
The seven second period comes from initial testing during
the development phase of the pipeline. This period should
include all of the frames where the litter is visible to increase
the chance of the system successfully saving an image of the
litter, while also minimising how many frames the system
should process. The process of nding the best possible im-
age of the waste consists of several sub-processes which will
be explained in the next section.

3.2 Finding the most optimal frame

A full owchart of the process discussed in this section can
be seen on Figure 4. For each of the 210-420 frames leading
up to the detected pick-up event, another YOLOV8 model,
which will be re erenced to as the "YOLOv8Trash" model,
will try and nd a piece of waste in the frame. To decide
which frame is the optimal frame to save, some rules has
been set for the system.

1. The bounding box of the litter should not be too close
to edges of the frame, as it might mean saving an image
where not all of the litter is in the frame.

2. The claws must not overlap with the bounding box of
the litter, to make sure they do not cover the litter in
the frame.

3. The claws should not be close to closing all the way
as the most optimal image of the litter will be right
before the claws close.

The bounding box of the predicted waste and correspond-
ing frame number for each frame will all be saved for further
processing. The YOLOv8Trash model is trained on a small
dataset of around 2000 images of waste from the TrAAUsh
dataset p1], collected via the application SpotA aldd]. Af-
ter the predicted bounding boxes have been saved, they are
passed on to the next process comparing the coordinates

of the bounding box for the waste against the coordinates g re 4. Finding the best frame to save includes several

for the clahws of the 'plcEer.to make sur((aj'the g:laws e;]re NOt processes like nd the frame where the piece of waste in the
covering the waste in the image. Bounding boxes that are ja0cis jargest by area and most clear.

not covered, are then passed on to the next process. Here, the
area of each bounding box is calculated to nd the biggest
box. The 10 frames with the biggest calculated areas are then
passed on to the next process, where the motion blur of each
frame is found using the variance of laplician function in
the OpenCYV library B]. This function highlights regions of registered pick-up events to detect duplicate pick-ups, using
an image where there is a sudden change in intensity. It is the Image Hash library§]. This feature was implemented
usually used to detect edges in an image, but can also be useddue to the proposed web application o ering rewards for
to detect the overall variance of an image. If an image is very picking up detected waste, to combat potential attempts at
blury there is going to be less edges and less of a variance cheating the system to get more rewards. The nal image is
in the image 9. The frame with the least motion bluris  then saved as training data, and the pipeline starts over (see
then chosen as the most optimal frame to save as the waste Figure 3). For a visual example of the system pipeline, see
image. Lastly, the waste image is checked against previously Figure 18.
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4 Webapp design

To provide a means of uploading video recordings of lit-
ter collections, a web application was developed. This was
also designed as an introductory proposal to motivate litter
collectors to record and upload the videos of the litter col-
lection and further encourage litter collection. To support
this motivation, the design of the web application draws on
the proposed elements of motivation synergy described in
a study by Amibile P]. Here she describes the concept of
"extrinsics in service of intrinsics", where she proposes that
certain types of extrinsic motivation can combine synergisti-
cally with intrinsic motivation and are especially e ective if
initials levels of intrinsic motivation is high. For the extrinsic
components to be "synergistic extrinsic motivators", they
should, among others, support the user's sense of compe-
tence e.g. through recognition, feedback and rewards that
re-a rm that competence [2].

The design of the web application includes feedback of
the users e orts in the form of statistical data like timeline-
graphs displaying how much waste the user has collected.
Furthermore, we propose a point system rewarding the user
with "waste points" for the waste they collect. These points
can be used in a shop to buy coupons giving discounts to var-
ious shops. This was chosen because Kaiser etl4lf¢und
that monetary rewards can provide sustained incentive as
long as the rewards are not discontinued. These coupons
are meant to provide such incentive, adding to the extrin-
sic motivation provided by the web application. Lastly, the
design includes a global leaderboard of litter collectors ef-
forts. While extrinsic gami cation elements have issues with
sustaining long-term motivation2 16 33, it could in this
context add to the sense of synergistic extrinsic motivation
(recognition, feedback) proposed by Amibild.[Examples
of the design components can be seen in Figure 5.

While we believe the maotivational components in the de-
sign of the web application could provide further motivation
to collect and upload videos of litter collections, the focus
of this study remains on the implementation and evaluation
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of the system in charge of automatically extracting waste
images from the litter collection videos. The design of the
web application remains but an introductory proposal to
how one could motivate data collection in this context, and
further design considerations as well as an evaluation of
the e ectiveness of the motivational components described,
remains future work.

5 Evaluation

The evaluation consisted of two separate parts. A system
evaluation where the goal was to evaluate the e ciency
of the system, and a usability test where the goal was to
evaluate the process of setting up and recording videos with
the litter picker. The overall goal was to examine how robust
the systemis to alternating setups, such as Iming at di erent
angles relative to the claws of the picker and testing how
well the system works when setup by rst-time users.

5.1 System Evaluation

The system pipeline consists of multiple sub-parts that needed
their own evaluation to measure their e ciency. The sub-
parts are as follows;

1. The initial stage following the calibration, involving
the detection of a pick-up event. That is, how well can
the system predict movement of the claws and detect
when litter is being picked up? This was measured
by calculating the precision, recall and accuracy of
detected pick-up events.
When a pick-up event has been detected, the optimal
frame must be found for saving. How well does the
system segment the waste in the image? This was mea-
sured by calculating the 10U (intersection over union)
of its predicted bounding boxes against manually la-
belled ones.
. Lastly, the duplication detection is to be evaluated.
How easy is it to "cheat" the system by picking up the
same piece of waste consecutively? This was measured

2.

Figure 5. The right-most image in the gure shows a snippet of the proposed coupon shop. The discounts in the coupons are

only meant to serve as examples. The middle image displays
of waste points awarded for uploads over time.
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a leaderboard from the web app, and the left-most image, a graph
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