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Abstract - Litter pollution remains a pressing
environmental  challenge  worldwide,  requiring
innovative approaches to encourage community

participation in cleanup efforts. This paper presents
LitterScan, a novel gamified mobile system that
leverages the YOLOvVS object detection model to
identify and incentivize litter collection in real-time. The
system combines computer vision capabilities with
gamification mechanics to transform mundane litter
picking into an engaging, reward-based activity.

Built on a Flask backend with ngrok tunneling for
mobile accessibility, LitterScan utilizes the YOLOv8n
model optimized through ONNX Runtime for efficient
on-device inference. The system detects various litter
items including plastic bottles, cans, wrappers, and other
common waste materials with high accuracy. Users
interact with the application using either touch input or
an OTG-connected mouse, holding on detected items to
earn virtual coins. The gamification engine features a
dynamic combo multiplier system, audio-visual
praises ("Great!", "Nice!",
"Excellent!"), and animated coin collection effects,

feedback with voice

creating an immersive and motivating experience.

The system architecture employs real-time video
processing through the mobile device's camera, with
detection results displayed via an intuitive cyberpunk-
themed interface. Collected data, including detected
objects, timestamps, and earned coins, is persistently
stored on the Flask server, enabling progress tracking
and historical analysis. Performance evaluation
that
detection speeds suitable for mobile deployment while
successfully gamifying the litter collection process. User

demonstrates LitterScan achieves real-time

engagement metrics indicate that the reward-based
mechanics significantly increase motivation and time
spent on cleanup activities compared to traditional
approaches.

This research contributes to the intersection of computer
vision, gamification, and environmental conservation,
offering a scalable solution for community-based litter
management. Future work includes expanding the waste

classification system to distinguish recyclable materials,
implementing social leaderboards, and integrating with
local management LitterScan
demonstrates the potential of combining deep learning
with behavioral incentives to address environmental

waste services.

challenges through accessible mobile technology.
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1.INTRODUCTION

1.1 Problem Statement

Litter pollution represents one of the most visible and
pressing environmental challenges of our time.
According to environmental studies, approximately 8
million tons of plastic waste enter oceans annually, while
countless more litter accumulates on streets, parks,
beaches, and natural landscapes worldwide [1]. This
pervasive issue not only degrades aesthetic quality of
public spaces but also poses severe threats to wildlife,
ecosystems, and human health. Marine animals ingest or
become entangled in plastic debris, terrestrial wildlife
suffers similar fates, and microplastics have entered the
food chain with unknown long-term consequences [2].

Despite growing environmental awareness and
numerous cleanup initiatives, the fundamental challenge
remains one of scale and sustained engagement.
Traditional litter collection methods rely on organized
volunteer events or municipal services, both of which
face limitations in coverage, frequency, and participation
rates. Individual citizens, while often willing to help, lack
motivation or incentives to actively pick up litter during
their daily routines. The act of bending down to collect
trash, particularly small items, is perceived as unpleasant
or inconvenient, leading to a classic "tragedy of the
commons" where everyone benefits from a clean

environment but few contribute to maintaining it [3].
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1.2 The Gap: Technology for Environmental
Engagement

Recent advances in computer vision and deep
learning have opened new possibilities for environmental
monitoring and conservation. Convolutional neural
networks (CNNs) and object detection architectures like
YOLO (You Only Look Once) have demonstrated
remarkable capabilities in identifying and localizing
objects in real-time [4]. These technologies have been
successfully applied to waste sorting, recycling
automation, and environmental monitoring. However,
existing applications primarily focus on industrial or
institutional settings rather than empowering individual
citizens. A significant gap exists between the technical
capability to detect litter and practical mechanisms to
encourage its collection by ordinary people.

Furthermore, while gamification—the application of
game-design elements in non-game contexts—has
proven effective in motivating behavior change across
domains such as fitness, education, and sustainability [5],
its integration with real-time computer vision for
environmental action remains largely unexplored.
Existing environmental gamification apps often rely on
manual input or location check-ins, lacking the
immediacy and feedback that makes gaming engaging.
There is a critical need for systems that combine
the instant gratification of detection with meaningful

incentives for action.
1.3 Proposed Solution: LitterScan

This paper introduces LitterScan, a novel mobile
system that integrates YOLOvS8-based real-time object
detection with gamification mechanics to incentivize
litter collection. LitterScan transforms the mundane act
of picking up trash into an interactive, reward-driven
experience. Using a standard mobile device's camera, the
system detects common litter items—plastic bottles,
cans, wrappers, and other waste—in real-time. Users
earn virtual coins by "scanning”" and holding on detected
items, with a dynamic combo multiplier rewarding
sustained engagement. Immediate audio-visual feedback,
including voice praises ("Great!", "Nice!", "Excellent!")
and animated coin effects, provides instant gratification
that encourages continued participation.

The system architecture comprises
components: (D a YOLOvS8n detection
engine optimized with ONNX Runtime for efficient
mobile inference, (2) a gamification layer managing
coin rewards, combo multipliers, and feedback
mechanisms, and (3) aFlask backend with ngrok

three core

tunneling for data persistence and remote accessibility.
The application runs entirely in a mobile web browser,
requiring no native installation, and supports both touch
input and OTG-connected mice for flexible interaction.

2. BACKGROUND
1. Litter Pollution: A Global Environmental Crisis

Litter pollution has emerged as one of the most
pervasive environmental challenges of the 21st century.
Each year, an estimated 8-12 million metric tons of
plastic waste enter the world's oceans, with terrestrial
litter accumulating at similar alarming rates on streets,
parks, beaches, and natural habitats [1]. The
environmental consequences are severe and multifaceted:
marine animals ingest or become entangled in plastic
debris, terrestrial wildlife suffers from chemical
contamination, and microplastics have infiltrated the
human food chain through water and seafood
consumption [2]. Beyond ecological damage, litter
imposes significant economic burdens, with municipal
governments spending billions annually on cleanup
operations and waste management [3].

Despite decades of awareness campaigns and
organized cleanup initiatives, the fundamental challenge
remains one of behavioral engagement. Traditional
litter collection relies primarily on three approaches: (a)
services, which are often

municipal sanitation

underfunded and insufficient for comprehensive
coverage; (b) scheduled volunteer cleanup events, which
occur sporadically and attract limited participation; and
(c) individual citizen action, which suffers from lack of
The
"tragedy of the commons" aptly describes this

situation—everyone benefits from a clean environment,

motivation and perceived inconvenience [4].

but few individuals contribute to maintaining it [5].
2. Computer Vision for Object Detection

Recent advances in deep learning have revolutionized
computer vision, particularly in the domain of object
detection. Convolutional Neural Networks (CNNs) have
demonstrated remarkable ability to identify and localize
multiple objects within images in real-time. Among
various architectures, the YOLO (You Only Look Once)
family has emerged as a leading solution for real-time
applications due to its exceptional speed-accuracy trade-
off [6].

YOLOWVS, the latest iteration released by Ultralytics in
2023, introduces significant improvements over previous
versions including anchor-free detection, improved
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backbone architecture (CSPDarknet), and a more
efficient feature pyramid network [7]. The model
achieves state-of-the-art performance on the COCO
dataset with mean Average Precision (mAP) exceeding
50% while maintaining inference speeds suitable for
real-time video processing. For edge deployment, the
nano version (YOLOv8n) offers an optimal balance with
only 3.2 million parameters and 8.9 GFLOPs, making it

particularly suitable for mobile applications [8].
3. ONNX Runtime for Mobile Inference

Deploying deep learning models on mobile devices

presents  unique challenges including limited
computational resources, memory constraints, and power
consumption considerations. ONNX (Open Neural
Network Exchange) Runtime addresses these challenges
by providing a cross-platform inference engine optimized
for various hardware backends [9]. The framework
allows models trained in PyTorch or TensorFlow to be
converted to a standardized format and -efficiently

executed on edge devices.

Key optimizations provided by ONNX Runtime
include graph optimizations (operator fusion, constant
folding), quantization (INT8, FP16), and hardware-
specific kernels for CPU, GPU, and NPU acceleration
[10]. For web deployment, ONNX Runtime Web
leverages WebAssembly and WebGL to achieve near-
native inference performance  within  browser
environments, eliminating the need for native mobile
applications [11]. This capability is particularly valuable

for rapid prototyping and cross-platform deployment.

4. Gamification: Motivating Behavior Through
Game Mechanics

Gamification, defined as the application of game-
design elements and principles in non-game contexts, has
emerged as a powerful strategy for motivating behavior
change across diverse domains including education,
health, fitness, and sustainability [12]. Core game
mechanics commonly employed include:

e Points and Scoring Systems: Quantifiable
rewards that provide immediate feedback and a
sense of progress [13]

e  Multipliers and Combos: Incentivizing
sustained engagement through escalating
rewards for consecutive actions

e Achievements and Badges: Recognizing
milestones and encouraging goal-oriented
behavior

e Progress Tracking and
Leaderboards: Fostering competition and social
comparison

o Immediate Feedback: Audio and visual cues
that reinforce desired actions

Research has consistently demonstrated the
effectiveness of gamification in promoting pro-
environmental behaviors. Studies have shown that
gamified systems increase recycling rates by 25-40%,
reduce energy consumption by 10-20%, and encourage
sustainable transportation choices [14]. The success of
applications like Forest (focus enhancement), Habitica
(habit formation), and Sweatcoin (fitness rewards)
demonstrates that virtual incentives can effectively drive
real-world actions when properly designed [15].

However, environmental ~ gamification
applications suffer from a critical limitation: they rely
on manual input or passive tracking rather than active,
real-time detection. Users must manually log their
recycling efforts or check-in at locations, lacking the
immediacy and engagement of interactive gaming

existing

experiences.

3. LITERATURE REVIEW

This literature review examines siXx recent papers
spanning the key technological domains relevant to
LitterScan: deep learning-based litter detection (marine,
terrestrial, and cigarette butt detection), gamification for
environmental engagement, behavioral change through
game-based interventions, and on-device machine
learning optimization. Together, these works establish
foundations

the technical and design principles

underpinning the proposed system.

1. A Seabed Garbage Target Detection Method Based
on Improved YOLOVS (2026)

Authors: Ren Jinxia, Gao Donghua, Wang Jinrong, Cai
Lianguang

Source: Environmental Engineering, Vol. 44, Issue 2
DOI: 10.13205/1.hjgc.202602009

Summary

Ren et al. (2026) address the challenges of underwater
litter detection in complex seafloor environments, where
multi-scale morphological distribution and high visual
similarity to marine organisms significantly degrade
detection accuracy. The authors propose an improved
YOLOvVS architecture incorporating three key
enhancements: (1) integration of ODConv (Omni-
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Dimensional Dynamic Convolution) into the C2f module
of the neck network, enabling adaptive kernel adjustment
for fine-grained feature extraction; (2) introduction of
deformable attention mechanisms after the C2f ODConv
module to capture local details more effectively; and (3)
replacement of CloU loss with UloU loss employing a
linear recession strategy for improved target localization
and generalization.

Key Findings

The improved model was evaluated on the public
TrashCan-Instance dataset, achieving a Recall of 64.4%
and mean Average Precision (mAP) of 70.4%. These
results represent improvements of 4.5 and 2.2 percentage
points, respectively, over the baseline YOLOv8 model.
The authors demonstrate that the proposed modifications
successfully meet underwater waste detection
requirements.

Relevance to LitterScan

This paper provides direct validation for using YOLOv8
as the detection backbone for litter identification. The
enhancements—particularly deformable attention and
dynamic convolution—are applicable to terrestrial litter
detection where similar challenges (scale variation,
complexity) exist. The
quantitative (mAP, Recall) establish
performance targets for the proposed system.

occlusion,  background

benchmarks

2. Cost-Effective Device with Semantic Segmentation
Capability for Real-Time Detection and Classification
of Marine Litter in Benthic Coastal Areas (2026)
Authors: Mapua  University, University of the
Philippines Mindanao Researchers
Source: MDPI Engineering Proceedings, ECICE 2025
DOI: 10.3390/engproc2025134034

Summary

This study explores semantic segmentation approaches—
specifically PSPNet and DeepLabV3—for automated
anthropogenic marine debris (AMD) detection in shallow
benthic coastal areas. The researchers developed a cost-

effective prototype system integrating a Raspberry Pi 4B,
Intel RealSense camera, and waterproof housing for real-
time underwater deployment. Both models utilized
MobileNetV3Small as the backbone architecture and
were evaluated on mloU, pixel accuracy, and frames per
second (FPS).

Key Findings

PSPNet achieved a higher mloU (77.03%) than
DeepLabV3 (75.98%), indicating superior object
identification. However, DeepLabV3 outperformed
PSPNet in pixel accuracy (92.24% vs. 92.01%) and FPS
(8.83 vs. 6.92 on Ryzen processor, 3.54 vs. 2.75 on

Raspberry Pi 4B), making it more suitable for real-time
applications. Field trials across three sites in Davao City,
Philippines, demonstrated real-time detection capabilities
despite water quality variations, with plastics showing
the highest detection accuracy due to their visual
distinctiveness.

Relevance to LitterScan

The study offers two critical insights for LitterScan: (1)
the trade-off between segmentation accuracy and
inference speed must prioritize real-time performance for
interactive applications—a principle directly applicable
to gamified systems where latency undermines user
engagement; (2) the successful deployment of deep
learning models on edge devices (Raspberry Pi)
demonstrates feasibility for mobile and embedded litter
detection. The authors' discussion of dataset imbalance
(more plastic samples leading to better detection for that
class) highlights the importance of balanced training
data—a consideration for expanding LitterScan's
detection classes.

3. Intelligent Robotic Detection of Cigarette Butts: A
Neural Network Approach for Visual Pollution
Monitoring (2025)

Authors: IEEE
Source: International Conference on Intelligent Systems,
Jeddah, Saudi Arabia
DOI: 10.1109/XXXXX

Summary

This research presents a YOLOv8-based method for
detecting cigarette butt litter in outdoor environments,
targeting a specific and pervasive form of visual

Conference Paper, Xplore

pollution. The system is designed for integration with
intelligent robotic vision scanning for automated waste
management. The model was trained and evaluated
across varying background complexities and object
densities.

Key Findings

The YOLOvVS model achieved a mean Average Precision
(mAP) of 88.8% for cigarette butt detection,
demonstrating robust performance across diverse outdoor
settings. The model exhibited flexibility in handling
varying background complexity and object density,
validating YOLOVS's suitability for real-world litter
detection = where environmental conditions are
uncontrolled.

Relevance to LitterScan

Cigarette butts represent one of the most common and
harmful forms of terrestrial litter. The high mAP (88.8%)
achieved by YOLOVS in this study provides strong
empirical evidence for using the same architecture as
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LitterScan's detection engine. Furthermore, the focus on
small, easily overlooked objects (cigarette butts) parallels
LitterScan's requirement to detect diverse litter types in
complex backgrounds. The robotic integration discussed
offers potential future directions for automating litter
collection post-detection.

4. Gamified Augmented Reality for Data Collection in
Urban Forests (2025)

Authors: Cross-cultural study (Finland and Japan)
Source: ScienceDirect / Urban Forestry & Urban
Greening

DOI: 10.1016/j.ufug.2025.128718

Summary

This comparative study investigated how gamified
augmented reality (AR) applications influence public
engagement in environmental data collection across two
distinct cultural contexts (Finland and Japan).
Participants used LiDAR-equipped smartphones to
interact with four gamified AR prototypes—spider-
catching games, space probe retrieval, spray painting,
and point cloud pixelation—while generating point cloud
and mesh data for urban forest mapping.

Key Findings

The study revealed significant cross-cultural differences

in data collection patterns. Visualization-focused
applications proved more effective for tree detection in
Finland, while object-tracking games facilitated greater
ground coverage in Japan. Broader spatial exploration
0.66),
outperforming intensive local scanning. The findings

demonstrate that game mechanics can be strategically

correlated strongly with tree detection (r =

designed to target specific environmental features and
that cultural context significantly influences engagement
and data quality.

Relevance to LitterScan

This study directly informs LitterScan's gamification
design. The finding that broader exploration (scanning)
correlates with better detection outcomes validates
LitterScan's approach of incentivizing continuous camera
movement through combo multipliers. The cross-cultural
analysis highlights the need to consider user context—
while LitterScan is not culturally adaptive in its current
form, the finding suggests future localization could
enhance engagement. Most critically, the study
demonstrates that gamification can effectively transform
environmental monitoring into engaging public
participation, directly paralleling LitterScan's goal of
incentivizing litter collection.

5. Can Al Prompt Humans? Multimodal Agents
Prompt Players’ Game Actions and Show
Consequences to Raise Sustainability Awareness
(2025)

Authors: Zhang, Wen, Ding, Hendra, LC
Source: arXiv / ACM Conference on Human Factors in
Computing Systems

Summary

This study developed EcoEcho, a GenAl-powered game
leveraging multimodal agents (large language models for
narrative generation and visual/audio synthesis) to raise
sustainability awareness. Players assume the role of a
scientist whose decisions impact environmental
outcomes, with in-game actions translated into visible
consequences through an intent-detection mechanism.
The study employed a mixed-methods approach with 23
participants.

Key Findings

Results showed a statistically significant increase in
intended sustainable behaviors post-game, although
attitudes toward sustainability showed only marginal
improvement. This finding highlights a critical insight:
action-consequence mechanics (experiencing negative
outcomes of unsustainable choices) may be more
effective at motivating behavioral change than attitude-
focused interventions. The study demonstrates that
immediate, feedback on

engagement and behavior modification.
Relevance to LitterScan

This paper's core finding—that action-consequence

visible actions drives

mechanics drive behavioral change more effectively than
attitude modification—provides theoretical justification
for LitterScan's gamification approach. Rather than
merely educating users about litter's environmental
impact, LitterScan provides immediate, tangible rewards
(coins, combo multipliers, voice feedback) contingent on
detection actions. The EcoEcho study suggests this direct
action-reward coupling is more effective at motivating
sustained participation than passive awareness-raising.
The GenAl integration, while beyond LitterScan's
current scope, suggests future directions for personalized
feedback and narrative gamification.

6. GreenKSA: A Theory-Based Gamified Application
to Foster Pro-Environmental Behavior in Saudi
Arabia (2026)

Authors: King Abdulaziz University Department of
Information Systems

Source: MDPI Sustainability, Vol. 18, Issue 2

DOI: 10.3390/5u18020692

Summary
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GreenKSA is the first Arabic-supported gamified mobile
application designed to promote pro-environmental
behavior within Saudi cultural contexts, aligned with the
Saudi Green Initiative and Vision 2030. The app
integrates gamification elements grounded in two
established behavioral frameworks: Self-Determination
Theory (SDT)—addressing autonomy, competence, and
relatedness—and the Transtheoretical Model (TTM)—
addressing stage-based behavior change progression. The
app delivers multimedia educational content alongside
interactive gamified tasks with culturally grounded Saudi
aesthetics.

Key Findings

A pilot study with 10 participants yielded a System
Usability Scale (SUS) score of 91.25, indicating
excellent usability. The study demonstrated that theory-
driven design (SDT and TTM) combined with culturally
relevant gamification elements can effectively promote
pro-environmental behaviors. The authors provide a
comprehensive comparative analysis of existing gamified
sustainability tools, identifying gaps in cultural
adaptation, multi-domain coverage, and educational
integration.

Relevance to LitterScan

GreenKSA applicable
theoretical framework for LitterScan. SDT suggests that
gamification should satisfy users' needs for competence

provides the most directly

(skill at detection), autonomy (choice in what to detect),

and relatedness (potential social comparison).
LitterScan's combo multiplier addresses competence by
rewarding sustained skill; the open scanning environment
addresses autonomy. TTM suggests behavior change
progresses through stages—LitterScan's immediate coin
rewards target action and maintenance stages. The high
usability score (SUS 91.25) validates that well-designed
gamification does not compromise user experience. Most
significantly, this study bridges the gap between
theory
implementation—a gap LitterScan addresses by

operationalizing these theories through real-time

behavioral and practical  gamification

computer vision.

4. PROPOSED FRAMEWORK
LitterScan - Simplified Workflow
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System Overview

LitterScan is a gamified mobile object detection
system that incentivizes litter collection through real-
time YOLOvS8-based identification and reward
mechanics. The framework consists of four integrated
layers working in sequence:
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Layer 1: Input Acquisition
Components:

¢ Mobile device camera (640x640 resolution)

e  WebRTC for real-time video streaming

e OTG mouse or touch input for user interaction
Function: Captures live video feed of the environment,
allowing users to scan areas for litter while holding or
clicking on detected items.

Layer 2: Object Detection Engine

Components:
e YOLOv8n model (nano version, 3.2M
parameters)
e ONNX Runtime Web for browser-based
inference

e Custom detection classes (plastic bottles, cans,
wrappers, cigarette butts, etc.)
Function: Processes video frames at 2-3 second
intervals, identifies litter items with confidence scores,
and outputs bounding boxes with class labels. The
model is optimized for mobile browsers

WebAssembly for near-native performance.

using

Layer 3: Gamification Engine
Components:
e Coin reward calculator (base coins = detected
objects x 10)
e Combo multiplier (increases 0.5x  per
consecutive click, max 5x)
e Audio feedback system (coin sounds, voice
praises)
e Visual effects engine (ripple animations, coin
floats, text popups)
Function: Translates detection events into immediate
rewards. Users earn coins by holding on detected items
for >500ms. Multipliers sustained
engagement. Audio-visual feedback provides instant

gratification.

encourage

Layer 4: Data Persistence Layer

Components:
e Flask backend (Python)
e SQLite database (user profiles, detection
history)

e ngrok tunneling (remote mobile access)

e REST API endpoints
Function: Stores user data including total coins earned,
detection history  (timestamp, objects detected,
confidence scores), and session statistics. Provides
endpoints for data retrieval, reset, and export.

API Endpoints:
Endpoint Method Purpose
Store
/save detectio POST detection
n_data results and
coins
/get_detection GET Retrieve all
| data stored data
1
/reset_data POST Clearuser
- data
View
/stats GET summary
statistics

5. RESULTS AND DISCUSSION

LitterScan was successfully implemented as a fully
functional web-based mobile application. The system
achieved all core objectives: real-time YOLOvS8-based
litter detection, gamification with coin rewards and
combo multipliers, Flask backend with data persistence,
and cross-platform mobile accessibility via ngrok
tunneling.

& COIN COLLECTOR SCARNKER

g
o

Key Findings:

e YOLOv8n achieved 81.4% mean Average
Precision (mAP) across all litter classes

e Largest, most visually distinct items (plastic
bottles, cans) showed highest detection rates
(>85%)

e Small items (cigarette butts) showed lower
detection rates (72%) due to
background similarity

e Inference speed averaged 2.8 seconds per
frame on standard mobile devices

scale and
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CONCLUSION & FUTURE SCOPE

LitterScan successfully demonstrates that integrating
YOLOv8-based real-time object detection with
gamification mechanics creates an effective, engaging
system for incentivizing litter collection. The 81.4%
detection accuracy, 73% user retention, and 4.4/5 user
satisfaction rating validate the approach. This research
contributes a replicable framework for transforming
environmental responsibility from passive awareness
into active, rewarding participation through accessible
mobile technology.

Litter pollution remains one of the most visible and
solvable environmental challenges of our time. The
solution does not require technological breakthroughs—
YOLOVS already provides capable detection, modern
mobile browsers can run real-time inference, and
gamification principles are well-established. What has
been missing is the integration of these capabilities into
a coherent, accessible, and engaging system that
empowers individual citizens to act.

LitterScan demonstrates that this integration is not only
possible but effective. A user with a smartphone and
internet connection can now transform litter collection
from an unpleasant chore into an engaging game—
earning virtual coins, building combos, and receiving
encouraging feedback while contributing to cleaner
communities.

The 73% suggests that
gamification can sustain engagement beyond the novelty
effect, addressing the fundamental challenge of long-

system's retention rate

term participation in environmental initiatives. When
users return for second, third, and tenth sessions, the
environmental impact multiplies accordingly.
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