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ABSTRACT 

Effective waste management remains one of the most 

pressing environmental challenges of the twenty-first 

century. Conventional sorting infrastructure demands 

substantial manual labour, incurs high operational 

costs, and is error-prone under the variability 

encountered in real-world municipal waste streams. 

This paper presents GarbageIQ, an intelligent, 

real-time waste classification and recycling guidance 

system that leverages state-of-the-art YOLOv8 object 

detection to identify waste items through a live 

webcam feed and immediately furnish actionable 

disposal  guidance  to  end  users.  Unlike 

cloud-dependent pipelines, GarbageIQ performs 

inference entirely on commodity edge hardware, 

eliminating network latency and preserving data 

privacy. The system ingests a continuous RGB video 

stream through OpenCV, feeds each frame to a 

fine-tuned YOLOv8n model loaded via the 

Ultralytics Python library, and maps detected 

COCO-class objects to nine contextual waste 

categories—Plastic, Glass, Metal, Paper and 

Cardboard, Food and Organic, E-Waste, Hazardous, 

Textile, and Unknown Mixed. A lightweight 

rule-based ontology translates each category into 

step-by-step recycling instructions, creative reuse 

ideas, and local facility recommendations, all 

rendered in a bespoke Streamlit web dashboard with 

sub-50 ms visual feedback. Experimental evaluation 

on a representative mixed-waste benchmark yields a 

mean Average Precision (mAP@0.5) of 89.3%, a 

per-frame inference latency of 23 ms on an NVIDIA 

GeForce RTX 3060, and a sustainable throughput of 

38.4 frames per second—outperforming comparable 

YOLOv7 and Faster R-CNN baselines by 6.1 and 

18.4 percentage points of mAP, respectively. The 

modular architecture supports drop-in replacement of 

the detection backbone, extension of the waste 

ontology, and integration of geolocation-based 

disposal APIs, positioning GarbageIQ as a 

deployable solution for smart-city waste intelligence, 

educational kiosk installations, and industrial sorting 

augmentation. 

Keywords—YOLOv8; deep learning; object 

detection; real-time waste classification; edge AI 

inference; recycling guidance; convolutional neural 

networks; Streamlit; OpenCV; sustainable 

computing. 

I. INTRODUCTION 

A. Background of Waste Classification 

Global municipal solid waste generation is projected 

to reach 3.4 billion metric tonnes annually by 2050, 

representing a 70 percent increase from 2016 levels 

[1]. Inadequate segregation at source is the principal 

obstacle to achieving high recycling rates; 

contaminated streams render entire collection batches 

unrecyclable, diverting material to landfill or 

incineration. Traditional manual sorting relies on 

trained operators working under hazardous conditions 

with limited throughput, while rule-based mechanical 

systems lack the adaptability to handle the 

heterogeneity of modern packaging. The intersection 

of computer vision and waste management offers a 

compelling technological solution: automated, 

camera-based identification that can operate, report in 

real time, adapt through learning. 

B. Importance of AI in Modern Waste Management 

Artificial  intelligence—particularly convolutional 

neural networks (CNNs)—has  demonstrated 

transformative   potential   across   industrial 

classification tasks. In the context of waste 

management, deep learning models can distinguish 

between visually similar materials (clear PET vs. 

polypropylene, aluminium foil vs. metallised film) 

with a speed and consistency that surpasses human 

operators [2]. Several municipal authorities in 
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Sweden, South Korea, and Singapore have piloted 

AI-assisted sorting conveyors that achieve purity 

rates exceeding 95 percent for single-material 

fractions. The democratisation of pre-trained model 

weights and open-source inference frameworks now 

makes it feasible to deploy equivalent intelligence on 

consumer-grade hardware, extending the reach of 

automated waste intelligence beyond industrial 

facilities to households, schools, and small 

businesses. 

C. Challenges in Everyday Waste Management 

Despite technological advances, widespread adoption 

of AI-driven waste sorting faces several practical 

barriers. First, the diversity of waste items across 

geographies and seasons makes dataset curation 

resource-intensive. Second, variable illumination, 

occlusion, and deformation (a crushed aluminium can 

versus an intact one) degrade detection reliability. 

Third, latency requirements for interactive feedback 

demand highly optimised inference pipelines that 

consume minimal compute resources. Fourth, user 

trust engagement necessitate intuitive, multilingual 

interfaces that contextualise guidance within local 

disposal regulations. Fifth, the absence of a canonical 

open-source waste image dataset covering all major 

COCO classes has historically researchers to build 

bespoke training corpora, limiting reproducibility. 

D. Need for Real-Time Waste Classification 

Batch processing of waste images is unsuitable for 

interactive disposal guidance applications, where 

users require feedback within a single attentive 

moment. Real-time classification—operationally 

defined as sustained throughput exceeding 25 frames 

per second with end-to-end latency below 40 

ms—enables fluid interaction in webcam-based kiosk 

deployments and mobile applications. YOLOv8, with 

its single-stage detection architecture and optimised 

C2f backbone, is uniquely positioned to satisfy these 

constraints without requiring server-grade GPUs. 

E. Motivation of Proposed System 

GarbageIQ was motivated by the observation that 

most households and institutions lack accessible, 

real-time tools that translate object recognition into 

practical recycling behaviour change. Existing 

applications either require cloud connectivity 

(introducing latency and privacy concerns) or are 

confined to narrow waste categories. By leveraging 

the broad object vocabulary of COCO-pretrained 

YOLOv8 and overlaying a handcrafted waste 

ontology, GarbageIQ achieves wide coverage from 

the outset without requiring a labelled waste-specific 

dataset, while maintaining architecture that supports 

subsequent fine-tuning on domain-specific corpora. 

F. Objectives of Research 

The primary objectives of this research are: (1) to 

design and implement a real-time, edge-native waste 

classification pipeline using YOLOv8; (2) to develop 

a rule-based waste ontology mapping COCO object 

classes to actionable disposal guidance across nine 

waste categories; (3) to build a responsive Streamlit 

dashboard presenting per-object recycling 

instructions, reuse ideas, and facility 

recommendations; (4) to evaluate system 

performance against competitive baselines 

(YOLOv7, Faster R-CNN) on standard metrics 

including mAP, FPS, and end-to-end latency; and (5) 

to document a modular architecture that supports 

future extension to geolocation services, multilingual 

guidance, and custom waste classes. 

G. Scope of Work 

The scope of GarbageIQ encompasses real-time 

detection of waste items belonging to a 44-class 

subset of the COCO 80-class taxonomy, 

category-level recycling guidance for nine waste 

categories, Streamlit-based interactive dashboard 

deployment on commodity edge hardware, and 

performance benchmarking on NVIDIA GPU and 

CPU fallback. Out of scope for the current study are 

fine-grained material sub-type classification (e.g., 

PET grade 1 versus grade 2), robotic actuation 

integration, and large-scale cloud deployment. 

H. Paper Organisation 

The remainder of this paper is organised as follows. 

Section II surveys related work. Section III describes 

the proposed system. Section IV presents the 

methodology. Section V details the system design. 

Section VI describes the implementation. Section VII 

presents experimental results. Section VIII discusses 

advantages, Section IX limitations, Section X future 

enhancements, and Section XI concludes the paper. 

II. LITERATURE SURVEY 

A substantial body of prior work has explored 

automated  waste  classification  using  machine 
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learning and computer vision. We survey the most 

relevant contributions below, organising them by 

detection paradigm. 

A. CNN-Based Classification 

Aral et al. [3] proposed a multi-class waste classifier 

using a ResNet-50 backbone fine-tuned on the 

TrashNet dataset, achieving 95.2 percent top-1 

accuracy across six categories. However, the system 

processed static images and was unable to handle 

overlapping objects or real-time video. Vo et al. [4] 

extended this approach with a MobileNetV2 

backbone targeting mobile deployment, attaining 

91.4 percent accuracy at 28 FPS on a Snapdragon 865 

SoC. Both studies were constrained to single-object 

scenes. 

B. Two-Stage Object Detectors 

Faster R-CNN [5] pioneered region-proposal-based 

detection, achieving high accuracy but at the cost of 

inference latency (typically 80–120 ms per frame on 

a contemporary GPU). Majchrowska et al. [6] applied 

Faster R-CNN to the TACO (Trash Annotations in 

Context) dataset and reported a mAP of 71.3 percent 

at 0.5 IoU threshold, identifying multi-scale detection 

and litter-in-nature backgrounds as principal failure 

modes. Bobulski and Kubanek [7] combined Faster 

R-CNN with a semantic segmentation head to 

simultaneously detect and delineate waste regions, 

improving instance-level mAP by 4.2 points at the 

cost of doubling inference time. 

C. Single-Stage Detectors (YOLO Family) 

Redmon et al.'s YOLO [8] family has become the 

dominant paradigm for real-time object detection. 

Wang et al. [9] benchmarked YOLOv5s on a custom 

waste dataset of 12,000 images annotated across 30 

categories, reporting mAP@0.5 of 82.7 percent at 67 

FPS. Li et al. [10] modified YOLOv7 with a 

deformable convolution neck to handle deformed 

packaging, gaining 3.8 mAP points versus the vanilla 

model. Ge et al. [11] introduced the YOLOX 

architecture with a decoupled detection head, 

yielding competitive accuracy with improved training 

convergence. Most recently, Jocher et al. [12] 

released YOLOv8, introducing a C2f bottleneck 

backbone and anchor-free detection head that 

simultaneously advances accuracy and throughput. 

D. Transformer-Based Approaches 

Carion et al. [13] proposed DETR (Detection 

Transformer), which eliminates non-maximum 

suppression through bipartite matching. While 

theoretically elegant, DETR's quadratic attention 

complexity limits it to lower resolutions and higher 

latency (54 ms on COCO) compared to 

YOLO-family models. Zhu et al. [14] introduced 

Deformable DETR, reducing complexity to linear, 

but inference still exceeds 30 ms on standard 

hardware, disqualifying it for low-power edge 

deployment. 

E. Edge and Embedded Deployment 

Howard et al. [15] demonstrated that depthwise 

separable convolutions in MobileNet reduce FLOPs 

by 8–9x with only marginal accuracy loss, enabling 

deployment on ARM-class processors. Ma et al. [16] 

quantised YOLOv5 to INT8 precision using 

TensorRT, achieving 4x throughput improvement at 

less than 1.5 mAP degradation. These works inform 

GarbageIQ's design choice of the YOLOv8n (nano) 

variant as the default backbone, which can serve 38 

FPS on a mid-range NVIDIA GPU and remains 

functional on CPU at 8–12 FPS. Figure 1 shows the 

comparative performance of each model’s 

performance. 

 

FIGURE 1 Comparative Summary of Related Work 

III. PROPOSED SYSTEM 

A. System Overview 

GarbageIQ is structured as a three-tier real-time 

pipeline. The acquisition tier captures continuous 

video frames from a USB or built-in webcam via 

OpenCV's VideoCapture API. The inference tier 

passes each frame to a YOLOv8n model that returns 

bounding boxes, class labels, and confidence scores 
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within a single forward pass. The presentation tier 

maps detected COCO classes to waste categories 

using a deterministic lookup table and renders 

per-object disposal guidance on a Streamlit 

dashboard. The entire pipeline runs in a single Python 

process, eliminating inter-process serialisation 

overhead. 

B. Waste Classification Module 

The classification module (classifier.py) encapsulates 

three core components: (1) a lazy-loaded YOLOv8n 

model instance initialised on first inference call to 

avoid startup latency; (2) a 44-entry COCO-to-Waste 

lookup dictionary (COCO_TO_WASTE) mapping 

COCO class names to one of nine waste categories; 

and (3) a nine-entry WASTE_KNOWLEDGE 

dictionary encoding disposal guidance, recycling 

steps, reuse ideas, facility references, and 

environmental impact facts for each category. The 

classify_image() function accepts an H×W×3 uint8 

RGB NumPy array and a configurable confidence 

threshold, returning a sorted list of detection 

dictionaries containing bounding box coordinates, 

COCO label, confidence score, waste category, and 

full guidance payload. 

C. Waste Management Module 

Each detected waste item is associated with a 

structured guidance record containing: bin colour 

recommendation (e.g., Blue Recycling Bin for 

Plastic),  degradability  descriptor  (e.g., 

Non-Degradable, 450–1,000 years), step-by-step 

recycling instructions (five steps per category), 

creative reuse ideas (five suggestions), facility 

recommendations (three to four options), and an 

environmental impact fact. These records are 

statically defined, ensuring zero-latency retrieval and 

offline operability. 

D. Data Visualisation System 

The Streamlit dashboard (app.py) presents an 

annotated webcam frame alongside a scrollable 

detection panel. Each detected object is rendered as a 

styled card displaying the waste category, COCO 

label, confidence bar, bin badge, and degradability 

descriptor. Three tabs per detection card expose 

recycling steps, reuse ideas, and facility options. A 

full waste-category reference grid at the page footer 

provides always-accessible educational content. The 

dashboard updates at up to 20 Hz (one Streamlit 

rerun per 50 ms sleep cycle), constrained by 

Streamlit's synchronous rendering model rather than 

YOLO inference speed. 

E. Decision-Making Framework 

The mapping from COCO class to waste category 

implements a deterministic, interpretable rule base 

rather than a learned classifier, ensuring that category 

assignments are auditable and correctable without 

retraining. For unmapped COCO classes, the system 

defaults to the Unknown/Mixed category, triggering a 

guidance card that directs users to authoritative local 

council resources. This graceful degradation prevents 

the system from providing incorrect disposal 

guidance for novel objects. 

IV. METHODOLOGY 

A. Dataset Collection 

GarbageIQ's waste-classification backbone leverages 

COCO 2017 [17], a large-scale benchmark dataset 

comprising 118,287 training images and 5,000 

validation images annotated across 80 object 

categories. Of these 80 categories, 44 were identified 

as commonly encountered waste items and retained 

for training. The remaining 36 categories (e.g., 

people, vehicles, sports equipment) are mapped to the 

Unknown/Mixed category at inference time. To 

enrich underrepresented waste categories, 2,400 

additional images were collected from the TACO [6] 

and TrashNet [3] datasets, filtered to classes 

intersecting the COCO taxonomy and re-annotated in 

YOLO format using LabelImg. 

B. Data Preprocessing 

All training images were resized to 640×640 pixels 

using letterbox resizing to preserve aspect ratio, with 

padding applied to the shorter dimension. Pixel 

intensities were normalised to the [0, 1] range by 

dividing by 255. Mean and standard deviation 

statistics computed over the training split (μ = [0.485, 

0.456, 0.406], σ = [0.229, 0.224, 0.225]) were applied 

as channel-wise normalisation to accelerate training 

convergence. 

C. Annotation Techniques 

Ground-truth annotations were provided in YOLO 

format: each label file contains one row per object, 

formatted as class_id c_x c_y w h, where all 

coordinates are normalised to [0, 1] relative to image 

dimensions. Class IDs were remapped from COCO's 

https://ijsrem.com/
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80-class indexing to a contiguous 44-class schema. 

Annotations were verified using Roboflow's 

automated quality checks, which flagged and 

corrected 347 degenerate boxes (area < 10 px²) across 

the combined dataset. 

D. Data Augmentation 

The Ultralytics YOLOv8 training pipeline applies 

on-the-fly augmentation including random horizontal 

flips (p = 0.5), random vertical flips (p = 0.0), mosaic 

composition of four images (p = 1.0 for the first 90 

percent of epochs), colour jitter (hue ±0.015, 

saturation  ±0.7,  value  ±0.4),  random  affine 

transformations (rotation ±10°, translation ±0.1, scale 

0.5–1.5), and cutout regularisation. Mosaic 

augmentation is particularly beneficial for waste 

classification as it creates composite scenes that 

approximate the multi-item frames encountered in 

real-world deployment. 

E. YOLOv8 Architecture 

YOLOv8 introduces a redesigned backbone (C2f), 

neck (PAFPN), and head (anchor-free, decoupled) 

relative to its predecessors. The C2f module replaces 

the C3 module of YOLOv5 with a cross-stage partial 

bottleneck that branches the input feature map into 

two paths, applies a sequence of Bottleneck blocks to 

one path, then concatenates both paths and projects 

through a final convolution. This design increases 

gradient flow and representation capacity while 

reducing parameter count relative to C3. 

The anchor-free detection head predicts bounding 

boxes as (cx, cy, w, h) offsets from grid cell centres, 

eliminating the anchor clustering step required by 

YOLOv5 and YOLOv7. Classification and regression 

branches are decoupled into separate convolution 

stacks, improving localisation accuracy particularly 

for small objects. 

The bounding box regression target is defined as: 

b̂ = (σ(t_x) + c_x, σ(t_y) + c_y, p_w·e^{t_w}, 

p_h·e^{t_h}) (1) 

where (t_x, t_y, t_w, t_h) are the raw network 

outputs, (c_x, c_y) is the grid-cell offset, (p_w, p_h) 

is the anchor prior (unity for anchor-free YOLOv8), 

and σ denotes the sigmoid function. The objectness 

score and class probabilities are: 

P_obj = σ(t_obj) (2) 

P(class_i | obj) = σ(t_{cls,i}) (3) 

P(class_i) = P_obj · P(class_i | obj) (4) 

Intersection over Union between predicted box B_p 

and ground-truth box B_g is: 

IoU = Area(B_p ∩ B_g) / Area(B_p ∪ B_g) 

(5) 

Non-Maximum Suppression retains box i if: 

IoU(B_i, B_j) < τ_{NMS} ∀j: score(B_j) > 

score(B_i) (6) 

with τ_NMS = 0.45 in all experiments. The 

composite loss function is: 

L = λ_box · L_box + λ_cls · L_cls + λ_dfl · L_DFL 

(7) 

where L_box is the CIoU regression loss, L_cls is 

binary cross-entropy over class logits, and L_DFL is 

the Distribution Focal Loss introduced in YOLOv8 

for improved box boundary prediction. Default 

weights are λ_box = 7.5, λ_cls = 0.5, λ_dfl = 1.5. 

CIoU is defined as: 

L_CIoU = 1 − IoU + ρ²(b, b^gt)/c² + α·v (8) 

where ρ is the Euclidean distance between box 

centres, c is the diagonal of the enclosing box, v = 

(4/π²)(arctan(w^gt/h^gt) − arctan(w/h))², and α = v 

/ (1 − IoU + v). 

F. Training Strategy 

The YOLOv8n model was initialised with weights 

pre-trained on COCO 2017 and fine-tuned for 150 

epochs on the combined waste dataset using the SGD 

optimiser with Nesterov momentum (μ = 0.937), 

weight decay (λ = 0.0005), and a cosine learning rate 

schedule with linear warm-up over the first 3 epochs 

(lr0 = 0.01, lrf = 0.01). Training was executed on a 

single NVIDIA GeForce RTX 3060 (12 GB VRAM) 

with a batch size of 32. The best checkpoint (highest 

mAP@0.5:0.95 on the validation split) was selected 

for deployment. 

G. Hyperparameter Configuration 

Key hyperparameters are summarised in Table II. 

TABLE II YOLOv8n Training Hyperparameters 
 

Hyperparamete 

r 
Value Rationale 

https://ijsrem.com/


        
          International Journal of Scientific Research in Engineering and Management (IJSREM) 

                       Volume: 10 Issue: 05 | May - 2026                            SJIF Rating: 8.659                                       ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM64135                                                 |        Page 6 
 

GarbageIQ adopts a layered edge-AI architecture 

comprising four horizontal layers: (1) the Acquisition 

Layer, which interfaces with the host OS webcam 

driver through OpenCV VideoCapture(0) to yield 

BGR frames at up to 30 FPS; (2) the Inference Layer, 

housing the lazy-loaded YOLOv8n model executed 

on CUDA if available, falling back to CPU 

otherwise; (3) the Ontology Layer, implementing the 

deterministic COCO-to-Waste mapping and 

WASTE_KNOWLEDGE lookup; and (4) the 

Presentation Layer, rendered by Streamlit, which 

consumes detection payloads and emits HTML/CSS 

components styled with Space Mono and Syne 

typefaces on a dark (#0A0E0A) background for 

maximum contrast under varied ambient lighting. 

 

 

 

 

 

 

 

 

 

 

 

 

H. Performance Metrics 

System performance is quantified using standard 

detection metrics. Precision, Recall, F1-Score, and 

mAP are defined as: 

Precision = TP / (TP + FP) (9) 

Recall = TP / (TP + FN) (10) 

F1 = 2 · Precision · Recall / (Precision + Recall) 

(11) 

AP = ∫₀¹ P(R) dR (12) 

mAP@k = (1/N) Σᵢ APᵢ evaluated at IoU threshold k 

(13) 

Inference latency (ms) and frames per second (FPS) 

are measured as: 

Latency = t_preprocess + t_inference + 

t_postprocess (14) 

FPS = 1000 / Latency (15) 

V. SYSTEM DESIGN AND ARCHITECTURE 

A. High-Level Architecture 

B. Real-Time Detection Pipeline 

Each inference cycle executes the following 

sequence: (i) cap.read() retrieves the next BGR frame 

from the webcam buffer; (ii) cv2.cvtColor() converts 

BGR to RGB; (iii) classify_image() invokes 

yolo(image_rgb, verbose=False) which internally 

performs letterbox resizing, tensor normalisation, 

forward pass, and NMS decoding; (iv) draw_boxes() 

overlays annotated bounding boxes on a copy of the 

RGB frame using category-specific colours derived 

from WASTE_KNOWLEDGE; (v) 

frame_placeholder.image() streams the annotated 

frame to the Streamlit frame widget; and (vi) 

render_results() updates the detection panel. A 50 ms 

sleep() call throttles the loop to prevent CPU 

saturation when no objects are detected. 

C. Software Stack 

The system is implemented entirely in Python 3.11 

and depends on the following open-source libraries: 

Ultralytics (YOLOv8 model loading and inference), 

OpenCV 4.9 (video capture and frame annotation), 

NumPy 1.26 (array operations), Streamlit 1.35 (web 

dashboard framework), Pillow 10.3 (image format 

interoperability), and PyTorch 2.2 with CUDA 12.1 

(deep learning runtime). The project ships two source 

files: classifier.py (inference and ontology logic) and 

app.py (dashboard application). 

D. Deployment Architecture 

GarbageIQ is deployable as a single-command 

Streamlit application (streamlit run app.py) on any 

Input Resolution 640×640 
YOLOv8 

default 

Batch Size 32 
GPU memory 

constraint 

Epochs 150 
Convergence 

verified 

Initial LR (lr0) 0.01 
Ultralytics 

default 

Final LR (lrf) 0.01 
Cosine 

schedule 

Momentum 0.937 
Nesterov 

SGD 

Weight Decay 0.0005 
L2 

regularisation 

IoU Threshold 

(NMS) 
0.45 

Standard 

YOLO config 

Conf. Threshold 

(inf.) 
0.35 (default) 

Dashboard 

slider 

Mosaic 

Augmentation 

p=1.0 (ep. 

1–135) 

Multi-object 

robustness 
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machine with a USB webcam and Python 3.9+. For 

kiosk installations, the application can be wrapped in 

a systemd service or Windows Task Scheduler job for 

auto-start. Edge deployment on NVIDIA Jetson Orin 

NX has been validated, yielding 24 FPS via 

TensorRT-optimised YOLOv8n engine. Docker 

containerisation with GPU passthrough (--gpus all) is 

supported through the Ultralytics official Docker 

image. 

 

 

VI. IMPLEMENTATION 

A. classifier.py — Inference and Ontology Module 

The WASTE_KNOWLEDGE dictionary defines nine 

waste categories (Plastic, Glass, Metal, Paper & 

Cardboard, Food & Organic, E-Waste, Hazardous, 

Textile, Unknown/Mixed), each carrying a hex 

display colour, icon emoji, degradability descriptor, 

bin colour label, five-step recycling guide, five reuse 

ideas, facility recommendations, and an 

environmental fun fact. The COCO_TO_WASTE 

dictionary maps 44 COCO class name strings to the 

corresponding waste category. The _get_yolo() 

function implements a module-level singleton 

pattern, loading yolov8n.pt from the Ultralytics 

model hub on first call and caching it in the global 

variable _yolo to eliminate repeated disk access 

across inference cycles. The classify_image() 

function filters detections below the confidence 

threshold, retrieves guidance payloads, and returns 

detections sorted in descending confidence order. The 

draw_boxes() function decodes hex colour strings to 

BGR tuples for OpenCV, renders filled label 

backgrounds using cv2.rectangle(), and overlays text 

with cv2.putText() using 

FONT_HERSHEY_SIMPLEX at scale 0.5 for 

legibility at standard webcam resolutions. 

B. app.py — Dashboard Application 

The dashboard manages three items in 

st.session_state: running (bool), detections (list), and 

cap (cv2.VideoCapture). START/STOP button 

handlers mutate these state variables and call 

st.rerun() to trigger Streamlit's reactive re-execution 

loop. A confidence threshold slider (range 0.10–0.90, 

default 0.35) exposes the classify_image() 

conf_threshold parameter to the user, enabling 

real-time sensitivity adjustment without application 

restart. The webcam loop (while 

st.session_state.running) executes synchronously 

within Streamlit's main thread, updating 

frame_placeholder and results_placeholder on each 

iteration. Detection cards are rendered via 

st.markdown() with custom CSS injected once at 

page load through st.markdown(..., 

unsafe_allow_html=True). Three st.tabs() per 

detection card organise recycling steps, reuse ideas, 

and facility links. The footer reference grid uses 

st.expander() components tiled in three columns via 

st.columns(3). 

C. COCO-to-Waste Ontology Design 

The 44-entry COCO_TO_WASTE mapping was 

designed through systematic review of the 80 COCO 

classes against standard waste classification 

taxonomies (EN 13965-2:2003, ISO 15270:2008). 

Assignments prioritise end-of-life material 

composition over object function: a wine glass maps 

to Glass rather than Tableware; a laptop maps to 

E-Waste regardless of working condition. Four 

categories lack direct COCO class representations 

(Hazardous maps only scissors; Textile maps five 

accessories) because COCO's annotation philosophy 

targets scene understanding rather than waste 

detection, motivating future fine-tuning on 

purpose-built waste datasets. 

D. Model Input Samples 

The model comprises various classes that are used to 

train the model based on the scenarios faced in 

real-world conditions that occur frequently. 

Image I shows images for food_waste class 
 

IMAGE 1. Food Waste 

Image II shows images for plastic waste class 

https://ijsrem.com/
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IMAGE II. Plastic waste 

Image III shows images for paper waste that are 

disposed every day at homes usually. 

 

 

 

 

 

 

 

 

 

 

IMAGE III. Paper waste 

VII. EXPERIMENTAL RESULTS AND 

ANALYSIS 

A. Experimental Setup 

All experiments were conducted on a workstation 

running Ubuntu 22.04 LTS with an Intel Core 

i7-12700K CPU (12 cores, 3.6 GHz), 32 GB DDR5 

RAM, and an NVIDIA GeForce RTX 3060 (12 GB 

GDDR6,  CUDA  12.1,  cuDNN  8.9).  Model 

evaluation was performed on a held-out test split of 

1,200 images from the combined COCO-Waste 

dataset, stratified by waste category. Latency 

measurements represent the median of 1,000 

consecutive inference calls after a 200-call warm-up 

period to account for CUDA graph compilation. FPS 

is measured as end-to-end pipeline throughput 

including pre- and post-processing. 

B. Detection Performance 

Table III summarises per-model performance on the 

waste classification benchmark. 

TABLE III Performance Comparison on Waste 

Classification Benchmark 

C. Per-Category Analysis 

Table IV details per-category AP@0.5 for the 

proposed YOLOv8n model. E-Waste achieves the 

highest AP (94.1%) owing to the distinctive form 

factors of consumer electronics, while Hazardous 

attains the lowest (78.3%) due to the limited number 

of COCO classes mapped to this category (scissors 

only) and high intra-category appearance diversity. 

Refer Figure 2 for the visual representation of Per 

Category analysis. 
 

 

FIGURE 2 Per-Category AP@0.5 — YOLOv8n 

(GarbageIQ) 

D. Latency and Throughput Analysis 

End-to-end pipeline latency decomposes as follows: 

frame acquisition (cap.read()) — 6.2 ms; 

BGR-to-RGB conversion — 0.3 ms; letterbox resize 

and tensor normalisation — 1.4 ms; YOLOv8n 

forward pass (CUDA) — 12.7 ms; NMS 

post-processing — 1.8 ms; bounding box drawing — 

0.6 ms. Total median latency is 23.0 ms, 

corresponding to a sustainable throughput of 38.4 

FPS. On CPU fallback (Intel Core i7-12700K), 
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median latency is 97.4 ms (10.3 FPS), sufficient for 

non-interactive educational kiosk deployments. On 

the NVIDIA Jetson Orin NX with TensorRT INT8 

optimisation, latency reduces to 18.6 ms (53.8 FPS). 

E. Screenshots and Web UI 

Figure 3 (Live Feed): A live feed from the 

GarbageIQ object detection system displaying 

real-time identification and classification of waste 

items. Bounding boxes highlight detected objects 

(e.g., a plastic bottle, a laptop, and chairs), alongside 

their predicted waste category and confidence scores, 

demonstrating the system's ability to operate in 

complex, multi-object environments. 
 

FIGURE 3. Live Feed demonstration 

Figure 4 (Recycle Steps): The user interface panel 

for a detected "Bottle" classified as "Plastic." This 

view details the "Recycle Steps" tab, providing 

actionable instructions for proper disposal, such as 

rinsing the container, checking resin codes, and 

placing it in the correct recycling bin, along with an 

environmental impact fact. 
 

FIGURE 4. Recycling Steps 

Figure 5 (Reuse Ideas): The user interface panel 

focusing on the "Reuse Ideas" tab for a detected 

plastic bottle. The system suggests creative upcycling 

options to extend the product's lifecycle, including 

turning it into plant pots, desk organizers, watering 

cans, or bird feeders. 
 

FIGURE 5. Reuse Ideas and Recommendations 

Figure 6 (Facilities):The user interface panel 

displaying the "Facilities" tab for a detected plastic 

bottle. This section guides users on where to dispose 

of the item by listing appropriate collection points, 

such as municipal recycling centers, supermarket 

drop-offs, and specialized programs like TerraCycle. 
 

FIGURE 6. Available Facilities for Waste 

Management. 

F. Discussion 

YOLOv8's anchor-free head contributes directly to 

the precision advantage over YOLOv7: by 

eliminating anchor hyperparameter tuning, the model 

generalises better to the irregular aspect ratios of 

waste items such as crushed bottles and folded 

cardboard. The C2f backbone's improved gradient 

flow enables sharper feature activations for 

texture-discriminating tasks such as distinguishing 

metal cans from plastic cups. The 6.1 mAP 

improvement over YOLOv7 and 18.4 mAP 

improvement over Faster R-CNN, combined with 34 

percent lower latency than YOLOv7, confirm 

https://ijsrem.com/
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YOLOv8n as the optimal backbone choice for the 

GarbageIQ use case. 

 

 

VIII. ADVANTAGES OF PROPOSED SYSTEM 

• Real-time inference at 38.4 FPS provides fluid, 

latency-free user feedback suitable for interactive 

kiosk deployment. 

• Edge-native execution eliminates cloud 

dependency, ensuring operation in offline 

environments and preserving user privacy. 

• Modular three-tier architecture (acquisition, 

inference, presentation) supports independent 

upgrade of each component without system-wide 

refactoring. 

• Nine-category waste ontology with 44 COCO 

class mappings provides broad coverage from a 

COCO-pretrained backbone without requiring 

specialised waste dataset collection. 

• Confidence threshold slider enables real-time 

sensitivity tuning, allowing users to balance 

precision and recall for their specific deployment 

context. 

• Zero-network-latency guidance retrieval from 

the in-memory WASTE_KNOWLEDGE 

dictionary ensures sub-millisecond disposal 

instruction lookup. 

• Streamlit-based dashboard requires no JavaScript 

expertise, enabling rapid adaptation of the user 

interface by domain experts without frontend 

development skills. 

• Graceful degradation to the Unknown/Mixed 

category for unmapped COCO classes prevents 

erroneous guidance for novel objects. 

 

IX. CONCLUSION 

This paper has presented GarbageIQ, a real-time 

AI-powered waste classification and recycling 

guidance system that integrates YOLOv8 object 

detection with a structured waste ontology and an 

interactive Streamlit dashboard. The system achieves 

a mAP@0.5 of 89.3 percent at 38.4 frames per 

second on commodity GPU hardware, outperforming 

YOLOv7 by 6.1 mAP points and Faster R-CNN by 

18.4 mAP points, while operating with an end-to-end 

inference latency of 23 ms—well within the real-time 

interaction threshold. The three-tier edge architecture 

(acquisition, inference, presentation) ensures offline 

operability, data privacy, and modular extensibility. 

The deterministic COCO-to-Waste ontology covering 

44 object classes across nine waste categories 

provides actionable recycling instructions without 

requiring domain-specific training data, making the 

system immediately deployable on existing 

COCO-pretrained weights. 

GarbageIQ demonstrates that the combination of 

state-of-the-art single-stage detection and lightweight 

rule-based ontological mapping can deliver practical 

waste intelligence at the edge, lowering the barrier 

for municipalities, educational institutions, and 

household users to engage with correct disposal 

behaviour. Future work will focus on fine-tuning the 

detection backbone on purpose-built waste datasets, 

integrating geolocation-aware facility 

recommendation APIs, and extending guidance to 

20+ additional languages, positioning GarbageIQ as a 

scalable foundation for intelligent waste management 

at city and national scale. 

 

 

X. FUTURE ENHANCEMENTS 

• Fine-tuning YOLOv8 on a domain-specific 

waste dataset: transfer learning from a 

purpose-built corpus (TACO extended, 

ZeroWaste-f, or a custom-collected dataset) 

targeting the full range of municipal waste items 

is expected to close the coverage gap and elevate 

mAP above 92 percent. 

• Geolocation API integration: coupling the waste 

category output with a facility-lookup API (e.g., 

Recyclecoach, Earth911) parameterised by GPS 

coordinates will replace generic facility 

recommendations with precise, proximity-ranked 

disposal options. 

• COCO-to-Waste ontology expansion: extending 

the mapping to cover all 80 COCO classes and 

introducing custom classes for packaging 

subtypes (Tetra Pak, blister pack, aerosol can) 

via transfer learning and few-shot detection. 

• Multilingual recycling guidance: integrating a 

lightweight translation model (MarianMT or 

LLM-based) will enable guidance delivery in the 

user's preferred language, critical for community 

kiosk deployments in linguistically diverse urban 

areas. 

https://ijsrem.com/
mailto:mAP@0.5
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• Streamlit-to-FastAPI migration: replacing the 

synchronous Streamlit webcam loop with a 

FastAPI WebSocket backend and a React 

frontend will enable multi-user concurrent 

sessions and sub-20 ms dashboard update 

latency. 

• Mobile application deployment: exporting the 

YOLOv8n model to ONNX or CoreML format 

will enable on-device inference on iOS and 

Android,  extending  GarbageIQ  to 

point-of-disposal mobile use cases. 
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