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[Abstract]

With the increasing volume of waste generation, an effective system for efficient waste management has
become essential. Waste generators must be able to attach stickers corresponding to large waste items, and
collectors need to verify that the disposed waste matches the stickers before proceeding with collection. If
this process is not executed smoothly, additional labor and costs may be incurred for further handling. To
address this, this paper proposes a system that utilizes Dilated Faster R-CNN for accurate waste classification
and detection, along with a fusion-based similarity analysis to evaluate the similarity of disposed large waste
items. This system enables waste generators to classify large waste items accurately and allows collectors
to verify whether the disposed waste matches the intended waste for collection, thereby enhancing the
efficiency of waste disposal and collection processes. The proposed Dilated Faster R-CNN achieves a 4.01%
improvement in accuracy compared to the conventional Faster R-CNN. Additionally, the fusion-based
similarity analysis improves processing speed by approximately 59% compared to SIFT-based feature

extraction and achieves a 3.79% improvement in accuracy over ORB-based feature extraction.

» Key words: Object Detection, Similarity Analysis, Waste Management, Dilated Convolution,
Fusion based Feature extraction
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I. Introduction
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II. Preliminaries

1. Related works
1.1 Object Detection
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1.2 Similarity Analysis
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1.2.2 ORB based feature extraction
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III. The Proposed Scheme

1. Large Waste Management System

1.1 Large Waste detection dataset
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Fig. 1. Waste Detection dataset

1.2 Large Waste Similarity Analysis dataset
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Fig. 2. Waste Similarity Analysis dataset
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1.3 Large Waste Management System
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1.4 Dilate based Faster R CNN
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Fig. 4. Structure of Dilated Convolution

1.5 Fusion-Based Feature Extraction and Logistic
Regression Analysis
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2. Experimental
2.1 Experiment environment & evaluation methods

UHS ohS Table 13} 2 @70l Maystoirt

Table 1. Experimental Environment

CPU Intel(R) Core(TM) i7-8700K
GPU NVIDIA GeForce RTX 4090
RAM 64GB

CUDA 12.1

OpenCV 45

Python 3.10.14
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Precision®} Recall?] 24 J2jjmo] HAlS ZjadHz
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1 C
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2.2 Dilated Faster R CNN Experimental Result

ots Zil= offff Table 29F o] A= 89%,
Fl-score 90%, mAP 85%0°]1, &4t AS2MHE &85t
Dilated Faster R CNN9 ZAyl= Aske  93.14%,
Fl-score 90%, mAP 90%9°] Atz &4 712-2M40] A
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Table 2. Large Waste Detection Experiment results

Method Acc(%) F1-score(%) mAP(%)
Faster R CNN 89.13 90.01 88.13
Dilated Faster

R CNN 93.14 934 91.24

4.0
—— Train Loss

Val Loss
35

30

25

2.0

Loss

o 5 10 15 20 25 30
Epoch

Fig. 5. Dilated Faster R CNN Evaluation Loss Graph

2.3 Experimental Results for Feature Extraction
in Similarity Analysis

Clofet A1 QRO S WEE 4 x| Ayt
7] 9Jsll of2fie] Table 3} o] A& AIsgsIGitt. ojd,
" HrlE2 dolgzt EXsHA] o2, o]ulx|e]
YRS A7) A2jste m7|Eotal 7Pgstal Al
Alsgstct
Table 3. Similarity Analysis Based on Logistic
Regression results

Feature Train_Acc | Test_Acc

extraction el (%) (%) T

X
brightness 90.98 89.75
SIFT ‘;re'i:‘;:z 378
Background 76.66 79.41
Masked 89.98 89
X 80.75 81.05
brightness 79.67 81.74
ORB l;relg::(t):z 74.69 74.68 16.39
Background 77.32 78.04
Masked 86.02 87.17
X 80.31 80.52
brightness 84.21 85.53
AKAZE l;;l?:;:z 85.91 86.56 714
Background 807 8.7
Masked 91.6 90.35
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Table 4. Similarity Analysis Based on Fusion
Feature Extraction
Fusion Train_Acc | Test_Acc FPS
Method (%) (%)
AKAZE -> SIFT 88.54 88.72 4.29
AKAZE -> ORB 73.25 71.58 5.29
SIFT -> ORB 65.03 65.20 3.58
ORB -> SIFT 84.84 86.03 9.28
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Fig. 6. Confusion Matrix for Fusion—Based Feature Extraction
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Fig. 7. Boxplot of Fusion based Feature Matches for
Misclassified Waste Image Pairs
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IV. Conclusions
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