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Abstract

Effective waste sorting is central to circular economy goals and sustainable waste man-
agement: it maximizes recycling yields, diverts waste from landfills, and reduces the
environmental burden of solid waste disposal. Accurate automated sorting using deep
learning can achieve this at scale, yet high-performing classifiers are too computationally
demanding for the low-cost embedded hardware used in sorting facilities. We propose
the KD-Garbage Framework, which applies knowledge distillation to transfer predictive
knowledge from a high-capacity teacher model to a lightweight student model, enabling
deployment-ready classifiers that approach or exceed teacher-level accuracy without any
added inference cost. We also introduce a 15,681-image garbage dataset organized into
13 classes defined by recycling and disposal pathway, assembled from 12 public sources
and original photography, with all labels manually verified. Two teacher models were
paired with 16 lightweight convolutional neural network (CNN) student architectures and
benchmarked on a Raspberry Pi 5 at a minimum throughput of five frames per second.
Knowledge distillation reduced misclassification rates by 10-25% across all student archi-
tectures. The best-performing student, RegNetY-1.6GF, achieved a balanced accuracy of
0.9129, surpassing both teacher models while sustaining real-time throughput on the target
hardware, demonstrating a practical pathway toward scalable, Al-enabled sustainable
waste management.

Keywords: sustainable waste management; circular economy; recycling; garbage
classification; knowledge distillation; deep learning; convolutional neural network; edge
deployment; machine vision

1. Introduction

Municipal solid waste (MSW) generation has emerged as one of the defining environ-
mental challenges of the twenty-first century. The World Bank estimates that approximately
2.01 billion tonnes of solid waste are generated globally each year, a figure projected to
reach 3.40 billion tonnes by 2050 as urbanization and economic growth accelerate [1].
At present, at least one-third of this waste is managed in ways that threaten public health
and ecosystems [2,3]. Effective waste sorting is a critical bottleneck in the recycling supply
chain: mixing recyclable and non-recyclable materials drives up processing costs, reduces
material recovery rates, and ultimately increases the volume of waste directed to land-
fills [4]. Conventional sorting relies heavily on manual labor, which is slow, inconsistent,
and difficult to scale. These limitations have motivated growing interest in automated
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solutions, with computer vision and deep learning emerging as particularly promising
tools for visual waste classification.

Convolutional neural networks (CNNs) have become the dominant paradigm for
image classification, and their application to garbage classification has been extensively
studied. Aral et al. [5] evaluated several established CNN architectures on the Trash-
Net dataset [6], demonstrating that deep networks substantially outperform traditional
feature-engineering baselines. Ahmed et al. [7] and Gude et al. [8] applied standard CNN
architectures to garbage classification and detection, and several studies have proposed
CNN architectures specifically designed for waste sorting [9-12]. A consistent finding
across these works is that classification accuracy scales with model capacity. More recently,
Vision Transformers (ViTs) [13] have challenged CNN dominance by replacing convolu-
tional operations with self-attention mechanisms that capture long-range dependencies
across image patches. Hierarchical variants such as the Swin Transformer [14] address the
quadratic complexity of global attention by computing self-attention within local shifted
windows, yielding a more favorable accuracy-to-cost ratio.

High-performing models such as EfficientNetV2-S [15] and SwinV2-T [16], however,
require tens of millions of parameters and substantial floating-point operations per forward
pass. Garbage sorting hardware is frequently deployed in environments with strict compu-
tational constraints—collection-point kiosks, conveyor-belt inspection systems, and mobile
units—where real-time throughput is essential and cloud offloading may not be feasi-
ble. Lightweight CNN architectures have been designed for exactly these scenarios; the
MobileNet family [17,18], EfficientNet [19], RegNet [20], and ShuffleNet V2 [21] achieve
competitive accuracy with only 1-11 million parameters by employing techniques such as
depthwise separable convolutions, grouped convolutions, and channel shuffling. However,
lightweight models trained independently typically fall short of their heavier counterparts
in classification accuracy, and bridging this gap while preserving deployment efficiency
remains an open challenge.

Knowledge distillation (KD), introduced by Hinton et al. [22], provides a principled
mechanism for transferring the predictive knowledge of a large, high-capacity teacher
model to a smaller, more efficient student model. Rather than training the student on
hard one-hot labels alone, KD exposes it to the soft probability distributions produced
by the teacher, which encode rich inter-class relationship information absent from hard
labels. The KD literature has expanded considerably; Gou et al. [23] surveyed the field and
organized it into response-based methods [22], feature-based methods [24], and relation-
based methods [25]. KD has been successfully applied across a range of vision tasks:
Chen et al. [26] showed that distilling from a high-capacity detector substantially improves
lightweight detection models at no additional inference cost, and Cho and Hariharan [27]
demonstrated that the capacity gap between teacher and student is a key determinant of
distillation effectiveness.

Despite this progress, the existing literature on automated garbage classification
reveals four important gaps. First, widely used datasets such as TrashNet [6] are limited
in scale and class coverage, and their taxonomies are defined by material composition
rather than by recycling or disposal pathway—a mismatch with the operational logic
of sorting facilities, where the relevant question is not what the material is but where
it should go [28-31]. Second, the application of KD to garbage and waste classification
remains largely unexplored. Third, no prior study has systematically benchmarked a
diverse range of lightweight student architectures under a unified KD framework on a
large-scale, practically motivated garbage dataset. Fourth, there is no established guidance
for practitioners on which lightweight architecture to select when deploying a garbage
classifier under resource constraints.
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This paper addresses all four gaps by making the following contributions:

*  The KD-Garbage Framework, a KD pipeline that pairs two teacher models—SwinV2-
T [16] and EfficientNetV2-S [15]—with 16 lightweight CNN student architectures
spanning the MobileNet, EfficientNet, RegNet, and ShuffleNet V2 families.

* A new garbage classification dataset comprising 15,681 images drawn from 12 public
sources, social media, and original photography, with all labels manually verified for
correctness. The dataset adopts a 13-class taxonomy aligned with real-world recy-
cling and disposal pathways, offering greater scale, visual diversity, and operational
relevance than existing benchmarks.

*  Empirical evidence that offline KD enables lightweight student models to match or
exceed teacher-level garbage classification accuracy without adding any computational
overhead at deployment.

e  Practical model-selection recommendations identifying which student architec-
tures offer the best accuracy-efficiency trade-off for resource-constrained garbage
sorting applications.

The remainder of this paper is organized as follows. Section 2 presents the KD-Garbage
Framework, the deep-learning models used, the proposed dataset, and the experimental
setup. Section 3 reports the results and discusses the implications for system design.
Section 4 concludes the paper with a summary of findings and directions for future work.

2. Materials and Methods
2.1. The KD-Garbage Framework

Figure 1 illustrates the components and steps of the KD-Garbage Framework. The frame-
work follows the response-based KD paradigm introduced by Hinton et al. [22] and proceeds
in two sequential training stages. In the first stage, the teacher model is trained from scratch
on the garbage dataset using hard labels, in which the ground-truth probability for the
correct class is 1 and all remaining classes are 0. In the second stage, the trained teacher
generates soft labels for each training image according to the temperature-scaled softmax
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where 7;(x|T) is the probability the teacher assigns to class i for input image x, z;(x) is

7:(x|T) = (1)

the corresponding teacher logit, and T is the temperature hyperparameter. The student
model is then trained jointly on these soft labels and the original hard labels using the
composite loss

(XIT) = T2 L (x| T) log (x| T) — Y. i log yi(x|1), @

where y;(x|T) is the student’s temperature-scaled class probability, and j; is the hard
ground-truth label. The first term penalizes the divergence between the student’s output
distribution and the teacher’s soft distribution, while the second term penalizes deviation
from the ground-truth labels. The T? coefficient on the first term compensates for the
reduction in gradient magnitude that temperature scaling introduces, ensuring that the
two loss terms remain comparably weighted throughout training.

The temperature parameter T controls the sharpness of the teacher’s output distri-
bution. At T = 1, the soft labels coincide with the standard softmax probabilities. As T
increases, the distribution becomes softer, assigning non-negligible probability mass to
incorrect classes. These inter-class probability relationships encode knowledge that hard
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labels cannot convey. For instance, a piece of foam packaging may visually resemble both
plastic and foam items. A soft label of 60% foam and 40% plastic reflects this ambiguity
more faithfully than a hard label of 100% foam. Training on such soft labels encourages the
student to produce appropriately calibrated, rather than overconfident, predictions.

Teacher Soft Labels
)
Hard Labels Student
~—

Training Phase

Student Garbage Class
I
I
I

Inference Phase

Figure 1. Overview diagram of the KD-Garbage Framework.

Once student training is complete, the teacher model and the training dataset are no
longer required and can be discarded. The deployed student operates at its native inference
speed, incurring none of the computational overhead associated with the teacher. All
additional computation introduced by the framework—teacher training, soft label genera-
tion, and composite-loss student training—occurs entirely offline and can be performed on
high-performance hardware or cloud infrastructure prior to deployment.

2.2. Models

The vision models used in this study are divided into two groups: teacher models and
lightweight student models, as listed in Table 1. Lightweight models were selected on the
basis of a minimum throughput requirement of five frames per second (FPS) on a budget
Raspberry Pi 5 device, ensuring practical deployability in real-world sorting environments.
This number is chosen to match the speed of conveyor sorter which we estimate to be
five items per second. Teacher models were chosen to be accurate yet only moderately
larger than the student models, since an excessively large capacity gap between teacher
and student has been shown to impair knowledge transfer [27].
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Table 1. Deep-learning architectures used in the study.

CNN/ViT Architecture Parameters
Teacher Models:
SwinV2-T [16] 28.4M
EfficientNetV2-S [15] 20.3M
Lightweight Models:

EfficientNet-Lite0 [19] 4.7M
EfficientNet-Litel [19] 5.4M
EfficientNet-Lite2 [19] 6.1M
EfficientNet-B0 [19] 5.3M
EfficientNet-B1 [19] 7.8M
EfficientNet-B2 [19] 9.1M
MobileNetV2 [17] 3.5M
MobileNetV3-Small [18] 2.5M
MobileNetV3-Large [18] 5.5M
RegNetY-400MF [20] 4.3M
RegNetY-800MF [20] 6.4M
RegNetY-1.6GF [20] 11.2M
ShuffleNet V2 0.5x [21] 1.4M
ShuffleNet V2 1x [21] 2.3M
ShuffleNet V2 1.5x [21] 3.5M
ShuffleNet V2 2x [21] 7.4M

2.2.1. MobileNet V2

MobileNetV2 [17] is a lightweight CNN designed for efficient inference on mobile
and edge devices. Its central contribution is the inverted residual block, which departs
from the conventional residual design by placing the skip connection between narrow,
low-dimensional bottleneck layers rather than wide ones. Within each block, a pointwise
convolution first expands the channel dimension by a fixed factor, a depthwise convolution
then captures spatial features at low computational cost, and a second pointwise convolu-
tion projects the representation back to the bottleneck width. A linear activation is applied
after this final projection to prevent information loss in low-dimensional spaces, a design
choice the authors term the linear bottleneck. These structural decisions yield a model that
achieves strong image-classification accuracy while remaining suitable for deployment in
resource-constrained environments.

2.2.2. MobileNet V3

MobileNetV3 [18] advances the MobileNet architecture family by combining NAS
with a set of hand-crafted architectural refinements. The NAS procedure, based on platform-
aware search, optimizes the layer configuration for latency on mobile hardware, while
manual modifications address components that automated search handles poorly. Key inno-
vations include the integration of the hard-swish activation function, which approximates
the computationally expensive swish non-linearity using only integer arithmetic, and the
incorporation of Squeeze-and-Excitation (SE) modules [32] into selected inverted residual
blocks to enable channel-wise feature recalibration. The redesigned classification head,
which replaces the conventional average-pooling and fully connected layers with a more
efficient structure, further reduces latency without sacrificing accuracy. Two variants are
released—MobileNetV3-Large and MobileNetV3-Small—targeting different computational
budgets. The present study employs both architectures.
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2.2.3. EfficientNet V1

EfficientNet [19] introduces a principled method for scaling CNNs along three orthog-
onal dimensions—depth, width, and input resolution—simultaneously and in a balanced
manner. Prior work typically scaled only one of these dimensions in isolation; the authors
demonstrate that co-scaling all three according to a fixed set of compound coefficients
consistently improves accuracy and efficiency. The base architecture, EfficientNet-BO0, is
obtained via NAS and uses Mobile Inverted Bottleneck Convolution (MBConv) blocks
as its primary building unit, augmenting standard inverted residuals with SE modules.
Scaling BO with increasing compound coefficients yields the B1-B7 architectures. This study
additionally employs EfficientNet-Lite, a derivative variant in which SE blocks are removed
and the swish activation is replaced with ReLU6 to improve compatibility with mobile
accelerators. We employ three smallest architectures within each variant as lightweight
student models in the proposed KD-Garbage Framework.

2.2.4. EfficientNet V2

EfficientNetV2 [15] revisits the EfficientNet scaling strategy with the explicit goals
of accelerating training and improving parameter efficiency. Through a combination of
NAS and careful analysis of training-speed bottlenecks, the authors identify that the large
depthwise convolution kernels in earlier EfficientNet stages contribute disproportionately
to training time. Accordingly, EfficientNetV2 replaces these layers with Fused-MBConv
blocks—which merge the depthwise and expansion convolutions into a single standard
convolution—in the early network stages, reserving the original MBConv design for deeper
layers where it remains efficient. The model family is further trained with progressive
learning, a curriculum that gradually increases image resolution and regularisation strength
during training. EfficientNetV2-S, the smallest architecture of the family, is employed
as a teacher model in this study due to its high classification performance and strong
feature representations.

2.2.5. RegNet

RegNet [20] is a family of networks derived from a systematic design-space exploration
aimed at identifying simple, general principles that govern efficient network architectures.
Rather than searching for a single optimal architecture, the authors parameterize a large
space of residual networks and iteratively refine it by fitting low-dimensional models
to the empirical accuracy—complexity frontier. This process yields a regular network
design governed by a small set of linear constraints on width and depth, giving rise to
the name RegNet. All models in the family share a consistent structure of four stages,
each composed of groups of X-blocks (standard residual bottleneck blocks with grouped
convolutions). Two sub-families are considered: RegNetX, which uses plain grouped
convolutions, and RegNetY, which augments each block with an SE module. The present
study employs three RegNetY variants—RegNetY-400MF, RegNetY-800MF, and RegNetY-
1.6GF, where the suffix denotes the approximate floating-point operations at inference.

2.2.6. ShuffleNet V2

ShuffleNet V2 [21] is a highly efficient CNN architecture designed by analyzing
practical runtime cost on hardware rather than relying solely on theoretical metrics such
as Floating Point Operations Per Second (FLOPS). The authors identified four practical
guidelines for efficient network design—equal channel-width, balanced group convolution,
reduced network fragmentation, and minimized element-wise operations—and showed
that earlier efficient architectures violate several of these principles. ShuffleNet V2 addresses
these shortcomings through two key operations: channel split and channel shuffle. Channel
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split partitions the input feature map into two branches at the start of each block. One passes
through as an identity shortcut and the other is processed by three convolutions. Channel
shuffle enables cross-channel information flow between branches after concatenation. This
design achieves a strong accuracy-efficiency trade-off and scales gracefully through width
multipliers. All four variants are evaluated in this study—ShuffleNet V2 0.5x, 1x, 1.5,
and 2x.

2.2.7. Swin Transformer V2

Swin Transformer V2 [16] is a hierarchical Vision Transformer (ViT) that extends the
original Swin Transformer [14] to improve training stability at scale and to close the perfor-
mance gap when transferring from small-resolution pre-training to high-resolution down-
stream tasks. The architecture retains the core mechanism of shifted window-based multi-
head self-attention (SW-MSA), which computes attention within local non-overlapping
windows and alternates window partitions across layers to allow cross-window commu-
nication, yielding linear computational complexity with respect to image size. SwinV2
introduces three principal modifications: a residual post-norm configuration that stabi-
lizes gradient flow in large models, a scaled cosine attention function that decouples
attention weights from feature magnitude, and a log-spaced continuous positional bias
(Log-CPB) that enables flexible transfer to higher resolutions without performance degra-
dation. SwinV2-T serves as one of the two teacher models in the KD-Garbage Framework,
providing rich hierarchical feature representations to guide the training of the lightweight
student models.

2.3. Dataset

For this work, we constructed a new dataset by first consolidating images from 12
publicly available sources and then supplementing them with images collected from social
media platforms and photographs taken directly by the authors. The full list of sources is
provided in Table 2.

Table 2. Dataset sources.

Number Source

1 TrashNet [6]
2 cd_ver3 Computer Vision Dataset [33]
3 Garbage Classification [34]

4 Drinking Waste Classification [35]

5 M]JU-Waste [36]
6

7

8

9

paper Computer Vision Dataset [37]
TACO [38]

Waste Images from Sushi Restaurant [39]
styrofoam Computer Vision Dataset [40]

10 Food Waste Detection Computer Vision Dataset [41]
11 dish-segmentation Computer Vision Dataset [42]

12 Garbage Dataset [43]

13 Social media platforms

14 Photographs taken by the authors

The consolidated images were classified into 13 categories, listed in Table 3. The taxon-
omy uses the MSW classification of the World Bank and the United States Environmental
Protection Agency (EPA) [44,45] as its basis, with certain categories subdivided to better
reflect distinct recycling and disposal pathways. The criteria and rationale for each category
are as follows.
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Table 3. Garbage categories and number of images.

Category Number of Images
Appliance 875
Food Scrap 879

Foam 1283
Glass 926
Cardboard 822
Milk Carton 243
Paper-White 607
Paper-Other 788
Plastic 7142
Construction-Metal 257
Construction-Nonmetal 208
Metal 1093
Mixed /Other 558
Total 15,681

Appliance encompasses electronic and electrical equipment, including components
such as circuit boards and batteries, which require dedicated collection streams due to
their hazardous constituents.

Food Scrap covers directly visible leftover food waste in any container or packaging.
Because food container always belongs to another class, we consider the container
part of the background.

Foam, although chemically a type of plastic, is designated as a separate class
because its recycling requires specialized machinery distinct from that used for
conventional plastics.

Glass includes all food and beverage container, product packaging, and other items
made primarily of glass. As glass bottles and containers often contains metal lids or
caps, we do not take into consideration the material of the lids and caps.

Cardboard also includes unbleached brown kraft paper, which shares the same pro-
cessing pathway.

Milk Carton covers paperboard cartons coated with polyethylene, and, for shelf-
stable variants, an additional layer of aluminum foil. This composite construction
means that milk cartons can only be recycled at specialized facilities, warranting their
own class.

Paper-White is restricted to non-glossy white paper printed exclusively in black ink,
as this grade can be recycled to a higher standard than mixed paper.

Paper-Other groups together all other paper types, namely glossy paper and paper
printed with color ink.

Plastic recycling or disposal process is determined by its polymer type, which cannot
be reliably inferred from visual appearance alone. Although Resin Identification Codes
(RICs) are molded into many plastic products to facilitate sorting, these symbols are
typically too small to identify from the distances at which sorting systems operate.
Accordingly, all plastic waste except foam is consolidated into a single class.
Construction-Metal covers used or leftover construction materials made of metal.
Construction-Nonmetal covers demolition and building waste such as concrete, bricks,
and tiles. Construction waste is split along material lines because these two categories
are processed differently.

Metal covers all other metal items. Finer alloy classification is not possible from
appearance alone, so all types are grouped together.

Mixed /Other encompasses items composed of two or more materials from different
classes, as well as materials that do not fit any other category, such as rubber, textiles,
and ceramics.
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Regardless of source, all images were subjected to the following standardized screening
and preprocessing pipeline:

1. Filtering: Each image was manually inspected. Images that were low-quality, blurred,
or unrelated to the target categories were removed. Images containing multiple
items belonging to different categories were either cropped to isolate a single item or
excluded entirely, to prevent ambiguous training signals.

2. Cropping: Each image was manually cropped to a square aspect ratio, centering
on the garbage item as closely as possible. This step produces spatially consistent
inputs and removes extraneous background content that could introduce confounding
visual features.

3. Labeling: Each image was assigned a category label according to the 13-class taxonomy.
Images that could not be confidently assigned to a single class were excluded from
the dataset.

4. Resizing: All images were resized to 224 x 224 pixels to match the input resolution
expected by the model architectures used in this study.

The dataset was partitioned into training, validation, and test subsets comprising 65%,
15%, and 20% of all images, respectively. During hyperparameter optimization, models
were trained on the training subset and evaluated on the validation subset. For the final
performance evaluation, models were retrained on the combined training and validation
subsets and evaluated on the held-out test subset. This two-phase protocol ensures that
hyperparameters are selected without any exposure to the test data, so that the reported
metrics provide an unbiased estimate of generalization performance.

Representative examples of images from each category are shown in Figure 2.

2.4. Experimental Setup

All models were initialized with weights pre-trained on ImageNet-1K [46] before
being fine-tuned for garbage classification. The final classification layer of each model
was replaced with a new linear layer with 13 outputs corresponding to the target classes.
A global average pooling layer and a dropout layer were appended where not already
present. Each model was then trained in two successive phases. In the transfer learning
phase, only the new output layer was trained while all pre-trained weights were kept frozen,
allowing the model to adapt its output space to the new class structure without disrupting
the learned feature representations. In the subsequent fine-tuning phase, the output layer
and the latter three-quarters of the backbone’s main stages were jointly optimized with
a lower learning rate, enabling task-specific refinement of higher-level features while
preserving the low-level representations learned from ImageNet. The full set of training
hyperparameters is reported in Table 4. Learning rates were optimized separately for
each run.

Table 4. Transfer learning and finetuning hyperparameters for all models.

Hyperparameter Value
Image Resolution 224 x 224
Batch Size 128
Optimizer AdamW
Momentum None
Weight Decay {1x1072,1x1073,1x107%,1 x 1075,1 x 107}
LR Schedule CLR triangular policy [47] with initial LR of 0.05 of maximum LR
Training Length 20 epochs
Data Augmentation Random horizontal flip
Dropout Rate 0.2
Label Smoothing None
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Figure 2. Representative examples of images in the garbage dataset.

All preprocessing, training, and evaluation procedures were implemented in Py-
Torch 2.9.0 [48]. Experiments were conducted on a workstation equipped with an Intel Core
i5-12400F (Intel Corporation, Santa Clara, CA, USA) processor, 64 GB of system memory,
and an NVIDIA GeForce RTX 5090 GPU (NVIDIA Corporation, Santa Clara, CA, USA).
To account for variance in the training process arising from random weight initialization
and data shuffling, each training configuration was repeated three times, and all reported
metrics are averages over these three runs. Statistical significance test was performed using
one-tailed Welch’s t-test.

Because the dataset is class-imbalanced (see Table 3), standard accuracy—which
weights each sample equally regardless of class—would favor models that perform well
on the dominant Plastic class at the expense of minority classes. We therefore adopted
balanced accuracy (BA) as the primary evaluation metric. BA is defined as

1 & TP;
BA = m Z TP; + FN;’ ©)

where m is the number of classes and TP; and FN; are the numbers of true positives
and false negatives for class i, respectively. BA is equivalent to the macro-averaged recall,
assigning equal weight to each class irrespective of its size. It ranges from 0 to 1, with higher
values indicating fewer misclassifications. To align the training objective with this metric,
the cross-entropy loss was weighted inversely proportional to class size, penalizing errors
on underrepresented classes more heavily during optimization.
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3. Results and Discussions
3.1. Model Efficiency

For an Al-based garbage sorting system to be economically viable, the classifier must
run in real time on commodity embedded hardware. In this experiment, we benchmarked
all candidate architectures on a Raspberry Pi 5 single-board computer—a platform priced
from 45 USD that offers a favorable balance of cost, computing power, and connectivity for
edge deployment. Although the Raspberry Pi 5 includes a GPU, the absence of compatible
machine learning inference libraries at the time of writing necessitated CPU-only evaluation.
Thermal throttling was prevented by installing the manufacturer’s active cooler.

Inference latency was measured at a fixed input resolution of 224 x 224 pixels and
a batch size of one, reflecting single-item sorting at deployment. Each model was run
on 100 images. The maximum latency observed over the latter 50 images is reported to
characterize sustained throughput while excluding the initial warm-up period. Memory
consumption was also concurrently recorded.

The results are presented in Table 5. Architectures not specifically designed for mo-
bile deployment—SwinV2-T, MaxViT-T, and DenseNet-121—all fall well below the 5 FPS
threshold, confirming that generalist architectures cannot be directly deployed in this
setting without further optimization. Within the EfficientNet and EfficientNet-Lite families,
only the three smallest variants, B0-B2 and Lite0-Lite2 respectively, meet the throughput
requirement. Notably, each EfficientNet-Lite variant achieved only marginally higher
throughput than its standard EfficientNet counterpart at the same scale, suggesting that the
removal of SE modules and the substitution of ReLU6 for Swish in the Lite variants offer
limited practical latency benefits on CPU-based ARM hardware. Among the RegNet family,
models up to and including RegNetY-1.6GF satisfy the requirement, while RegNetY-3.2GF
does not. MobileNetV2, both MobileNetV3 variants, and all four ShuffleNet V2 variants
comfortably exceed the 5 FPS threshold, a direct reflection of their optimization for mobile
CPU inference.

Table 5. Model inference latency for a single image on a Raspberry Pi 5 single-board computer. FPS
denotes frames per second.

Model Latency FPS Memory
(ms) (MB)
DenseNet-121 251 3.99 660
EfficientNet-LiteO 121 8.29 585
EfficientNet-Litel 140 7.13 639
EfficientNet-Lite2 147  6.81 645
EfficientNet-Lite3 202 496 736
EfficientNet-B0 126 7.92 562
EfficientNet-B1 174  5.73 650
EfficientNet-B2 188 5.32 707
EfficientNet-B3 229 437 763
EfficientNetV2-S 266  3.75 836
MaxViT-T 603 1.66 1148
MobileNetV?2 112 8.90 520
MobileNetV3-Large 100 9.96 467
MobileNetV3-Small 65 15.36 378
RegNetY-400MF 112 8.96 431
RegNetY-800MF 117  8.58 458
RegNetY-1.6GF 165 6.04 546
RegNetY-3.2GF 238 421 629
ShuffleNet V2 0.5 x 51 19.62 368
ShuffleNet V2 1 x 78 12.82 393
ShuffleNet V2 1.5 x 92 10.84 425
ShuffleNet V2 2 x 104  9.60 447
SwinV2-T 314 3.19 772

https://doi.org/10.3390/su18136392


https://doi.org/10.3390/su18136392

Sustainability 2026, 18, 6392

12 of 24

Regarding memory consumption, all models operated comfortably within the memory
envelope of even the lowest-tier Raspberry Pi 5 configuration (1 GB), with the sole exception
of MaxViT-T at 1148 MB. This result indicates that RAM capacity is unlikely to be a binding
constraint when selecting models for this application on comparable embedded platforms.
Based on these results, the 16 architectures that satisfy the 5 FPS requirement were carried
forward for classification evaluation: EfficientNet-LiteO to Lite2, EfficientNet-BO to B2,
MobileNetV2, MobileNetV3-Small, MobileNetV3-Large, RegNetY-400MF, RegNetY-800MF,
RegNetY-1.6GF, and all four ShuffleNet V2 variants.

3.2. Architecture Comparison

In this experiment, we compare the classification performance of all candidate architec-
tures on the proposed garbage dataset, both with and without the KD-Garbage Framework.
The BA results are reported in Table 6.

Table 6. Classification performance of each architecture with and without the KD-Garbage Frame-
work, measured by BA. The best result in each column among the lightweight models is highlighted
in bold.

Architecture Without With
KD-Garbage KD-Garbage

Teacher Models:
SwinV2-T 0.9037 —
EfficientNetV2-S 0.9053 —

Lightweight Models:
EfficientNet-Lite0 0.8559 0.8921
EfficientNet-Litel 0.8691 0.8962
EfficientNet-Lite2 0.8612 0.8954
EfficientNet-B0 0.8896 0.9019
EfficientNet-B1 0.8911 0.9109
EfficientNet-B2 0.8877 0.9070
MobileNetV?2 0.8616 0.8897
MobileNetV3-Small 0.8343 0.8697
MobileNetV3-Large 0.8719 0.8992
RegNetY-400MF 0.8705 0.8976
RegNetY-800MF 0.8790 0.9053
RegNetY-1.6GF 0.8888 0.9129
ShuffleNet V2 0.5 x 0.8173 0.8470
ShuffleNet V2 1 x 0.8497 0.8782
ShuffleNet V2 1.5 x 0.8646 0.8863
ShuffleNet V2 2 x 0.8775 0.8995

Without the KD-Garbage Framework, EfficientNet-B1 achieved the highest BA among
the lightweight models at 0.8911, closely followed by EfficientNet-BO and RegNetY-1.6GF
at 0.8896 and 0.8888, respectively. EfficientNet-B1’s higher accuracy is not statistically
significant when compared to EfficientNet-B2 (p-value = 0.25) but significant compared to
all other models (p-value < 0.013). The two teacher models, SwinV2-T and EfficientNetV2-
S, attained 0.9037 and 0.9053, respectively, exceeding all lightweight models as expected
given their higher parameter counts. Across all lightweight architectures, the baseline
BAs ranged from 0.8173 (ShuffleNet V2 0.5x) to 0.8911 (EfficientNet-B1), a spread of
approximately seven percentage points, indicating that architecture choice has a meaningful
impact on classification performance in the absence of KD.

With the KD-Garbage Framework applied, all lightweight models improved with
statistical significance (p-value < 0.015). RegNetY-1.6GF emerged as the top performer
at 0.9129, followed by EfficientNet-B1 and EfficientNet-B2 at 0.9109 and 0.9070, respec-
tively. These three models surpassed both teacher models, while RegNetY-800MF matched
EfficientNetV2-S exactly at 0.9053. These results are noteworthy: a student model trained
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with KD can exceed the classification accuracy of its teacher because the benefits of distilla-
tion (richer training signal from soft labels) can outweigh the structural capacity advantage
of the teacher, provided the capacity gap between the two is not too large [27]. Put dif-
ferently, distillation and model size are two distinct and partially independent levers for
improving accuracy. A student that gains more from the former than it loses from the latter
will outperform its teacher. The ranking of architectures was largely preserved after distil-
lation, with a notable exception: RegNetY-1.6GF rose to the top from the third place. This
suggests that RegNetY-1.6GF is well compatible with KD, achieving significant accuracy
gain despite high baseline performance.

Figure 3 places these results in the context of computational efficiency, plot-
ting BA against inference latency for all lightweight models with the KD-Garbage
Framework applied.

—@— EfficientNet-Lite
0911 EfficientNet
RegNetY —@— MobileNetV2
0.90 EfficientNet —8— MobileNetV3
- ) .0\. —8— RegNetY

§ 0.6 - EfficientNet-Lite . —e— ShuffieNet V2

5 MobileNetVv2

3

< 088+

Q ShuffleNet V2

k5

g 0871 MobileNetV3
0.86 -
0.85 A

4 6 8 10 12 14 16 18 20
Frames per Second

Figure 3. Classification accuracy vs. computational efficiency for all lightweight architectures trained
with the KD-Garbage Framework. Points closer to the top-right corner represent better accuracy—
efficiency trade-offs.

The Pareto-optimal architectures—those for which no other model achieves both
higher accuracy and higher throughput—are RegNetY-1.6GF, RegNetY-800MF, both Mobile-
NetV3 variants, and all ShuffleNet V2 variants. RegNetY-1.6GF offers the highest BA overall
at 0.9129, making it the recommended choice when 5 FPS is sufficient. For applications
requiring approximately 10 FPS, MobileNetV3-Large provides the best accuracy at that
operating point with a modest drop relative to RegNetY-1.6GFE. Pushing throughput further
to 11-20 FPS with the ShuffleNet V2 family and MobileNetV3-Small incurs a steeper
accuracy cost. In cases where the available throughput exceeds the minimum requirement,
the surplus computational budget can alternatively be invested in increasing the input
image resolution. Although our 224 x 224 baseline already achieves competitive accuracy,
higher-resolution inputs would expose finer surface detail—such as resin identification
codes on plastics or ink color on paper—that may benefit challenging classes. However,
because inference latency scales linearly with the number of pixels, doubling both spatial
dimensions would quadruple the latency, quickly exhausting the available budget.
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3.3. Effectiveness of the KD-Garbage Framework

Having established the absolute performance of each architecture, we now investigate
the conditions under which the KD-Garbage Framework is most effective. Specifically,
we examine the choice of teacher model, the sensitivity of distillation performance to the
temperature hyperparameter, and the effect of KD on training dynamics.

3.3.1. Choice of Teacher Model
Table 7 reports the improvement in BA attributable to KD for each student—teacher pair.

Table 7. Improvement in BA from the KD-Garbage Framework for each student-teacher pair.
The better result for each student is highlighted in bold.

Model Teacher
SwinV2-T EfficientNetV2-S

EfficientNet-Lite0 +0.0363 +0.0298
EfficientNet-Litel +0.0271 +0.0237
EfficientNet-Lite2 +0.0228 +0.0342
EfficientNet-BO +0.0123 +0.0113
EfficientNet-B1 +0.0198 +0.0182
EfficientNet-B2 +0.0188 +0.0193
MobileNetV2 +0.0281 +0.0259
MobileNetV3-Small +0.0348 +0.0354
MobileNetV3-Large -+0.0273 +0.0257
RegNetY-400MF +0.0271 +0.0226
RegNetY-800MF +0.0243 +0.0263
RegNetY-1.6GF +0.0241 +0.0211
ShuffleNet V2 0.5 x +0.0297 +0.0200
ShuffleNet V2 1x +0.0280 +0.0286
ShuffleNet V2 1.5 x +0.0197 +0.0217
ShuffleNet V2 2 x +0.0190 +0.0220
Average +0.0249 +0.0241

The KD-Garbage Framework improved the BA of every student architecture un-
der both teacher configurations (p-value < 0.015), confirming that KD is consistently
beneficial across a diverse range of student and teacher designs. SwinV2-T was the
more effective teacher in 9 out of 16 cases and produced a higher average improvement
(+0.0249 vs. +0.0241) despite marginally lower classification accuracy than EfficientNetV2-S.
This finding is consistent with the observation that a higher-accuracy teacher does not
automatically translate to better distillation outcomes [27]. The structural diversity be-
tween teacher and student, as well as the nature of the inter-class relationships encoded
in the teacher’s soft outputs, also play important roles. SwinV2-T, as a hierarchical Vision
Transformer, produces soft label distributions that reflect a qualitatively different inductive
bias from the CNN-based students, which may provide complementary information not
already captured by the student’s own feature extractor.

A clear pattern emerges with respect to student capacity: smaller and less accu-
rate models tended to benefit more from distillation. The most pronounced example is
EfficientNet-Lite0, whose improvement of +0.0363 under SwinV2-T was nearly three times
that of the architecturally similar but more capable EfficientNet-B0 (+0.0123). Expressed
in terms of error reduction, the KD-Garbage Framework reduced the misclassification
rate of EfficientNet-Lite0 by 25%—the largest single improvement observed—while the
average reduction across all students was 19% and 18% for SwinV2-T and EfficientNetV2-S,
respectively. Even RegNetY-1.6GF, already the strongest baseline student, achieved a strong
22% error reduction under SwinV2-T, demonstrating that KD adds value even when the
student is close to the teacher in absolute accuracy. The difference in improvement between
the two teachers was relatively small and was only statistically significant for EfficientNet-
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LiteO, EfficientNet-Lite2, RegNetY-400MF, and ShuffleNet V2 0.5x (p-value = 6 x 105,
0.0018, 0.045, and 0.045, respectively). This suggests that either teacher is a viable choice in
practice, though SwinV2-T is recommended as a default given higher overall improvement.

3.3.2. Effect of Temperature

KD introduces the temperature hyperparameter T, which controls the sharpness of
the teacher’s soft label distribution. Figure 4 shows the effect of temperature on student BA
for both teacher configurations.

SwinV2-T as Teacher

0.04 -

0.03 A

0.02 ~
==

0.00 —e— EfficientNet-Lite0 —— MobileNetV3-Large

EfficientNet-Lite1 RegNetY-400MF
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Figure 4. Effect of the temperature hyperparameter on student BA for each teacher model. Perfor-
mance is shown relative to the same student trained without distillation (dashed baseline at 0).

All models exhibited a consistent unimodal response to temperature. The optimal
value was T = 3 in 12 out of 16 cases with SwinV2-T as the teacher, and in 9 out of
16 cases with EfficientNetV2-S. T = 4.5 was optimal in one case, while the remaining
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cases favored T = 2. Distillation remained beneficial even at suboptimal temperatures:

low values (T < 3) still yielded improvements over the no-distillation baseline, whereas

high values (T > 3) caused appreciable accuracy degradation. The deterioration at

high temperatures is consistent with the theoretical expectation: as T increases, the soft

labels become increasingly uniform, reducing the discriminative information they carry.

The unimodal, convex shape of the temperature—accuracy curve has a useful practical

implication: gradient-free optimization strategies such as ternary search or simple line

search are guaranteed to locate the global optimum efficiently. Based on these results,

T = 3 is a reliable default starting point for the garbage classification task, with little risk of

substantially suboptimal performance at adjacent values.

3.3.3. Training Dynamics

To understand how KD influences the optimization process beyond its effect on final

accuracy, we inspect the training curves of RegNetY-1.6GF across both training phases,
with and without the KD-Garbage Framework. Figure 5 presents the BA and loss on the
training and validation sets at each epoch.
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Figure 5. Training curves of RegNetY-1.6GF during the transfer learning (TL) and fine-tuning
(FT) phases, with and without the KD-Garbage Framework. All loss values are computed us-
ing the standard cross-entropy loss on hard labels to allow direct comparison between the two

training configurations.
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During the transfer learning phase, validation BA was comparable between the two
configurations, indicating that both models learned to map the pre-trained feature represen-
tations to the 13-class output space at a similar rate. The model trained with KD, however,
exhibited noticeably higher validation loss during this phase. This is expected: the KD
loss encourages the student to match the teacher’s soft, distributed output rather than
committing sharply to a single class. Consequently, the student’s output probabilities are
less peaked, resulting in higher cross-entropy loss against the hard ground-truth labels even
when the predicted class is correct. This behavior reflects a form of implicit output-space
regularization rather than a degradation in classification quality.

The distinction between the two configurations became more pronounced during the
fine-tuning phase. The model trained with KD achieved higher validation BA at every
epoch, while the baseline model exhibited a progressive divergence between training and
validation loss in the latter half of the phase—a characteristic signature of overfitting.
By contrast, the model trained with KD maintained a closer alignment between training
and validation loss throughout, suggesting that the soft labels act as an effective regularizer
that smooths the loss landscape and prevents the model from memorizing idiosyncrasies of
the training set. Taken together, these results indicate that the accuracy gains from KD are a
result of improved generalization through reduced overfitting, attributable to the richer
label information.

3.4. Detailed Analysis

To gain deeper insight into the strengths and limitations of the proposed framework,
we perform a fine-grained analysis of the classification behavior of the best-performing
model, RegNetY-1.6GF trained with the KD-Garbage Framework using SwinV2-T as the
teacher. We examine the normalized confusion matrix, investigate the most common
misclassification patterns, and discuss their practical implications for system design.

3.4.1. Per-Class Performance

Figure 6 presents the normalized confusion matrix. Normalization applies row-wise,
so that each cell reports the percentage of ground-truth instances of the row class predicted
as the column class, regardless of class size. The diagonal entries therefore correspond
directly to per-class recall.

The distribution of the model’s predictions among the 13 classes is nearly uniform,
indicating that the weighted loss function successfully equalized emphasis across the
classes. 10 of the 13 classes achieved recall of 90% or above, indicating that the model
generalizes reliably across the majority of the category space. The three classes with lower
recall were Plastic (85%), Paper-Other (78%), and Mixed/Other (78%). The relatively
lower performance on these three classes is attributable to distinct but identifiable factors,
discussed in the next section.

When the confusion matrices of both the student model and the teacher model are
compared, it is evident that both models have some overlap in misclassification patterns.
Nevertheless, the two models exhibit complementary strengths. The teacher, with its larger
parameter count, achieves higher recall on Plastic, a class characterized by exceptional
visual heterogeneity in shape, size, surface texture, and color, where greater representa-
tional capacity translates directly into more reliable discrimination. The student model,
in comparison, achieves better recall for Milk Carton, which has limited training data and
its members shares shape and texture characteristics with some other categories. This
advantage may be attributed to the regularizing effect of knowledge distillation. Taken to-
gether, these results show that model capacity and knowledge distillation address different
parts of a classification problem and that they are most effective when used together.
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ID True Class Predicted Class Recall
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3 Foam 0 0 0 | 97.67
4 Glass| 1.1 0 0 0 | 90.27
5 Cardboard| 0 0 0 | 94.51
6 Milk Carton| O 0 41| 83.67
7 Paper-White| 0 0 0 | 95.04
8 Paper-Other| O 0 3.8 | 82.28
9 Plasticl 0.2 0.1 03 06 0.1 03 0.6 3 | 938.49
10 Construction-Metal| 0 0 0 0 0 0 0 0 | 92.16
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(b)

Figure 6. Normalized confusion matrix of the best model (RegNetY-1.6GF trained with KD-Garbage
using SwinV2-T as the teacher) (a) and the teacher model (b). Each cell reports the fraction of ground-
truth instances of the row class predicted as the column class. Diagonal entries equal per-class recall.
Precision is computed from the normalized values. Blue shades indicate correct classification; red
shades indicate incorrect classification.

3.4.2. Misclassification Analysis
Paper-Other misclassified as Mixed /Other

The first row of Figure 7 illustrates representative examples of this pattern. Three sub-
types account for the majority of these errors. First, paper items bearing patterns or color
combinations that were underrepresented in the training set were confused with visually
complex Mixed /Other items, suggesting that the training distribution for Paper-Other does
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not yet adequately cover the full diversity of paper types. Second, highly glossy paper
items that produced strong specular reflections were confused with plastic or metal, both of
which also exhibit high-gloss surfaces. Surface gloss is an unreliable discriminator without
controlled lighting. Third, images in which the central item was partially overlapped or
visually associated with a background object from a different category caused the model
to predict Mixed/Other, consistent with the class definition. These errors underscore
the importance of physical deployment design: a sorting station equipped with uniform,
diffuse illumination and a clean, single-color conveyor surface would eliminate the second
and third sub-types, respectively.

‘ Paper—Other misclassified as Milk Carton

Figure 7. Representative examples of misclassified images.

Paper-Other Misclassified as Milk Carton

The second row of Figure 7 shows examples of this confusion. The misclassified
items consistently share two visual characteristics with milk cartons: a rectangular shape
and color schemes dominated by white, yellow, and blue—common palettes in food and
beverage packaging. At the resolution and distance used for inference, the surface-texture
differences between coated paperboard (milk carton) and uncoated paper (Paper-Other)
are difficult to resolve. Deploying the classification system with a high-resolution or high-
magnification camera would help expose the fine-grained surface details necessary to
distinguish these classes more reliably.

Confusion Between Paper-White and Paper-Other

This confusion is primarily driven by two visual properties that are inherently difficult
to capture at moderate image resolution: paper glossiness and ink color. Paper-White
is defined as non-glossy white paper printed exclusively with black ink. Items printed
with any color ink, or exhibiting surface gloss, belong to Paper-Other. Both glossiness
and the presence of faint or small-area color printing can be easily lost at 224 x 224 pixel
resolution, particularly when lighting is not carefully controlled. Improved illumination
and a higher-resolution imaging setup are again the most direct paths to reducing this error.

Misclassification of Plastic

The dominant source of Plastic misclassification is confusion with Mixed/Other,
arising from a specific structural ambiguity: many plastic food and beverage containers
have a thin aluminum film laminated to their interior surfaces to provide a moisture and
oxygen barrier. Because this internal coating is not visible from the outside, it is often
impossible to determine from a single exterior image alone whether a container is pure
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plastic or a plastic-aluminum composite, the latter of which belongs to Mixed /Other. This
ambiguity is not unique to the model; it frequently challenges human sorters as well.
A secondary source of Plastic errors is the sheer visual heterogeneity of the class itself:
plastics span an enormous range of colors, surface finishes, shapes, and sizes, making it
inherently difficult for the model to establish a compact decision boundary around the class.

Misclassification of Mixed /Other

The lower recall of the Mixed/Other class is, to a significant degree, structurally un-
avoidable. By definition, Mixed/Other is a catch-all category encompassing items made
of two or more materials from different classes, as well as less common materials such as
rubber, textiles, and ceramics. The resulting intra-class visual diversity is extreme, and the
class lacks the consistent shape, texture, or color cues that anchor the model’s predic-
tions for more homogeneous categories. In addition, multi-material items are particularly
susceptible to background-object interference: if the model considers part of the object
as background, it may correctly identify the dominant material but fail to recognize the
composite nature of the item, yielding a single-class prediction instead of Mixed/Other.
This error mode is the mirror image of the background confusion observed for Paper-Other,
and is similarly mitigated by ensuring physical separation of items from the background
during imaging.

3.4.3. Implications for System Design

The misclassification analysis reveals that a substantial proportion of remaining errors
are attributable to controllable deployment conditions or inherent class definitions rather
than fundamental limitations of the model. Four interventions are recommended, spanning
hardware design, physical setup, and data collection strategy.

First, diffuse and uniform illumination would reduce specular reflections on glossy
surfaces, producing more consistent appearance for high-gloss plastics, metals, and glossy
paper. This directly addresses the confusion between Paper-Other, Plastic, and Metal,
and would also improve the differentiation between Paper-White and Paper-Other by
making surface glossiness a more reliable visual cue.

Second, a clean, uniformly colored background—such as a monochrome conveyor
belt surface—combined with a physical handling protocol that isolates one item at a time
would eliminate background-object interference. This would reduce false Mixed /Other
predictions for Paper-Other items, and conversely improve the recall of Mixed /Other itself
by ensuring that composite items are not misidentified as single-material classes due to the
model confusing part of the object as a background element.

Third, a higher-resolution or higher-magnification camera would expose fine-grained
surface details that are currently below the effective resolution threshold. The most direct
beneficiaries would be the Paper-White/Paper-Other boundary (ink color and glossiness),
the Paper-Other/Milk Carton boundary (surface texture and coating), and Plastic identi-
fication (resin identification codes). To maximize detail without increasing computation,
the image can be cropped so that the object fills the entire frame. This step only adds a
negligible amount of computation as long as the background is uniform. This intervention
requires no change to the model or the inference hardware.

Fourth, the confusion between Plastic and Mixed /Other caused by interior aluminum
coatings cannot be resolved from exterior images alone and therefore calls for a different
approach. A mechanical handling mechanism that exposes the interior of containers—such
as an automated tilting or flipping stage on the conveyor—would allow the camera to
capture both surfaces, enabling the model to detect the reflective aluminum lining and
classify the item correctly.
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Together, these interventions target the root causes identified in the misclassification
analysis and are consistent with standard practice in industrial machine vision systems.
Importantly, they are complementary: each addresses a distinct failure mode, and their com-
bined effect would be expected to substantially reduce errors in the classes that currently
fall below 90% recall.

4. Conclusions

This study introduced the KD-Garbage Framework, a KD pipeline designed to close
the accuracy gap between high-capacity teacher models and lightweight student architec-
tures for garbage image classification, without introducing any computational overhead at
deployment. The framework was evaluated on a newly constructed 15,681-image dataset
spanning 13 recycling- and disposal-aligned categories—a resource larger, more diverse,
and more operationally representative than existing public benchmarks.

The key findings can be summarized as follows. First, KD improved the BA of
every student architecture evaluated, with error reductions ranging from 10% to 25%.
Second, RegNetY-1.6GF trained with the KD-Garbage Framework achieved the highest
BA of 0.9129—exceeding both teacher models—while sustaining 6 FPS on a Raspberry
Pi 5, confirming that the framework enables lightweight models to match or surpass the
accuracy of their teachers without any inference-time cost. Third, SwinV2-T, despite being
marginally less accurate than EfficientNetV2-S as a standalone classifier, proved to be the
more effective teacher in the majority of student configurations, suggesting that structural
diversity between teacher and student is a meaningful driver of distillation quality. Fourth,
a temperature of T = 3 was found to be optimal or near-optimal across all configurations,
providing a practical default for future applications of this framework. Fifth, the analysis of
the confusion matrix identified three categories—Plastic, Paper-Other, and Mixed /Other—
as the primary sources of remaining error, and traced the majority of misclassifications
to controllable deployment factors such as illumination quality, background uniformity;,
image resolution, and viewing angle.

Taken together, these results demonstrate that the KD-Garbage Framework is an
effective and practical approach for deploying high-accuracy garbage classifiers on resource-
constrained hardware. Future work should investigate feature-based and relation-based
distillation strategies, which transfer intermediate representations rather than output logits,
as these may yield further improvements, particularly for smaller student architectures with
larger capacity gaps relative to the teacher. The impact of higher-resolution inputs, richer
data augmentation strategies, and targeted dataset expansion for the underperforming
classes also merit systematic investigation. Finally, evaluating the framework on additional
embedded platforms—including microcontrollers with dedicated neural processing units—
would further characterize its practical deployment envelope.
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Abbreviations

The following abbreviations are used in this manuscript:

MSW Municipal solid waste

CNN Convolutional neural network
ViT Vision transformer

KD Knowledge distillation

exp Exponential function

log Logarithm

FPS Frames per second

M Million

NAS Neural architecture search

SE Squeeze-and-Excitation

MBConv  Mobile inverted bottleneck convolution

FLOPS Floating point operations per second

SW-MSA shifted window-based multi-head self-attention
Log-CPB  log-spaced continuous positional bias

EPA United States Environmental Protection Agency
RICs Resin identification codes
LR Learning rates

CLR Cyclical learning rates
GB Gigabytes

GPU Graphics processing unit
BA Balanced accuracy

TP True positive

FN False negative

Al Artificial intelligence
UsD United States dollars
CPU Central processing unit
ms Millisecond

MB Megabytes

RAM Random-access memory
TL Transfer learning

FT Fine-tuning
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