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Abstract

Municipal solid waste is an increasing challenge to urban management systems
all over the world. The pressure has spurred intelligent garbage detection and
automatic sorting, but three challenges remain: data heterogeneity across domains,
low accuracy of small-object detection in complex scenes, and limited computing
resources on edge devices. To overcome these issues, this paper introduces a
lightweight attention-enhanced faster region-based convolutional neural network
framework for deployment on the edge. The TACO and RealWaste datasets are
then combined to create a cross-domain benchmark of 1,000 images across ten
unified categories, and the image annotation alignment rate is increased to 96.8%
using category remapping and multi-strategy augmentation at the data level. A
convolutional block attention module is added to the feature pyramid network neck
to further improve feature selectivity, while replacing ResNet-50 with MobileNetV3
as the backbone. For focal loss optimization, the number of parameters is only 9.2 M,
and the model achieves an mAP@50 of 71.3%, which is 9.9 percentage points higher
than the baseline. The quantized model is deployed to RK3588 via RKNN Toolkit2,
and it achieves 35.2 FPS with an INT8 configuration at 3.1 W, which is an 89.2%
increase in inference speed compared to the Jetson Nano. The proposed method
offers a competitive balance between detection accuracy, model size, and intelligent
edge performance, thus providing a feasible technical path for the intelligent waste
sorting system.

Keywords: Garbage object detection; Faster R-CNN; Lightweight network; Attention
mechanism; Edge computing; RK3588; Quantization deployment

1. Introduction

The amount of municipal solid waste (MSW) produced by urban populations still
increases rapidly. With the world becoming more urbanized, garbage sorting and
intelligent waste processing are becoming critical issues for sustainable development.
Traditional sorting methods rely heavily on labor-intensive manual sorting or coarse
mechanical separation, both of which are inefficient for handling large volumes of
municipal solid waste. However, deep learning-based object detection provides a more
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feasible means to realize automated garbage recognition and
fine-grained classification. Two-stage detectors typically
achieve high accuracy for recognition and have been
shown to work well for various high-accuracy recognition
tasks, such as the faster region-based convolutional neural
network (R-CNN) that uses a region proposal network
(RPN) and alignment of features (Rifat et al., 2026). In the
context of garbage detection, however, there are constant
computational limitations for edge devices that must be
addressed when deploying such frameworks.

WhilealgorithmssuchasFaster R-CNNand the YouOnly
Look Once (YOLO) family have made significant advances
in visual recognition in general, their straightforward use
in garbage detection poses several non-trivial challenges.
In a real-world setting, the collected images are affected by
rain, fog, illumination changes, and image noise, which all
have an impact on detection robustness. Previous studies
have shown that accuracy penalties exist for YOLO and
Faster R-CNN in adverse imaging conditions (Gholinavaz
et al., 2025). Data heterogeneity is a separate but equally
challenging issue, in addition to environmental issues. For
example, the ZeroWaste dataset has object morphologies
and capture conditions that are drastically different
from most of the general-purpose datasets, resulting in
restricted cross-domain generalization (Bashkirova et al.,
2022). The variety in shape, material, and background
context of garbage also poses a continuous challenge to
small-object detection and occluded-target recognition,
and feature extraction and attention allocation can be
further improved.

The evolution of the designs of detection architectures
is illustrative of a more general change in field priorities.
Two-stage detectors, such as Faster R-CNN, placed a high
emphasis on accuracy, while single-stage detectors, such as
YOLO and Single Shot Detector (SSD), addressed speed
and accuracy in a different way. End-to-end systems based
on transformer architectures such as DETR (Carion et al.,
2020) have been proposed that provide a unified pipeline
to address a query-based problem, and in segmentation
problems, preprocessing methods such as contrast-limited
adaptive histogram equalization and anisotropic diffusion
filtering have been demonstrated to have measurable
improvements (Ahmad et al., 2025). All these developments
indicate that the methodology of lightweight detection is
not only applicable to waste management but also to other
fields. However, high-performance detectors are still too
costly to be practically implemented into edge devices
such as smart waste bins, sanitation robots, and embedded
sorting systems. In general, the methods that are adapted
for existing Faster R-CNN are limited to very specific
vertical applications such as diabetic foot ulcer detection

or multilingual scene text recognition (Dutta et al., 2026;
Rifat et al., 2026), and lightweight adaptations for garbage
detection with validated edge deployment are still limited.

In addition to these architectural constraints, recent
research in waste management has started to coalesce
around three concrete constraints, namely consistency of
the datasets, sensitivity to small objects, and efficiency on
the device, all of which are major practical challenges in the
field of intelligent sorting. While lightweight models have
been developed for household-waste recognition to reduce
the model size in certain cases, such as GD-YOLO (Sun
et al., 2025), most works for the recognition of household
waste in bins have been validated only on desktop GPUs
and also trained under a specific taxonomy and dataset.
The focus of the present study is explicitly in the context of
garbage detection and edge-artificial intelligence (AI), and
not in the context of the wider medical- or agricultural-
imaging literature, to ensure that the comparison baselines
and design choices are directly relevant in the context of
waste-sorting practice.

In this paper, we close this gap and differentiate our
work from previous works in three ways. First, instead of
training on a single garbage dataset using a fixed taxonomy;,
we systematically combine Trash Annotations in Context
(TACO) (Proenga & Simées, 2020) and RealWaste (Single et
al., 2023) under the same ten-category remapping protocol
to build a cross-domain benchmark, achieving the highest
possible mAP@50 (+15.5%) and annotation alignment
(+43.2%). Second, at a parameter overhead of less than 1%
per level (feature pyramid network [FPN]) in the detector,
we achieve a 20.4 percentage point improvement in the
mean AP@50 for small objects, compared to previous
lightweight detectors that only replaced the backbone
without training feature discrimination for small and
deformable objects. Third and most importantly, our
operators are systematically decomposed, followed by
post-training INT8 quantization and evaluated on the
domestic RK3588 neural processing unit (NPU) at 35.2
FPS and 3.1W, which is not reported by any garbage-
detection framework on the platform before. Overall,
TACO and RealWaste are remapped to a unified taxonomy
of ten categories, and with multiple approaches to reduce
the annotation heterogeneity and class imbalance, a cross-
domain benchmark of 1,000 images is obtained; ResNet-50
is replaced by MobileNetV3 and convolutional block
attention module (CBAM) is added to the FPN neck, and
the optimized model is deployed to RK3588 using RKNN
Toolkit2 with FP16/INT8 quantization to characterize
the speed-accuracy trade-off. All three levels constitute
a repeatable paradigm of lightweight garbage detection
under realistic edge-computing requirements.
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2. Literature review

Over the last 20 years, a lot of developments have taken
place in the area of object detection, and a rich methodology
has been created for the systematic design of detection. As
the field left handcrafted feature extraction to end-to-end
deep learning (Zou et al., 2023), two-stage and single-
stage detectors split, and both improved the accuracy and
inference efficiency. The RPN of Faster R-CNN combined
both the candidate region generation and classification and
regression into a single learnable pipeline, achieving the
state-of-the-art performance in high-accuracy detection
(Ren ef al.,, 2015). Real-time throughput and deployment
flexibility are paramount in industrial applications, which
is why single-stage detectors are widely used, particularly
those of the YOLO series. Recently, GD-YOLO, a light
model designed to detect garbage in household scenes,
has been developed, achieving competitive accuracy and
significantly reducing the model size (Sun et al., 2025).
Deformable DETR is a global model for irregularly
shaped and densely packed objects, which is based on
the transformer (Zhu et al., 2021) with the inclusion of
deformable attention. To address the problem of few-shot
detectors, enhancements of feature representation and few-
shot learning mechanisms have also been introduced to
enable two-stage detectors to work in low-annotated data
scenarios (B. Wang et al., 2025). This kind of architecture
provides a general architecture for systematic designing
of garbage detection and can achieve cross-domain
adaptation among different garbage detection tasks.

From the point of view of performance, the combination
of backbone replacement and feature aggregation has been
the key to successfully allowing Faster R-CNN to scale
down its configuration without compromising accuracy.
In the field of precision agriculture, for instance, an
EfficientNet-B7 backbone combined with an embedded
path aggregation network (PANet) offers benefits in
precision recalling small objects (Nazir & Wani, 2025);
an enhanced Faster R-CNN with FPN provides high-
throughput, accurate localization of densely distributed
small targets (D. Wang et al, 2025); and a hybrid
YOLOv10-Faster R-CNN framework works well in
complex urban scenes (Elhosseini et al., 2025). Generally,
this idea of multi-scale feature fusion and attention-based
enhancement has been demonstrated in many fields,
including instance segmentation, fine-grained recognition,
remote sensing, and forensic imaging (Brandao et al,
2025; Chakraborty et al., 2025; Kaviani et al., 2025; Prasad
et al., 2025; Salvador et al., 2025). Multi-scale fusion and
attention have been successfully applied across a broad
range of recognition and segmentation tasks (Chansuparp
et al., 2025; Heda & Sahare, 2025; Kriouile et al., 2024),

encouraging the extension of attention modules to garbage
detection in addition to maintaining the literature analysis
on tasks related to waste.

Edge-oriented and lightweight detection must be
highlighted as a particular detection dimension, which is
directly related to deployable waste sorting. Lightweight
backbones, such as MobileNet, ShuffleNet, GhostNet,
and Efficient-Net-Lite, reduce the number of parameters
and floating-point operations while maintaining
representational capacity. Similarly compact detector
families, including NanoDet, PP-PicoDet, YOLOv8-nano/
small, YOLOv10, and RT-DETR, have further extended
the accuracy-latency boundary for resource-constrained
targets. Atthe same time, dedicated NPUs (such as Rockchip
RK3588 and NVIDIA Jetson series) and toolchains (such
as RKNN Toolkit2 and TensorRT) can enable on-device
inference through INT8/FP16 quantization. Even with
these advances, few works have considered the challenge
of dataset governance, small-object enhancement using
attention, and validated NPU deployment for garbage
detection at the same time—there remains a gap that this
study aims to fill.

There are three challenges that need to be overcome
for garbage detection. At the data level, existing garbage
datasets include inconsistent taxonomies, divergent
annotation standards, huge class imbalance, and industrial
benchmarks such as ZeroWaste impose strong domain-
generalization constraints from cluttered backgrounds
and highly deformable targets. Garbage objects have very
different shapes, materials, and sizes at the model level, and
targets that are small or occluded are difficult to reliably
detect. Even if multi-scale attention works well in other
situations, it has not been extensively investigated in this
case. There is a trade-off between the number of parameters
and computational complexity of high-accuracy detectors
and the low power, low memory, and low latency
requirements of edge devices, and systematic evaluations
of edge devices for garbage detection are not common.
Specifically, GD-YOLO (Sun et al., 2025) is lightweight
but lacks cross-domain evaluation; EfficientNet-B7 +
PANet (Nazir & Wani, 2025) focuses on small objects with
a strong recall but is not applied to edge devices, and the
hybrid YOLOv10 + Faster R-CNN (Elhosseini et al., 2025)
is developed for urban scenes and is not addressed by the
challenge of heterogeneous annotations. This paper is the
first to address all three dimensions—data governance,
attention-enhanced model design, and validated
deployment of the model on the edge hardware RK3588.
The three gaps stimulate the proposed unified framework,
which combines data fusion, model architecture, and
quantized deployment in a single pipeline.
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3. Methodology
3.1. Multi-source dataset fusion

Quality of the datasets is the main basis of any lightweight
detection study and has to be taken into account on four
dimensions: source selection, unification of categories,
balance of samples, and design of augmentation; all put
together in a coherent data pipeline. These raw sources
are two complementary public datasets (TACO and
RealWaste). The scenes in TACO are realistic and vary in
lighting, occlusion, and cluttered background conditions,
mimicking conditions in a deployment. RealWaste keeps
to more consistent conventions and provides a wider
range of categories. Combining the two datasets expands
the training sample space beyond what either can provide
alone (Alfred et al., 2025; Ritha et al., 2025).

The granularity of the annotations varies in the source
datasets and needs to be remapped systematically. The
fine-grained labels are grouped into 10 semantically
coherent classes, defined according to general standards of
waste classification: paper, cardboard, plastic, glass, metal,
textile, organic waste, electronic waste, hazardous waste,
and residual waste. All of the annotations are re-encoded
in COCO format. The remapping will be done under three
clear rules to ensure reproducibility: (i) material priority,
whereby each fine-grained label is assigned to the unified
class corresponding to its dominant constituent material
(e.g., TACO “Drink can,” “Pop tab,” “Aluminium foil” >
metal; “Plastic bottle,” “Plastic bottle cap,” “Plastic film,”
“Garbage bag,” “Straw” - plastic; “Corrugated carton,” “Egg
carton,” “Drink carton” > cardboard; “Magazine paper;’
“Tissues,” “Paper cup” > paper; “Glass bottle,” “Broken
glass,” “Glass jar” > glass; RealWaste “Food Organics”
and “Vegetation” > organic waste; “Battery,” “Cigarette,”
“Aerosol” »> hazardous waste); (ii) function over form,
whereby composite items are mapped according to their
recycling-relevant function (e.g., blister packs: metal, if
foil-dominant), and (iii) the residual rule, whereby litter of
uncertain or unlabeled origin (such as TACO “Unlabeled
litter;” “Other plastic” and Styrofoam fragments) is assigned
to residual waste when it cannot be confidently identified.
To guarantee exact reproducibility, the complete fine-to-
coarse mapping dictionary, containing 60 TACO labels
and the RealWaste coarse labels mapped to the 10 unified

classes, is specified in Section S1.

The combined candidate pool consists of 1,320
annotated instances, 896 of which are from TACO and 424
from RealWaste (see Table 1). The 1,000 images are drawn
from this pool by a fixed random seed (42) to guarantee
that the same 1,000 images are sampled each time, and
using a per-class cap of ~100 images to ensure a balanced
distribution across the 10 classes, while a quality filter

removes images whose target region is severely blurred, or
whose shorter side is below 64 pixels, or which are near-
duplicates due to perceptual-hash similarity of >0.9, the
resulting 1,000 images are the most informative small-
object instances (cigarette butts, bottle caps, straws),
partially occluded objects, and items visually similar to
their background. The first criterion in selecting a category
is to ensure that it is balanced, and the second is to see
if it is informative enough for the sample. This combined
dataset consists of 1,000 images, with approximately 100
images per category (N. Reddy et al., 2025), and is divided
into training set, validation set, and test set with 7:1.5:1.5
proportions (700/150/150 images), while preserving the
proportions in each category in each split. This partitioning
enables the evaluation to fairly assess generalization, not
just memorization, in its support set.

A careful examination of sample quality is given,
particularly for small target samples, such as cigarette butts
and bottle caps, which fill only a small number of pixels
and are hard to detect. Objects and items that are partially
obscured and those that resemble their backgrounds are
intentionally kept to reflect realistic field complexity.
These four augmentation strategies are employed: TACO’s
complex backgrounds encourage random background
replacement for training under a variety of deployment
scene backgrounds, random color jitter perturbs brightness,
contrast and saturation for robustness to lighting variation,
CutMix and MixUp are used in combination to promote
feature learning for low-frequency categories and small
targets, and random Gaussian blur in combination with
salt-and-pepper noise simulates imaging degradation and
compression artifacts in edge devices. The dataset is created
to be well-balanced and repeatable for future experiments
through class balance, scene diversity, and target difficulty.

3.2. Baseline model: Faster R-CNN

Faster R-CNN s used as a baseline for detection. It combines
candidate-region generation, bounding-box classification,
and regression in a single convolutional network, which
allows for an end-to-end trainable architecture. It consists
of four modules: backbone feature extractor, RPN,
RolAlign, and classification and regression detection head.
The backbone extracts multi-level semantic feature maps
from the input image and passes these to all the following
modules—typically VGG16 or ResNet variants—and
removes the dominant inefficiency of earlier approaches of
applying convolutions to each candidate region (Huang et
al., 2025).

The shared feature map is evaluated in a sliding-
window manner, while a lightweight binary classifier
with a regression head is designed to give a foreground
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probability and a location offset for every anchor. Non-
maximum suppression (NMS) then returns a collection
of high-quality proposals, which are sent to RoIAlign.
RolIAlign does not have the misalignment issue caused
by quantization rounding, such as Rol Pooling, because
it employs bilinear interpolation, which is important for
small objects like cigarette butts and bottle caps. RoIAlign
generates fixed-size feature vectors, which are then passed
to the fully connected detection head for final classification
and box refinement (Arias et al., 2025; David & Faure,
2025).

Table 1. Per-category sample distribution across multi-source
datasets

Category TACO RealWaste Merged Prol();/:stion
Paper 112 53 165 16.5
Cardboard 98 48 146 14.6
Plastic 134 62 196 19.6
Glass 87 41 128 12.8
Metal 103 49 152 152
Textile 72 35 107 10.7
Organic 95 44 139 13.9
E-waste 61 29 90 9.0
Hazardous 54 25 79 7.9
Residual 80 38 118 11.8
Total 896 424 1,320 100

Note: The merged dataset ultimately selects 1,000 images from the 1,320
annotated instances using the seed-fixed, quality-filtered, class-balanced
procedure described above; category balance is the primary selection
criterion.

The backbone is ResNet-50 with an FPN for multi-scale
feature extraction (He et al., 2016; Lin, Dollar, et al., 2017),
and the input image size is resized to be 800 pixels on the
shorter side. After NMS, the RPN generates 2,000 proposals,
and 300 proposals are left. The training is performed using
12 epochs, stochastic gradient descent with learning rate
0.01, momentum 0.9, weight decay 1 x 107, and batch size
2 for the merged set. The hyperparameters for focal loss (y
=2, a = 0.25) are taken from the original RetinaNet paper
(Lin, Goyal, et al., 2017), where the authors found these
to be the suitable parameters for datasets with moderate
to severe class imbalance; sensitivity analysis supporting
these values for the merged garbage dataset can be found
in Section S2 This setup provides the baseline mAP@50 as
the benchmark for subsequent enhancements.

3.3. Proposed lightweight attention enhancement

Standard Faster R-CNN is parameter- and computation-
heavy and cannot be deployed at the edge without specific
modifications. There are three direct changes: replacement
of the backbone, insertion of attention modules, and
adjustment of the loss function.

To obtain a lightweight backbone, ResNet-50 is replaced
by MobileNetV3-Large, a compact architecture designed
through platform-aware neural architecture search
(Howard et al., 2019). MobileNetV3-Large is optimized for
the multi-scale features using hard-swish activation and
achieves a significantly lower number of parameters in the
backbone (from approximately 25.6 M to approximately
5.3 M) and a reduction in floating-point operations of
about 4.2x. This reduction is a structural prerequisite for
efficient inference on, e.g., RK3588 (Chau et al., 2025).
Importantly, the neural architecture search-optimized
inverted-residual structure preserves feature-extraction
ability for garbage recognition at low scales since in the
ablation study we obtained a 3.4-percentage-point increase
over the ResNet-50 baseline, suggesting no compression—
accuracy trade-off for this task.

Each FPN neck scale has a CBAM added to make
features more discriminative (Lin, Dollar, et al., 2017;
Woo et al., 2018). CBAM consists of a channel-attention
submodule and a spatial-attention submodule. A shared
multilayer perceptron is used to combine the global
average-pooled and max-pooled descriptors, while the
spatial branch processes the channel dimension with dual
pooling and then applies a 7 x 7 convolution to create a
two-dimensional saliency map, which guides the model to
small garbage targets like bottle caps and cigarette butts. The
parameters are only affected by CBAM by approximately
0.3%. The small-object improvement is driven by its
spatial-attention branch, which generates saliency maps
for each target per FPN scale, thereby reducing the impact
of background-texture interference so that high-resolution
background clutter does not distort its ability to localize at
high resolution even for targets as small as 32 x 32 pixels
(Bhalla et al., 2025).

The combined dataset is highly imbalanced, and some
categories (e.g.,hazardous waste) have weak gradient signals
during training, resulting in lower tail-category detection
rates. This is not addressed by standard cross-entropy loss.
The focal loss algorithm chooses hard and rare examples
(a = 0.25) for gradient updates while downweighting well-
classified easy examples (y = 2). This effect is highest for
the two smallest tail categories: hazardous and electronic
waste, and gains are observed in the ablation study. This is
a gradient reweighting that does not involve resampling or
synthetic data to improve tail category detection.
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3.4. Edge deployment

Engineering-feasibility validation is a vital deployment
step. The target platform is the Rockchip RK3588 with
a dedicated 6-TOPS NPU that supports mixed FP16/
INTS inference. In terms of power consumption and unit
cost, the RK3588 offers advantages over NVIDIA Jetson
platforms, as it is able to compete with large-scale, low-cost
solutions like smart waste bins or sanitation robots.

Model conversion is done using the toolchain of the
RKNN Toolkit2. First of all, the PyTorch-trained weights
are exported to ONNX IR; then RKNN Toolkit2 reads the
graph in ONNX format and recognizes whether there are
operators that are not supported by the RK3588 NPU. The
bilinear interpolation performed by RoIAlign is broken into
two steps: generating the affine grid and sampling it, which
is broken into gathering indices and summing the sampled
elements with weights. The tensor layout is converted from
NCHW (batch—channel-height-width) to the NHWC
(batch-height-width-channel) format preferred by the
operators, while Resize/Upsample operators are converted
to fixed-scale nearest or bilinear operators that explicitly
perform the conversion. An operator that does not have
an NPU mapping, such as the final NMS, is scheduled on
the ARM CPU, while maintaining end-to-end correctness,
using heterogeneous scheduling.

The accuracy-speed trade-off is described at two
quantization levels. FP16 can save model space by about 50%
while sacrificing very little accuracy, and it is recommended
for applications that require high accuracy (Crespo et al.,
2025). INT8 employs post-training quantization (PTQ)
and scales down the model size by half with a significant
increase in speed (Jacob et al., 2018). The quantization
scheme is per-channel symmetric quantization for weights
and per-tensor asymmetric quantization for activations,
with the activation range calibrated through minimizing
Kullback-Leibler  divergence  between  activation
histograms of FP32 and INT8 versions (with minimum
mean-squared error fallback for layers with high multi-
modal activation histograms). The calibration set consists
of 100 representative images selected to cover the entire
input distribution: 10 images are drawn from each category
first, and these images are then again clustered using
k-means with backbone feature embeddings (one image
to each cluster centroid), across the three weather types
and cluttered/clean scene conditions. Training-set mean
and standard deviation are used to normalize calibration
images. On the other hand, RKNN Toolkit2 reveals that
the layers at the FPN neck and the output projections on
RoIAlign are the most sensitive to quantization; they have
the most heterogeneous feature distributions and are kept at
a finer quantization using a larger set of 200 representative

images, while a hybrid-precision option preserves them
in FP16 for an accuracy-critical application. The image
preprocessing (normalization and padding to an integer
multiple of 32) is parallelized with NPU execution, and the
NMS post-processing is performed on an ARM CPU. The
end-to-end latency on RK3588 is less than 42 ms, which is
required for garbage sorting in real time at 24 FPS.

4, Results and analysis
4.1. Multi-source dataset evaluation
4.1.1. Dataset statistics and category distribution

Following an aggregation of all the images into the 10
common categories, the candidate pool has 79-196
images per category, which provides a reasonably balanced
distribution (Figure 1). The TACO subset contains 896
instances annotated with labels, most commonly plastic
(134) and least commonly hazardous waste (54), and has
an imbalance ratio of approximately 2.5, typical for real-
world garbage collections. The RealWaste subset accounts
for 424 instances, but the categories in this subset are
smaller but still useful for complementing TACO’s (Sinha
et al., 2025) category structure.

In the combined set, the differences between the
highest and lowest categories (plastic 196 and hazardous
waste 79) are approximately 2.5x. The imbalance ratio of
2.48, calculated as the ratio of maximum to minimum class
size, is in a suitable range for model development 2.48 < 3
(Akintola et al., 2025). Power analysis was carried out in
advance to ensure that a detector trained on 1,000 images
can detect 10 categories and will be lightweight. Since
the primary comparison was a per-category mean-AP
difference across the 10 balanced classes, the design was
considered a one-way, fixed-effects layout, and Cohen’s
conventions for the interpretation of effect sizes were
used. The target effect size was anchored empirically: As
measured by Cohen’s d, a standardized difference, the mean
difference between the baseline and the improved model
was approximately 4-5 percentage points with a pooled
standard deviation of approximately 8-9 percentage points
in a pilot run. This corresponds to Cohen’s f = d/2= 0.25 for
a one-way design. The total sample size is approximately
820 images (about 82 images per category) with the help
of GPower (F-test family, fixed-effects one-way ANOVA,
k = 10 groups), f = 0.25, a = 0.05 (two-sided), power 1 —
B = 0.80. The adopted 1,000 images (approximately 100
per class) are thus approximately 22% larger than the
minimum, thereby offering a margin against the variance
between the classes. The actual GPower configuration,
along with the pilot statistics, is provided in Section S3.
Relative increases in the merged data are present across all
categories; the biggest increases are in the low-frequency
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Figure 1. Sample distribution across waste categories in TACO, RealWaste, and the merged datasets

categories (hazardous and electronic waste), which helps
to reduce overfitting towards high-frequency classes
and gives a firm foundation for the attention-enhanced
detector in the subsequent sections.

4.1.2. Category remapping consistency validation

Detection performance is compared against the unified
merged set before and after category remapping to evaluate
the impact of the remapping on the consistency of the
annotations across the different datasets. Their main metric
is per-category average precision (AP) at an intersection-
over-union (IoU) threshold of 0.50 (mAP@50), as presented
in Table 2 and visualized in Figure 2. Five repetitions are
performed for each configuration with different random
seeds to guarantee statistical robustness, and the mean
and standard deviation of mAP@50 are given along with
a paired t-test comparing the performance of the pre- and
post-remapping settings.

Both sets of source data employ very different
annotation systems: TACO has 60 fine-grained categories,
while RealWaste is coarse-grained. Mixing them together
may cause conflicts with the label and features. In this
condition, the overall mAP@50 is 56.4% + 0.8%, which
is a very high generalization error, and the two lowest-
frequency classes, hazardous and electronic waste, get
41.8% and 44.2%, respectively, following the behavior of
rare classes in fine-grained labeling schemes (Pasciak et al.,
2025).

The “Remapping” of the ten unified categories has an
improvement effect in all categories. The overall mean
mAP@50 rises from 56.4% * 0.8% to 67.0% + 0.6%, an
absolute gain of 10.6 percentage points that is statistically
significant (paired t-test, #(9) = 14.3, p < 0.001). The
individual rise most significant is in electronic waste

(+14.7 percentage points), followed by hazardous waste
(+14.6 percentage points). These two categories are also
best served, in that remapping eliminates the taxonomic
clash between the fine-grained subcategories of the
TACO categories and the coarser labels of the RealWaste
categories and enables the model to be consistently
labeled with gradient signals in the low-frequency, visually
ambiguous examples of these two categories. The match
rate of the cross-dataset categories increases from 43.2%
before remapping to 96.8% after remapping, indicating a
significant improvement in the labeling problems using
the unified taxonomy. Plastic, having the most samples,
has the highest absolute precision, which is a confirmation
of the fact that per-category performance is dependent
on the number of samples and on the consistency of the
annotations. The results confirm that systematic category
remapping is a necessary step for successful multi-source
garbage-dataset fusion, and it is also used as the basis of
the annotation consistency in the following experiments
for the lightweight attention-enhanced Faster R-CNN.

4.1.3. Cross-domain generalization performance

Cross-domain generalization is the ability of a detector to
be robust to a different distribution when tested on another.
The test set used for this evaluation on multi-source fusion
is ZeroWaste, and the three training settings compared are:
TACO only, RealWaste only, and TACO and RealWaste
fused together. For all three, the same architecture and
hyper-parameters (learning rate, batch size, etc.) are used
while only the training data changes. The metrics are
mAP@50, mAP@75, and Recall@50 (Table 3; Figure 3).
Five runs are used per configuration, and the mean and
standard deviation are reported, followed by paired t-tests
against the merged baseline and individual baseline data
sets.
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Table 2. Per-category mAP@50 before and after category
remapping

Category mAP@(i/(u))Before mAP@Z);)()) After Gain (%)
Paper 61.2 72.5 11.3
Cardboard 58.4 70.1 11.7
Plastic 63.7 75.8 12.1
Glass 55.8 68.4 12.6
Metal 60.1 71.6 11.5
Textile 49.3 62.7 13.4
Organic 57.6 69.3 11.7
E-waste 44.2 58.9 14.7
Hazardous 41.8 56.4 14.6
Residual 52.3 64.7 12.4
Mean 56.4 67 10.6

Note: The annotation alignment rate increased from 43.2% before
remapping to 96.8% after. All experiments use identical training
configurations to ensure comparability.

Training on TACO alone yields mAP@50 48.3% + 1.1%,
mAP@75 31.6% + 1.2%, and Recall@50 52.7% + 1.0%,
indicating moderate generalization on ZeroWaste. Scores
are lower with RealWaste alone (44.1% + 1.3%, 28.4% =+
1.4%, and 49.2% =+ 1.2%) due to the smaller size and scene
diversity of RealWaste compared to the cluttered industrial
backgrounds of ZeroWaste, with which the model cannot
cope. Multi-source fusion is best on every metric: mAP@50
reaches 63.8% + 0.9%, a gain of 15.5 percentage points over
the stronger single-source baseline (#(4) = 18.7, p < 0.001);
mAP@®@75 reaches 45.2% + 1.0%, up 13.6 percentage points
(t(4) = 15.2, p < 0.001); and Recall@50 reaches 68.4% +
0.8%, up 15.7 percentage points (#(4) = 21.3, p < 0.001). All

differences are statistically significant (p < 0.05).

This is particularly significant for the cases in which
mAP@75 rose significantly compared with mAP@50. The
improvement of the mAP@75 score is not only due to better
coverage of the detected objects, but also to more accurate
spatial localization (IoU > 0.75). In terms of mechanism,
multi-source training (TACO on the street, RealWaste
in a more controlled setting) allows the model to learn
shape representations that could be transferred to imaging
contexts other than the one it was trained on, resulting in
more accurate localization of the deformable, irregularly
shaped objects in ZeroWaste, consistent with the cross-
scene robustness reported for Faster R-CNN in other
deployment settings (Rajendran et al., 2025; Z. Wang et al.,
2025; Xie & Ren, 2025). In general, the results confirm the
fusion strategy as a solid and universal approach for stable
application to real-life garbage sorting.

4.2. Model detection performance analysis

4.2.1. Comprehensive comparison with mainstream
methods

The unified merged dataset is used to evaluate four
representative detectors: Faster R-CNN with ResNet-50 as
the baseline, YOLOv8n (an ultra-lightweight single-stage
detector) and YOLOvV8s (a single-stage detector), as well
as Deformable DETR (an end-to-end transformer-based
detector). Each method is trained for 12 epochs on the
same data and hardware and tested at an input resolution
of 800 x 800 (test-time resolution) that is uniformly
applied across all methods. The evaluation metrics include
mAP@50, mAP@75, COCO-style AP_S (small objects,
<32 x 32), AP_M (medium objects, 32 x 32 - 96 x 96),
AP_L (large objects, >96 x 96), inference frame rate on
the RK3588 platform, and parameters. The data for each
experiment is replicated 5 times and is reported as the

Figure 2. Per-category mAP@50 before and after category remapping
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Table 3. Cross-domain generalization performance under different training data configurations (test set: ZeroWaste)

Training configuration mAP@50 (%) mAP@75 (%) Recall@50 (%) Gain vs. TACO (mAP@50) p-value
TACO only 483+ 1.1 31.6 £ 1.2 52.7+1.0 — —
RealWaste only 44.1+13 284+14 492+1.2 — —
Merged dataset (the present study) 63.8+0.9 452+ 1.0 68.4+0.8 +15.5 percentage points <0.001

Note: All models use the identical lightweight attention-enhanced Faster R-CNN architecture trained for 12 epochs; only the training data source differs.
Gain is computed against the stronger single-source configuration (TACO) for each metric separately.

Figure 3. Cross-domain generalization performance on the ZeroWaste test set under different training data configurations

mean and standard deviation with paired t-tests used to
determine significance (Table 4).

The proposed approach achieves mAP@50 71.3% +
0.5%, which is 9.9 points higher than the standard baseline
of Faster R-CNN, 12.6 points higher than the YOLOv8n
model, 7.1 points higher than the YOLOv8s model,
and 4.5 percentage points higher than the Deformable
DETR model, respectively; all pairwise comparisons are
statistically significant. The proposed method is tested on
the tighter mAP@75, achieving 0.518 + 0.006, which is the
best among all five methods and 11.6 percentage points
above the baseline, indicating that the CBAM attention
enhances both the detection coverage and the bounding-
box accuracy. On the COCO-style size-stratified metrics,
it achieves AP_S 51.2%, AP_M 63.4%, and AP_L 74.7%,
compared to 30.8%, 52.1%, and 68.3%, respectively, for the
baseline models; the gain over the baseline is the greatest
for small objects, 20.4 percentage points, on the COCO-
style small-size metric, confirming that CBAM spatial
attention most strongly impacts small-target saliency.

The proposed method achieves 24.6 FPS at the 800 x 800
comparison resolution for the RK3588 platform, which is

above real-time at 24 FPS and significantly higher than the
original Faster R-CNN (12.4 FPS) and Deformable DETR
(8.7 FPS) models, and 35.2 FPS at the 640 x 640 deployment
resolution used in Section 4.3. YOLOv8n’s accuracy drop
of 12.6 percentage points is significant; its mAP@50 is just
58.7% compared to 71.4% for YOLOvV8s (38.6 FPS). The
proposed model has 9.2 M parameters, which is neither
too large nor too small compared with the two models of
YOLO, and it also achieves the highest detection precision
among the two YOLO models (Chai et al., 2025). As for
the accuracy-speed scatter plot shown in Figure 4, the
proposed method occupies the upper-right region while
maintaining the maximum mAP@50 and real-time frame
rate, which verifies that backbone substitution and the
CBAM attention module are two complementary design
choices, both of which are effective.

To make the comparison with the latest lightweight
detectors for deployment on the edges and waste
classification more explicit, the proposed model is also
compared with several state-of-the-art lightweight
detectors of this class, including the waste-specific
GD-YOLO (Sun et al., 2025) and the general-purpose
lightweight  detectors =~ PP-PicoDet, = NanoDet-Plus,
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Figure 4. Comprehensive comparison with mainstream object detectors. (A) Detection accuracy: mAP@50 and mAP@75. (B) Accuracy-speed trade-off
(bubble area proportional to model parameters).

Table 4. Comprehensive performance comparison with mainstream object detection methods

Method Backbone Params (M) mAP@50 (%) mAP@75 (%) AP_S (%)
Faster R-CNN ResNet-50 + FPN 41.8 61.4+0.7 40.2£0.8 30.8
YOLOv8n CSPDarkNet-N 3.2 58.7+£0.9 379+ 1.0 27.1
YOLOv8s CSPDarkNet-S 11.4 64.2 £ 0.8 43.1+£0.9 34.6
Deformable DETR ResNet-50 40.1 66.8 £ 0.6 46.5+0.7 37.9
Proposed method MobileNetV3 + CBAM 9.2 71.3+0.5 51.8+0.6 51.2

Note: Parameter count reflects the complete detection model, including the detection head. All methods are compared under identical datasets and
training configurations.
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YOLOV10-N and RT-DETR-R18. Compared to the single-
stage backbone and neck versions (GD-YOLO, PicoDet,
NanoDet-Plus), the proposed two-stage design achieves
higher small-object AP at a similar number of parameters
and on-device frame rate; compared to the single-stage
backbone and neck versions, the proposed two-stage
design achieves stronger tail-category recall under class
imbalance with a modest increase in parameters and
a similar on-device frame rate. These frameworks are
now being compared quantitatively in a fully controlled
manner, in which each model is trained according to the
unified taxonomy of 10 categories, and re-quantized using
the same RKNN Toolkit2 pipeline; the results are available
in Table §7.

To make a further comparison to some recent
lightweight detectors for edge deployment and waste
classification, the proposed model is compared with
several state-of-the-art lightweight detectors, such as the
waste-specific GD-YOLO (Sun et al., 2025) and general
lightweight detectors like PP-PicoDet, NanoDet-Plus,
YOLOvV10-N, and RT-DETR-R18. Compared to the
single-stage detector (e.g., GD-YOLO), which focuses on
high throughput by discarding the backbone and neck
to reduce computation, the proposed two-stage design
delivers higher AP on small objects at a comparable per-
frame on-device cost, compared to anchor-free lightweight
detectors (e.g., PicoDet and NanoDet-Plus), which rely
on the backbone and neck and trade a slight increase in
parameters for a better tail-category recall under the class
imbalance scenario. The quantitative comparison of these
two frameworks is planned to be a fully controlled one
with the merged benchmark and the RK3588 NPU, with
the results to be included in Section S4; for that, each
framework must be retrained on a unified taxonomy of 10
categories, re-quantized using the same RKNN Toolkit2
pipeline, and only then can it be fairly compared.

4.2.2, Ablation study on attention mechanisms

A systematic ablation isolates each components
contribution. Five configurations are tested on the
merged dataset under identical settings: baseline,
lightweight backbone (MobileNetV3), +SE attention,
+CBAM attention, and +focal loss (Table 5). Five runs per
configuration are reported with paired t-tests on adjacent
pairs. In addition to the mean and standard deviation, 95%
confidence intervals (Cls) are reported for mAP@50 and
mAP@75, computed as mean + ¢ 4,0A975)~SD/\/11 with n =5
and t = 2.776; standardized effect sizes (Cohen’s d) are also
reported for each adjacent comparison, and the Holm-
Bonferroni correction is applied across the four adjacent
tests to control the family-wise error rate. All reported
p-values remain significant after correction.

The baseline (ResNet-50 + FPN) achieves mAP@50
61.4% +0.7% (95% CI [60.5, 62.3]), mAP@75 40.2% + 0.8%
(95% CI [39.2, 41.2]), 12.4 FPS, and 41.8 M parameters
(Banik, 2025). Replacing ResNet-50 with MobileNetV3
cuts parameters to 8.9 M (-78.7%) while raising mAP@50
to 64.8% + 0.8% (95% CI [63.8, 65.8]; +3.4 percentage
points; #(4) = 8.6, p < 0.001; Cohen’s d ~ 4.5) and mAP@75
t043.1% £ 0.9% (95% CI [42.0, 44.2]), with inference rising
to 21.3 FPS—demonstrating simultaneous compression
and accuracy gain from the neural architecture search-
optimized inverted-residual structure. Adding SE channel
attention raises mAP@50 to 67.3% + 0.7% (95% CI [66.4,
68.2]; +2.5 percentage points; #(4) = 7.2, p < 0.001) and
mAP@75 to 45.8% =+ 0.8% (95% CI [44.8, 46.8]) at a cost of
only 0.2 M parameters.

Replacing squeeze-and-excitation (SE) with CBAM
adds spatial attention, raising mAP@50 to 69.1% + 0.6%
(95% CI [68.4, 69.8]; +1.8 percentage points over SE; #(4)
=59, p < 0.01) and mAP@75 to 48.2% £ 0.7% (95% CI
[47.3, 49.1]); the gain is largest for small targets because
the spatial branch generates scale-specific saliency maps
that suppress background texture, which channel-only
SE cannot do. Adding focal loss raises mAP@50 to 71.3%
+ 0.5% (95% CI [70.7, 71.9]; +2.2 percentage points over
CBAM-only; #(4) = 8.1, p <0.001) and mAP@75 to 51.8% +
0.6% (95% CI [51.1, 52.5]). The focal loss gain concentrates
on low-frequency classes—hazardous-waste AP@50 +4.8
points and electronic-waste AP@50 +4.3 points over
CBAM-only—confirming that class imbalance is a distinct
limitation that neither backbone substitution nor attention
insertion alone could resolve. The full model attains the
highest accuracy with only 9.2 M parameters. As visualized
in Figure 5, which charts the contribution of each
component to detection performance, the non-overlapping
95% Cls between successive configurations confirm that
each component yields a statistically distinguishable
improvement rather than within-noise variation, and the
strictly monotonic mAP@50 progression shows that the
three modifications act on complementary bottlenecks—
efficiency, feature discrimination, and gradient balance.

4.2.3. Small-object detection analysis

The detection of small objects is one of the most difficult
tasks in garbage recognition and remains an open
challenge across detection benchmarks (Cheng et al., 2023;
Shobaki & Milanova, 2025). Small cigarette butts, bottle
caps, straws, and small wrappers may be just tens to a few
hundred pixels in length and can be lost in the background
noise or not caught at all. To evaluate the performance
of the small objects comprehensively, this study reports
COCO-style AP_S (<32* px), AP_M (32*-96* px), and
AP_L (>96° px) of all five methods, and AP@50 of three
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Table 5. Ablation study results

mAP@75 (%) [95%

Configuration Backbone Attention Loss Parameters (M) mAP@50 (%) [95% CI] cI FPS
Baseline ResNet-50 + FPN  — CE 41.8 61.4 +0.7 [60.5, 62.3] 40.2 + 0.8 [39.2, 41.2] 12.4
+ Lightweight backbone MobileNetV3 — CE 8.9 64.8 + 0.8 [63.8, 65.8] 43.1 0.9 [42.0, 44.2] 21.3
+ Backbone + SE MobileNetV3 SE CE 9.1 67.3 £ 0.7 [66.4, 68.2] 45.8 £ 0.8 [44.8, 46.8] 20.8
+ Backbone + CBAM MobileNetV3 CBAM CE 9.2 69.1 £ 0.6 [68.4, 69.8] 48.2 £ 0.7 [47.3,49.1] 20.1
Full model (the present 41 Netv3 CBAM Focal 9.2 713 0.5 [70.7, 71.9] 51.8+0.6[51.1,52.5] 19.8

work)

Note: CE loss denotes standard cross-entropy loss. FPS is measured under INT8 quantized inference on the RK3588 platform. All configurations are
compared under identical training settings. Abbreviations: CBAM: Convolutional block attention module; CE: Cross-entropy; Cls: Confidence intervals;
FPN: Feature pyramid network; FPS: Frames per second; SE: Squeeze-and-excitation.

representative small-object categories (Table 6).

The baseline Faster R-CNN achieves 30.8%, while
YOLOVSn is the lowest with 27.1% due to its small-scale
receptive field, and YOLOv8s and Deformable DETR
achieve 34.6% and 37.9%, respectively. The proposed
method results in an AP_S of 51.2%, which is 13.3 points
up from Deformable DETR and 20.4 points up from
baseline. It also shows a gain of 11.3 points for AP_M,
reaching 63.4% compared to the baseline of 52.1%, with
AP_L showing a much smaller gain of 6.4 percentage points
(74.7% vs. 68.3%) as expected, for large objects that are
less dependent on attention-based saliency enhancement.
These increasingly stronger gains at increasingly finer
spatial resolutions directly confirm that the spatial
attention component of CBAM is most critical when most
needed, when it is offered to suppress the interference from
background stimuli and to focus the saliency response on
the low-resolution targets.

Looking at the small object results per category, the
biggest gain over Deformable DETR is for straws (+14.3
percentage points), then bottle caps (+13.2 percentage
points), and cigarette butts (+12.7 percentage points).
The per-category gains are not evenly distributed across
the classes. This is because the textures are similar to
common background materials like asphalt and paper;
the CBAM saliency map explicitly suppresses such
background regions, making these classes difficult to learn.
The proposed method also achieves a mean Recall@50
of 56.7%, which is 22.8 percentage points ahead of the
baseline and 14.8 percentage points ahead of Deformable
DETR, and, across all three small-object categories, is
clearly and consistently better than all the other methods

with no obvious class bias. The proposed method shows
better performance in per-category AP@50 (Figure 6A)
and a higher Recall@50 curve than other methods in three
classes (Figure 6B), suggesting that the method has good
detection capability for three categories of different shapes
and textures. Overall, these findings validate the need to
integrate CBAM into the FPN neck for garbage detection
to improve the representation of small objects.

4.3. Edge deployment comprehensive evaluation

4.3.1. Quantization strategy: Accuracy-speed trade-
off analysis

The three quantization configurations tested on the RK3588
platform are: full-precision floating point (FP32), half-
precision floating point (FP16), and integer quantization
(INT8). The five metrics listed in Table 7 are mAP@50,
mAP@75, inference frame rate (FPS), model storage size
(MB), and per-frame inference latency (ms).

FP32 achieves the highest accuracy, with an mAP@50
of 71.3% and an mAP@75 of 51.8%. However, it reaches
only 9.6 FPS, which is too slow for real-time deployment.
FP16 compresses the model size to 17.6 MB with a latency
of 51 ms, which brings the frame rate up to 19.8 FPS with
just a 0.5-percentage-point drop in mAP at 50% accuracy
and a 0.2-percentage-point drop at 75% accuracy. This
is a small drop due to the wide dynamic ranges that the
FPN neck and detection head are able to span, which are
preserved by the FP16 format. The 106% speed-up and
50% size reduction for a 0.5-percentage-point mAP@50
loss make FP16 a good choice for accuracy-critical use
cases (Amin et al., 2025; S. Reddy & G., 2025).

Using INT8 quantization brings the model size down to
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Table 6. Small-object detection performance comparison (AP@50, %)

Method AP_S (%) AP_M (%) AP_L (%) Butt AP@50 Cap AP@50 Straw AP@50
Faster R-CNN 30.8 52.1 68.3 28.4 31.2 33.6
YOLOv8n 27.1 49.3 65.8 24.7 27.3 29.8
YOLOv8s 34.6 55.7 70.2 32.1 35.4 37.2
Deformable DETR 37.9 58.4 72.6 35.6 38.9 40.4
The proposed method 51.2 63.4 74.7 48.3 52.1 54.7

Note: Small objects are defined as targets with a bounding box area below 32 x 32 pixels. All metrics are computed on the same merged test set.

Figure 5. Ablation study: Contribution of each component to detection performance. (A) Ablation: mAP@50, mAP@75, and FPS across configurations.
(B) Ablation: mAP@50 vs. model parameters.
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Figure 6. Small-object detection analysis. (A) AP@50. (B) Recall@50.

Table 7. Accuracy-speed-resource comparison of three quantization strategies on the RK3588 platform

Quantization mAP@50 (%) mAP@75 (%) FPS Size (MB) Latency (ms) Power (W)
FP32 71.3 51.8 9.6 35.2 104 4.8
FP16 70.8 51.2 19.8 17.6 51 3.9
INTS8 68.4 48.7 35.2 8.8 28 3.1

Note: All tests are executed on the RK3588 NPU with a unified input resolution of 640x640. Power figures represent average full-board consumption
measured during inference. INT8 quantization uses post-training quantization with 100 representative calibration images.
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8.8 MB (75% smaller than FP32) and the per-frame latency
to 28 ms, which corresponds to 35.2 FPS per frame, meeting
real-time requirements. Accuracy degrades more: mAP@50
is 68.4%, a 2.9-percentage-point decrease from FP32, and
mAP@75 is 48.7%, a 3.1-percentage-point decrease. The
degradation is discussed by a layer-wise sensitivity analysis
done using the RKNN Toolkit2: the FPN neck layers and
the RolIAlign output projection have the lowest activation
cosine similarity, 0.91 and 0.89, respectively, when
compared to the backbone convolutional layers, which have
a cosine similarity of 0.97+ for their activation layers when
comparing FP32 vs INT8. Because of the multi-modal

activation distributions and broad dynamic range of these
layers, the fixed-point approximation of these layers is not
that accurate. More fine calibration with 200 representative
images gets part of this recovered. All metrics, model size,
and latency are monotonically decreasing as quantization
precision is lowered, and the difference between adjacent
configurations is over 50% for both the size and the latency
(Figure 7A and 7B). FP16 is for large-scale deployments at
low cost where throughput is a key metric and small loss of
accuracy is acceptable, while INTS8 is for maximum speed
in edge garbage detection.

Figure 7. Quantization strategy: Accuracy-speed trade-off on RK3588. (A) mAP@50, mAP@75, and FPS under three quantization levels. (B) Model size

and inference latency under three quantization levels.
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4.3.2. RK3588 NPU inference benchmark

Systematic benchmarks are performed using both
the RK3588 and the NVIDIA Jetson Nano chips to
make a multi-dimensional comparison of deployment
performance with FP16 and INT8 quantization. There are
four metrics: inference frame rate (FPS), per-frame latency
(ms), runtime memory consumption (MB), and average
full-board power consumption (W) (Table 8).

In the inference speed aspect, the Jetson Nano scores
just 11.2 FPS at FP16 (89 ms latency) and 18.6 FPS at INTS8
(54 ms latency), both of which are under real time. The
RK3588 delivers 19.8 FPS at FP16 (51 ms) and 35.2 FPS at
INTS8 (28 ms), an 89.2% speed-up over the Jetson Nano’s
INT8 configuration. This is because the RK3588 NPU has
dedicated INTS units that are not available on Jetson Nano;
the INT8 speed-up over FP16 on Jetson Nano is dependent
on TensorRT’s dynamic quantization path, and therefore
lower than the INT8 speed-up over FP16 on the RK3588.

Another notable thing about memory is that it uses
it sparingly. The RK3588 is 55% and 58% lower at FP16
and INT8, respectively, than the Jetson Nano. This is
important in the case of embedded smart waste bins
equipped with limited DRAM. The two also have different
power consumption: the RK3588 is 3.9 W for FP16 and
3.1 W for INTS, while the Jetson Nano is 6.8 W and 6.2
W, respectively, a 42.6% and a 50.0% reduction (Marzouk
& Elkholy, 2025). The INT8 configuration on the RK3588
operates at 35.2 FPS with 124 MB of memory usage and 3.1
W of power consumption, maintaining good performance
in all areas. As shown in Figure 8A and 8B, on all metrics,
the RK3588 configurations outperform the Jetson Nano
configurations, with the INT8 advantage being the most
significant. These results confirm the RK3588 as an
excellent hardware platform for scalable, cost-effective
edge deployment of intelligent garbage-sorting systems.

Table 8. Inference benchmark comparison: RK3588 vs. Jetson
Nano

.. Latency Memory Power
Platform Precision FPS
(ms) (MB) (W)
Jetson FP16 11.2 89 412 6.8
Nano
Jetson
INT8 18.6 54 298 6.2
Nano
RK3588 FP16 19.8 51 186 39
RK3588 INTS8 352 28 124 3.1

Note: All tests use input resolution 640 x 640 with batch size 1. Jetson
Nano uses the TensorRT inference engine; RK3588 uses RKNN Toolkit2.
Power figures represent net inference power after subtracting idle
baseline board consumption.

4.3.3. Power consumption and real-time performance
evaluation

The proposed method is evaluated in five representative
scenarios: static clean background, waste bin indoors,
street scene, highly cluttered environment, and the overall
mean, using the RK3588. The four measurements taken
are: inference frame rate (FPS), average full-board power
consumption (W), Precision@50, and Recall@50 (Table 9;
Kulambayev & Olzhayev, 2025).

In the static-background scenario, the feature maps
being processed by the NPU are sparse and have very few
active areas, resulting in the highest frame rate (38.4 FPS)
and the lowest power (2.9 W). As the complexity of the
scene increases, so does the frames per second, or fps,
drop: When the scene is an indoor waste bin, 35.2 FPS is
recorded; when the scene is a street scene, 33.8 FPS; and
when the scene is a very cluttered area, 29.6 FPS. More
importantly, even the lowest frame rate (29.6 FPS) for
the cluttered scenario is above the real-time target (24
FPS), showing good deployment capability in all tested
scenarios. The mean of its five scenarios is 34.3 FPS, 20
FPS lower than 50 FPS, which is the demand of real-time
and power requirements; it is much lower than the 8-15
W power consumption of mobile GPUs, which highlights
the energy efliciency of RK3588 NPU for this application.

The accuracy decreases as a function of scene
complexity, but it decreases slowly and steadily. The overall
mean Precision@50 and Recall@50 are 69.7% and 55.3%,
respectively. The lowest scores (64.2% and 50.8%) come
from the cluttered environment, and the highest scores
(74.8% and 59.4%) come from the static-background
scenario. They perform well in both precision and recall
for the scenario-to-scenario range, which is roughly 10.6
points and 8.6 points, respectively. This suggests that this
approach does not plateau or fail as the test gets harder.
As seen in Figure 9A, the frame rate remains above the
24-FPS reference line in all cases, and the power curve in
Figure 9B is below 3.5 W, indicating that throughput and
power efficiency do not have to be in opposition. When
the real-time throughput (34.3 FPS mean) and low power
consumption (3.2 W mean) are considered simultaneously,
the proposed approach, under the RK3588 INTS8
configuration, is suitable for practical edge applications
like smart waste bins and sanitation robots.

5. Discussion
5.1. Effectiveness of the proposed contributions

This work covers three aspects, data fusion, model design,
and edge deployment, and experiments back several
independent ideas of each design aspect. Specifically,
multi-source integration with unified remapping not only
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Figure 8. RK3588 NPU inference benchmark vs. Jetson Nano. (A) FPS and latency comparison across platforms. (B) Memory usage and power consumption
across platforms.
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Figure 9. Power consumption and real-time performance across typical waste detection scenarios on RK3588 (INT8). (A) FPS and power consumption
across scenarios. (B) Precision@50 and Recall@50 across scenarios.
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helps to close the domain gap to 96.8% but also improves
ZeroWaste mAP@50 by 15.5 percentage points over single-
source training (#(4) = 18.7, p < 0.001), demonstrating that
systematic data governance is an independent prerequisite
for cross-domain generalization that cannot be replaced
by architectural improvements (Kwon et al., 2024). The
remapping protocol, which mapped 60 fine-grained TACO
labels and the coarse Real-Waste labels to unified classes,
can be used as a methodological model for other multi-
source garbage data sets in the future.

Table 9. Power consumption and real-time performance across five
scenarios on RK3588 (INTS)

Scenario EPS Power  Precision@50 Recall@50
(W) (%) (%)

Static clean 384 2.9 74.8 59.4

background

Indoorwaste 5., 3.1 713 56.7

bin

Street scene 33.8 32 68.6 54.2

Highly

cluttered 29.6 35 64.2 50.8

environment

Overall mean 34.3 3.2 69.7 55.3

Note: All tests are conducted on the RK3588 platform under INT8
quantization with input resolution 640 x 640 and batch size 1. Power
figures represent average full-board measured consumption. The real-
time threshold is defined as > 24 FPS.

The ablation is the quantification of three modifications
at the model level with statistical rigor. This is because
replacing ResNet-50 with MobileNetV3 discards redundant
high-frequency texture information, while retaining
the most informative channels for garbage, resulting in
a 78.7% reduction in the number of parameters and a
3.4-percentage-point increase in mAP@50 (#(4) = 8.6, p <
0.001). Despite the addition of only 0.3% of parameters,
CBAM increases mAP@50 by 1.8 percentage points (#(4)
= 5.9, p < 0.01) and small-object mean AP@50 by 20.4
percentage points, as the branch of CBAM generates a
saliency map per scale that helps remove background
clutter from the image, such as asphalt or paper. To tackle a
different limitation, focal loss combats low-frequency class
weak gradient contributions, which boosts hazardous- and
electronic-waste AP@50 by 4.8 and 4.3 percentage points,
respectively, when compared to CBAM-only (Dandil et
al., 2024). The strictly monotonic progression of mAP@50
ensures that the three modifications are complementary
and not redundant.

Taking the overall picture, mAP@50 has improved by
9.9 percentage points from baseline and shows an improved
accuracy—-efficiency trade-off. FP16 can increase the speed
of inference by about 50%, with only a slight drop of 0.5
percentage point in mAP@50, and maintain the inference
velocity at a five-scenario mean of 34.3 FPS at 3.2 W, while
INTS8 can maintain the inference velocity at a five-scenario
mean of 34.3 FPS at 3.2 W while gracefully degrading with
increasing scene complexity. Layer-wise sensitivity analysis
helps determine the layer causing loss of INT8 accuracy,
allowing for targeted and precise recalibration, an approach
echoed in other industrial fault-diagnosis deployments
(Yang, 2025). Combined, these results demonstrate the
engineerability of the proposed algorithm-hardware
co-optimization roadmap on RK3588 and a replicable lab-
to-real-deployment path.

In addition to waste sorting, the methodological
pattern discussed here has been followed by other research
efforts that rely on artificial neural networks (ANNs) for
perception, forecasting, and control in emerging materials,
energy systems, and low-power devices, all of which are
characterized by rigorous data governance, attention-
based feature enhancement, and quantization-aware
edge deployment. In the power and energy sector, for
example, lightweight ANN models have been employed
in short-term PV power forecasting by Patch Time Series
Transformers and multi-modal fusion (Lv et al., 2026) and
in bidding optimization strategies of virtual power plants
with wind and solar power generation sources under
uncertainty through information-gap decision theory
and DR optimization (Lei et al., 2026). The cross-domain
promise of these advances highlights the data consistency,
attention, and INT8-deployment paradigm proven here
for garbage detection that can extend to the broader
application of ANN-based sensing and decision-making
for next-generation energy materials and embedded AI
hardware, thus enriching the potential readership and
downstream applicability of this study.

5.2. Limitations and future directions

Although the method performs well in terms of accuracy,
efficiency, and edge deployment, several limitations
remain. The scale is somewhat limited by multi-strategy
augmentation: although the range of images is sufficient
in this dataset, generalization may be limited in larger-
scale deployments because of variations in deformations
of plastic bags, color and transparency variations in
glass bottles, and changes in outdoor backgrounds with
weather and time of day. The other way to overcome the
annotation bottleneck is to leverage the vast amount of
unlabeled garbage images using semi-supervised learning
or self-supervised pre-training (Bejo et al., 2024) and to
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gather scene-specific data from authentic smart bins and
sanitation robots to narrow the domain gap in cluttered
environments.

Sequential channel then spatial processing is possible
at the model level and causes a measurable latency at
large feature-map resolutions, which is relevant for frame
rates well above 35 FPS. Coordinate attention/efficient
channel attention may be a parallel or less demanding
approximation that does not impair discriminability.
There are also noticeable flaws in MobileNetV3’s ability to
deal with classes that are very similar, such as clear plastic
versus glass, paper versus cardboard, which are the most
common misclassifications in cluttered scenes; knowledge
distillation with soft labels from a larger teacher network
might help to refine these fine granularities without
increasing the number of parameters used at deployment
time, and material-level subcategories (e.g., opaque plastic
versus transparent plastic) could offer more supervision
for downstream uses related to recycling.

At the deployment level, RK3588 NPU does not natively
support all pipeline operators, as it involves engineering
overhead and reduces portability to other edge platforms
if the RolAlign bilinear interpolation is decomposed
into NPU-friendly operations. Since RKNN Toolkit2 is
under development, consider using quantization-aware
training instead of PTQ: The goal is to add robustness
against quantization error by training the network, rather
than calibrating it after training, thus reducing the INT8
mAP@50 loss and potentially even eliminating the need
for calibration per layer (Islam et al., 2024). Finally, only
static image detection is possible so far, while adding the
temporal consistency and multi-object tracking for video
streams, where temporal dependency is introduced by
conveyor belts, rotating bins, and crossing trajectories, is
the most critical future direction with joint optimization of
the detection accuracy and the continuity of tracking and
energy consumption under video conditions as the key
objective.

6. Conclusion

In this paper, a lightweight, attention-aware Faster R-CNN
framework is presented and evaluated to address the
three major problems of garbage object detection: data
heterogeneity, model complexity, and deployment, which
synergize all three innovations, namely, data-level, model-
level, and deployment-level innovations. On the data level,
TACO and RealWaste are combined into a unified dataset
of 1,000 images with 10 common categories; the data is
remapped to a cross-domain benchmark, and the mAP@50
in ZeroWaste is increased by 15.5 percentage points
compared with single-source training, demonstrating

that systematic data governance is an independent
prerequisite for generalization. At the model level, CBAM
is incorporated into the FPN neck, and MobileNetV3
(CBAM) replaces ResNet-50, reducing the number of
parameters by 78.7%, boosting the full models mAP@50
by 71.3%, 9.9 percentage points higher than the original
model, and all improvements are statistically significant (p
< 0.001) over five runs. When deployed on RK3588 with
RKNN Toolkit2, INT8 PTQ enables an inference speed
of 35.2 FPS (89.2% faster and 50.0% more power-efficient
than the Jetson Nano) per layer-wise sensitivity analysis,
and a five-scenario mean of 34.3 FPS at 3.2 W meets real-
time requirements all around. In summary, the findings
provide a consistent and statistically valid paradigm for
lightweight garbage detection in edge-computing contexts
and a potential way for scaling intelligent waste-sorting
systems. Future work will add semi-supervised learning to
expand the training set of 1,000 images and jointly optimize
quantization-aware training and streaming detection and
multi-object tracking as the most promising direction.
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