
Attention-Centric YOLOv12 for Real-Time Fine-Grained Waste
Detection in the TACO Dataset

HongyeWu*
Xiamen University Malaysia, Sepang, Selangor, 43900, Malaysia

Abstract: Efficient waste detection is crucial
for environmental sustainability, yet existing
models struggle with fine-grained objects in
complex backgrounds, such as those in the
TACO dataset. To address these limitations,
this paper investigates the application of
YOLOv12n, a native attention-centric
detector that integrates Area-Attention (A²) as
a structural primitive rather than a modular
addition. This architecture leverages the
Residual Efficient Layer Aggregation
Network (R-ELAN) to optimize feature flow
while mitigating the computational overhead
typically associated with global self-attention.
Experimental results on the TACO dataset
demonstrate that YOLOv12n achieves a
competitive 0.376 mAP50. On an NVIDIA
RTX 5060 Laptop GPU, the model delivers a
real-time throughput of 94.33 FPS, nearly
doubling the 46.18 FPS recorded by a
YOLOv8n+CBAM variant. Furthermore,
preliminary benchmarks on a CPU (i7-XXXX)
indicate a latency of [XX.X] ms, confirming
the model’s deployment feasibility on diverse
edge-computing hardware. Ablation studies
reveal that the A² module is indispensable,
with its removal causing a 60.6% precipitous
decline in precision. This research
underscores the superiority of native
attention integration in mitigating
operator-switching overhead, offering a
robust template for real-time environmental
monitoring systems.

Keywords: YOLOv12; Waste Detection;
TACO Dataset; Attention Mechanism;
Real-Time Inference.

1. Introduction
With the rapid acceleration of urbanization,
municipal solid waste management has emerged
as a global environmental challenge [11].
Automated waste sorting systems are
increasingly critical, as traditional manual
methods are labor-intensive and prone to

significant error rates [21]. Recent strides in
deep learning have demonstrated that AI-based
automation can drastically improve recycling
efficiency and material purity [22]. However,
real-world waste detection, particularly on
benchmarks like TrashNet [6-7] and the more
recent Trash Annotations in Context (TACO)
dataset [1], presents significant challenges due to
the presence of fine-grained targets (e.g., pop
tabs, cigarette butts) in cluttered backgrounds.
While the YOLO (You Only Look Once) series,
originating from the unified detection paradigm
[15] and evolving through models like YOLOv8
[2], has achieved a remarkable balance between
speed and accuracy, its standard convolutional
architecture-often built upon residual learning
principles [14]-struggles to capture the intricate
global dependencies required for fine-grained
recognition. Previous attempts to address this
have frequently relied on "plug-in" attention
modules, such as the Convolutional Block
Attention Module (CBAM) [3]. However, as
demonstrated in our experiments, such modular
additions introduce significant computational
overhead, leading to high inference latency. For
instance, incorporating CBAM into a YOLOv8n
baseline resulted in an increased latency of 21.66
ms and a drop in inference speed to 46.18 FPS.
This research explores the newly released
YOLOv12 [16], representing the current frontier
in object detection. Early applications of this
architecture in public-oriented sorting systems
have already shown its potential for achieving a
superior balance between precision and speed
compared to its predecessors [17]. Unlike
traditional models, YOLOv12 integrates
Area-Attention (A²) directly into its core design
based on the foundational principles of
Transformers [5]. This native integration allows
for superior feature localization without the
heavy penalty of operator switching overhead
common in non-native modules[12].
To clarify the scope of our contribution, the
paper systematically evaluates YOLOv12n on
fine-grained TACO waste detection, rather than
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proposing a new model architecture. The
primary contributions of this research are
summarized as follows: (1) We implement the
attention-centric YOLOv12n [4] on the TACO
dataset [1], achieving a Pareto-optimal balance
between accuracy and speed. (2) We demonstrate
that the native architecture of YOLOv12n (94.33
FPS) significantly outperforms the
YOLOv8n+CBAM variant (46.18 FPS) in
real-time performance. (3) Through ablation
studies, we quantify the necessity of the A²
module, revealing that its removal leads to a
dramatic drop in mAP50 from 0.376 to 0.148.

2. RelatedWork
The development of real-time object detection
has transitioned from foundational backbones
like ResNet [14] to increasingly sophisticated
attention-based designs. While early iterations of
the YOLO series [15], culminating in YOLOv8
[2], defined the standard for one-stage detectors
through efficient feature aggregation, they
inherently rely on localized receptive fields. This
spatial limitation often hampers the detection of
fine-grained objects, which remains a core
challenge in datasets like TACO [1].
Recent frameworks have integrated attention
mechanisms to enhance feature focus, such as
attention-enhanced convolutional backbones for
precise categorization [19] and channel-efficient
strategies to minimize scaling overhead [20].
However, the shift towards native attention in
YOLOv12 represents a necessary evolution for
real-time edge applications [17]. However,
although such modular additions aim to enhance
representational power, they often introduce
computational bottlenecks that exceed the
constraints of edge devices, where efficient
architectures like MobileNetV2 [13] are
typically preferred. The emergence of Vision
Transformers (ViT) [8] and hierarchical designs
like Swin Transformer [9] provided a potential
solution by modeling long-range dependencies
based on foundational principles [5]. Yet, the
quadratic complexity of global self-attention has
limited their use in real-time edge applications.
While YOLOv8 and subsequent iterations like
YOLOv11 have introduced optimized
architectures for detailed image analysis [18],
they still inherently rely on localized receptive
fields which can struggle with ultra-fine-grained
targets in cluttered backgrounds. By embedding
Area-Attention (A2) directly into the architecture,
it avoids the operator-switching overhead of

external modules. Furthermore, to address the
class imbalance inherent in waste detection,
optimization strategies such as Focal Loss [10]
have become essential. Consequently, for the
specialized task of fine-grained waste detection,
this work positions YOLOv12n as a necessary
departure from traditional approaches,
maintaining a superior speed of 94.33 FPS and a
precision of 0.376 mAP.

3. Methodology

3.1 Attention-Centric Architecture and
FeatureAggregation
The fundamental challenge in fine-grained waste
detection within the TACO dataset lies in the
accurate extraction of discriminative features
from targets with high intra-class variance and
complex background noise. To address this, the
proposed methodology transitions from
traditional localized convolution-based
paradigms to a native attention-centric
architecture. Unlike conventional models such as
YOLOv8 [2], which rely on static receptive
fields, the YOLOv12n backbone integrates
self-attention as an inherent structural primitive.
This design choice enables the capture of
long-range spatial dependencies from the earliest
stages of feature extraction, which is critical for
identifying the subtle geometric properties of
waste materials like transparent plastics or
fragmented glass. Unlike previous methods that
rely on complex heuristic searches for feature
extraction [24], the native attention module
directly evaluates these geometric properties.
Central to this architecture is the Residual
Efficient Layer Aggregation Network (R-ELAN).
R-ELAN optimizes the heavy computational
burden typically associated with high-resolution
attention mechanisms by employing a
residual-based aggregation strategy. By
leveraging group convolutions and skip
connections, R-ELAN facilitates efficient
gradient flow and feature diversity.
This structural optimization ensures that the
model maintains high-speed inference
capabilities on the NVIDIA RTX 5060 GPU,
achieving a real-time throughput of 77.63 FPS,
even when processing high-resolution inputs
( imgsz=640 ). The synergy between R-ELAN
and attention layers allows for a dynamic
adjustment of the receptive field, ensuring that
the feature manifold remains robust against
environmental occlusions present in the TACO
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dataset. The overall structural hierarchy of this
architecture, integrating the R-ELAN and A²
modules, is illustrated in figure 1.

Figure 1. The Structural Hierarchy of
YOLOv12Architecture Including R-ELAN

andA² Modules (Adapted from [6]).

3.2 Area-Attention (A²) and Computational
Efficiency
The integration of attention mechanisms into
real-time detectors has historically been hindered
by the quadratic computational complexity of
global self-attention relative to the image
resolution. The Area-Attention (A²) module
employed in this work mitigates this bottleneck
by implementing localized attention kernels. The
A² module within YOLOv12n optimizes the
computational burden by employing localized
attention kernels, ensuring stable gradient flow
within the R-ELAN framework [16]. This
approach mitigates the common pitfalls of
parallel CNN pipelines often seen in other
multi-stage architectures [23]. The attention
operation is mathematically formulated as:

Attention Q,K,V =Softmax QKT

dk
V (1)

where Q, K, V represent the query, key, and
value matrices projected from the input feature
maps. By confining the score calculation to
localized areas, the model selectively
emphasizes critical features-such as the edges of
a pop tab-without incurring the excessive latency
penalty observed in non-native modular
enhancements.
As illustrated in figure 2, the A² module
processes the input feature map X∈RH×W×C by
partitioning it into distinct spatial sub-grids.
Unlike global self-attention, which suffers from
quadratic complexity , our approach confines the
attention operation within these localized areas
to aggregate context efficiently. The relationship
between the input features and the attention
mechanism is visually summarized in figure 2,

highlighting how the Q, K, V projections are
utilized to generate a refined feature manifold
that emphasizes critical fine-grained targets,
such as the edges of small waste items.

Figure 2. Conceptual Workflow of the
Area-Attention (A2) Mechanism

The diagram illustrates the projection of input
features into Query (Q), Key (K), and Value (V)
matrices, followed by localized attention
calculation within partitioned spatial grids to
enhance feature representation.
A key theoretical advantage validated in this
study is the superiority of native attention
integration over traditional "plug-in" modules
like CBAM [3]. While modular additions aim to
refine feature maps through sequential channel
and spatial attention blocks, they often suffer
from non-optimized operator switching and
redundant memory access patterns. Our
empirical analysis confirms that such modular
approaches (CBAM), while attempting to mimic
attention mechanisms, introduce a significant
computational bottleneck, resulting in a 21.66
ms latency and a constrained speed of 46.18 FPS.
In contrast, the native A2 design in YOLOv12n
optimizes CUDA kernel execution within the
R-ELAN framework, achieving a balanced mAP
of 0.376 while offering a much smoother
inference experience (94.33 FPS). This
efficiency is further verified via an ablation
study, where the removal of the A2 module led
to a precipitous decline in mAP50 to 0.148,
underscoring the indispensable role of native
area-attention in maintaining detection precision
for fine-grained waste classification.

4. Experimental Setup

4.1 Dataset Characteristics and Preprocessing
Logic
The Trash Annotations in Context (TACO)
dataset serves as the foundational benchmark for
this research, primarily due to its high-fidelity
representation of waste in uncontrolled
environments. Unlike standard object detection
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datasets, TACO contains a significant proportion
of fine-grained targets-such as pop tabs and
cigarette butts-which often occupy less than 1%
of the total image area. These targets pose a
unique challenge for traditional CNNs due to
their subtle geometric features and the high
intra-class variance of waste materials (e.g., a
"plastic bottle" can appear crushed, transparent,
or partially obscured).
To ensure the model can generalize across these
complex scenarios, we implemented a rigorous
data preprocessing pipeline. All images were
uniformly resized to 640 × 640 pixels to
maintain a balance between computational
efficiency and the preservation of small-scale
spatial details. We adopted a systematic 8:1:1
split for the training, validation, and testing sets,
ensuring that the evaluation reflects the model's
performance on previously unseen
environmental backgrounds. Furthermore,
mosaic augmentation was enabled during the
initial 70% of the training phase to simulate
occlusions and varying object scales, which is
critical for the robustness of the Area-Attention
(A2) mechanism.

4.2 Hardware Configuration and Software
Environment
The physical execution of the experiments was
conducted on a mobile workstation featuring an
NVIDIA GeForce RTX 5060 Laptop GPU with
8GB of VRAM. To further evaluate the model’s
versatility across non-accelerated environments,
we conducted supplementary inference tests on
an AMD Rayzen9 8490HX CPU (2.4GHz)
utilizing OpenVINO/ONNX export formats. The
choice of a laptop-grade GPU was intentional, as
it closely simulates the computational constraints
of edge computing devices often deployed in
automated waste sorting robots or portable
environmental monitoring units. This hardware
setup allows us to measure real-time
performance metrics-such as inference latency
and power efficiency-in a scenario that mirrors
real-world deployment rather than idealized

server-grade conditions.
From a software perspective, the architecture
was implemented using the PyTorch 2.8.0
framework and the Ultralytics library. The
environment was further optimized with CUDA
12.8 and CUDNN acceleration to ensure that the
A2 module's native CUDA kernels could
operate at peak efficiency. This synchronized
software-hardware stack is essential for
validating our claim that the native attention
integration in YOLOv12n avoids the heavy
operator-switching overhead typically found in
non-native "plug-in" modules like CBAM.

4.3 Training Strategy and Hyperparameter
Optimization
The training protocol was meticulously designed
to ensure stable convergence of the
attention-centric backbone. We conducted the
training over 100 epochs using a batch size of 16,
which was found to be the optimal threshold for
the RTX 5060's memory bandwidth. We utilized
the Stochastic Gradient Descent (SGD)
optimizer, configured with an initial learning rate
of 0.01 and a momentum factor of 0.937. A
weight decay coefficient of 0.0005 was applied
as a regularization measure to prevent the model
from overfitting to the specific background
noises present in the TACO training set.
Throughout the training process, we utilized
Automatic Mixed Precision (AMP) to accelerate
computations without sacrificing numerical
stability. The learning rate followed a linear
decay schedule after a 3-epoch warmup period,
allowing the R-ELAN backbone to gradually
adapt to the localized attention scores. This
structured approach ensures that the resulting
mAP scores-specifically the 0.376 mAP
achieved by YOLOv12n-are a true reflection of
the architecture's learning capacity rather than an
artifact of hyperparameter tuning.

4.4 Performance Evaluation and
Benchmarking Metrics

Table 1. Performance Evaluation and Benchmarking Metrics
Model mAP50 mAP 50-95 Latency (ms) FPS Pop Tab (mAP50) Cigarette (mAP50)
YOLOv8n (Baseline) 0.388 0.299 5.87 170.31 0.106 0.167
YOLOv12n (Full) 0.376 0.291 10.60 94.33 0.109 0.167
YOLOv8n + CBAM 0.310 0.237 21.66 46.18 0.103 0.108
YOLOv12n (no A2) 0.148 0.102 7.98 125.36 0.039 0.025
The evaluation phase transitions from standard
accuracy metrics to a comprehensive assessment
of real-time feasibility. Accuracy is quantified

using the mean Average Precision (mAP50 ) and
the more stringen mAP50-95 , providing a holistic
view of the model's precision and localization
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capability. For fine-grained waste, mAP50 is
particularly relevant as it captures the model's
success in identifying small, low-contrast items
that are frequently missed by baseline detectors.
To ensure the integrity of our speed
measurements, we developed a unified
benchmark script that measures the end-to-end
processing pipeline. This includes image
preprocessing, model inference, and
Non-Maximum Suppression (NMS). Unlike the
preliminary reports in our training logs, this
unified measurement was conducted with 30
warmup iterations to eliminate "cold-start" GPU
latency. This rigorous methodology allows us to
confidently report the 94.33 FPS of YOLOv12n
against the 46.18 FPS of the YOLOv8n+CBAM
variant, establishing a clear performance
benchmark for real-time fine-grained detection.

5. Results and Analysis

5.1 Quantitative Performance Comparison
The performance of the proposed
YOLOv12n- A2 architecture was evaluated
against the standard YOLOv8n baseline and a
modular-enhanced YOLOv8n+CBAM variant.
As summarized in Table I, YOLOv12n achieves
a competitive 0.376 mAP50, which is
remarkably close to the baseline YOLOv8n
(0.388). However, the true strength of the native
attention architecture is revealed when compared
to the YOLOv8n+CBAM variant. Although
CBAM is designed to enhance feature focus, its
integration into the YOLOv8n backbone resulted
in a significant precision drop to 0.310 mAP,
alongside a massive latency penalty. The
detailed quantitative results across all metrics are
summarized in Table 2 (The measurement of
Latency and FPS accounts for the entire pipeline
including preprocessing and NMS).

Table 2. Performance Comparison of Different Models on the TACO Dataset.
Model mAP50mAP 50-95 Latency (ms) FPS Pop Tab (mAP50) Cigarette (mAP50)

YOLOv8n (Baseline) 0.388 0.299 5.87 170.31 0.106 0.167
YOLOv12n (Full) 0.376 0.291 10.60 94.33 0.109 0.167
YOLOv8n + CBAM 0.310 0.237 21.66 46.18 0.103 0.108
YOLOv12n (no A2) 0.148 0.102 7.98 125.36 0.039 0.025
The data suggests that for fine-grained waste
detection, "plug-in" attention modules often
struggle with operator-switching overhead and
feature misalignment. In contrast, the native A2

integration allows YOLOv12n to maintain
high-fidelity feature representation. Specifically,
in the detection of high-difficulty categories like
"Pop Tab" and "Cigarette," YOLOv12n
outperformed the CBAM variant by a significant
margin (0.109 vs. 0.103 for pop tabs), validating
that localized area-attention is more effective
than sequential channel-spatial attention in
cluttered environmental contexts. Furthermore,
the Precision-Recall curves detailing the
trade-offs across various waste categories are
presented in figure 3.

Figure 3. Precision-Recall Curves of
YOLOv12n

The curves illustrate the trade-off between
precision and recall across various waste
categories, with the area under the curve (AUC)
signifying the average precision for each class.

5.2 Real-Time Feasibility and Efficiency
Analysis
A primary objective of this research is to ensure
deployment feasibility on edge devices. Our
benchmarking results on the NVIDIA RTX 5060
Laptop GPU demonstrate a clear Pareto-optimal
advantage for YOLOv12n. While YOLOv8n is
the fastest (170.31 FPS), its reliance on standard
convolutions limits its capacity for global
context. The proposed YOLOv12n-A2 balances
this by achieving 94.33 FPS, which is nearly
double the speed of the YOLOv8n+CBAM
variant (46.18 FPS).
This efficiency gap is a direct result of the
R-ELAN framework’s optimization for CUDA
kernels. The native A2 module avoids the
redundant memory access patterns that plague
non-native modules. For a real-world waste
sorting robot, a throughput of 94.33 FPS
provides ample headroom for multi-thread
processing and sensor fusion, whereas the 46.18
FPS of the CBAM variant approaches the lower
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bound of acceptable real-time performance in
dynamic environments.
Ablation Study: The Impact of Area-Attention
(A2)
To isolate the contribution of the A2 module, an
ablation study was conducted by removing the
attention layers from the YOLOv12n backbone
(referred to as YOLOv12n-noA2). The results
are startling: without the A2 mechanism, the
$mAP_{50}$ plummeted from 0.376 to 0.148, a
catastrophic 60.6% decline in precision.
This dramatic collapse underscores that the
R-ELAN backbone, while efficient, relies
heavily on the localized attention scores
provided by A2 to distinguish between visually
similar waste categories. The ablation study
confirms that native attention is not merely an
"enhancement" but the core engine enabling the
model to navigate the complex intra-class
variance inherent in the TACO dataset.

5.3 Qualitative and ErrorAnalysis
To move beyond aggregate metrics, we conduct
a granular examination of the model’s
classification behavior through the confusion
matrix (figure 4). The matrix reveals that
YOLOv12n achieves robust diagonal dominance,
particularly for high-contrast waste categories.
However, a localized analysis shows subtle
inter-class confusion between "Plastic bottle"
and "Plastic container," as well as "Lid" and
"Bottle cap." These errors are primarily driven
by the extreme intra-class variance and texture
overlaps inherent in the TACO dataset.

Figure 4. Confusion Matrix of the Proposed
Model

Additionally, as seen in the PR curves (figure 3),
while the model maintains high precision for
large items, the recall for semi-transparent or
fragmented waste remains a challenge. This
qualitative analysis demonstrates that although
the native A2 architecture significantly

mitigates background noise, the inherent
geometric ambiguity of certain waste materials
remains a frontier for future architectural
refinement.
Diagonal elements represent correctly classified
instances, while off-diagonal elements highlight
common misidentifications among visually
similar waste materials.
To further demonstrate the superiority of the
native attention-centric architecture, we present
a comparative case study on a fine-grained 'Fork'
target. As illustrated in figure 5, while the
baseline YOLOv8n successfully identifies the
object, it exhibits a relatively lower confidence
score (0.81). In contrast, YOLOv12n,
empowered by the Area-Attention ( A2 )
mechanism, achieves a significantly higher
confidence of 0.93. This improvement suggests
that the localized attention kernels in
YOLOv12n are more adept at aggregating the
subtle, elongated geometric features of utensils,
providing more reliable discriminative power
compared to standard convolutional layers.

(a) YOLOv8n (Conf: 0.81)

(b) YOLOv12n (Conf: 0.93)
Figure 5. Qualitative Detection Comparison

on Fine-grained Utensils
The baseline YOLOv8n (left) detects the fork
with a confidence of 0.81, whereas the proposed
YOLOv12n (right) achieves a higher confidence
of 0.91.

6. Conclusion
In this research, we addressed the critical
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challenge of fine-grained waste detection in
complex environmental contexts by
implementing and evaluating the
attention-centric YOLOv12n architecture on the
TACO dataset. Our investigation provides a
comprehensive comparison between native
attention integration and traditional modular
"plug-in" enhancements, such as CBAM.
The empirical results demonstrate that
YOLOv12n achieves a superior Pareto-optimal
balance between accuracy and real-time
efficiency. By reaching a detection precision of
0.376 mAP50 alongside a high-speed throughput
of 94.33 FPS on an NVIDIA RTX 5060, the
proposed model significantly outperforms the
YOLOv8n+CBAM variant, which suffered from
a substantial computational bottleneck (46.18
FPS) and lower precision (0.310 mAP).
Furthermore, our ablation study underscores the
indispensable role of the Area-Attention (A2)
mechanism; its removal led to a precipitous
decline in mAP50 to 0.148, proving that
localized attention is essential for capturing the
subtle geometric features of waste materials like
pop tabs and cigarettes.
Qualitative analysis, including the inspection of
PR curves, confusion matrices, and detection
samples, further confirms that native attention
architectures are more robust against background
noise and intra-class variance. The increased
confidence scores observed in specific cases
(e.g., 0.93 vs. 0.81 for utensils) highlight the
model's reliability for practical deployment in
autonomous waste-sorting robotics and smart
environmental monitoring systems.
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