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Object detection models often face significant performance limitations. These challenges include severe sample
imbalance, background interference, and target occlusion. Such issues are particularly prevalent in complex
industrial and medical imaging domains. While existing solutions typically focus on data resampling or loss
function re-weighting to handle imbalance, a fundamental bottleneck within the network architecture itself
is often overlooked. Traditional feature fusion necks, such as FPN and PANet, rely on static convolutions
that inevitably become biased towards the majority class during training, leading to the marginalization
or loss of minority-class features. To address this critical issue at the feature-fusion level, we propose the
Semantic-Aware Fusion Neck (SAF-Neck), which replaces the static fusion paradigm with a dynamic, input-
adaptive mechanism. By generating content-aware convolutional kernels for each input, SAF-Neck adaptively
enhances the discriminative features of minority-class samples, preventing them from being suppressed by the
majority class. We integrate this core innovation into a synergistic architecture with a Lightweight Probabilistic
Spatial Attention-HGNetv2(LPSA-HGNetv2) and an imbalance-robust loss function , forming a comprehensive
"front-end feature enhancement and back-end optimization" pipeline. We validate our model, SAF-YOLOv11,
on a highly challenging industrial task of coal and gangue classification, characterized by a severe class
imbalance ratio of up to 1 : 22. Experimental results show that our model achieves a 90.4% F1-score with a
computational load of only 5.7 GFLOPs, outperforming the baseline by 4.1% in F1-score while being 13.6% more
computationally efficient.
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1. Introduction

In recent years, deep learning, particularly Convolutional
Neural Networks (CNNs), has driven significant progress
in object detection, with applications spanning from medi-
cal diagnosis [1] to industrial manufacturing [2-4]. How-
ever, when deploying these advanced algorithms in com-
plex, real-world industrial settings [5-7], their performance
is often limited by three fundamental challenges: sample
imbalance, background interference, and target occlusion.
First, many industrial datasets exhibit a severe long-tail dis-

tribution where critical minority-class samples are vastly
outnumbered, leading to a strong model bias towards the
majority class. Second, a critical trade-off between accuracy
and efficiency remains: highprecision models are often too
computationally expensive for real-time deployment on
edge devices, while lightweight models frequently sacri-
fice necessary feature representation capabilities, creating a
persistent "accuracy-efficiency" bottleneck. Finally, indus-
trial scenes are often cluttered with densely packed and
overlapping objects, causing model attention mechanisms
to fail to focus on salient features, which results in inac-
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curate localization and misclassification. The automated
sorting of coal and gangue is a quintessential industrial
use case where all the aforementioned challenges manifest
acutely [8-11].More recently, studies in 2025 have released
large-scale datasets and explored advanced architectures
specifically for complex industrial scenarios, such as intelli-
gent raw coal sorting and infrastructure defect inspection
[12, 13]. As a promising alternative to traditional labor-
intensive methods, machine vision-based sorting systems
demand exceptional real-time performance and accuracy
from the underlying detection model. In real-world data
from this task, the nature of coal production results in an
inherent and severe class imbalance, with an observed ra-
tio of gangue (majority class) to coal (minority class) as
high as 22 : 1. This is a reflection of typical operational
conditions, not a data collection artifact. While numer-
ous studies have applied deep learning techniques to this
problem, proposing models like RDB-YOLOv8n [14] and
CSPNet-YOLOV7 [15] to handle these issues, we observe
that they largely overlook a fundamental bottleneck at the
core of the network architecture. To overcome these issues,
our contributions are threefold:

¢ Lightweight Backbone: We design LPSA-HGNetv2,
an improved lightweight backbone network that pro-
vides a high-quality feature foundation while signifi-
cantly reducing computational overhead.

* Semantic-Aware Fusion Neck: We propose the SAF-
Neck to address the static fusion bottleneck. By replac-
ing static convolutions with a dynamic, input-adaptive
routing mechanism, this core innovation generates
specialized feature extraction strategies, preventing

minorityclass features from being marginalized.

¢ Imbalance-Robust Optimization: We incorporate the
SlideLoss function to specifically address class im-
balance from the optimization perspective, further
enhancing model robustness by focusing on hard-to-
classify samples.

Through extensive experimentation, we demonstrate
that SAF-YOLOV11 achieves a superior balance of accuracy
and speed, outperforming the baseline YOLOv11n [16-18]
and other state-of-the-art models, thus providing a robust
and practical solution for automated coal and gangue sort-

ing.

2. Improvement plan

To address the challenges of low target-background con-
trast, severe class imbalance, and object occlusion in indus-
trial sorting environments, we propose an improved model,

SAFYOLOvV11, based on the YOLOv11n [19] architecture.
Our method is designed to balance detection performance
with computational efficiency by systematically enhanc-
ing three key components of the detection pipeline: the
backbone, the neck, and the loss function. The overall
architecture of our proposed model is illustrated in Fig. 1.
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Fig. 1. The overall architecture of the proposed
SAF-YOLOv11 model, highlighting the LPSA-HGNetv2
backbone, the SAF-Neck, and the integration of the
SlideLoss function

2.1. Lightweight and High-Performance Backbone:
LPSA-HGNetv2

To address the accuracy-efficiency trade-off, we propose
LPSA-HGNetv2, a backbone network designed for a pow-
erful and hierarchically structured feature representation.
Its architecture, illustrated in Fig. 2, is built upon three core
components: an HGStem module, four HG-Stages, and an
efficient Probabilistic Spatial Attention (PSA) module.

The fundamental structure of LPSA-HGNetv2 is com-
posed of HGBlock modules [20] and is optimized with
Depthwise Separable Convolutions (DWConv) to reduce
computational cost. To prevent information redundancy
during multi-scale fusion, we introduce a Lightweight Con-
volution Unit (LCU) at different stages [21], following a
hierarchical enhancement strategy: lower-level stages pre-
serve semantic integrity, while higher-level stages focus on
fine-grained details.

A key optimization is the replacement of the original
C2PSA module with our PSA module. Inspired by the prob-
abilistic outputs of Support Vector Machines (SVMs), PSA
enhances computational efficiency by using Platt Scaling
to map decision values to a probability distribution. This
approach avoids complex branching computations and re-
duces the time complexity for kernel matrix calculations
from O (D?) to O(DlogD) in lower-dimensional feature
spaces, making it highly effective and parameter-efficient.
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HGStem and HG-Stages: The HGStem module pro-
cesses the input via a dual-path mechanism (max-pooling
and convolution) to generate a feature map at 1/4 of the
original size, significantly reducing the initial computa-
tional load. Subsequently, the four HG-Stages extract multi-
scale features. We strategically embed 1, 2, and 1 LCU mod-
ules into Stages 2, 3, and 4, respectively. These units are
combined with Depthwise Separable Convolutions (DW-
Conv) to construct a high-efficiency feature hierarchy that
enriches representation without substantial overhead.

The efficiency of using DWConv over standard convo-
lution is evident from its computational complexity. The
parameter count (P) and floating-point operations (FLOPs,
F) for a standard convolution are:

P=Cj XCout Xx KX K )
F=Cy XCout X HXW xKx K

For DWConv, these are:

{ Ppw = Cin ><Kz‘i‘Cin x Cout
Fpw = Cin X HX W X K? + Cin, X Cout X HX W
)
where Cj, and Coyt are the input/output channels, K is
the kernel size, and H, W are the feature map dimensions.
The ratio of their parameter counts is:

P, F 1 1
pw _ fow _ 3)

p F  Cout +1<2

Eq. (3) shows that the parameter count and computa-
tional cost of DWConv are substantially lower than those
of standard convolution.
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Fig. 2. The detailed architecture of the LPSA-HGNetv2
backbone, showing the HGStem, four HG-Stages with
integrated DWConv and LightConv modules, and the final
SPPF and PSA modules. The dimensions of the output
feature maps at each stage are also indicated

2.2. Semantic-Aware Fusion Neck: A Paradigm Shift
from Static to Dynamic Adaptive Fusion
2.2.1. Motivation: The Fundamental Limitation of Conventional
Feature Fusion

The neck component of a detector is critical for fusing multi-
scale features from the backbone. However, conventional
necks like FPN [22], illustrated in Fig. 3A, and PANet [22],il-
lustrated in Fig. 3B, rely on static convolutions. These
networks use a fixed set of kernels for all inputs, which
becomes a significant limitation in class-imbalanced scenar-
ios. The learned kernels inevitably become biased towards
the majority class, suppressing the unique features of the
minority class.

Conventional networks rely on fixed, content-agnostic
kernels that apply identical parameters to all inputs. Under
severe class imbalance, these kernels inevitably bias toward
the majority class during training, effectively becoming
"majority experts”. Consequently, subtle minority-class
features are marginalized or lost. This structural "static
fusion bottleneck" creates a representational deficit that
cannot be fully resolved by back-end loss functions alone.

2.2.2. SAF-Neck: A New Paradigm of "Dynamic, Tailored” Fusion

To fundamentally break this bottleneck, we propose the
SAF-Neck. Its core idea is to introduce a new paradigm of
"dynamic, tailored" fusion, replacing the static convolution
with a dynamic, input-adaptive mechanism. SAF-Neck
is not a mere technical replacement but a new problem-
solving philosophy: it empowers the network to dynam-
ically "tailor" the most suitable convolutional kernel for
each fusion operation based on the semantic content of the
input [23]. The mechanism works by using a lightweight
attention module to analyze the global semantic informa-
tion of an input feature map. Based on this analysis, it
linearly combines multiple base kernels from a pre-defined
"expert kernel pool" to synthesize an optimal, dynamic
kernel specifically for the current input.

This adaptive mechanism brings a qualitative change.
For instance, when processing an image containing the
minority-class "coal”, the attention network can guide the
generation of a kernel that specializes in capturing its
unique texture and detailed features. Conversely, when
processing the majority-class "gangue", it can generate a
different kernel that focuses on its overall shape and con-
tour. In this manner, SAF-Neck ensures that minority-class
samples receive high-quality, discriminative feature repre-
sentations, fundamentally preventing their features from
being masked by those of the majority class during fu-
sion and significantly mitigating the representational bias
caused by class imbalance.
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2.2.3. Implementation and Synergy

Our SAF-Neck architecture is built upon the efficient
Bidirectional Feature Pyramid Network (BiFPN) struc-
ture, which utilizes weighted feature fusion with learnable
weights as defined in Eq. (4).

_ Wi
szwj+e

1

0= I 4)
where w; are learnable weights and € is a small value
for numerical stability.
In a typical BiFPN node, such as the one described in
Eq. (5), Eq. (6), the primary limitation is the static Conv
operation, which is content-agnostic.

wy - P" 4 w; - Resize( P!,
Pitd = Conv | Swish ! ( i )
w1 t+wy+€
| (5)
w) - P 4 wh - P

+wh - Resize(Pf_”{) ) > (6)

wy +wh+wh+e

P! = Conv <Swish (

where Pl-in , Pl-tCl ,and P denote input, top-down, and
bottom-up features at level i, while w and w’ are learn-
able weights. Our key innovation is to replace this static
operation with a dynamic, content-adaptive mechanism
using Dynamic Convolution (DyConv). Instead of a fixed
filter, DyConv maintains a pool of M "expert" kernels and,
as shown in Eq. (7), linearly combines them into a single,
tailored dynamic kernel using input-specific coefficients
generated by the attention mechanism detailed in Eq. (8).

=

W' (a(X)) = i (X) Wi )

m=1

where the attention coefficients a(X) =

{a1(X), ..., ap(X)} are generated as follows:

a(X) = Softmax(MLP(GlobalAvgPool(X))) (8)

Specifically, input X undergoes GAP and MLP process-
ing to extract global features. These are normalized via
Softmax to generate weights a, which linearly combine M
expert kernels into a unified content-adaptive convolution
kernel.

By integrating this dynamic process into the BiFPN
framework, we derive the unified mathematical expression
for the SAF-Neck node: first, input features are fused via
a weighted scheme to produce X,seq as shown in Eq. (9);
subsequently, this fused feature map is processed by our
dynamically generated kernel, as detailed in Eq. (10).

wy - P + w; - Resize <Pfj‘:1)

w+wy +€

Xfused = Swish

©)

, M

p;d-dyﬂamlc = kz‘i X (Xfused ) ’ (WI: * Xfused ) (10)
The fused feature is then processed by our dynamically
generated kernel. This design not only transforms the en-
tire feature fusion process into a content-aware, adaptive
operation but also achieves exceptional computational effi-
ciency. Unlike complex modules that typically increase the
computational burden, our ablation study demonstrates
that the introduction of SAF-Neck is a key contributor to re-
ducing the model’s overall GFLOPs from 6.6 to 5.7. A stan-
dard convolutional layer has a computational cost (FLOPs)

of:

FLOPs = W' x H' x Cout X Cin x K x K (11)

The computational cost for the SAF-Neck, incorporating
the dynamic kernel generation, is given as:

FLOPs' = M x Cout X Cin X K x K+
W' X H x Cout X Cin x K x K+ (12)
C2 +MxCiy

This efficiency stems from the inherent mechanism of
dynamic convolution: while it leverages M expert ker-
nels, these are aggregated into a single kernel before the
convolution operation is performed, keeping its inference-
stage computational cost comparable to a standard convo-
lution. This unique combination of powerful performance
and computational economy makes SAF-Neck particularly
effective. Finally, this "front-end feature enhancement”
paradigm forms a powerful synergy with the SlideLoss
function we adopt at the optimization level, creating a
complete "front-end feature enhancement and back-end
optimization guidance” pipeline.

The implementation details are provided in algorithm 1
and in Fig. 3C.

2.3. Imbalance-Robust Loss Function: SlideLoss

The significant class imbalance in the dataset poses a major
challenge to model training. To address this, we introduce
the SlideLoss function [24] to replace the standard loss
function. SlideLoss is specifically designed to mitigate the
effects of class imbalance by dynamically reweighting sam-
ples based on their difficulty. Its core mechanism focuses
the model’s attention on hard examples that are difficult to
classify correctly.
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Fig. 3. Comparison of feature fusion network architectures.
(A) FPN with a top-down pathway. (B) PANet adds a
bottom-up pathway. (C) Our proposed SAF-Neck, which
employs dynamic convolution to generate input-adaptive
fusion strategies, illustrated by two different scenarios for
coal and gangue class features

As a loss function, SlideLoss features an adaptive re-
weighting scheme that dynamically adjusts the contribu-
tion of each sample to the total loss. This is achieved by
evaluating the model’s prediction against a predefined
threshold, u. The formula is given as:

1, x<pu—-01
fx) = {evt,

elfmu’ x> I

p—0l<x<u (13)

Here, x denotes the prediction score (e.g., IoU) and p is
the threshold distinguishing easy from hard samples. Slide-
Loss assigns higher weights to "hard examples" (x < u )
located near the decision boundary, such as visually similar
coal and gangue. This prevents scarce minority samples
from being overlooked, compelling the model to learn ro-
bust discriminative features for improved generalization
in imbalanced scenarios.

3. Experiments

3.1. Dataset and Preprocessing

The dataset was collected at the Fuli Coal Mine in Hegang
City, Heilongjiang Province. To simulate a controlled in-
dustrial environment, data was acquired using a light-
blocking enclosure over a conveyor belt, illuminated by
six uniform strip light sources. We used a Hikvision MV-
CS050-60GC industrial camera. After filtering, we obtained
a final dataset of 3,564 images, which were manually anno-
tated using Labellmg. This yielded 18,552 object instances:
17,729 for gangue and 823 for coal. The dataset was divided
into training (64%), validation (16%), and test (20%) sets.

3.2. Implementation Details

Experiments were conducted on a workstation with an
Intel Core i5-12400F CPU and an NVIDIA GeForce RTX
4060 GPU ( 8 GB VRAM). The software environment was
Python 3.9.19 and PyTorch 1.11.0, with CUDA 11.3. All

Algorithm 1. SAF-Neck Implementation Pseudocode

Require: Feature maps {Ps, Py, Ps, Ps, P7}

Require: Number of dynamic experts X

Ensure: Refined multi-scale features
1: function DYCONV(x)
2. Initialize expert convolution kernels {K;}X |
3: Compute attention weights:

« < Softmax(Conv(GAP(x)))

4: Aggregate dynamic kernel:
X
K + Z [ K;
i=1

5 return Conv2D(x, K)

6: function BIFPNBLOCK(P;, Py, Ps, Pg, Py)
7: Select convolution type:

DyConv, if dynamic fusion enabled
Conv <

Conv2D, otherwise

8: Perform top-down and bottom-up feature fusion
9: Fuse P; — P using upsampling and convolution
10:  Fuse remaining feature levels iteratively
11: return {P}, P, P, P, P)}

input images were resized to 640 x 640 pixels. We used a
batch size of 8 and trained all models for 300 epochs, with
an initial learning rate of 0.01.Furthermore, the pixel values
of the input images were normalized to the range of [0, 1]
by dividing by 255.0 to facilitate model convergence.

3.3. Evaluation Metrics

We adopted standard metrics including Precision, Recall,
F1-Score, mean Average Precision (mAP), and GFLOPs.
The formulas are as follows:

.. TP
Precision = TP FP (14)
TP
Recall = TP+ EN (15)

Precision x Recall
F1— =2 1
Score x Precision + Recall (16)

1N
AP = =) AP 17
mAP = 1 YL AP a7

In our experiments, we report mAP at a fixed IoU thresh-
old of 0.5 (denoted as mAP@0.5) and the mAP averaged
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over IoU thresholds from 0.5 to 0.95 in steps of 0.05 (de-
noted as mAP@.5:.95). GFLOPs: Giga Floating Point Oper-
ations. This metric measures the computational complexity
required for a single forward pass of the model on a given
input size, indicating its inference speed.

3.4. Ablation Study

To validate the contribution of each component, we con-
ducted a series of ablation experiments. The results are
detailed in Table 1. The study confirms that while each
component provides individual benefits, their true strength
lies in their synergistic integration. The final SAF-YOLOv11
model outperforms the baseline by 4.1% in Fl-score while
being 9.5% more efficient in terms of GFLOPs.

To systematically validate the contribution of each pro-
posed component, we conducted a series of ablation experi-
ments. Starting with the YOLOv11n baseline, we incremen-
tally integrated our proposed modules-LPSA-HGNetv2,
SlideLoss, and SAF-Neck and evaluated the model’s per-
formance at each stage. The detailed results are presented
in Table 1.

Effect of LPSA-HGNetv2 Backbone: When replacing the
original backbone with LPSAHGNetv2 (Model 2 vs. Model
1), we observe a significant performance improvement. The
mAP@0.5 increases by 1.1 percentage points (from 92.4% to
93.5% ). More importantly, the precision and recall for the
minority class "coal" rise by 3.0% (from 81.9% to 84.9% ) and
3.5% (from 81.3% to 84.8% ), respectively. This confirms that
LPSA-HGNetv2 provides a superior feature representation.
Simultaneously, the computational cost remains identical
to the original model (both at 6.6 GFLOPs), establishing a
stronger foundation for subsequent modules.

Effect of SlideLoss: Integrating SlideLoss directly into
the baseline model (Model 3 vs. Model 1) addresses the
class imbalance problem head-on. Without altering the net-
work architecture, the introduction of SlideLoss boosts the
precision and recall for the "coal" class by 4.7% (from 81.9%
to 86.6% ) and 4.7% (from 81.3% to 86.0% ), respectively.
This strongly demonstrates its effectiveness in forcing the
model to focus on hard-to-classify, minority-class samples.

Effect of SAF-Neck: The most critical analysis comes
from isolating the impact of our core innovation, the SAF-
Neck. We compare our final model (Model 7) with a model
that includes LPSA-HGNetv2 and SlideLoss but lacks the
dynamic neck (Model 5). The addition of SAF-Neck not
only elevates the final mMAP@0.5 and F 1 -score to 94.1% and
0.904 , respectively, but also increases the recall for "coal"
by a notable 2.3 percentage points (from 84.8% to 87.1% ).
Critically, it also significantly reduces the computational
cost, lowering the GFLOPs from 6.6 to 5.7. This result

is pivotal, as it shows that the dynamic, content-aware
fusion mechanism of SAF-Neck enables a more efficient
feature processing pipeline, more than compensating for
the overhead of other modules.

Conclusion: The ablation study confirms that while each
component provides individual benefits, their true strength
lies in their synergistic integration. The final SAF-YOLOv11
model is not merely a stack of modules but a systematic
architectural redesign. In this design, a more powerful
backbone (LPSA-HGNetv2) and a specialized loss function
(SlideLoss) create the ideal conditions for our dynamic neck
(SAF-Neck) to simultaneously achieve superior accuracy
and computational efficiency. The final model (Model 7)
outperforms the baseline (Model 1) by 4.1 percentage points
in Fl-score (from 0.863 to 0.904 ) while being 13.6% more
computationally efficient (GFLOPs reduced from 6.6 to 5.7).

3.5. Comparative test

To comprehensively benchmark the performance of SAF-
YOLOV11, we conducted a comparative analysis against
several classic and state-of-the-art (SOTA) object detec-
tion models. These include SSD, YOLOv3-tiny, YOLOV4,
YOLOv6, YOLOvVS8s, YOLOv10n, and YOLOv11s. All mod-
els were trained and evaluated under identical experimen-
tal conditions on our self-constructed coal and gangue
dataset.

As summarized in Table 1, the results highlight the su-
perior overall performance of our proposed SAF-YOLOv11
model. It achieves the highest scores across multiple
key metrics, including an overall Precision of 92.3%, an
mAP@O0.5 of 94.1%, and an F1-Score of 0.904 . Notably, it
also excels in identifying the challenging minority class,
"coal," attaining the highest recall of 87.1%. This metric is
critical for minimizing the loss of valuable resources (coal)
during industrial sorting.

A core advantage of our model lies in its unparal-
leled balance between accuracy and computational effi-
ciency. While delivering top-tier detection accuracy, SAF-
YOLOV11 operates at a mere 5.7 GFLOPs. This is far
more efficient than other high-performing models like
YOLOVSs (28.4 GFLOPs) and YOLOv11s ( 21.3 GFLOPs),
requiring only 20% and 27% of their respective computa-
tional resources. Its efficiency even surpasses well-known
lightweight models such as YOLOv3-tiny (14.3 GFLOPs)
and YOLOv10n (8.2 GFLOPs), making it the most compu-
tationally economical model among all competitors.

In conclusion, the comparative experiments validate
that SAF-YOLOV11 establishes a new SOTA performance
benchmark for this task. It offers a highly effective and
powerful solution that is perfectly suited for deployment
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Table 1. Ablation study results on the coal-gangue dataset

Model P (%) P(coal) (%) R (%) R(coal)(%) mAP@0.5(%) GFLOPs F1
(1) YOLOv11n 89.5 81.9 83.4 81.3 924 6.6 0.863
(2) YOLOv1ln + LPSA-HGNetv2 90.8 84.9 87.5 84.8 93.5 6.6 0.891
(3) YOLOv11n + SlideLoss 91.5 86.6 87.7 86.0 93.5 6.3 0.895
(4) YOLOv1ln + BiFPN 91.7 86.7 87.3 85.4 93.1 7.0 0.894
(5) YOLOv11n + SlideLoss + LPSA-HGNetv2 91.9 87.6 87.3 84.8 94.0 6.6 0.895
(6) YOLOv11n + LPSA-HGNetv2 + BiFPN + SlideLoss ~ 90.9 85.5 87.8 85.4 93.8 6.5 0.893
(7) SAF-YOLOv11 (Ours) 92.3 87.8 88.6 87.1 94.1 5.7 0.904

in resource-constrained industrial environments.

3.6. Heatmap

To visually interpret model behavior, we used Grad-CAM
[28] to generate class activation heatmaps. As illustrated
in Fig. 4, the heatmaps for SAF-YOLOV11 are significantly
more focused than the baseline. This improved focus is
a direct result of the SAF-Neck. Furthermore, the detec-
tion results in Fig. 5 demonstrate that the SAF-YOLOv11
model successfully detects objects missed by the baseline
and exhibits higher confidence scores, particularly for the
minority "coal" class.

Fig. 4. Grad-CAM visualization comparing the feature
localization capabilities of SAF-YOLOvV11 and the baseline
model. (a) Original input images. (b) Class activation

heatmaps of the baseline YOLOv11n model, showing
diffuse activation. (c) Heatmaps of our proposed
SAF-YOLOv11, demonstrating precise focus on target
objects

3.7. Limitations

Despite robust performance, limitations exist. Missed de-
tections may occur under extreme occlusion or low illu-
mination where visual features become indistinguishable.
Additionally, high-speed motion blur can occasionally af-
fect localization accuracy. Future work will explore multi-
modal fusion to resolve these physical constraints.

4. Conclusion

In this paper, we addressed challenges in industrial coal
and gangue sorting. We proposed SAF-YOLOV1], a re-

Fig. 5. Comparison of detection performance between
SAF-YOLOv11 and the baseline model in complex
industrial scenarios. (a) Challenging samples. (b)
Detection results from the baseline YOLOv11n, showing

missed detections. (c) Detection results from our proposed
SAFYOLOvV11, which successfully detects all targets

designed architecture that balances detection performance

and computational cost. Our main contributions are:

¢ We introduced the Semantic-Aware Fusion Neck (SAF-
Neck), a core innovation using a dynamic, input-
adaptive routing mechanism to mitigate class imbal-
ance at the feature level.

* We developed a synergistic architecture where a high-
performance backbone (LPSA-HGNetv2) and the SAF-
Neck resolve the accuracy-efficiency bottleneck.

¢ We integrated the SlideLoss function, creating a com-
prehensive solution with front-end feature enhance-
ment and back-end optimization.

Experimental results demonstrate that SAF-YOLOv11
outperforms the baseline, improving the Fl-score by 4.1%
and coal recall by 5.8% while reducing computational load
by 13.6%. Benchmarks confirm it as a robust, efficient solu-
tion for automated coal and gangue identification in imbal-
anced industrial environments.
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Table 2. Performance comparison with other state-of-the-art models on the coal-gangue dataset

Model | P (%) P (coal) (%) R (%) R (coal) (%) mAP@0.5 (%) GFLOPs | F1
SSD [25] - - - - 85.2 - -
YOLOv3-tiny 913 885 843 763 93.6 14.3 0.876
YOLOV4 [26] - - - - 89.0 38.9 -
YOLOv6 86.6 777 881 848 924 11.5 0.873
YOLOv8s 919 885 886 86.0 925 28.4 0.902
YOLOv10n 90.8 86.7 884 848 939 8.2 0.895
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Fine-tunedYOLOv5s [27] - - - - 93.0 6.0 -
SAF-YOLOv11 (Ours) 923 878 886 871 941 5.7 0.904
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Liaoning Provincial Science and Technology Plan Joint Plan on Industrial Informatics 17(5): 3450-3459.
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"Research on robot active perception technology for in- mental improvement” arXiv preprint arXiv:1804.02767:
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