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Abstract

Real-time instance segmentation of low-grade graphite ores is essential for intelligent
mineral-sorting systems, yet existing methods often struggle to balance segmentation accu-
racy, computational efficiency, and lightweight deployment under irregular boundaries,
multi-scale targets, and complex illumination conditions. To address these challenges,
this paper proposes LGG-YOLO-Seg, a lightweight and efficient instance segmentation
framework based on YOLO11-seg. First, a compact baseline is constructed through depth
scaling to reduce redundant computation and model complexity. Then, Linear Deformable
Convolution (LDConv) is embedded into the backbone to enhance adaptive feature extrac-
tion for irregular ore boundaries. Meanwhile, the feature extraction module is redesigned
as C3k2-PKI using multi-kernel and depthwise separable convolutions to improve multi-
scale representation capability. In addition, a lightweight Segment-EfficientHead is in-
troduced to reduce computational overhead while maintaining segmentation accuracy.
Experiments conducted on a self-constructed graphite ore dataset demonstrate that LGG-
YOLO-Seg improves mAP50box and mAP50mask by 0.9% and 0.4%, respectively, compared
with YOLO11n-seg while reducing FLOPs, parameters, and model size by 28.8%, 55.6%,
and 55.1%, respectively, with an 11.0% increase in inference speed, showing strong potential
for real-time industrial sorting and edge deployment.

Keywords: instance segmentation; LGG-YOLO-Seg; graphite ore sorting; deformable
convolution; lightweight model; edge deployment

1. Introduction
Graphite ore is a critical strategic resource supporting the development of high-tech

industries such as new energy and advanced materials. Owing to its multifunctionality
and unique properties, graphite has become an indispensable material across numerous
industrial and high-end technological applications [1,2]. Notably, graphite maintains
excellent hardness and strength even at extreme temperatures up to 3600 ◦C [3]. Moreover,
its characteristic layered crystal structure endows it with a range of outstanding properties,
enabling widespread use in cutting-edge fields including lithium-ion batteries, fuel cells,
electronic devices, optical fibers, spintronics, refractory materials, consumer electronics,
and new energy electric vehicles [4,5]. In particular, with the rapid growth of the electric
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vehicle sector in recent years, graphite, as the core anode material in lithium-ion batteries,
directly influences key performance metrics such as cycle life, energy density, and power
density, and indirectly affects battery design and overall performance [6].

The grade of graphite ore refers to the mass percentage of valuable carbon components
and serves as a key indicator for evaluating fixed carbon content. This metric not only
reflects the economic value of mineral resources but also provides an essential basis for as-
sessing mining feasibility and guiding operational decision-making [7]. Low-grade graphite
ores are typically characterized by low carbon content, abundant impurities, and complex
structures [8], resulting in limited overall utilization efficiency. Inadequate screening and
identification during production may lead to the mixing of low-grade ores into downstream
processes, which not only reduces product stability but also significantly increases energy
consumption and equipment wear, thereby raising production costs and causing resource
waste. Moreover, inefficient mineral sorting can increase tailings’ discharge, posing adverse
impacts on the ecological environment and green mining development [9]. Therefore, devel-
oping an accurate and efficient method for low-grade graphite ore identification, enabling
fast and reliable intelligent discrimination at the front end of sorting, is of great signifi-
cance for improving resource utilization, reducing energy consumption and environmental
burden, and promoting the intelligent transformation of graphite processing.

Traditional graphite ore sorting has long relied on a combination of manual experi-
ence and physical and chemical methods, including crushing, flotation, and reagent-based
treatments to achieve mineral separation [10,11]. Such approaches are often characterized
by lengthy workflows, high energy consumption, and strong dependence on operator
expertise. In addition, the use of chemical reagents may lead to environmental pollution,
making these methods less suitable for modern requirements of green mining and efficient
production. Subsequently, machine learning techniques were introduced into ore sorting,
where features such as color, texture, and morphology are combined with classification
models for automated identification [12], improving automation and processing efficiency
to some extent. However, their performance heavily depends on the quality of handcrafted
features and tends to be unstable under complex illumination and noisy backgrounds.
Furthermore, they are limited in their ability to extract deep discriminative representations
from raw data, which restricts their robustness in real-world mining environments [13,14].
In recent years, deep learning has driven the intelligent development of graphite ore
sorting. Models based on object detection and image segmentation can learn discrimina-
tive features in an end-to-end manner, significantly improving recognition accuracy and
robustness [15,16]. Nevertheless, existing deep learning models are often characterized by
large parameter sizes and high computational complexity, along with stringent hardware
and real-time requirements, which hinder their deployment in on-site mining scenarios
and resource-constrained edge devices.

To address the limitations of traditional and machine learning methods in feature
representation and environmental adaptability, as well as the difficulty of existing deep
learning approaches in balancing segmentation accuracy and efficiency, this paper pro-
poses an efficient instance segmentation method for low-grade graphite ore based on an
improved YOLO11-seg framework. The proposed method not only significantly enhances
segmentation accuracy but also effectively reduces model complexity and parameter scale,
achieving a favorable trade-off between performance and inference efficiency. This pro-
vides a practical and effective solution for accurate identification and efficient sorting of
low-grade graphite ores. The main contributions of this work are summarized as follows:

• To tackle practical challenges such as high annotation cost, limited data availabil-
ity, and complex on-site imaging conditions, a representative graphite ore dataset
is constructed. Ore samples are collected from real mining environments and their
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grade levels are accurately determined through chemical analysis. Images are cap-
tured under multiple exposure conditions to simulate realistic illumination variations,
and finely annotated to form a dataset containing two grade categories and three
exposure settings, providing a reliable foundation for model training and evaluation.
This dataset also provides a task-specific basis for evaluating lightweight instance
segmentation methods in low-grade graphite ore-sorting scenarios.

• Without altering the overall architecture and global width of the original network, the
model depth and maximum channel parameters are adjusted to reduce redundant
module stacking in both the backbone and feature fusion layers. Based on this, a
more compact YOLO11cp-seg model is developed, which significantly decreases com-
putational cost and parameter size while preserving essential feature representation
capability for segmentation tasks.

• To the best of our knowledge, this study is among the first attempts to introduce Linear
Deformable Convolution (LDConv) into low-grade graphite ore instance segmentation.
Linear Deformable Convolution (LDConv) is introduced into the backbone to replace
conventional downsampling convolutions, enabling adaptive receptive fields that
dynamically adjust to ore shapes. This design preserves critical texture and boundary
information while suppressing background interference, thereby improving multi-
scale feature extraction and enhancing robustness and efficiency in complex industrial
environments. Compared with standard convolutional downsampling, this design is
more suitable for boundary-sensitive feature extraction of irregular ore particles.

• The original C3k2 module is redesigned by embedding a multi-scale PKI structure to
form the C3k2-PKI module. This design is intended as an application-specific feature
extraction enhancement for low-grade graphite ore images, rather than a completely
new multi-kernel modeling paradigm. The module captures features of ores at dif-
ferent scales through multi-level convolutions while employing depthwise separable
convolutions to control computational overhead, thereby enhancing information flow
and multi-scale feature aggregation. Compared with standard feature extraction mod-
ules, C3k2-PKI is better suited to the multi-scale particle distribution and complex
surface textures of low-grade graphite ores.

• For industrial segmentation scenarios with limited categories and relatively simple
structures, the segmentation head is redesigned as a Segment-EfficientHead. The
purpose of this design is to reduce redundant computation in the segmentation head
according to the task characteristics of low-grade graphite ore sorting. By optimizing
convolutional structures and adopting parameter sharing, the proposed head reduces
computational burden and model size while maintaining mask accuracy, enabling
faster inference and lower resource consumption suitable for real-time deployment in
industrial settings. This task-oriented lightweight head differs from general segmen-
tation heads by reducing redundant computation according to the limited-category
characteristics of low-grade graphite ore sorting.

2. Related Work
Traditional ore-sorting methods predominantly rely on manual experience, supple-

mented by physical separation and chemical processing techniques. Typically, ores are first
roughly separated based on visual appearance and empirical judgment through manual
sorting, followed by mineral separation using processes such as crushing, flotation, and
reagent treatment. Although these conventional approaches can achieve relatively accurate
sorting results to some extent, they suffer from several inherent limitations. In particular,
the rising cost of manual labor and the prolonged sorting cycle significantly reduce their
economic efficiency [17]. Moreover, the heavy dependence on operator expertise intro-
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duces strong subjectivity, resulting in limited stability and poor standardization, making
quantitative analysis difficult. In addition, traditional graphite ore-grade evaluation pri-
marily depends on physical and chemical analysis methods, including manual sampling
and instrumental techniques such as X-ray diffraction (XRD) and LECO carbon–sulfur
analyzers [18,19]. For instance, Cui et al. [20] analyzed the physicochemical properties of
flake graphite ore using XRD and electron microscopy, providing insights for beneficiation
process optimization. Similarly, Sader et al. [21] employed a LECO carbon–sulfur analyzer
to combust samples and measure infrared absorption of carbon dioxide, enabling accurate
determination of total carbon content in graphite ores. Despite their high accuracy, these
methods are characterized by complex procedures, long processing cycles, and strong
dependence on labor and equipment, along with low efficiency in data acquisition and
organization, making them unsuitable for rapid, large-scale grade evaluation and efficient
segmentation tasks.

With the rapid advancement of machine vision and machine learning technologies,
ore-sorting methods that integrate mineral image analysis with learning algorithms have
gradually matured, emerging as an effective approach to improving sorting efficiency and
automation [22]. Early machine vision-based studies primarily relied on handcrafted fea-
tures such as color, texture, edges, and shape, combined with classifiers including support
vector machines, random forests, and shallow neural networks for ore recognition. While
these methods can achieve reasonable performance under controlled conditions and simple
backgrounds, their effectiveness is highly sensitive to feature design and image acquisition
environments. In complex scenarios involving surface reflections, occlusion, adhesion,
and subtle grade differences, they often suffer from insufficient feature representation and
limited generalization capability. For example, Shatwell et al. [23] proposed a real-time ore-
sorting method based on color and texture analysis, integrating image processing features
with machine learning models to enable rapid classification of gold and silver ore grades.
Their study demonstrated the practical value of traditional visual features in real-time
sorting while also highlighting limitations in scene adaptability and feature robustness.

With the continuous advancement of deep learning, researchers have increasingly
leveraged convolutional neural networks (CNNs) to automatically learn more discrimi-
native deep features from mineral images, thereby significantly reducing the reliance on
handcrafted feature engineering. Compared with traditional machine learning approaches,
deep learning models can more effectively capture ore texture, color distribution, and
local structural variations under complex backgrounds, demonstrating superior robustness
and adaptability in ore image classification and grade recognition tasks. For instance, Liu
et al. [24] systematically investigated the impact of network depth, model architecture, and
dataset scale on ore image classification performance, highlighting the strong application
potential of lightweight deep models in ore-sorting scenarios. Furthermore, they summa-
rized recent advances in deep learning for digital mineral image classification, indicating a
paradigm shift from shallow models relying on manual expertise toward end-to-end feature
learning frameworks, which exhibit clear advantages in multi-class mineral recognition,
complex texture modeling, and industrial automation analysis [25].

Building upon these developments, mineral image analysis has gradually evolved
from image-level classification to pixel-level segmentation. Compared with classification
and object detection, image segmentation provides more precise boundary delineation
and region-level representation, making it more suitable for industrial scenarios charac-
terized by complex particle contours, severe adhesion, and significant scale variations.
Moreover, segmentation offers fine-grained data support for downstream tasks such as
particle size analysis and automated process control. For example, Ferreira et al. [26]
employed Mask R-CNN to perform instance segmentation of quartz particles in iron ore
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microscopic images, achieving particle-level precise recognition. Similarly, Tang et al. [27]
proposed an improved YOLOv8n-based method for mineral recognition and segmentation,
demonstrating promising performance in handling fine-grained targets.

From the perspective of general computer vision development, models such as U-Net,
Mask R-CNN, and YOLACT have provided important references for industrial mineral
segmentation. Ronneberger et al. [28] proposed U-Net, which enhances the fusion of
fine-grained details and semantic information through an encoder–decoder architecture.
He et al. [29] introduced Mask R-CNN, achieving high-precision instance segmentation
by incorporating an additional mask branch. Bolya et al. [30] proposed YOLACT, which
balances segmentation accuracy and real-time performance. However, when directly
applied to low-grade graphite ore scenarios, these models still suffer from limitations such
as large parameter sizes, high computational overhead, and insufficient adaptability to
complex boundaries and multi-scale targets.

In recent years, deep learning research on ore recognition and grade detection has
increasingly focused on lightweight design and real-time deployment. For example, Xiang
et al. [31] proposed a graphite ore-grade recognition method that combines Faster R-CNN
with an attention mechanism, improving the representation of graphite texture features;
however, the two-stage architecture still limits real-time performance. Qiu et al. [32] further
proposed Stellar-YOLO for graphite ore-grade detection, achieving a favorable balance
between accuracy and lightweight design. Nevertheless, this method mainly targets
object-level recognition and lacks dedicated design for instance-level mask generation and
fine-grained region representation. Moreover, its focus remains on detection performance
optimization, with relatively limited exploration of precise segmentation for complex
boundary targets.

Overall, existing studies have laid a solid foundation for intelligent ore recognition
and automated sorting, yet several challenges remain. Traditional vision-based methods
heavily depend on handcrafted features and environmental conditions, while a consid-
erable portion of deep learning research still focuses on classification or detection tasks.
Meanwhile, general-purpose segmentation models often struggle to simultaneously bal-
ance accuracy, lightweight design, and real-time performance. Therefore, considering the
challenges of complex illumination, irregular boundaries, and multi-scale distribution in
low-grade graphite ores, it is of great significance to develop efficient and lightweight
instance segmentation methods.

3. Methods
3.1. Original YOLO11-Seg Model

The YOLO series formulates object detection as a regression problem, enabling end-to-
end optimization and real-time inference [33]. In 2024, Ultralytics released the YOLO11-seg
algorithm, which includes five variants with different parameter scales (n, s, m, l, and
x) [34]. As one of the state-of-the-art instance segmentation models, its architecture mainly
consists of three components: a backbone, a neck, and a head. The overall structure and
detailed configurations are illustrated in Figure 1.

Compared with its predecessors, YOLO11 [35] introduces systematic improvements
at the architectural level. First, the backbone adopts a newly designed C3k2 module to
replace the original C2f module. By integrating variable convolution kernels and channel
separation strategies, this module significantly enhances deep feature extraction capabil-
ity in complex scenarios while reducing the number of parameters. Second, following
the Spatial Pyramid Pooling Fast (SPPF) layer, a C2PSA module equipped with a multi-
head attention mechanism is introduced, which effectively strengthens multi-scale feature
perception, fusion, and robustness to occlusion. Finally, the classification branch in the
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detection head incorporates depthwise separable convolution (DWConv), substantially
reducing computational overhead and accelerating inference.

Figure 1. Architecture of the YOLO11-seg network.

Considering the limited computational resources of edge devices in industrial sorting
scenarios of low-grade graphite ores, YOLO11n-seg is selected as the baseline model
due to its favorable balance between accuracy and lightweight deployment. Based on
this baseline, further improvements in the backbone and feature extraction architecture
are conducted to overcome performance bottlenecks and achieve efficient and intelligent
sorting of graphite ores.

3.2. Improved LGG-YOLO-Seg Model

To address the instance segmentation task of low-grade graphite ores in industrial envi-
ronments, this study proposes an improved LGG-YOLO-Seg model based on YOLO11-seg,
while also constructing YOLO11cp-seg as a lightweight transitional baseline. YOLO11cp-
seg retains the overall architecture and global width of the original network, but adjusts
network depth and optimizes module stacking, substantially reducing redundant com-
putations in both the backbone and feature fusion layers. This design preserves essential
feature representation capability while achieving lower parameter count and computational
overhead, providing a compact starting point for further enhancements.

Within the backbone, LGG-YOLO-Seg replaces standard downsampling convolutions
with Linear Deformable Convolutions (LDConv), enabling the convolutional kernels to
adaptively adjust receptive fields according to ore morphology and scale. This modification
enhances feature capture for irregular boundaries and complex textures, while avoiding
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the parameter and computational growth associated with conventional large receptive
fields. Furthermore, the original C3k2 module is redesigned as C3k2-PKI, which combines
multi-scale convolutional kernels with depthwise separable convolutions to expand feature
propagation paths and strengthen multi-scale information aggregation. This ensures robust
feature representation for both fine-grained particles and large ore blocks, improving
segmentation accuracy while controlling computational complexity.

Finally, for the segmentation head, LGG-YOLO-Seg introduces the Segment-EfficientHead
module tailored for industrial scenarios with few categories and relatively simple structures. By
optimizing convolutional structures and adopting weight-sharing strategies, this module
reduces redundant computation, generates masks efficiently with precise boundaries,
and maintains high-confidence predictions, ensuring robust segmentation under varying
ore layouts and illumination conditions. The overall architecture of LGG-YOLO-Seg is
illustrated in Figure 2.
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Figure 2. Architecture of the LGG-YOLO-Seg network.

It should be clarified that the proposed LGG-YOLO-Seg is not intended to claim that
all its basic components are newly invented from scratch. Several design ideas, such as
lightweight scaling, deformable convolution, multi-kernel feature extraction, and efficient
prediction heads, are inspired by previous studies. In this work, the novelty mainly lies
in their task-oriented modification, coordinated integration, and validation for low-grade
graphite ore instance segmentation. Specifically, LDConv is adopted and embedded into
the YOLO11-seg backbone to improve boundary-adaptive feature extraction for irregular
ore particles. For the C3k2-PKI module, the original C3k2 structure in YOLO11 is retained
as the basic feature-flow framework, while the internal bottleneck is modified by incor-
porating a PKI-based multi-kernel feature extraction structure and depthwise separable
convolutions. This modification is designed to enhance multi-scale representation for ore
particles with different sizes and complex surface textures while controlling computational
overhead. For Segment-EfficientHead, the novelty does not lie in proposing a completely

https://doi.org/10.3390/electronics15143012

https://doi.org/10.3390/electronics15143012


Electronics 2026, 15, 3012 8 of 27

new segmentation head paradigm, but in redesigning the head according to the limited-
category and real-time deployment characteristics of low-grade graphite ore sorting. By
simplifying redundant convolutional operations and introducing parameter-sharing strate-
gies, the head reduces computational cost while maintaining mask prediction capability.
Therefore, the main contribution of this work is an application-specific lightweight instance
segmentation framework that balances segmentation accuracy, model complexity, and
inference speed for industrial graphite ore sorting.

3.3. YOLO11cp-Seg

The YOLO11-seg series enables flexible scaling of network size (e.g., n, s, m, l, and x)
by introducing three key parameters: depth, width, and max_channels, allowing for adap-
tation to diverse application requirements [36]. Specifically, the depth parameter controls
the number of repeated feature extraction modules (e.g., C3k2), thereby determining the
overall network depth. The width parameter adjusts the number of channels in each layer,
influencing the network capacity. In addition, max_channels sets an upper bound on the
output channels of each layer, preventing excessive model size, memory consumption, and
computational burden, thus achieving a balance between performance and efficiency.

Although deeper architectures can enhance the ability to learn complex semantic
features, they inevitably incur substantial computational cost and memory overhead. Con-
sidering that this study focuses on instance segmentation of low-grade graphite ores, where
the number of target categories in practical industrial scenarios is relatively limited, even
the smallest baseline model in this series, YOLO11n-seg, still exhibits noticeable structural
and channel redundancy [37]. To further alleviate the performance bottleneck of edge de-
vices and improve inference efficiency, a global compression strategy is adopted to develop
a shallower and more compact lightweight baseline variant, termed YOLO11cp-seg.

Specifically, while preserving the original network architecture and global width, the
depth factor is reduced to 0.25 and the max_channels parameter is set to 512. This targeted
adjustment effectively decreases the number of repeated feature extraction modules in both
the backbone and neck, thereby eliminating redundant operations during feature extraction.
As a result, the proposed YOLO11cp-seg significantly reduces network depth, parameter
count, and floating-point operations (FLOPs), establishing a lightweight foundation for
subsequent construction of an efficient industrial-grade intelligent sorting model. A com-
parison of parameters and FLOPs under different scaling configurations of YOLO11-seg is
presented in Table 1.

Table 1. Comparison of scaling factors in YOLO11-seg models.

Model Depth Width Max_Channels Params (M) FLOPs (G)

YOLO11m-seg 0.5 1 512 22.36 123.6
YOLO11s-seg 0.5 0.5 1024 10.08 35.6
YOLO11n-seg 0.5 0.25 1024 2.84 10.4
YOLO11cp-seg 0.25 0.25 512 1.71 9.3

3.4. Linear Deformable Convolution (LDConv)

In the instance segmentation of low-grade graphite ores, target regions typically ex-
hibit highly irregular shapes and complex surface structures. Ore particles vary significantly
in size, boundary contours, and grayscale distribution, often accompanied by adhesion,
occlusion, and background interference. Standard convolution, relying on fixed-shape
kernels (e.g., 3 × 3 or 5 × 5), has a receptive field limited to local neighborhoods, and can-
not adaptively adjust to the actual geometric structure of ore particles [38]. Consequently,
when processing irregular boundaries or targets with varying scales, standard convolution
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tends to incorporate redundant background information, limiting its capacity to repre-
sent complex and variable structural features. Directly increasing kernel size to enlarge
the receptive field leads to a quadratic growth in model parameters and computational
complexity, which is unacceptable for edge devices requiring strict efficiency and memory
constraints in industrial real-time sorting systems.

To address these limitations and overcome edge-device performance bottlenecks, we
introduce a structurally flexible and computationally efficient Linear Deformable Con-
volution (LDConv) [39] into the YOLO11n-seg backbone, replacing part of the standard
convolution operations. The core of LDConv lies in generating initial sampling coordinates
based on a regular grid or prior knowledge and predicting offsets through a lightweight
convolutional branch, thereby dynamically adjusting each sampling location. This adaptive
sampling mechanism allows the convolution kernel to adjust its receptive field according
to the geometric shape of the target, enabling more precise focus on the ore body and
effective coverage of multi-scale and irregular targets. This adaptive modeling suppresses
background noise and enhances feature extraction flexibility and accuracy for irregular
shapes and fine-grained textures. Importantly, LDConv achieves highly efficient parameter
utilization: the quadratic parameter growth observed in standard or traditional deformable
convolutions is converted into linear growth [40]. The structure of the LDConv module is
illustrated in Figure 3.

C
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e

Resample
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Input

C,H,W 2N,H,W

Initial sampled shapes
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Figure 3. The structure of the LDConv module.

Before constructing the adaptive convolution kernel, the convolution center P0 is
initialized. The weighted aggregation of input features within the local neighborhood is
expressed as follows:

Conv(P0) = ∑PN∈R wPN × x(P0 + PN). (1)

where R represents the set of sampling positions covered by the kernel, wPN is the corre-
sponding weight, and x(P0 + PN) denotes the input feature at the relative position P0 + PN.
For an input feature map of dimensions (C, H, W), a lightweight convolution is employed
to learn the spatial offsets, producing a tensor of size (2N, H, W). These offsets are added to
the original sampling coordinates P0 + PN, generating new sampling locations that form
an adaptive, irregular spatial pattern. The module then resamples the feature map via
interpolation to obtain richer and more discriminative representations. To further improve
efficiency and reduce memory access overhead, LDConv fuses resampling, convolution,
and normalization operations, minimizing intermediate feature storage and transmission,
thereby enhancing computational compactness and execution efficiency.

By integrating LDConv into the backbone, the model achieves a balanced trade-
off between computational cost and feature representation, enhances multi-scale feature
modeling, reduces overall parameter volume, and provides critical technical support for
lightweight deployment in resource-constrained industrial environments.
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3.5. C3k2-PKI Module

Compared with earlier feature extraction structures such as C3 and C2f, C3k2 intro-
duces a more flexible feature transmission mechanism that effectively expands information
flow paths, thereby enhancing feature diversity and representation capability [41]. Mean-
while, its optimized branch design improves feature extraction efficiency while maintaining
fast inference. However, C3k2 still relies on convolution operations with fixed receptive
fields [42], which limits its adaptability in low-grade graphite ore instance segmentation.
In practical industrial scenarios, ore particles exhibit extreme scale variation: small targets
often present blurred boundaries and complex local textures, whereas large targets contain
broader global structural information. A single-scale receptive field is insufficient to simul-
taneously capture fine-grained details and global context, leading to either local semantic
loss or incomplete structural perception.

To address this limitation, we embed a Poly Kernel Inception (PKI) structure into C3k2,
replacing the original bottleneck and forming the proposed C3k2-PKI module (Figure 4),
while preserving the lightweight property of the backbone.
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Figure 4. Structure Diagram of the C3K2-PKI Module.

The core design integrates non-dilated multi-scale convolution with a context-aware
attention mechanism. First, a Context Anchor Attention (CAA) module is introduced
to enhance responses to small-scale ore targets. Specifically, a 7 × 7 average pooling is
applied for low-pass filtering to extract dominant regional features, followed by cascaded
cross-directional one-dimensional depthwise convolutions to model spatial dependencies.
The attention map is then generated via a Sigmoid activation:

Z = σ
(
Conv1×1

(
DWConv11×1

(
DWConv1×11

(
Conv1×1

(
AvgPool7×7(x

)))))
. (2)

where x denotes the input feature tensor, AvgPool represents the average pooling operation,
DWConv denotes depthwise separable convolution, σ is the Sigmoid activation function,
and Z is the resulting attention-weighted feature.

After attention refinement, the feature map is fed into the PKI core multi-branch
feature extraction network. To mitigate background noise introduced by large convolution
kernels, the PKI module discards dilated convolutions and instead adopts parameter-
efficient parallel multi-scale depthwise separable convolutions (DWConv). Specifically, a
3 × 3 depthwise convolution is first applied to encode local low-level features and extract
fundamental semantic information. The resulting features are then distributed into parallel
branches with different receptive fields, i.e., 5 × 5, 7 × 7, 9 × 9, and 11 × 11, to capture
multi-level contextual information. This multi-scale parallel process can be formulated
as follows:
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x1 = DWConv3×3(x), (3)

yi = DWConvs×s(x1), s = (i + 1)× 2 + 1, i = 1, . . . , 4. (4)

where x1 denotes the initially extracted local feature, and yi represents the output of each
parallel scale branch.

Finally, a 1 × 1 pointwise convolution is employed to perform efficient cross-channel
linear fusion of multi-scale receptive field features, formulated as follows:

X = Conv1×1(∑4
i=1 yi + x1). (5)

where X denotes the output multi-scale fused feature of the C3k2-PKI module. Notably,
although the proposed module significantly enlarges the effective receptive field and in-
corporates multi-level convolutional kernels, its design strictly adheres to the paradigm of
depthwise separable convolution and pointwise fusion, thereby effectively suppressing
the exponential growth of parameters and FLOPs. This lightweight yet expressive design
enables LGG-YOLO-Seg to robustly handle complex multi-scale ore structures while main-
taining high inference speed, making it well-suited for deployment on resource-constrained
edge devices.

3.6. Segment-EfficientHead

Unlike general segmentation tasks involving complex backgrounds and numerous
categories, this study focuses on low-grade graphite ore segmentation in a single industrial
environment, where the number of target categories is extremely limited. The original
YOLO11-seg head exhibits structural redundancy in generating bounding boxes and class
predictions. To better adapt to this scenario, we redesign the segmentation interface and
propose a simplified prediction module termed Segment-EfficientHead.

While strictly preserving the decoupled design between localization and classification,
the proposed head removes depthwise separable convolution (DWConv) from the classifi-
cation branch, thereby streamlining the head structure. This design enables the network
to learn task-specific representations for localization, classification, and segmentation in-
dependently, effectively reducing feature competition and improving detection accuracy.
Meanwhile, eliminating redundant convolution operations significantly reduces computa-
tional cost and accelerates inference, making the model more suitable for deployment on
resource-constrained edge devices.

The Segment-EfficientHead adopts a dual-branch architecture to efficiently perform
object detection and instance segmentation in parallel (Figure 5). Specifically, the detec-
tion branch predicts class scores, bounding box offsets, and a set of mask coefficients,
which are used to compute classification and localization losses. In parallel, the segmen-
tation branch generates a set of shared prototype masks at the global feature level [43].
During post-processing, non-maximum suppression (NMS) is first applied to remove re-
dundant detections, followed by a linear combination of the predicted mask coefficients
and corresponding prototype masks via matrix multiplication to produce instance-specific
coarse masks. The segmentation process is optimized using the binary cross-entropy (BCE)
loss. Finally, the coarse masks are refined through cropping and thresholding to obtain
high-quality instance segmentation results.
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Figure 5. Structure of the proposed Segment-EfficientHead.

4. Data and Experimental Preparation
4.1. Data Collection and Preprocessing

The graphite ore samples used to construct the instance segmentation dataset were
collected from the mining area of China Minmetals Group (Heilongjiang) Graphite Industry
Co., Ltd., located in Hegang City, Heilongjiang Province, China. This study focused on
medium-to-coarse ore fragments (2–15 cm) that were randomly sampled from conveyor
belts following secondary crushing. To acquire high-quality visual data, images were cap-
tured under the actual visible-light conditions of the beneficiation plant using a Hikrobot
MV-CA050-12GC industrial camera (Hikrobot, Hangzhou, China), providing a raw reso-
lution of 3744 × 3744 pixels. Considering the computational constraints of edge devices
and the standardized input requirements of deep learning models, the raw images were
cropped and resized to 1024 × 1024 pixels and stored in JPG format. The collected samples
exhibit pronounced compositional differences and clear texture features, making them
well-suited for feature extraction by computer vision algorithms.

To address texture degradation caused by high-speed conveyor motion, illumination
fluctuations, and ore variability in industrial dynamic sorting, a multi-exposure image
acquisition strategy was designed to enhance dataset diversity and surface detail repre-
sentation. Specifically, three exposure settings were employed: a short exposure of 400 µs
to suppress motion blur under high-speed conditions; a medium exposure of 600 µs to
capture balanced global texture under normal lighting; and a long exposure of 800 µs to en-
hance subtle details in low-reflectance or low-light scenarios. This multi-exposure scheme
effectively improves feature robustness and segmentation stability in complex industrial
environments. A total of 2128 valid images were collected, including 623 short-exposure,
796 medium-exposure, and 709 long-exposure samples. Representative examples under
different exposure conditions are shown in Figure 6.

           
(a)  (b)  (c) 

Figure 6. Representative graphite ore images under different exposure modes. (a) short exposure;
(b) medium exposure; (c) long exposure.

In graphite ore-grade identification, internal grade is strongly correlated with surface
visual characteristics. Specifically, high-grade ores, characterized by low impurity content
and strong light absorption, typically exhibit darker appearances. In contrast, low-grade
ores often contain light-colored gangue minerals such as quartz and silicates, resulting in
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higher surface reflectance and brighter visual appearance. To reduce the subjectivity of
category assignment, the grade labels used in this study were not determined solely based
on visual appearance. Instead, with the assistance of professional laboratory technicians, the
carbon content of ore samples was accurately measured using chemical analysis methods,
and the corresponding grade thresholds were determined according to the measured
carbon content and expert evaluation. In this study, samples with a carbon content of
0–10% were defined as low-grade graphite ores. To meet fine-grained industrial sorting
requirements, these low-grade samples were further divided into two subclasses: the
“below” category, corresponding to samples with a carbon content of 0–5%, and the “low”
category, corresponding to samples with a carbon content of 5–10%.

During the annotation process, the grade category of each ore sample was first deter-
mined based on the chemical analysis results and expert confirmation. Then, instance-level
annotations of the corresponding ore particles were manually completed by the author
using the LabelImg tool [44] according to the confirmed grade labels. Therefore, the anno-
tation process was guided by objective carbon-content thresholds rather than subjective
visual judgment alone. To ensure annotation quality, all annotations were checked after
labeling to verify the consistency between the chemical grade information, expert assess-
ment, and instance-level image annotations. For ore particles with ambiguous boundaries,
adhesion, or partial occlusion, the annotation was performed along the visible contour of
each instance as consistently as possible. When the boundary or category of an instance
could not be reliably determined, the sample was rechecked with reference to the original
image and the corresponding grade information, and highly uncertain cases were excluded
from the valid dataset. Because the annotations were not independently produced by mul-
tiple annotators, no formal inter-annotator agreement metric was calculated. Nevertheless,
the above manual quality-control procedure was adopted to reduce labeling errors and
improve dataset reliability. All annotations were converted into the standard .txt format
compatible with the YOLO framework.

Across all exposure conditions, a total of 21,536 annotated low-grade graphite ore
instances were obtained. Among them, the “below” category contains 12,173 instances
(56.53%), while the “low” category includes 9363 instances (43.47%), resulting in an approx-
imate ratio of 1.3:1. To ensure reliable training and evaluation, the dataset was randomly
split into training, validation, and test sets at a ratio of 8:1:1. It should be noted that the
split was performed at the acquisition-batch level rather than the individual-image level.
Specifically, images collected from the same conveyor sequence, acquisition session, or ore
batch were assigned to only one subset and did not appear simultaneously in the train-
ing, validation, and test sets. This strategy was adopted to avoid highly similar samples
from the same continuous acquisition process being distributed across different subsets,
thereby reducing the risk of data leakage and overly optimistic performance evaluation.
The detailed data distribution is summarized in Table 2.

Table 2. Detailed distribution of the dataset splits.

Category Training Set Validation Set Test Set Total

Total 17,198 (79.86%) 2168 (10.06%) 2170 (10.08%) 21,536 (100%)
Below 9715 (79.81%) 1233 (10.13%) 1225 (10.06%) 12,173 (56.53%)
Low 7483 (79.92%) 935 (9.99%) 945 (10.09%) 9363 (43.47%)

4.2. Experimental Environment and Hyperparameter Settings

To evaluate the effectiveness of the proposed LGG-YOLO-Seg for low-grade graphite
ore instance segmentation, a unified training configuration was adopted. Specifically, the
initial learning rate was set to 0.001, the batch size to 8, the number of data loading workers
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to 4, and the total training epochs to 200. The model was optimized using stochastic
gradient descent (SGD) to ensure stable convergence. To mitigate overfitting and reduce
unnecessary training cost, an early stopping strategy was employed with a patience of
50 epochs, i.e., training was terminated if no improvement in validation performance was
observed over 50 consecutive epochs. Furthermore, mosaic data augmentation [45] was
disabled during the final 10 epochs to alleviate excessive data perturbation and improve
convergence stability, thereby enhancing generalization performance on the test set.

All experiments were conducted on a workstation equipped with an Intel Core i5-
12490F CPU (3.00 GHz; Intel Corporation, Ho Chi Minh City, Vietnam) and an NVIDIA
GeForce RTX 3080 Ti GPU (NVIDIA Corporation, Santa Clara, CA, USA). The detailed
hardware and software configurations are summarized in Table 3. For FPS evaluation,
all models were tested under the same hardware and software environment using an
input size of 640 × 640 pixels and a batch size of 1. The confidence threshold was set to
0.25, and the NMS IoU threshold was set to 0.7, following the default YOLO inference
configuration. All inference tests were conducted using the PyTorch implementation under
FP32 precision, without ONNX, TensorRT, FP16, or other additional acceleration strategies.
The FPS values were calculated based on the average inference speed on the test set after
warm-up runs, and the same measurement protocol was applied to all compared models
to ensure fairness and reproducibility. In this study, the reported FPS includes image
preprocessing, model forward inference, NMS, and mask post-processing, but does not
include disk image loading time.

Table 3. Experimental Environment Configuration.

Name Parameter

System Windows10 (64bit)
CPU 12th-generation Intel Core i5-12490F

Memory 31 GB
GPU NVIDIA GeForce RTX 3080 Ti

Video Memory 11 GB
Programming Software Python 3.10.15

Deep Learning Framework PyTorch 2.5.1
GPU Acceleration Library CUDA11.8

4.3. Evaluation Metrics

To comprehensively and objectively validate the performance of the LGG-YOLO-Seg
model in practical industrial sorting scenarios, this study established an evaluation system
that considers both segmentation accuracy and network lightweight characteristics.

In terms of accuracy assessment, the core metrics include Precision (P) and the mean
Average Precision at an IoU threshold of 0.50 (mAP50). Considering the particularity
of instance segmentation tasks, the above accuracy metrics are further divided into four
specific sub-items: Pbox and Pmask, which measure the accuracy of bounding box localization
and mask generation, respectively, and mAP50box and mAP50mask, which reflect the overall
detection and segmentation performance.

Precision mainly reflects the reliability of the network’s positive predictions, i.e., the
proportion of correctly predicted positive samples among all samples predicted as positive,
and is calculated as follows:

Precision =
TP

TP + FP
× 100%. (6)

where TP denotes the number of positive samples that are correctly predicted as low-grade
graphite ores by the model, and FP represents the number of background or other objects
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that are incorrectly classified as low-grade ores. In addition, mAP50 is a key metric for
evaluating the overall performance of multi-class detection, which is obtained by averaging
the Average Precision (AP) over all categories. The specific mathematical expression is
given as follows:

mAP50 =
1
N ∑N

c=1 AP
0.5

c . (7)

Considering that the constructed graphite ore dataset in this study contains only
two subclasses, N = 2. APc0.5 represents the average precision of the c-th category at an
IoU threshold of 0.5.

In addition to accuracy, computational efficiency and the feasibility of deployment on
edge devices are also key evaluation aspects. In this study, four core metrics are selected to
quantify the lightweight characteristics of the network: floating-point operations (FLOPs),
frames per second (FPS), the total number of model parameters (Params), and model
size (Size). Among them, FPS directly reflects the inference efficiency and segmentation
speed of the algorithm in processing video streams, while FLOPs focuses on evaluating the
computational complexity required for a single forward inference, which is a critical factor
in determining whether real-time processing can be achieved on resource-constrained edge
devices [46]. The corresponding computational complexity is calculated as follows:

GFLOPS = W × H × K × K × Cin × Cout. (8)

In this definition, W and H correspond to the spatial width and height of the input
feature map, respectively, while K denotes the kernel size of the applied square convolution.
Cin and Cont represent the number of input channels and output channels, respectively,
where the latter is also equivalent to the number of convolution kernels used in the layer.

Finally, Params and Size jointly determine the memory consumption and generaliza-
tion capability of the model during operation. Effectively reducing these four lightweight
metrics is a prerequisite for successfully deploying the sorting system in complex and
resource-constrained industrial environments, enabling an optimal balance among hard-
ware availability, real-time inference, and high-precision segmentation.

5. Results and Analysis
5.1. Model Training

To verify the effectiveness of the proposed LGG-YOLO-Seg model in practical appli-
cations, training was conducted on the self-constructed low-grade graphite ore dataset
using the predefined hyperparameter settings, with YOLO11n-seg adopted as the baseline
model for comparative analysis. During the complete training process of 200 epochs, the
dynamic evolution of the mean Average Precision for segmentation masks (mAP50mask)
and segmentation loss (Seg Loss) is illustrated in Figure 7.

In the initial stage of model training (approximately the first 25 epochs), both network
architectures exhibit a rapid adaptation to the image features of graphite ores. During
this stage, the mAP50mask curve shows a sharp upward trend, while the corresponding
segmentation loss decreases rapidly, indicating that both models possess excellent initial
convergence performance.

As the training process progresses into the middle and later stages, significant dif-
ferences in feature learning dynamics between the two models begin to emerge. The
mask accuracy curve of the baseline YOLO11n-seg model, after reaching a high level,
exhibits frequent and noticeable fluctuations, while its segmentation loss remains slightly
higher than that of the improved model throughout the mid-to-late training stages. This
phenomenon reflects the limitation of the baseline model in capturing features with a

https://doi.org/10.3390/electronics15143012

https://doi.org/10.3390/electronics15143012


Electronics 2026, 15, 3012 16 of 27

single-scale receptive field when dealing with irregular shapes and complex textures of
low-grade ore boundaries.

(a)  (b) 

Figure 7. Training performance comparison between the LGG-YOLO-Seg model and the baseline
model. (a) mAP50mask-epochs curve; (b) seg loss-epochs curve.

In contrast, the proposed LGG-YOLO-Seg model demonstrates superior training ro-
bustness. As shown in the figure, the improved model not only maintains a faster and
smoother performance improvement during the rising phase, but also exhibits strong
convergence capability in the later stable stage. Its accuracy fluctuations are significantly
suppressed, and it ultimately converges to a slightly higher accuracy level than the base-
line model while maintaining the lowest overall loss. This stable and superior training
performance demonstrates that the integration of a lightweight backbone and multi-scale
feature extraction modules in LGG-YOLO-Seg effectively enhances the model’s ability to
capture deep features and adapt to low-grade graphite ores with diverse shapes in complex
industrial environments.

5.2. Ablation Experiments

To systematically evaluate the contributions of each improved module in the low-
grade graphite ore instance segmentation task, this study adopts the original YOLO11n-seg
as the baseline model and constructs an ablation experiment framework based on the
channel-scaled YOLO11cp-seg architecture, where improvement strategies are gradually in-
troduced. All experiments are conducted under identical data splits and training parameter
settings to ensure fairness and comparability of the results. On this basis, the independent
effects and synergistic contributions of different components on model performance are
analyzed by incrementally integrating each module, thereby comprehensively validating
the effectiveness and rationality of the proposed method.

This study focuses on three key improvement directions for structural design and
ablation analysis, which are summarized as follows:

A. Introducing Linear Deformable Convolution (LDConv) into the backbone network to
replace the standard convolution operations in the downsampling stages;

B. Reconstructing the original C3k2 feature extraction module by embedding the
PKI structure with multi-scale receptive field modeling capability, forming the
C3k2-PKI module;

C. For the limited-category and limited-category industrial segmentation scenario with
two low-grade ore subclasses in this study, redesigning the original segmentation
head with a lightweight strategy, resulting in the Segment-EfficientHead module.

The ablation experiment results are presented in Table 4. To systematically evaluate the
independent contributions and synergistic effects of the proposed modules in the low-grade
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graphite ore instance segmentation task, a series of ablation experiments were conducted
under unified training parameters and dataset configurations.

Table 4. Results of the Ablation Experiments.

Model A B C Pbox
(%)

Pmask
(%)

mAP50box
(%)

mAP50mask
(%) FPS FLOPS

(G)
Params

(M)
Size
(MB)

YOLO11n-seg 90.5 85.9 92.4 83.2 82 10.4 2.84 5.83

YOLO11cp-seg 89.7 84.6 91.2 82.8 86 9.3 1.82 3.54

Transition Model

√
91.3 86.2 92.9 83.5 85 8.3 1.48 3.17√
91.0 85.6 92.6 83.1 83 8.9 1.73 3.39√
90.6 85.1 92.1 83.0 88 8.2 1.45 3.05√ √
92.1 86.8 93.0 83.9 87 7.9 1.40 2.93√ √
91.8 86.5 92.7 83.7 89 7.6 1.32 2.71√ √
91.5 86.0 92.8 83.4 88 7.8 1.38 2.80

LGG-YOLO-seg
√ √ √

92.6 87.4 93.3 83.6 91 7.4 1.26 2.62

When only the LDConv module (Strategy A) is introduced into the backbone network,
the model significantly improves its ability to capture features of irregular boundaries and
multi-scale ores while maintaining the lightweight structure. Specifically, Pbox and Pmask

increase to 91.3% and 86.2%, respectively, and both detection and segmentation accuracy
of mAP50 are improved. Meanwhile, the FLOPs and model parameters are reduced to
8.3 G and 1.48 M compared with the baseline, while the inference speed remains at 85 FPS,
demonstrating that LDConv effectively enhances feature representation while controlling
computational complexity. Subsequently, when the C3k2-PKI module (Strategy B) is in-
dependently introduced, the network shows clear advantages in multi-scale information
fusion. The mAP50box and mAP50mask values reach 92.6% and 83.1%, respectively, while
maintaining reasonable inference speed and parameter scale, indicating that the expansion
of multi-scale receptive fields plays an important role in recognizing complex ore structures.
The results of Strategy C (integrating Segment-EfficientHead) show that although the im-
provement in accuracy is relatively limited, the inference speed (FPS) reaches 88, achieving
significant optimization. At the same time, the model size and number of parameters are
further reduced, verifying the efficiency of the lightweight segmentation head in industrial
limited-category scenarios.

In the transition models with progressively integrated modules, the combination
strategies A + B, A + C, and B + C all show further improvements in both accuracy and
lightweight metrics. Finally, the fully integrated LGG-YOLO-Seg model (A + B + C) achieves
improvements of approximately 2.1% and 1.5% in Pbox and Pmask, respectively, compared
with the baseline YOLO11n-seg model, while mAP50box and mAP50mask are improved
by approximately 0.9% and 0.4%, respectively. At the same time, FLOPs are reduced by
approximately 28.8%, the number of parameters decreases by approximately 55.6%, the
model size is reduced by approximately 55.1%, and the frame rate is increased by approxi-
mately 11.0%. It should be noted that the final LGG-YOLO-Seg does not achieve the highest
value in every single accuracy metric. For example, some intermediate configurations,
such as A + B and A + C, obtain slightly higher mAP50mask values than the final model.
However, these differences are very small, while the final model achieves the best overall
lightweight performance, including the lowest FLOPs, the fewest parameters, the smallest
model size, and the highest FPS. In addition, LGG-YOLO-Seg obtains the highest Pbox,
Pmask, and mAP50box among all ablation configurations. Therefore, the final architecture
was selected not because it maximizes a single segmentation metric, but because it pro-
vides the most favorable balance among segmentation accuracy, computational cost, model
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size, and inference speed. This trade-off is particularly important for real-time industrial
sorting scenarios, where deployment efficiency, response speed, and resource consumption
are as critical as mask accuracy. These results demonstrate that LDConv, C3k2-PKI, and
Segment-EfficientHead can independently enhance different aspects of model performance,
and their synergistic combination provides practical support for efficient and intelligent
sorting of low-grade graphite ores in industrial scenarios.

To comprehensively evaluate the performance contributions of different modules
in the low-grade graphite ore instance segmentation task, we designed strict module
replacement ablation experiments and conducted fair comparisons under unified training
parameters and dataset conditions. The results are shown in Table 5.

Table 5. Ablation study results for individual modules.

Model Pbox (%) Pmask (%) mAP50box
(%)

mAP50mask
(%) FPS FLOPS (G) Params (M) Size

(MB)

PSConv 91.2 86.0 92.5 82.9 87 7.6 1.42 2.84
SPDConv 91.5 86.5 93.1 83.4 81 9.4 1.74 3.56
LDConv 91.3 86.2 92.9 83.5 85 8.3 1.48 3.17

C3k2-iRMB 90.7 85.3 92.2 82.8 82 8.7 1.70 3.24
C3k2-DRB 90.9 85.5 92.4 82.9 80 9.0 1.76 3.81
C3k2-PKI 91.0 85.6 92.6 83.1 83 8.9 1.73 3.39

Segment-LADH 90.4 85.0 92.0 82.8 85 8.4 1.48 3.12
Segment-LSCD 90.2 84.7 91.8 82.4 90 7.1 1.34 2.78

Segment-EfficientHead 90.6 85.1 92.1 83.0 88 8.2 1.45 3.05

Regarding the feature extraction capability of the backbone network, LDConv demon-
strates superior multi-scale adaptability and irregular boundary modeling ability compared
with PSConv and SPDConv. Although it is slightly inferior in lightweight metrics (with
slightly higher parameters and model size), it outperforms the comparison networks in Pbox,
Pmask, mAP50box and mAP50mask, reaching 91.3%, 86.2%, 92.9%, and 83.5%, respectively,
verifying its effectiveness in capturing complex ore particle shapes and texture features. For
the improvement in the C3k2 module, C3k2-PKI exhibits more sufficient feature represen-
tation capability when handling ore targets with significant scale variations. The mAP50box

and mAP50mask are improved by approximately 0.2–0.4% compared with the C3k2-iRMB
and C3k2-DRB modules. Meanwhile, the growth of FLOPs and parameters is effectively
suppressed through depthwise separable convolution and pointwise fusion strategies,
achieving a balance between accuracy and lightweight design. In terms of the segmenta-
tion head, Segment-EfficientHead is structurally optimized for limited-category industrial
scenarios. While maintaining segmentation accuracy, it significantly improves inference
speed and reduces the number of parameters and model size. Compared with Segment-
LADH and Segment-LSCD, it is more efficient, fully demonstrating the advantages of
lightweight design.

Overall, LDConv enhances backbone feature representation and multi-scale adapt-
ability, C3k2-PKI strengthens feature transmission and global information capture, and
Segment-EfficientHead significantly optimizes the computational cost and inference speed
of the segmentation head. Although the final LGG-YOLO-Seg does not maximize every
individual accuracy indicator, it achieves the most practical overall trade-off among ac-
curacy, computational complexity, model size, and real-time performance. Therefore, the
final architecture is preferable for industrial deployment, where fast response, low resource
consumption, and stable segmentation performance are all required for intelligent sorting
of low-grade graphite ores.
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5.3. Comparison Study

To validate the overall performance of the proposed LGG-YOLO-Seg model in the
low-grade graphite ore instance segmentation task, we conducted systematic comparative
experiments with multiple mainstream segmentation models. To ensure a controlled and
reproducible comparison, all models were evaluated under the same dataset split, input
size, training epochs, hardware environment, and evaluation metrics. No pre-trained
weights were used, and the main training settings were kept consistent across models. This
protocol was adopted to reduce confounding factors and evaluate the relative performance
of different models under the same experimental budget. It should be noted that this
setting does not necessarily represent the individually optimized performance of each
architecture, since different models may benefit from architecture-specific hyperparameter
tuning. Therefore, the comparison results should be interpreted as performance under a
unified experimental protocol rather than the absolute upper-bound performance of each
baseline model.

The comprehensive comparison results are presented in Table 6, and Figure 8 illustrates
the comparison of different models in terms of lightweight performance metrics. To
further clarify the advantages of the proposed method, the comparison includes both high-
accuracy segmentation frameworks and lightweight YOLO-based segmentation models,
thereby evaluating the trade-off among accuracy, computational cost, model size, and
inference speed.

Table 6. Comparative experimental results.

Model Pbox (%) Pmask (%) mAP50box
(%)

mAP50mask
(%) FPS FLOPS (G) Params (M) Size

(MB)

Mask R-CNN [29] 92.8 87.5 93.5 83.9 45 176.3 43.7 214
U-Net [28] 93.1 88.3 93.8 84.5 62 92.8 30.2 96

YOLOv8n-seg [47] 90.8 85.7 92.8 83.2 78 12.0 3.27 6.51
YOLOv9c-seg [48] 92.7 87.2 93.6 83.7 53 156.8 27.5 53.4

YOLOv12n-seg [49] 90.2 84.8 92.1 82.4 81 10.4 2.82 5.79
YOLOv13n-seg [50] 90.7 85.4 92.6 83.0 82 10.3 2.73 5.74

YOLO11s-seg 92.1 86.1 92.9 83.4 71 35.6 10.08 19.8
YOLO11n-seg 90.5 85.9 92.4 83.2 82 10.4 2.84 5.83
YOLO11cp-seg 89.7 84.6 91.2 82.8 86 9.3 1.82 3.54
LGG-YOLO-seg 92.6 87.4 93.3 83.6 91 7.4 1.26 2.62

Figure 8. Comparison of different models in terms of lightweight performance metrics.
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Traditional two-stage segmentation frameworks, such as Mask R-CNN and the classic
U-Net, demonstrate high segmentation accuracy, with Mask R-CNN achieving mAP50box

and mAP50mask of 93.5% and 83.9%, respectively, and U-Net achieving 93.8% and 84.5%.
However, these models exhibit very high computational complexity and inference speeds
of only 45–62 FPS, limiting their feasibility for deployment in resource-constrained or
real-time industrial scenarios. Although these models can provide competitive accuracy,
their large parameter sizes, high FLOPs, and relatively slow inference speed make them
less suitable for on-site low-grade graphite ore sorting, where both real-time response and
edge deployment are required.

In contrast, lightweight YOLO-based segmentation models show clear advantages
in inference speed and model compression. For example, YOLOv8n-seg achieves an FPS
of 78, with 3.27 M parameters and a model size of 6.51 MB, though its mAP50box and
mAP50mask are slightly lower at 92.8% and 83.2%. YOLOv12n-seg and YOLOv13n-seg also
maintain relatively compact structures, but their segmentation accuracy remains lower
than that of LGG-YOLO-Seg on the low-grade graphite ore dataset. This indicates that
general lightweight segmentation models may not fully address the challenges of irregular
ore boundaries, multi-scale particle distributions, and complex surface textures.

Further analysis of the YOLO11 series shows that LGG-YOLO-Seg achieves signifi-
cant overall performance gains: Pbox and Pmask reach 92.6% and 87.4%, while mAP50box

and mAP50mask reach 93.3% and 83.6%. It maintains high accuracy while being highly
lightweight, with FLOPs of only 7.4 G, 1.26 M parameters, a model size of 2.62 MB, and
high-speed inference at 91 FPS. Compared to the original YOLO11n-seg, LGG-YOLO-Seg
shows improvements across all three core accuracy metrics while reducing computational
cost by approximately 28.8%, parameters by 55.6%, and model size by 55.1%, and increasing
FPS by approximately 11.0%, achieving an optimal balance among accuracy, lightweight
design, and inference speed.

In addition, compared with the lightweight YOLOv11cp-seg model of the same cate-
gory, LGG-YOLO-Seg also demonstrates clear advantages. This improvement indicates
that the proposed method is not a simple model scaling or compression strategy. Instead, it
introduces task-oriented structural optimization for low-grade graphite ore segmentation.
Its improved backbone with LDConv enhances the capability of capturing features of
irregular ore structures, the C3k2-PKI module strengthens multi-scale information rep-
resentation, and the Segment-EfficientHead significantly optimizes inference speed and
computational cost while maintaining segmentation accuracy. Compared with similar
lightweight segmentation methods, LGG-YOLO-Seg achieves a better balance between
boundary-sensitive segmentation accuracy and deployment efficiency, which is particularly
important for real-time intelligent sorting of low-grade graphite ores.

These results fully indicate that LGG-YOLO-Seg achieves substantial model compres-
sion and acceleration while ensuring high accuracy, providing a feasible technical solution
and lightweight scheme for real-time intelligent sorting of low-grade graphite ores in
industrial scenarios.

5.4. Visualization Experiments

To visually demonstrate the performance of the LGG-YOLO-Seg model in the low-
grade graphite ore instance segmentation task, this study selects three representative test
images under exposure conditions of 400 µs, 600 µs, and 800 µs, respectively, to analyze
the visualization results. Figure 9 presents a comparison between LGG-YOLO-Seg and the
baseline YOLO11n-seg model. Low-grade graphite ores are divided into two subcategories
and annotated with different colors: below-average grade (blue) and low grade (green). The
confidence score (0–1) within each bounding box reflects the reliability of each prediction.
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Red arrows are used to highlight key regions, facilitating the comparison of segmentation
performance between different models.

     

     

     
(a)  (b)  (c) 

Figure 9. Visual comparison of model segmentation results. Red arrows indicate key comparison
regions. (a) Original Image; (b) YOLO11n-seg; (c) LGG-YOLO-Seg.

In the first row (400 µs exposure), the visual features of low-grade ore blocks are
relatively clear. However, the baseline model exhibits missed detections, while LGG-YOLO-
Seg accurately identifies and fully segments these ore blocks, achieving better confidence
scores and segmentation accuracy, demonstrating its robustness under clear conditions.
In the second row (600 µs exposure), low-grade ores appear densely stacked. YOLO11n-
seg misclassifies some high-grade ores, whereas LGG-YOLO-Seg correctly identifies and
segments these targets, showing its capability in handling complex ore arrangements. In
the third row (800 µs exposure), complex illumination interference is introduced. The
baseline model can only detect relatively large low-grade ore blocks, while LGG-YOLO-Seg
still achieves accurate segmentation under the same conditions, verifying its robustness
and adaptability under varying lighting and interference conditions.

The visualization results show that LGG-YOLO-Seg exhibits stable and reliable seg-
mentation performance under different exposure conditions, with overall performance
significantly superior to the baseline YOLO11n-seg model. The model maintains high
recognition accuracy and segmentation integrity across various scenarios, including clear
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conditions, densely distributed targets, and complex illumination interference, effectively
reducing missed detections and misclassifications.

This performance improvement is mainly attributed to the enhanced representation
capability of the improved backbone LDConv for complex texture features, as well as
the optimized multi-scale information interaction provided by the C3k2-PKI module.
Meanwhile, the Segment-EfficientHead improves boundary detail representation while
reducing computational cost, enabling the model to maintain strong segmentation accuracy
under lightweight constraints.

Overall, LGG-YOLO-Seg demonstrates excellent robustness and stability in complex
industrial environments, maintaining reliable segmentation performance under various
interference conditions and showing strong potential for practical engineering applications.

Although the proposed model demonstrates stable segmentation performance in most
representative scenarios, several failure cases were still observed under more challenging
conditions. For example, when ore particles are severely occluded or densely adhered,
the visible boundaries between adjacent instances become incomplete, which may lead
to inaccurate mask separation or missed detection of small ore fragments. In addition,
under extreme illumination conditions, such as strong shadows or local overexposure, the
surface texture and grayscale contrast of graphite ores are weakened, making it difficult for
the model to distinguish ore boundaries from the background. Misclassification may also
occur when different low-grade ore categories exhibit highly similar surface textures and
colors, especially under dust coverage or uneven lighting. These failure cases indicate that
although LDConv and C3k2-PKI improve boundary adaptation and multi-scale feature
extraction, the current model still mainly relies on visible surface features and may be
limited when visual cues are seriously degraded. Future work will further enrich the
dataset with more difficult samples and introduce multimodal information to improve
robustness under severe occlusion, extreme lighting, and similar-texture categories.

5.5. Generalization Experiments

To further evaluate the adaptability of the proposed LGG-YOLO-Seg model across
different mineral image scenarios, a cross-dataset validation experiment was conducted
on the publicly available Actinolite Dataset [51]. This dataset contains 1092 microscopic
images with a total of 6244 annotated instances, covering multiple mineral types including
actinolite, garnet, and hornblende. During the experiments, all models followed the same
training strategies and evaluation criteria as used on the graphite ore dataset, ensuring
objective and consistent comparative results. The quantitative results are summarized in
Table 7, and the corresponding visual comparisons are shown in Figure 10, with key regions
indicated by red arrows to clearly highlight differences in segmentation performance
among models for complex mineral structures.

Table 7. Comparative results on the Actinolite Dataset.

Model mAP50box
(%)

mAP50mask
(%) FPS FLOPS

(G)
Params

(M)
Size
(MB)

YOLO11n-seg 89.7 66.5 83 10.4 2.84 5.85
YOLO11cp-seg 89.3 66.2 85 9.3 1.82 3.53
LGG-YOLO-seg 90.8 67.3 89 7.4 1.26 2.63

The experimental results indicate that LGG-YOLO-Seg maintains stable performance
on this dataset. Compared with the baseline YOLO11n-seg model, it achieves improvements
of approximately 1.4% in mAP50box and 1.2% in mAP50mask while simultaneously reducing
model complexity: parameters decreased by about 52.1%, FLOPs reduced by approximately
18.6%, model size shrank by about 49.7%, and inference speed increased by around 8.8%.
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These results suggest that the proposed LGG-YOLO-Seg model has certain cross-dataset
adaptability and can maintain a favorable efficiency–accuracy trade-off on the evaluated
Actinolite Dataset. LGG-YOLO-Seg also shows promising adaptability and stability in the
evaluated cross-dataset scenario, indicating its potential for broader industrial inspection
applications, although further validation on more datasets is still needed.

     

     
(a)  (b)  (c) 

Figure 10. Visual comparison on the Actinolite Dataset. (a) Original Image; (b) YOLO11n-seg;
(c) LGG-YOLO-Seg.

5.6. Limitations

Compared with existing instance segmentation methods, although LGG-YOLO-Seg
achieves a good balance among accuracy, lightweight design, and inference efficiency in
the low-grade graphite ore-sorting task, it still has certain limitations that require further
study and improvement:

• Although the dataset constructed in this study incorporates multi-exposure acquisition
and fine-grained annotation to simulate illumination variations in real industrial
environments, its overall scale and scene diversity remain limited. In particular, the
images were mainly collected from a single mining area, namely China Minmetals
Group (Heilongjiang) Graphite Industry Co., Ltd., under relatively specific acquisition
conditions. Therefore, the generalization ability of LGG-YOLO-Seg across different
mining areas, ore types, production backgrounds, and more complex illumination
disturbances, such as shadows, dust, uneven lighting, and surface contamination, still
requires further validation.

• The current method mainly relies on visible-light image information for ore-grade clas-
sification. Although visible-light images can effectively capture surface texture, color,
and boundary features of graphite ores, they may be insufficient for distinguishing
samples with similar appearances or subtle differences in internal mineral composition.
This limitation may affect the model’s discrimination capability when ore surfaces are
affected by dust, adhesion, shadow occlusion, or complex industrial lighting. In future
work, multimodal data such as hyperspectral, near-infrared, or X-ray imaging can be
incorporated to enhance the representation of both surface and internal ore features.

• Although LGG-YOLO-Seg significantly reduces parameter size and computational
complexity through structural compression and module optimization, and demon-
strates high inference efficiency in theoretical metrics (e.g., FLOPs, parameters, and
model size) and experimental environments, systematic deployment and long-term
evaluation on real industrial edge devices (such as embedded GPUs or on-site sort-
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ing systems) remain insufficient. In addition, the actual memory occupation and
power consumption of the current model on typical edge hardware have not yet
been quantitatively evaluated. Therefore, although the lightweight indicators suggest
good deployment potential, its real-time performance, resource consumption, power
efficiency, operational stability, and environmental adaptability in different production
scenarios still require further validation and improvement to better support large-scale
industrial applications.

Future work will focus on expanding the scale and diversity of the dataset by collecting
ore images from different mining areas, ore types, production lines, and environmental
conditions, especially under challenging scenarios involving shadows, dust, uneven illumi-
nation, and background interference. In addition, multimodal information will be further
integrated, and deployment validation on real industrial devices will be strengthened.
During this process, quantitative evaluation of peak memory usage, power consump-
tion, inference latency, and long-term operating stability on representative edge hardware
will also be conducted. These efforts are expected to improve model stability, generaliza-
tion capability, environmental adaptability, and practical engineering value in complex
mineral-sorting scenarios.

6. Conclusions
Efficient identification and sorting of low-grade graphite ores are of great significance

for improving resource utilization, ensuring product quality, and reducing energy consump-
tion and environmental impact during production. However, traditional sorting methods
in practice often rely on complex equipment or manual experience, which are characterized
by low efficiency, high cost, and limited adaptability, making them insufficient to meet the
demands of intelligent and green mining. To address these issues, this study proposes a
lightweight instance segmentation method, LGG-YOLO-Seg, for rapid identification and
intelligent sorting of low-grade graphite ores in complex industrial environments.

At the data level, this study constructs a graphite ore image dataset based on real
industrial scenarios. The dataset is collected under multi-exposure conditions and finely
annotated, covering two grades of low-grade ore samples, providing a reliable foundation
for model training and evaluation. At the methodological level, the network structure is sys-
tematically optimized to build a more compact and efficient backbone. Linear deformable
convolution is introduced into the backbone to enhance feature modeling capability for
irregularly shaped ores, the feature extraction module is reconstructed to improve multi-
scale information fusion, and a lightweight segmentation head is designed to reduce
computational overhead and enhance inference efficiency.

Meanwhile, the effectiveness of each proposed module is validated through ablation
and comparative experiments. The experimental results demonstrate that, compared with
the baseline YOLO11n-seg model, the proposed LGG-YOLO-Seg achieves comparable and
slightly improved segmentation accuracy while substantially reducing model complexity
and resource consumption. Specifically, the main advantage of LGG-YOLO-Seg lies not in
a large absolute improvement in segmentation accuracy, but in achieving a more favorable
efficiency–accuracy trade-off, with reduced FLOPs, fewer parameters, smaller model size,
and improved inference speed. This indicates that the proposed method is more suitable
for real-time industrial sorting and resource-constrained edge deployment scenarios.

In summary, LGG-YOLO-Seg demonstrates competitive segmentation performance
and strong lightweight deployment potential in the low-grade graphite ore instance seg-
mentation task. Future work will focus on dataset expansion, multimodal information
fusion, and optimization for deployment on industrial devices, further improving model
stability and practicality in complex environments. More specifically, future research will
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further explore parameter-level architectural optimization, hardware-aware acceleration,
and closed-loop validation in real industrial sorting systems, thereby extending the appli-
cability of the proposed method to more complex and diverse mineral-sorting scenarios.
These efforts are expected to provide technical support for intelligent and sustainable
mining development.
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