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Abstract

Accurate grade detection in graphite ore, which is a strategic and critical mineral resource,
plays an important role in improving beneficiation efficiency and overall resource utiliza-
tion. However, the scarcity of high-grade samples limits the performance of deep learning
models in grade identification tasks. This limitation makes it difficult for models to learn
stable and representative features. This paper proposes an enhanced CycleGAN-based
image augmentation framework designed for graphite ore imagery. The method works
within an unpaired image translation architecture. It introduces a distributed reflectance
consistency loss. This loss encodes the graphite ore’s typical low reflectance and high
optical contrast as explicit statistical constraints. The design enforces consistency in both
the intensity distribution and the textural structure of the generated images. The model
further integrates a convolutional block attention module into the generator. This module
helps refine feature representation under a physics-inspired heuristic. The study constructs
augmented training sets using the proposed method. It then evaluates these datasets with
a downstream grade classification model. Experimental results show clear improvements.
The method reduces Fréchet Inception Distance by 21.9% and Kernel Inception Distance by
39.4%. It also improves peak signal-to-noise ratio by 3.3% and structural similarity index
measure by 2.6% compared with the baseline CycleGAN. The classification accuracy in the
grade identification task increases by about 2.3 percentage points. These results show that
the proposed method improves both the perceptual quality and the statistical consistency
of synthetic graphite ore images. It also helps reduce the performance drop caused by
limited training data in few-shot learning conditions.

Keywords: CycleGAN; graphite ore grade; data augmentation; distributed reflectance
consistency loss; few-shot learning

1. Introduction

Graphite ore is widely used in energy storage materials, conductive media, and
high-end manufacturing sectors. It serves as a strategic and critical mineral resource in
these fields. The grade of the graphite ore directly affects beneficiation efficiency and
the overall utilization rate of the resource. Rapid and high-precision grade identification
therefore plays an important role in intelligent mineral processing and refined resource
development [1]. Conventional grade detection methods rely on manual sampling and
laboratory chemical analysis. These methods often use instruments such as XRD, SEM-EDS,
and optical microscopy. These techniques can provide high analytical accuracy. However,
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they usually require long processing times and involve high operational costs. They also
cannot support continuous online monitoring in real production environments [2]. The
internal structure of ore bodies is often complex, and sampling practices show strong spatial
variation [3]. In practical exploration, high-grade natural graphite deposits are limited
and difficult to access [4]. Low-grade samples make up most of the available data. This
imbalance often leads models to fit too closely to low-grade features while failing to learn
high-grade characteristics during training. As a result, recognition accuracy declines. At
the same time, resource conditions continue to worsen and mining environments become
more challenging. Efficient and intelligent methods for graphite grade identification have
therefore become an important research focus in mining engineering.

In recent years, deep learning has developed rapidly and has driven the use of data-
based methods in ore grade identification. Convolutional neural networks and Transformer-
based models can extract high-level semantic features from image or spectral data. These
models have shown strong performance in ore classification and grade prediction tasks.
Cao et al. developed a framework that combines PGNAA technology with a Vision
Transformer to estimate copper grade [5]. Ren et al. showed that CNN-based models
can effectively analyze sensor signals in magnetite sorting tasks [6]. Other studies have
explored multimodal image analysis to improve ore feature representation. Liu et al.
proposed a weighted evaluation method based on sample usage frequency and distance
measures. This method helps reduce estimation bias caused by uneven spatial sampling
and improves ore identification performance [7].The application of deep learning methods
still depends on large amounts of labeled training data. In real mining environments,
high-grade ore samples are rare [8]. This situation leads to long-tail data distributions and
strong class imbalance. Models trained under such conditions are more likely to overfit
and produce biased results. This issue remains a key challenge and limits the practical use
of deep learning in ore grade assessment.

To address small-sample limitations, similar constraints have been reported across
various vision-related tasks, such as medical imaging and scientific machine learning, where
insufficient annotated data directly limits model reliability and training efficiency [9,10].
To address this issue, generative methods have been gradually introduced as an effective
alternative. Generative adversarial networks, first proposed by Ian Goodfellow, learn
the underlying distribution of real data through the interaction between a generator and
a discriminator [11]. Building on this idea, prior works have shown that GAN-generated
samples can improve classification performance and enhance model robustness in medical
imaging, remote sensing, and industrial vision tasks where data acquisition is expensive
and limited [12-14].

Among these models, CycleGAN has emerged as a promising solution for graphite
ore image translation, mainly because it supports unsupervised mapping without paired
samples. Jun-Yan Zhu and colleagues introduced cycle-consistency constraints into the
framework [15], which helps maintain a stable correspondence between source and target
domains. This mechanism preserves structural information during translation and reflects
the idea of symmetry in feature mapping. As a result, the model shows strong adaptability
in tasks that require both structural consistency and visual fidelity. This capability has
already been explored in several application areas. In medical imaging, CycleGAN has
been used to support classification and segmentation tasks with improved reliability [16].
For example, Chehade et al. generated artifact-free chest X-ray images, which led to
better performance when combined with CBAM-enhanced DenseNet-121 models [17]. In
engineering scenarios, the model has been applied to generate nighttime bridge images
and to simulate underwater crack evolution [18]. Furthermore, combining CycleGAN with
an optimized YOLOL11 achieved a detection rate of 91.8% in crack identification tasks [19].
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These studies provide a useful reference for further exploration. When transfer learning is
introduced alongside CycleGAN in graphite ore data augmentation, it offers a practical way
to reduce data scarcity. At the same time, this strategy helps avoid the feature distortion
that often appears in conventional augmentation methods, making the overall learning
process more stable and reliable. However, it should be noted that existing reviews and
applications of CycleGAN-based translation have largely focused on medical and civil
engineering scenarios, while critical discussions on its use for mineral and ore grade image
translation remain limited. To the best of our knowledge, existing computer vision research
for mineral and ore images has been largely limited to conventional downstream tasks,
including ore classification, rock type recognition, conveyor belt object detection, and
ore image segmentation [20-23], rather than exploring how cross-domain translation can
mitigate data scarcity while preserving the material and textural characteristics of different
ore grades. This gap motivates our present work, which adapts and improves CycleGAN
to address these domain-specific requirements for graphite ore image translation.

Direct use of CycleGAN in graphite ore image augmentation does not always bring
clear gains in downstream classification. Graphite ore images show distinct material
and textural properties. They usually have low overall reflectance, while local regions
present high contrast. These features play a key role in accurate grade discrimination.
Conventional CycleGAN models mainly depend on pixel-level consistency constraints.
This design makes it hard to keep these empirically meaningful patterns in the generated
images [24].At the same time, the original model does not include an attention mechanism.
The generator therefore relies only on stacked convolutional receptive fields to process
features. This limitation often leads to overly broad global changes. It can also damage
or remove important structural details during generation. Existing evaluation methods
add another layer of mismatch. Many studies still rely on general metrics such as Fréchet
Inception Distance and peak signal-to-noise ratio. These metrics do not always align
with the needs of grade recognition tasks, so they cannot fully reflect the practical value
of generated samples [25]. As a result, several issues remain to be resolved. It remains
necessary to integrate domain-specific priors and attention mechanisms into the model,
while designing evaluation criteria that relate directly to the target task.

To deal with these problems, this paper presents a small-sample data augmentation
framework for graphite ore images. The framework builds on an improved CycleGAN
architecture. The main contributions are outlined below.

1. A target-specific high- and low-grade graphite ore dataset is constructed from in-
dustrial production environments. High-resolution imaging equipment captures
graphite ore samples under varied illumination conditions; manual annotation is
subsequently corroborated by quantitative carbon-sulfur analyzer measurements to
support labeling fidelity.

2. A physics-inspired distributed reflectance consistency loss is incorporated into the
CycleGAN objective. This term constrains both the mean and standard deviation of
synthetic outputs to align with the statistical signature of authentic high-grade graphite
ore. An exponential moving average scheme concurrently helps stabilize global
distributional statistics, mitigating training fluctuations and reducing the model’s
tendency to overfit spurious local textural variations.

3. A convolutional block attention module is embedded within the generator’s inter-
mediate layers. Isolated deployment of CBAM yields marginal gains; however, its
integration with distributed reflectance consistency loss produces a favorable syner-
gistic effect that improves generative fidelity.

4. Assessment extends beyond conventional visual quality metrics. A downstream grade
classification pipeline built upon the ConvNeXt architecture serves as a task-specific
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indicator, providing a practical evaluation of the utility of augmented samples for
graphite ore grade discrimination within the tested environment.

The remainder of the manuscript is structured as follows. Section 2 delineates the
design rationale and implementation specifics of the improved CycleGAN variant. Section 3
describes dataset curation protocols, experimental configurations, and the performance
metrics employed. Section 4 presents a comprehensive empirical evaluation, situating the
proposed method against baseline models and multiple ablation configurations. Section 5
offers concluding remarks and directions for future inquiry.

2. Methods
2.1. Overall Framework

This study builds on the CycleGAN framework to handle image translation be-
tween different grades of graphite ore. The model defines two adversarial mappings.
One mapping converts images from the source domain to the target domain, and the other
mapping performs the reverse transformation. In this setting, low-grade graphite ore
images are translated into the high-grade domain, while high-grade images are translated
in the opposite direction. The model applies cycle consistency to keep structural features
stable during translation. This constraint makes the training process more stable and
allows the model to work without paired data. Similar designs have shown reliable results
in medical imaging, remote sensing, and industrial inspection tasks [16,26]. The overall
structure follows the common unpaired image-to-image translation scheme. The network
includes two generators, Ga_,p and Gp_, 4, as well as two discriminators, D and Dg. The
generator G5_,p maps low-grade graphite ore images into the high-grade domain, and
Gg_,A performs the reverse mapping. The model also uses a patch-based discriminator.
This component focuses on local regions and strengthens the learning of texture realism
and fine details [27]. This setup helps reduce the gap between generated images and real
samples while keeping structural consistency.

The framework further extends CycleGAN at both the structure level and the loss level.
The model inserts a Convolutional Block Attention Module into the generator to improve
feature representation. Section 2.2 provides the detailed design. At the same time, the
model introduces a Distribution Reflectance consistency Loss to guide the training process,
and Section 2.3 explains this part. The method does not rely only on visual style transfer.
It also considers the statistical appearance properties of graphite ore images. In this task,
visual similarity alone cannot ensure reliable results, and statistical consistency also matters.
The model therefore adds a reflectance-based constraint into the loss function. This design
leads to a joint optimization of the network structure and the training objective. With
these changes, the model generates images that look realistic and also follow the statistical
distribution of real high-grade graphite ore. Figure 1 shows the overall framework. The
adversarial loss helps match data distributions, cycle consistency keeps structural stability,
and the Distribution Reflectance consistency Loss maintains reflectance consistency from
a statistical viewpoint.
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Figure 1. Overall architecture of the improved CycleGAN algorithm.

2.2. Generator Network Structure

The design of the generator directly affects the expressive capacity and the quality
of generated images. In this study, the model uses a deep residual learning framework
based on an encoder—decoder structure with a ResNet backbone. This structure places
nine residual blocks in sequence. These blocks strengthen feature extraction and help
keep the transformed graphite textures clear and distinguishable. The ResNet architecture
was first proposed by Kaiming He and has been widely adopted in image generation
tasks [28]. Later work by Justin Johnson introduced a perceptual loss framework. That
method combines a feedforward convolutional network with residual blocks. It follows
the same design idea and supports real-time style transfer as well as high-quality single-
image super-resolution [29].This study focuses on translating low-grade graphite images
into high-grade ones, so the design of the generator G5_,p needs careful attention. The
generator plays a central role in capturing both texture patterns and structural features.
Figure 2 shows its main configuration.

3%256x256

ReflectionPad +

+IN + ReLU Fake image B

128x128x128 128x128x128

ReflectionPad+Conv(3x3)+IN+RelU — CBAM —
ReflectionPad+Conv(3x3)+IN — skip connection + ReLU

9 Resne1BIOck

Figure 2. Generator structure of the improved CycleGAN algorithm.

The generator comprises an encoding stage, a feature transformation stage containing
nine residual blocks, and a decoding stage. Instance Normalization and ReLU activa-
tion are applied after every convolutional layer, with the final output layer employing
a Tanh function. Regarding normalization, we follow the established convention of In-
stance Normalization (IN) for generative tasks [30]. In contrast to batch normalization,
which aggregates statistics across the batch dimension, IN computes normalization pa-
rameters independently for each image. In the context of geological image translation,
grade-specific attributes—such as metallic luster and cleavage texture—often reside in
subtle local variations. IN effectively prevents cross-style contamination between different
graphite ore samples within a batch, thereby safeguarding fine graphite particle details
from unwanted smoothing or artifact introduction. The ResNet backbone, grounded in
residual learning, further alleviates the vanishing gradient issue commonly encountered
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in deep architectures [31]. In image synthesis, residual connections excel at preserving
low-frequency structural contours while selectively refining high-frequency textural de-
tails. This property is particularly valuable for graphite ore imagery. While macroscopic
geometric differences between graphite ore grades remain minimal, the discrimination
hinges on nuanced variations in reflectance and surface texture. By maintaining structural
integrity while reconstructing textural cues, the residual framework substantially enhances
the perceptual fidelity of the generated outputs.

The original CycleGAN architecture lacks an explicit self-attention mechanism, lim-
iting its capacity to fully leverage global structural context and precisely refine localized
details. To mitigate these limitations, we integrate the Convolutional Block Attention
Module into the generator. This mechanism enables the network to jointly attend to salient
channel-wise features and spatial positions, facilitating a dynamic recalibration of the
feature maps [32]. Considering the specific demands of our transformation task—where
preserving structural fidelity is paramount—CBAMs are inserted exclusively into the in-
termediate layers of the residual stack, specifically within the 4th, 5th, and 6th blocks
of the nine-block sequence. This restricted placement enhances feature expressiveness
while insulating the critical structural pathways between the input and output layers from
potential interference. Functioning as a lightweight, plug-and-play component, CBAM first
derives attention weights along the channel axis, subsequently generates a spatial attention
map, and finally performs an element-wise multiplication of these attention maps with the
input feature volume. This process enables adaptive refinement and selective emphasis of
salient geological features. The overall configuration of the CBAM module is depicted in

Figure 3.
Channel Spatial
Attention Attention
Module Module
X X >
Input Feature Map Output Feature Map

Figure 3. Overall structure of CBAM reproduced from [32].

Embedding the convolutional block attention module into the core of the CycleGAN
generator enables adaptive, dynamic refinement of feature maps and sharpens feature se-
lectivity throughout the transformation from low-grade to high-grade graphite ore imagery.
Channel-wise attention actively suppresses background activations and noise components
irrelevant to high-grade characteristics, while amplifying channels that encode the defining
traits of superior graphite ore quality—thereby directing the generator’s representational
focus with greater precision. In parallel, spatial attention steers the model’s modeling ca-
pacity toward locally discriminative regions of the graphite surface, confining fine-grained
adjustments to those critical areas rather than imposing uniform modifications across the
entire image. This targeted treatment helps avert the distortion of geological signatures
that often accompanies global homogenization. The interplay of channel and spatial at-
tention mechanisms bolsters both detail fidelity and generative quality. Consequently, the
generator becomes adept at capturing the nuanced visual cues that distinguish graphite
ore grades. The synthesized high-grade outputs more closely approximate real specimens
in essential geological particulars, mitigating common artifacts such as image blur and
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textural inconsistency while elevating both the perceptual authenticity and the geological
plausibility of the generated results.

2.3. Distributed Reflectance Consistency Loss

The motivation for introducing a distributed reflectance consistency loss stems directly
from the appearance and material characteristics of graphite. A well-documented geological
correspondence links graphite grade to its reflectance behavior. High-grade material, rich
in carbon, strongly attenuates visible light; the resulting reflectance remains low, lending
the graphite ore a dark or near-black visual appearance. Moreover, the well-developed
crystallinity of high-grade graphite imparts a distinct metallic luster, which translates in
imagery to pronounced contrast and richly articulated textural detail. Low-grade graphite,
by comparison, contains substantially less carbon, and its oxidized surfaces frequently host
impurity phases such as quartz and clay minerals. These inclusions interact only weakly
with visible light, yielding dark gray hues that occasionally carry brownish undertones.
Incomplete crystallization and poorly expressed cleavage surfaces further manifest as
diminished contrast, textural blurring, and a notable absence of specular highlights.

Conventional image generation pipelines tend to prioritize visual resemblance while
overlooking such domain-specific constraints. Cyclic consistency losses, in their standard
formulation, offer no mechanism to enforce these material-specific attributes. Consequently,
a generated output may approximate the color distribution of the target domain yet di-
verge meaningfully in empirical character. For instance, synthesized images of high-grade
graphite may appear excessively pale or deficient in contrast, failing to capture the defin-
ing optical signature of carbon-rich graphite ore. Such discrepancies inevitably degrade
classification fidelity in downstream grade identification tasks. To address this, we pro-
pose a distributed reflectance consistency loss that anchors the generated output to the
statistical profile of authentic high-grade samples. This is accomplished by jointly con-
straining the mean and the standard deviation of the synthesized imagery. The mean
constraint governs the correctness of the global tonal balance, while the standard deviation
constraint safeguards textural richness and sufficient local contrast. Operating in tandem,
these two statistical bounds impose a principled regularization on the visual plausibility of
the generated results, ensuring that they satisfy not only perceptual realism but also the
empirical appearance expected of graphite mineralogy. Meanwhile, since all experiments
are conducted under consistent and fixed lighting conditions, the global intensity mean
and local standard deviation of image pixels can serve as effective and stable statistical
proxies to characterize the macroscopic optical properties of graphite ore. These statistics
are not intended to replace professional laboratory measurements of reflectance, but rather
to capture the domain-specific visual-physics-inspired heuristic that are most critical for
distinguishing between low-grade and high-grade samples. This design ensures the gen-
erated images conform to the inherent optical laws of graphite mineralogy, rather than
merely learning superficial color and texture patterns from data.

Therefore, guided by physics-inspired statistical priors, we denote the synthesized
high-fidelity image as If,,. To characterize its photometric and textural properties, we
compute the global mean intensity y; and standard deviation o7, which respectively quan-
tify the overall brightness and the contrast texture richness of the image. Let H and W
represent the image height and width, and let J; ; denote the intensity value at pixel location
(1,7). The corresponding mathematical definitions are given as follows:

1 H W
n) = . Y I (1)

I
—
-.
I
—
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The conventional CycleGAN framework is limited by GPU memory, typically re-
quiring a batch size of one during training. Enforcing alignment between the generated
synthetic graphite sample and a single randomly selected real graphite sample per iteration
can induce training instability. This instability originates from the inherent microscopic
heterogeneity of natural high-grade graphite ore. Despite belonging to the same high-grade
category, individual specimens exhibit significant variation: some surfaces feature bright
quartz veins, while others are uniformly dark and pure. If the model overfits to these
stochastic inter-sample fluctuations, the training trajectory becomes unstable, preventing
convergence to a robust optimum.

To prevent the model from being adversely affected by statistical fluctuations
from a single random sample—such as noise, outliers, or incidental variations within
a batch—during early training, which can cause oscillation and sharp jumps in the ob-
jective, this work abandons the single-sample alignment scheme. Instead, we employ
an exponential moving average (EMA) strategy to stably estimate the global mean and
variance throughout training [33]. We maintain two global variables, y_target and o_target,
denoting the target mean and target standard deviation of the real high-grade graphite
ore dataset, respectively. Together, they represent the expected distribution of the real
high-grade dataset over the entire training cycle.

Hnew = M 'M"' (1 - m) ' .u(lreal) (3)

Onew = M+ Op1g + (1 - m) ’ G(Ireal) (4)

Here, 7,0 denotes the updated target mean of pixel intensity for the high-grade
graphite ore imagery, serving as the stabilized estimation reference during subsequent
training. 74,4 represents the corresponding target mean prior to the update—namely, the
historically accumulated statistic. j(I,¢,;) indicates the mean intensity computed from I,,,,
the authentic high-grade sample of the current batch. Analogously, o(I,,,;) and 0,7 desig-
nate the updated and prior target standard deviations, while (., ) captures the standard
deviation of the current real high-grade graphite ore image. The momentum coefficient
m is assigned a value of 0.99 throughout the experiments reported here. Examining this
update rule reveals two complementary justifications for the chosen momentum setting.
Mechanistically, a coefficient of 0.99 ensures that the evolving global mean and variance
incorporate only approximately one percent of the information contributed by any single
incoming sample; the overwhelming majority of the weight remains anchored to historical
global estimates. This conservative update strategy effectively dampens the disruptive
influence of sample-level noise and statistical outliers, thereby preserving training stability.
Empirically, this particular momentum value has become a widely adopted convention
across image generation, style transfer, and domain adaptation literature [34-37]. While the
global distribution is progressively smoothed, the global pixel mean and standard deviation
of the authentic high-grade graphite dataset undergo a gradual, self-adjusting drift that
tracks the underlying data manifold. The model thus optimizes under the guidance of
a remarkably stable heuristic constraint, circumventing common pitfalls such as textural
blurring and chromatic deviation.

The distributed reflectance consistency loss is formally defined as the L1 distance
between the statistics of the generated image and the corresponding global target values:

(5)

LprL = )\u‘,u<1fake) — Htarget +?\c’0<1fake) — Otarget

https://doi.org/10.3390/sym18071129


https://doi.org/10.3390/sym18071129

Symmetry 2026, 18, 1129

9 of 28

where A, and A, are weighting hyperparameters that balance the relative importance of
the mean alignment constraint and the standard deviation alignment constraint, respec-
tively. Conventionally, A, and Ay are inherently fixed to 1.0 to assign equal geometric
importance to both first- and second-order statistical moments, thereby avoiding redundant
over-parameterization of the loss function. The two components embedded in this formu-
lation are jointly essential, each imposing a distinct semantic constraint. Mean alignment
establishes the global tonality by actively suppressing the overall intensity scale of the
synthesized output, thereby eliminating the grayish-white cast characteristic of low-grade
graphite ore. Relying on this term alone, however, invites a well-known pitfall: neural
networks, adept at exploiting expedient shortcuts, will simply converge upon a uniform
gray image whose average brightness exactly matches the target value. Within the gen-
erative modeling literature, this degenerate outcome is referred to as mean collapse. To
avoid trivial solutions, this study introduces a second term based on standard deviation
alignment. Specifically, standard deviation alignment refers to mathematically constraining
the pixel intensity variance of the generated image. The constraint aims to match the
statistical spread of real high-grade samples. Visually, this alignment actively prevents the
network from taking a shortcut. It stops the network from outputting a flat and featureless
image known as mean collapse. Forcing a target variance explicitly guides the model to re-
cover critical high-frequency visual details. These details include metallic luster, crystalline
graininess, and specular highlights. Such characteristics are inherent to the rough fracture
surfaces of authentic high-grade graphite. In visual feature space, standard deviation is
reflected as contrast. It corresponds to the crystalline graininess that can be observed by
the naked eye. The model is guided to match the standard deviation of real high-grade
graphite ore. This constraint encourages the network to recover high-frequency details
on top of the tonal structure. These details include scaly specular reflections and rough
fracture surfaces. This dual constraint on the first- and second-order moments steers the
model toward learning empirically meaningful representations of graphite ore texture.

Following the integration of the distributed reflectance consistency loss, the composite
objective function comprises four components: the cycle consistency loss Ly, the dis-
tributed reflectance consistency loss Apgy, the identity loss Ljgepsiry, and the adversarial
loss Lgan- The overall optimization target is expressed as

Liotal = LcAN + AcyeLeycle + AidLidentity + ADRLLDRL (6)

In this experiment, we set the cycle consistency loss weight Agc to 10.0. This value
helps the network change the graphite ore grade while keeping the overall structure of
the graphite intact. The identity loss weight A;; is set to 5.0. All images used in this study
have solid color backgrounds. Under such conditions, the generator can easily shift the
color tone during unsupervised mapping. The identity loss works as an anchor here. It
holds the color and texture steady so they do not drift away. The distributed reflectance
consistency loss is the main contribution of this paper. Its weight Apgy, is set to 0.1. A value
this small means the empirical constraints act only as soft regularization. They should
never dominate the training process. If we give this weight a much larger value, say
close to 1.0, the network will chase a shortcut. It will try to match the mean and variance
statistics perfectly while ignoring overall image fidelity. The adversarial loss would then
become ineffective. The final output would exhibit simplified textures and unnatural
artifacts, lacking any sense of depth. A carefully tuned weight of 0.1 avoids this problem.
It nudges the brightness and contrast toward the target statistical characteristics of high-
grade graphite ore, yet still preserves natural mineral textures. With this balance between
adversarial pressure and heuristic guidance, the model robustly transforms samples from
low-grade to high-grade appearances.
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It is worth noting that although components such as CBAM, EMA, and moment
distance mentioned above have been widely adopted in machine learning, their specific,
hybridized synthesis under our framework represents a distinct departure from generic
statistically constrained GANSs or naive domain-adaptation methods. Generic methods
typically fail when encountering the intense microscopic heterogeneity inherent to natural
graphite ore. By anchoring the training manifold to a macro-statistical expectation via EMA
and jointly regulating the tone-contrast trade-off using mineralogical priors, this composite
formulation explicitly solves the dual problem of parameter oscillation and texture blurring
in geological data augmentation, which constitutes the primary contribution of this work.

To explicitly clarify the execution sequence and the exact integration points of the
proposed components (CBAM and DRL), Algorithm 1 summarizes the training loop for
a single iteration. As detailed in Section 2.2, the CBAMs are structurally embedded within
the 4th, 5th, and 6th residual blocks of the generator Ga_,g. Furthermore, the DRL target
statistics are updated via an exponential moving average (EMA) prior to the loss computa-
tion. This step ensures that the statistical distribution constraint is applied stably during the
backward pass. This formulation serves as a reliable heuristic regularization throughout
the training stage. The variables IReal_A, IReal_B, IFake_B, IRec_A, IFake_A and IRec_B
are explained in detail in Section 4.4 later in the manuscript.

Algorithm 1: Training loop for one iteration of the Reflectance-Consistent CycleGAN

Input: Source domain image IReal_A, Target domain image IReal_B
Parameters : EMA momentum m = 0.99, Loss weights )\Cyc, Aid, ADRL

1: //Step 1: Forward Pass (Generators)

2: GA — B(IReal_A) — IFake_B//CBAM dynamically refines features in ResBlocks 4, 5, 6
3: GB — A(IFake_B) — IRec_A

4: GB — A(IReal_B) — IFake_A

5: GA — B(IFake_A) — IRec_B

6: //Step 2: DRL Target Update (Exponential Moving Average)

7: Compute current batch statistics from real target: IReal B — (L eq1), 0(Lrear)
8: Update global anchors (Equations (3) and (4)):

9:0.99 - typg +0.01 - (L) — p_target

10: 0.99 - 6,75 + 0.01 - 0(L,,) — o_target

11: //Step 3: Loss Computation

12: Compute adversarial loss LGAN using Discriminators DA,DB

13: Compute Leycie and Ligentity

14: Extract statistics from generated image:[Fake_B — 1(Igake), 0(Irake)

15: Compute Distributed Reflectance consistency Loss Lpr (Equation (5)) using
updated

16: Compute total objective L;y,; (Equation (6))

17: / /Step 4: Backward Pass & Weights Update

18: Update Generators GA — B, GB — Aby minimizing Ly,

19: Update Discriminators DA,DB by minimizing discriminator adversarial loss

3. Data and Experiment Preparation
3.1. Dataset Construction

The experimental data come from China Minmetals Graphite Industry Co., Ltd. in
Hegang, China, and are collected under real industrial production conditions using avail-
able graphite ore resources. The dataset construction follows a complete workflow that
includes raw graphite ore collection, multi-angle image acquisition, crushing the samples
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to particle sizes below 2 mm, grinding into powder, drying at 105 °C, removing inorganic
carbon through acid treatment, eliminating organic carbon by low-temperature combus-
tion, measuring with a carbon—sulfur analyzer, and finally labeling and organizing all
samples. Image acquisition uses a Canon EOS 5D Mark II digital single-lens reflex cam-
era (Canon Inc., Tokyo, Japan), with an original resolution of 5616 x 3744 pixels, and
a total of 3152 graphite ore images are collected. Graphite grade refers to the fixed carbon
content and serves as a key indicator of quality and purity, where higher carbon content
corresponds to better quality. Mineralogical analysis shows that the samples include both
primary and oxidized graphite ore. Primary graphite ore mainly contains graphite, quartz,
and silicate minerals, while oxidized graphite ore is often associated with minerals such
as hematite and pyrite, which make its surface color more complex. Based on measured
carbon content, the samples are divided into three grades: 0-10% as low grade, 10-20% as
medium grade, and above 20% as high grade. In general, high-grade graphite ore appears
darker and more uniform due to its higher carbon content, while low-grade graphite ore
contains more light-colored minerals such as quartz and silicates, leading to a mottled
surface. Oxidized graphite ore is further affected by weathering and iron-bearing minerals,
which often produce reddish-brown or yellow tones. Figure 4 presents the characterized
photographs of representative samples, where the first row corresponds to low-grade
oxidized graphite ore, the second row to low-grade primary graphite ore, and the last row
to high-grade graphite ore.

e ™

Figure 4. Images of different types of graphite ore.

This experiment selected a portion of low-grade graphite ore and a limited number of
high-grade graphite ore as representative image samples. The dataset contains 1084 images
of low-grade graphite ore and 337 images of high-grade graphite ore. In this study, low-
grade refers to graphite ore with a grade less than 10%, while high-grade refers to graphite
ore with a grade greater than 20%. The study constructs a dedicated dataset based on the
collected samples. The dataset is divided into a training set and a test set at a ratio of 9:1.
In the high-grade graphite training set, the study increases the sample size by capturing
each graphite ore from multiple angles. This process results in 303 images of high-grade
graphite ore in the training set. The low-grade graphite training set contains 976 images.
The test set includes 34 high-grade and 108 low-grade independent samples. The study
applies a standardized batch preprocessing procedure to all collected images. This step
adjusts every image to a fixed size of 256 x 256. The process ensures that the input data
remain consistent and effective during model training. It also meets the input requirements
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of deep learning models and aligns with practical needs in industrial production. The
details of the dataset partition are shown in Table 1 below.

Table 1. Details of dataset partitioning.

Training Set Test Set Total

0-10% 976 108 1084
20%+ 303 34 337
Total 1279 142 1421

3.2. Experimental Environment

All experiments ran on a single cloud computing node. The node was equipped
with an AMD EPYC 7642 processor, an NVIDIA RTX 3090 graphics card, 90 GB of system
memory, and a 50 GB high-speed data disk. This hardware configuration fully supported
the heavy gradient computations and feature iterations required by CycleGAN training.
The system environment was Ubuntu 20.04 LTS. The model code was built with Python 3.8
and the PyTorch 2.0.0 framework. GPU acceleration relied on CUDA 11.8 and the driver
version was 580.76.05, a combination that ensured compatibility and stability throughout
the whole training process.

The training hyperparameters and execution flow were kept identical across all com-
parison experiments. A fixed batch size of 8 and 200 training epochs were adopted, which
was sufficient for full convergence. We chose the Adam adaptive moment estimation opti-
mizer and set its core parameters to 31 = 0.5 and 32 = 0.999. This setting effectively balanced
momentum accumulation and adaptive learning rate and suited the non-stationary nature
of adversarial training. The learning rate schedule combined an initial constant phase with
a later linear decay. Starting at 0.0002, the rate was held constant for the first 100 epochs
to drive the model rapidly into a near-optimal region. Over the next 100 epochs, the rate
decayed linearly to zero, allowing the model to fine-tune its parameters near the optimum
and avoiding oscillations. Generator and discriminator were updated synchronously with
a 1:1 frequency. The discriminator was trained using a pool of 50 historical generated
images. Gradient clipping was also applied to constrain the gradient range, preventing
gradient explosion and ensuring stable convergence of the entire training network.

3.3. Evaluation Criteria

To evaluate the generation performance of the improved CycleGAN model in practical
use in a systematic and objective way, this study adopts the Fréchet Inception Distance
(FID), Kernel Inception Distance (KID), Structural Similarity Index (SSIM), Peak Signal-
to-Noise Ratio (PSNR), and a downstream grade classification task as evaluation metrics.
SSIM and PSNR serve as auxiliary measures, and the study computes them between the
input images and the reconstructed images to assess the cycle consistency of the model.
FID and KID are treated as the primary metrics, and their mathematical definitions are
given as follows:

FID ||~ ug 3+Tr (2 + T — 2(2,2g)1/2) )

KID= Y k(xix) + ——— Y k(y,y) - =L Y k(wy)  ®
n(n—1)= Y m(m - Nz V) img S i

In FID, ur and pug denote the mean vectors of the features extracted by the InceptionV3
network from the real and generated high-grade graphite ore image sets. Xr and Xg
denote the covariance matrices of the corresponding features. FID measures the distance
between two multivariate Gaussian distributions. A smaller value indicates that the
generated high-grade graphite ore images are closer to the real sample distribution, which
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reflects a better conversion from low-grade to high-grade. In KID, n and m denote the
numbers of real and generated high-grade graphite ore image samples. xi and yj denote the
corresponding feature vectors extracted by the InceptionV3 network. The function k(,-) is
a commonly used cubic polynomial kernel, defined as k(u,v) = (u-v + 1)3. KID corresponds
to the squared unbiased maximum mean difference. It does not assume that the features
follow a Gaussian distribution. A smaller value indicates higher consistency between the
generated and real distributions.

In downstream classification tasks, this study uses five metrics, including accuracy,
precision, recall, F1 score, and the area under the receiver operating characteristic curve
(AUCQ), to evaluate the classification model. The specific formulas are given as follows:

Accuracy = TP+ TN 9)
YT TPXTN+FP+FN
. TP
Precision = TP L EP (10)
TP
Recall = TPLEN 11

Precision x Recall
F1=2 12
x Precision + Recall (12)

In these formulas, TP denotes the number of samples that are actually high-grade
graphite ore and are predicted as high-grade by the model. FP denotes the number of
samples that are actually low-grade graphite ore but are incorrectly predicted as high-
grade. FN denotes the number of samples that are actually high-grade graphite ore but are
misclassified as low-grade. TN denotes the number of samples that are actually low-grade
graphite ore and are correctly identified as low-grade by the model. Accuracy represents
the proportion of samples that the model predicts correctly, and it reflects the overall
classification performance. Precision reflects the proportion of truly high-grade samples
among those predicted as high-grade, which indicates the reliability of the prediction
results. Recall measures the proportion of actual high-grade samples that are successfully
identified. The F1 score is the harmonic mean of precision and recall, and it provides
a balanced evaluation under imbalanced data conditions. AUC measures the ability of the
model to distinguish graphite ore images of different grades from a global perspective. It
serves as a stable and objective evaluation metric in binary classification tasks.

4. Experiments and Discussion
4.1. Model Training

The improved CycleGAN model was trained on a customized graphite ore dataset
and evaluated against the baseline model. To ensure stable training of the improved
model, we adopt the EMA strategy for robust global distribution estimation, apply gradi-
ent clipping to prevent gradient explosion, use a two-phase learning rate schedule with
initial constancy and subsequent linear decay, update the generator and discriminator
synchronously at a 1:1 frequency, and employ a 50-sample historical image pool to smooth
training dynamics.

Figure 5 shows the training process. Meanwhile, Figure 5 provides clear and direct
evidence for the convergence analysis of both models. Through the loss curves, we can
quantitatively compare the convergence speed, stability, and oscillation degree between the
baseline model and the improved model. The loss curves present the evolution of generator
and discriminator losses for both the baseline CycleGAN and the improved model across
training epochs. In the early stage, both models adapted quickly to the data distribution.
The generator loss decreased rapidly, and the discriminator loss decreased at the same
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time. This stage shows good initial convergence. As training continued, the baseline model
became gradually unbalanced. The generator loss showed stronger oscillations and even
increased in the later stage. The discriminator loss kept decreasing to very low values,
which can lead to vanishing gradients. The improved model shows a different pattern. The
generator loss stayed at a lower level, and the convergence process remained more stable.
The discriminator loss fluctuated within a reasonable range and did not drop excessively.
This behavior reflects a healthier adversarial interaction.

(a) Generator Loss (b) Discriminator Loss
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Figure 5. Training comparison between the improved CycleGAN and baseline model. (a) Generator
loss-epochs curve; (b) Discriminator loss-epochs curve.

In general, in terms of convergence performance, the baseline model gradually suf-
fers from severe oscillation and unstable convergence as the training proceeds. The loss
fluctuates violently and cannot maintain a steady downward trend, which indicates insuffi-
cient convergence robustness. In contrast, the improved model maintains continuous and
smooth convergence throughout the whole training process without obvious fluctuation
or rebound. Such results demonstrate that the improved model achieves more stable,
robust, and sufficient convergence, which effectively addresses the convergence issues
existing in the baseline CycleGAN. Overall, the improved model achieves more stable
training dynamics and a more balanced adversarial state by introducing loss constraints
and attention mechanisms.

4.2. Ablation Experiment
4.2.1. Module Ablation Study

We used CycleGAN as the baseline and gradually added improved modules to evalu-
ate the contribution of each component. All tests were performed under identical experi-
mental settings and parameter configurations, keeping variable interference strictly under
control and allowing a fair assessment of different improvement measures. The evaluated
configurations are listed below.

A: Basic CycleGAN model

B: Adding only the Convolutional Block Attention Module (CBAM)

C: Introducing only the Distributed Reflectance Consistency Loss

D: Adding both the Convolutional Block Attention Module and the Distributed Re-
flectance Consistency Loss

The ablation results are reported in Table 2. To ensure a strictly fair and deterministic
comparison, all evaluation metrics were computed on the exact same evaluation set using
the finalized model checkpoints from a single training run, rather than being averaged
across multiple random stochastic trials. Figure 6 presents the visual outcomes on graphite
ore after each module is added. The first column presents original low-grade graphite ore
images, which serve as inputs for the image translation task. The last column shows real
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high-grade graphite ore images from the dataset. Columns two to four illustrate the effects
of different modules, which gradually adjust the surface features of input images to match
the target style.

Table 2. Module ablation evaluation results. “1/” indicates that the corresponding module or strategy
has been integrated into the model.

Model A B C D FID KID SSIM PSNR
CycleGAN vV 112.7 0.0786 0.948 29.62
Vv 111.82 0.0738 0.905 28.19

vV 104.49 0.0603 0.969 29.71

Vv 87.97 0.0479 0.973 30.62

r

Real A
(Low-grade)

Real A
(Low-grade)

Real A
(Low-grade)

Full (Ours) Real B
Baseline CBAM Reflect (Best) (High-grade)

Full (Ours) Real B
Baseline CBAM Reflect (Best) {High-grade)

|

Full (Ours)
(Best)

Real B
CBAM Reflect {High-grade)

L N 4

Figure 6. Visualization results of graphite ore ablation experiment. The red dotted boxes mark the
key local regions for visual comparison of generation quality among different models.

The table data indicate that progressively adding different modules has a noticeable
effect on model performance. The overall change moves from a distribution mismatch
toward a gradual coordination between distribution and structure. The baseline CycleGAN
model already provides a basic ability to convert low-grade graphite ore into high-grade
domains. Yet the relatively high Fréchet Inception Distance and Kernel Inception Distance
still point to a significant deviation in the overall distribution of the generated results.
Introducing only the CBAM attention module lowers FID and KID slightly. This brings
the model somewhat closer to the target domain distribution. SSIM and PSNR, however,
drop. The attention mechanism appears to strengthen discriminative features while it
weakens the preservation of the original structure. In other words, the image looks more
like a high-grade graphite ore but does not necessarily represent the original graphite ore.

Introducing only the distributed reflectance consistency loss leads to a more stable
improvement. FID and KID both decrease, and SSIM and PSNR improve significantly.
This indicates that the constraint guides distribution alignment and also restricts struc-
tural information. It produces a more reasonable balance between visual consistency and
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target statistical characteristics in the generated results. The balance is especially suitable
for graphite images where texture and reflectance features dominate. When CBAM is
combined with the distributed reflectance consistency loss, the model achieves its best
experimental performance. FID drops to 87.97, KID drops to 0.0479, and SSIM and PSNR
reach their highest values. One way to interpret this is that the attention mechanism en-
hances local expressive power, while the distribution constraint limits the overall offset.
The two components are, to some degree, complementary. However, it is worth noting that
despite these relative improvements, the remaining absolute FID and KID values suggest
that minor generative artifacts persist, which can be attributed to the simplified 2D static
nature of the images and the single-source dataset constraints.

Meanwhile, we take the final Model D as the baseline and analyze the ablation results
from a reverse perspective to verify the necessity of each component by removing them
one by one. After removing CBAM, we can see that the FID increases from 87.97 to 104.49
and the KID rises from 0.0479 to 0.0603, with obvious performance degradation, which
indicates that CBAM is crucial for fine-grained feature extraction and focusing on key
regions. Similarly, after removing DRL, the FID increases from 87.97 to 111.82 and the KID
rises from 0.0479 to 0.0738, accompanied by reduced cross-domain consistency, proving
that DRL loss acts as a critical constraint for maintaining generation quality. Therefore, the
results show that removing either component will lead to a remarkable performance drop,
and the synergistic effect of the two components is the core guarantee for the model to
achieve the optimal performance.

This ablation experiment demonstrates a clear pattern: a single improvement often
works on only one aspect. In the task of mapping low-grade graphite to high-grade graphite,
constraining both local features and global distribution simultaneously is more critical. The
improved final performance of the model further validates this combined strategy.

4.2.2. Hyperparameter Sensitivity Analysis

To further verify the robustness of our model regarding parameter choices, this section
provides a sensitivity analysis for the distributed reflectance consistency loss weight Apry.
and the Exponential Moving Average (EMA) momentum. All tests were done under the
same baseline architecture.

First, we fixed the cycle consistency loss weight Ay = 10.0 and identity loss weight
Aig = 5.0, while changing the value of Apry. As shown in Table 3, when Apgr; = 0.01, the
physical-inspired heuristic rule acts as an insufficient constraint, failing to give enough
guidance. When Apg; increases to 1.0, the network tends to chase a shortcut. It tries to
match the mean and variance numbers perfectly while ignoring the adversarial loss. This
makes the final generated graphite ore images exhibit simplified textures and unnatural
artifacts, lacking any sense of visual depth. Consequently, the downstream classification
accuracy drops noticeably. This drop occurs because the classifier cannot extract distinct
texture features from these flattened surfaces. The lack of surface details directly confuses
the feature recognition network. The results prove that setting Apr; = 0.1 pushes the
generation metrics to the optimal state, reaching a great balance between adversarial
pressure and physical-inspired heuristic guidance.

Table 3. Sensitivity analysis results of the loss weight Apgy .

ADRL FID KID SSIM PSNR
0.01 92.65 0.0572 0.915 28.19
0.1 87.97 0.0479 0.973 30.62
1.0 96.12 0.0594 0.864 21.95
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Looking closely at Table 3, we can see a clear tug-of-war between our statistical
constraints and the generative freedom of the GAN. When Apg; is too small, the restriction
is too loose; the model basically ignores the unique macro-reflectance of high-grade graphite,
leading to sub-optimal results. On the flip side, cranking the weight up to 1.0 backfires
completely. The network tries to take a shortcut—it perfectly matches the pixel intensity
numbers to satisfy the math formula but completely forgets how to draw the intricate, flaky
details of the rock. This causes a massive collapse in structural metrics, where SSIM drops
heavily to 0.864 and PSNR falls to 21.95, leaving us with flat, artificial images that lack
visual depth. Setting Apr;, = 0.1 hits the perfect sweet spot. It acts as a gentle guide that
nudges the brightness and contrast toward a realistic look without getting in the way of
the adversarial loss crafting genuine mineral textures.

Additionally, we tested the EMA momentum parameters for weight updates. As
reported in Table 4, training without EMA or with a lower value causes strong oscillations
because adversarial training is non-stationary. Meanwhile, a value too high leads to overly
conservative updates and delays convergence. Setting it to 0.99 provides the smoothest
historical tracking and the best classification performance. The summarized experimental
results are shown in Table 4.

Table 4. Empirical testing results of the EMA momentum.

EMA FID KID SSIM PSNR
Momentum
No EMA 95.62 0.0638 0.895 27.19
0.90 90.86 0.0515 0.955 29.23
0.99 87.97 0.0479 0.973 30.62
0.999 94.31 0.0564 0.924 28.42

The data in Table 4 highlights just how crucial training stability is when dealing
with complex, natural mineral images. Without EMA, or with a low momentum value
like 0.90, the model gets caught in intense gradient swings. This is caused by the highly
non-stationary nature of GAN training. The generator’s weight fluctuates too wildly from
batch to batch. This results in blurry rock surfaces and noisy artifacts. These issues push
the FID value up to 95.62. However, pushing the momentum too close to 1, such as 0.999,
makes the model overly conservative and sluggish. It relies too much on its past states
and fails to adapt quickly enough to the discriminator’s real-time feedback. This slows
down the convergence process. An EMA momentum of 0.99 works like an ideal shock
absorber. It filters out random training spikes to keep the core features stable. At the same
time, it remains nimble enough to capture the true structural layout of the graphite ore.
This setting achieves the highest scores across all metrics.

4.3. Downstream Classification Tasks

To verify the practical value of the high-grade graphite images generated in this
paper, we run a downstream grade classification experiment for quantitative evaluation.
ConvNeXt-Base serves as the classification network. It is a modern CNN architecture
proposed by Liu et al. in 2022 [38]. We load its pre-trained weights from ImageNet-22K and
replace the last fully connected layer with binary heads for high grade and low grade. All
input images are uniformly resized to 224 x 224. Training runs for 50 rounds, the batch size
is fixed at 16, and the learning rate is le-4. We first pool all real low-grade and high-grade
graphite images together. The dataset includes 1084 real low-grade images, 337 real high-
grade images and 80 generated images. These 80 synthetic high-grade images are obtained
by randomly selecting 80 real low-grade images from the training set and translating them
using our proposed model. All generated images are directly added to the training set
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without manual selection or filtering to ensure objective data augmentation. We then
split it into training, validation and test sets at a ratio of 7:1.5:1.5. Three groups of control
schemes are set up. The Baseline scheme trains the classification model on real images only.
An ablation scheme trains the model on generated high-grade images together with real
low-grade images. The Ours scheme takes the real high-grade data and supplements it
with generated images to form an enhanced training set. The three groups share the same
validation set and the same test set. The generated high-grade graphite images are added
only to the high-grade portion of the training set and never appear in validation or testing,
so the comparisons stay fair and credible. Table 5 shows the specific dataset split, where
real means real graphite ore images, fake means generated fake high-grade images, and
Low and high indicate low grade and high grade.

Table 5. Dataset partitioning details.

Experiment

Training Set Training Set
(Low-Grade) (High-Grade)

Validation Set Test Set

Baseline
Ablation
Ours

758 (real) 236 (real) 163 low + 51 high 163 low + 50 high
758 (real) 80 (fake) 163 low + 51 high 163 low + 50 high
758 (real) 316 (236 real + 80 fake) 163 low + 51 high 163 low + 50 high

Table 6 summarizes the classification outcomes of the three schemes on the test set,
and Figure 7 offers a more intuitive presentation. Trained exclusively on real data, the
Baseline model attains a test-set accuracy of 97.24%, with precision, recall, and F1 score each
reaching 0.9816 and an AUC of 0.9990, reflecting excellent overall classification capability.
When the Ablation scheme is trained solely on generated high-grade images, it still yields
an accuracy of 93.55%. This finding directly demonstrates that the improved CycleGAN can
effectively capture the core visual features of high-grade graphite, and that the generated
images share representational characteristics with real samples. Grade classification based
only on generated samples remains stable and dependable within this experimental scope.
The Ours scheme delivers the strongest performance, with a test-set accuracy of 99.54%,
precision of 99.39%, and perfect recall of 100%, meaning that no high-grade sample is
missed. The F1 score reaches 0.9969 and the AUC reaches 0.9999. Compared with the
Baseline, the Ours scheme improves classification accuracy by roughly 2.3 percentage
points, and all evaluation metrics show clear improvement.

Table 6. Results of classification experiments.

Experiment

Accuracy (%) Precision (%) Recall (%) F1-Score AUC

Ablation
Baseline
Ours

93.55 £ 0.11 96.27 £ 0.05 95.09 + 0.23 0.9568 £ 0.0012 0.9743 + 0.0004
97.24 £+ 0.09 98.16 = 0.07 98.16 £ 0.15 0.9816 + 0.0010 0.9990 + 0.0001
99.54 £+ 0.06 99.39 + 0.02 100.00 £ 0.00 0.9969 + 0.0003 0.9999 £ 0.0000

Based on the preceding analysis, high-grade images synthesized by the improved
CycleGAN model effectively enhance the performance of downstream classification models
under offline evaluation conditions. To address the scarcity of authentic high-grade graphite
ore samples, the generated images augment training data diversity, thereby mitigating the
limited generalization capacity characteristic of small-sample scenarios. Concurrently, the
ablation experiment isolates the contribution of high-fidelity synthetic samples from naive
data stacking, directly validating that the features of the generated images are empirically
authentic and functionally effective within the tested dataset. From an engineering per-
spective, although the baseline already achieves a high accuracy of 97.24%, the practical
significance of the 2.3-point gain remains noteworthy. This marginal improvement corre-
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sponds to a substantial reduction in the error rate within the high-accuracy zone, helping
the classifier better resolve long-tail visual ambiguities. More importantly, our scheme
achieves a high recall of 100% on the test set, substantially minimizing the false negative
rate for high-grade graphite ores. In actual industrial sorting pipelines, high-grade graphite
is exceptionally valuable and scarce; the baseline’s missing rate implies that a portion of
premium graphite ores might be inadvertently routed into low-grade tailings, leading to
cumulative economic losses. Therefore, suppressing this critical marginal error and ap-
proaching a near-zero leakage rate for premium graphite minerals significantly strengthens
the operational viability of deploying automated visual inspection systems. In conclu-
sion, the high-grade graphite ore images generated in this study demonstrate substantial
practical utility, consistently improve downstream grade classification performance, and
establish a reliable data augmentation methodology for visual grade identification tasks in
graphite ore analysis. Nevertheless, these promising findings are inherently bounded by
laboratory conditions; due to the current lack of edge-deployment optimization, the actual
robustness of this methodology under real-world, dynamic 3D industrial conveyor belt
environments remains to be further validated.

1.04
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@ Ours

1.0000 0.9990 0.9999
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1009 0.9954 0.9939
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Figure 7. Results of the classification experiment.

4.4. Visualization Experiment

To explicitly validate the class of the generated images, our visual inspection moves
beyond general realism and specifically targets key visual attributes that define high-grade
graphite. In such geological imagery studies, a successful class translation must exhibit
three core attributes: a uniform pure black or dark gray tonal distribution, a distinct metallic
luster indicative of crystalline structure, and the preservation of original edge contours
without structural collapse. Figure 8 displays the translation results from the improved
model. Each example groups six related images together. real A shows a real low-grade
graphite ore image. fake_B presents the generated high-grade version. rec_A gives the
reconstructed low-grade image that comes from fake_B. The opposite direction follows
the same pattern. real B holds a real high-grade sample. fake_A shows the generated
low-grade counterpart. rec_B completes the cycle by reconstructing the high-grade input
from fake_A. We examine these outputs to evaluate the model. The visual inspection
targets three specific aspects. We first check the quality of the generated high-grade image.
We then compare both reconstructed images against their original inputs. Finally, we
assess the realism of the generated low-grade sample. Real high-grade graphite ore looks
quite different from low-grade material. High-grade samples usually appear pure black
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IMG_9851_1

or dark gray. The surface maintains a uniform and rich color. A distinct metallic luster
gives it a brighter overall look. Low-grade graphite ore shows a different pattern. The
color distribution looks uneven across the surface. Grayish-black or grayish-white tones

dominate the visual field. The rock matrix contains many light-colored gangue minerals.

These inclusions scatter light and produce a dull surface finish. Weak reflection dominates

the overall texture. Only a few isolated flakes show strong local reflection. Oxidation further

alters the low-grade material. The chemical weathering exposes secondary substances on

the rock face. Yellow or red stains frequently appear in these weathered zones.
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Figure 8. Image of the result after the improved model transformation.
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The images show that the improved model maintains stable visual performance during
the mapping from low-grade graphite ore to high-grade regions. The result in fake_B
approaches real high-grade samples in both color distribution and surface reflection. The
gray levels and metallic luster appear close to those of the target domain, which suggests
effective learning at the distribution level. A closer view reveals that the surface texture
of the graphite ore is largely preserved during the transformation. Traditional models
often produce blurred textures or structural collapse. In contrast, the generated results
here keep clear edge contours and consistent particle distribution. No obvious breaks
or over-smoothing appear in the structure. The reconstruction results rec_A and rec_B
support this observation. The model completes cross-domain mapping while retaining
the original structural information. The cycle consistency remains reliable throughout the
process. Some local differences are still visible. Certain regions show slight color shifts or
enhanced contrast. These changes reflect a bias toward emphasizing target domain features.
However, the overall effect remains controlled. The model does not introduce noticeable
artifacts or unrealistic structures.

Synthesizing multiple groups of samples, it can be found that the above phenomena
have good consistency and are not unique. This shows that the improved model has certain
generalization ability under different graphite ore morphology and texture conditions. In
other words, it can not only realize the transformation from low grade graphite ore image
to high grade graphite ore image, but also become more stable, which is more meaningful
for the actual industrial scene.

4.5. Comparison Experiments

To rigorously validate the superiority of the proposed framework Reflectance-
Consistent CycleGAN, a comprehensive comparative analysis was conducted against
classical data augmentation, algorithmic class-balancing strategies, and advanced unpaired
generative baselines in the context of graphite ore grade recognition. To ensure fairness, all
comparative methods were evaluated using the identical downstream classifier ConvNeXt-
Base under uniform baseline hyperparameter settings, where the batch size was 16, with
no additional optimizations or empirical adjustments. Detailed comparison results are
presented in Table 7. To eliminate random errors inherent in deep learning training, all
values reflecting classification accuracy and performance metrics in the table represent the
average of three independent experiments.

Table 7. Results of comparisons with other models.

Experiment Accuracy (%) Precision (%) Recall (%) F1-Score AUC
Baseline 97.24+021  98.16 +0.15 98.16 £ 0.11 0.9816 +0.0012  0.9990 =+ 0.0006
Classical Augmentation ~ 97.85 +0.12  98.40 + 0.06 98.25+0.09  0.9832-+0.0004  0.9992 + 0.0001
Oversampling + 97.56 +0.08  97.10 + 0.03 99.12 + 0.05 0.9810 £ 0.0005  0.9991 - 0.0004
Class-Balanced
CUT 98.62+0.13  9895+007 99104010 09902 +0.0014  0.9995 + 0.0002
Ours 99.54+0.09  99.39+003  100.00+0.00 09969 +0.0001  0.9999 + 0.0000

In terms of implementation, the Baseline scheme directly utilizes the original unbal-
anced real graphite dataset for classifier training. Classical Augmentation introduces ran-
dom flips and color jittering during training iterations. The oversampling + Class-Balanced
strategy duplicates rare high-grade real images to achieve a one-to-one balance and modi-
fies the loss weight. Both the CUT and Ours methods train generative networks based on
the real low-grade and high-grade images, translating low-grade images into pseudo-high-
grade samples to expand the training set for the downstream ConvNeXt-Base classifier.
Here, Ours uniquely applies distributed reflectance consistency loss statistical constraints.
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As shown in Table 7, Ours outperforms other models in terms of classification metrics,
achieving an accuracy of 99.54% and an F1-Score of 0.9969. Compared with Baseline,
Classical Augmentation, oversampling + Class-Balanced, and CUT, Ours improves the
classification accuracy by 2.30%, 1.69%, 1.98%, and 0.92% respectively. This demonstrates its
strong performance in addressing grade imbalance. Notably, CUT relies entirely on a data-
driven generation paradigm. Benefiting from the introduced reflectance constraints, our
method achieves further gains in precision and recall. This verifies that embedding domain-
specific physics-inspired heuristic into generative data augmentation can effectively boost
model performance. The intuitive comparison of all evaluation metrics across different
methods is presented in Figure 9.
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Figure 9. Quantitative comparison of performance metrics for various approaches.

4.6. Generalization Experiment

To evaluate the generalization ability of the proposed model beyond graphite ore,
this study tests the improved CycleGAN on a public rock and mineral image dataset.
The dataset is the Type of Rocks and Minerals Dataset from Kaggle [39], released by
Usta et al. in 2024. It contains about 10,000 rock images. The data cover three main
rock types, including igneous, metamorphic, and sedimentary rocks. The dataset also
includes diverse mineral textures, bedding structures, and surface reflection characteristics.
This dataset does not provide explicit grade annotations. This study therefore constructs
pseudo-low-grade and pseudo-high-grade domains based on color, gloss, and texture
uniformity of the mineral surface. The pseudo-low-grade samples mainly show light
gray tones, mottled patterns, rough textures, and weak luster. These samples are mainly
selected from sedimentary rocks and metamorphic rocks containing mottled gangue. The
pseudo-high-grade samples show dark black color, uniform appearance, dense texture, and
clear reflection features. These samples are selected from dark and dense metamorphic
rocks. This setting simulates the visual transformation process from low-grade to high-
grade minerals. This grouping principle aligns with general mineralogical observations,
where dark and dense components often indicate a higher concentration of target minerals.
However, this preliminary division inevitably introduces some human subjectivity.

The results are presented in Figure 10. Visual inspection shows that the transformation
from low-grade to high-grade remains stable. The fake_B column shows clear darkening or
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graying compared with the original images. The results differ from the input images and
move closer to real high-grade samples. The reconstruction results are less satisfactory. The
reconstructed images do not reach the same level as those in the graphite ore experiments.
This gap indicates that the model still has room for improvement. The fake A column
shows that most generated samples are successfully mapped back to the low-grade domain.
Overall, the improved CycleGAN maintains stable performance in the generalization
experiment. Some limitations remain and need further refinement. Specifically, the lack of
quantitative geochemical assays for the public dataset limits the absolute precision of our
pseudo-grade domains. This subjective grouping constraint represents a known limitation
of the current validation stage.

real A fake B frec A real B fake A rec_B

Figure 10. Visual comparison of other datasets.
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4.7. Limitations and Future Research Directions

Although the improved CycleGAN model shows good performance in converting low-
grade graphite ore images to high-grade ones, several limitations remain. First, the dataset
in this study is collected under specific conditions and exclusively from a single mining
area, namely the Hegang graphite mine of China Minmetals Corporation. This setting
limits the geographic and geological diversity of the data. It also restricts the representation
of variations under different shooting conditions, backgrounds, geological environments,
and mineral compositions. It makes it challenging to fully verify the model’s adaptability
to graphite ore samples with different geological origins and different mineral association
types. Second, the model improves performance through the attention mechanism and the
distribution reflectance Consistency Loss constraint. However, the FID and KID values of
the generated results remain relatively high. This result suggests that the generated images
are not yet fully aligned with real high-grade graphite ore images in high-dimensional
feature distribution. Methodologically, the proposed distribution reflectance Consistency
loss relies on exponential moving averages of real high-grade statistics, which makes
training somewhat sensitive to the initial estimate and may not adapt quickly when the
target distribution is multimodal. Also, it only enforces first- and second-order moments,
leaving higher-order texture features like skewness or local patterns unregulated. As for
the CBAM s inserted into three residual blocks of the generator, they inevitably increase
parameters and inference time. Finally, the current application scenario is simplified.
The study focuses on two-dimensional static graphite ore images. It does not consider
complex interferences in industrial environments, such as dust, illumination disturbance,
and motion blur. In addition, the model is not optimized for lightweight deployment. This
limitation makes it difficult to apply directly to real-time detection equipment in mineral
processing sites.

Future work will build on the limitations discussed above and move forward along
three directions: data, model design, and practical deployment. On the data side, although
the underlying robustness of the algorithm has been verified through cross-dataset general-
ization experiments and multiple independent repeated tests, future research still needs
to collect larger-scale graphite ore samples from mining areas with diverse geographical
features and varied environments. This will enable further evaluation and optimization
of the practical value of the proposed framework in complex industrial scenarios. For the
model, the focus will shift to distribution alignment. The goal is to further narrow the
gap between generated and real samples and to reduce FID and KID values. In addition,
using regularization techniques such as dropout or stochastic depth can help mitigate
overfitting when training on a small dataset. In terms of application, more attention will
be given to deployment in real scenarios. The model will be adapted for lightweight use
through techniques such as pruning and quantization of the generative network, which will
further reduce parameters and inference time. These changes will support deployment on
edge computing devices and help move the method from controlled experiments toward
practical engineering use.

Finally, the proposed framework is mainly designed for real-time online grade moni-
toring. Its target application scenario is conveyor belts in industrial sorting plants. Actual
industrial field environments contain various inevitable interference factors. These factors
include dust coverage, uneven illumination, motion blur, and graphite ore stacking occlu-
sion. The dynamic DRL constraint and the CBAM attention mechanism are integrated in
our method. This design provides theoretical robustness against global style drifting and
local texture blurring. However, we have not yet fully conducted systematic evaluations
targeting these specific operational noise factors at the current stage. The next core step of
our research is clear. We will deploy the model in a simulated industrial pipeline. We will
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stress-test its industrial adaptability. We will also explicitly optimize its inference stability
under complex multi-interference field conditions of graphite ore.

5. Conclusions

High-grade graphite samples are scarce in field exploration of the Hegang graphite
mine in Heilongjiang Province. Expanding the sample size of high-grade graphite ore
therefore plays an important role in improving the accuracy of the grade recognition model.
Deploying the optimized grade recognition model at the mine site can drive the digital
transformation of mining operations. It enables precise sorting and processing of graphite
ore and raises the utilization efficiency of graphite resources. At the same time, refined
and intelligent mining can significantly cut manpower and material consumption, which
helps realize green and efficient mining. To address these challenges, this paper proposes
an improved CycleGAN model. The model converts low-grade graphite ore images into
high-grade graphite ore images. This expands the sample size of high-grade graphite ore
and in turn improves the accuracy of the grade recognition model. The main contributions
of this study include:

1.  We built a high-quality graphite ore image dataset through a systematic data prepara-
tion process in a real industrial scenario. Graphite ore images under different lighting
conditions were collected with high-resolution imaging equipment. Each image was
manually labeled and its carbon and sulfur content was measured using a carbon-
sulfur analyzer. The resulting dataset contains diverse samples that cover two types
of graphite ore morphology and two grade levels: high grade and low grade.

2. We introduce a distributed reflectance consistency loss, based on the empirical appear-
ance characteristics of graphite ore, into the basic CycleGAN model. Overfitting to
local texture differences is avoided by dynamically maintaining and smoothly updat-
ing the global pixel mean and global standard deviation of the real high-grade graphite
ore dataset using exponential moving averages. We also insert CBAMs into the 4th,
5th, and 6th intermediate layers of the 9 residual blocks in the CycleGAN generator.
This brings in an attention mechanism that lets the neural network focus on important
channels and locations simultaneously, dynamically adjusting the feature maps.

3. To verity the effectiveness of the generated data and to evaluate the performance
impact of each module, we designed a downstream classification and recognition
task that uses the ConvNeXt architecture. We then carried out several experiments.
Ablation experiments evaluated the contribution of each module to model perfor-
mance, and visual comparisons further demonstrated the advantages of the improved
model in this task. We also ran generalization experiments on other publicly available
datasets to verify the model’s generalization ability and robustness.

4. Compared with the base model, the improved CycleGAN outperforms it by roughly
21.9% in FID, 39.4% in KID, 2.6% in SSIM, and 3.3% in PSNR. Adding the newly gener-
ated samples to the grade recognition model brings a 6.9% gain. These results highlight
the improved model’s advantage in image conversion for graphite mining and confirm
that the experimental findings extend to downstream grade recognition tasks.

In summary, this work presents a low-sample data augmentation method for graphite
ore image translation. Experimental results indicate that the framework can effectively
improve the visual quality of the data generated. Sensitivity analysis and ablation studies
further verify that each module maintains a stable contribution to model performance. The
consistent trends of experimental data lend reasonable support to the practical feasibility of
our mathematical constraints. Accordingly, this method can serve as a reliable tool to assist
downstream grade recognition networks in intelligent mining. Furthermore, it should be
noted that the primary task is restricted to low- and high-grade binary translation. We
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The following abbreviations are used in this manuscript:

AUC Area Under the Receiver Operating Characteristic Curve
CBAM Convolutional Block Attention Module

CycleGAN  Cycle-Consistent Generative Adversarial Network

DRL Distributed Reflectance Consistency Loss

EMA Exponential Moving Average

FID Fréchet Inception Distance

KID Kernel Inception Distance

PSNR Peak Signal-to-Noise Ratio

SEM-EDS  Scanning Electron Microscopy with Energy-Dispersive Spectroscopy
SSIM Structural Similarity Index Measure

XRD X-ray Diffractions
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