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Abstract

The application of efficient optical-electrical sorting technology for the automatic separation of copper
mine waste rocks not only enables the recovery of valuable copper metals and promotes the resource
utilization of non-ferrous mine waste, but also conserves large areas of land otherwise used for waste
disposal and alleviates associated environmental issues. However, the process is challenged by the
low copper content and fine dissemination of copper-bearing minerals, including copper metallic
elements, and the subdued irradiation response of sulfur. To address these challenges, this study
leverages dual-energy X-ray imaging and multi-modal learning, proposing a lightweight twin-tower
convolutional neural network (CNN) designed to fuse high- and low-energy spectral information for
the automated sorting of copper mine waste rocks. Additionally, the study integrates an emerging
Kolmogorov-Arnold network as a classifier to enhance the sorting performance. To validate the
efficacy of our approach, a dataset comprising 31,057 pairs of copper mine waste rock images with
corresponding high and low-energy spectra was meticulously compiled. The experimental results
demonstrate that the proposed lightweight method achieves competitive, if not superior, performance
compared to contemporary mainstream deep learning networks, yet it requires merely 1.32 million
parameters (only 6.2% of ResNet-34), thereby indicating extensive potential for practical deployment.
The source code is available at https://github.com/csu-guoxiao/copper.

Keywords: optical-electrical sorting; low-grade copper ore/waste separation; dual-energy spectral
image

1. Introduction
Copper, as a key material for global industrial and electrical infrastructure, is of vital importance

to modern economic and technological development. Its excellent ductility, electrical conductivity
and thermal conductivity make it indispensable in wires, cables and electronic devices, and it is a
very important non-renewable resource [1]. With the rapid economic development in the past decade,
most high-grade ore deposits have been nearly exhausted, and the grade of copper ore worldwide
has begun to decline gradually over the years [2]. Meanwhile, China’s copper ore resources present
the characteristics of being “poor, fine and diverse”, with reserves accounting for less than 5% of the
global total [3].

Due to the insufficient precision of traditional sorting techniques, a substantial volume of low-
grade ores (with copper content ≥ 0.1%) is erroneously classified and discarded as waste rock during
mining operations, leading to considerable economic inefficiency. Furthermore, Chinese metal mines
have accumulated over 2.5 billion tons of tailings [4], the protracted storage of which not only con-
sumes extensive land resources but also frequently precipitates environmental and safety hazards,
including acidic wastewater contamination [5]. Therefore, there is a pressing imperative to devise
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a straightforward and effective automated method for distinguishing copper ore from waste rock,
thereby facilitating the reclamation and re-utilization of resources embedded within these tailings.

Among the existing photoelectric separation technologies, visible light can classify most ores
based on the color and texture differences of the ores [6,7]. However, low-grade copper ores are
visually nearly indistinguishable from waste rocks, rendering differentiation challenging. While
techniques like short-wave infrared (Vis-SWIR), near-infrared (NIR), and X-ray fluorescence (XRF)
acquire information based on the distinct absorption and reflection properties of substances to various
light spectra, enabling the effective sorting of complex ores such as uranium [8], gold, and tin [9],
their penetration depth remains limited. Consequently, for low-grade copper ores characterized by
heterogeneous internal and external component distribution, diffuse reflection methods can only yield
near-surface compositional data, proving inadequate for effective classification.

The X-ray transmission (XRT) method effectively penetrates ores, providing insight into their
internal structural composition. This highly efficacious sorting technique proficiently classifies various
ores, including tungsten [10,11]. Existing XRT-based sorting technologies are categorized by their
operational principles into single-energy X-ray transmission (SE-XRT), dual-energy X-ray transmission
(DE-XRT) and multi-energy X-ray transmission (ME-XRT) [12]. SE-XRT, among the earliest developed
technologies, employs a single-energy X-ray source to analyze different ores based on their distinct X-
ray absorption profiles and is widely adopted due to its simplicity and cost-effectiveness. Nevertheless,
the inherent properties of copper ores, including their uniquely fine particle size distribution, intricate
mineralogical composition, and complex intergrowth and associative patterns, render a single energy
spectrum insufficient for effective discrimination from waste rock. In contrast, ME-XRT provides
comprehensive analytical capabilities but requires advanced high-performance computing systems
and incurs substantial costs.

In this work, we propose leveraging DE-XRT to effectively distinguish low-grade copper ores
from waste rock due to its optimal balance between operational costs and the ability to handle complex
sorting tasks. Specifically, we employ dual-energy X-ray imaging, treating high and low-energy
spectral images as distinct modalities. We then utilize multi-modal learning to fuse the characteristics
of both high and low-energy spectra for copper ore/waste rock classification. To achieve this, we
designed an efficient dual-tower structure based on a lightweight convolutional neural network (CNN)
to extract features from the high and low-energy spectral images, which are then fused and input into
a classifier built upon the emerging multi-layer Kolmogorov-Arnold network (KAN) [13] for final
categorization.

Due to the scarcity of publicly available datasets specifically curated for copper ore/waste rock
classification, we compiled a dataset comprising 31,057 copper ore and waste images, upon which we
conducted extensive evaluations. Without bells and whistles, our methods achieved competitive or
superior classification performance compared to existing mainstream networks, while requiring only
1.32M parameters. Overall, our main contributions are as follows:

• We suggest using DE-XRT to classify low-grade copper ores and wastes and construct a dual-
energy spectral image dataset of copper ores. Multi-modal learning is utilized by treating the
differences between high-energy and low-energy spectral images as distinct modalities.

• We developed an efficient and lightweight dual-tower network that effectively integrates infor-
mation from both energy spectra and employs a robust multi-layer KAN as a classifier. This
architecture not only reduces computational costs and enhances operational efficiency but also
improves sorting accuracy.

• We curated a dataset of 31,057 dual-energy spectrum image pairs for copper ore and waste.
Our proposed method achieves competitive or superior classification performance compared to
mainstream networks, all while maintaining a remarkably compact model size of merely 1.32M
parameters.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 September 2025 doi:10.20944/preprints202509.2552.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.2552.v1
http://creativecommons.org/licenses/by/4.0/


3 of 16

2. Related Works
The effectiveness of photoelectric sorting algorithms for low-grade ores is highly contingent

upon the mineralogical composition of a given deposit [14], and no single method offers universal
applicability. In recent years, a variety of innovative approaches have been developed to address the
classification of different mineral types. These methods can be broadly divided into two categories:
feature engineering-based techniques and feature learning-based techniques.

2.1. Feature Engineering-Based Methods

Early approaches primarily leveraged manually engineered features alongside conventional ma-
chine learning techniques for ore/waste rock classification. For instance, Ebrahimi et al. [6] employed a
multi-criteria decision-making approach to extract color and shape features of ores, and, in conjunction
with the analytic hierarchy process (AHP), successfully classified 16 types of minerals using an artificial
neural network (ANN). Zhu et al. [15] utilized the TESCAN Integrated Mineral Analyzer to analyze
the composition of rare earth niobium-iron polymetallic minerals and performed ore classification
through principal component analysis (PCA). Shatwell et al. [7] extracted color features using color
statistics and PCA, and texture features via wavelet transform, subsequently employing ANN to
classify rocks in gold and silver mines.

With the advancement of optoelectronic sorting technologies, researchers have progressed beyond
surface feature extraction by incorporating additional spectral information to enhance classification
accuracy. For instance, Chen et al. [16] achieved the classification of seven ore types by integrating a
visible light and short-wave infrared imaging system with a support vector machine (SVM) classifier.
Akbar et al. [17] employed linear spectral unmixing on hyperspectral images to estimate ore grades
within sampling intervals and utilized a gradient boosting classifier (GBC) to differentiate ore from
waste. Windrim et al. [18] addressed ore and waste rock classification in open-pit mines by applying
dimensionality reduction to high-dimensional hyperspectral reflectance images, followed by K-Means
clustering.

Despite the reasonable accuracy of these feature engineering-based approaches, they are heav-
ily dependent on manual feature extraction and expert knowledge, which limits their adaptability,
robustness, and generalizability in complex, real-world mining environments.

2.2. Feature Learning-Based Methods

Deep learning methods, especially CNNs, have shown superior performance in mineral image
classification by automatically learning hierarchical features from raw data, thus eliminating manual
feature engineering. For example, Liu et al. [19–21] systematically studied factors such as moisture
content, model structure, and attention mechanisms to optimize CNN-based ore and coal image
classification. Abdolmaleki et al. [22] combined hyperspectral remote sensing with deep learning for
real-time ore/waste classification, while Chu et al. [23] used deep neural networks to analyze LIBS
data for soil sample classification.

In very recent years, the Transformer architecture [24] has demonstrated remarkable superiority
in natural language processing (NLP) due to its powerful long-term contextual modeling capabilities,
subsequently inspiring its application in computer vision [25,26]. Consequently, a series of studies
have explored the integration of Transformer models for mineral classification tasks. For example, Liu
et al. [27] proposed the OreFormer method, which combines the local feature extraction capability
of CNNs with the global attention mechanism of Transformers, achieving excellent performance in
fine-grained coal classification. Similarly, Qiu et al. [8] leveraged the green fluorescence produced by
ultraviolet irradiation of uranium ore and applied the Swin Transformer [26] to enhance uranium ore
sorting.

It is well-established that feature learning-based methods are data-hungry, making data aug-
mentation a conventional strategy. For instance, Zhou et al. [28] employed data augmentation and
transfer learning techniques, utilizing five CNN models for weight acquisition, which effectively
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enhanced classification performance alongside model robustness and generalization ability. To further
address the scarcity of sufficiently labeled data in the recognition and classification of visual ore images,
Liu et al. [29] proposed three data augmentation methods based on generative adversarial network
(GAN) [30] to synthesize high-fidelity ore images closely resembling real samples. Their experimental
results indicate that this strategy significantly optimizes downstream sorting tasks and effectively
improves the accuracy of most CNN models.

Despite the relatively high classification performance of the aforementioned methods across
various ore systems, none are specifically designed for copper ore-waste sorting. The limited research
dedicated to copper ore sorting primarily focuses on post-grinding stages [31,32] or higher-grade
copper ores [33], where the observation and classification of copper ore particles are relatively straight-
forward. To our knowledge, an effective sorting method for low-grade copper ore/waste fragments
remains unavailable.

3. Methodology
This section outlines the primary methodology of our ore separation algorithm. Specifically, to

address the copper ore/waste rock sorting task in industrial settings, we propose a novel lightweight
dual-tower CNN. This network performs feature learning and fusion, leveraging dual-energy spectral
information for ore classification. The network comprises two parallel branches, each based on an
identical convolutional neural network architecture, dedicated to processing data from both high
and low-energy spectra. The backbone of each branch integrates the improved residual modules and
attention mechanism to enhance feature extraction. The algorithm’s overall framework is illustrated
in Figure 1, and its components based on residual module and attenions will be elucidated in detail
below.
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Figure 1. Overall architecture diagram of the algorithm.

3.1. The Improved Residual Module

The well-known residual module, introduced by He et al. [34], is predicated on directly propa-
gating the input x to the output via an identity mapping. Concurrently, the network endeavors to
learn a residual function F(x) designed to rectify any shortcomings in the input x. Consequently,
the network’s output can be expressed as y = F(x) + x, where F(x) denotes the residual function,
x represents the input, and y signifies the output. This module effectively mitigates issues such as
vanishing and exploding gradients, thereby enhancing both the training speed and accuracy of the
model.

In addition, when the dimension of the output changes, that is, when the number of channels in
the input feature map does not match the number of channels in the output feature map, the input and
output cannot be directly added. The residual module will use the strategy of shortcut connection to
solve this problem. It uses a projection operation. We adopt the method of passing the input x through
a 1×1 convolutional layer to match the dimensions of the input and output.

Traditional residual blocks typically utilize uniform 3 × 3 convolutions, which may constrain
their capacity to capture multi-scale features. To address this limitation, we enhance the basic residual
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module by incorporating multi-scale perception. As illustrated in Figure 2, the improved residual
block is mathematically defined as:

F(x) = R(C2(R(C1(x))) + x), (1)

where C1(·) and C2(·) denote 3 × 3 and 5 × 5 convolutional layers, respectively, R(·) is the ReLU
activation, and x is the input. For computational efficiency, the 5 × 5 convolution can be replaced by
two consecutive 3 × 3 convolutions, reducing parameters from 25 to 18.
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Figure 2. The structure of the residual module.

3.2. Attention Mechanism

Currently, the attention-based Transformer architecture dominates the field of image classification
due to its exceptional flexibility and scalability. However, its reliance on large-scale training data,
increased training complexity, and substantial model size render it less suitable for ore separation
tasks. In contrast, CNN excel at capturing fine-grained image details, making them more appropriate
for this application. This work, therefore, integrates a sophisticated attention mechanism into a
CNN-based framework. Recognizing that a singular attention mechanism is often insufficient to
comprehensively capture the intricate internal features of ore imagery, we employ a combined channel-
spatial attention module. Particularly, in each branch, channel attention and spatial attention are
sequentially introduced, which is formulated as follows:

T (x) = CA(x)⊗ x, (2)

A(x) = SA(T (x))⊗ T (x), (3)

where CA(·) and SA(·) represent channel and spatial attention operations, respectively, and T (x)
denotes the feature map refined by channel attention, while A(x) is the final output after the subsequent
application of spatial attention.

The channel attention mechanism, illustrated in Figure 3, initially computes the average and
maximum values for each channel within the input feature map through adaptive average pooling and
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max pooling, respectively, thereby capturing global channel-wise information. These pooled features
subsequently undergo compression via a 1 × 1 convolutional layer, followed by a ReLU activation to
introduce nonlinearity. Subsequently, an additional 1 × 1 convolution restores the original channel
dimension, yielding channel-wise weights. The weights derived from both average and max pooling
are then summed to acquire comprehensive channel importance scores, which are subsequently
normalized to the range [0, 1] using a sigmoid activation function. This channel attention map is
then multiplied element-wise with the original feature map, thereby enhancing salient features while
attenuating less informative ones. The entire process can be represented as follows:

CA(x) = σ(C(R(C(AvgPool(x)))) + C(R(C(MaxPool(x))))), (4)

where C(·) represents a 1 × 1 convolutional layer and σ(·) is the Sigmoid activation function.
AvgPool(·) and MaxPool(·) signify average-pooling and max-pooling operations respectively.
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Figure 3. Structure of the channel attention module.

The spatial attention mechanism, as shown in Figure 4, first computes the average and maximum
values across the channel dimension for each spatial location, capturing global spatial statistics. These
two feature maps are concatenated along the channel axis and passed through a convolutional layer
to produce a single-channel spatial attention map. Finally, a sigmoid activation function is applied
to generate the spatial attention weights, which are used to refine the feature map by emphasizing
informative spatial regions.

SA(x) = σ(C([ChannelAvg(x) ; ChannelMax(x)])), (5)

where ChannelAvg(·) and ChannelMax(·) compute the mean and maximum values along the channel
dimension, and [· ; ·] denotes the concatenation operation.
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Figure 4. Structure of the spatial attention module

3.3. Dual-Energy Spectrum Fusion

After individually extracting features from both high and low energy spectral images, we integrate
them to formulate a comprehensive representation of copper ore/waste rock. The fundamental
premise of modal fusion is to leverage the complementary information inherent in diverse modalities,
thereby augmenting the model’s expressive power and generalization capability through information
integration.

Fusion methodologies can be broadly categorized into data-level, feature-level, decision-level,
and hybrid approaches. Data-level fusion, an early fusion technique, involves the direct amalgamation
of data from disparate modalities prior to feature extraction. However, this method often entails a loss
of modality-specific information. Feature-level fusion, conversely, combines features from different
modalities subsequent to their extraction. While this approach effectively utilizes individual modality
features, it incurs a relatively high computational cost. Decision-level fusion consolidates the outputs
of various modalities at the model’s terminal stage. Although this strategy preserves the independent
information of each modality, it may necessitate a more intricate model architecture for processing.
The hybrid fusion method is the most difficult to implement. It usually combines the previous several
methods for fusion.

In light of these considerations, we have opted for a hybrid fusion methodology that integrates
information at both the data level and feature level. At the data level, images from the two energy
spectra undergo addition and subtraction operations prior to their ingestion into the model; these are
then fed into their respective dual branches for feature extraction. Subsequently, at the feature level,
the extracted feature outputs from the two sub-networks are fused, either through simple addition or
concatenation, before being passed to the final classification layer.

3.4. KAN-Based Classifier Utilizing Chebyshev Polynomials

Multi-layer KANs [13] represent a novel neural network architecture derived from the
Kolmogorov-Arnold representation theorem. This architecture distinguishes itself by incorporating
learnable activation functions on the edges of network connections, a departure from the traditional
placement on the nodes of multi-layer perceptrons (MLPs). Adaptive nonlinear transformation is
achieved through B-spline parameterization. The core approach is to replace the linear weights with
the learnable 1D function ϕl,j,i, where the nodes only perform summation operations and adopt grid
expansion and sparsification techniques to improve accuracy and interpretability. The calculation
formula of the network layer is as follows:

xl+1,j =
nl

∑
i=1

ϕl,j,i(xl,i), (6)
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among them, ϕl,j,i is the learnable function of B-spline parameterization, and xl,i is the activation value
of the i-th node of the l-th layer.

Given the inherent characteristics of classification tasks and considering the global orthogonality
of Chebyshev polynomials, more efficient nonlinear transformations can be realized at node positions.
Drawing inspiration from ChebyKAN [35], this work leverages the basis function TK(x) in the iterative
form of the K-order Chebyshev polynomial rather than the original B-spline parameterization. The
Chebyshev polynomial is defined by the recurrence relation:

T0(x) = 1,

T1(x) = x,

TK(x) = 2x TK−1(x)− TK−2(x),

(7)

here x ∈ R1×d represents the fused d-dimensional feature. By multiplying the basis functions T(x)
with learnable coefficients W ∈ Rd×O×(K+1), the classifier’s prediction Φ(x) is obtained:

Φ(x)[o] =
K

∑
k=0

d

∑
q=1

W[q, o, k] · Tk(x)[q], (8)

where O represents the dimension of the prediction result, and [·] denotes the indexing operation. This
formulation allows for efficient and flexible classification by leveraging the properties of Chebyshev
polynomials, which are particularly well-suited for tasks requiring global orthogonality and nonlinear
transformations.

4. Results and Discussion
4.1. Experimental Setting

Experimental dataset. We meticulously assembled a dataset comprising 31,057 pairs of dual-
energy spectrum images of copper ore and waste rock, of which 19,175 image pairs belong to low-grade
copper ore, and 11,882 to waste rock. Each ore specimen includes both its high and low energy spectrum
images. Diverging from conventional 8-bit deep color RGB three-channel images, the dual-energy
spectrum images we acquired are single-channel, 16-bit deep grayscale images, preserved in TIFF
format. The dataset was randomly partitioned into training (train), validation (val), and test (test)
subsets at a ratio of 7:1.5:1.5. The final distribution of the dataset is detailed in Table 1. We conducnt
the comparative experiments on the test subset while the train and val subsets are used for training
and ablation studies, respectively.

Table 1. The detailed class distribution of the dataset.

Ore Waste Total

train 13,422 8,317 21,739
val 2,876 1,782 4,658
test 2,877 1,783 4,660

Total 19,175 11,882 31,057

Implementation Details. We initialized the proposed dual-tower network using the Kaiming
method [36]. During the training process, the cosine annealing algorithm is adopted as the learning
rate scheduler. The initial learning rate is set to 3 × 10−5, the minimum learning rate is set to 3 × 10−6,
the batch size is 64. Training extended for 200 epochs. The Adam optimizer was utilized, and the loss
function was the standard categorical cross-entropy. For the KAN classifier, we selected a 6th-order
Chebyshev polynomial as the basis function.

Evaluation metrics. To conduct quantitative evaluations, we employed standard metrics derived
from the confusion matrix, specifically Accuracy, Recall, Precision, F1-score (F1), and the Area Under
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the Receiver Operating Characteristic curve (AUC). Accuracy is the most intuitive performance
measure, representing the proportion of samples correctly classified by the model to the total number
of samples, which is defined as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
, (9)

where TP (True Positive) is the number of positive samples correctly predicted as positive, TN (True
Negative) is the number of negative samples correctly predicted as negative, FP (False Positive) is the
number of negative samples incorrectly predicted as positive, and FN (False Negative) is the number
of positive samples incorrectly predicted as negative.

Precision gauges the proportion of samples predicted as positive (ores) by the model that are
indeed positive, while Recall assesses the proportion of all actual positive samples (ores) that are
correctly identified by the model. The F1-score (F1) is the harmonic mean of precision and recall, which
is used to comprehensively consider both. Their calculation can be obtained as follows:

Precision =
TP

TP + FP
,

Recall =
TP

TP + FN
,

F1 =
2 × Precision × Recall

Precision + Recall
.

(10)

The AUC represents the total area beneath the Receiver Operating Characteristic (ROC) Curve that
graphically illustrates the relationship between the true positive rate and the false positive rate of a
classification model across varying thresholds. A higher AUC value signifies a stronger discriminative
capability of the model between positive and negative instances.

4.2. Comparative Experimental Results

We evaluated our method against several prominent image classification networks, including
AlexNet [37], VGG [38], ResNet [34], MobileNet V3 [39], EfficientNet V2 [40], ConvNeXt [41], ViT [25],
and Swin Transformer [26]. These models were chosen for their widespread adoption and proven
efficacy in image classification tasks. The results of these comparative experiments are detailed in
Table 2, which elucidates the classification performance of the above model and the method we
proposed on the dual-spectrum dataset, as well as the number of parameters of each method.

Table 2. Comparative results on the test subset. The results are presented as mean ± standard deviation over
three runs. Bold font indicates the best performance.

Model AUC F1 Recall Precision Accuracy Params (M)

AlexNet [37] 85.81±0.17 86.24±0.16 85.36±0.43 87.10±0.47 83.18±0.22 14.57
VGG-16 [38] 85.59±0.07 86.21±0.11 85.32±0.26 87.12±0.14 83.15±0.12 134.27
ResNet-34 [34] 85.32±0.31 86.25±0.12 86.12±0.81 86.40±0.63 83.05±0.10 21.28
MobileNet V3-small [39] 85.30±0.19 85.94±0.28 85.48±0.45 86.40±0.51 82.73±0.36 1.52
EfficientNet V2 [40] 85.00±0.44 85.76±0.29 85.53±0.11 86.00±0.50 82.47±0.40 20.18
ConvNeXt-Tiny [41] 83.73±0.28 84.88±0.47 86.79±0.40 83.05±0.65 80.91±0.63 27.82
ViT-Base [25] 85.63±0.60 86.04±0.41 85.96±0.12 86.12±0.88 82.78±0.60 85.41
Swin-Tiny [26] 84.84±0.12 85.75±0.16 85.92±0.25 85.59±0.51 82.37±0.27 24.52
Our Method 85.90±0.09 86.28±0.09 85.46±0.18 87.13±0.31 83.23±0.15 1.32

In addition, to meet the input requirements of the model mentioned above and the actual situation
of the dual-energy spectrum dataset, we take the high-energy spectrum, low-energy spectrum, and
the difference between the high and low-energy spectra as the first, second, and third channels of the
model input image respectively. We maintain the network structure of the existing methods and avoid
reconfiguring them as dual-branch networks, as their inherent high parameter counts would result in
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overly large models. To ensure experimental rigor, all experiments were conducted three times with
varied random seeds.

The results of the comparative experiments show that our method achieves the highest perfor-
mance in all indicators except the recall rate, which fully demonstrates its effectiveness. In addition, we
can also observe a phenomenon that the classification performance of the model is basically positively
correlated with the number of parameters in the network. The classification performance of networks
with a large number of parameters, such as VGG-16 and ViT-Base, is better than that of the more
advanced ResNet-34 and Swin-Tiny in the same period, respectively. However, our method breaks
this rule through a dual-branch architecture and a unique modal fusion approach. Not only has
the number of our network parameters been reduced to 1.32M, but even compared with the highly
effective lightweight network MobileNet V3, the classification performance of our method has basically
been comprehensively surpassed.

4.3. Ablation Studies

We further conduct a series of ablation studies on the val subset to analyze the proposed modules
and discuss their details subsequently.

Dual-energy spectrum dataset. We first analyzed the classification results obtained using a single
energy spectrum on our network. We add a classification header behind a single branch network
for classification. When testing the dual-spectrum dataset, we employed the proposed hybrid fusion
method. After the combination, instead of using a KAN-based classifier, we only used one layer of
MLP for classification to fairly compare the results of learning a single spectrum with a single branch.

It can be clearly found from Table 3 that the results obtained on our network using the dual-
energy spectrum dataset are significantly better than those of any single-energy spectrum dataset. And
the classification results of using low-energy spectrum datasets alone are superior to those of using
high-energy spectrum datasets alone. This might be due to the relatively strong energy of high-energy
spectrum rays, resulting in fewer learnable features contained in the image.

Table 3. Ablation results of the dataset on the val subset.

Dataset AUC F1 Recall Precision Accuracy Params (M)

High energy spectrum 84.24±0.24 85.10±0.20 85.58±0.33 84.64±0.44 81.50±0.29 0.62
Low energy spectrum 84.79±0.40 85.29±0.50 85.94±0.11 84.66±0.29 81.70±0.44 0.62
Dual-energy spectrum 85.26±0.11 85.91±0.17 85.72±0.32 86.10±0.31 82.64±0.22 1.24

High- and low-energy spectrum image fusion strategy. We analyze the effectiveness of the
proposed hybrid fusion strategy by comparing it with other common fusion methods, including
data-level fusion, decision-level fusion, and feature-level fusion. Specifically, data-level fusion involves
inputting the high and low energy spectrum images as the first and second channels of a new image
into a single-channel branch (modifying the convolution of the first layer to adapt to the input, thus
eliminating the need for a double-channel branch), and then adding a classification head after the
branch for classification. Decision-level fusion involves adding a classification header after each branch
and finally inputting the initial classification results of the two branches into the classifier. Feature-level
fusion involves adding up the features extracted from each branch and then inputting them into a
classifier for classification.

Hybrid fusion is the method proposed in this paper, where the data of high and low energy spectra
are respectively added and subtracted and then input into different branches. Finally, the features
extracted through the branch network are added and input into the classifier for classification. The
classifier used in the current experiment is a two-layer Kan classifier. The results of these experiments
are presented in Table 4. Similarly, we repeated each experiment three times by changing the random
number seeds to ensure the rigor of the experiment.
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Table 4. Ablation results of modality fusion strategy on the val subset.

Fusion Method AUC F1 Recall Precision Accuracy Params (M)

Data-level fusion 85.04±0.16 85.16±0.64 87.74±1.39 82.78±2.28 81.11±1.22 0.62
Decision-level fusion 84.64±0.09 85.69±0.18 86.09±0.42 85.29±0.07 82.25±0.17 1.24
Feature-level fusion 85.23±0.29 85.82±0.08 86.53±0.80 85.12±0.92 82.34±0.28 1.26
Hybrid fusion 85.41±0.22 85.78±0.10 85.43±0.37 86.14±0.47 82.52±0.18 1.27

It appears that models employing more intricate fusion methodologies are better able to discern
the essential characteristics of the ore. While this does lead to a marginal increase in model parameters,
it is entirely justified by the corresponding enhancement in performance. Notably, the hybrid fusion
approach yields an approximate 1% improvement in the AUC metric compared to the simpler decision-
level fusion. Furthermore, both Accuracy and Precision achieve their highest values, unequivocally
demonstrating the efficacy of our chosen multimodal fusion method.

Multi-layer KAN-based classifier. We further investigated the efficacy of our multi-layer KAN-
based classifier. Table 5 presents the performance of standard MLP classifiers and multi-layer KAN-
based classifiers across varying numbers of layers. We observed a general trend of performance
improvement with an increased number of layers for both classifiers. Specifically, the MLP classifier
achieved its optimal performance at four layers, whereas the KAN-based classifier peaked at six layers.
Notably, the two-layer KAN-based classifier exhibited performance significantly superior to that of the
MLP classifiers, thereby underscoring the advantages of the KAN classifier. Given that our extracted
features had a dimension of 128 and the KAN classifier design incorporated dimensionality reduction
by halving the dimension at each successive layer, the maximum feasible number of layers for the
KAN classifier was six. Consequently, a six-layer KAN was selected as the final classifier.

Table 5. Ablation results of classifier on the val subset.

Classifier Layers AUC F1 Recall Precision Accuracy Params (M)

MLP
2 84.51±0.17 85.51±0.20 86.27±0.28 84.77±0.48 81.95±0.30 1.24
4 84.96±0.46 85.59±0.08 87.23±0.40 84.01±0.52 81.86±0.20 1.25
6 84.81±0.25 85.68±0.14 85.88±0.63 85.48±0.41 82.27±0.11 1.25

KAN
2 85.41±0.22 85.78±0.10 85.43±0.37 86.14±0.47 82.52±0.18 1.27
4 85.45±0.20 86.18±0.16 86.05±0.71 86.32±0.41 82.96±0.09 1.31
6 85.66±0.12 86.50±0.14 86.11±0.75 86.88±0.58 83.40±0.11 1.32

4.4. Visualization

The interpretability of a neural network’s feature learning during classification can be enhanced
through the visualization of intermediate feature maps. In this study, a channel visualizer employing
deconvolution and directed backpropagation algorithms was utilized to illuminate the “black box”
nature of the model’s training process. Figure 5 presents the channel visualization diagram of our
network on the given dataset.
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Figure 5. Channel visualization

The visualization results indicate a progressive attenuation of the ore image’s contour feature
representation as the network depth increases. At the initial Conv1 layer, ore contours are distinctly
prominent, although internal information appears more abstract, and the contrast of green fluorescence
intensity is diminished. In the intermediate stages, specifically from ResBlock1 to ResBlock2, the ore
image’s contrast is enhanced, its external contours become progressively smoother, and a greater
wealth of internal features is preserved. Ultimately, within the Attention layer, the ore’s outline largely
dissipates, giving way to the prominence of its internal information.

To visually corroborate the model’s proficiency in copper ore classification, we employed the Grad-
CAM method [42] to visualize the layer preceding the classification output. For comparative analysis,
the ResNet-34 network was simultaneously visualized using the same methodology. The resultant
visualizations are depicted in Figure 6. In Grad-CAM generated heatmaps, color encoding serves
to visually articulate the salience of distinct image regions in influencing the model’s classification
decisions. A gradient color mapping, such as the jet colormap, is conventionally employed, wherein
red signifies highly active areas that exert a substantial positive contribution to the prediction of the
target category, while blue denotes regions of low or negligible contribution.
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Figure 6. Visualization of heat map

It can be found from the visualized heat map that the ResNet network performs relatively well
in feature extraction on high-energy spectrum images and pays little attention to edge information.
However, on low-energy spectrum images, it fails to focus on the most important internal structure in-
formation and mainly learns the information near the edge, resulting in the relatively low performance
of this network. Compared with other networks, our model can focus more on learning the internal
structural information of ores at low energy spectra to make effective classifications. In contrast, at
high energy spectra, it might be because the energy is too strong and penetrates most of the atoms,
resulting in the learned internal features not being very obvious.

5. Conclusion
This paper introduces a novel approach for copper ore/waste rock separation, leveraging dual-

energy spectral imaging in conjunction with multi-modal learning to address the challenges of low-
grade copper ore sorting. The principal findings of this study are summarized as follows:

(1) The experimental results show that the fusion of dual-energy spectral image data significantly
improves the classification performance of the model. Compared with the various indicators of
the single energy spectrum, although the recall rate has slightly decreased, the average of the other
four indicators has increased by approximately 1%. Furthermore, our model achieves the optimal
comprehensive classification performance when the number of parameters is only 1.32M (only 6.2% of
ResNet-34). This result fully demonstrates the potential and effectiveness of the dual-energy spectral
image combined with multi-modal learning method in the sorting of copper ore/waste rock.

(2) The slightly poor performance of the model on high-energy spectrum data might be caused by
the improper selection of the energy spectrum. The strong penetration ability of high-energy spectrum
X-rays may lead to the loss of effective information in the image, thereby affecting the classification
effect. Limited by the conditions of data collection, experiments with more energy spectrum data
have not been conducted. However, the existing results have shown that the multi-energy spectrum
classification method has great potential. In the future, by choosing a more appropriate energy
spectrum image dataset, it is expected that the model performance will be further improved.
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(3) Through extensive visualizations, we have gained an in-depth understanding of the classi-
fication mechanism of the model. The visualization results show that the model is more inclined to
classify by using the internal structure information of the ore rather than the external contour.

(4) Although the classification method based on dual-spectral images is effective, its data collection
difficulty and cost are relatively high, and the cost is higher than that of the general SE-XRT method.
Therefore, exploring simpler and more efficient network structures and modal fusion methods, as well
as testing more effective energy spectra, are the key directions for the optimization and improvement
of this method.
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