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Abstract

Mining-area remote sensing scene classification plays an important role in mineral re-
source monitoring and ecological environment assessment. However, high-accuracy deep
learning models usually exhibit complex architectures, large parameter sizes, and high
computational costs, which limit their deployment on resource-constrained edge devices.
To address this issue, this paper proposes a knowledge distillation and channel-aware
non-local attention network (KDANet) for lightweight mining-area remote sensing scene
classification. Specifically, a pretrained multi-layer Transformer-based high-performance
network (HTransNet) is adopted as the teacher model, while ShuffleNetV2 is used as the
lightweight student model. The proposed channel-aware non-local attention module (CAN-
LAM) adaptively enhances high-level features during the distillation process, enabling the
student model to better capture critical channel-wise and spatial contextual information.
Furthermore, a multi-perspective distillation strategy is constructed by jointly optimizing
contrastive distillation loss, relational distillation loss, and feature distillation loss, guiding
the student model to approximate the teacher model from both feature representation
and output distribution perspectives. Experimental results on the previously constructed
CUG_MA mining scene dataset demonstrate that, with a reduction of approximately 52%
in parameters and 62% in computational cost, KDANet achieves an overall accuracy (OA)
of 69.48%. The lightweight student model maintains competitive classification perfor-
mance while significantly improving computational efficiency and outperforming several
mainstream distillation approaches.

Keywords: mining area; remote sensing scene classification; knowledge distillation;
lightweight network; channel-aware attention

1. Introduction
With the continuous advancement of high-resolution remote sensing imaging technolo-

gies, mining-area remote sensing scene classification has become a fundamental technique
for supporting mineral resource monitoring, illegal mining detection, environmental im-
pact assessment, and ecological restoration tracking. By automatically identifying and
classifying surface scenes in mining areas, it provides essential data support for mining
management and environmental supervision and thus holds significant practical and
engineering value.
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However, compared with general remote sensing scenes, mining areas typically exhibit
complex land-cover compositions, highly fragmented spatial structures, and significant
interference from human activities. On the one hand, different categories often share similar
visual and textural characteristics; on the other hand, the same category may present
substantial intra-class variations under different mining stages or regional conditions.
This characteristic of high inter-class similarity and large intra-class variation makes it
difficult for conventional feature-based methods to learn stable and discriminative feature
representations, posing greater challenges to model generalization and robustness [1,2].

Under this context, deep learning methods have gradually become the mainstream so-
lution for complex remote sensing scene classification tasks due to their powerful nonlinear
feature modeling capability and end-to-end learning paradigm. Particularly in mining-
area scenarios, deep models are able to capture subtle differences between land-cover
types through hierarchical feature extraction and multi-scale information fusion, thereby
alleviating the challenges caused by high inter-class similarity and intra-class variability
and achieving more robust classification performance under complex backgrounds. Build-
ing upon this, early studies mainly relied on convolutional neural networks (CNNs) to
construct hierarchical feature representations. By leveraging multi-scale convolutional
structures, CNN-based methods effectively extract local spatial textures and semantic
patterns, leading to significant performance improvements in various remote sensing scene
classification tasks [3–5]. Subsequently, attention mechanisms were introduced into con-
volutional networks to enhance the modeling of salient regions and important feature
channels, further improving discriminative performance [6]. In recent years, models such
as Vision Transformer (ViT) [7] and Swin Transformer [8] have demonstrated superior
performance in high-resolution remote sensing scene classification tasks by exploiting the
advantages of self-attention in global context modeling [9]. Meanwhile, hybrid architec-
tures that integrate CNNs and Transformers have also been widely adopted to balance
local detail representation and global semantic understanding [10–12].

Despite the remarkable improvements in classification accuracy achieved by these
deep learning models, they are typically associated with large parameter sizes and high
computational complexity, leading to substantial inference costs. In practical mining
scenarios such as field inspection, UAV-based monitoring, and real-time surveillance [13],
computational resources and response latency are often strictly constrained, making it
difficult to directly deploy high-complexity models. Therefore, how to reduce model
complexity while maintaining classification accuracy, and thus achieve efficient lightweight
modeling, has become a critical issue in mining-area remote sensing scene classification.

As an example, the HTransNet [14] model proposed in our previous work adopts a
multi-layer Transformer architecture with cross-attention fusion mechanisms and achieves
high classification accuracy on the CUG_MA mining scene dataset. However, due to the ex-
tensive use of self-attention layers and complex feature fusion modules, the model involves
a substantial number of parameters and high computational complexity. Consequently, its
inference process demands considerable computational and memory resources, making
real-time deployment on unmanned aerial inspection platforms or mobile devices chal-
lenging. This highlights a persistent trade-off between high classification accuracy and
computational efficiency in practical mining applications, where a more balanced solution
is urgently required.

To reduce model complexity while maintaining performance, various lightweight
strategies have been explored, including lightweight network design [15], model prun-
ing [16], and knowledge distillation (KD) [17]. Among these approaches, KD constructs
a teacher–student framework in which a compact student model learns the knowledge
representations and output distributions of a high-performance teacher model. Without
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substantially modifying the network architecture, KD enables effective knowledge transfer
and has become an important direction in model compression research. Beyond the classical
response-based distillation paradigm [17], feature distillation methods such as FitNet [18]
and relational distillation approaches including RKD [19] and CRD [20] have been proposed
to enhance the transfer of intermediate representations and sample structural information.

In remote sensing image classification tasks, distillation techniques have also been ex-
tensively investigated. Existing studies mainly focus on transferring predictive knowledge
from high-performance teacher models to lightweight student networks, so as to improve
classification accuracy under limited computational budgets [21,22]. Some recent works
further attempt to enhance the distillation process by introducing class-aware constraints
or adaptive optimization mechanisms, thereby improving the representational and discrim-
inative capabilities of student models in complex remote sensing scenes [23,24]. Overall,
current methods mainly emphasize output-level supervision, class-relation modeling, or
holistic feature transfer, while relatively limited attention has been paid to the selective mod-
eling of discriminative channels and spatial regions in complex scene classification tasks.

However, in mining-area scene classification characterized by complex surface struc-
tures and high inter-class similarity, existing distillation methods still face several limita-
tions. First, most approaches primarily emphasize output-level alignment while insuffi-
ciently exploiting intermediate structural and semantic representations, limiting effective
knowledge transfer. Second, selective transfer mechanisms for discriminative channels
and spatial regions are often lacking, and indiscriminate feature alignment may intro-
duce redundancy. Third, inter-sample relational modeling remains underexplored, which
constrains the student model’s ability to capture complex semantic relationships and
generalize effectively.

To address these issues, this paper proposes a knowledge distillation and channel-
aware non-local attention network (KDANet) for lightweight mining-area scene classifi-
cation. The proposed framework integrates teacher–student knowledge distillation with
channel-aware non-local attention to enhance discriminative feature transfer and improve
the representation capability of the lightweight student model. The main contributions of
this work are summarized as follows:

1. A teacher–student distillation framework, namely KDANet, is constructed us-
ing HTransNet as the teacher model and ShuffleNetV2 as the student model, enabling
lightweight modeling for mining-area scene classification.

2. A channel-aware non-local attention module (CANLAM) is designed as an attention-
enhanced feature distillation module. By jointly emphasizing discriminative channel
responses and modeling long-range contextual dependencies, CANLAM facilitates more ef-
fective transfer of high-level semantic knowledge from the teacher model to the lightweight
student model.

3. A multi-perspective distillation strategy is introduced by jointly incorporating
contrastive distillation loss, intra-class/inter-class relational constraints, and feature distil-
lation loss, thereby improving the representational capacity of the student model from both
feature representation and output distribution perspectives.

4. Experimental results on the previously constructed CUG_MA dataset demonstrate
that the proposed KDANet significantly reduces computational complexity while achieving
classification performance comparable to that of the teacher model.

2. Study Area and Dataset
This study employs the large-scale mining-area remote sensing scene classification

dataset CUG_MA, which was previously constructed by our research team and is used as
the benchmark dataset in this work (see [14] for details and data access). The dataset covers
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three representative mining provinces in China, namely Hubei, Jiangxi, and Heilongjiang,
and includes nine typical mining scene categories, i.e., mining area, coal yard, hillock,
mining architecture, gangue dump, tailing pond, refuse dump, mineral processing area,
and transfer site. Representative samples of these categories are illustrated in Figure 1.
It can be observed that certain categories exhibit similar spatial structures and textural
patterns, while notable intra-class variations exist under different regional conditions,
which increases the difficulty of the classification task.

Figure 1. Representative samples of the nine mining scene categories in the CUG_MA dataset.

The dataset is constructed from multi-source high-resolution remote sensing imagery,
including data acquired by WorldView-2 (WV-2), WorldView-3 (WV-3), GeoEye-1 (GE-
1), SPOT-6, and SPOT-7 satellites. All images are composed of RGB bands, with spatial
resolutions ranging from approximately 0.31 m to 2 m, and were primarily acquired in 2017.
These sensors may have differences in spatial resolution, radiometric response, and spectral
characteristics, which can introduce sensor-related variability into model training and
evaluation. In this study, all images are converted into RGB image patches with a unified
input format, and standard image normalization is applied during model training to reduce
the influence of differences in pixel value ranges. However, no sensor-specific radiometric
harmonization is performed. Therefore, the multi-sensor nature of the dataset increases
the complexity of the classification task and provides a practical setting for evaluating the
robustness of the proposed method under heterogeneous remote sensing imagery. The
original images were annotated with the assistance of expert knowledge, followed by
quality inspection and preprocessing. All samples were then cropped into patches of size
256 × 256 pixels, resulting in a total of 2649 images. The number of samples per category
ranges from 71 to 463, providing relatively balanced coverage of diverse mining scene
types under complex environments.

To ensure objective and fair evaluation, the dataset is split into training, validation,
and test sets at a ratio of 6:2:2 using stratified sampling, maintaining consistent class
distributions across subsets. All methods in this study are trained and evaluated on the
same data split to guarantee fair comparison and reproducibility. It should be noted
that this split follows a stratified sample-level evaluation protocol rather than a strict
site-wise or region-wise split. Therefore, the reported results mainly reflect the model
performance under the current benchmark setting of the CUG_MA dataset. To reduce
potential comparison bias, all baseline and distillation methods are evaluated under the
identical data partition and optimization settings. We acknowledge that a site-wise or
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region-wise split would provide a stricter assessment of cross-region generalization, and
this issue is further discussed in the Limitations Section. The dataset is publicly available
at: https://doi.org/10.5281/zenodo.15172547 (accessed on 12 July 2026).

3. Methodology
3.1. Overall Framework

The proposed KDANet is illustrated in Figure 2. The framework consists of three
main components: a teacher model, a student model, and a CANLAM. It follows a teacher–
student paradigm, where the lightweight student model is guided by joint distillation
constraints at the feature, output, and relational levels during training. In this way, the stu-
dent model learns discriminative knowledge from the teacher model, achieving competitive
classification performance while significantly reducing model complexity.

Figure 2. Overall architecture of the proposed KDANet. The input image is processed by both the
teacher and student networks. The extracted high-level features are enhanced by CANLAM for
feature distillation, while the classification logits are further used for output-level and relational
distillation, together with classification loss.

3.1.1. Teacher Model

The teacher network adopts the HTransNet model proposed in our previous work [14].
Built upon a multi-layer Transformer architecture with cross-attention fusion mechanisms,
HTransNet can effectively capture multi-scale global contextual information from mining
scenes and produce highly discriminative high-level feature representations as well as
classification outputs. HTransNet is selected as the teacher model because its hierarchical
Transformer structure and attention-based feature modeling provide strong semantic repre-
sentation capability for complex mining-area scenes. This enables it to serve as a reliable
knowledge provider for transferring both feature-level representations and output-level
distributions to the lightweight student model. During the distillation process, the pa-
rameters of the teacher model remain frozen, and the teacher acts solely as a knowledge
provider to transfer feature representations and output distributions to the student model.
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3.1.2. Student Model

The student network employs the lightweight architecture ShuffleNetV2 [15]. By
adopting efficient design strategies such as channel shuffling, grouped convolution, and
depthwise convolution, ShuffleNetV2 significantly reduces parameter size and compu-
tational cost while maintaining satisfactory representational capability. As the student
model, it performs the final classification task and learns to approximate the high-level
feature representations and output distributions of the teacher model through multiple
distillation losses during training. ShuffleNetV2 is selected as the student model because it
provides a good balance between computational efficiency and representation capability,
making it suitable for resource-constrained scenarios such as UAV platforms and edge
devices. Its clear complexity gap from the teacher model also helps evaluate whether the
proposed distillation strategy can effectively transfer knowledge from a stronger teacher
to a compact student. Although other lightweight architectures, such as MobileNetV3,
EfficientNet-Lite, MobileViT, EfficientFormer, and EdgeNeXt, are also promising, this study
adopts ShuffleNetV2 as a representative lightweight baseline, and the extension to other
backbones will be considered in future work.

3.1.3. Distillation Mechanism

Given an input image I, the teacher and student networks extract high-level features
denoted as Ft and Fs, respectively. These features are further passed through global average
pooling and a fully connected layer to generate the corresponding classification logits. Dur-
ing training, the student model is supervised not only by the ground-truth labels through
cross-entropy loss but also by the teacher model from three complementary perspectives:
(1) feature-level distillation, which aligns the enhanced high-level feature representations
to facilitate semantic knowledge transfer; (2) output-level distillation, which aligns the
logits distributions of the teacher and student models to improve prediction consistency;
(3) relational distillation, which models structural relationships among samples in the
high-level feature space to enhance discriminative representation capability. To further
improve feature distillation effectiveness, the proposed CANLAM is introduced to adap-
tively enhance the high-level features of both the teacher and student networks during
feature-level distillation. This module strengthens the modeling of critical channel-wise
responses and global contextual dependencies. The enhanced features are then used to
compute the feature distillation loss within a unified feature space.

3.2. CANLAM

To enhance the selective representation capability of high-level semantic information
during the feature distillation process, the CANLAM is proposed. During the distillation
stage, the high-level features extracted from the teacher model and the student model are
respectively fed into this module. Specifically, channel attention is first applied to adaptively
reweight important feature channels, emphasizing discriminative semantic responses.
Subsequently, a non-local attention mechanism is introduced to model long-range spatial
dependencies across the feature map, thereby enhancing the effective representation of
critical semantic information and global contextual cues.

It is worth emphasizing that CANLAM is not used as a standalone attention block for
directly improving classification accuracy. Instead, it is introduced as an attention-guided
feature refinement module within the teacher–student distillation framework. Existing
channel attention or non-local attention mechanisms usually enhance the feature represen-
tation of a single network. In contrast, CANLAM is applied to the high-level features of
both the teacher and student models, so that feature distillation is performed in an adap-
tively enhanced and semantically aligned feature space. In this way, the module serves
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as a bridge for more effective knowledge transfer by jointly strengthening discriminative
channel responses and global contextual dependencies during distillation.

Compared with existing attention mechanisms, CANLAM differs mainly in its func-
tional role and optimization objective. SENet mainly performs channel-wise recalibration
within a single network, while CBAM sequentially combines channel and spatial attention
to enhance single-network feature representation. Non-Local Networks focus on captur-
ing long-range dependencies within an individual feature map. In contrast, CANLAM
integrates channel-aware feature selection and non-local contextual modeling into the
teacher–student feature distillation process, enabling knowledge transfer in an attention-
enhanced and semantically aligned feature space.

After the feature enhancement process, the feature distillation loss is computed in the
unified enhanced feature space, which encourages the student model to better approximate
the discriminative high-level representations learned by the teacher model. The proposed
CANLAM consists of two sequential substructures, namely channel attention and non-local
attention, and its overall architecture is illustrated in Figure 3.

Figure 3. Architecture of the proposed CANLAM. The module sequentially performs channel
attention and non-local attention to enhance critical semantic channels and model global contextual
dependencies, producing refined features for feature-level distillation.

3.2.1. Channel Attention

In mining-area remote sensing scenes, different channels typically correspond to
different types of semantic responses, such as texture, color, or edge-related features,
and their contributions to the final classification results may vary. The channel attention
mechanism learns the importance distribution across the channel dimension, enabling the
adaptive enhancement of informative feature channels while suppressing redundant or
noisy responses, thereby improving the discriminative capability of feature representations.

Given an input feature map F ∈ RB×C×H×W , global average pooling is first applied
along the spatial dimensions to obtain channel-wise statistical descriptors:

Favg = AvgPool(F) ∈ RB×C×1×1 (1)

Subsequently, two 1 × 1 convolution layers are employed to construct a bottleneck
structure, where the channel dimension is first reduced to C/r (with r = 16 in this work),
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followed by a ReLU activation and then restored to the original channel dimension. A
Sigmoid function is finally used to generate normalized channel attention weights:

Attnchannel = σ
(
Conv

(
ReLU

(
Conv

(
Favg

))))
(2)

where σ denotes the Sigmoid activation function. The channel attention weights are then
applied to the original feature map through channel-wise element-wise multiplication to
obtain the enhanced feature representation:

X = F ⊙ Attnchannel (3)

Here, ⊙ denotes element-wise multiplication. The resulting enhanced feature X serves as
the input to the subsequent non-local attention module.

3.2.2. Non-Local Attention

After channel refinement, a non-local attention mechanism is introduced to model
long-range dependencies among spatial positions, thereby enhancing global contextual
representation. By computing pairwise similarity between any two positions in the feature
map, this mechanism enables global information aggregation and propagation, which is
particularly suitable for mining scenes characterized by spatially scattered objects and
significant scale variations.

Given the refined feature map X, three independent 1 × 1 convolution layers are
applied to generate the Query, Key, and Value representations:

θ = Convq(X), ϕ = Convk(X), g = Convv(X) (4)

The spatial dimensions are then reshaped into N = H × W, resulting in feature
representations of size RB×C×N . The similarity matrix between Query and Key is computed,
followed by Softmax normalization to obtain the attention weights:

attentionmap = So f tmax
(

θTϕ
)

(5)

Using the obtained attention weights, the value features are aggregated to produce a
global context-enhanced representation:

weightedg = attentionmap × g (6)

Finally, the aggregated features are reshaped back to the original spatial dimensions
and fused through a 1 × 1 convolution. A residual connection is introduced to preserve the
original information:

Fout = Conv
(
weightedg

)
+ X (7)

where ‘×’ denotes matrix multiplication. Through this process, the module effectively
enhances feature consistency and global contextual representation in the spatial domain.

3.3. Loss Function Design

To enable the student model to effectively inherit discriminative knowledge from
the teacher model, KDANet optimizes a composite objective consisting of contrastive
distillation loss, relational distillation loss, feature distillation loss, and classification loss.
These losses jointly constrain the student model from the perspectives of feature embedding
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distribution, inter-sample relational structure, attention-enhanced feature representation,
and ground-truth category supervision. The overall training objective is formulated as:

L = αLcontrastive + βLdist + γL f eature + δLcls (8)

where Lcontrastive, Ldist, L f eature, and Lcls denote the contrastive distillation loss, relational dis-
tillation loss, feature distillation loss, and classification loss, respectively. The coefficients α,
β, γ, and δ are used to balance the contributions of these four loss terms. The detailed math-
ematical formulations of each loss component are provided in the following subsections.

3.3.1. Contrastive Distillation Loss

The contrastive distillation loss Lcontrastive is used to align the feature embeddings
of the student and teacher models in a contrastive manner. For a mini-batch containing
N samples, let hs

i and ht
i denote the normalized feature embeddings of the i-th sample

extracted from the student and teacher models, respectively. The teacher embedding of
the same sample is treated as the positive sample, while teacher embeddings of other
samples in the mini-batch are treated as negative samples. The contrastive distillation loss
is formulated as:

Lcontrastive = − 1
N ∑N

i=1 log
exp

(
sim

(
hs

i , ht
i
)
/τ

)
∑N

j=1 exp
(

sim
(

hs
i , ht

j

)
/τ

) (9)

where sim(·, ·) denotes the cosine similarity function, and τ is the temperature parameter.
By maximizing the similarity between the student and teacher embeddings of the same
sample while suppressing the similarity between mismatched samples, this loss encour-
ages the student model to approximate the discriminative embedding distribution of the
teacher model.

3.3.2. Relational Distillation Loss

The relational distillation loss Ldist is designed to transfer the structural relationships
among samples from the teacher model to the student model. Let ps

i and pt
i denote the class

probability distributions predicted by the student and teacher models for the i-th sample,
respectively. The pairwise relational similarity between two samples is computed using
cosine similarity:

Rs
ij = sim

(
ps

i , ps
j

)
, Rt

ij = sim
(

pt
i , pt

j

)
(10)

where Rs
ij and Rt

ij represent the relational similarity between the i-th and j-th samples in
the student and teacher prediction spaces, respectively. The relational distillation loss is
then defined as:

Ldist =
1

N2 ∑N
i=1 ∑N

j=1

(
Rs

ij − Rt
ij)

2 (11)

By minimizing the discrepancy between the relational similarity matrices of the teacher
and student models, this loss encourages the student model to preserve both intra-class
and inter-class structural relationships learned by the teacher model.

3.3.3. Feature Distillation Loss

The feature distillation loss L f eature measures the discrepancy between the high-level
feature representations of the teacher and student models after attention-guided refinement
by CANLAM. Let Ft

i and Fs
i denote the high-level feature maps of the teacher and student
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models for the i-th sample, respectively. After being processed by CANLAM, the enhanced

feature representations are denoted as
∼
F

t

i and
∼
F

s

i . The feature distillation loss is defined as:

L f eature =
1
N ∑N

i=1 ∥
∼
F

s

i −
∼
F

t

i ∥
2

2 (12)

where ∥ · ∥2
2 denotes the squared Euclidean distance. This loss constrains the student model

to approximate the attention-enhanced high-level semantic representations of the teacher
model, thereby improving semantic consistency during feature-level knowledge transfer.

3.3.4. Classification Loss

The classification loss Lcls adopts the standard cross-entropy loss to supervise the
student model using the ground-truth labels. Let yi,c denote the one-hot ground-truth label
of the i-th sample for class c and ps

i,c denote the predicted probability of the student model
for class c. The classification loss is formulated as:

Lcls = − 1
N ∑N

i=1 ∑C
c=1 yi,clogps

i,c (13)

where C denotes the number of scene categories. This loss ensures that the student model
maintains the basic discriminative capability for mining-area scene classification.

4. Experimental Results
4.1. Experimental Settings
4.1.1. Implementation Details

All experiments are conducted under a Linux environment. The hardware platform is
equipped with an Intel Xeon E5-2620 v4 CPU with dual processors, an NVIDIA GeForce
RTX 2080 Ti GPU with 11 GB memory, and 128 GB RAM. The software environment
includes Ubuntu 18.04, Python 3.7, PyTorch 1.8, CUDA 10.2, and cuDNN 7.4.1.

4.1.2. Teacher and Student Configurations

The teacher model is the pre-trained multi-layer Transformer network HTransNet,
which achieves an Overall Accuracy (OA) of 70.71% on the CUG_MA test set. The teacher
model contains approximately 32.5M parameters and 1.73 GFLOPs. The student model
adopts ShuffleNetV2, with approximately 0.78M parameters and 0.659 GFLOPs. Compared
with the teacher model, the student model reduces the number of parameters by approxi-
mately 97.6% and the FLOPs by approximately 61.9%. During training, HTransNet provides
high-level feature and output-level guidance for the student model, and CANLAM is used
for attention-guided feature distillation between the teacher and student representations.
During inference, the teacher model, CANLAM, and distillation losses are removed, and
only the trained ShuffleNetV2 student model is retained for classification. Therefore, the
deployed KDANet has the same Params and FLOPs as the student model. For fair compar-
ison, all distillation methods are implemented using the same teacher–student architecture
and are trained and evaluated under identical experimental settings.

4.1.3. Loss Weight Settings

The overall loss function is defined in Section 3.3. To balance the contributions of the
distillation losses and the classification loss, the weighting coefficients are set as α = 0.10,
β = 0.10, γ = 0.10, and δ = 1.0. The classification loss serves as the primary optimization
objective, while the contrastive, relational, and feature distillation losses act as auxiliary
constraints for knowledge transfer. Specifically, δ is kept as 1.0 to maintain the dominant
role of supervised classification, whereas α, β, and γ are assigned relatively smaller values to
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avoid overwhelming the classification objective. To further justify this setting, a sensitivity
analysis of different loss weight combinations is conducted in Section 4.4.3.

4.1.4. Training Strategy and Hyperparameters

The model is trained for 200 epochs with a batch size of 16. The initial learning rate is
set to 0.001, and the weight decay coefficient is 0.0001. Stochastic Gradient Descent (SGD) is
used as the optimizer with a momentum of 0.9. A learning rate decay schedule is applied to
gradually reduce the learning rate during training to ensure stable convergence. To improve
generalization, data augmentation techniques including random horizontal flipping and
random cropping are adopted. All experiments are repeated three times with different
random seeds, and the average results are reported as the final performance. This repeated-
run setting is used to reduce the influence of training randomness and evaluate model
stability under the current benchmark split. It should be noted that it does not represent
evaluation across independent data partitions. Therefore, the limitation of sample-level
data partitioning and the need for more rigorous site-wise or region-wise evaluation are
further discussed in Section 5.2.

4.2. Evaluation Metrics

To evaluate classification performance, OA, average accuracy (AA), and the Kappa
coefficient are adopted. All metrics are computed on the test set.

Overall Accuracy is defined as

OA =
∑C

i=1 nii

N
(14)

where nii denotes the number of correctly classified samples in class i, C represents the
total number of classes, and N is the total number of samples.

Average Accuracy is defined as

AA =
1
C ∑C

i=1
nii

∑C
j=1 nij

(15)

where nij denotes the number of samples belonging to class i and predicted as class j. This
metric computes the mean of per-class accuracies.

The Kappa coefficient measures the agreement between predictions and ground-truth
labels, defined as

Kappa =
Po − Pe

1 − Pe
(16)

where Po denotes the observed agreement and Pe represents the expected agreement
by chance.

To further provide category-level evaluation, precision, recall, and F1-score are also
adopted in this study. For the i-th class, these metrics are defined as follows:

Precisioni =
TPi

TPi + FPi
(17)

Recalli =
TPi

TPi + FNi
(18)

F1i =
2 × Precisioni × Recalli

Precisioni + Recalli
(19)

where TPi, FPi, and FNi denote the number of true positives, false positives, and false
negatives for the i-th class, respectively. Precision reflects the reliability of samples predicted
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as a given category, recall reflects the recognition ability for samples belonging to that
category, and F1-score provides a balanced measure of precision and recall. These metrics
are used to analyze the class-specific performance of KDANet in Section 4.3.

In addition, computational efficiency is assessed by reporting the number of floating-
point operations (FLOPs) and the number of parameters (Params) to compare model
complexity across methods.

4.3. Quantitative Results

To systematically evaluate the effectiveness and performance of the proposed distilla-
tion framework, ten representative methods from three mainstream categories of knowl-
edge distillation are selected for comparison. The first category includes response-based
distillation methods: KD [17], DKD [25], WKD-L [26], and LS-KD [27]. The second category
consists of feature-based distillation methods: FitNet [18], AT [28], NST [29], and MGD [30].
The third category includes relational distillation methods: RKD [19] and PKT [31]. For fair
comparison, all methods are implemented using the same teacher and student architectures
and are trained and evaluated using identical data splits and optimization settings. The
quantitative results are reported in Table 1. To reduce the influence of training random-
ness, all OA, AA, and Kappa values are averaged over three repeated runs with different
random seeds.

Table 1. Quantitative comparison results on the CUG_MA dataset.

Models OA (%) AA (%) Kappa (%)

Teacher Model [14] 70.71 73.34 66.36
Student Model [15] 56.32 56.54 50.81

KD [17] 58.75 55.74 52.33
DKD [25] 64.64 65.45 59.26

WKD-L [26] 63.69 62.24 58.18
LS-KD [27] 65.02 66.60 59.65
FitNet [18] 56.46 59.50 49.79

AT [28] 65.78 64.78 60.46
NST [29] 58.56 56.26 52.11

MGD [30] 57.32 56.33 50.17
RKD [19] 63.69 59.54 58.19
PKT [31] 67.43 66.73 62.56

(ours) KDANet 69.48 71.17 64.13

Table 1 summarizes the OA, AA, and Kappa coefficient of different distillation meth-
ods on the test set. The teacher model achieves 70.71% OA, 73.34% AA, and 66.36% Kappa.
In contrast, the vanilla student model obtains 56.32%, 56.54%, and 50.81%, respectively,
indicating that the lightweight network alone exhibits limited representational capabil-
ity under complex mining scene conditions. KDANet achieves 69.48% OA, 71.17% AA,
and 64.13% Kappa, achieving the best performance among all compared distillation ap-
proaches. Compared with the strongest competing method, PKT, KDANet improves the
OA from 67.43% to 69.48%, corresponding to a gain of 2.05 percentage points. Although
this improvement is moderate, KDANet still obtains the highest OA, AA, and Kappa
under the same experimental setting. Compared with the teacher model, the OA decreases
by only 1.23 percentage points, while the student model maintains substantially lower
computational complexity, with 6.59 × 108 FLOPs and 0.78M parameters, corresponding to
approximately 38% and 2.4% of the teacher model, respectively. This demonstrates that
the proposed framework effectively preserves performance while significantly reducing
model complexity.
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Among response-based methods, KD provides limited improvement over the student
baseline (58.75% OA), indicating that aligning output distributions alone is insufficient for
complex scene understanding. More advanced variants such as DKD and LS-KD improve
performance to 64.64% and 65.02%, respectively, yet remain inferior to KDANet.

For feature-based distillation, AT achieves the strongest performance (65.78% OA),
suggesting that attention-guided feature alignment contributes positively to knowledge
transfer. Other methods such as FitNet, NST, and MGD yield relatively modest gains.

In relational distillation, PKT attains 67.43% OA, highlighting the importance of
structural information modeling, while RKD achieves 63.69%.

Overall, the proposed KDANet achieves the best performance among the three cate-
gories of distillation strategies under the same experimental setting. This improvement can
be attributed to the integration of CANLAM, which strengthens critical channel and global
contextual information, together with the joint optimization of contrastive, relational, and
feature-level distillation losses, enabling more comprehensive knowledge transfer from the
teacher model. Nevertheless, we avoid claiming statistical significance based solely on the
current three repeated runs, and more extensive repeated evaluations and statistical tests
will be considered in future work.

To further analyze the category-level classification behavior of KDANet, class-specific
precision, recall, and F1-score are reported in Table 2. As shown in Table 2, KDANet achieves
relatively high performance for categories with distinctive visual and spatial patterns. For
example, Tailing Pond obtains the highest F1-score of 83.06%, followed by Mining Area with
an F1-score of 81.94% and Hillock with an F1-score of 78.34%. These results indicate that
KDANet can effectively recognize mining scene categories with relatively clear structural
or textural characteristics.

Table 2. Class-specific performance of KDANet on the CUG_MA dataset.

Class Precision (%) Recall (%) F1-Score (%)

Mining Area 82.84 81.06 81.94
Coal Yard 67.37 64.71 66.01

Hillock 79.17 77.52 78.34
Mining Architecture 68.43 68.26 68.34

Gangue Dump 69.38 67.43 68.39
Tailing Pond 83.52 82.61 83.06
Refuse Dump 66.79 65.32 66.05

Mineral Processing Area 70.50 68.73 69.60
Transfer Site 66.89 64.89 65.87

In contrast, categories such as Coal Yard, Refuse Dump, and Transfer Site obtain rela-
tively lower F1-scores of 66.01%, 66.05%, and 65.87%, respectively. This may be attributed
to the high visual similarity among material storage areas, waste accumulation regions,
and transportation-related sites in mining scenes. In addition, variations in imaging con-
ditions, spatial layouts, and object scales may further increase the intra-class variability
of these categories. These category-level results provide a more detailed understanding
of the strengths and limitations of KDANet, showing that CANLAM and the proposed
distillation strategy improve the overall discriminative capability of the lightweight student
model, while visually similar mining-related categories remain challenging.

4.4. Ablation Study
4.4.1. Ablation Study of Distillation Losses

To investigate the contribution of each distillation loss component, ablation experi-
ments are conducted under identical teacher–student architectures and training settings.
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The feature-level distillation loss L f eature, relational distillation loss Ldist, and contrastive
distillation loss Lcontrastive are removed individually to evaluate their impact on overall
performance. The Overall Accuracy (OA) under different loss combinations is reported in
Table 3.

Table 3. Ablation study of distillation loss components on the CUG_MA dataset.

Lfeature Ldist Lcontrastive OA (%)

✓ ✓ ✓ 69.48
✓ ✓ ✗ 68.29
✓ ✗ ✗ 60.11
✗ ✓ ✗ 65.11
✓ ✗ ✓ 61.6
✗ ✓ ✓ 67.2

Note: ✓indicates that the corresponding loss component is included, whereas ✗ indicates that it is excluded.

As shown in Table 3, the complete model incorporating all three distillation losses
achieves the highest OA of 69.48%. Removing any individual component leads to perfor-
mance degradation, confirming the effectiveness of each constraint.

Among the three components, the relational distillation loss Ldist has the most signifi-
cant impact. When Ldist is removed (while retaining L f eature and Lcontrastive), OA decreases
to 61.60%, indicating that modeling intra-class and inter-class relationships plays a critical
role in knowledge transfer.

Removing the feature-level distillation loss L f eature results in an OA of 67.20%, suggest-
ing that feature alignment in the attention-enhanced representation space contributes to
improved semantic consistency. Since L f eature operates on features processed by CANLAM,
its removal also weakens the supervision imposed on the enhanced feature space.

In contrast, the independent impact of the contrastive loss Lcontrastive is relatively
moderate, with OA decreasing to 68.29% when excluded. However, combined loss con-
figurations demonstrate that contrastive regularization stabilizes feature distribution and
enhances overall consistency.

Overall, the three losses exhibit complementary effects: Ldist primarily captures struc-
tural relationships, L f eature refines semantic feature alignment, and Lcontrastive regularizes
the embedding space. Their joint optimization enables stable performance improvement
without compromising the lightweight design of the student model.

4.4.2. Ablation Study of CANLAM Components

To further evaluate the contribution of the proposed CANLAM, additional ablation
experiments are conducted by removing the whole module or retaining only one of its two
components. Specifically, four configurations are compared: without CANLAM, using only
channel attention, using only non-local attention, and using the complete CANLAM. All
experiments are conducted under the same teacher–student architecture, training strategy,
and data split. For consistency with the ablation study of distillation losses, OA is used as
the evaluation metric in this ablation analysis.

As shown in Table 4, removing CANLAM results in an OA of 64.52%, indicating that
directly performing feature distillation without attention-guided feature refinement is less
effective. When only channel attention is used, the OA increases to 67.71%, suggesting
that channel-wise feature reweighting helps emphasize discriminative semantic responses.
When only non-local attention is used, the OA reaches 66.35%, showing that long-range
contextual dependency modeling also contributes to feature distillation. The complete
CANLAM achieves the highest OA of 69.48%, outperforming the configuration without
CANLAM by 4.96 percentage points. These results demonstrate that channel attention
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and non-local attention provide complementary benefits and verify that the performance
improvement of KDANet is not solely derived from the loss design but also from the
proposed attention-guided feature distillation mechanism.

Table 4. Ablation study of CANLAM components on the CUG_MA dataset.

Configuration Channel Attention Non-Local Attention OA (%)

w/o CANLAM ✗ ✗ 64.52
Only Channel Attention ✓ ✗ 67.71

Only Non-Local Attention ✗ ✓ 66.35
Full CANLAM ✓ ✓ 69.48

Note: ✓indicates that the corresponding component is included, whereas ✗ indicates that it is excluded.

4.4.3. Sensitivity Analysis of Loss Weight Coefficients

To further justify the selection of the loss weighting coefficients, a sensitivity analysis
is conducted by varying the weights of the three distillation losses while keeping the
classification loss weight fixed. Since the classification loss provides the primary supervised
learning objective, δ is fixed at 1.0 in all experiments, while α, β, and γ are adjusted to
evaluate the influence of different distillation strengths. All experiments are conducted
under the same teacher–student architecture, data split, and training strategy. The OA
results under different weight combinations are reported in Table 5.

Table 5. Sensitivity analysis of loss weight coefficients on the CUG_MA dataset.

α β γ δ OA (%)

0.05 0.05 0.05 1.0 68.37
0.10 0.10 0.10 1.0 69.48
0.20 0.20 0.20 1.0 68.75
0.10 0.05 0.10 1.0 68.96
0.10 0.10 0.05 1.0 68.52

As shown in Table 5, different loss weight combinations lead to different classification
performance, indicating that the balance among contrastive, relational, and feature-level
distillation losses influences the optimization of KDANet. The setting α = 0.10, β = 0.10,
γ = 0.10, and δ = 1.0 achieves the highest OA of 69.48% among the tested configurations.
When the three distillation weights are reduced to 0.05, the OA decreases to 68.37%,
suggesting that weak distillation constraints may provide insufficient guidance from the
teacher model. When the weights are increased to 0.20, the OA decreases to 68.75%,
indicating that excessive distillation constraints may interfere with the dominant supervised
classification objective. In addition, reducing β or γ also leads to performance degradation,
further demonstrating the necessity of balancing relational and feature-level distillation.
Therefore, the adopted coefficient setting provides a suitable balance between classification
supervision and knowledge distillation.

5. Discussion
5.1. Effectiveness and Mechanism Analysis

This study addresses the challenge of deploying high-accuracy models under resource-
constrained conditions in mining area scene classification by integrating the CANLAM
with a multi-perspective distillation framework. Experimental results demonstrate that the
proposed method significantly reduces model complexity while maintaining performance
close to that of the teacher model.
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The ablation study indicates that the performance gain arises from the complementary
interaction among feature-level, relational, and contrastive distillation, rather than from
a single structural component. In complex mining scenes characterized by high inter-
class visual similarity and subtle spatial differences, aligning output distributions alone
is insufficient to transfer discriminative knowledge effectively. By incorporating channel-
selective modeling and relational constraints, the student model achieves more stable
semantic representations while preserving lightweight advantages. These findings suggest
that multi-perspective distillation is well suited for complex remote sensing scenarios
requiring efficient deployment.

From a practical application perspective, the OA of 69.48% should be interpreted in the
context of fine-grained mining-area scene classification. The CUG_MA dataset contains nine
mining-related categories with high inter-class similarity and notable intra-class variability,
such as coal yard, gangue dump, refuse dump, mineral processing area, and transfer
site. Under this challenging setting, KDANet maintains a relatively small performance
gap compared with the teacher model while substantially reducing model complexity,
indicating its potential value for rapid scene screening and auxiliary interpretation in
large-scale mining-area monitoring. However, the current accuracy is not intended to fully
replace expert interpretation in operational applications. Instead, KDANet is more suitable
as an efficient preliminary classification tool, while visually similar or uncertain categories
may still require expert verification or more fine-grained analysis.

5.2. Limitations and Future Work

Despite the promising results, several limitations remain. First, certain categories in
the CUG_MA dataset contain relatively fewer samples, which may affect learning perfor-
mance for underrepresented classes. Second, the effectiveness of knowledge distillation
inherently depends on the quality of the teacher model. Third, the current framework
is built upon single-modal optical imagery and does not exploit complementary infor-
mation from DEM, SAR, or hyperspectral data. In addition, although standard image
normalization is applied, sensor-related radiometric and spectral differences may still affect
cross-sensor transferability, which will be further explored in future work. Fourth, the
current evaluation is conducted on a stratified sample-level split of the CUG_MA dataset.
Although this setting ensures fair comparison among different methods, it may not fully re-
flect cross-site or cross-region generalization under more challenging deployment scenarios.
In future work, site-wise and region-wise evaluation protocols will be further considered
to assess the transferability of the proposed framework across different mining regions
and geographical conditions. Moreover, the current experiments are conducted only on
the CUG_MA dataset, and the generalization capability of KDANet to other mining-area
datasets or broader remote sensing scene classification domains still requires further vali-
dation. Finally, although Params and FLOPs are reported to evaluate model complexity,
practical deployment efficiency may also be affected by hardware platforms, inference
frameworks, memory access patterns, and batch settings. During inference, KDANet re-
tains only the lightweight student model, while the teacher model and distillation losses
are used only during training and introduce no additional inference burden. Future work
will further evaluate inference time, FPS, and memory consumption on UAV platforms and
edge devices to provide a more comprehensive deployment assessment.

Future work may explore category rebalancing strategies, multi-teacher or self-
distillation mechanisms, multimodal distillation frameworks, validation on additional
mining-area and public remote sensing scene classification datasets, more rigorous cross-
region evaluation strategies, and feature visualization analyses to further enhance general-
ization capability, practical applicability, and model interpretability.
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6. Conclusions
This study addresses the challenge that high-accuracy models for mining-area remote

sensing scene classification often exhibit high computational complexity and are difficult to
deploy in resource-constrained environments. To tackle this issue, a lightweight classifica-
tion method, KDANet, is proposed by integrating knowledge distillation with CANLAM.
By constructing a distillation framework with HTransNet as the teacher model and Shuf-
fleNetV2 as the student model, effective knowledge transfer from a high-performance
model to a lightweight network is achieved. At the methodological level, CANLAM
enhances the representation of critical semantic information and global contextual depen-
dencies in high-level features, thereby improving the efficiency of discriminative knowledge
transfer during feature distillation. Meanwhile, a multi-perspective distillation strategy
is adopted by jointly incorporating contrastive distillation loss, intra-class and inter-class
relational loss, and feature distillation loss, enabling the student model to approximate the
semantic representation capability of the teacher model from both feature representation
and output distribution perspectives.

Experimental results on the previously constructed CUG_MA dataset demonstrate
that, with reductions of approximately 52% in parameters and 62% in computational cost,
KDANet achieves an OA of 69.48%. Compared with the teacher model, KDANet main-
tains only a small performance gap while outperforming several mainstream distillation
approaches. Ablation experiments further verify the effectiveness and complementary
benefits of CANLAM and the proposed multi-perspective distillation strategy.

Overall, KDANet provides an effective solution for lightweight remote sensing scene
interpretation in complex mining environments and offers practical potential for deploy-
ment in resource-constrained scenarios. Future work will explore directions such as multi-
teacher distillation, self-distillation mechanisms, and the integration of multimodal remote
sensing data to further improve model generalization and practical applicability. The
source code of this study is publicly available at https://github.com/ljwang8/KDANet
(accessed on 12 July 2026).
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