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Abstract

Automatically mapping and segmenting global
mining footprints using remote sensing and deep
learning is critical for monitoring the socio-
environmental risks and impacts of mining, yet its
progress is hindered by the scarcity of fine-grained
annotated data. Although large-scale datasets with
coarse boundaries are widely available, leveraging
them to improve fine-grained segmentation is chal-
lenging due to significant domain shift. To address
this, we propose MineC2FNet, a coarse-to-fine do-
main incremental learning framework that exploits
abundant coarse data to enhance fine-grained min-
ing footprint segmentation. MineC2FNet adopts a
teacher—student architecture with attentive distilla-
tion at both the feature and prediction levels;, se-
lectively transferring generalized knowledge from
the coarse domain while enabling boundary re-
finement using limited fine-grained data (fine do-
main). We further introduce an expertly vali-
dated dataset of 219 images with precise boundary
annotations across diverse geographies and com-
modities. Extensive experiments against state-of-
the-art approaches, including domain adaptation
and domain incremental learning methods, demon-
strate that MineC2ENet achieves superior perfor-
mance while effectively handling domain shift. The
dataset and code are publicly available at https:
//github.com/risqiutama/MineC2FNet.

1 Introduction

Mapping Global Mining Footprints: A Socio-
Environmental Monitoring Challenge. Mining is
fundamental to the global economy, yet mineral resource
extraction can cause profound, often irreversible damage to
people and the environment [Owen et al., 2023]. !
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'Supplementary material: http://arxiv.org/abs/2605.24460

Extractive activities can lead to large-scale landscape alter-
ation, ecosystem loss, biodiversity decline, and air and water
pollution [Sonter et al.; 2018; Lechner ef al., 2017]. Many
of these impacts can displace local and downstream popu-
lations and adversely affect the health of local communities
and indigenous peoples [Ang et al., 2023; Owen et al., 2023].
These pressures and impacts can also drive resource-related
conflicts and grievances.

Despite the promise of local economic development, host
communities often live with long-term environmental lega-
cies, long after mines cease operations [Kemp and Owen,
2025]. Multispectral remote sensing offers a method for con-
tinuous and repeatable tracking of mining footprints, in par-
ticularly in remote areas [Lechner et al., 2019; Maus et al.,
2020; Saputra et al., 2025]. This would enable scalable, re-
mote monitoring of mining activity and its surrounding con-
text, including how mining footprints change over time, and
where change coincides with complex social and environ-
mental risk factors.

However, a critical bottleneck remains: while Deep Learn-
ing (DL)-based semantic segmentation offers a transforma-
tive alternative to labor-intensive manual mapping [Wieland
et al., 2023; Cai et al., 2023; Zhu et al., 2025], these mod-
els depend on vast amounts of meticulously annotated data.
Generating such data is exceptionally challenging, as distin-
guishing fine-grained features (e.g., pits, waste rock, tailings
dams) requires substantial expert knowledge and field surveys
[Maus et al., 2020]. Although coarsely annotated data [Maus
et al., 2022] offers a cost-effective alternative with extensive
coverage, it merges distinct land cover features into impre-
cise footprints (Figure 1 (a) - Task 1). Models trained on
such labels inherit these imprecisions, leading to inaccurate
boundary delineation and hindering effective environmental
monitoring.

Our Contribution. To leverage both abundant coarse
dataset and scarce fine dataset for mining footprint seg-
mentation, and to bridge their domain gap in incremen-
tal learning settings, we propose Mine Coarse-to-Fine Net
(MineC2FNet). MineC2FNet uses attentive distillation in a
teacher—student training settings to adapt the model to new
domains while selectively retaining knowledge from previous
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Figure 1: Comparison between (a) our coarse-to-fine problem with
(b) existing coarse-to-fine continual learning task.

domains. The attentive distillation is applied at both feature
(via attentive feature injection) and prediction levels (via at-
tentive knowledge transfer) to transfer only high-quality de-
lineation from the teacher (previous domain) to the student
(new domain). Unlike prior coarse-to-fine continual learning
methods defining “coarse” as broad label categories [Shenaj
et al., 2022; Alfarra et al., 2024], we introduce a new task
where “coarse” refers to imprecise boundaries and “fine” to
accurate, expert-validated ones. The contributions of this pa-
per are:

* We present MineC2FNet, the first coarse-to-fine do-
main incremental learning framework for mining foot-
print segmentation using multispectral imagery.

* We propose attentive distillation, a novel approach ap-
plying selective distillation to both feature and predic-
tion levels.

* We introduce a new, expertly validated dataset of 219
globally distributed images for fine-grained mining foot-
print segmentation.

¢ We demonstrate the effectiveness of our framework and
attentive distillation through comprehensive evaluation
on this new dataset.

Team. Our project brought together a multidisciplinary
team in remote sensing, deep learning, and mining domain
experts, including professionals from the Faculty of IT at
Monash University, the College of Resources and Civil Engi-
neering at Northeastern University, China, and the Centre for
Social Responsibility in Mining at the University of Queens-
land. These experts were key to guiding the project conceptu-
alisation, identifying detailed mining features, and validating
the quality of our new dataset. More broadly, funded by the
Ford Foundation, our research contributes to the foundations
mission of advancing social and environmental justice by im-
proving transparency and accountability in mining.

2 Related Works

Semantic Segmentation of Mining Footprint. Apply-
ing deep learning-based semantic segmentation to multispec-
tral satellite imagery has the potential to transform global
mining footprint mapping and monitoring. Currently, global-
scale studies, e.g., [Owen er al., 2023], rely on a single geo-
graphic coordinate to represent mining operations, failing to

capture their true spatial extent. On the other hand, studies
that leverage supervised semantic segmentation are typically
mine- or region-specific [Qiao er al., 2024; Tong et al., 2020],
restricting their application to global datasets. Although [Sa-
putra et al., 2025] has demonstrated mining segmentation on
a global dataset, their model was trained on only 37 locations,
limiting its generalization capability. Finally, the success of
these methods is fundamentally dependent on the availability
of large-scale, pixel-level annotated datasets, which are un-
fortunately not yet available.

Continual Learning in Remote Sensing. Continual
Learning (CL) addresses the challenge of training a model
on a continuous stream of data or a sequence of tasks with-
out experiencing catastrophic forgetting, a condition in which
the model tends to lose previously learned knowledge when
trained on a new dataset or tasks.

In remote sensing, the coarse-to-fine paradigm is applied
to address CL problems in several distinct ways, ranging
from data quality to architectural precision. To mitigate the
problem of high annotation costs, some frameworks lever-
age coarse labels as astarting point to automatically generate
more detailed, fine-grained pseudo-labels. These new pseudo
labels then serve as the actual supervision to train the model.
This strategy can be applied spatially, by turning imprecise
polygons into sharp object boundaries [Das e al., 2023], or
semantically, by using coarse labels (broad classes, e.g., crop-
land) to identify and classify fine labels (specific sub-classes,
e.g., paddy field) [Chen et al., 2024]. Similarly, [Shenaj et
al;, 2022] facilitates this coarse-to-fine CL by using knowl-
edge distillation and a specialized weight initialization rule,
allowing the model to learn new classes and adapt to new do-
mains without being fully retrained.

Beyond class-incremental shifts, domain-incremental
learning (DIL) tackles geographical variations by adapting
the models to new spectral and spatial distributions with-
out requiring access to original training data. The GSMF-
RS-DIL [Huang et al., 2024] framework utilizes graph space
transformations and multifeature constraints to balance prior
knowledge retention with the acquisition of new domain in-
formation. Similarly, multi-domain incremental architec-
tures [Garg er al., 2022] employ domain-specific parameters
and differential learning rates within Domain-Aware Resid-
ual Units to optimize the stability-plasticity trade-off. These
integrated strategies allow remote sensing models to remain
effective across diverse environments while significantly mit-
igating catastrophic forgetting.

3 Data

Coarse Dataset. The coarse dataset was derived from the
global-scale mining polygons (Version 2) data introduced by
[Maus er al., 2022], which originally contained over 44,929
mining polygons. This dataset provides a broader set of im-
age features for mine footprint identification, characterized
by rough, less precise edge delineations. These polygons are
labeled as "Mining” and areas outside the polygons are con-
sidered ”Non-Mining”, resulting in a binary segmentation.
To create a usable subset for our training, we filtered these
polygons by establishing a minimum area threshold of ap-
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Figure 2: Domain shift analysis using Kernel Density Estimation
(KDE). (Left) The coarse dataset exhibits a balanced class distribu-
tion, in contrast to the severe class imbalance of the fine dataset.
(Right) Boundary roughness analysis demonstrating higher geomet-
ric complexity of fine masks compared to coarse masks.

proximately 9.8 km?, corresponding to the smallest mine in
our fine-grained dataset. Polygons with an area greater than
this threshold were retained, resulting in a collection of 1,380
coarse-labeled images. Satellite imagery for these locations
were sourced from Sentinel-2 (10m) and Landsat 8 (15/30m)
satellites and included RGB, Near-Infrared (NIR), and Short-
Wave Infrared (SWIR) bands.

Fine Dataset. The fine dataset is a high-quality, expert-
validated collection of images featuring precise and detailed
boundaries for mining segmentation. This dataset consists
of 219 images, which include RGB and NIR bands, with a
subset of 200 images also containing SWIR bands. These
data were manually harmonised from the original datasets of
[Werner et al., 2020; Lechner et al., 2016; Lechner et al.,
2019], following methods outlined in [Saputra et al., 2025].
Similar to the coarse dataset, the resolution and extent of the
multispectral data varied as we used Sentinel and Landsat 8.
We split the dataset into training, validation, and test sets us-
ing an approximate 70:10:20 ratio. These locations was care-
fully balanced to account for a wide range of mine commodi-
ties, geographic regions, and climates. A key characteristic is
its significant class imbalance, with non-mining pixels mak-
ing up more than 80% of the labels across the dataset.

Domain Shift. Figure 2 demonstrates a clear domain gap
between the coarse and fine datasets. The mining class cover-
age analysis (left) reveals a significant disparity in class labels
pixel distributions: Coarse annotations exhibit a relatively
balanced occupancy peaking at 45%, whereas the fine dataset
reflects the extreme sparsity of precise footprints, peaking
at only 12%. The Boundary Roughness (right) measured as

R = % further differentiates the masks roughness. Coarse
masks peak at R ~ 2, identifying them as smooth, simpli-
fied blobs. In contrast, fine labels capture the irregular, high-
frequency boundary details of real-world mines, with values
reaching up to R ~ 12. Collectively, these metrics confirm
that while coarse labels provide a simplified approximation,
fine labels capture the true geometric complexity and natural

class imbalance inherent in the target domain.

4 Methodology

Our proposed method addresses the domain shift between
coarse and fine datasets in training domain incremental learn-
ing model for mining footprint segmentation using multispec-
tral satellite imagery. Figure 3 illustrates the overall work-
flow, highlighting our framework with attentive distillation
applied at both the feature level (via Attentive Feature In-
jection) and the prediction level (via Attentive Knowledge
Transfer). The core objective is to enable the model to learn
from the new domain while selectively retaining knowledge
from the previous domain.

4.1 Problem Formulation

We frame our coarse-to-fine segmentation problem as a do-
main incremental learning problem consisting of two sequen-
tial tasks. The goal is to train a model M, parameterized by
0, that leverages knowledge from an initial task trained on
coarse domain D, to excel at a subsequent task with fine tar-
get domain Dy. This requires a domain incremental learning
approach with selective attentive distillation, where the model
is capable of transfering relevant general knowledge while
discarding domain-specific noise (e.g., imprecise boundaries)
from the coarse task.

Let D, = {(X¢, Y*)} N, be the coarsely annotated dataset
where X/ is an input image, Y,° is its corresponding coarse
segmentation mask or label, and N, is the number of coarse
training images. Let Dy = {(le,YZf)}fV:f1 be the fine-
grained, expertly annotated dataset, where Yif is the pre-
cise, fine-grained mask, and N is the total images in the
fine dataset. Our model, M (@), which consists of a teacher
component M (A7) and a student component M (6s), where
0 = {01,605}, will be trained using the following steps:

1. Task 1 (Coarse Domain): The teacher model M (67) is
trained on the coarse dataset D, to learn a set of gener-
alized parameters 0.

2. Task 2 (Fine Domain): With the teacher M (07 ) frozen,
the student model M (fg) is trained on the fine dataset
Dy to learn its parameters 6. During this phase, the
student must learn to predict the fine labels Y while se-
lectively distilling knowledge from M (6r).

The final objective is to optimize the parameters fg as de-
scribed in Equation 1, where L is the loss function.

M(0s) = argmin L(0s| Dy, M(6r)) O

4.2 Coarse-to-fine Domain Incremental Learning

In the context of our coarse-to-fine domain incremental learn-
ing, the training for Task 1 follows the standard training pro-
cedure for semantic segmentation, utilizing Binary Cross-
Entropy (BCE) [Mao et al., 2023] as the loss function. On the
other hand, the training process for Task 2 is orchestrated by
a composite loss function, Lio,. This loss, shown in Eq. (2),
is the core of our domain incremental learning approach. It
combines Lgydent, the student’s loss function on the fine data,
with Lgisn, the attentive distillation loss from the teacher.

Ltolal(Df) = Lstudent + Ldistill (2)
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Figure 3: Overview of our coarse-to-fine domain incremental learning framework for mining footprint segmentation (MineC2FNet).

Student Loss. The student loss, Lgygent, 1S @ comprehen-
sive objective function designed to train the student model
M (05) on the fine-grained dataset Dy. As seen in Eq. (3), it
consists of four components, including Binary Cross-Entropy
(Lpcg), Dice Loss (Lpjce), Structural Similarity Loss (Lssmv),
and Boundary Loss (Lpoundary) functions.

3

Lycg is utilized as a widely used loss function for binary clas-
sification tasks, which we apply on a pixel-wise basis to mea-

sure the difference between the student’s prediction Yif and

leudent(Df) = LBCE + LDice + LSSIM + LBoundary

the ground truth fine mask Yif . The Dice loss is added since
it is particularly effective for segmentation tasks with imbal-

anced classes by maximizing the overlap between Yif and

Yif [Sudre er al., 2017]. Furthermore, we also incorporate
Lssra [Zhao er al., 2019] as this loss encourages the model
to preserve the structural information of Yif , which is crucial
for maintaining realistic mining shapes.

Besides the loss functions above, we also incorporate
Lpoundary to explicitly improve the model performance on
edge delineation. This loss is designed by generating a
boundary importance map from the ground truth mask and
then using it to weight the Lgcg. In particular, we first apply
Sobel filters to Yif to compute the horizontal (G,) and verti-

cal (G) gradients. The boundary importance map W e [0,1]
is then calculated as in Eq. (4).

z W — Wmin

W =
Wmin

, where W =
Wmax— where

G2 + G% 4)
Lpoundary 1s then defined as a weighted binary-cross entropy
loss as described in Eq. (5), where the weights are derived

from image edges to emphasize optimizing the boundary re-

gions of the segmented images.

(&)

LBnundary = 7=

Note that K represents the number of pixel in the images.
This formulation forces the model to pay more attention to
correctly classifying pixels on the segmented boundaries.

Distillation Loss. We adopt a knowledge distillation
where the loss (Lpign) is formulated as the standard
Kullback-Leibler (KL) divergence between the softened
probability distributions of the teacher (P”) and student
(QT), scaled by a temperature factor 7. As the teacher is
trained in a domain with imperfect coarse labels, we intro-
duce attentive distillation to ensure only reliable knowledge
is transferred. This mechanism is applied at both the feature
and prediction levels, as we will detail next.

4.3 Attentive Feature Injection

Our attentive feature injection is a multi-stage pipeline de-
signed to intelligently transfer generalized feature extrac-
tion capabilities of the teacher model M (1) to the student
M(0g). This pipeline was designed to solve our domain in-
cremental challenge with the understanding that M (67) was
trained on a larger set (source domain), capturing a more vi-
sually diverse range of global mining footprints. As a result,
M (61) possesses generalized knowledge of how mining ar-
eas appear in satellite imagery, even though its boundary de-
lineation remains imprecise. To this end, rather than simply
fine-tuning M (67 )’s weight in the Task 2 or even concatenat-
ing M (01)’s and M (g)’s features, our attentive feature in-
jection selectively fuses, refines, and enhances feature maps
from both the teacher (generalized source domain features
that uses coarse data) and student (specific target domain
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features that uses fine data). As illustrated in Figure 3, the
pipeline consists of four stages: Feature Injection, Gated Fu-
sion (GF), Convolutional Block Attention Module (CBAM),
and Diffusion Refinement (DR).

Feature Injection. A key distinction in our attentive dis-
tillation approach is that we inject a subset of M (6r), partic-
ularly the feature extractor, to M (6s), enabling M (6s) to in-
corporate dual, identical feature extractors: a “’teacher feature
extractor” (a frozen copy of the teacher’s backbone, part of
f7) and a ”student feature extractor” (with trainable parame-
ters, part of fg). During Task 2, for a given input image X f s
these two backbones operate in parallel. The student back-
bone extracts high-fidelity features directly from the fine-
grained target domain input, while the frozen teacher back-
bone provides a parallel stream of generalized feature maps
derived from the source domain. These two sets of features,
one rich in precise target domain detail (Fjpe) and the other in
broad source domain context (Fioarse), are then passed to the
subsequent attentive fusion and refinement stages.

Gated Fusion (GF). To dynamically merge contextual
information from the coarse teacher backbone with high-
frequency details from the fine student backbone, we employ
Gated Fusion [Takikawa et al., 2019]. This module’s merit
lies in its learnable, pixel-wise gating mechanism, which
adaptively decides the contribution of each feature source.
This allows the network to prioritize general context or pre-
cise detail as needed, creating a richer, fused representation
without the need for fixed fusion rules.

CBAM. The fused features are then refined using the
Convolutional Block Attention Module [Woo et al., 2018].
We use CBAM for its efficiency and effectiveness in fea-
ture enhancement. Its primary benefit is that it sequentially
infers attention maps along both channel and spatial dimen-
sions. This process allows the model to learn what features
are most salient (channel-wise) and where to focus its atten-
tion (spatial-wise), further boosting the discriminative power
of the representations.

Diffusion Refinement (DR). As a final stage, we intro-
duce a new Diffusion Refinementmodule to produce a highly
polished representation for segmentation. Inspired by itera-
tive refinement frameworks [Lin et al., 2017al, our module
progressively enhances features by propagating information
through a sequence of custom refinement blocks. The key
idea of our design is the structure of each block, which com-
bines a convolution, a CBAM layer, and a residual connec-
tion to effectively sharpen noisy features. For each refine-
ment step ¢ € [1, 7, the feature map F;_; is updated using
the operations detailed in Eq. (6)-(8).

Fconvt = Conv3><3(Ft—1) (6)
Fa[lt = CBAM(Fconvt) (7)
Ft == Fattt + Ft—l (8)

This iterative process results in a final feature map, Fi.c fined.
with an enhanced focus on the most salient regions and chan-
nels, making it highly effective for achieving accurate seman-
tic segmentation.

4.4 Attentive Knowledge Transfer

In addition to attentive feature injection, we introduce an
attentive knowledge transfer mechanism at the prediction
level. A key challenge is that a standard teacher trained
on the coarse domain is not infallible; unconditional (non-
selective) distillation transfers domain-specific noise like im-
precise boundaries, degrading performance. To mitigate this,
our framework adaptively selects when and where to apply the
distillation loss, ensuring that the student only learns from the
teacher’s most confident and accurate predictions.

Image-level Selection. The first layer of our attentive
mechanism operates at the image level, aiming to identify im-
ages within a training batch where the teacher model M (67)
produces more accurate predictions than the student model
M(fg). This is based on the hypothesis that distillation is
beneficial only when M (61) is more accurate than M (6g)
for a given input image. We formalize this by utilizing an
indicator function I(-)™¢ which returns 1 if LBCE(Y;f ,Pi) <
LBCE(Y;f ,Q;) and O otherwise. Note that P; and ); denote
the output prediction (logits) of M (67) and M (6s), respec-
tively, for image i. The distillation loss with image-level se-
lection is then formulated in Eq. (9).

Nf
1mage o
dislill — N

=1

Lgcg( Y , P;)

img
KL(PT | QF
<LBCE(Y Q1)> (R 1198

©))

Pixel-level Selection. The second layer of attentive dis-
tillation applies at the pixel level. In the context of seman-
tic segmentation, as Lgiyin Will be computed for every single
pixel, we realize that not all per-pixel teacher’s prediction will
be accurate, especially when the teacher was trained using
imprecise ground truth labels. To this end, we selectively ap-
ply distillation only when the teacher’s prediction at the pixel
level is more accurate than the student’s prediction. Similar
to image-level selection, we formalize this pixel-level selec-
tion by utilizing an indicator function I(-)P*! which returns 1
if Lpcg( Y ,Pij) < Lpce( ”,QU) and O otherwise. Note
that 7 € I(] represents the pixel index in image 7. The distilla-

tion loss with pixel-level selection is formulated in Equation
10.

pxl
. o Lace(¥y, P) KL(P | QF)
1st1 1, 1
Nf i,j < LBCE( UaQu) ! ’
(10)

Note that in practice, ]IPX' will be in a matrix form rather than
in a scalar form as in I'™¢.

Hybrid Selection. Our final approach combines both
image-level and pixel-level selection strategies into a hybrid
selection mask """ by performing element-wise multipli-
cation of IP*! and '™ as shown in Eq. (11).

]Ihybrld _ Hlmg ]Ipxl (11)

ij
This ensures that distillation is apphed only to pixels where
the teacher is more accurate than the student, and only within
input images where the teacher demonstrates overall superior
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Figure 4: Segmentation results of MineC2FNet and several baseline
models on the fine-grained test set.

performance. The final distillation loss is computed as de-
fined in Equ. (12):

hybrid 2 T T
Zi,j (Huy T 'KL('Pij || Q”))
Zi_’j ]I?;lbnd +e

where the numerator accumulates the KL divergence values,
and the denominator normalizes it via the total number of se-
lected pixels (with € for numerical stability). This hierarchi-
cal and attentive strategy ensures that the student selectively
learns only from the teacher’s most reliable predictions.

Lisin = (12)

4.5 Training

Experimentation Setting. We implemented our frame-
work using a Feature Pyramid Network (FPN) with a
DenseNet-121 backbone, initialized with ImageNet pre-
trained weights and modified to process 6-channel inputs
(RGB, NIR, SWIR) at a resolution of 256 x 256. The model
was trained using the AdamW optimizer [Loshchilov and
Hutter, 2019] with an initial learning rate of 1 x 1073, weight
decay of 1 x 104, and a batch size of 8 for a-maximum
of 100 epochs. Standard geometric augmentations, includ-
ing random flips, rotations, and scaling, were applied to en-
hance generalization. All experiments were conducted on an
NVIDIA RTX A4000 GPU.

Evaluation Metrics and Baselines. To assess perfor-
mance, we benchmark MineC2FNet against five distinct
learning paradigms: Transfer Learning (including the founda-
tion model, e.g., Prithvi), Domain Adaptation, Baseline Con-
tinual Learning, Class Incremental Learning (CIL), and Do-
main Incremental Learning (DIL). Performance is evaluated
using three standard metrics: Pixel Accuracy, Mean F1 Score
(mF1), and Mean Intersection over Union (mloU). More de-
tails can be found in the supplementary material.

5 Results and Discussion

5.1 Opverall Performance

Quantitative Analysis. Table 1 summarizes the perfor-
mance of MineC2FNet against state-of-the-art methods. Our
model, termed MineC2FNet, demonstrates superior perfor-
mance, achieving the highest Accuracy (92.33%) and mloU
(73.64%) compared to different methods across five distinct
learning categories. It is worth noting that while leading DIL

Model Acc. mF1 mloU

CNN and Transformer-based methods (Transfer Learning)

U-Net [Ronneberger et al., 2015] 89.79  79.52  67.26
DeepLabV3+ [Chen et al., 2018] 90.01  79.57 6747
FPN [Lin et al., 2017b] 90.65 80.06 68.26
Prithvi [Jakubik ef al., 2023] 66.14 6621 49.74
Domain Adaptation

UDAforRS [Li et al., 2022] 75.16 7242  57.49
BUS [Choe et al., 2024] 60.22 59.21 4235
Baseline Continual Learning

LwF [Li and Hoiem, 2018] 90.22 7894 67.02
LwM [Dhar et al., 2019] 90.60 79.36 6743
Replay [Rolnick et al., 2019] 88.81 76.50  63.61
Class Incremental Learning

SPPA [Lin et al., 2022] 54.68 4832 31.85
CCDA [Shenaj et al., 2022] 7890 7290 57.00
Domain Incremental Learning

MDIL-SS [Garg et al., 2022] 88.62 8536 71.99
GSMF-RS-DIL [Huang er al.;2024] ~ 88.83  85.02  71.25
MineC2FNet (ours) 9233 84.10 73.64

Table 1: Performance comparison of different models across various
models and learning paradigms.

(a) Input RGB  (b) GT from Coarse (c) Coarse model (d) MineC2FNet

Dataset Output Output

Figure 5: Through our framework, MineC2FNet produces more
fine-grained output in the coarse dataset.

methods like MDIL-SS achieve a slightly higher mF1 score
(85.36% vs. 84.10%), our framework secures a clear advan-
tage in mIoU, surpassing them by over 1.6 percentage points.
This numerical superiority translates directly to visual preci-
sion, as shown in Figure 4, in which MineC2FNet success-
fully captures more detailed boundaries compared to the ex-
isting DIL models. Conversely, specialized CIL and Domain
Adaptation methods struggle with this specific coarse-to-fine
domain shift. Notably, methods such as SPPA (31.85%)
and BUS (42.35%) perform significantly worse than even
standard baseline continual learning approaches like LWF or
LwM. This confirms that standard class-focused or domain
adaptation strategies are ill-suited for this problem, whereas
our approach successfully produces fine details while pre-
serving coarse general knowledge.

We further compare our method with the coarse baseline
on the coarse-grained dataset, as reported in Table 2. Al-
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Metric Coarse Baseline MineC2FNet (Ours)
Accuracy 0.8733 0.7681
mF1 0.8331 0.5612
mloU 0.7249 0.4429

Table 2: Performance comparison between the coarse baseline and
the proposed MineC2FNet.

GF CBAM DR| Acc. mF1 mlIoU A mloU

X X X 189.00 75.39 62.35 -

v X X 19031 76.72 6435 +2.00
v 4 X 19133 79.15 67.79 +5.44
v v v |91.08 79.84 68.41 +6.06

Table 3: Ablation study of Attentive Feature Injection.

though MineC2FNet achieves a lower mloU (44.29%) than
the coarse baseline (72.49%), this outcome is expected due to
the imprecise annotations in the coarse dataset. The coarse
baseline is trained and evaluated entirely on the source do-
main, and its predictions therefore closely match the coarse
labels, which are known to contain inaccurate boundaries. In
contrast, our model adapts to the target domain with finer and
more precise annotations (see Figure 5), resulting in lower
agreement when evaluated against coarse labels. This dis-
crepancy does not indicate a failure of our approach; rather, it
reflects superior boundary delineation while maintaining gen-
eralization by retaining useful knowledge from both coarse
and fine domain. Evaluations across five Képpen—Geiger cli-
mate zones (Beck et al. 2018) confirmed the model’s global
robustness and generalizability (see supplementary material).

Qualitative Analysis. Figure 4 highlights the precise
segmentation masks generated by MineC2FNet, demonstrat-
ing its ability to accurately delineate complex boundaries. As
shown in the second row, our model reduces false positives
caused by noisy features more effectively than the baselines.
Furthermore, when tested on the coarse dataset, our domain-
adapted MineC2FNet yields fine-grained segmentation that
reflects true features on the ground (Figure 5(d)). In con-
trast, training the model only on the coarse dataset inherits
imprecise identification and poor boundary delineation (Fig-
ure 5(c)), underscoring the importance of our coarse-to-fine
domain incremental learning.

Model Complexity and Efficiency. Finally, we evaluate
MineC2FNet efficiency against the FPN baseline. The model
achieves a substantial 5.4 point mloU improvement, with a
negligible speed reduction (13.38 to 11.00 FPS) due to added
attention mechanisms. We consider this trade-off justified by
the performance gain (detailed results in supplementary ma-
terial).

5.2 Ablation Study

Impact of Attentive Feature Injection. We conducted
ablation studies to clearly isolate the effects of each module
within our attentive feature injection mechanism, i.e., Gated
Fusion (GF), CBAM, and Diffusion Refinement (DR). Note
that only RGB and NIR bands were used for this experi-

Strategy Acc. mF1 mloU A mloU
No Distill. (Base) 89.00 7539  62.35 -
Standard Distill. 89.38 75.79  62.59 +0.24
Image-level Sel. 9042 7879 67.17 +4.82
Pixel-level Sel. 91.14 7930 67.84 +5.49
Hybrid Sel. 91.10 79.61 67.91 +5.56

Table 4: Comparison of different Attentive Knowledge Transfer
strategies (all configurations include feature injection).

Band Comb. Ace. mF1 mloU A mloU
RGB (Baseline) 87.08 71.12 57.09 —
RGB+NIR 89.00 7539 6235 +5.26
RGB+NIR+SWIR  89.68 79.29 67.29 +10.20

Table 5: Impact of different band combinations.

ment. As shown in Table 3; while adding GF alone can im-
proves performance, incorporating CBAM and DR yields a
significant performance gain. The highest mloU (68.41%) is
achieved when all three components are combined. This con-
firms that these modules contribute critically to the complete
pipeline for optimal fusion of coarse and fine features.

Impact of Attentive Knowledge Transfer. Table 4 high-
lights the impact of different distillation methods. A model
trained with standard distillation shows only marginal im-
provement over the baseline, confirming the risk of nega-
tive knowledge transfer. In contrast, our attentive distilla-
tion, at either image or pixel level, shows a large improve-
ment (> 4.82 AmloU). The hybrid method, distilling knowl-
edge only from the teacher’s most accurate regions, achieves
the highest performance, validating that a selective, hierarchi-
cal mechanism is critical for successful coarse-to-fine domain
knowledge transfer.

Bands Comparison. As shown in Table 5, incorporat-
ing non-visible spectral bands is critical. While adding NIR
significantly increases performance, the optimal results are
achieved using the full RGB-NIR-SWIR combination. This
underscores the value of NIR and SWIR bands in identifying
distinct mining footprint features [Saputra et al., 2025].

6 Conclusion

In this paper, we addressed the critical challenge of domain
shift between coarse (abundant) and fine (scarce) datasets
in training domain incremental learning model for mining
footprint segmentation. We introduce MineC2FNet, a novel
coarse-to-fine domain incremental framework. Our core con-
tribution, an attentive distillation mechanism, proved highly
effective, achieving a state-of-the-art mIoU of 73.64% by suc-
cessfully selectively transferring knowledge from coarse to
fine-grained data and outperforming other continual learning
models. This work also introduced a new, expertly validated
global dataset to facilitate further research in this domain.
However, given our current limitation to binary segmentation,
future work will extend this framework to complex multi-
class segmentation of diverse mining and non-mining cate-
gories.
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