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Abstract—Semantic analysis of Martian terrain (MT) is es-
sential for understanding the Martian surface and facilitating
autonomous rover navigation. Currently, deep learning domi-
nates MT semantic segmentation, but costly and time-consuming
label generation hampers its application. To mitigate this, semi-
supervised segmentation (SSS) methods have been developed to
leverage a large number of unlabeled images to enhance training
with a limited set of labeled images. Nevertheless, challenges
persist regarding the quality of pseudo-labels for unlabeled
images and class imbalance in labeled images. To alleviate
these issues, we proposed a novel end-to-end and efficient SSS
network, namely, Mars-Balance-Enhancer (MBE). Specifically, to
increase the quality of pseudo-labels, a novel adaptive local data
augmentation (ALDA) module was injected in MBE. This module
identifies the most challenging regions adaptively to train within
unlabeled images, thereby guiding the training of unlabeled
images effectively. Meanwhile, to further mitigate the impact of
class imbalance in labeled images, the Symmetrical-Cyclical Focal
(SCF) loss was introduced, which emphasizes minority classes
dynamically during key training stages, enhancing the model’s
sensitivity to these classes. We evaluated MBE on six open-source
MT datasets: MER, MSL, S5Mars, MarsScapes, TWMARS and
SynMars. The results demonstrated the advantage of MBE over
five advanced SSS methods across all MT datasets. Ablation
studies validated the effectiveness of the ALDA module and SCF
loss of MBE. Furthermore, the SCF loss was found to be more
advantageous than five commonly adopted benchmark losses.
Similarly, the ALDA module was more accurate compared to
the widely adopted augmentation strategy, Adaptive Label-Aided
(ALa) CutMix. MBE provides a robust and efficient framework
that holds promise for advancing future applications in remote
sensing and planetary exploration.

Index Terms—Semi-supervised segmentation, Martian terrain,
Class imbalance, Data augmentation, Deep learning, Remote
sensing

I. INTRODUCTION

AS human exploration of Mars progresses, the detailed
analysis of Martian terrain (MT) has become increasingly

important for scientific research and exploration missions [1],
[2]. Understanding MT not only provides deeper insights into
the geological structure and environmental conditions of Mars
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[3], [4], but is also crucial for mission planning and rover
navigation, as it enables the identification of safe landing
sites [5], assessment of hazards [6] and mapping of potential
resources [7], [8]. The collection of a wealth of MT images by
rovers like Curiosity, Perseverance and Tianwen-1 has further
facilitated such types of research focused on the detailed
analysis of MT [9], [10]. To interpret these images efficiently
and accurately, researchers have increasingly turned to deep
learning techniques [11], [12], which have revolutionized the
field by enabling automatic segmentation of MT images [13]–
[16].

While deep learning techniques have advanced the analysis
of MT images significantly, they often require large numbers
of labeled data. This reliance on extensive labeling demands
both specialized expertise and incurs high labor costs, making
deep learning challenging and resource-intensive [17], [18].
In response to this challenge, semi-supervised segmentation
(SSS) methods have been developed, that leverage a large
volume of unlabeled data to assist in model training, even
when only a few labeled data are available [19]–[21]. By
reducing the dependency on labeled data, SSS methods offer
a promising solution for achieving accurate segmentation in
MT analysis [22], [23].

Consistency regularization is a common strategy in SSS
methods, based on the assumption of smoothness [24]. Specif-
ically, it ensures model predictions for unlabeled data remain
consistent under various perturbations, including input, fea-
ture, network, and combined perturbations [25]. A notable
example is the weak-to-strong consistency learning (WSCL)
method [22], [26], [27], which increases model robustness by
guiding the strongly augmented view of unlabeled data using
the weakly augmented view, employing instant pseudo-labels
in the process. However, pseudo-labels, especially generated
by hard samples, may contain errors due to a lack of prior
information, leading to inaccurate loss values that can af-
fect the final results adversely [28]. To mitigate this issue,
CutMix-related approaches have been proposed [29]–[31].
These methods identify low-confidence predictions among
pseudo-labels generated from unlabeled images and augment
them by replacing random areas with labeled regions. To
further exploit the potential of unlabeled images, adaptive data
augmentation methods [32], [33] have been presented, which
decide dynamically whether to perform the CutMix operation
during training. Even with these developments, a key challenge
remains: even if a pseudo-label is of low confidence, the
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Fig. 1. Examples of class imbalance in typical MT datasets. (a) MER. (b) MSL. (c) MarsScapes. (d) S5Mars.

dynamically cropped areas might still be of high confidence,
making it difficult to train the model for the unlabeled image
effectively.

Class imbalance is another prevalent issue in existing MT
labeling data. As illustrated in Fig. 1, the class distribution is
highly skewed across common MT datasets: MER [34], MSL
[34], S5Mars [35] and MarsScapes [36]. In these datasets,
some categories, like Gravel in the MER, Bedrock in the
MSL and S5Mars and Soil in the MarsScapes, have obviously
more samples than others. Conversely, the proportions of other
categories, such as Shadows in the MER, Traces in the MSL,
Ridge in the MarsScapes and Hole in the S5Mars are much
smaller. This imbalance can lead to biased model effectiveness,
where the model becomes more adept at predicting the major-
ity classes while struggling with the minority classes [37].

To alleviate class imbalance, two main strategies have been
developed in recent years: resampling during data collection
and weighting the loss function during model training. The
former involves reconstructing the data distribution through
sampling methods to balance the data [38], [39]. However,
these methods can lead to data wastage and excessive re-
source consumption [40], which is particularly problematic
for the scarce labeled data in MT, making resampling less
practical. The latter approach aims at assigning larger weights
to minority classes that are difficult to predict through re-

weighting [41]. For example, Focal loss [42] introduces a
modulating factor γ to the standard Cross-Entropy (CE) loss,
which reduces the relative loss for well-classified examples
and focuses more on hard samples. Similarly, Online Hard
Example Mining (OHEM) loss [43] selects dynamically the
samples with the highest losses and computes the loss only
on these samples during training. These methods, however,
often overlook how class imbalance affects different stages of
model training. To address this, a recent variant called Cyclical
Focal (CF) loss [44] introduces cyclical adjustments to the loss
weighting for high-confidence and low-confidence samples by
applying a linear combination during different training stages.
Despite the introduction of CF loss, the challenge remains of
how to more effectively adjust the focus on different samples
throughout the training process. Specifically, CF loss applies
a fixed γ that emphasizes hard samples too early or too late,
which may cause potentially instability or overfitting.

To mitigate the challenges of class imbalance and pseudo-
label quality, we proposed an end-to-end and efficient SSS
network, Mars-Balance-Enhancer (MBE), for MT semantic
segmentation. MBE integrates a standard Teacher-Student
framework [45] with the widely-used weak-to-strong consis-
tent learning (WSCL) strategy. Unlike previous methods such
as CutMix [46] and Adaptive Label-aided (ALa) CutMix [32],
which apply augmentations across the entire image, MBE
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introduces a novel adaptive local data augmentation (ALDA)
module. This module identifies the lowest-confidence areas
within a pseudo-label using a h × w box with a step size of
δ—referred to as a confidence detector. By targeting specif-
ically the most challenging areas for training, this approach
avoids unnecessary distortions to regions with higher confi-
dence. Moreover, to mitigate the effects of class imbalance, we
designed a novel loss function, namely, Symmetrical-Cyclical
Focal (SCF) loss. SCF loss adjusts dynamically the value of
γ throughout the training process. This approach increases
attention to the minority classes during the middle stages of
training and stabilizes learning by reducing this attention in
the early and late stages of training.

Overall, the main contributions of this paper are as follows:
I. A simple and end-to-end SSS method for MT segmenta-

tion, named MBE, was proposed. This method increases
pseudo-label quality and mitigates the impact of class
imbalance, enabling more effective MT analysis.

II. To increase pseudo-label quality, a novel ALDA module
was introduced. This module identifies areas with the
lowest pseudo-label confidence using a confidence de-
tector and applies the CutMix method to replace these
lowest confidence regions with labeled data.

III. To mitigate class imbalance on the MT datasets, a novel
SCF loss was presented. SCF loss adjusts dynamically
the value of γ throughout the training process, which in-
creases attention to the minority classes during the middle
stages of training and stabilizes learning by reducing this
attention in the early and late stages of training.

II. METHODOLOGY

The proposed MBE method is illustrated in Fig. 2. Within a
standard Teacher-Student framework, MBE trains the student
model using both labeled and unlabeled data. The teacher
model is trained on unlabeled data, with both models opti-
mized by minimizing the supervised loss Ll, where l repre-
sents labeled data, and the unsupervised loss Lu, where u
indicates unlabeled data. Firstly, the WSCL strategy is used to
compute the unsupervised loss Lu, which measures the consis-
tency between the predictions of strongly augmented unlabeled
data from the student model and the pseudo-labels generated
from weakly augmented unlabeled data by the teacher model.
To increase the quality of pseudo-labels, we proposed the
ALDA module, integrated after the teacher model. Subse-
quently, the supervised loss Ll is calculated based on the
predictions generated by the student model for labeled data
and their corresponding ground truth. For this purpose, we
introduced a novel class imbalance loss function, SCF loss,
to refine the supervised loss Ll by adjusting dynamically the
value of γ on minority classes throughout the training process.

A. Problem Definition

Consider a compact collection of labeled images, Dl ={(
xl
i,y

l
i

)}Nl

i=1
, and a substantially larger pool of unlabeled

images, Du = {xu
i }

Nu

i=1. Each xl
i is the i-th labeled image

of dimensions H × W ×M , and yl
i presents its pixel-wise

accurate set of labels across C categories, where C denotes the

total number of classes. Meanwhile, xu
i presents the i-th image

without labels. Here, correspondingly, Nl and Nu denote the
counts of labeled and unlabeled datasets, respectively.

To utilize the unlabeled data efficiently, we employed a
simple yet effective SSS framework consisting of a student
model and a teacher model, parameterized by θs and θt,
respectively, where s represents the student model and t
represents the teacher model. The teacher model generates
pseudo-labels from the unlabeled data, while the student model
produces predictions from both the labeled and unlabeled data.
The primary objective of the SSS framework is to train the
student model by minimizing a supervised loss Ll and an
unsupervised consistency loss Lu simultaneously. Consistent
with most SSS methods [47]–[49], we used a standard pixel-
wise Cross-Entropy (CE) loss to obtain Lu on unlabeled data.
To mitigate class imbalance in the labeled data, we proposed
the SCF loss for the supervised loss Ll, which will be detailed
in Section II-D. The total training loss for the student model
is defined as follows:

L = Ll + λuLu, (1)

where λu is a scalar hyper-parameter to adjust the weight of
the unsupervised loss. Following [22] and [32], it is set to 1
by default. For the teacher model, it is not trained directly;
instead, the parameters θt are updated gradually through an
exponential moving average (EMA) of the student weights θs,
as follows:

θt ← αθt + (1− α)θs, (2)

where α is a momentum parameter, set to 0.999 by default,
as per [45].

B. Weak-to-Strong Consistency Learning

WSCL [26] is a robust strategy for increasing model gener-
alization by leveraging unlabeled data. This method addresses
the challenge of utilizing unlabeled samples by enforcing
consistency between pseudo-labels from weakly augmented
views and unlabeled predictions from strongly augmented
versions of the same image. Specifically, WSCL uses pseudo-
labels from weakly augmented images to supervise and refine
the unlabeled predictions from strongly augmented images,
thereby enhancing the model’s ability to generalize from
limited labeled data [27], [50], [51].

In our implementation, we applied three geometric aug-
mentation methods—random scaling, random flipping, and
random cropping—to create weakly augmented images, fol-
lowing [32]. For the strongly augmented images, we used
a random intensity-based augmentation strategy that selects
from a pool of 11 strong augmentation methods, such as
identity, autocontrast and equalize, with a maximum of k
augmentations applied. This approach ensures a diverse range
of augmentations to challenge the model during training [32].

After generating the weakly and strongly augmented im-
ages, the weakly augmented images are input into the teacher
model to produce pseudo-labels, while the strongly augmented
images are fed into the student model to generate predictions
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Fig. 2. Workflow of the proposed MBE method. Black arrows represent the primary data and operation flow; gray-white arrows indicate loss calculation
paths, with solid lines representing losses involved in backpropagation and dashed lines representing those excluded from it.

for the unlabeled data. The unsupervised loss Lu is computed
based on the consistency between the pseudo-labels and unla-
beled predictions. Both the teacher and student models utilize
encoder-decoder architectures, with ResNet101 [52] serving as
the encoder and DeepLabV3 [53] as the decoder, to effectively
capture features and obtain robust segmentation results.

C. Adaptive Local Data Augmentation Module

To increase the quality of pseudo-labels and maximize
the use of unlabeled data, we introduced the ALDA module
inspired by [31] and [32]. This module uses a confidence de-
tector to identify areas with the lowest pseudo-label confidence
and then applies the CutMix method to replace these areas
with labels. The process begins by obtaining logit predictions
from the teacher model. Then a random decision strategy is
applied to determine whether to execute the CutMix operation
during each epoch. If the decision is negative, the logit
predictions remain unchanged, allowing for full utilization
of the unlabeled data. If positive, the following steps are
processed as illustrated in Fig. 3. In stage (a), a h×w box with
a step size of δ, referred to as a confidence detector is designed
to scan the logit predictions and compute the confidence score
for each area. The confidence score is similar to that used in
[32], which is calculated as follows:

ρi =
1

h× w

h×w∑
j=1

(
max (pi(j))

(
1− −

∑
pi(j) log pi(j)

logN

))
(3)

where pi(j) represents the predicted probability for class j
in the i-th logit within a confidence detector, and N is the
total number of classes. This equation calculates the average
confidence score within the detector, providing an estimate of
the reliability of the pseudo-labels in that region. Areas with
the lowest confidence scores are identified for augmentation.
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Fig. 3. Flowchart of the adaptive local data augmentation (ALDA) module.
(a) A confidence detector identifies the lowest confidence region in a pseudo-
label. (b) The CutMix method is then applied to create the initial mixing
candidate. (c) CutMix is then applied again to produce the final augmented
candidate.

In stage (b), a mixing operation between labeled and unlabeled
regions is leveraged to generate mixing candidates {u′

n}:

u′
n ←Mn ⊙ un + (1−Mn)⊙ xl

n, (4)

where Mn denotes the mask for regions with the lowest
confidence and ⊙ refers to the CutMix operation. In stage (c),
following [32], we performed the final mixing step between the
unlabeled instance {um} and the permuted mixing candidates
{u′

n}:
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u′
m ←Mm ⊙ um + (1−Mm)⊙ u′

n (5)

where Mm is a randomly generated binary mask for the mix-
ing operation. This stage can generate prediction disagreement,
which increases the model’s robustness and helps prevent
overfitting ultimately [32].

To ensure that the confidence detector can effectively iden-
tify small areas of low confidence, its side length is randomly
selected within constraints: the maximum side length is no
more than half the side length of the image, and the minimum
side length is no less than 30 pixels.

D. Class Imbalance Loss

Class imbalance is a common problem in training datasets,
leading to a decrease in model accuracy [54]–[56]. To alleviate
this problem, we proposed a novel loss function, namely, SCF
loss, which combines elements from Focal loss [42] and CF
loss [44] to handle class imbalance more effectively. Focal loss
was designed to mitigate class imbalance by focusing more on
hard samples while down-weighting the loss for easy samples.
It is defined as:

FL (pt) = −αt (1− pt)
γ
log (pt) (6)

where pt is the predicted probability of the true class, αt

is a weighting factor for the class, and γ is a focusing pa-
rameter that adjusts the degree of down-weighting. To further
advance the handling of class imbalance, SCF loss introduces
a symmetrical-cyclical adjustment to the focusing parameter
γ to increase attention to the minority classes during the
middle stages of training and stabilize learning by reducing
this attention during the early and late stages of training. Here,
the early, middle and late stages refer to different learning
phases. Specifically, the early stage is characterized by the
model primarily learning simple patterns, such as dominant
class features [57]; the middle stage involves learning more
fine-grained and discriminative features [57]; in the late stage,
the model enters the refinement stage, but it also faces the risk
of overfitting [58]. SCF loss calculates the adjustment factor
γcyclical using the following function of the epoch number:

γcyclical = max (γmin,min (γmax, g))

g = 1− ω ·
∣∣∣∣ tT − 0.5

∣∣∣∣ (7)

here, γmin and γmax are the minimum and maximum values
of the focusing parameter, set to 0 and 1, respectively. The
parameter ω scales the cyclical adjustment, while t and T
denote the current and total training epochs, respectively. This
design provides three key advantages:

I. Early stage (stability). SCF loss initializes γcyclical to
close to 0, making it in line with CE loss. This prevents
overfitting to hard examples too soon and ensures bal-
anced learning across classes.

II. Middle stage (focus on minority classes): As training
progresses, SCF loss increases γcyclical gradually, shifting
towards Focal Loss. This adaptive focus helps the model

to enhance its understanding of minority classes after
obtaining sufficient knowledge of majority classes.

III. Late stage (fine-tuning and generalization): SCF loss
starts to reduce γcyclical gradually, mitigating excessive
focus on hard examples. This shift back to CE helps
stabilize training, avoiding overfitting while improving
generalization ability.

Unlike CF loss, which applies a fixed γ throughout training
and continuously emphasizes difficult samples, potentially
causing instability in the early stage and overfitting in the later
stage. By adjusting γcyclical, SCF loss enables the model to
first learn general patterns, then refine minority class handling,
and finally stabilize its learned representations. Theoretically,
this cyclical adjustment improves training robustness by align-
ing the emphasis of the loss function with different learning
phases.

To ensure that SCF loss appropriately emphasizes chal-
lenging examples during the most effective training periods,
careful control of the γcyclical curve is necessary. If ω was set
too large, the curve will be too steep, causing the model to
focus intensely on minority classes for only a short period,
which limits its ability to handle complex samples consis-
tently. Setting ω = 2 ensures a smoother and more balanced
adjustment of the γcyclical curve, allowing for gradual and
sustained attention to minority classes during the middle stages
of training when the model is most capable of learning from
them.

III. EXPERIMENTS

In this section, we detail our experimental data and setup.
We then compare the MBE method with recent state-of-the-
art techniques on SSS benchmarks. Additionally, we conduct
a series of ablation studies to further validate the effectiveness
and stability of the ALDA module and SCF loss.

A. Data Description

In this research, six heterogeneous MT datasets1, namely,
MER [34], MSL [34], S5Mars [35], MarsScapes [36],
TWMARS [59] and SynMars [60], were used to evaluate
the performance of the proposed MBE. These MT datasets
contain both multi-class and single-class samples, allowing
for testing the ability of the proposed model to handle various
classification scenarios. Moreover, each dataset was partitioned
randomly into training and testing sets with a 4/5 and 1/5 ratio,
as described in [22]. Simultaneously, the training data were
partitioned randomly for semi-supervised learning using 1/4
and 1/8 labeled data protocols.

The MER dataset consists of single-channel grayscale im-
ages sourced from the planetary data system. It contains 1024
high-definition images, each with dimensions of 512 × 512
pixels, captured by the navigation camera and panoramic cam-
era of the Spirit and Opportunity Mars rovers. The semantic
information within the MER dataset includes nine categories:
Martian Soil, Sands, Gravel, Bedrock, Rocks, Tracks, Shad-
ows, Unknown and Background.

1https://github.com/Fluestech/Awesome-Martian-Terrain-
Segmentation-Dataset

https://github.com/Fluestech/Awesome-Martian-Terrain-Segmentation-Dataset
https://github.com/Fluestech/Awesome-Martian-Terrain-Segmentation-Dataset
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The MSL dataset, the same as MER in its semantic cat-
egories, comprises RGB-channel images obtained from the
Mars 32k, totaling 4155 images. These images, captured by
the mast camera of the Curiosity Rover, have been resized
from 1024 × 1024 pixels to 560 × 500 pixels using bilinear
interpolation [34].

The S5Mars dataset comprises 6000 fine-resolution images
captured on the surface of Mars by the color mast camera
aboard Curiosity. The RGB images in this dataset have a spa-
tial resolution of 1200 × 1200 pixels, and they are categorized
into nine label categories: Sky, Ridge, Soil, Sand, Bedrock,
Rock, Rover, Trace and Hole.

The MarsScapes dataset, provided by NASA/JPL-Caltech,
is the first panorama dataset for Martian terrain understanding.
It contains 195 panoramic RGB images with widths ranging
from 1230 to 12062 pixels and heights from 472 to 1649
pixels. To facilitate input into the deep learning model, these
images were cropped into 512 × 512 pixel segments. The
semantic information includes nine different categories: Big
Rock, Bedrock, Sand, Soil, Gravel, Sky, Ridge, Rover and
Unknown.

Both the TWMARS and SynMars datasets consist of RGB-
channel images and include two categories: Rock and Back-
ground. The TWMARS dataset, captured by NaTeCam, con-
sists of 336 images, each with dimensions of 1024 × 1024
pixels. The SynMars dataset, totaling 10000 images, is a
synthetic dataset simulated from Tianwen-1. Each image in
the SynMars dataset is generated by Blender software2 with a
resolution of 1920 × 1080 pixels.

B. Experimental Setup

To validate the effectiveness and reliability of MBE, two
comparative experimental sections were designed.

Section III-C focused on comparing the outcome of the
proposed MBE method with five state-of-the-art SSS meth-
ods: s4GAN [61], ClassMix [62], LSST [63], WSCL [22]
and AugSeg [32]. To make a fair comparison, the back-
bones of these methods are ResNet and DeepLab series,
which are consistent with MBE. In this section, the training
datasets were randomly cropped to 321 × 321 pixels, and
the batch size of each approach was set to 8. For s4GAN
and ClassMix, the iterations were set to 40000. For other
methods, the training epochs were set to 50. The backbone
was optimized using stochastic gradient descent (SGD) with
a base learning rate of 0.01, a weight decay of 0.0005 and
a momentum of 0.9. The learning rate was decayed during
training using a polynomial scheduling strategy: lr = base
lr × (1− ( iter )/ (max iter ))0.9.

Section III-D concentrated on validating the effectiveness of
the ALDA module and SCF loss through three perspectives.
Specifically, Section III-D1 aimed to determine the influence
of the ALDA module and SCF loss through a basic ab-
lation experiment. In this experiment, the baseline was the
MBE method, with the ALDA module removed and SCF
loss replaced by Cross-Entropy (CE) loss. Section III-D2
further tested the effectiveness of SCF by comparing it with

2https://www.blender.org

five benchmark loss functions, specifically CE, Focal [42],
Label Smoothing (LS) [64], Cyclical Focal (CF) [44] and
Online Hard Example Mining (OHEM) losses [43], across
six datasets. The fc parameter of CF loss was set to 2 to
ensure a fair comparison with SCF loss, maintaining the
same cyclical symmetry structure, and γ was set to 1 in the
Focal and CF losses to ensure a consistent comparison. All
modules (except for the loss function) and parameters were
identical to those in Section III-C. Additionally, we evaluated
the performance of the proposed CutMix method against the
popular method, Adaptive Label-aided (ALa) CutMix [32],
for the same datasets in Section III-D3. The supervised loss
functions used were the SCF and CE losses, and other modules
and parameter settings were consistent with Section III-C.

The evaluation metric for all experiments was Intersection
over Union (IoU). All operations were performed on a Win-
dows 10 workstation running Python 3.8.10. The workstation
was equipped with a 13th Gen Core i7-13700 CPU and a 12
GB NVIDIA GeForce RTX 4070 Ti GPU. All semi-supervised
segmentation methods were implemented using PyTorch 1.21.

C. Experimental Results

As shown in Fig. 4, the proposed method outperformed
other advanced SSS models in terms of Mean IoU for
all classes across the MER [34], MSL [34], S5Mars [35],
MarsScapes [36], TWMARS [60] and SynMars [59] datasets
under both 1/4 and 1/8 labeled partition protocols. Notably,
the proposed method excelled in handling scenarios with
limited labeled data, not only increasing segmentation IoU y
across various terrain datasets but also demonstrating higher
generalization ability and robustness in diverse and complex
environments.

For the MER dataset, the visual results (to fair comparison,
all visual results of SSS models were shown under the 1/4
labeled protocol), as illustrated in Fig. 5, demonstrated that the
boundaries of objects in the MBE results were smoother com-
pared to those of other methods. This was particularly evident
in categories such as Tracks, Shadows and Unknown, where
the MBE results aligned more closely with the characteristics
of the reference image. Furthermore, other methods exhibited
greater mis-segmentation rates when identifying small objects,
such as rocks, than the MBE method. Due to these advantages,
MBE exhibited high-quality visual results. This observation
was supported by the quantitative analysis results, as shown
in Table I, where MBE outperformed existing state-of-the-art
methods across all partition protocols, surpassing the second-
best method by 0.99% and 1.44% under the 1/8 and 1/4
partition protocols, respectively. Additionally, MBE demon-
strated effective segmentation for the imbalanced categories,
such as Martian Soil, Rock, Tracks and Shadows, across both
partition protocols. It is important to note that MBE achieved
the greatest IoU for Rocks and Tracks, further demonstrating
the effectiveness of SCF loss.

Regarding the MSL dataset, the visual results, as shown
in Fig. 6, revealed that each method produces smooth ob-
ject boundaries, with differences arising primarily from mis-
segmentation. The s4GAN and ClassMix methods exhibited

https://www.blender.org
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Fig. 4. Mean IoU (%) results of various semi-supervised segmentation methods for all classes across six datasets. (a) Under the 1/4 labeled partition protocol.
(b) Under the 1/8 labeled partition protocol.

TABLE I
PER-CLASS IOU(%) FOR THE MER TEST SET.

Labeled Method Martian Soil Sands Gravel Bedrock Rocks Tracks Shadows Unknown Background Mean IoU

1/4

s4GAN [61] 11.30 56.02 73.21 65.09 33.52 53.23 22.72 68.71 81.52 51.70
ClassMix [62] 15.39 52.21 69.56 61.14 33.57 47.38 28.59 65.08 83.03 50.66
LSST [63] 5.86 51.67 71.61 64.04 31.95 48.74 20.70 71.44 87.52 50.39
WSCL [22] 6.82 53.40 70.89 63.71 34.93 49.93 26.76 77.52 87.38 52.37
AugSeg [32] 22.26 58.15 74.65 69.19 49.27 55.55 34.12 74.57 85.77 58.17
MBE 21.70 58.37 73.75 69.26 49.97 61.80 37.68 77.00 86.96 59.61

1/8

s4GAN [61] 4.82 49.23 71.71 58.83 33.10 49.39 26.58 69.91 90.13 50.41
ClassMix [62] 3.78 44.55 67.66 57.40 34.87 48.11 39.89 65.51 62.05 47.09
LSST [63] 3.39 53.24 71.30 61.74 29.41 52.64 28.80 64.39 79.30 49.36
WSCL [22] 2.33 55.93 69.80 61.20 32.07 53.50 28.18 69.99 80.60 50.40
AugSeg [32] 3.53 52.77 72.91 68.29 47.63 58.92 37.49 71.70 68.50 53.53
MBE 4.03 52.65 71.81 69.09 50.25 60.92 34.97 75.18 71.81 54.52

notable mis-segmentations in the background category, while
the LSST and WSCL methods struggled to recognize the
Tracks and Rock categories accurately. AugSeg failed to
correctly identify gravel types, and its rock classification was
also inaccurate. In contrast, MBE produced higher-quality
visual results compared to the other methods. The quantitative
analysis, presented in Table II, showed that the MBE method
achieved significant increases in IoU over other methods, with
gains of 1.77% and 1.45% over the second-best methods under
the 1/4 and 1/8 partition protocols, respectively (p <0.05,
McNemar’s test [65]). MBE also excelled in handling unbal-
anced classes; for example, under the 1/4 partition protocol, it
delivered the highest IoU in categories such as Martian Soil,
Rocks, Tracks and Unknown. More importantly, it achieved a
high IoU value of 70.75% in the Tracks category, despite this
class comprising only 0.98% of the labeled data. Furthermore,
under the 1/8 partition protocol, MBE continued to yield
accurate results in the unbalanced categories, achieving nearly

the same IoU as the most accurate method in the Tracks
category, with only a 0.45% difference.

The visual results for the MarsScapes dataset are presented
in Fig. 7. Similar to previous datasets, the results from
s4GAN, ClassMix and LSST showed more jagged object
boundaries, particularly in the Soil and Redrock categories,
compared to WSCL, AugSeg and MBE. The WSCL method
showed inaccuracy in segmentation for the Sands category,
while AugSeg showed discontinuity in the Soil category. In
comparison, MBE achieved more accurate and comprehensive
segmentation results. The quantitative analysis, as shown in
Table III, highlighted the exceptional IoU of MBE, which
surpassed the second-best methods by 1.35% and 0.72%
under the 1/4 and 1/8 partition protocols, respectively. These
high IoU scores extended to the minority classes such as
Ridge and Sky, where MBE achieved the highest IoU scores.
Furthermore, the MBE method maintained its effectiveness
even with reduced numbers of labeled data, underscoring its
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Fig. 5. Visual comparisons of different semi-supervised segmentation methods for the MER dataset. (a) Raw image. (b) Reference. (c) s4GAN. (d) ClassMix.
(e) LSST. (f) WSCL. (g) AugSeg. (h) MBE.

TABLE II
PER-CLASS IOU(%) FOR THE MSL TEST SET.

Labeled Method Martian Soil Sands Gravel Bedrock Rocks Tracks Shadows Unknown Background Mean IoU

1/4

s4GAN [61] 28.95 63.32 69.75 71.31 41.84 51.43 41.92 53.52 87.48 56.95
ClassMix [62] 26.74 57.80 65.42 67.04 32.48 41.10 36.52 52.38 80.50 51.11
LSST [63] 29.04 64.79 69.61 74.87 39.33 62.85 43.53 61.83 88.13 59.33
WSCL [22] 31.36 64.44 70.48 75.60 39.89 66.02 39.59 60.93 87.91 59.58
AugSeg [32] 28.73 68.67 71.99 76.40 45.13 62.01 51.25 57.97 89.24 61.27
MBE 31.94 69.36 71.86 76.63 47.21 70.75 49.61 59.41 90.61 63.04

1/8

s4GAN [61] 24.58 62.35 67.43 72.08 37.30 42.43 37.28 54.83 82.67 53.44
ClassMix [62] 23.71 55.11 63.55 63.82 36.43 36.91 37.02 41.35 68.79 47.71
LSST [63] 28.66 63.67 67.87 74.02 38.82 55.48 39.73 56.17 85.96 56.71
WSCL [22] 25.46 64.61 67.43 74.19 37.68 69.24 38.95 57.82 87.47 58.09
AugSeg [32] 22.97 66.91 70.43 76.86 47.18 62.47 45.78 54.66 85.34 59.18
MBE 27.02 66.80 70.84 76.46 45.35 68.79 46.11 53.44 90.83 60.63
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(a) (b) (c) (d) (e) (f) (g) (h)(a) (b) (c) (d) (e) (f) (g) (h)

Martian SoilMartian Soil SandsSands GravelGravel BedrockBedrock RocksRocks TracksTracks ShadowsShadows UnknownUnknown BackgroundBackground

Fig. 6. Visual comparisons of different semi-supervised segmentation methods for the MSL dataset. (a) Raw image. (b) Reference. (c) s4GAN. (d) ClassMix.
(e) LSST. (f) WSCL. (g) AugSeg. (h) MBE.

efficiency in scenarios with limited labeled data.

In terms of the S5Mars dataset, the visual results of the
MBE method were more accurate than those of other methods,
as shown in Fig. 8. For example, for the Trace category,
other methods exhibited severe mis-segmentation, whereas
the MBE method provided relatively accurate segmentation.
Additionally, MBE achieved notably greater performance in
segmenting the Rock and Gravel categories compared to
other methods. The advances in Martian terrain classification
achieved by MBE were highlighted by its higher IoU scores
compared to other methods, as evidenced in Table IV. With
only 1/4 of the labeled data, MBE achieved the highest IoU for
most classes, including a 0.79% increase over AugSeg for the
Sky category, a 1.45% increase for Ridge and a 0.87% increase
for Soil. Its ability to maintain high IoU with reduced labeled
data was particularly impressive, as demonstrated by a 14.33%
advantage over ClassMix for Sky with just 1/8 of the labeled
data. Furthermore, the MBE method excelled in challenging
classes such as Trace, producing an increase in IoU of 9.69%
over AugSeg.

For both TWMARS and Synmars datasets, the visual results

are presented in Fig. 9. These datasets were used primar-
ily for detecting the position and shape of rocks. For the
TWMARS dataset, as highlighted in the red box, the MBE
method demonstrated greater performance in detecting both
the shape and location of rocks compared to other methods.
For the Synmars dataset, which contained more supervised in-
formation, all methods achieved great performance. However,
distinctions arose in the detection of small rocks. Methods
such as ClassMix, LSST and WSCL showed limited success in
identifying small rocks, as shown in the red box, while s4GAN
and AugSeg missed or misclassified rocks in the yellow box. In
contrast, the MBE method excelled in these areas. Quantitative
analysis supported this conclusion, as shown in Tables V and
VI. For example, the MBE method advanced rock detection
on the TWMARS and Synmars datasets by 5.87% and 0.66%,
respectively, compared to the second-best methods when using
1/4 of the labeled data. With 1/8 of the labeled data, MBE
achieved increases of 2.06% and 0.34% on the TWMARS
and Synmars datasets, respectively. Although the increase over
other methods on the Synmars dataset was less pronounced,
the MBE method achieved an IoU exceeding 90%. This result
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SoilSoil BedrockBedrock GravelGravel SandSand Big RockBig Rock RoverRover RidgeRidge SkySky UnknownUnknown

(a) (b) (c) (d) (e) (f) (g) (h)(a) (b) (c) (d) (e) (f) (g) (h)

Fig. 7. Visual comparisons of different semi-supervised segmentation methods for the MarsScapes dataset. (a) Raw image. (b) Reference. (c) s4GAN. (d)
ClassMix. (e) LSST. (f) WSCL. (g) AugSeg. (h) MBE.

TABLE III
PER-CLASS IOU(%) FOR THE MARSSCAPES TEST SET.

Labeled Method Soil Bedrock Gravel Sand Big Rock Ridge Rover Sky Unknown Mean IoU

1/4

s4GAN [61] 80.74 67.51 42.50 57.51 43.33 15.90 80.81 71.84 69.71 58.87
ClassMix [62] 77.36 60.47 36.34 50.41 42.00 1.43 82.04 63.09 54.19 51.93
LSST [63] 77.66 65.88 44.89 53.77 45.55 3.14 85.86 69.14 52.50 55.38
WSCL [22] 77.76 68.11 47.17 57.00 42.33 3.37 81.91 67.56 60.85 56.23
AugSeg [32] 80.93 71.88 48.02 62.69 51.78 14.04 93.57 74.21 64.52 62.41
MBE 81.05 73.19 48.45 64.40 50.29 20.49 93.57 79.31 63.06 63.76

1/8

s4GAN [61] 76.46 51.83 31.81 49.83 39.01 21.06 83.87 72.71 56.69 53.70
ClassMix [62] 76.22 57.51 31.91 46.70 44.70 9.10 76.94 60.29 41.14 49.32
LSST [63] 78.83 59.36 40.68 68.33 40.22 17.44 81.27 65.36 49.40 53.43
WSCL [22] 79.03 62.09 43.75 49.75 41.58 17.28 81.38 66.61 56.42 55.32
AugSeg [32] 80.24 64.00 46.41 51.10 48.34 18.24 84.09 71.29 52.85 57.40
MBE 78.49 69.04 45.76 54.31 48.12 13.37 86.28 72.43 55.28 58.12
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TraceTrace RockRock SandSand Bedrock RidgeRidge RoverRover SkySky HoleHole
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Soil

Fig. 8. Visual comparisons of different semi-supervised segmentation methods for the S5Mars dataset. (a) Raw image. (b) Reference. (c) s4GAN. (d) ClassMix.
(e) LSST. (f) WSCL. (g) AugSeg. (h) MBE.

TABLE IV
PER-CLASS IOU(%) FOR THE S5MARS TEST SET.

Labeled Method Sky Ridge Soil Sand Bedrock Rock Rover Trace Hole Mean IoU

1/4

s4GAN [61] 79.09 93.17 91.71 40.14 54.02 73.90 15.17 43.19 28.43 57.64
ClassMix [62] 75.41 60.55 65.94 29.89 30.71 70.03 14.04 35.43 33.70 46.19
LSST [63] 73.76 91.63 90.46 31.00 49.98 69.42 13.80 62.70 22.01 56.08
WSCL [22] 79.93 94.82 92.99 39.65 60.63 70.78 17.16 64.36 43.06 62.60
AugSeg [32] 80.33 96.91 95.13 39.74 62.00 73.28 19.95 68.83 65.74 66.88
MBE 81.12 95.46 94.13 40.95 62.01 75.23 22.34 78.64 64.62 68.28

1/8

s4GAN [61] 78.88 96.06 94.35 35.73 42.09 72.64 15.90 46.28 9.71 54.63
ClassMix [62] 64.84 86.10 62.20 24.86 19.30 62.20 17.86 14.91 14.34 40.73
LSST [63] 76.34 93.58 91.40 31.42 45.65 69.52 14.37 37.55 19.31 53.23
WSCL [22] 78.43 93.31 91.99 31.89 36.16 69.82 15.76 46.97 27.35 54.34
AugSeg [32] 80.02 93.70 92.78 26.39 59.74 73.69 19.18 58.25 58.94 62.52
MBE 79.17 94.80 94.44 32.45 51.58 74.49 20.22 67.94 70.96 65.12
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MARS
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Fig. 9. Visual comparisons of different semi-supervised segmentation methods for the TWMARS and Synmars datasets. (a) Raw image. (b) Reference. (c)
s4GAN. (d) ClassMix. (e) LSST. (f) WSCL. (g) AugSeg. (h) MBE.

highlighted the MBE method’s stability and reliability in high-
Mean IoU scenarios.

TABLE V
PER-CLASS IOU(%) FOR THE TWMARS TEST SET.

Labeled Method Rock Background Mean IoU

1/4

s4GAN [61] 43.62 98.10 70.86
ClassMix [62] 49.08 98.56 73.82
LSST [63] 25.01 97.61 61.31
WSCL [22] 46.57 98.19 72.38
AugSeg [32] 59.97 98.64 79.31
MBE 65.84 98.86 82.35

1/8

s4GAN [61] 33.57 97.92 65.75
ClassMix [62] 37.43 98.12 67.77
LSST [63] 18.65 74.40 58.02
WSCL [22] 43.40 98.00 70.70
AugSeg [32] 59.39 98.65 79.02
MBE 61.45 98.69 80.07

Despite the overall effectiveness of MBE, it still has some
limitations. For example, on the MER dataset with the 1/8

TABLE VI
PER-CLASS IOU(%) FOR THE SYNMARS TEST SET.

Labeled Method Rock Background Mean IoU

1/4

s4GAN [61] 70.43 98.86 84.64
ClassMix [62] 68.90 98.70 83.80
LSST [63] 52.34 96.92 74.63
WSCL [22] 52.68 98.01 75.35
AugSeg [32] 82.09 99.28 90.68
MBE 82.75 99.31 91.03

1/8

s4GAN [61] 69.30 98.76 84.03
ClassMix [62] 67.28 98.72 83.00
LSST [63] 51.34 97.87 74.60
WSCL [22] 51.98 97.88 74.93
AugSeg [32] 82.03 99.28 90.65
MBE 82.37 99.29 90.83

labeled protocol, s4GAN achieved a notably higher IoU of
90.13% for the Background category compared to MBE’s
71.81%. Similarly, on the Marscapes dataset with the 1/4
labeled protocol, s4GAN outperformed MBE in the Unknown



IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING 13

(a) (b) (c)

MER

(a) (b) (c)

Martian SoilMartian Soil SandsSands GravelGravel BedrockBedrock RocksRocks TracksTracks ShadowsShadows UnknownUnknown BackgroundBackgroundMartian Soil Sands Gravel Bedrock Rocks Tracks Shadows Unknown Background

MSL

Fig. 10. Visual examples illustrating limitations of MBE on the MER and MSL datasets. (a) Raw image. (b) MBE prediction. (c) Reference.

category, achieving 69.71% versus 63.76%. This suggests that
the adversarial training strategy of s4GAN may better capture
complex background textures when labeled data are scarce.
As illustrated in Fig. 10, MBE segments occasionally an
entire object into scattered fragments. This can be observed
in several categories, such as Sands and Gravel. This issue
arises mainly from the use of the CutMix operation in MBE,
which, while effective for uncertain regions, can disrupt the
structural integrity of large or homogeneous areas, leading
to decreased segmentation accuracy ultimately. While MBE
could not achieve the highest IoU in every category across
all six datasets, its integration of the ALDA module and SCF
loss could enable the refinement of class boundary delineation,
partially mitigating these limitations. Future work could focus
on enhancing MBE’s ability to model background textures
and fuzzy regions, possibly by improving adversarial learning
strategies or adaptive feature extraction techniques.

Overall, MBE’s consistent top-tier IoU and notable gains
across multiple classes highlighted its effectiveness in handling
sparse labeled data. Its ability to achieve high IoU across
various datasets underscored its robustness and adaptability,
making it a valuable tool for enhancing remote sensing appli-
cations in planetary exploration. This high IoU suggested that
MBE could advance terrain classification and data analysis in
challenging environments, offering potential advances in the
field of planetary science.

D. Ablation Experiments

1) Basic Ablation Experiments: This section explores the
contributions of the ALDA module and SCF loss to the
proposed method. To ensure the robustness of our findings, we
conducted basic ablation studies across all six MT datasets.
The baseline model was based on the MBE model, which
removed the CutMix augmentation and used standard CE loss,
serving as a point of comparison. All experiments were carried
out under the 1/4 and 1/8 labeled data partition protocols.

The results, presented in Table VII, revealed several key
insights. For example, incorporating the ALDA module alone
consistently achieved higher IoU over the baseline model.
However, the combination of the ALDA module with the
SCF loss demonstrated even more significant gains (p <0.05,
McNemar’s test [65]). On average, this combined approach
increased the Mean IoU by approximately 1-2% compared to
the ALDA-only method and 2-3% compared to the baseline
model across different datasets and labeled data fractions.

Furthermore, with reduced labeled data (1/8 partition), the
boost in IoU achieved by combining the ALDA module and
the SCF loss became more evident. The combined method
showed variable improvements across datasets, with the most
substantial gain of 4.06% observed on MSL (1/8 partition).
The mean improvement across all datasets was 2.28% (1/8
partition) and 1.93% (1/4 partition), indicating enhanced effi-
cacy under greater label scarcity. However, a slight drop was
observed on MER (1/8 partition), likely due to noisy pseudo-
labels under extremely limited supervision. In this case, SCF
loss may have overemphasized incorrectly labeled hard exam-
ples, leading to degradation of the performance. Nonetheless,
SCF increases consistently segmentation performance on other
datasets, validating its overall robustness.

The above findings underscored that integrating the ALDA
module and SCF loss not only provided notable increases in
scenarios with ample labeled data but also delivered substantial
benefits when labeled data were scarce. The combined ap-
proach was particularly effective in handling class imbalance
and increasing segmentation IoU across various datasets and
data conditions.

2) Comparisons of SCF Loss with Other Losses: This
section compares the SCF loss with the CE, Focal, LS, CF
and OHEM losses. As illustrated in Fig. 11, SCF loss obtained
high Mean IoU across all datasets and labeled data fractions.

Specifically, with 1/4 of the labeled data, SCF loss achieved
the highest Mean IoU consistently, surpassing the second-
best method by 0.64%, 0.18%, 0.67%, 1.27%, 0.24%, and
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TABLE VII
MEAN IOU (%) RESULTS OF ABLATION EXPERIMENTS FOR ALL SIX DATASETS UNDER DIFFERENT LABELED DATA PARTITION PROTOCOLS.

Labeled Method MER MSL MarsScapes S5Mars TWMARS Synmars

1/4
Baseline 57.64 60.63 62.18 65.60 80.03 90.44

Baseline + ALDA module 58.74 62.45 62.83 67.01 79.32 90.68

Baseline + ALDA module + SCF loss 59.61 63.04 63.76 68.28 82.35 91.03

1/8
Baseline 52.46 56.57 55.79 62.26 78.06 90.46

Baseline + ALDA module 54.75 59.51 56.94 63.64 79.54 90.65

Baseline + ALDA module + SCF loss 54.52 60.63 58.12 65.12 80.07 90.83
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Fig. 11. Comparisons of semi-supervised segmentation methods using different loss functions. (a) under the 1/4 labeled partition protocol. (b) under the 1/8
labeled partition protocol. The red and black numbers represent the largest and second-largest IoU values, respectively.

0.15% on the MER, MSL, MarsScapes, S5Mars, TWMARS
and Synmars datasets, respectively. Furthermore, SCF loss,
which is based on Focal loss, demonstrated a notable increase
over the standard Focal loss. For example, while Focal loss
achieved the lowest Mean IoU on the MER, MSL and S5Mars
datasets, SCF loss achieved the highest Mean IoU across these
datasets consistently.

Similarly, with 1/8 of the labeled data, SCF loss demon-
strated the highest Mean IoU on all datasets except MER and
MarsScapes. For example, SCF loss surpassed the second-best
method by 0.45% and 0.53% on the S5Mars and TWMARS
datasets, respectively. Although SCF loss did not achieve the
top result on the MER and MarsScapes dataset, it iwas only
0.23% and 0.16% lower than the most accurate methods,
respectively.

Additionally, SCF loss outperformed CE loss across all
datasets and labeled data fractions consistently. Notably, the
performance using CF loss exhibited instability, particularly
on the MSL, MarsScapes and Synmars datasets under the 1/8
labeled partition protocol. This instability might stem from
the inherent nature of CF loss, where the fixed γ ampli-

fies consistently the loss of misclassified samples throughout
training. Specifically, this characteristic causes the model to
focus heavily on hard samples early in the training process,
which might impede the model’s ability to build a solid
foundation on simpler patterns. As a result, the model’s overall
learning process became less stable, causing fluctuations in
performance.

Overall, SCF loss demonstrated robust and excellent Mean
IoU across most datasets and varying numbers of labeled data
in this semi-supervised segmentation model. The symmetric
and cyclical adjustment of SCF loss allows the model to
progressively refine its ability to handle both simple and
complex samples without prioritizing challenging examples
prematurely. This approach helps to alleviate class imbalance
effectively, consistently yielding high-IoU results even in
scenarios with limited labeled data.

3) ALDA Module vs. Ala Module: This section compares
the ALDA module with the popular Adaptive Label-aided
(ALa) [32] module on the six MT datasets. For a fair com-
parison, we used two loss functions: CE and SCF losses, and
other conditions were the same as in Section III-C.
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Fig. 12. Comparisons of Ala and ALDA modules under different labeled partition protocols and loss functions. (a) 1/4 labeled partition protocol with SCF
loss. (b) 1/8 labeled partition protocol with SCF loss. (c) 1/4 labeled partition protocol with CE loss. (d) 1/8 labeled partition protocol with CE loss.

The results are shown in Fig. 12. The ALDA module
demonstrated notable increases over the ALa method across
these datasets. Specifically, for the 1/4 partition protocol using
SCF loss, ALDA surpassed ALa consistently, achieving a
0.94% higher Mean IoU on the MER dataset. The MarsScapes
and S5Mars datasets also saw an increase in Mean IoU, with
ALDA outperforming ALa by 0.29% and 1.05%, respectively.
Even on the Synmars dataset, ALDA maintained its advantage,
delivering a 0.18% higher Mean IoU compared to ALa.

In most cases, similar trends were observed across other
partition protocols and loss functions. ALDA outperformed
ALa generally or at least maintained parity. However, there
was one notable exception: on the TWMARS dataset when
using CE loss (Fig. 12 (d)), ALDA’s Mean IoU was 0.96%
lower than that of ALa. This discrepancy might be due to the
CE loss’s equal treatment of all classes, which could be less
effective in handling the class imbalance in datasets.

IV. DISCUSSION

A. Sensitivity Analysis of ALDA Module Parameters

The key contribution of the ALDA module is its use of a
confidence detector to identify the lowest confidence regions
in pseudo-labels. This confidence detector is characterized
as an h × w box, where the box size influences directly
the final segmentation results. Among various parameters,
the minimum side length has an impact on the detection
and refinement of the uncertain region. To investigate its
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Fig. 13. Impact of minimum side length on Mean IoU (%) for the MER and
MSL datasets with different labeled partition protocols.

impact, we conducted a sensitivity analysis by testing different
minimum side lengths (20, 30, 40, 50, and 60 pixels) and
observing their effect on the segmentation results. To ensure
efficiency and focused analysis, this sensitivity analysis was
conducted on two representative datasets: MER and MSL.

The result (Fig. 13) indicated that setting the minimum
side length between 20 and 50 pixels generally yields high
Mean IoU results across both datasets. For example, for the
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Fig. 14. Comparisons of unsupervised loss: SCF loss vs. CE loss across the
MER and MSL Datasets.

MSL dataset, the IoU values for 1/4 of labeled images ranged
from 63.04% to 64.56% consistently. Similarly, for the MER
dataset, the IoU values for 1/4 of labeled images remained
stable within this range.

Increasing the minimum side length to 60 pixels led to
a notable decline in Mean IoU. For example, on the MSL
dataset, the IoU for 1/4 labeled images decreased by 4.41%
when increasing from 50 to 60 pixels, and for 1/8 labeled
images, it decreased by 1.22%. This decline was unexpected
because, theoretically, a larger minimum side length should
capture more significant regions. The observed decline might
be due to the inclusion of excessive background or non-target
information, which can disrupt the object’s semantic integrity
and lead to incomplete segmentation. Especially the CutMix
method might exacerbate this issue by fragmenting object
information, thus affecting the model’s learning effectiveness.

In summary, while larger minimum side lengths covered a
greater area, they compromised the complete semantic infor-
mation of objects, resulting in decreased overall performance.
Consequently, despite comparable Mean IoU values at 40-50
pixels, we selected 30 pixels as the optimal threshold, which
can maintain precise uncertainty localization while avoiding
the performance collapse observed at 60 pixels.

B. Application of SCF Loss to Unsupervised Loss

In this research, we utilized the SCF loss in the student
model primarily for two key reasons: first, the student model
is the main network responsible for learning and adaptation;
second, the teacher model provides guidance and generates
pseudo-labels, but its role is less central in the loss calculation
process. However, we also aimed to test the effectiveness of
SCF loss when applied to the teacher model to explore its
potential benefits and impact in that context.

The experiment was tested on the MER and MSL datasets,
and the results are shown in Fig. 14. The results indicated
a notable decrease in performance early when the SCF loss
was applied to the teacher model instead of the standard CE
loss. On the MER dataset, the Mean IoU dropped 1.95% and
1.01% from CE to SCF loss when using 1/4 and 1/8 of the

labeled images. More importantly, on the MSL datasets, the
Mean IoU experienced a larger decline of 3.42% and 2.74%,
respectively when using 1/4 and 1/8 of the labeled images,
showing a more pronounced decrease in performance.

The above results suggested that applying SCF loss to the
teacher model did not yield the same level of performance
as it did in the student model. One potential reason for
this decline is that the teacher model focuses primarily on
generating pseudo-labels rather than direct adaptation and
learning from the data. The introduction of SCF loss may
disrupt this process, leading to less accurate pseudo-labels,
which negatively impacts the student model’s effectiveness.

C. Applicability of MBE

In this research, the effectiveness of MBE was evaluated on
MT images. However, the applicability of MBE is expected
to extend well beyond MT segmentation. This model can be
employed effectively for similar tasks on other celestial bodies,
such as the Moon and Earth, as well as in various remote
sensing applications.

MBE alleviates two key challenges in MT segmentation: the
generation of high-quality pseudo-labels and the mitigation
of class imbalance, which are also prevalent issues in other
remote sensing contexts. By introducing the ALDA module,
MBE can learn from diverse unlabeled data distributions,
which is critical when applying it to different planetary terrains
that may exhibit varying characteristics. Notably, ALDA intro-
duces only a modest computational overhead (∼2.4 GFLOPs,
+27 MB memory during training, and ∼3.6 ms/image in infer-
ence), making it feasible for practical applications, including
real-time scenarios. Additionally, the proposed SCF loss not
only increases the model’s ability to segment minority classes
but also maintains overall segmentation performance across all
classes.

By tackling the above fundamental issues in segmentation,
we expect that MBE has the potential to advance the state of
the art in various fields, including agricultural land mapping,
urban planning, environmental monitoring on Earth and rock
mapping on the Moon. For example, in Lunar surface analysis,
where manual labeling is extremely costly, ALDA can help to
increase the segmentation performance of small or ambiguous
objects such as craters or rocks.

D. Limitations of MBE

The mechanism underlying the MBE method has two pri-
mary limitations. First, the structure of objects in the raw
image is destroyed when employing the CutMix operation.
This may make it difficult for the model to capture the correct
object features during learning, especially in categories such
as Rock and Bedrock, that are sensitive to structure, which will
introduce uncertainty. Further research is needed to consider
object completeness when using the CutMix method. Second,
MBE needs to be more lightweight. MBE utilizes the teacher
and student models simultaneously, which requires substantial
computational power and memory, posing challenges for de-
ployment on Mars rovers. Therefore, it is essential to develop
a more lightweight model that maintains the performance of
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the semi-supervised segmentation process, thereby facilitating
effective terrain segmentation and analysis.

E. The Challenge of Classes Being Scale-Dependent in MT
Images

Unlike Earth-based satellite images, which are captured at a
standardized distance from the lens to the object, MT images
are acquired typically by the navigation camera and panoramic
camera mounted on rovers. Thus, MT images include oblique
perspectives frequently, resulting in significant variations in
the scale of measurement (i.e., spatial resolution relative to
the scene). This introduces a unique challenge in MT image
segmentation, specifically, the scale dependency of class defi-
nitions. For example, what is classified as Rock at a distance
might be identified as Gravel when examined closely. This
phenomenon leads to ambiguity of category labeling, which
has the potential to affect the consistency and performance
of segmentation results negatively. For this challenge, future
research should be undertaken from two perspectives. One
is labeling based on continuous images. Since MT images
are not isolated from each other, they are taken according
to the direction of the rover, resulting in inherent spatial
and temporal continuity between images. Therefore, when
marking an object within the distant view of an image, it is
possible to refer to other MT images where this object might
be in the close view. In this way, the labeling error can be
reduced. The second perspective concerns the exploration of
scale-invariant features and multi-scale learning techniques to
alleviate this challenge more effectively, thereby increasing the
segmentation robustness to the planetary terrain.

F. The Implications of Class Definitions for Generalization

In this research, the mean segmentation IoU for multi-
class MT images is approximately 60%, which is relatively
low for segmentation tasks on Earth. While the proposed
method is semi-supervised, prior studies have shown that semi-
supervised methods have reached basically the level of fully
supervised methods. This suggests that the challenge may lie
not only in the method itself but also in the way MT classes are
defined, as unclear or overlapping class definitions could lead
to reduced performance. Unlike Earth-based satellite images,
where class hierarchies and definitions are well-established,
MT classes are often less clear and may not follow traditional
ontological frameworks. For example, regions where sand
dunes meet rocky outcrops may display both sandy and rocky
features, with no clear-cut boundary between the two. The
surface may contain both loose Sand and embedded Rocks,
making it challenging to classify the area strictly as either
Sand or Rock. It is difficult to distinguish these unclear
or overlapping classes due to overlapping characteristics or
ambiguous boundaries. Regarding this issue, future research
should focus on developing more standardized and precise
class definitions. This could involve refining current categories,
exploring hierarchical classification models to reflect poten-
tial class relationships, or even adopting fuzzy classification
techniques to account more effectively for overlapping or
ambiguous terrain features.

V. CONCLUSION

In this paper, we presented an end-to-end, efficient SSS
method, namely, MBE, for MT semantic segmentation. MBE
aims to alleviate the challenging issues of pseudo-label qual-
ity for unlabeled data and class imbalance for labeled data
in existing SSS methods. Experimental results demonstrated
that the introduction of the ALDA module and SCF loss
in MBE could increase semantic segmentation IoU. Exten-
sive comparisons between MBE and five benchmark methods
(s4GAN, ClassMix, LSST, WSCL and AugSeg) across six MT
datasets—MER, MSL, MarsScapes, S5Mars, TWMARS and
Synmars—demonstrated the robustness and efficiency of MBE
for MT semantic segmentation. The key findings of this paper
are summarized as follows.

I. The proposed MBE method outperformed five advanced
SSS methods on six open-sourced MT datasets con-
sistently. For example, for the S5Mars dataset, MBE
achieved the highest IoU of 68.28% , exceeding the
second-best method by 1.40% under the 1/4 partition
protocol.

II. The ALDA module generated higher-quality pseudo-
labels than other methods by detecting the lowest confi-
dence areas in pseudo-labels and subsequently increasing
segmentation Mean IoU. For example, for the S5Mars
dataset, the IoU of MBE was 1.05% larger than for the
second-best method under the 1/4 partition protocol.

III. The SCF loss provided a more effective solution for
alleviating class imbalance compared to classical and
class imbalance-sensitive loss functions, such as the CE,
Focal, LS, CF and OHEM losses. For example, for the
S5Mars dataset, the IoU of MBE surpasses the second-
best method by 1.17% under the 1/4 partition protocol.

Overall, MBE offers an effective solution for MT semantic
segmentation. Future research will focus on generating higher-
quality pseudo-labels with refined object completeness and
developing more refined model architectures.
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