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Abstract—The Martian surface landforms are highly related to
the safe landing and traversability of Mars rovers. Furthermore,
landforms associated with the presence of water/ice, minerals and
biosignatures can provide valuable insights for Mars exploration
missions, particularly in relation to the selection of landing or
sample collection sites. The small number of Martian landform
datasets and the scarcity of labelable landform samples over Mars
make the precise mapping of Martian landforms a challenging
task. In this article, we propose a stepwise deep feature transfer
(SDFT) model for the mapping of Martian landforms with a small
number of labeled samples. The SDFT model comprises two
transfer steps. In the first transfer step, a deep learning model
trained on a large public source dataset from Earth is transferred
to a medium sized public dataset from Mars. This transfer is
conducted through a standard pre-training and fine-tuning
procedure utilizing a linear classifier. In the second transfer step,
the model is further transferred to a small number of target
datasets on Mars through a pre-training and fine-tuning
procedure with a cosine distance classifier. The stepwise training
technique mitigates the challenges associated with varying
datasets and small training samples. The proposed SDFT model
has been validated on two self-built sample sets using images from
the Mars Reconnaissance Orbiter's Context Camera (CTX). It
has also been employed for landform mapping in two local regions
with small samples to evaluate its effectiveness in comparison with
existing state-of-the-art methods.

Index Terms—Mars exploration, Martian landform, Fine
mapping, Feature transfer, CTX images, small number of
samples.
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. INTRODUCTION

M ars is the Earth-like planet in the solar system with the
greatest potential for harboring life. It is also the current
hotspot for international deep space exploration. The Mars
exploration missions conducted by numerous countries and
organizations have generated substantial data about the planet,
including information collected by Orbiters and Rovers [1-3].
The commonly used Martian orbiter data include MOLA (Mars
Global Surveyor's Mars Orbiter Laser Altimeter) [4], the global
Martian digital elevation model (DEM) data derived from it,
THEMIS (Mars Odyssey Orbiter's Thermal Emission Imaging
System) [5] and CTX (Mars Reconnaissance Orbiter's Context
camera) [6] data that cover almost the entire surface of Mars.
Additionally, high-resolution datasets, such as HiRISE (Mars
Reconnaissance Orbiter's High Resolution Imaging Science
Experiment) [7] and HIiRIC (High Resolution Imaging Camera
on China's First Mars Exploration Tianwen-1 Mission) [8],
provide detailed images of specific regions on Mars. The Mars
Reconnaissance Orbiter's Compact Reconnaissance Imaging
Spectrometer for Mars (CRISM) has been used in the study of
Mars' mineralogy [9]. The extensive data acquired through the
ongoing Martian orbiter exploration initiatives facilitate a
comprehensive understanding of Mars and enable new
discoveries.

It is essential that Martian surface landforms are accurately
identified in order to facilitate further scientific exploration of
the planet. The study of mud volcanism and the morphology of
impact craters in Utopia Planitia on Mars provides evidence for
the existence of an ancient ocean [10]. Crater morphometry
allows for the inference of the origin, age and surface processes
of the floor unit, as well as the deduction of implications for
erosion rates and climate change on Mars [11, 12]. Meanwhile,
the precise mapping of Martian landforms is essential for
specific Mars exploration missions, including the selection of
landing sites, the assurance of safe landings, the traversability
of Mars rovers, and the collection of samples. Specifically, the
slope, roughness and surface load-bearing of different Martian
landforms must be taken into account when selecting a landing
site [13]. Furthermore, the presence of water/ice, minerals and
biosignatures can provide valuable insight into potential
landing sites or sample collection locations [14].

In order to obtain the distribution and morphology of Martian
landforms, usually a manual visual interpretation is employed,
which is generally considered to be a reliable and accurate
approach. A new global database of Mars impact craters with a
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diameter of at least 1 km, comprising 384,343 entries, was
created manually using ArcGIS software based on THEMIS
daytime infrared data [15, 16]. Planet Four: Terrains (P4T) is an
online citizen science project, where the general public was
enlisted to identify and manually label seasonally sculpted
terrains in the South Polar region of Mars using CTX images.
These terrains include araneiform, Swiss cheese terrain and
craters [17, 18]. The Mars Global Digital Dune Database was
created to archive the location of large dark dunes on Mars, and
the dune field was outlined in a shapefile using Java
Mission-Planning and Analysis for Remote Sensing GIS [19].
The terrain features of a 4 x4 degree area in Southern Utopia
Planitia, which contains the landing site of the Zhurong rover
from the Chinese Tianwen-1 mission, were mapped in ArcMap
using the NASA CTX global image mosaic as the base map to
understand the geology of this region [20]. However, the
process of sketching Martian landforms is typically
time-consuming and is often influenced by the personal
knowledge and biases of the researchers involved.

It is therefore necessary to develop an automated Martian
landform detection algorithm. In previous studies, the DEM
served as the primary data source for extracting multiple terrain
attributes, which were then used in unsupervised classification
[21-25]. Furthermore, high spatial resolution images were used
for identifying dune fields, dark slope streaks, dust devil tracks,
and gullies through the extraction of specific features and the
implementation of machine learning classification algorithms
[26-31]. In recent years, deep-learning-based approaches have
also been widely applied to the identification of Martian
landforms [32]. However, the volume of data and the maturity
of the techniques for identifying Martian surface features are
much less advanced than those for Earth observation,
presenting a significant challenge for Martian landform
classification. In the following section, we distinguish the
classification methods for Martian landforms into two
categories: those that employ supervised learning, and those
that utilize transfer learning.

For the former, SPOC (Soil Property and Object
Classification) technique was developed to identify terrain
types and features on both orbital and ground-based images.
This technique was built based on the DeepLab network and
reference ground maps with identified 17 terrain classes by
using HiRISE images for eight candidate landing sites of the
Mars 2020 Rover mission. These maps were used to analyze the
traversability of the terrain [33, 34]. The NOAH-H (Novelty or
Anomaly Hunter - HiRISE) terrain classification system was
constructed using the DeepLab model to classify HIiRISE
images covering the Oxia Planum and Mawrth Vallis regions.
Fourteen descriptive classes were identified, providing a good
indication of the prevalence and distribution of different terrain
types [35]. The terrain classification in these tasks can be
viewed as a supervised semantic segmentation problem, where
a class label is assigned to each pixel in an input image.
Pixel-level annotation, which outlines the boundaries of the
landform, is necessary for the training of the algorithms. In [35],
the high confidence landform regions were annotated in 1,504
128 m x 128 m HiRISE images. However, this process is

labor-intensive and requires input from domain experts.

For the transfer learning method, in [36], a convolutional
neural network (CNN) based on the VGG-16 architecture with
deep transfer learning is employed to automatically classify
four groups of Martian rocks. In [37], the AlexNet trained on
Earth images from the ImageNet dataset, was adapted via
transfer learning to classify images from Mars. These images
were downloaded from the Planetary Data System (PDS)
Image Atlas, and twenty-four classes from Martian rover
images and six classes (i.e., craters, bright sand dunes, dark
sand dunes, dark slope streaks, other and edge) from HiRISE
orbital images were automatically identified to help users to
quickly find images of interest. In [38], three new classes (i.e.,
impact ejecta, spider, and Swiss cheese) observed from HiRISE
orbital images were incorporated into the above-mentioned
dataset by a proper tuning the AlexNet network pre-trained on
Earth images. In [37], 3,820 HiRISE images of the Martian
surface were labeled, while the new HiRISE dataset in [38]
increased the number of labelled images to 10,815. In [39], a
novel DoMars16k dataset of CTX images, containing 16,150
samples of 15 landforms commonly found on the Martian
surface, was introduced. Furthermore, three neural network
training approaches (i.e., from scratch, transfer learning and
pre-training) were compared using the widely used CNN
architectures (i.e., AlexNet, VGG, ResNet and DenseNet). The
optimal combination was then used to map Martian landforms
based on a pixel-by-pixel sliding-window approach. The
landform classification tasks can be regarded as scene
classification problems, whereby a class label is assigned to an
input image. Although scene-level annotation of a square image
representing a landform category is a more straightforward
process than pixel-level annotation, it is still a time-consuming
task, particularly when dealing with a large number of samples,
especially when employing deep learning classification
techniques.

Based on the aforementioned analysis, it is evident that there
are important issues in the current literature that require further
attention. Firstly, the process of labeling an adequate number of
samples (e.g., 1,504, 10,815 and 16,150 samples in [35], [38]
and [39], respectively) when utilizing deep learning techniques
for Martian landform  classification is  inherently
time-consuming. Furthermore, some landforms in the local
target region may be insufficiently represented, making it
difficult to label an adequate number of samples. However,
when the available public datasets were directly used, they may
not be compatible with the specific considered localized target
region in terms of landform classes and scale (e.g., [40]). It is
therefore necessary to address the challenges of the
classification of Martian landforms with a small number of
samples. Secondly, the deep learning models that do not use
transfer learning (e.g., [33, 35]) require a large number of
samples for the training from scratch, that increase with the
number of parameters of the network. In the current used deep
transfer learning models (e.g.,[36-39] ), the features trained on
the large Earth dataset were transferred to the Mars dataset.
However, there are significant differences between the two
types of datasets in terms of the classes represented, with the
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Earth dataset containing a much greater diversity of classes
than that of Mars. Additionally, the images in the Earth dataset
typically have at least three bands, while those in the Mars
dataset are single-band. These differences highlight the need
for further improvements to the single-step transfer process.

To address the aforementioned issues and challenges, this
work proposes a stepwise deep feature transfer (SDFT) model
for Martian landforms mapping with a small number of labeled
samples. Two Martian areas were selected for the construction
of the landform datasets: the Southern Utopia Planitia (the
Tianwen-1 Zhurong rover landing region) and the Oxia Planum
(the prospective ExoMars landing region). The obtained results
confirm the effectiveness of the proposed approach. The main
contributions of this paper are as follows.

1) A novel SDFT model for Martian landform mapping is
proposed, aims to specifically handle small numbers of labeled
samples, particularly in specific local target regions where
some landforms are insufficiently represented.

2) In addressing the issue of misalignment between the
public Earth dataset and the specific Martian target data, the
proposed SDFT model incorporates two transfer steps, i.e.,
Features Transition Transfer (FTT) and Features Adaptation
Transfer (FAT). The FTT step involves the standard
pre-training and fine-tuning procedure, utilizing a linear
classifier, to transfer public source data from Earth (i.e.,
ImageNet) to Mars (i.e., DoMars16k). This step serves to
mitigate the data and class gaps between Earth and Mars, and
prepares the features for the subsequent step. In the FAT step, a
pre-training and fine-tuning procedure with the cosine distance
classifier is used to transfer the deep features from the source
data (i.e., DoMars16k) to the target data, thereby adapting to
the small number of training samples and enabling more
accurate classifications by reducing intra-class variations with a
small training set.

3) The SDFT model has the potential to be used for transfer
between different resolutions and source datasets, and also
provides a new solution for landform classification of Mars and
other planets.

The rest of this paper is organized as follows. The proposed
approach is described in detail in Section Il. Experimental
results and analyses are presented in Section Ill. Finally,
Section IV draws the conclusions.

Il. PROPOSED SDFT APPROACH

The proposed SDFT model aims to map the fine landforms
of Martian localized target regions based on a customized
landform system and a small amount of labeled samples. Fig. 1
illustrates the overall block diagram of the proposed approach,
which primarily consists of three steps: 1) Features Transition
Transfer (FTT); 2) Features Adaptation Transfer (FAT); 3)
Superpixel-guided Landform Mapping.

Inthe FTT step, the source data (denoted as source data 1) is
the public Earth dataset (i.e., ImageNet [41]) comprising
common terrestrial scenes and everyday objects across 1,000
categories (1.2 million images). Although not a specialized
landform dataset, it includes Earth scenes (e.g., volcanoes,
cliffs, valleys, alps) and everyday objects (e.g., beer bottles,

ladybugs, sea lions). This dataset was selected because models
trained on its massive scale acquire universal visual features
(e.g., edges, textures, shapes) rather than domain-specific
landform knowledge. The target data (denoted as source data 2)
in the FTT step, which also serves as the source data in the FAT
step, is the public Martian dataset (i.e., DoMars16k [39]). It
consists of 16,150 images and 15 classes, such as Aeolian
Straight, Crater. Labeled image were selected from across the
entire Martian surface. Since the DoMars16k dataset may not
align with the specific target region regarding landform classes
and scale, the target data for the FAT step was customized
based on the actual conditions of the local study region (see in
Section I11.B). The number of labeled samples is large in source
data 1, medium in source data 2, and small in the target data.
The two transfer processes of the proposed SDFT model are
shown in Fig. 2. After the FTT step, the transitional features for
the FAT step are prepared by reducing the data and class
domain gap between Earth and Mars. Furthermore, the FAT
step further adapts these features to the small number of target
data on Mars. The DenseNet161 is used as the feature extractor
fo during both training and fine-tuning stages of both FTT and
FAT processes. In this context, the dimension of the encoded
feature is denoted as d, the source data 1 is represented by X,
the source data 2 is represented by X, the target data is
represented by Xs, the number of classes of source data 1,
source data 2 and target data are represented by ci, ¢, and cs,
respectively. Xi, Xj and xi are used to denote the training samples
in the source data 1, source data 2 and target data, respectively.

A. Step 1: Features Transition Transfer (FTT) Step

In the training stage of the FTT step, the feature extractor
fo s and classifier g, are trained from scratch using the large
source data on Earth (i.e., ImageNet). The classifier g. consists
of a linear layer, followed by a softmax function & . The
predicted values of the training stage can be expressed as:

% :U(WlT f91 (x)) )

where W, e ; ©* is the weight matrix of linear layer 1, and
X € X,.

The FTT step follows the standard transfer learning
procedure of pre-training and fine-tuning. To resolve
Earth-Mars domain discrepancies, two strategies were
implemented. First, spectral domain adaptation was employed,
where single-band CTX images are replicated into three
channels to satisfy the input requirements. Second, class
alignment was performed by replacing the 1000-class classifier
(the linear layer 1) from ImageNet with a 15-node classifier (a
new linear layer 2) corresponding to the landform classes in
DoMarsl6k. Furthermore, the pre-trained parameters in the
feature extractor fo; are fine-tuned on source data 2, resulting
in a new feature extractor fo2, and semantic discrepancy
between the Earth and Mars domains was mitigated through
feature transfer via pre-training and fine-tuning. The model was
initially pre-trained on ImageNet to extract universal visual
features (e.g., edges, textures, shapes). These features were
subsequently fine-tuned on the Martian DoMars16k dataset to
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Fig. 1. The block scheme of the proposed approach.

generate domain-specific semantic representations through
weight recombination. The two extractors are related by

foo = F(f5) (2
where F is the operation of feature fine-tuning. The predicted
values of the fine-tuning stage 1 can be expressed as:

% :O'(WZT fo2 (Xj ) 3)

where W, e ; ©% is the weight matrix of linear layer 2, and
Xj€X,.

B. Step 2: Features Adaptation Transfer (FAT) Step

In the FAT step, the target data comprises a small number of
labelled samples from Martian regions, which present a
challenge for training deep learning classifiers. Consequently,

the standard deep learning transfer approach of pre-training and
fine-tuning used in the FTT step may not yield accurate
classification results. The importance of reducing intra-class
variations of features has been highlighted in few-shot
classification methods, and the concept of distance-based
classification has been investigated in [42], with further
observation on cosine-similarity for the few-shot classification
given in [43]. The experiments in [43] demonstrate that training
a cosine-similarity based model outperforms previous
state-of-the-art approaches in the few-shot recognition task.
Accordingly, we use the cosine-similarity classifier in the FAT
step to accommodate the small number of samples. The training
procedure of the fine-tuning stage 2 is the same as the
fine-tuning stage 1 with the exception of the classifier design.
The pre-trained parameters in the feature extractor fo> are
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Fig. 2. The flowchart of the proposed SDFT model.

fine-tuned to generate a new feature extractor fs; through the
operation of feature fine-tuning F:

foa = F(f42) 4)
where W, € | T4 s the weight matrix of the classifier in the
fine-tuning stage 2, and W, =[w,, W, K' W, ]. For the feature

foa (%)
[w,,w, K Wca] is computed and the similarity scores of all

its cosine-similarity for each weight vector

classes are calculated as:

. W, f,.(x)
sim. = t 03 k 5
ol TGl ©

where t=1,2,K ,c;, and || || stands for the vector norm. The

predicted values of the model of fine-tuning stage 2 can be
expressed as:

¥,=o(r-sim) ©)
where - is a learnable scalar controlling the peakiness of the
probability distribution generated by the softmax operator,
since the range of cosine similarity is fixed to [-1, 1]. The

models in all the three training stages are trained by minimizing
a standard cross-entropy classification loss.

C. Step 3: Superpixel-guided Landform Mapping

While the model from fine-tuning 2 requires square patch
inputs and outputs patch-level classifications, our objective is
landform mapping with clearly delineated landform boundaries,
rather than the isolated patch predictions. Therefore, we adopt
the superpixel-guided landform mapping method proposed in
[40], which workflow is illustrated in Fig. 3.

First, the Simple Linear Iterative Clustering (SLIC)
algorithm [44] is used for superpixel segmentation. The
resulting superpixel-level segments exhibit accurate local

morphological homogeneity and boundary adherence. This can
be achieved by carefully tuning the compactness parameter m
and superpixel count K in the SLIC operation [40]. Second, the
patches are created with the guidance of the superpixels. For a
given superpixel segmentation, an n>n size patch, centered on
the superpixel centroid, is created. The size of the created
patches is the same as the target samples labeled in Step 1.
Subsequently, each patch is then fed into the trained fine-tuning
2 model to estimate the class, and the class value is assigned to
the corresponding superpixel.

I1l. EXPERIMENTAL RESULTS AND DISCUSSIONS

The proposed approach was applied to two manually labelled
datasets for quantitative evaluation. A small number of samples
from two localized regions of Mars (i.e., Southern Utopia
Planitia and Oxia Planum) were labeled to train the model,
which was then used for landform mapping. The quantitative
and qualitative classification results demonstrate the
effectiveness of the proposed SDFT model.

A. Experimental Setup and Parameter Setting

SLIC: Based on multiple trials, the compactness m is set to

0.2, and b is set to 65, and K was empirically defined as:

K=(HxW)/(bxb) )
where H and W are the height and weight of the input image,
respectively, and b is pre-defined to be close to the size of the
interested landform in the sample patches [40].

Model training: The Stochastic Gradient Descent (SGD)
optimization is used, with a learning rate of 0.01, a momentum
of 0.9, a batch size of 64, and 50 training epochs.

Landform prediction: The training sample size n is equal to
200.

Algorithms were implemented using Python, where the deep
learning networks were built using Pytorch. Experiments were
carried out on Ubuntu 18.04.5, with Intel Xeon Gold 6130
CPUs at 2.10 GHz, 159 GB of RAM, and an NVIDIA GRID
P40-24Q GPU with 22GB of memory.

B. Study area and data

The experiments are performed on two study areas: SUP and
OP region. SUP represents the local region contained within the
area of Southern Utopia Planitia; OP consists of the regions of
Oxia Planum, McLaughlin Crater and Oyama Crater. Fig. 4
illustrates the locations of the two study areas (highlighted in
red and blue rectangles) and the coverage of DoMarsl6k
dataset overlaid on the MOLA DEM. Green stars mark the
centroids of the 163 CTX images used in generating the
DoMars16k dataset. As one can see, there is only one image
overlapped with OP. Consequently, the reported accuracy of
subsequent transfer experiments was minimally affected by the
overlap of study areas. Both the SUP and OP contain a range of
8x%129. The mosaic CTX images with a resolution of 5 m were
used for constructing samples and mapping.

1) Source and target datasets for quantitative analysis

Three datasets (i.e., source data 1, source data 2, and target
data) are required when employing the proposed SDFT
approach. The source data 1 and source data 2 are publicly
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Fig. 3. The flowchart of the superpixel-guided landform mapping.

TABLE |
THE LANDFORM CLASSES CONSIDERED AND EXAMPLE SAMPLES OF SOURCE DATA 2 AND TWO TARGET DATA SETS ON MARS.

Thematic Groups

\
N

Aeolian Curved Aeolian Straight
»

Source data 2 DoMars16k
on Mars (15 classes)

SUP
(10 classes)

~

Smooth Terrain

-

Crater Crater Field Cliff Mounds

Target data
on Mars

OP
(9 classes)

Rugged Outcrop Rough Terrain Smooth Terrain Textured Terrain
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Fig. 4. Location of the two target areas (SUP and OP) and DoMars16k dataset
represented on the color-coded MOLA DEM.
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Fig. 5. The CTX images used for landform classification on the two study areas:
(a) Local SUP (image size: 12,821 %10,426 pixels); (b) Local OP (image size:
7,555 % 8,028 pixels). (a2) and (b2) are reference maps to (al) and (bl),
respectively.

TABLE Il
THE CONSIDERED LANDFORM CLASSES AND THE NUMBER OF TRAINING
SAMPLES ON EACH IMAGE IN THE TWO STUDY AREAS.

Local SUP

Local OP

Landform Classes

Number

Landform Classes

Number

15

Aeolian Straight

13

Channel
Crater
Mounds

Pitted Cone Cluster
7
Smooth Terrain 20

available, whereas the target data has been manually labeled in
accordance with the landform system prevailing in the study
area. To assess the effectiveness of the proposed SDFT
approach, two target data sets (denoted as SUP and OP) were
created based on the SUP and OP region.

TABLE | provides an overview of the landform classes and
illustrative samples of the source data 2 (i.e., DoMars16k) and

the two target datasets (i.e., SUP and OP) on Mars. DoMars16k
dataset comprises two thematic groups with 15 distinct
landform classes. It was constructed using images from the
Mars Reconnaissance Orbiter's CTX instrument. The SUP and
OP datasets contain 10 and 9 classes, respectively. The SUP
and OP samples are constructed using mosaic CTX images.
Each class in these target datasets includes 300 samples, 100 of
which are employed for the training extraction of training
samples, while the remaining 200 are used for testing.

As one can see in TABLE II, although the DoMars16k
dataset covers relatively comprehensive Martian landform
classes, its class distribution diverges significantly from
localized target regions. For example, the SUP dataset lacks
instances of Aeolian Bedforms, while Slope Streaks present in
the DoMars16k dataset are absent from both the SUP and OP
datasets. Additionally, the scale of the Mounds class in the OP
region is considerably larger than that of DoMars16k, reflecting
significant differences in Martian landform class scales. To
refine the landform in the SUP region, we have added the Pitted
Cone and Pitted Cone Cluster classes to the SUP classes
relative to DoMarsl16k. These discrepancies underscore the
necessity of customizing the landform classification for target
regions.

Note that this study focuses on descriptive landform features
rather than interpretative landform units. The morphological
divisions employed are highly detailed, particularly for
fine-scale classification within local regions. For example,
large impact craters are broken down into constituent
components such as rims and floors. While precise landform
units were not directly derived, these classification results
provide foundational data for subsequent landform unit
delineation.

2) Study area and samples for mapping

To evaluate the mapping effectiveness of the proposed SDFT
model, two local study areas were selected. The first is the local
area of Southern Utopia Planitia (denoted as local SUP), which
contains the China's Tianwen-1 Zhurong landing site
(25.066 N, 109.925E). The second is the local area near Oxia
Planum (denoted as local OP), which is the prospective ESA's
ExoMars candidate landing region. Utopia Planitia is the
largest recognized circular impact basin in the northern
hemisphere of Mars [45]. It was flooded and filled by extensive
sedimentary materials from the Vastitas Borealis interior unit
[46]. Oxia Planum is a region of low relief located on the
southwest margin of Arabia Terra. Its bedrock units are
characterized by the presence of hydrous clay [47].

The CTX images and reference maps of the two study areas
are shown in Fig. 5. The image sizes in Fig. 5 (al) and (bl) are
12,821x%10,426 and 7,555>8,028 pixels, respectively. As
illustrated in TABLE II, the landform systems were developed
with nine and six classes for SUP and OP areas, respectively.
To evaluate the effectiveness of the proposed SDFT approach
for mapping with a small number of samples, some training
samples were manually labeled in the two study areas. The
number of training samples in the two study areas are presented
in TABLE I1. It can be observed that the maximum number of
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TABLE Il training samples per class is 21, while the minimum sample size
OA (%) OF FINE-TUNING STAGE 1 ON DOMARS16K DATASET. isonly 7. Fig. 5 (a2) and (b2) are the reference maps to (al) and
ig%%';g'\g‘ Efg;';’;ti':e:gbo QR;ZS;\';?SSZ ";;eg;fonz‘f D:;‘Zlizt;il (b1), respectively, which were manually labeled to validate the
— — — — — accuracy of the classification map.
TABLE IV

OA (%) OF FINE-TUNING STAGE 2 WITH DIFFERENT NUMBER OF TRAINING
SAMPLES ON THE SUP DATASET.

Feature Number of samples
Extractors | 5 | 10 | 20 | 30 | 40 | 50 | 60 | 70
89.96 | 94.02 | 96.24 [ 96.74 | 97.30 | 97.49 [ 97.28 [ 97.72
GoogleNet | /535 | £0.08 | £0.05 | £0.08 | <016 | £0.05 | £0.58 | £0.13
. 90.37 | 94.52 [ 95.92 [ 96.55 | 97.20 | 97.36 | 97.37 | 97.41
EfficientNet b0 3¢ | 1011 | +0.08 | £0.05 | +0.10 | +0.08 | +0.06 | -0.04
ResNet1g | 8753 [90.73 (953719670 [ 96.98 | 97.31 [ 97.47 [ 97.81
+1.10 | £0.30 | £0.08 | £0.13 | £0.18 | £0.55 | 0.15 | +0.13
Inception_v3 | 8878 94.05 [ 95.57 | 96.25 [ 96.86 [ 97.21 [ 97.34 | 97.48
=2 £0.73 | £0.07 | £0.17 | £0.41 | £0.23 | +0.15 | £0.13 | £0.15
DenseNetl6l | 91:63 [ 9450 [96.20 [ 96.71 [ 97.44 [ 97.58 | 97.78 [ 97.99
+0.18 | £0.10 | £0.20 | +0.52 | £0.40 | £0.39 | £0.14 | £0.12

TABLE V
OA (%) OF FINE-TUNING STAGE 2 WITH DIFFERENT NUMBER OF TRAINING
SAMPLES ON THE OP DATASET.

Feature Number of samples
Extractors | 5 | 10 | 20 | 30 | 40 | 50 | 60 | 70
90.93 [ 96.13 | 9731 [ 97.64 [ 97.20 | 98.07 [ 98.30 | 98.11
GoogLeNet | (40| 20113 | £0.17 | 0,18 | £0.79 | £0.29 | £0.40 | £0.17
‘ 93.3796.54 | 97.39 | 97.58 | 98.36 | 98.34 | 98.36 | 98.37
EfficientNet b0 %7 | 20,10 | 2024 | £0.20 | £0.16 | £0.12 | £0.08 | £0.07
ResNer1s | 9138 [95.03 196,03 [96.70 [97.14 [ 97.47 [ 9752 [ 97.86
+0.49 [ £0.12 | £0.14 | £0.18 | 031 | £0.51 | +0.31 | £0.21
‘ 90.30 | 92.62 | 95.50 [ 96.81 | 97.71 [ 97.51 [ 98.00 | 97.76
Inception_v3 | %29 | 1125 | 20.99 | £0.41 | £027 | 2049 | 20.37 | £0.55
DenseNet61 | 9227 | 96:60 [ 97.53 [ 97.81 ] 98.18 [ 98.27 [ 98 36 | 98.54
+0.74 | £0.32 | £0.63 | £0.44 | £0.51 | £0.34 | 2038 | £0.20
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(a) SUP dataset (b) OP dataset
Fig. 6. Comparison of the OA (%) of fine-tuning stage 2 versus the number of
training samples on: (a) SUP dataset, (b) OP dataset.

Predicted Label

(a) SUP (b) OP
Fig. 7. Confusion matrices of the proposed SDFT approach when the number of
training sample is 20 on (a) SUP dataset (OA: 96.20%) and (b) OP dataset (OA:
97.72%).

C. Quantitative Results

1) Quantitative results of stepwise transfer

To evaluate the performance of stepwise transfer, five
popular feature extraction networks (i.e., GoogLeNet,
EfficientNet_b0, ResNet18, Inception_v3, and DenseNet161)
were compared. The networks were selected based on their
excellent overall classification performance. For example,
DenseNet161 exhibited superior classification performance
compared to other state-of-the-art CNN networks in [39] and
[40]. ResNetl8 is a lightweight network that is frequently
employed in few-shot classification tasks [48, 49]. The overall
accuracy (OA) of the fine-tuning stages 1 and fine-tuning stage
2 are provided in TABLE Ill, TABLE IV and TABLE V. The
pre-training parameters of the models are fine-tuned at each
transfer stage.

Fine-tuning stage 1 (ImageNet to DoMars16k): TABLE Il1
provides the accuracy comparison of different feature
extractors for fine-tuning stage 1. The average OA and the
related standard deviation (SD) on five runs are also given. One
can observe that the DenseNet161 feature extractor achieved
the highest mean accuracy and the lowest standard deviation.

Fine-tuning stage 2 (DoMars16k to SUP/OP): TABLE IV
and TABLE V present the average OA and SD values with
different sample sizes (i.e., 5, 10, 20, 30, 40, 50, 60, and 70
samples) for the fine-tuning stage 2 on the SUP and OP datasets,
respectively. Furthermore, the data from TABLE IV and
TABLE V are plotted in Fig. 6 (a) and (b), respectively, which
depicts the mean OA value and the associated SD value for
each curve.

As shown in Fig. 6 (a), the accuracy gradually increased by
increasing the sample size, stabilizing with 30 training samples.
The accuracy of each feature extractor remained relatively
consistent when the number of training samples exceeded 30.
Overall, the DenseNet161 demonstrated superior performance
compared to other models, especially in cases involving very
small sample sizes (e.g., 5 and 20). Thus, the DenseNet161 was
employed for the subsequent landform mapping.

TABLE V provides the average OA and SD values versus
the numbers of samples in the fine-tuning stage 2 on the OP
dataset. The same conclusions can be drawn with regard to the
SUP dataset. As illustrated in Fig. 6 (b), the accuracy showed a
gradual increase by an increasing the sample size, and reached
saturation with 20 training samples. Both the DenseNet161 and
EfficientNet_b0 demonstrated high accuracy and outperformed
other models in cases where various numbers of samples were
used. The SD values of EfficientNet_bO were typically lower
than those of DenseNet161, indicating that EfficientNet b0
exhibited greater robustness than DenseNet161. However,
when accuracy was compared with a small number of samples
(e.g., 10 and 20), DenseNetl61 demonstrated superior
performance to EfficientNet_b0.
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Fig. 8. Mapping results of the proposed SDFT approach on (a) local SUP and (b) local OP.

TABLE VI
OA (%) OBTAINED IN THE ABLATION EXPERIMENTS OF THE PROPOSED
SDFT APPROACH ON THE SUP AND THE OP DATASETS WHEN THE NUMBER OF
TRAINING SAMPLE 1S 20.

Stepwise transfer

Datasets No transfer One step transfer (Proposed SDFT)
SUP 81.68 +6.71 93.50 +0.68 96.20 +0.20
OP 79.87 £2.67 94.97 £0.73 97.53 £0.63

2) Confusion Matrix Analysis

Fig. 7 presents the confusion matrices for the proposed
SDFT approach on the SUP and OP datasets when the number
of training samples is 20. One can see that in the SUP dataset,
the PittedConesCluster  significantly = misclassified in
comparison to other classes (e.g., Pitted Cone, Channel, Rough
Terrain, Crater Field, Mounds). In particular, there were
misclassification of 18 Pitted Cone samples as Pitted Cones
Cluster. The considerable disparity between the crater wall and
the crater floor allows for a variety of potential landform
configurations.  Therefore, Crater Wall&Bottom was
misclassified as Rough Terrain, Smooth Terrain, Cliff and
Crater. Fig. 7 (b) illustrates the severe misclassification of
Textured Terrain and Mounds into other classes. In particular,
Textured Terrain was misclassified as Cliff, and Mounds was
misclassified as TexturedTerrain. This may due to the fact that
Textured Terrain consists of both smooth and undulating
terrains, which are similar to Mounds and CIiff in certain
instances. In addition, Rough Terrain were misclassified into
Rugged Outcrop.

3) Ablation Experiments

TABLE VI provides the ablation experimental results for the
proposed SDFT approach. No transfer indicates that the feature
extraction layers of DenseNet161 are trained from scratch on

the small labeled target samples. One step transfer denotes the

process of fine-tuning the feature extraction layers of
DenseNet161, which were pre-trained on the source data 1 (i.e.,
ImageNet). In both No transfer and One step transfer scenarios,
source data 2 was not utilized. It is clear that the proposed
SDFT vyielded the highest accuracies (i.e., 96.20% and
97.53%), outperforming One step transfer by an increase of
2.7% and 2.56% on the SUP and OP datasets, respectively. This
confirmed the necessity of the Earth-to-Mars feature transition
in the FTT step. Meanwhile, One step transfer exhibits
accuracy improvements of 11.82% and 15.1% relative to No
transfer on the SUP and OP datasets. The SD of OA values for
SDFT were the smallest, confirming its superiority.

D. Mapping Results and Analysis

1) Landform Mapping Results

Fig. 8 shows the maps obtained by the proposed SDFT
approach on local SUP and OP regions. One can see that Crater
Field and Smooth Terrain represent the basic landform within
the local SUP [Fig. 8 (a)]. Two distinct intermittent Channels
were identified on either side of the Zhurong landing site. In the
northwest corner of the mapping results, the Channel exhibited
a near-circular shape, which has been interpreted as evidence of
“ghost craters” or circular graben [50]. Pitted Cones were
observed to be distributed throughout the region. The majority
of Pitted Cone Clusters were mainly located in the southern
part of the region. Furthermore, the clustered Mounds have
been identified in the southern region, in close proximity to the
aforementioned “ghost craters” and in the vicinity of the Pitted
Cone Clusters. In this region, the layered ejecta of the rampart
crater was designated as Rough Terrain, and the rim of the
crater, which exceeds the window size, was classified as Crater
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Fig. 9. Mapping results obtained by the reference methods and the proposed SDFT approach on the SUP dataset. The first two columns (a) show the results of the
FTT step of the reference methods. The second two columns (b) show the results of the One-step transfer of the reference methods. The third two columns (c) show
the results of the ablation of the proposed SDFT approach, where (c1) represents the results of the One-step transfer of the simplified version of the proposed SDFT
approach, and (c2) depicts the results of the proposed SDFT approach.

Rim in our classification system. The Rough Terrain around the  landform in the local OP, whereas Crater and Crater Field
rampart crater and the Crater Rim of the large crater were were found throughout the region. Crater Rim could be
correctly identified. However, some confusion can be observed  continuously identified. In the presence of wind, sand particles
on certain classes. For example, there was confusion between  continue to accumulate at the bottom of the crater, forming
Pitted Cone and Pitted Cone Clusters, Channel and Rough  Aeolian Straight.

Terrain, and Crater Field and Pitted Cone Clusters. In Fig. 8

(b), Rough Terrain was identified as the primary basic 2) Comparative Analysis
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Fig. 10. Mapping results obtained by the reference methods and the proposed SDFT approach on the OP dataset. The first column (a) shows the results of the FTT
step of the reference methods; The second column (b) shows the results of the One-step transfer of the reference methods; The third column (c) shows the results of
the ablation of the proposed SDFT approach, where (c1) represents the results of the One-step transfer of the simplified version of the proposed SDFT approach,

and (c2) depicts the results of the proposed SDFT approach.

Figs.9 and 10 present the mapping results of the reference
methods and the proposed SDFT approach on local SUP and
OP, respectively. Two reference methods (i.e., DenseNet161
[39] and MarsMapNet [40]), which represent the
state-of-the-art in Martian landform classification, were
selected for comparison. In [39], the DenseNet161 network was
employed to map Martian landforms based on a pixel-by-pixel
sliding-window approach, with Markov random fields (MRFs)
being used to mitigate the impact of outliers on the mapping
results. In [40], abstract convolutional features extracted from
scene-level patches were combined with multi-textures derived
from local landforms to enhance classification performance.
Meanwhile, a superpixel-guided landform mapping approach
was proposed to improve efficiency.

Fig. 9 (a) and Fig. 10 (a) show the mapping results with 15
landform classes of the first FTT step of the reference methods,
in which the model pre-trained on the ImageNet dataset was
re-trained on the DoMars16k dataset. Fig. 9 (b) and Fig. 10 (b)
show the mapping results of the One-step transfer of the
reference methods, without using the DoMars16k data and by
directly fine-tuning the model pre-trained on the ImageNet

dataset on Earth on the target samples from local SUP and OP.
Fig. 9 (c) and Fig. 10 (c) illustrate the ablation results of the
proposed SDFT approach. Fig. 10 (cl) refers to One-step
transfer of the simplified version of the proposed SDFT
approach, where the DoMars16k dataset was not employed and
the model that pre-trained on the ImageNet dataset was
fine-tuned on the targeted dataset. Fig. 10 (c2) illustrates the
results of the proposed SDFT approach. It is noteworthy that
the cosine distance classifier was used in the proposed SDFT
approach, whereas the linear classifier was utilized in the
reference methods.

The obtained maps are qualitatively compared in Fig. 9 (a) and
(b). The class system shown in Fig. 9 (a) is derived from the
public DoMars16k dataset, which contains a fixed set of 15
classes. The class system depicted in Fig. 9 (b) was customized
for the target study area. Since the landforms represented in the
DoMars16k dataset do not precisely align with those observed
in the local SUP region, the maps in Fig. 9 (a) are less accurate
compared to those presented in Fig. 9 (b). Specifically, Channel
segments with weaker feature were not identified, resulting in
poor continuity of the whole Channel [see Fig. 9 (al/a2)-A].
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Some classes (e.g., Mixed Terrain, Aeolian Curved and Aeolian
Straight) in the DoMars16k dataset were not present in the local
SUP area, but were erroneously included in the mapping results
[see Mixed Terrain in Fig. 9 (al/a2)-B] and Aeolian Curved in
Fig. 9 (al)-C/D]. Some individual Pitted Cones in the local
SUP area were not included in the DoMarsl6k dataset,
resulting in the misclassification of Pitted Cones as Craters
[see Fig. 9 (al/a2)-A]. This is due to the fact that they have very
similar geometric properties. The Pitted Cone Cluster in the
local SUP area exhibited a larger size than those in the
DoMars16k dataset, resulting in the Pitted Cone Cluster being
incorrectly classified as a Crater Field [see Fig. 9 (al/a2)-C]
and Textured Terrain [see Fig. 9 (al/a2)-D]. The mapping
results in Fig. 9 (b1) and (b2) show a notable improvement
compared to (al) and (a2), which can be attributed to the use of
customized samples from the local SUP area. Specifically, the
Pitted Cone was partially recognized [see Fig. 9 (b1/b2)-A], the
Pitted Cone Cluster [see Fig. 9 (b1)-C/D and (b2)-C/D] and
Mounds [see Fig. 9 (b1)-C and (b2)-B/C] were correctly
identified. However, the maps shown in Fig. 9 (b1) and (b2)
remained inadequate. For example, the continuity of the
Channel was not accurate, and the Smooth Terrain in Fig. 9
(b2)-A/B/D was misclassified as Pitted Cone.

TABLE VII
COMPARISON OF THE CLASSIFICATION ACCURACIES (%) PROVIDED BY
DIFFERENT METHODS ON THE TWO CONSIDERED STUDY AREAS.

Reference methods Proposed SDFT

(One-step transfer) (Ablation comparison)

DenseNet161 | MarsMapNet ?rr;::]f:f Et;:z\?\\g::f
OA 65.93 72.12 84.56 93.90
Local | AA 74.67 74.14 83.08 92.00
SUP | Kappa 59.70 66.30 80.78 92.40
mloU 54.77 54.36 69.95 86.13
OA 71.78 77.79 80.24 90.82
Local AA 62.75 71.98 72.72 90.07
OP | Kappa 63.95 71.46 74.72 88.39
mloU 48.73 59.82 61.52 82.04

A further comparison of the two reference methods, as
illustrated in Fig. 9 (a) and (b), respectively, reveals that the
landform boundary in Fig. 9 (al) and (b1) (i.e., DenseNet161)
is smoother than those in Fig. 9 (a2) and (b2) (i.e.,
MarsMapNet). However, benefiting from the
superpixel-guided technique, the time consumption required by
the MarsMapNet approach was significantly reduced when
comparing to DenseNet161. Moreover, the boundary adhesion

performance was very poor, as evidenced in Fig. 9 (a2) and (b2).

In addition, the use of local-scale multi-texture features enables
the MarsMapNet to properly recognize small-scale landforms.
For example, more craters were recognized in Fig. 9 (b2)-A/C,
and almost all of the sporadic and small mounds in Fig. 9
(b2)-B were correctly recognized when compared to the
corresponding localized map in Fig. 9 (b1).

Fig. 9 (c2) depicts the maps predicted by the proposed SDFT
approach. It can be observed that the Channel exhibited
enhanced continuity [see Fig. 9 (c2)-A], and the Pitted Cone
was successfully recognized in its entirety [see Fig. 9 (c2)-A],

both the sporadic and clustered Mounds were well identified
[see Fig. 9 (c2)-B/C], and the Pitted Cone Cluster was
completely detected [see Fig. 9 (c2)-C/D]. Compared to Fig. 9
(c2), the intermediate step transfer was not used for the results
in Fig. 9 (c1), introducing worse accuracy. For example, both
the Pitted Cone [see Fig. 9 (c1)-A] and the sporadic Mounds
[see in Fig. 9 (c1)-B] were only partially identified, while the
Smooth Terrain in Fig. 9 (c1)-C/D was partially misclassified
as Channel. The necessity of the stepwise transfer was further
validated by the ablation experiments.

Fig. 10 (al) and (a2) exhibit messy mapping results, with the
rim of impact crater being divided into multiple sections: Cliff,
Ridge and Textured Terrain, while the rough terrain situated in
the upper left region was misclassified as Aeolian Straight. The
customization of the landform system to the region, resulted in
the significantly more accurate results of Fig. 10 (b1) and (b2).
In particular, both the Crater Rim and the Aeolian Straight near
the bottom of the Crater Rim were fully discernible. In Fig. 10
(b1), the Rough Terrain was incorrectly classified as Crater
(highlighted in yellow rectangle), whereas in Fig. 10 (b2) it was
correctly identified. However, the mapping results in Fig. 10
(b2) were still inadequate, as the Crater Rim was erroneously
located on the left side of the region [see green rectangle in Fig.
10 (b2)] and the Crater Rim was not sufficiently continuous
[see the yellow rectangle in Fig. 10 (b2)]. Fig. 10 (c2) exhibits
the best visual mapping result, which was obtained by the
proposed SDFT method. In Fig. 10 (c2), the continuous and
complete Crater Rim was clearly delineated [see the yellow
rectangle in Fig. 10 (c2)], and the Crater and Crater Field with
weak features were also correctly recognized [see the green
rectangle in Fig. 10 (c2)]. The lack of an intermediate transfer
step resulted in the inferior classification results shown in Fig.
10 (c1). For example, there was a wrong Crater Rim in the
green rectangle, and the continuity of the Crater Rim in the
yellow rectangle was less satisfactory in Fig. 10 (cl).

To provide a further quantitative evaluation of the accuracy
of the classification maps produced by the proposed method, as
well as of those produced by the comparison techniques, the
OA, average accuracy (AA), Kappa coefficient (Kappa), mean
Intersection-over-Union (mloU) were calculated and presented
in TABLE VII, based on Fig. 5 (a2) and (b2). A comparison of
the reference methods revealed that MarsMapNet achieved
6.19% and 6.01% higher OA than DenseNet161 on Local SUP
and Local OP datasets, respectively. Although the
MarsMapNet exhibited a marginal 0.41% lower mloU than the
DenseNet161 on the Local SUP, it achieved a substantial 11.09%
higher mloU on the Local OP. The proposed SDFT (i.e.,
stepwise transfer) achieved the highest accuracies among all
reference methods. Also, it outperformed the one-step transfer
of the proposed SDFT method, demonstrating the necessity of
the two-step transfer. Moreover, the stepwise transfer of the
proposed SDFT method significantly improved the reference
methods. The one-step transfer of the proposed SDFT also
outperformed the reference methods, confirming the advantage
of the cosine distance classifier used by the proposed method
over the linear classifier used by the reference methods,
particularly when using a small number of labeled samples.
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IV. CONCLUSIONS

In this paper, we have proposed a novel SDFT model for
Martian landform mapping, in order to address the challenges
of time-consuming and labeling an adequate number of
samples especially in a specific local target region. The two
transfer steps (i.e., FTT and FAT steps) in the proposed SDFT

model mitigate the challenges associated with different datasets.

In particular, in the FTT step, the standard pre-training and
fine-tuning procedure is employed to transfer the large dataset
from Earth to the medium-sized dataset from Mars. This
enables the transition of data and classes between Earth and
Mars. The model obtained in the FTT step is further transferred
to the small sample dataset in the FAT step. Intra-class
variations in the features of the small samples are reduced by a
distance-based classifier, thus facilitating more accurate
classifications.

In our experiments, the quantitative analysis and qualitative
mapping analysis were conducted on two study areas (i.e., SUP
and OP regions) with mosaic CTX image. In quantitative
analysis experiments, the classification accuracies analysis
with different feature extractors and training sample sizes, and
the ablation experiment analysis demonstrated the effectiveness
of the proposed SDFT model. In qualitative mapping analysis
experiments, the landform mapping was performed in local
SUP and OP regions with no more than 21 samples per class,
and the obtained maps confirmed the superiority of the
proposed method in comparison to existing state-of-the-art
techniques. In future work, we plan to investigate the potential
of the proposed model for transferring across different
resolutions and source data on Mars and other planets.
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