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RGB-D based multi-modal deep
learning for spacecraft and debris
recognition

Nouar AlDahoul?*, Hezerul Abdul Karim* & Mhd Adel Momo®?

Recognition of space objects including spacecraft and debris is one of the main components in

the space situational awareness (SSA) system. Various tasks such as satellite formation, on-orbit
servicing, and active debris removal require object recognition to be done perfectly. The recognition
task in actual space imagery is highly complex because the sensing conditions are largely diverse. The
conditions include various backgrounds affected by noise, several orbital scenarios, high contrast, low
signal-to-noise ratio, and various object sizes. To address the problem of space recognition, this paper
proposes a multi-modal learning solution using various deep learning models. To extract features
from RGB images that have spacecraft and debris, various convolutional neural network (CNN) based
models such as ResNet, EfficientNet, and DenseNet were explored. Furthermore, RGB based vision
transformer was demonstrated. Additionally, End-to-End CNN was used for classification of depth
images. The final decision of the proposed solution combines the two decisions from RGB based and
Depth-based models. The experiments were carried out using a novel dataset called SPARK which was
generated under a realistic space simulation environment. The dataset includes various images with
eleven categories, and it is divided into 150 k of RGB images and 150 k of depth images. The proposed
combination of RGB based vision transformer and Depth-based End-to-End CNN showed higher
performance and better results in terms of accuracy (85%), precision (86%), recall (85%), and F1 score
(84%). Therefore, the proposed multi-modal deep learning is a good feasible solution to be utilized in
real tasks of SSA system.

The activity program of space agencies (European Space Agency, National Aeronautics and Space Administra-
tion) includes launching a new satellite, navigating the solar system, and forecasting the earth climate. In the
last decades, a huge amount of space debris has been generated by the space agencies which orbit the earth, and
thus there is a big need for space situational awareness (SSA) program. This SSA program which acts as an alarm
system in solar system' was found to address the increasing number of the space debris. SSA has three main
functions including space surveillance and tracking to track satellite and space debris, weather detection and
forecasting, and detection of space objects such as debris to reduce their effects on the earth’.

The space object recognition is a significant task in space missions to classify various objects such as space-
crafts and debris. The difficulty of recognition task was caused by lack of visual data used for training the clas-
sification model. The process of data collection is complex and costly. Therefore, synthetic data generation under
a photo-realistic space simulation environment were found to address the previous problem?. The data should be
largely diverse with extreme and challenging sensing conditions. A novel dataset called SPAcecraft Recognition
leveraging Knowledge of space environment (SPARK) was found and shared with the research community in
ICIP 2021 challenge®*.

The approach of deep learning which is data hungry requires large number of samples to train the model. In
this paper, SPARK dataset® has ten thousand of images used for training the proposed solution of multi-modal
learning. The objective was to classify the space objects such as spacecraft and debris into eleven categories
including AcrimSat, Aquarius, Aura, Calipso, Cloudsat, CubeSat, Debris, Jason, Sentinel-6, Terra, and TRMM.

A deep learning model called vision transformer was proposed by Vaswani et al.* for natural language process-
ing (NLP) tasks especially for machine translation. The transformer was transferred to computer vision tasks such
as image classification inspired by the successes of the transformer in NLP. The outcome was a vision transformer
that was found to outperform CNN-based methods in various applications including image recognition of small
or mid-sized images such as ImageNet, CIFAR-100, VTAB®, object detection®’, image segmentation®®, image
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generation using transformers-based GAN®®, image colorization®?, clustering®!!, and 3D analysis®!?. To the best
of our knowledge, this is the first paper that targets using the vision transformer for space object classification
utilizing SPARK dataset proposed by ICIP2021 challenge organizers>>.

This paper highlights an interesting challenge for the research community. It contributes to the body of
knowledge as follows:

1. A space object classification model is proposed to classify objects into debris and spacecraft. Additionally, it
distinguishes between various categories of spacecrafts.

2. A novel multi-modal learning is proposed for spacecraft classification utilizing a combination of vision
transformer using RGB images and End-to-End CNN using depth images.

3. The proposed multi-modal learning was evaluated and compared with existing CNN based methods such
as ResNet50, EfficientNetB7, and DenseNet201.

4. The concept of domain generalization from natural images to the space imagery domain was explored to
transfer deep representation from ImageNet to SPARK images.

5. An ablation study was done to validate the significance of multi-modal learning over single learning that
uses RGB images only. Average decision approach was added to combine the two decisions made from two
models into one final decision. This leads to an increase in the classification accuracy.

This paper is organized as follows: "Related work" describes the SPARK space imagery dataset. Addition-
ally, it demonstrates the approach of transfer learning, End-to-End CNN, pre-trained deep CNNs, pre-trained
vision transformer, and multi-modal learning. In "Materials and methods", the experiments and results are
discussed in detail. Furthermore, the comparison between the proposed solution and existing methods is done.
Finally, "Results and discussion" summarizes the outcome of this work and gives readers a glimpse into potential
improvements in the future.

Related work

The task of target recognition should be done autonomously to minimize the risk of collision in space'®. The
vision-based sensor such as camera®!'*~1¢ is the most significant component in SSA to observe visual data and
build data-driven AI solution. Various methods have been proposed in previous research works to track and
monitor inactive and active satellites from one side and remove space debris from the other side. LIDAR sensor
was also used for debris removal, target detection, and pose estimation®'*"'7. Pose estimation methods were
found to match 3D spacecraft wireframe (target) with 2D image utilizing the matching process between visual
features extracted from both image and wireframe'®. The Perspective-n-Point (PnP) problem was solved to find
the pose'®. The conventional computer vision algorithms such as Sobel and Canny detectors were used to extract
the edge features'>?. On the other hand, traditional machine learning algorithms were considered in the task
of pose estimation utilizing principal component analysis (PCA)?'. The PCA was applied to a query spacecraft
image and then compared with the ground truth poses in the dataset for matching purposes.

Object detection and image classification are two main tasks in computer vision to detect the objects, calculate
their bounding boxes, and predict the categories. Deep learning algorithms have produced better results than
computer vision algorithms because they use automatic feature learning and extraction. Therefore, deep learn-
ing algorithms have been used in the space applications to recognize spacecraft and debris for various purposes.
Pre-trained convolutional neural network was one of the deep learning models used to estimate the pose of the
spacecraft?®? such as GoogLeNet CNN?*%. On the other hand, to determine the translation, and rotation of a
space object relative to a camera, VGG CNN?%% was trained and tested on synthetic dataset. Furthermore, to
estimate the pose of uncooperative spacecraft without 3D information and to predict the bounding box of space
objects, ResNet CNN was demonstrated's?.

The performance of deep learning and its generalization ability are based on the size of data fed to deep model.
The data size should be large to produce the expected improvement compared to traditional machine learning
methods. In space application, the cost of spacecraft data acquisition is expensive. Therefore, various synthetic
datasets were proposed in research works for 6D pose estimation including Unreal Rendered Spacecraft On-Orbit
(URSO) dataset® and Spacecraft pose estimation dataset (SPEED)**,

In addition to the cost of space data acquisition, object tracking is a complex task because the surrounding
spacecrafts or targets are varied in sizes. To address the previous problems, researchers have considered the data
acquisition process to collect images of space objects such as spacecraft and debris. Therefore, they generated
high resolution synthetic spacecraft dataset using Unity3D game engine environment simulator®. To propose
sufficient labelled space dataset, a novel SPARK dataset was found specifically for space object classification®”.
The SPARK dataset was represented by realistic earth, and the surrounding objects around the earth. ResNet*
and EfficientNet* were demonstrated as pre-trained CNNs utilizing SPARK dataset with several scenarios®. The
three scenarios are: (1) random initialization of the models and training from scratch. (2) feature extraction by
freezing the backbone and training only the classifier in top layers. (3) using the pre-trained weights and then
fine-tuning the whole model including the backbone and classifier. They found that the models trained on both
RGB, and depth images showed better performance than single models®.

Materials and methods

This section describes the dataset used in this work to shed light on the challenging contents available in the
images. Additionally, the approach of transfer learning is demonstrated using CNN based models such as
ResNet50, EfficientNetB7, and DenseNet201 and state-of-the-art vision transformer. Furthermore, the multi-
modal learning is discussed. Finally, the model’s architectures and hyperparameters are described in detail.
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Datasets overview. This paper demonstrates a novel space dataset called SPAcecraft Recognition leverag-
ing Knowledge (SPARK) of space environment that was proposed in ICIP 2021 challenge*’. A total of 150 k
of RGB images and another 150 k of depth images were generated from Unity3D game engine environment
simulator. The proposed dataset was utilized for space object classification into eleven categories including one
debris and 10 satellites>*. Five classes of debris were divided into 5 k images for each debris class. The five classes
of debris were grouped into one set called debris category with 25 k images. On the other hand, ten categories
of satellites with 12.5 K images for each include AcrimSat, Aquarius, Aura, Calipso, CloudSat, CubeSat, Jason,
Sentinel-6, Terra, and TRMM. The space objects were acquired from NASA 3D resources>*. Figure 1 shows
several RGB images and their corresponding depth images from the SPARK dataset.

The 150 k of images in SPARK dataset were divided into 60% (90,000 images), 20% (30,000 images), and
20% (30,000 images) for training, validation, and testing, respectively>’. While RGB images have resolution of
1024 x 1024, depth images have resolution of 256 x 256. Only labels of training and validation images were given.
Therefore, validation set was used as testing set. Additionally, training set was divided into training and validation
sets. Various challenges are available in this dataset, and they are summarized as follows*

1. the target locations are distributed randomly in the field of view of a camera which was mounted on a chaser.
Additionally, the chaser model has several orientations and ranges. Furthermore, Earth and Sun are rotated
randomly around their axes.

2. high contrast images with lighting changes. The models of Sun flares, rays, and reflections from the space to
Earth were designed and built.

3. various contents of backgrounds with different orbital scenarios including black background, sparsely illu-
minated stars in the background, Earth with oceans and clouds, and object with night side or day side of
Earth in the background.

4. highly noisy spaceborne images with small size of sensor and highly dynamic range imaging.

5. various object sizes with several ranges and distances between the target spacecraft and the camera attached
to the chaser.

The proposed solution.  This section aims to demonstrate the proposed solution for classification of space
objects including spacecraft and debris. The architecture and hyperparameters of proposed supervised End-
to-End CNN are described. Additionally, the architectures of deep CNNs such as ResNet50, EfficientNetB7,
and DenseNet201 are demonstrated to transfer learning between various domains. Furthermore, the architec-
ture and hyperparameters of vision transformer are explored. Finally, the approach of multi-modal learning is
described in detail.

Classification of depth images with End-to End CNN. Deep neural networks are special type of neural networks
with larger number of layers. They were used with big data to enhance the model performance in terms of
accuracy in various applications such as human activity recognition®, distortion classification®®, and pornog-
raphy detection®”. Convolutional neural network (CNN) was found to capture spatial correlations better than
fully connected layers of deep neural network (DNN) and thus it can give better performance in tasks of image
classification®®. In this paper, the End-to-End CNN was utilized for supervised feature learning to learn features
from depth images. The features were mapped to eleven categories.

For end-to-end CNN training, the images were resized to 224 x 224 and rescaled by dividing the pixels by
255.Various architectures were evaluated to select the optimal one with the best accuracy. Tables 1 and 2 show
the optimal architecture and hyperparameters of End-to-End CNN, respectively. The training set was divided
into two sets by 80/20 rule: 80% for training and 20% for validation (tuning hyperparameters and optimize the
architectures).

Transfer learning with residual network. The gradient vanishing and low accuracy are a common problem that
several very deep CNNs suffer from?. Residual Network (ResNet) which is a very deep CNN was found to
address this problem utilizing skip connections®. It consists of millions trainable parameters and a large num-
ber of layers such as 50, 101, and 152 layers. ResNet50 has lower number of layers with very high generalization
to extract very informative features from images that have not been trained on. Therefore, it has been used to
transfer learning between various domains. To achieve the optimal performance, ResNet50?® was trained on a
large-scale dataset such as ImageNet* that includes 1000 classes and 1.3 M images. After training, ResNet50 was
used as a pre-trained CNN to extract features from novel small or medium-scale datasets such as SPARK? In
this paper, ResNet50 was used to extract 2048 features from RGB images resized to 224 x 224 in SPARK dataset.
Support vector machine (SVM)* was added as a replacement of top layers to map features extracted from RGB
images to eleven categories.

Transfer learning with EfficientNet network. To scale models, an arbitrarily increasing of network depth and
width or applying larger resolution of input images are performed. However, these methods require manual
tuning to enhance the accuracy. Therefore, EfficientNet was found to achieve the higher accuracy on ImageNet
and faster inference than the existing CNNs* by balancing width, depth, and resolution. Various scaling archi-
tectures of EfficientNet such as B0, B1, B2, B3, B4, B5, B6, B7 have been demonstrated. Compared to others, Effi-
cientNetB7 was able to improve the accuracy largely with the cost of more FLOPS. In this paper, EfficieneNetB7
has been utilized to transfer learning from ImageNet domain® to space domain?. It was used to extract 2560
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Figure 1. (A) Few samples of RGB images with various object sizes and backgrounds from the spark dataset>’
including AcrimSat, Aquarius, Aura, Calipso, Cloudsat, CubeSat, Debris, Jason, Sentinel-6, Terra, and TRMM in
the rows 1,2,3,4,5,6,7,8,9,10, and 11 respectively. (B) Few samples of corresponding Depth images.

features from RGB images resized to 600 x 600 in SPARK dataset. Support vector machine (SVM)* was used to
replace top layers to map RGB features to eleven categories.
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Layer number | Layer type

1 Input Layer with 224 x 224 x 3 image resolution
2 Conv2D with 32 3 x 3 filters

3 ReLU activation

4 Conv2D with 64 3 x 3 filters

5 ReLU activation

6 Maxpooling with 3 x 3 pool size

7 Conv2D with 128 3 x 3 filters

8 ReLU activation

9 Maxpooling with 3 x 3 pool size

10 Conv2D with 256 3 x 3 filters

11 ReLU activation

12 Maxpooling with 3 x 3 pool size

13 Flatten Layer

14 Fully connected layers with 512 nodes
15 ReLU activation

16 Fully connected layers with 11 nodes
17 Softmax activation

Table 1. End-to-End CNN architecture.

Hyperparameter Value

Loss Function Categorical Crossentropy

Optimizer Adam

Reduce_Learning Rate_OnPlateau | Factor=0.2, min_LR = le-6, patience =2
Batch Size 32

Epochs 50

Table 2. End-to-End CNN hyperparameters.

Transfer learning with DenseNet network. Dense Convolutional Network (DenseNet) introduced direct con-
nections between any two layers with the same feature-map size*'. It is less prone to overfitting and improved the
accuracy with less computation. To achieve the optimal performance, DenseNet*! was trained on ImageNet™.
In this paper, DenseNet201 has been utilized because it can balance between low error and low parameters and
FLOPs. It was able to transfer learning from ImageNet domain to space domain. 1920 features were extracted by
DenseNet201 from RGB images resized to 224 x 224. Support vector machine (SVM)* was also utilized instead
of top layers to map RGB features to eleven categories.

Transfer learning with vision transformer. Inspired by Dosovitskiy et al.%, state-of-the-art deep learning model
called vision transformer was proposed for image classification in various tasks. The architecture of vision
transformer is very similar to laré%uage Transformer. In other words, a sequence of 2D patches is flattened in a
sequence of vectors x € RNV*(P “.C instead of a 1D sequence of language embeddings. The image is divided into
N = % number of patches with patch size (P, P). The patches are mapped to latent vectors with hidden size
D = 768. The output of this projection is called patch embeddings. To capture the order of patches and produce
a correct sequence of vectors, position embeddings E,os are added to patches. An extra learnable “classification
token” z) = Xjass is added to the sequence of embedded patches for classification purposes. The vectors are
applied to input of transformer encoder. The output of the transformer’s encoder (z°) represents the image®.

2
Z0 = [Xclasss x‘;E; x;E7 XII,\]E] + Epos; E, € R(P 'C)XD» Epos € R(N+1)XD (1)

where P = 16, W is the image width, H is the image height, C is the number of channels.

Figure 2 shows the architecture of transformer encoder with L blocks. Every block includes alternating lay-
ers of multi-head self-attention* and multi-layer perceptron blocks. The layer normalization** was added before
every block, and residual connections were added after every block®.

z] = MSA(LN (z1-1)) + z1-1 )

z1=MLP(LN(z)) + 7 3)
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Figure 2. Encoder Architecture’.

y =LN(z}) ()

where/ =1...L.

Usually, three datasets including ILSVRC-2012 ImageNet (1000 classes and 1.3 M images) and ImageNet-21 k
(21 k classes and 14 M images)*’, and JFT (18 k classes and 303 M images)*’ were used to train the vision trans-
former model. After that, it was fine-tuned on new target small or medium-scale dataset. In this paper, the
transformer pre-trained on imagenet21k and fine-tuned on imagenet2012 was used to transfer learning and
representation to space images that have space object such as spacecraft or debris. A space image consists of a
sequence of patches encoded as a set of words and applied to the encoder as shown in Fig. 3.

There are three types of models in vision transformer including Base, Large, and Huge®. The vision trans-
former model used in this paper is Base model which has 12 layers with 768 hidden size, 3072 MLP size, and 12
heads. The total number of parameters in this model is 86 M. The architecture and hyperparameters of vision
transformer are shown in Tables 3 and 4, respectively.

After training and fine-tuning, vision transformer was used as a pre-trained model to extract features from
novel small or medium-scale datasets such as SPARK?. In this paper, vision transformer was used to extract 768
features from RGB image. The images in SPARK dataset were resized to 384 x 384 pixels. Three fully connected
layers were added as shown in Table 3 as a replacement of top layers to map features extracted from RGB images
to eleven categories.

The proposed multi-modal learning. 'The proposed multi-modal learning was done to classify various space
objects such as spacecraft and debris. The proposed solution consists of two models. The first model is vision
transformer pre-trained on ImageNet 21 k dataset and fine-tuned on ImageNet 2012. The transformer was used
for feature extraction only without being fine-tuned with space images. Only top layers of transformer were
tuned with space RGB images to produce eleven categories. The second model is End-to-End CNN used to learn
features from depth images and map them to eleven categories. The proposed solution combines the previous
two models (vision transformer and End-to-End CNN) to make the final decision. The average decision block
was added to make the final decision regarding the final category. The block diagram of the proposed solution
is shown in Fig. 4.

The proposed solution was compared with various multi-modal learning methods that used only CNNS. The
methods consist of two models. The first model is deep CNN such as ResNet50, EfficientNetB7, or DenseNet201
pre-trained on ImageNet 2012. The pre-trained CNNs were used for feature extraction by freezing the backbone
and adding by support vector machine (SVM) classifier instead of top layers to be trained with space RGB images
to produce eleven categories. The second model is End-to-End CNN used to learn features from depth images
and map them to eleven categories. The average decision block was added to make the final decision regarding
the final category. The block diagram of CNN based multi-modal learning methods is shown in Fig. 4.
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Figure 3. The vision transformer architecture®.

Layer number | Layer type

vit_model with 12 layers

Fully connected layers with 512 nodes

ReLU activation

ReLU activation

Fully connected layers with 11 nodes

1
2
3
4 Fully connected layers with 512 nodes
5
6
7

Softmax activation

Table 3. Vision Transformer (vit) architecture.

Flatten The Extacted Image Patches

Hyperparameter Value

Loss Function Categorical Crossentropy
Optimizer Adam

Learning_rate le-3

Reduce_Learning Rate_OnPlateau | Factor=0.1, min_delta= le-4, patience=2

Batch Size 128

Epochs 15

Table 4. Vision Transformer hyperparameters.

Position + Patch
Embedding

* Extra Learnable
embedding [class]
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Figure 4. Illustration of the proposed multi-modal learning which combines vision transformer with End2End
CNN (on the left) and multi-modal learning which combines CNN + SVM with End2End CNN (on the right)
for spacecraft and debris classification.

Results and discussion

Experimental setup. The training, evaluation, and testing for the proposed multi-modal learning were
conducted using TensorFlow and Keras-vit frameworks and libraries. The ResNet50, DenseNet201, and Effi-
cientNetB7 were implemented on a NVIDIA GeForce GTX 1080 Ti GPU with 64 GB RAM and 12 GB GPU
RAM. On the other hand, vision transformer was trained on 4 x Nvidia Tesla V100 with 64 GB GPU RAM and
90 GB RAM. RGB input images were resized to 224 x 224 pixels in ResNet50, and DenseNet201. On the other
hand, they were resized to 600 x 600 and 384 x 384 in EfficientNetB7, and vision transformer, respectively. The
depth input images were resized to 224 x 224 and applied to each End-to-End CNN. For SVM, various values of
regularization parameters C and Kernel functions f were evaluated to find the best accuracy. The optimal values
were C=50, and f=polynomial.

Experimental results. In this section, the performance of proposed solution of multi-modal learning that
combines End-to-End CNN and vision transformer is evaluated. Moreover, the proposed solution is compared
with other CNN based multi-modal learning such as ResNet50, DenseNet201, and EfficientNetB7 combined to
End-to-End CNN.

To evaluate the classification performance, several performance metrics such as accuracy, precision, recall,
and F1 score were utilized. This section describes the performance metrics as follows:

1. Accuracy is a measure that calculates number of samples predicted correctly over all available samples.

TP + TN
TP + TN + FP + FN

Accuracy =

&)

2. Recall (Sensitivity) is a measure that calculates the proportion of actual positives that are identified correctly

Recall P (6)
ecall = ——
TP + FN
3. Precision (positive predictive value) is a measure that calculates the proportion of positive identifications
that are actually correct

. TP
Precision = ——— ™)
TP + FP
where TP: True Positive, TN: True Negative, FP: False Positive, FN: False Negative.
4. F1 score: This metric summarizes recall and precision in one term.

2 x precision x recall
Flscore =

precision + recall ®

The first experiment was conducted to compare between End-to-End CNN and a pre-trained DenseNet201
CNN + SVM models used for classification of depth images that have space objects. Table 5 shows recall, preci-
sion, and F1 score of End-to-End CNN for each class of eleven classes. The average of accuracy, recall, precision,
and F1 score were 70%, 70%, 69%, and 69%, respectively. End-to-End CNN was able to classify Cloudsat category
with F1 score of 52%. Additionally, Table 6 shows recall, precision, and F1 score of a pre-trained DenseNet201
CNN +SVM for each class of eleven classes. The average of accuracy, recall, precision, and F1 score were 68%,
67%, 68%, and 68%, respectively.

It is obvious that End-to-End CNN outperformed a pre-trained DenseNet201 CNN that was trained on
ImageNet by 2% of accuracy and 1% of F1 score using depth images. Therefore, End-to-End CNN was used to
classify depth images in all experiments related to multi-modal learning.
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Category Precision | Recall | Fl-score
AcrimSat 0.69 0.82 0.75
Aquarius 0.66 0.74 0.70
Aura 0.87 0.77 0.81
Calipso 0.59 0.51 0.55
Cloudsat 0.57 0.47 0.52
CubeSat 0.87 0.92 0.90
Debris 0.68 0.69 0.69
Jason 0.57 0.51 0.53
Sentinel-6 | 0.72 0.81 0.76
Terra 0.57 0.56 0.56
TRMM 0.84 0.87 0.86
Average 0.69 0.70 0.69

Table 5. Recall, precision, and F1-score of the End-to-End CNN with depth images.

Category Precision | Recall | Fl-score
AcrimSat 0.62 0.70 0.66
Aquarius 0.66 0.70 0.68
Aura 0.74 0.74 0.74
Calipso 0.65 0.59 0.62
Cloudsat 0.52 0.47 0.50
CubeSat 0.85 0.86 0.85
Debris 0.63 0.71 0.67
Jason 0.62 0.53 0.57
Sentinel-6 0.66 0.72 0.69
Terra 0.65 0.55 0.60
TRMM 0.89 0.84 0.87
Average 0.68 0.67 0.68

Table 6. Recall, precision, and F1-score of the DenseNet201 CNN +SVM with depth images.

The second experiment was carried out to compare between various pre-trained CNN models. The perfor-
mance of three pre-trained CNNs including ResNet50, DenseNet201, and EfficientNetB7 combined to SVM was
evaluated for classification of RGB images that have space objects. Both ResNet and EfficientNet were utilized in?
for space domain in three scenarios. They used small versions of these two models to reduce computation. We
implemented larger versions with the scenario of feature extraction by freezing the backbone and training only
the classifier in the top layers to compare with our proposed method. This scenario was selected because the pro-
posed solution of vision transformer was also used to extract features without tuning the backbone parameters.

Table 7 demonstrates recall, precision, and F1-score of the multi-modal learning that combines ResNet50-
SVM using RGB images and End-to-End CNN using depth images. The features extracted from RGB images in
ResNet50 CNN were not discriminative to recognize Cloudsat spacecraft. Therefore, the F1 score of this category
is so low (6%). On the other hand, End-to-End CNN was able to recognize features of Cloudsat with 52% F1
score. Therefore, the F1 score of this category was increased to 48% in multi-modal learning method. The average
of recall, precision, and F1 score were 79%, 81%, and 79%, respectively as shown in Table 7.

Table 8 demonstrates recall, precision, and F1-score of the multi-modal learning that combines DenseNet201-
SVM using RGB images and End-to-End CNN using depth images. The features extracted from RGB images in
DenseNet201 CNN were not able to recognize Cloudsat spacecraft with low F1 score of 8%. Therefore, the F1
score of this category was increased to 48% in multi-modal learning method. The average of recall, precision,
and F1 score were 80%, 82%, and 80%, respectively as shown in Table 8.

Table 9 shows recall, precision, and F1-score of the multi-modal learning that combines EfficientNetB7-SVM
using RGB images and End-to-End CNN using depth images. The features extracted from RGB images in Effi-
cientNetB7 CNN were better to recognize Cloudsat spacecraft than ones of ResNet50 and DenseNet201 but the
F1 score is still low (10%). Therefore, the F1 score of this category was increased to 48% in multi-modal learning
method. The average of recall, precision, and F1 score were 84%, 85%, and 83%, respectively as shown in Table 9.

In summary, multi-modal learning method that combined a pre-trained EfficientNetB7-SVM and End-to-End
CNN was found to outperform other methods that used other CNN models such as ResNet50 and DenseNet201
in terms of accuracy, precision, recall, and F1 score by 4%, 3%, 4%, and 3%, respectively. The superior perfor-
mance of EfficientNetB7 was shown in all categories in Table 9.

The third experiment was done to evaluate the proposed multi-modal learning solution which combines vision
transformer using RGB images and End-to-End CNN using depth images. Table 10 shows recall, precision, and
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Category Precision | Recall | Fl-score
AcrimSat 0.81 0.92 0.86
Aquarius 0.78 0.84 0.81
Aura 0.90 0.87 0.88
Calipso 0.78 0.76 0.77
Cloudsat 0.77 0.34 0.48
CubeSat 0.88 0.95 0.92
Debris 0.72 0.90 0.80
Jason 0.82 0.71 0.76
Sentinel-6 | 0.79 0.91 0.84
Terra 0.75 0.67 0.70
TRMM 0.86 0.80 0.83
Average 0.81 0.79 0.79

Table 7. Recall, precision, and F1-score of the multi-modal ResNet50 + End-to-End CNN.

Category Precision | Recall | Fl-score
AcrimSat 0.83 0.91 0.87
Aquarius 0.79 0.86 0.82
Aura 091 0.88 0.89
Calipso 0.78 0.77 0.78
Cloudsat 0.78 0.35 0.48
CubeSat 0.86 0.96 0.91
Debris 0.75 0.92 0.83
Jason 0.82 0.70 0.76
Sentinel-6 0.81 0.92 0.86
Terra 0.78 0.68 0.72
TRMM 0.86 0.82 0.84
Average 0.82 0.80 0.80

Table 8. Recall, precision, and F1-score of the multi-modal DenseNet201 + End-to-End CNN.

Category Precision | Recall | Fl-score
AcrimSat 0.87 0.96 091
Aquarius 0.88 0.81 0.85
Aura 0.94 0.93 0.94
Calipso 0.79 0.78 0.78
Cloudsat 0.83 0.33 0.48
CubeSat 0.91 0.96 0.93
Debris 0.81 0.96 0.87
Jason 0.87 0.77 0.82
Sentinel-6 0.86 0.96 0.90
Terra 0.77 0.82 0.79
TRMM 0.85 0.92 0.88
Average 0.85 0.84 0.83

Table 9. Recall, precision, and F1-score of the multi-modal EfficientNetB7 + End-to-End CNN.

F1-score of the proposed multi-modal learning. The features extracted from RGB images in vision transformer
were better to recognize Cloudsat spacecraft than ones of CNN based methods. The F1 score was improved to
17%. The average of recall, precision, and F1 score were 85%, 86%, and 84%, respectively as shown in Table 10.
The performance of vision transformer is shown for all categories in Table 10.

The results of third experiment showed that the multi-modal learning method that combines a pre-trained
vision transformer and End-to-End CNN outperformed all CNN based methods. First, it was found to outper-
form the method that used ResNet50 in terms of precision, recall, and F1 score by 5%, 6%, and 5% respectively.
Similarly, it outperformed the method that used DenseNet201 in terms of precision, recall, and F1 score by 4%,
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Category Precision | Recall | Fl-score
AcrimSat 0.82 0.97 0.89
Aquarius 0.87 0.89 0.88
Aura 0.94 0.91 0.92
Calipso 0.84 0.87 0.86
Cloudsat 0.86 0.30 0.45
CubeSat 0.84 0.98 0.91
Debris 0.83 0.95 0.88
Jason 0.88 0.81 0.85
Sentinel-6 | 0.87 0.94 0.90
Terra 0.78 0.80 0.79
TRMM 0.92 0.87 0.89
Average 0.86 0.85 0.84

Table 10. Recall, precision, and F1-score of the multi-modal vision transformer + End-to-End CNN.
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~ 20 63 3 2 o 27 19 56 12e+02 15 |-3500 ~- 24 65 2.2e+03 4 1 o 17 26 a1 1le+02 12
2000 - 2000

or m wmm w s 7w ame s ew [ el m wwm w m B s o es [mesl o«
T T eo0w . . . e 2 2 s w
w - 17e+02 64 56 24e+02  8.3e+02 15e+02  3.6e+02 14e+02 30 4e+02 7 [ « - 36e+02 63 1le+02 2e+02 24e+02  42e+02  2.7e+02 15e+02 2 5.5e+02 le+02

Figure 5. The confusion matrix of four multi-modal learning methods including (A) ResNet50, (B)

DenseNet201, (C) EfficientNetB7, (D) vision transformer, combined with End-to-End CNN.

5%, and 4% respectively. On the other hand, even the method that used EfficientNetB7 has shown superior

performance, vision transformer method increased each of precision, recall, and F1 score by 1%.

The confusion matrix of each multi-modal learning methods including CNN based methods and vision
transformer was shown in Fig. 5. The multi-class classification confusion matrix illustrates the number of correct
samples for each category in the main diagonal. The number of correctly predicted samples of Cloudsat category
was low in all methods. Vision transformer method was able to correctly predict 2000 Jason objects and 2200
Calipso objects which is better than other CNN based methods. On the other hand, EfficientNetB7 method
outperformed others by correctly predicting 2100 Terra objects and 4800 Debris objects.

The fourth experiment was conducted to compare the multi-modal learning with single-modal learning
including single ResNet50 CNN +SVM, single DenseNet201 CNN + SVM, single EfficientNetB7 CNN + SVM,
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Method Accuracy | Precision | Recall | Fl-score
DenseNet201—Depth 0.68 0.68 0.67 0.68
End2End CNN-Depth 0.70 0.69 0.70 0.69
ResNet50 CNN—RGB 0.72 0.76 0.70 0.69
EfficientNetB7 CNN—RGB 0.80 0.81 0.78 0.76
DenseNet201 CNN—RGB 0.74 0.77 0.72 0.70
Vision Transformer—RGB 0.81 0.83 0.80 0.78

Multi-modal

(ResNet50 and End2End CNN)? 080 081 A R
Multi-modal
(EfficientNetB7 and End2End CNN)? 085 085 084 |08
Multi-modal
(DenseNet201 and End2End CNN) 081 082 080|080
Multi-modal 0.85 0.86 0.85 0.84

(Vision Transformer and End2End CNN) (proposed)

Table 11. Comparison between various methods in terms of accuracy, recall, precision, and F1-score.
Significance values are in Bold.

and single vision transformer in terms of Accuracy, precision, recall, and F1 score as shown in Table 11. It is
obvious that the multi-modal learning was able to increase the correctly predicted samples by taking advantages
of both RGB based and Depth-based models. The ablation study was done to validate the significance of consider-
ing both RGB and depth images instead of only RGB images. In other words, adding End-to-End CNN to learn
features from depth images can increase the accuracy by 8%,7%, 5%, and 4% in multi-modal leaning methods
that used ResNet50, DenseNet201, EfficientNetB7, and vision transformer, respectively. Similarly, adding End-
to-End CNN for depth images increased F1 score by 10%,10%, 7%, and 6% in multi-modal leaning methods
that use ResNet50, DenseNet201, EfficientNetB7, and vision transformer, respectively.

In summary, multi-modal learning which is the main objective of this study has shown super performance in
space domain to classify space objects into eleven categories including spacecrafts and debris. The results showed
that both RGB and depth images are important to get more robust classification.

The advantages of the proposed solution are:

(1) The task is formulated as image classification. It can classify the space object directly from the captured
images without the need of complex localization or detection method. In other words, the proposed solu-
tion can focus the attention of model on object region of interest (ROI) inside the image and ignore irrel-
evant things in the background.

(2) The method is robust against highly noisy images and various object sizes. Additionally, it can perform
well in space missions that have various contents of backgrounds including black background, sparsely
illuminated stars in the background, Earth with oceans and clouds, and object with night side or day side
of Earth in the background.

Figures 6, 7, and 8 show class activation maps of a few samples that ResNet50, EfficientNetB7, and
DenseNet201 CNNs succeeded to focus attention on space objects. On the other hand, they also show class
activation maps of a few samples that CNNs failed to focus attention. It is clear that EfficientNetB7 was able to
focus attention on target objects that need to be classified more than other CNNs even if the backgrounds are
complex as shown in the last row. Additionally, DenseNet201 outperformed ResNet50 in several samples. The
fifth row show two samples that all CNNs failed to focus their attention on the target object. The objects were
surrounded by white boxes to visualize their locations clearly.

Figure 9 shows attention maps of a few samples that vision transformer succeeded to focus attention on
space objects. On the other hand, it also shows attention maps of a few samples that vision transformer failed
to focus attention.

Conclusion and future work

This paper proposed a novel solution to recognize space objects such as spacecraft and debris to enhance the
performance of SSA system. A multi-modal deep learning, including a vision transformer for RGB image clas-
sification and an End-to-End CNN for depth image classification, was trained and tested with a SPARK dataset to
classify eleven categories of space objects. Vision transformer was used to transfer representation from ImageNet
to space images and to extract features from RGB images. The fully connected top layers of vision transformer
were tuned to produce eleven probabilities of classes. At the same time, the depth images were applied to the
input of End-to-End CNN to learn features and map them to eleven class probabilities. The average decision block
was added to calculate the average of two sets of probabilities to make the final decision about object class. The
comparison between the proposed solution and existing CNN based models such as ResNet50, EfficieneNetB7,
and DenseNet201 was done. It was found that the proposed combination of RGB based vision transformer and
Depth-based End-to-End CNN showed higher performance and better results in terms of accuracy (85%),
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Original image Original image Activation Map

Activation Map

Figure 6. Class activation maps of a few samples that ResNet50 CNN Succeeded or failed to focus attention on
space objects.

precision (86%), recall (85%), and F1 score (84%). The outcome of this research work is a good feasible space
recognition model that can be utilized in real task of SSA system.

The limitation in the proposed solution is inability to recognize Cloudsat category well. This category was
misclassified as different categories. Additionally, the vision transformer was not able to focus attention on
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Original image Activation Map Original image Activation Map

Figure 7. Class activation maps of a few samples that EfficientNetB7 CNN Succeeded or failed to focus
attention on space objects.

several samples because it was utilized only to extract features from RGB images using parameters pre-trained
on ImageNet. In other words, only top layers of the transformer were tuned to fit the space images. In future, we
intend to enhance the performance by fine-tuning all layers of vision transformer with SPARK images to enhance
the attention maps and thus enhance the accuracy. Furthermore, this paper targets image classification task to
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Figure 8. Class activation maps of a few samples that DenseNet201 CNN Succeeded and failed to focus
attention on space objects.

classify the whole images applied to vision transformer. Hence, in the future, we plan to improve the recognition
performance of vision transformer by formulating the problem as object detection*. This plays a significant role
to find the object region of interest (ROI) before predicting the class which contributes to increase the accuracy.
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Figure 9. Attention maps of a few samples that vision transformer Succeeded (first five rows) and failed (last
row) to focus attention on space objects.

Data availability
You must include a Data Availability Statement in all submitted manuscripts (at the end of the main text, before
the References section); see ’Availability of materials and data’ section for more information.

Received: 16 September 2021; Accepted: 25 February 2022
Published online: 10 March 2022

References

1. Space Situational Awareness Programme, Accessed: 11 July 2021. [Online]. Available: https://en.wikipedia.org/wiki/Space_Situa
tional_Awareness_Programme

2. Musallam, M. A., & Allsmaeil, K. et al. SPARK: spacecraft recognition leveraging knowledge of space environment. http://arxiv.
org/abs/2104.05978, 2021.

3. SPARK challenge, Accessed: 11 July 2021. (Online). Available: https://2021.ieeeicip.org/ChallengeSessions.asp

Scientific Reports |  (2022) 12:3924 | https://doi.org/10.1038/s41598-022-07846-5 nature portfolio


https://en.wikipedia.org/wiki/Space_Situational_Awareness_Programme
https://en.wikipedia.org/wiki/Space_Situational_Awareness_Programme
http://arxiv.org/abs/2104.05978
http://arxiv.org/abs/2104.05978
https://2021.ieeeicip.org/ChallengeSessions.asp

www.nature.com/scientificreports/

4. Vaswani, A. et al. Attention Is All You Need. arXiv:1706.03762 [cs], Dec. 2017, Accessed: May 30, 2021. [Online]. Available: http://
arxiv.org/abs/1706.03762

5. Dosovitskiy, A., Beyer, L., Kolesnikov, A., Weissenborn, D., Zhai, X, Unterthiner, T., Dehghani, M., Minderer, M., Heigold, G.,
Gelly, S., Uszkoreit, J., & Houlsby, N. An image is worth 16x16 words: Transformers for image recognition at scale. ICLR, 2021.

6. Khan, S., Naseer, M., Hayat, M., Zamir, S. W,, Khan, E. S., & Shah, M. Transformers in vision: A survey. arXiv preprint
arXiv:2101.01169, 2021. 3

7. Carion, N., Massa, E, Synnaeve, G., Usunier, N., Kirillov, A., & Zagoruyko, S. End-to-end object detection with transformers. arXiv
preprint arXiv:2005.12872, 2020

8. Ye, L., Rochan, M,, Liu, Z., & Wang, Y. Cross-modal self-attention network for referring image segmentation. In: CVPR, 2019.

9. Jiang, Y., Chang, S., & Wang, Z. Transgan: Two transformers can make one strong gan. (2021).

10. Kumar, M., Weissenborn, D., & Kalchbrenner, N. Colorization transformer. In: ICLR (2021).

11. Lee, ], Lee, Y., Kim, J., Kosiorek, A., Choi, S., & Teh, Y. W. Set transformer: A framework for attention-based permutationinvariant
neural networks. In: ICML (2019).

12. Guo, M.-H,, Cai, J.-X,, Liu, Z.-N., Mu, T.-J., Martin, R. R., & Hu, S.-M. PCT: Point cloud transformer. arXiv preprint
arXiv:2012.09688 (2020).

13. Strube, M. et al. Raven: An on-orbit relative navigation demonstration using international space station visiting vehicles. Adv.
Astronaut. Sci. Guid. Navig. Control 154, 1 (2015).

14. Yol, A., Marchand, E., Chaumette, E,, Kanani, K., & Chabot, T. Vision-based navigation in low earth orbit. In: i-SAIRAS’16 (2016).

15. Chabot, T., & Kanani, K., et al. Vision-based navigation experiment onboard the removedebris mission. In: 10th Int. ESA Confer-
ence on GNC Systems (2017).

16. Forshaw, J. L., Aglietti, G. S., Navarathinam, N., Kadhem, H., Salmon, T., Pisseloup, A., Joffre, E., Chabot, T, Retat, I., Axthelm,
R, et al. Removedebris: An in-orbit active debris removal demonstration mission Acta Astronautica 127:448-463 (2016).

17. Opromolla, R. et al. Uncooperative pose estimation with a lidar-based system. Acta Astronaut. 110, 287-297 (2015).

18. Garcia, A., Musallam, M. A, et al. LSPnet: A 2D Localization-oriented Spacecraft Pose Estimation Neural Network.
arXiv:2104.09248 (2021).

19. Naasz, B. J. et al. The HST SM4 relative navigation sensor system: Overview and preliminary testing results from the flight robotics
lab. J. Astronaut. Sci. 57, 457-483 (2009).

20. Du, X, Liang, B., Xu, W. & Qiu, Y. Pose measurement of large non-cooperative satellite based on collaborative cameras. Acta
Astronaut. 68, 2047-2065 (2011).

21. Shi, J., Ulrich, S., & Ruel, S. Spacecraft Pose Estimation using Principal Component Analysis and a Monocular Camera. In: ATAA
Guidance, Navigation, and Control Conference, 2017.

22. Sharma, S. & D’Amico, S. Neural network-based pose estimation for noncooperative spacecraft rendezvous. IEEE Trans. Aerosp.
Electron. Syst. 56, 1 (2020).

23. Proenga, P. F. & Gao, Y. Deep Learning for Spacecraft Pose Estimation from Photorealistic Rendering. In IEEE International
Conference on Robotics and Automation (ICRA) (2020).

24. Szegedy, C., Liu, Jia, Y., Sermanet, P, Reed, S., Anguelov, D., Erhan, D., Vanhoucke, V., & Rabinovich, A. Going Deeper with
Convolutions. In IEEE Conference on Computer Vision and Pattern Recognition (CVPR) (2015).

25. Phisannupawong, T., Kamsing, P,, et al. Vision-Based Spacecraft Pose Estimation via a Deep Convolutional Neural Network for
Noncooperative Docking Operations. Aerospace (2020).

26. Simonyan, K., & Zisserman, A. Very Deep Convolutional Networks for Large-Scale Image Recognition. International Conference
on Learning Representations (ICLR) (2015).

27. Sonawani, S., Alimo, R., et al. Assistive Relative Pose Estimation for On-Orbit Assembly using Convolutional Neural Networks.
arXiv:2001.10673, 2020.

28. He, K., Zhang, X, Ren, S., & Sun, J. Deep Residual Learning for Image Recognition. In IEEE CVPR, 2016.

29. Proenc,a, P. E, & Gao, Y. Deep learning for spacecraft pose estimation from photorealistic rendering. In 2020 IEEE Int. Conf. on
Robotics and Automation (ICRA) (2020).

30. Kisantal, M., Sharma, S., Park, T. H., Izzo, D., Martens, M., & D’Amico, S. Satellite pose estimation challenge: Dataset,competition
design and results. IEEE Trans. Aerosp. Electron. Syst. (2020).

31. “Pose estimation challenge,” https://kelvins.esa.int/satellite-pose-estimation-challenge/.

32. Unity3d, Accessed: 10, July, 2021 [Online]. Available: https://unity.com/

33. Tan, M, & Le, Q. V. Efficientnet: Rethinking Model Scaling for Convolutional Neural Networks. arXiv:1905.11946, 2020.

34. Nasa 3d resources, Accessed: 10, July 2021 [Online]. Available: https://nasa3d.arc. nasa.gov/

35. AlDahoul, N,, Sabri, A. Q. M. & Mansoor, A. M. Real-time human detection for aerial captured video sequences via deep models.
Comput. Intell. Neurosci. 2018, 14. https://doi.org/10.1155/2018/1639561 (2018).

36. AlDahoul, N., Karim, H. A., Tan, M. J. T. & Fermin, J. L. Transfer learning and decision fusion for real time distortion classification
in laparoscopic videos. In IEEE Access. https://doi.org/10.1109/ACCESS.2021.3105454.

37. Aldahoul, N. et al. An Evaluation of Traditional and CNN-Based Feature Descriptors for Cartoon Pornography Detection. [EEE
Access 9, 39910-39925. https://doi.org/10.1109/ACCESS.2021.3064392 (2021).

38. Lecun, Y., Bottou, L., Bengio, Y. & Haffner, P. Gradient-based learning applied to document recognition. Proc. IEEE 86(11),
2278-2324 (2002).

39. Deng, J., Dong, W,, Socher, R., Li, L.-J., Li, K., & Fei-Fei, L. TmageNet: A large-scale hierarchical image database. In Proc. IEEE
Conf. Comput. Vis. Pattern Recognit., pp. 248-255. https://doi.org/10.1109/cvpr.2009.5206848. (2009)

40. Hearst, M. A., Dumais, S. T., Osuna, E., Platt, J. & Scholkopf, B. Support vector machines. IEEE Intell. Syst. their Appl. 13(4), 18-28
(1998).

41. Huang, G,, Liu, Z., Van Der Maaten, L., & Weinberger, K. Densely Connected Convolutional Networks. In 2017 IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), Honolulu, HI, USA, 2017 pp. 2261-2269. https://doi.org/10.1109/CVPR.
2017.243

42. Ba,]. L., Kiros, J. R., & Hinton, G. E. Layer Normalization. arXiv:1607.06450 [cs, stat], Jul. 2016, Accessed: Jun. 30, 2021. [Online].
Available: http://arxiv.org/abs/1607.06450

43. Sun, C,, Shrivastava, A., Singh, S. & Gupta, A. Revisiting Unreasonable Effectiveness of Data in Deep Learning Era. IEEE Int. Conf.
Comput. Vis. (ICCV) 2017, 843-852. https://doi.org/10.1109/ICCV.2017.97 (2017).

44. AlDahoul, N., Karim, H. A. & Momo, M. A. RGB-D Based Multimodal Convolutional Neural Networks for Spacecraft Recogni-
tion. IEEE International Conference on Image Processing Challenges (ICIPC) 2021, 1-5. https://doi.org/10.1109/ICIPC53495.2021.
9620192 (2021).

Acknowledgements

The SPARK dataset used in this work was proposed in ICIP2021 challenge. Thanks to University of Luxembourg
and LMO for sharing their dataset.

Scientific Reports |

(2022) 12:3924 | https://doi.org/10.1038/s41598-022-07846-5 nature portfolio


http://arxiv.org/abs/1706.03762
http://arxiv.org/abs/1706.03762
https://kelvins.esa.int/satellite-pose-estimation-challenge/
https://unity.com/
https://nasa3d.arc
https://doi.org/10.1155/2018/1639561
https://doi.org/10.1109/ACCESS.2021.3105454
https://doi.org/10.1109/ACCESS.2021.3064392
https://doi.org/10.1109/cvpr.2009.5206848
https://doi.org/10.1109/CVPR.2017.243
https://doi.org/10.1109/CVPR.2017.243
http://arxiv.org/abs/1607.06450
https://doi.org/10.1109/ICCV.2017.97
https://doi.org/10.1109/ICIPC53495.2021.9620192
https://doi.org/10.1109/ICIPC53495.2021.9620192

www.nature.com/scientificreports/

Author contributions

Conceptualization by N.A.; Data Curation by N.A.; Formal Analysis by N.A., H.A.K., M.A.M.; Funding Acqui-
sition by H.A.K.; Investigation by N.A.; Methodology by N.A.; Project Administration by H.A.K.; Software by
N.A., M.A.M.; Validation by N.A.; Visualization by N.A., M.A.M.; Writing - Original Draft Preparation by N.A;
Writing - Review & Editing by N.A., H. A.K.

Funding

This research project was funded by Multimedia University, Malaysia.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to N.A.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports |  (2022) 12:3924 | https://doi.org/10.1038/s41598-022-07846-5 nature portfolio


www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	RGB-D based multi-modal deep learning for spacecraft and debris recognition
	Related work
	Materials and methods
	Datasets overview. 
	The proposed solution. 
	Classification of depth images with End-to End CNN. 
	Transfer learning with residual network. 
	Transfer learning with EfficientNet network. 
	Transfer learning with DenseNet network. 
	Transfer learning with vision transformer. 
	The proposed multi-modal learning. 


	Results and discussion
	Experimental setup. 
	Experimental results. 

	Conclusion and future work
	References
	Acknowledgements


