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Abstract

The increasing adoption of satellite internet with low-Earth-orbit (LEO) satellites in mega-
constellations provides ubiquitous connectivity to rural and remote areas. At the same
time, the numerous space objects, dynamic space environment, complex atmospheric con-
ditions, and system vulnerability to weather conditions have brought two critical challenges
to maintaining space sustainability and resilient satellite internet: the first challenge is to
detect space objects timely and effectively and the second challenge is to detect adverse
weather conditions which disrupt the space-ground link conditions between LEO satellites
and ground stations.

This paper addresses the first challenge by proposing four new deep learning (DL)
models, GELAN-ViT, GELAN-ViT-Reduced, GELAN-RepViT-Extended, and GELAN-
RepViT, incorporating a Vision Transformer (ViT) into the Generalized Efficient Layer
Aggregation Network (GELAN) architecture. These models outperform the state-of-the-
art YOLOv9-t in terms of mean average precision (mAP) and computational costs.

This paper addresses the second challenge by proposing an efficient transfer learning
(TL) method that can enable a ground component to locally detect representative weather-
related conditions. The method can detect snow, wet, and other conditions resulting from
adverse and typical weather events and shows superior performance compared to the typical
DL methods, such as YOLOv7, YOLOv9, Faster R-CNN, and R-YOLO. Our TL method
also shows the advantage of being generalizable to various scenarios.
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Chapter 1

Introduction

Advancements in technology have enabled machines to interpret visual data with unprece-
dented accuracy, paving the way for computer vision (CV) applications in satellite opera-
tions. CV is a field of artificial intelligence focused on enabling computers to understand
and process visual information from the world, encompassing key tasks such as image
classification, object detection, and object segmentation. Image classification involves as-
signing labels or categories to images or objects within images. Object detection identifies
objects and determines their locations within the image. Object segmentation provides
pixel-level detail by partitioning an image into regions, enabling tasks of terrain mapping.

With the rapid increase of advanced low-Earth-orbit (LEO) satellites in large constel-
lations, space assets are set to play a crucial role in the future, providing global internet
access and space relay systems for deep space missions. However, managing thousands of
LEO satellites while ensuring safe operations, space sustainability, and space situational
awareness is becoming a significant challenge. For example, the increasing risk of colli-
sions between LEO satellites and space objects can cause a significant amount of space
debris of various sizes and threaten the safe operations of spacecraft and the space envi-
ronment. Additionally, the performance of satellite internet systems is highly dependent
on weather conditions, which can disrupt the operations of ground components critical to
these networks, including antennas at emerging ground stations and user terminals.

A key challenge toward a sustainable satellite internet system is the lack of satellite
object detection (SOD) solution for collision assessment and avoidance. In this case, satel-
lites, particularly LEO satellites, should be able to efficiently detect other satellite objects
within a certain field of view with high precision and low latency. In addition, considering
the constrained hardware capacity and energy on an LEO satellite, the SOD task needs to
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be as resource-efficient as possible. Currently, there is no good solution to this challenge.
Despite the ease of manipulation and management, ground radar or laser telescope facili-
ties for satellite tracking require some tolerance of latency introduced by the contact times
and the transmission of the detection results, not to mention the high cost of the facilities.
The Light Detection and Ranging (LiDAR) sensors have a limited detection range and are
susceptible to atmospheric conditions, so ground detection using current LiDAR sensors
is hardly feasible. Therefore, to reduce the latency of SOD tasks, we need onboard solu-
tions on the satellites so they can detect the objects individually. Such onboard sensing is
expected to produce results in near real-time. This leads to the question of what sensing
mechanism is suitable for small satellite platforms, which has not been answered yet.

Another critical aspect to consider is resilience. A key challenge to a resilient satel-
lite internet system is that it is vulnerable to weather conditions that can disturb the
performance and operations of ground components essential for satellite internet, such as
satellite antennas used by emerging ground stations and user terminals. These disruptions
can significantly affect the uplinks and downlinks essential for satellite internet. This issue
is evident in recent studies [21, 12], where weather conditions such as rain and snow are
identified to have a significant impact on the performance of the LEO satellite network. For
example, rain and snow events can attenuate radiofrequency signals in the Ka/Ku bands
used on advanced LEO satellites for ground-space links and cause increased failure rates
[21]. General weather forecasts are not sufficient for inferring specific conditions affecting
ground components because weather events can lead to complex and varied conditions on
these components. A CV-based sensing solution shows great promise for detecting and rec-
ognizing the specific conditions of ground components. However, how to design an efficient
and generalizable method and apply it to essential ground components, such as satellite
antennas, has not been addressed in the literature.

This paper addresses these two critical challenges by leveraging machine learning (ML)
techniques. Chapter 2 focuses on the design and evaluation of ML models specifically
tailored for satellite object detection, addressing the need for precise and efficient collision
assessment and avoidance. Chapter 3 examines the impact of weather-related disruptions
on satellite-ground communications, introducing a transfer learning (TL)-based approach
to ensure reliable connectivity under adverse conditions. Together, these contributions aim
to advance the capabilities of LEO satellite networks, addressing key challenges to their
sustainable and resilient operation.

The results presented in this paper have been disseminated through peer-reviewed pub-
lications. Chapter 2 is based on work published in [36], and Chapter 3 is based on work
published in [35].
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Chapter 2

Sensing for Space Safety and
Sustainability: A Deep Learning
Approach with Vision Transformers

2.1 Background

Traditional sensing technologies for SOD, such as radar and LiDAR sensors, are not ef-
ficient for low-Earth orbit (LEO) satellites due to their high power consumption, which
can take up to 45% of a satellite’s power budget. Vision sensors can generally provide
cost-effective solutions with low power consumption. However, their effectiveness has not
been fully explored for SOD tasks. The popular object detection models, such as You
Only Look Once (YOLO) based models [8, 29, 30], Vision Transformer (ViT) based mod-
els [18, 3], focus on the regular detection tasks, and how they perform in SOD tasks is
unknown. These models face different limitations when applied to SOD tasks. CNN-based
models, such as YOLO, struggle to detect small satellites due to their inability to cap-
ture the surrounding context. ViT models are capable of capturing global context but
require significant computational resources. When computational resources are limited,
the performance of ViT models degrades significantly. In this section, we aim to provide
an in-depth discussion on the effectiveness of employing vision sensors with CV capability
for SOD tasks based on the state-of-the-art and our proposed deep learning (DL) models:
GELAN-ViT, GELAN-ViT-Reduced, GELAN-RepViT-Extended, and GELAN-RepViT.
Specifically, our proposed models are based on ViT and the Generalized Efficient Layer
Aggregation Network (GELAN) architecture in YOLOv9 [30] and consistently show supe-
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rior performance in the SOD tasks. We discuss the strengths of each model and detail how
their architecture contributes to improving performance, reducing computational costs,
and enhancing precision in detecting small satellites in SOD. Additionally, we showcase
the generalizability of our models using the Visual Object Classes (VOC) 2012 dataset.

In the domain of CV, object detection has been an important driving force behind
many significant advancements. Convolutional Neural Network (CNN) based detectors are
the most widely used in CV, where they excel at capturing the local details. An example
of CNN-based detectors is the YOLO series, which is known for its balance between speed
and accuracy in real-time applications. YOLOv9 builds upon the GELAN architecture and
Programmable Gradient Information (PGI), where GELAN enhances feature aggregation
across different layers, and PGI mitigates information loss within the network. As a result,
YOLOv9 is expected to excel in complex scenarios where preserving information is key to
improving prediction accuracy. YOLOv7 [29] excels in detection speed and accuracy for
simpler tasks, but its performance may decline in complex object detection tasks due to
its simpler architecture. YOLOv7 is effective in scenarios where high-speed inference is
required without significantly sacrificing accuracy.

Despite the strengths of CNN-based models, a study by Jiaxu et al. [13] suggests that
these models often struggle with small object detection, largely due to their limited ability
to capture global dependencies. Small objects often occupy only a few pixels, making it dif-
ficult for CNNs to utilize minimal local features for accurate detection. Several approaches
have been proposed to mitigate this issue. For example, Feature Pyramid Network (FPN)
[15] aims to address the challenge by merging feature maps from different layers of the
network, combining low-resolution features from deeper layers with high-resolution fea-
tures from shallower layers. Other approaches, such as increasing the resolution of feature
maps as in [5], have also improved small object detection. However, despite these efforts,
CNN-based models still struggle with small object detection due to their natural focus on
local features.

ViTs have introduced a new path in CV by capturing global dependencies within images
using self-attention mechanisms [6]. Unlike CNNs, which excel at local feature extraction,
ViTs are adept at modeling long-range relationships of objects within an image. Models
such as YOLOX-ViT [3] and MobileViT [18] attempt to combine the strengths of CNNs and
ViTs by integrating transformer layers into CNN architectures to improve both detection
accuracy and computational efficiency.

As suggested by Rekavandi et al. [24], ViTs have shown success in addressing the limi-
tations of CNNs in small object detection tasks. With their global attention mechanisms,
ViTs can capture the surrounding context of objects and model long-range dependencies,
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performing well in identifying small objects, even when local features are insufficient. How-
ever, ViTs face challenges in terms of computational complexity and their need for large
training data. As noted in [6], ViTs also lack the inductive biases that CNNs possess, such
as translation invariance and local feature extraction, making them less efficient in captur-
ing fine local details. Given the limitations of both CNNs and ViTs, fusing the two allows
the model to leverage the strengths and overcome the weaknesses of both approaches.

Previous approaches to integrating CNNs and ViTs, such as YOLOX-ViT and Mobile-
ViT, have limitations. These models do not separate local and global feature extraction
processes, but they combine them within the same pathways. This can lead to information
interference and loss, as the capacity of each layer is stretched to handle both types of
features simultaneously. This issue is particularly problematic in complex detection tasks,
where balancing detailed local information with a broader global context is crucial.

In this chapter, we will introduce models that incorporate ViT into the GELAN archi-
tecture and address the limitations by separating the CNN and ViT paths, allowing each
to specialize in their strengths. This mitigates the risk of information loss and optimizes
feature extraction. The following section provides an overview of our system model, ex-
plaining how we separate these feature extraction processes and detailing the architecture
of our proposed models.

2.2 System Model

2.2.1 Overview

Our work focuses on enhancing the performance of GELAN by addressing the inefficiencies
caused by combining local features (Fl) and global features (Fg) within the same pathway.
Previous work has shown that when Fl and Fg are processed together, they compete for
limited neural resources, decreasing performance. This issue arises from the information
bottleneck principle, which states that neural networks have a finite capacity for transmit-
ting information [27]. When both feature types are forced to share the same pathway, the
network’s capacity must be divided between them, limiting the amount of information that
can be retained for both local and global features as shown in (2.1):

Ctotal = C(Fl) + C(Fg) (2.1)

• C(Fl) represents the capacity allocated to local features,
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• C(Fg) represents the capacity allocated to global features.

In this setup, the network may have trouble balancing Fl and Fg, leading to inefficient
learning and potential information loss. This bottleneck can limit the model’s ability to
optimize both feature types. To address this, we separate the local and global feature
extraction processes into distinct paths, allowing each to specialize in learning its feature
type without interference. This separation ensures that local and global features do not
compete for the same neural resources, which increases the model’s capacity to process
and retain more information as shown in (2.2):

Clocal = C(Fl), Cglobal = C(Fg) (2.2)

By removing the competition between local and global features, the model can retain
and utilize more information from both feature types, allowing for more contextually in-
formed predictions. We hypothesize that this separation increases the model’s ability to
retain critical information, resulting in better object detection performance.

2.2.2 Model Architecture

To address the issues caused by combining local and global feature extraction in the
same pathway, we propose four novel architectures: GELAN-ViT, GELAN-ViT-Reduced,
GELAN-RepViT-Extended, and GELAN-RepViT. All our proposed models follow the
GELAN architecture, which comprises multiple modular blocks known as AnyBlock mod-
ules. These AnyBlock modules allow for integrating various computational blocks within
the network, enhancing its adaptability and performance.

We have based our models on the Reduced-GELAN-s model, a scaled-down version of
the original GELAN-s architecture with the number of neurons in each layer reduced to 25%
to lower computational complexity. We selected GELAN-s based on our experience and
scaled it down to balance computational efficiency and model performance. By reducing the
number of neurons, the architecture lowers computational requirements, creating room for
additional ViT integration and making the model less memory-intensive while maintaining
its core functionality.

By incorporating ViT into the Reduced-GELAN-s backbone, our proposed models cap-
ture global features while retaining the CNN-based architecture for local feature extraction.
While ViT effectively captures global features, incorporating it directly into the body of
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Figure 2.1: Architectures of the proposed models.

the network would mix global and local feature extraction within the same pathway, po-
tentially leading to information interference. Additionally, ViT’s self-attention mechanism
is computationally expensive, and integrating it into the body would further increase com-
putational complexity. Through extensive experimentation, we found that placing ViT
parallel to the CNN head of the GELAN best balances computational efficiency and de-
tection accuracy.

GELAN-ViT

The GELAN-ViT architecture, shown in Fig. 2.1(a), builds upon the Reduced-GELAN-s
model by directly integrating core ViT components, including CLS embeddings, positional
encodings, and a transformer encoder. The transformer encoder processes the output from
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the last layer of the GELAN-s backbone, leveraging spatial information about object rela-
tionships provided by the CLS embeddings and positional encodings. The global features
extracted by the ViT path are merged with the CNN-based features within YOLOv9’s
DDetect layer to enhance detection performance.

To simplify the architecture and improve computational efficiency, we introduce the
GELAN-ViT-Reduced model shown in Fig. 2.1(b), where one detection head is removed.

As shown in Fig. 2.1(a) and Fig. 2.1(b), the ViT path runs parallel to the original
CNN-based local feature extraction path in both models. The outputs of both paths are
combined in the detection layers to produce the final object detection predictions.

GELAN-RepViT-Extended

The GELAN-RepViT-Extended architecture, depicted in Fig. 2.1(c), extends the Reduced-
GELAN-s model by adding a branch that integrates RepNCSPELAN4 ViT, an enhanced
version of RepNCSPELAN4 augmented with ViT encoder layers, as proposed by Aubard
et al. [3].

The GELAN-RepViT architecture, shown in Fig. 2.1(d), is a streamlined version of
the GELAN-RepViT-Extended model, with one detection head removed to simplify the
architecture.

As shown in Fig. 2.1(c) and Fig. 2.1(d), the RepNCSPELAN4 ViT block operates in
parallel with the local feature extraction path. The global features extracted from the ViT
branch are passed through additional Upsample layers before merging with the CNN-based
features using YOLOv9’s DDetect layer.

2.3 Experiments

2.3.1 Overview

In the experiments, we compared our proposed model with GELAN-t [30], YOLOv9-t
[30], YOLOv7-t [29], YOLOX-s [8], YOLOX-ViT-s [3], and MobileViT [18] (with width
multiplier of 0.5) using the SOD and VOC 2012 datasets. The experiments were performed
on a High-Performance Computing (HPC) cluster with an NVIDIA V100 16 GB GPU for
training and testing. We trained each model for 1000 epochs. To measure computational
efficiency, we utilized the seff command to monitor memory usage and the thop library
to calculate the GFLOPs and model parameters.
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In addition to the HPC environment, we evaluated model performance on a Jetson Nano
Orin Developer Kit to understand the real-time applicability of a mini-computer. We used
the tegrastats tool to track memory usage and the CPU and GPU power consumption,
allowing us to capture resource usage continuously throughout each run. We collected
these logs during each inference session, calculating both the mean and peak memory
usage for each run. Then, we averaged these mean and peak values across multiple runs
to generate the final results, resulting in a representative metric and its corresponding
confidence interval for each model tested.

We recorded baseline memory usage before running any model inference and subtracted
this baseline from the mean and peak usage captured during each run. This adjustment
excluded memory consumption attributable to the operating system and background pro-
cesses, ensuring that the reported metrics reflect only the memory usage and power con-
sumption specifically required by each model.

The results presented in this section are averaged over 25 consecutive runs. The first
five runs were discarded to minimize the impact of resource allocation times, leaving the
average calculated from the remaining 20 runs. The experiments are conducted with an
image resolution of 640 px × 640 px for the SOD Dataset (SODD) and 320 px × 320 px
for the VOC 2012 dataset. The SODD is tailored for SOD tasks involving LEO satellites,
focusing on satellite object classes and celestial bodies. In contrast, the VOC 2012 dataset
serves as a well-established benchmark for general object detection tasks, containing 20
distinct object classes. The inference time, memory usage, and power consumption are
collected using the batch size of one to simulate real-time object detection scenarios where
images are processed individually.

The results in Table 1 provide a comparative analysis of our proposed models, including
GELAN-ViT, GELAN-ViT-Reduced, GELAN-RepViT-Extended, and GELAN-RepViT,
against state-of-the-art object detection models across the SOD and VOC 2012 datasets.
Our models demonstrate competitive performance with leading models in terms of mean
Average Precision (mAP), specifically mAP at a 50% IoU threshold (mAP50) and mAP
across a range of 50% to 95% IoU (mAP50:95). All proposed models show a marked
reduction in computational complexity, measured in GFLOPs. Among these, GELAN-
ViT achieves the best results on the SODD, while GELAN-RepViT demonstrates superior
performance on the VOC 2012 dataset.
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(a) Earth is visible in a bright environment,
with two satellites visible.

(b) The Moon is visible in a dark environ-
ment with Earth partially illuminated.

(c) The Sun is visible, introducing bright-
ness into the scene, with Earth also visible.

(d) Two satellites in view, one being a small
object blending into the starry background.

Figure 2.2: Sample images from the SODD demonstrating differences in lighting conditions
and visibility of celestial bodies such as the Earth, Moon, and Sun.

2.3.2 Dataset

The SODD is specified for satellite-based object detection tasks. It includes images from
three satellites, each providing diverse perspectives and environmental conditions, including
celestial bodies of the Moon, Sun, and Earth. Fig. 2.2(a) is an example where we
can observe Earth with two satellites in view. Fig. 2.2(b) captures the Moon in a
dark environment, with Earth and the satellite illuminated against a dim background.
Meanwhile, Fig. 2.2(c) shows the Sun visible, with Earth and the satellite in a relatively
dimmer, less bright background. Fig. 2.2(d) shows Earth with two satellites in view, one
of which is a small object blending into the starry background, highlighting the challenge
of small object detection in SOD.

The VOC 2012 dataset, on the other hand, is widely used for standard object de-
tection tasks in CV. It contains images of everyday objects captured from ground-level
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Figure 2.3: Sample images from the VOC 2012 dataset featuring 20 object classes such as
animals, vehicles, and household items.

perspectives. The dataset features a diverse range of 20 object classes, such as animals,
vehicles and people, as shown in Fig. 2.3. The VOC dataset is more complex compared
to the SODD, as it presents a greater range of object types, environments, and visual
characteristics that challenge how detection models handle effectively.

2.3.3 Evaluation Metrics

Our evaluation strategy focuses on key metrics in object detection tasks with regard to
Intersection over Union (IoU), specifically mAP50 and mAP50:95. The metrics we use are
defined below.

• Average Precision at a i% IoU threshold (APi): Average Precision at IoU
threshold i is calculated as the area under the precision-recall curve for IoU threshold
i (pi(r)).

APi =

∫ 1

0

pi(r) dr

• mAP50: This is the average of AP50 across all the classes C:

mAP50 =
1

C

C∑
i=1

AP50,i
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Table 2.1: Comparison of different models on SODD and VOC 2012 datasets.

Model Dataset mAP50 mAP50:95 GFLOPs Parameters
GELAN-t [30] SODD 0.944 0.802 7.3 1,878,819
YOLOv9-t [30] SODD 0.951 0.830 10.7 2,659,286
GELAN-ViT SODD 0.947 0.815 5.7 7,327,012
GELAN-ViT-Reduced SODD 0.952 0.818 5.4 7,035,043
GELAN-RepViT SODD 0.950 0.836 5.2 1,247,811
GELAN-RepViT-Extended SODD 0.944 0.818 5.4 1,559,644
YOLOv7-t [29] SODD 0.956 0.759 13.0 6,007,596
YOLOX-s [8] SODD 0.858 0.584 15.2 5,032,866
YOLOX-ViT-s [3] SODD 0.847 0.575 15.1 4,884,834
MobileViT [18] SODD 0.624 0.449 6.3 1,189,706
GELAN-t [30] VOC 2012 0.605 0.440 7.4 1,917,148
YOLOv9-t [30] VOC 2012 0.606 0.446 11.1 2,666,696
GELAN-ViT VOC 2012 0.619 0.460 5.9 7,350,024
GELAN-ViT-Reduced VOC 2012 0.607 0.441 5.7 7,053,620
GELAN-RepViT VOC 2012 0.602 0.439 5.2 1,268,180
GELAN-RepViT-Extended VOC 2012 0.604 0.435 5.4 1,564,568
YOLOv7-t [29] VOC 2012 0.589 0.390 13.3 6,066,402
YOLOX-s [8] VOC 2012 0.585 0.351 15.3 5,038,395
YOLOX-ViT-s [3] VOC 2012 0.565 0.340 15.1 4,890,363
MobileViT [18] VOC 2012 0.535 0.374 6.3 1,194,589

where AP50,i represents the AP50 for class i.

• mAP50:95: This value is averaged across all the classes C:

mAP50 : 95 =
1

C

C∑
i=1

(
1

10

10∑
j=1

AP50+5(j−1),i

)

2.3.4 Hyperparameters

Some hyperparameters were adjusted for the training of the evaluated models. These
adjustments were made manually to achieve faster convergence and obtain meaningful
results within 1000 epochs without advanced hyperparameter optimization techniques.

• Learning Rate (Initial, Final): The initial learning rate was set at 0.01, with a
final learning rate of 0.1 using the OneCycleLR policy.
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• Loss Gains:

– Box Loss Gain: Set to 0.05, this parameter controls the weight of the bounding
box regression loss.

– Classification Loss Gain: Set to 0.5, this parameter controls the importance
placed on the accuracy of classifying objects within the bounding boxes.

– Objectness Loss Gain: Set to 1.0, this parameter controls the emphasis on
detecting the presence of objects within predicted bounding boxes.

• Data Augmentation:

– HSV-Saturation: Set to 0.7, this parameter controls the variation in color
saturation within training images.

– HSV-Value: Set to 0.4, this parameter controls the brightness of images.

– Scale Augmentation: Set to 0.5, this parameter controls the scaling of images
during training.

– Mixup: Disabled (set to 0.00), this parameter controls the blending of multiple
images during training, which was turned off to avoid introducing unnecessary
complexity.

• Anchor-Multiple Threshold: Set to 4.0, this threshold determines the conditions
under which anchor boxes are selected.

Other hyperparameters were kept at the model’s default values from the model repos-
itory. These defaults were selected based on standard practices.

2.3.5 Performance on SODD

The performance of models in the SODD is summarized in Table 2.1. Our proposed models,
GELAN-ViT, GELAN-ViT-Reduced, GELAN-RepViT-Extended, and GELAN-RepViT,
are compared with GELAN-t, YOLOv9-t, YOLOv7-t, YOLOX-s, YOLOX-ViT-s, and Mo-
bileViT. The metrics used for the evaluation include mAP50 at 1000 epochs, mAP50:95 at
1000 epochs, GFLOPs, and the number of parameters. In calculating GFLOPs, YOLOv7-t
and YOLOv9-t default to an input size of 640 px × 640 px, while MobileViT, YOLOX-s,
and YOLOX-ViT-s use their respective input sizes. To ensure consistency in our com-
parison, we fixed the GFLOPs calculation to an input size of 640 px × 640 px for all
models.
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GELAN-ViT achieves an mAP50 of 0.947 at 1000 epochs, while GELAN-ViT-Reduced
slightly outperforms with an mAP50 of 0.952. Additionally, GELAN-RepViT-Extended
records an mAP50 of 0.944, and GELAN-RepViT reaches an mAP50 of 0.950. All four
models show a difference of less than 0.02 in mAP50 compared to GELAN-t with 0.944,
YOLOv7-t with 0.956, and YOLOv9-t with 0.951. Models with significantly lower mAP50
include YOLOX-s with 0.858, YOLOX-ViT-s with 0.847, and MobileViT with 0.624.

Regarding mAP50:95, GELAN-ViT achieves 0.815 at 1000 epochs, while GELAN-ViT-
Reduced and GELAN-RepViT-Extended achieves 0.818. GELAN-RepViT further im-
proves to 0.836. In comparison, GELAN-t achieves an mAP50:95 of 0.802, and YOLOv9-t
achieves an mAP50:95 of 0.830. Models with significantly lower mAP50:95 scores include
YOLOv7-t with 0.759, YOLOX-s with 0.584, YOLOX-ViT-s with 0.575, and MobileViT
with 0.449. Although YOLOv7-t achieves a high mAP50, it performs significantly lower
in mAP50:95. YOLOX-s, YOLOX-ViT-s, and MobileViT maintain lower performance
compared to YOLOv9-t and GELAN-t.

All models deliver comparable performance to YOLOv9-t and GELAN-t while main-
taining lower GFLOPs. Compared to GELAN-t, GELAN-ViT reduces GFLOPs by 1.6,
GELAN-ViT-Reduced by 2.0, and GELAN-RepViT-Extended by 1.9, while GELAN-RepViT
reduces GFLOPs by 2.1.

2.3.6 Performance on VOC 2012 Dataset

The performance of our models in the VOC 2012 dataset is also summarized in Table
2.1. The metrics used for evaluation include mAP50 at 1000 epochs, mAP50:95 at 1000
epochs, GFLOPs, and the number of parameters. The input size for the VOC dataset is
standardized to 320 px × 320 px. However, for consistency in GFLOPs calculation across
all models, we fixed the GFLOPs calculation to an input size of 640 px × 640 px, regardless
of the original input size used in training.

In the VOC 2012 dataset, GELAN-ViT achieves the highest mAP50 of 0.619 at 1000
epochs, followed by GELAN-ViT-Reduced with 0.607, and GELAN-RepViT-Extended
at 0.604. GELAN-RepViT delivers an mAP50 of 0.602, slightly lower than its reduced
counterpart. GELAN-ViT and GELAN-ViT-Reduced outperform GELAN-t’s 0.605 and
YOLOv9-t’s 0.606, while GELAN-RepViT-Extended and GELAN-RepViT underperform.

GELAN-ViT represents a 0.014 increase over GELAN-t and a 0.013 increase over
YOLOv9-t. GELAN-ViT-Reduced shows a 0.002 increase compared to GELAN-t and
a 0.001 increase compared to YOLOv9-t. GELAN-RepViT-Extended shows a 0.001 de-
crease compared to GELAN-t and a 0.002 decrease compared to YOLOv9-t, while GELAN-
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RepViT shows a 0.003 decrease compared to GELAN-t and a 0.004 decrease compared to
YOLOv9-t. Models with lower mAP50 include YOLOX-s with 0.585, YOLOX-ViT-s with
0.565, and MobileViT with 0.535.

Regarding mAP50:95, GELAN-ViT leads with 0.460, while GELAN-ViT-Reduced achieves
0.441, GELAN-RepViT achieves 0.439, and GELAN-RepViT-Extended achieves 0.435. In
comparison, GELAN-t records an mAP50:95 of 0.440, and YOLOv9-t achieves 0.446.
GELAN-ViT outperforms GELAN-t by 0.02 and YOLOv9-t by 0.014. GELAN-ViT-
Reduced’s mAP50:95 is 0.001 higher than GELAN-t but 0.005 lower than YOLOv9-
t. GELAN-RepViT’s mAP50:95 are 0.001 lower than GELAN-t and 0.007 lower than
YOLOv9-t. GELAN-RepViT-Extended, while underperforming the reduced models, is
0.005 lower than GELAN-t and 0.011 lower than YOLOv9-t. Models with lower mAP50:95
scores include YOLOX-s with 0.351, YOLOX-ViT-s with 0.340, and MobileViT with 0.374.

While GELAN-ViT achieves superior performance and the other three proposed models
deliver performance comparable to YOLOv9-t and GELAN-t, all proposed models maintain
low GFLOPs. Compared to GELAN-t, GELAN-ViT reduces GFLOPs by 1.5, GELAN-
ViT-Reduced by 1.7, GELAN-RepViT by 2.2, and GELAN-RepViT-Extended reduces
GFLOPs by 1.9.

2.3.7 Model Stability

In the SODD, YOLOv7-t achieves the mAP50 in the first place of 0.956, surpassing
YOLOv9-t, which scores 0.951. However, its mAP50:95 is significantly lower at 0.759
compared to YOLOv9-t’s 0.830. This indicates that while YOLOv7-t shows strong per-
formance in mAP50, it exhibits inconsistent precision across different IoU thresholds and
struggles to achieve higher accuracy at these more demanding levels.

Although YOLOv7-t’s high mAP50 in the simpler SODD highlights its capability in
less complex scenarios, this advantage diminishes in the more complex VOC 2012 dataset.
In the VOC 2012 dataset, YOLOv7-t’s performance is lower than that of YOLOv9-t, with
an mAP50 of 0.589 compared to YOLOv9-t’s 0.606 and an mAP50:95 of 0.390 compared
to YOLOv9-t’s 0.446.

GELAN-based models perform better in complex scenarios and demonstrate more sta-
ble and consistent performance across various IoU thresholds in both datasets, particularly
maintaining higher mAP50:95 values.

GELAN-ViT and GELAN-ViT-Reduced are expected to excel on complex datasets
due to their ability to capture detailed patterns. However, their complexity also increases
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the risk of overfitting on simpler datasets. As demonstrated in the experiments, GELAN-
ViT performs exceptionally well on the VOC 2012 dataset, achieving the highest mAP50 of
0.619 and mAP50:95 of 0.460, making it ideal for complex object detection tasks. GELAN-
ViT-Reduced was designed to reduce complexity and maintain competitive performance on
VOC 2012. It also offers an advantage on the simpler SODD, where it surpasses GELAN-
ViT with a higher mAP50 of 0.952 and mAP50:95 of 0.818.

GELAN-RepViT-Extended, with the advantage of its streamlined architecture, reduces
computational cost while maintaining a similar performance comparable to GELAN-ViT-
Reduced on the SODD. GELAN-RepViT further simplifies the architecture, allowing it to
outperform GELAN-RepViT-Extended with higher mAP50 and mAP50:95 on the SODD.
On VOC 2012, both GELAN-RepViT-Extended and GELAN-RepViT achieved similar
results. GELAN-RepViT records a higher mAP50:95 of 0.439, though its mAP50 of 0.602
is slightly lower than the 0.604 achieved by GELAN-RepViT-Extended.

Table 2.2: Comparison of Inference Time and Memory Usage for different models on V100
GPU

Model Average Inference Time (ms) Memory Usage (GB)
GELAN-t 17.38 1.82
YOLOv9-t 21.69 1.63
GELAN-ViT 17.78 1.50
GELAN-ViT-Reduced 16.49 1.48
GELAN-RepViT-Extended 14.92 1.44
GELAN-RepViT 10.50 1.43
YOLOv7-t 4.99 6.30
YOLOX-s 14.61 2.90
YOLOX-ViT-s 15.09 3.50
MobileViT 9.03 1.51

2.3.8 Memory Usage

Memory usage results are summarized in Table 2.2, with values recorded using a 640 px
× 640 px input size, averaged over three runs. GELAN-RepViT consumed 1.43 GB of
memory, demonstrating superior memory efficiency. GELAN-RepViT-Extended showed
slightly higher usage at 1.44 GB, while GELAN-ViT-Reduced and GELAN-ViT consumed
1.48 GB and 1.50 GB, respectively.
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In comparison, GELAN-t required 1.82 GB of memory, while YOLOv9-t consumed 1.63
GB. YOLOv7-t had the highest memory usage, at 6.30 GB. YOLOX-s and YOLOX-ViT-s
used 2.9 GB and 3.5 GB of memory, respectively, while MobileViT consumed the least at
1.51 GB, which aligns with its smaller model size and lower GFLOPs count.

The relatively high memory consumption of YOLOv7-t is consistent with their supe-
rior performance and greater GFLOPs demands. In contrast, our proposed models demon-
strated superior memory efficiency compared to GELAN-t, YOLOX-s, and YOLOX-ViT-s.
The reduction in memory usage for our models is largely due to the scaling of the Reduced-
GELAN-s backbone.

Although GELAN-ViT and GELAN-ViT-Reduced have high parameter counts, this
does not translate into higher memory usage. The increased parameters are primarily
associated with the ViT module, which has a quadratic relationship with input length,
as described in [28]. Since our model processes the input through the backbone before
feeding it into the ViT path, we effectively reduce ViT’s input length, leading to memory
efficiency.

2.3.9 Inference Time

GELAN-RepViT-Extended recorded an inference time of 14.92 ms, with GELAN-RepViT
improving further to 10.50 ms. Simplifying the CNN layers in GELAN-RepViT resulted in
a more substantial reduction, with a 4.42 ms decrease compared to the GELAN-RepViT.

Conversely, GELAN-ViT showed an inference time of 17.78 ms, while GELAN-ViT-
Reduced achieved a slightly better time of 16.49 ms. GELAN-ViT-Reduced only marginally
improved inference time by 1.29 ms compared to GELAN-ViT, the reduction in CNN layers
did not significantly decrease overall time. This suggests that in the GELAN-ViT models,
the ViT path significantly contributes to the overall inference time, and reducing CNN
layers alone has a limited impact on performance.

As expected, YOLOv9-t had the highest inference time at 21.69 ms due to its larger
model size. GELAN-t posted an inference time of 17.38 ms, comparable to GELAN-
ViT and GELAN-ViT-Reduced but higher than GELAN-RepViT-Extended and GELAN-
RepViT. The anchor-free design of YOLOX-s and YOLOX-ViT-s enabled inference times
of 14.61 ms and 15.09 ms, respectively. MobileViT, with its smaller model size, achieved
an inference time of 9.03 ms. YOLOv7-t demonstrated the fastest inference time of 4.99
ms among the compared models, aligning with its design to prioritize speed. However, this
speed comes at the expense of significantly higher memory usage and GFLOPs.

17



Table 2.3: Comparison of Inference Time and Memory for different models on Jetson Orin
Nano

Model Name Average Inference Time (ms) Peak RAM (GB) Average RAM
GELAN-t 47.22 2.26 2.25
YOLOv9-t 63.16 2.24 2.22
GELAN-ViT 56.33 2.46 2.45
GELAN-ViT-Reduced 52.40 2.34 2.34
GELAN-RepViT-Extended 44.30 2.21 2.21
GELAN-RepViT 36.72 2.37 2.35
YOLOv7-t 21.92 3.52 3.46
YOLOX-s 44.92 2.45 2.42
YOLOX-ViT-s 43.38 2.41 2.38
MobileViT 30.71 2.26 2.24

Table 2.4: Comparison of and Power Consumption for different models on Jetson Orin
Nano

Model Name Peak Power Consumption Average Power Consumption
GELAN-t 1599.5 mW 1363.8 mW
YOLOv9-t 1714.8 mW 1472.7 mW
GELAN-ViT 1527.5 mW 1166.5 mW
GELAN-ViT-Reduced 1662.3 mW 1433.9 mW
GELAN-RepViT-Extended 1605.7 mW 1409.4 mW
GELAN-RepViT 1594.7 mW 1277.6 mW
YOLOv7-t 3785.3 mW 2940.3 mW
YOLOX-s 3452.7 mW 2708.6 mW
YOLOX-ViT-s 3659.8 mW 2731.5 mW
MobileViT 1951.8 mW 1678.4 mW

2.3.10 Inference Performance on the Jetson Orin Nano

Table 2.3 and 2.4 summarized the inference times, memory usage, and power consumption
recorded on the Jetson Orin Nano. Fig. 2.4 visualizes the memory usage and power con-
sumption in the bar charts, with 95% Confidence Level (CL) provided. Among the models,
YOLOv9-t demonstrates the highest inference time at 63.16 ms. GELAN-ViT records the
second-highest inference time of 56.33 ms, whereas GELAN-RepViT-Extended achieves a
lower inference time of 44.30 ms. YOLOX-s and YOLOX-ViT-s achieve inference times
of 44.92 ms and 43.38 ms, respectively. MobileViT, with an inference time of 30.71 ms,
highlights the efficiency of a low-GFLOPs model. YOLOv7-t achieves the fastest inference
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Figure 2.4: Bar charts of RAM usage and power consumption, with the 95% CL indicated
for each model

time of 21.92 ms. However, this speed improvement is accompanied by higher memory
and power requirements, presenting a trade-off that may not be suitable for deployment in
resource-constrained environments.

In terms of the average power consumption, YOLOv9-t has an average power con-
sumption of 1472.7 mW, while GELAN-t, GELAN-ViT, GELAN-ViT-Reduced, GELAN-
RepViT-Extended, and GELAN-RepViT consume 1363.8 mW, 1166.5 mW, 1433.9 mW,
1409.4 mW, and 1277.6 mW, respectively. MobileViT shows a slightly higher power con-
sumption of 1678.4 mW. YOLOv7-t prioritizes speed over power efficiency, consuming the
highest amount of power at 2940.3 mW, followed by YOLOX-s at 2708.6 mW and YOLOX-
ViT-s at 2731.5 mW. These higher power demands suggest that while these models excel at
high-speed inference, they may be less suited to power-sensitive applications. In contrast,
GELAN-RepViT and MobileViT, with their lower power consumption, offer a preferable
power consumption in resource-constrained environments.

In the pattern for peak power consumption, YOLOv7-t, YOLOX-s, and YOLOX-ViT-s
show the highest peak power consumption at 3785.3 mW, 3452.7 mW, and 3659.8 mW,
respectively. The GELAN models exhibit peak power consumption ranging from 1527.5
mW for GELAN-ViT to 1662.3 mW for GELAN-ViT-Reduced, indicating a stable power
profile across the GELAN series. MobileViT peaks at 1951.8 mW, though slightly higher
than other GELAN-based models, remaining within an efficient range.
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2.3.11 Discussion of Model Superiority

ViTs utilize the self-attention mechanism to learn global features by capturing long-range
dependencies within an image, which is crucial for complex object detection tasks requiring
scene understanding and identifying object interactions. ViTs are particularly effective in
detecting small objects, as they can leverage surrounding contextual information, even
when local details are sparse, as highlighted by Rekavandi et al. [24].

On the other hand, CNNs excel at extracting detailed features through local patterns.
They are particularly effective in recognizing edges, textures, and shapes, essential for accu-
rately identifying individual objects within an image. By refining these local details, CNNs
construct precise representations of objects, ensuring that their specific characteristics are
captured effectively.

Our model optimizes feature extraction by separating the ViT and CNN pathways.
This allows CNNs to specialize in local feature extraction, while ViTs focus on capturing
the global context. By separating these paths, our model prevents interference between
the local and global feature learning processes, allowing each network to specialize without
distraction. This design also addresses the information bottleneck problem: when local and
global features share the same pathway, information is lost due to the limited capacity of
the neurons. By using separate pathways, each type of feature is retained more effectively.
Later in the network, these features are fused, combining local and global strengths to
improve overall performance.

In comparison, YOLOX-ViT-s’s performance decreases due to the competition between
local and global feature extraction within the same pathway. This shared processing intro-
duces an information bottleneck, limiting the model’s ability to capture both feature types
effectively. A similar observation was made by Aubard et al. [3], where integrating ViT
increased false positives and contributed to potential overfitting. These findings highlight
a trade-off between the benefits of enhanced global feature extraction and the efficiency
required for accurate object detection, as reflected in YOLOX-ViT-s’s performance.

A similar pattern is observed in MobileViT, but since its architecture is designed to
be lightweight with fewer parameters and narrower layers, the impact of the information
bottleneck becomes even more noticeable. MobileViT’s reduced capacity exacerbates the
challenge of balancing Fl and Fg, leading to greater information loss and a more significant
decline in accuracy compared to larger models of YOLOX-ViT-s or GELAN-ViT.
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Chapter 3

An Efficient and Generalizable
Transfer Learning Method for
Weather Condition Detection on
Ground Terminals

3.1 Background

In general, object detection based on CNN can be classified into one-stage and two-stage
detectors. Two-stage detectors, such as R-CNN [9], prioritize detection accuracy by iden-
tifying regions of interest and then classifying and refining the bounding boxes. In con-
trast, one-stage detectors, such as YOLO series [29] and Single-Shot Detection (SSD) [17],
streamline this process by directly predicting bounding boxes and class confidences. One-
stage detectors face challenges in detecting small objects but offer faster training times
and require fewer training images [13, 17]. R-YOLO, proposed by Wang et al. [32], has
specifically enhanced YOLO for adverse weather.

Despite these developments, a common challenge for object detection models lies in
the reliance on large datasets and the potential inclusion of irrelevant features that can
degrade performance in specific applications. Moreover, many models are developed with
minimal integration of domain-specific human knowledge, which could otherwise enhance
their accuracy without increasing complexity. This gap is particularly problematic in
scenarios with limited data availability, where incorporating human knowledge could help
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mitigate the impact of scarce or noisy datasets while tailoring models to the problem’s
unique requirements.

TL is an ML technique that adapts knowledge learned from one task to another related
task. The study [34] highlights that the TL method is particularly advantageous when
labeled data is scarce or specific conditions are underrepresented in domains.

To the best of our knowledge, our work first provides a generalizable vision-based solu-
tion to weather condition detection for ground terminals. By applying TL, we address the
challenge of data scarcity by adapting a model to classify the conditions of objects across
varied weather conditions accurately. Feature-based TL specifically focuses on manipulat-
ing the data features extracted by the pre-trained model to better align with the specifics
of the target application.

In this part of the paper, we focus on designing an effective TL method for detect-
ing weather-related conditions on satellite antennas. The You Only Look At CoefficienTs
(YOLACT) framework is used to apply model transfer for segmentation and feature isola-
tion. We will simulate an environment with limited data and address the challenge of data
scarcity by adapting our model to classify the conditions of satellite antennas in various
weather conditions. By using the extracted features from a constrained dataset, we have
developed a model that exceeds the detection accuracy of existing methods under similar
limitations.

We then explore the multi-class classification of satellite antennas on ground terminals
under various weather conditions. Specifically, we analyze conditions in two scenarios: the
initial scenario where we classify antennas as either snow-covered or normal conditions, and
the extended scenario that classifies antennas under snow, wet, and normal conditions. In
the initial scenario with 80 training images, our proposed model achieves an accuracy
of 88.33% within 50 epochs, outperforming mainstream DL models including the top-
performing R-YOLO and Faster R-CNN [25] models, whose accuracy values are 74.16%
and 80.00%, after 500 epochs. In the extended scenario with 180 training images, our model
reaches an accuracy of 88.33% in 50 epochs, compared to R-YOLO and Faster R-CNN,
whose accuracy is 72.22% and 81.11% after 500 epochs, respectively.

While segmentation of satellite antennas using traditional YOLACT techniques is an
initial step in our method, this section focuses on the classification processes. Since the
segmentation step follows standard YOLACT procedures, we have chosen to concentrate
on the novel classification tasks in our study.
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3.2 System Model

3.2.1 Overview

Our method utilizes feature-based TL to leverage the knowledge of a model trained on a
weather database (source domain, DS) and apply it to the satellite antenna classification
task (target domain,DT ). We first consider the neural network as a function F (I;W )
with input I and weights W . The function F is initially trained on DS to minimize the
overall loss on DS, given by

∑
(input,label)∈DS

L(F (input,W ), label), where DS is the source
domain, input is the input image from DS, label is the corresponding label, and L is the
loss function of F .

The goal of feature-based TL is to learn a weight OPTT that minimizes the loss
L(DT , OPTT ). Given the optimal weight for the source domain OPTS, we initialize
W = OPTS and train W with data from the target domain DT to minimize the loss
L(DT ,W ). Let MMD(DS, DT ) denote the Maximum Mean Discrepancy [38] between
the characteristic distributions of DS and DT . As MMD(DS, DT ) decreases, the model’s
ability to generalize from DS to DT increases.

3.2.2 Pre-Processing: Background Removal Using YOLACT

Background can introduce unnecessary complexity in DT , increasing the risk of overfitting
and degrading model performance, as discussed by [26]. To address this, we have fine-tuned
YOLACT [4] specifically for the detection and segmentation of satellite dish antennas
(collectively referred to as satellite dishes). We use YOLACT to first apply segmentation
masks to the entire image, then filter out the Object of Interest (OI) using the mask.

The application of YOLACT can be represented as a function Y , transforming DT into
a DST , therefore focusing on OI and aiming to minimizeMMD betweenDS and DST . This
step can be represented as Y : DT → DST , and MMD(DS, DT ) ≥ MMD(DS, DST ). Loss
for YOLACT (LY OLACT ) are combined of three primary losses: classification loss (Lcls),
box regression loss (Lbox), and mask loss (Lmask). The weights for these losses are 1, 1.5,
and 6.125, respectively.

LY OLACT = Lcls + 1.5 · Lbox + 6.125 · Lmask (3.1)
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Figure 3.1: The process and architecture of the proposed transfer learning method.

3.2.3 Proposed TL Method

Our proposed method is shown in Fig. 3.1, beginning with fine-tuning YOLACT using
satellite antenna images to generate binary masks of satellite dishes in the images. After the
fine-tuning stage, YOLACT will take input images and generate a mask. Masks and input
images are then processed through Mask Remover to isolate satellite dishes in the image.
The processed images are passed through a feature extractor, which extracts relevant
features. These extracted features are used by the feature adapter to classify satellite
dishes based on weather conditions. The higher layers of ResNet50 are task-specific and
should be adjusted with a fine-tuned learning rate to effectively specialize in our task. We
have used partial freezing and learning rate adjustment to preserve the generic features
learning from DS for the pre-trained model while allowing the model to adapt to the DST .

Let W = W1,W2, ...,Wnl represent the set of weights in the model, where Wi represent
the weight of the layer i, and nl represent the total layer in the model. The updates to Wi

during the training process on DST can be represented by δWi = α × ∇L(DST ;W ) with
learning rate α, and gradient ∇L(DST ;W ). During the fine-tuning process, we have set
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the α for W1,W2, ...,Wnl−1 to zero, and downscale α to a lower value α′, So

δWi =

{
α′ ×∇L(DST ;W ), for i = nl

0, otherwise

3.2.4 Model Architecture

Our model, referred to as MResNet50+FC, is based on pre-trained ResNet50. The last layer
of ResNet50 is removed to use the model as a feature extractor, and the output features
from the convolutions base are fed in the custom Fully Connected (FC) layers. The choice
of ResNet50 is pivotal due to its deep residual learning framework, as [11] demonstrates,
addressing the problem of the vanishing gradient. The study [2] also demonstrates the
effectiveness of ResNet50 in categorizing weather conditions. We have added two FC
layers to learn the features extracted from ResNet50. The first FC layer contains 128
units followed by a dropout layer to prevent overfitting. The second FC layer matches the
number of classes in the multi-class classification tasks.

Our model’s loss function is cross-entropy loss, defined as

L(y, ŷ) = −[ylog(ŷ) + (1− y)log(1− ŷ)] (3.2)

After combining the loss in the procedures of the TL, the final loss is given as

Loverall = L(y, ŷ) + LY OLACT , (3.3)

where LY OLACT is the segmentation loss and L(y, ŷ) is the classification loss.

3.3 Data Preparation

As shown in Fig. 3.2, we pre-processed our data to enhance the model’s capability to
identify satellite dishes in various weather conditions. We start with initial data prepara-
tion, where we collect images of satellite dishes under various conditions. To augment this
dataset and enhance its diversity, we utilize two external datasets: the Weather Analysis
Dataset [1] which provides images under typical weather conditions such as sunny and
cloudy, and the Snow Pile Classification Dataset [20] which supplies images under snow
conditions. For the extended scenario which includes wet conditions, we incorporate an ad-
ditional dataset [22] that offers images in rain conditions, and we use DALL-E to generate
images of satellite dishes in wet conditions due to the scarcity of available data.
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Figure 3.2: A process of data generation. Satellite dishes from original images are seg-
mented using YOLACT and combined with various weather backgrounds to generate di-
verse training images.

We then move to background removal, employing YOLACT to create binary masks. In
this process, pixels corresponding to the object are assigned one binary value, distinguishing
them as the OI . After that, we use the binary mask to isolate the satellite dishes from
their environments.

Finally, we perform image enhancement on our satellite dish dataset, which we have
divided into two subsets: one for training and one for validation. Each subset is populated
equally with images of satellite dishes captured under various weather conditions. For
the training subset, we augment the satellite dishes by scaling, rotating, and merging
them with background images from different weather scenarios to create a diverse set of
training images. The same augmentation techniques are applied to the validation subset.
In both subsets, the labels are associated with the satellite dishes. By doing so, we aim
to test extreme scenarios where the conditions of the backgrounds and the satellite dishes
differ significantly. Additionally, by separating satellite dishes in each subset, we prevent
overfitting by ensuring that the model does not rely solely on the physical shapes of the
satellite dishes for classification.
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3.4 Evaluation

In this section, we discuss the experiment setup and evaluation metrics, followed by the
evaluation results and results discussion.

3.4.1 Evaluation Metrics

Our model employs YOLACT, which focuses on segmentation and classification, in contrast
to YOLO-based models, which primarily focus on object detection and classification. For
this study, we focus exclusively on the classification loss component across all models.

To simplify the evaluation and enable a fair comparison between different models, we
have redefined the task as an image classification problem instead of an object detection
problem. This approach isolates and evaluates the classification performance of each model
independently, without the influence of localization aspects such as bounding boxes or
masks. By doing so, we eliminate the need to include Intersection over Union (IoU) in our
evaluation criteria. Regardless of the IoU threshold, our method selects the class with the
highest probability, effectively disregarding IoU altogether.

We redefine our evaluation metrics to align with this classification-focused approach.
The metrics are defined as follows: AP = TP

TP+FP
,mAP = 1

C

∑
i∈C APi, Accuracy = Ncorrect

N
,

where TP is true positives, FP is false positives, N is the number of images,Ncorrect is the
number of images that get the correct prediction, and C is the number of objects classes.

The YOLO-based models utilize a composite loss function, including classification
through cross-entropy, scaled by a factor α, where α = C

80
× 3

nl
which depends on the C

and nl.

For our evaluation, we normalize the classification losses from the YOLO-based models
by dividing them by α, adjusting them to a comparable scale. Similarly, for our model,
we focus on the classification loss L(y, ŷ), to ensure consistency in the evaluation criteria
between all models.

3.4.2 Experimental Setup and Implementation Details

Here we evaluate the proposed method in comparison with the YOLOv7 [29], YOLOv9
[31], R-YOLO [32], and Faster R-CNN models, conducting experiments in Google Colab
on an NVIDIA A100 GPU. We did not apply parameter optimization techniques, such as
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genetic algorithms, as we want to maintain consistent configurations across all models and
avoid extensive parameter tuning to ensure comparability.

We used the Faster R-CNN [25] model from the Detectron2 library and configured it
with ResNet50 and Feature Pyramid Networks (FPN). Our experiments utilized a batch
size of 8 and ran for 11,000 iterations, which is approximately equivalent to 500 epochs.
Learning rate adjustments were applied at 70% and 90% of the total iterations, following a
step-wise learning rate schedule. Other settings, including anchor sizes, aspect ratios, and
region proposal parameters, remained at their default values.

For comparison with the latest YOLO-based model, YOLOv9, we used the YOLOv9-
m model (referred to as “YOLOv9” for short). In addition, we introduced a YOLOv9
variation called YOLOv9-Freeze, in which we applied the partial freezing technique to
freeze the backbone of the YOLOv9-m model. The backbone of YOLOv9 is responsible for
feature extraction, and by freezing it, we retain its pre-trained capabilities while allowing
the head, which handles object classification, to be fine-tuned for the specific task. As
partial freezing is used in our proposed model to enhance performance with limited data,
YOLOv9-Freeze can be considered directly comparable to the proposed model.

Our study focuses on multi-class classification tasks, evaluating our model on satellite
dishes under various weather conditions, and all images used in our analysis are 300 px
×300 px in size. We first analyzed scenarios distinguishing between snow-covered and
normal conditions, which is essentially a binary classification task. We then extended
our analysis to include wet conditions, broadening our model to a more comprehensive
multi-class classification.

For the classification tasks, we used model MResNet50+FC and fine-tuned it on the weather
dataset to distinguish between different weather conditions. The training parameters for
MResNet50+FC include the Adam optimizer with an initial learning rate of 2 × 10−4, and
weight decay of 5× 10−4 to optimize the model performance.

To pre-process satellite dish images, we employed YOLACT and used the Adam opti-
mizer with a learning rate of 2× 10−3 over 30,000 epochs to fine-tune its weights, ensuring
the model focuses on the nuanced features of satellite dishes.

3.4.3 Experimental Results

The outcomes of our experiments highlight the classification capabilities of the proposed
model compared to YOLOv7, YOLOv9, YOLOv9-Freeze, R-YOLO, and Faster R-CNN.
We analyzed the impact of the volume of training images on model performance through
the evaluation process.
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Based on the data preparation discussed in Section III, we constructed three distinct
datasets for each scenario. In the initial scenario, each dataset was paired with a constant
test set of 120 images. In the extended scenario, we utilized a larger test set of 180 images
to provide a more comprehensive evaluation. Tables 3.1-3.2 summarize the performance of
each model in comparison to the baseline methods.

We used four background conditions: snow, sunny, cloudy, and rain. To maintain
consistency, each dataset contained an equal number of images for every combination of
background conditions and satellite dish conditions. In the initial scenario, this resulted in
eight combinations by pairing the four background conditions with two types of satellite
dishes. For the dataset with 40 images, we generated five images for each combination. For
the dataset with 64 images, we generated eight images per combination. For the dataset
with 80 images, we generated 10 images per combination.

In the extended scenario, we added the wet condition satellite dish, leading to 12
combinations. For the dataset containing 60 images, we generated five images for each
combination. For the dataset with 120 images, we generated 10 images per combination.
For the dataset with 180 images, we generated 15 images per combination.

We compared our proposed model with YOLOv7, YOLOv9, YOLOv9-Freeze, R-YOLO,
and Faster R-CNN using the datasets we created. The evaluation metrics for each result
were recorded upon completion of the training cycles.

3.4.4 Initial Scenario

Table 3.1 shows that our model outperforms YOLOv7, YOLOv9, YOLOv9-Freeze, R-
YOLO, and Faster R-CNN in terms of mAP and accuracy within the initial scenario,
which distinguishes between two classes: snow and normal. With 40 training images,
our model achieves an accuracy of 78.33%, followed by R-YOLO’s 63.33% and YOLOv9-
Freeze’s 61.66%. With 80 training images, our model reaches an accuracy of 88.33%,
compared to 80.00% for Faster R-CNN and 74.16% for R-YOLO.

3.4.5 Extended Scenario

Table 3.2compares the performance of models in multi-class classification, specifically
among three classes: snow, wet, and normal. Our model consistently demonstrates su-
perior performance across different sizes of training sets. With 60 training images, our
proposed model achieves an accuracy of 66.66%, followed by Faster R-CNN’s 59.44% and
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Table 3.1: Performance Comparison in the Initial Scenario: Snow and Normal Conditions

Model Training Images mAP Accuracy

YOLOv7 40 24.78% 49.16%
YOLOv9 40 45.55% 46.66%

YOLOv9-Freeze 40 69.25% 61.66%
R-YOLO 40 64.51% 63.33%

Faster R-CNN 40 75.84% 55.83%
Proposed Model 40 77.69% 78.33%

YOLOv7 64 47.00% 48.33%
YOLOv9 64 52.51% 52.50%

YOLOv9-Freeze 64 69.02% 67.50%
R-YOLO 64 69.14% 68.16%

Faster R-CNN 64 67.77% 63.33%
Proposed Model 64 82.13% 85.00%

YOLOv7 80 58.77% 51.66%
YOLOv9 80 64.44% 53.33%

YOLOv9-Freeze 80 65.55% 66.66%
R-YOLO 80 74.22% 74.16%

Faster R-CNN 80 82.29% 80.00%
Proposed Model 80 87.28% 88.33%

R-YOLO’s 49.44%. As the training dataset expands to 180 images, our model reaches an
accuracy of 88.33%, while Faster R-CNN remain in second place at 81.11%, and R-YOLO
comes in third at 72.22%.

3.4.6 Discussion of Model Superiority

Table 3.1 and Table 3.2 show that our proposed model consistently outperforms R-YOLO,
Faster R-CNN, and other state-of-the-art models. Our application of the proposed TL
method divides the overall loss function in (3.3) into two components: LY OLACT and L∗.
The segmentation component, represented by LY OLACT , isolates the target object from its
background, allowing for more focused classification. The other component, L∗, represents
the loss of a customized core classification for our specific task. Due to the reduced MMD,
L∗ is already closer to the optimal configuration for our targeted classification task. There-
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Table 3.2: Performance Comparison in the Extended Scenario: Snow, Wet, and Normal
Conditions

Model Training Images mAP Accuracy

YOLOv7 60 18.90% 33.88%
YOLOv9 60 37.27% 34.44%

YOLOv9-Freeze 60 45.00% 43.88%
R-YOLO 60 53.86% 49.44%

Faster R-CNN 60 58.89% 59.44%
Proposed Model 60 67.25% 66.66%

YOLOv7 120 33.88% 36.66%
YOLOv9 120 35.12% 37.22%

YOLOv9-Freeze 120 51.88% 52.22%
R-YOLO 120 57.58% 60.55%

Faster R-CNN 120 72.89% 72.77%
Proposed Model 120 75.26% 77.22%

YOLOv7 180 23.95% 35.55%
YOLOv9 180 37.27% 40.55%

YOLOv9-Freeze 180 61.52% 55.55%
R-YOLO 180 71.57% 72.22%

Faster R-CNN 180 79.75% 81.11%
Proposed Model 180 86.46% 88.33%

fore, fine-tuning L∗ becomes straightforward, focusing on minor adjustments to adapt the
model to the target task, which reduces the need for large training data.

In comparison, single-shot models such as YOLOv7 and YOLOv9 show lower perfor-
mance due to their reliance on large and diverse datasets, as discussed by Zhang et al. [37].
YOLOv9-Freeze achieves higher accuracy than YOLOv9, as it benefits from its pre-trained
backbone, which utilizes knowledge gained from the COCO dataset to enhance feature ex-
traction capabilities. This use of TL enables YOLOv9-Freeze to require fewer training
images, resulting in higher accuracy. R-YOLO benefits from FCNet’s feature calibration
modules by effectively aligning features across weather conditions, decreasing the need
for large and diverse datasets. Faster R-CNN shows strong results due to its two-stage
classification process, which trades off processing time for improved performance.
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Table 3.3: Performance Comparison with Satellite Antenna Images: Snow, Wet, and Nor-
mal Conditions

Model mAP Accuracy

YOLOv7 23.95% 35.40%
YOLOv9 37.83% 44.44%

YOLOv9-Freeze 50.99% 46.51%
R-YOLO 72.27% 62.22%

Faster R-CNN 78.33% 73.33%
Proposed Model 82.18% 86.67%

3.4.7 Generalizability to Real-World Scenarios

We trained the models using 180 augmented satellite antenna images from the extended
scenario and tested them on 45 unaugmented satellite antenna images, 15 per weather
condition. As shown in Table 3.3, our proposed model achieved the highest accuracy of
86.67%, followed by Faster R-CNN at 78.33% and R-YOLO at 62.22%. The accuracy of
our model decreased by about 1.67% compared to the results for the extended scenario,
while the accuracy for Faster R-CNN and R-YOLO dropped by approximately 7.78%
and 11.94%. This smaller decrease in accuracy demonstrates that our model effectively
generalizes to real-world conditions compared to Faster R-CNN and R-YOLO. YOLOv7
and YOLOv7-Freeze maintained low accuracy, conversely, YOLOv9’s slight increase in
accuracy suggests that it may perform better with this simpler, unaugmented data.

3.4.8 Analysis of Loss Curves

Loss curves show the efficiency of a model’s learning by tracking the reduction in error
across training epochs. Fig. 3.3 compares the classification losses between epochs for our
model, YOLOv7, YOLOv9, YOLOv9-Freeze, R-YOLO, and Faster R-CNN in both the
initial and extended scenarios.

In the initial scenario, our model achieves a classification loss of 0.03 within 50 epochs.
In contrast, YOLOv7 and R-YOLO reach minimum losses of 0.62 and 0.03 after 500 epochs,
respectively. YOLOv9 reaches a loss of 1.20, while YOLOv9-Freeze reaches a loss of 0.666.
Faster R-CNN achieves a low loss of 0.0009. In the extended scenario, our model again
achieves a loss of 0.03 within 50 epochs. In comparison, YOLOv7 and R-YOLO reach
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Figure 3.3: Loss curve comparison across epochs for the proposed model and other models.
The results are grouped by the “Initial” and “Extended” scenarios.
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minimum losses of 0.90 and 0.134 after 500 epochs. YOLOv9 and YOLOv9-Freeze show
losses of 3.05 and 0.76, while Faster R-CNN achieves a loss of 0.0011.

In the extended scenario, our proposed model achieves an accuracy of 88.33%, which
is higher than the 80.00% accuracy of Faster R-CNN. However, Faster R-CNN achieves a
lower classification loss of 0.001, while our model shows a loss of 0.03. The lower classifi-
cation loss observed in Faster R-CNN suggests a more efficient fitting to the training data.
However, it does not fully capture the features required to distinguish satellite dishes. In
contrast, our model utilizes TL by incorporating a pre-trained ResNet50, initially trained
on simpler weather detection tasks, alongside YOLACT for segmentation. This allows our
model to leverage generalized weather detection knowledge and apply it to this specialized
classification task. As a result, our model achieves higher accuracy, demonstrating the
advantage of TL in adapting to real-world variations.

A similar pattern is observed when comparing our proposed model to R-YOLO in the
initial scenario. Our model delivers higher accuracy at 88.33%, compared to R-YOLO’s
74.16%, while maintaining a similar classification loss of 0.03.

Table 3.4: Computational Complexity Comparison

Model GFLOPs Memory (GB)

Proposed Model 186.0 16.3

R-YOLO 51.2 14.2

YOLOv7 105.2 4.2

YOLOv9 132.4 28.8

YOLOv9-Freeze 132.4 28.8

Faster R-CNN 238.8 18.5

3.4.9 Computational Complexity Analysis

During the model training phase, we recorded the Giga Floating-Point Operations (GFLOPs)
and memory usage. To keep the analysis consistent, we use the input size of 640 px × 640
px for all models, which is the same as the default input size for YOLO-based models and
not the default input size of Faster R-CNN model configured on Detectron2 (as Detectron2
uses dynamic input sizes by default). Memory usage was recorded based on a batch size
of 16, increasing the batch size would result in higher memory usage.
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Table 3.4 shows the computational complexity, particularly focusing on GFLOPs and
memory consumption.

The total GFLOPs value for our model is calculated as:

GFLOPstotal = GFLOPsYOLACT +GFLOPsremover+

GFLOPsMResNet50+FC

(3.4)

Where GFLOPsYOLACT refers to the GFLOPs used by the YOLACTmodel, GFLOPsremover

refers to the GFLOPs consumed by the mask remover, and GFLOPsMResNet50+FC
refers to

the GFLOPs used by the prediction model.

The GFLOPs value of our model is calculated as the sum of the GFLOPs consumed
by YOLACT, the mask remover, and MResNet50+FC. For our specific implementation,
YOLACT contributes significantly to the total GFLOPs of 118.6, making it the primary
factor in the model’s computational complexity. The MResNet50+FC component requires
67.4 GFLOPs, while the mask remover adds an insignificant amount of GFLOPs be-
cause its operations are straightforward and scales linearly with the image size. In total,
this amounts to approximately 186.0 GFLOPs. In comparison, R-YOLO requires 51.2
GFLOPs, YOLOv7 requires 105.2 GFLOPs, YOLOv9 requires 132.4 GFLOPs, and Faster
R-CNN requires 238.8 GFLOPs.

In terms of memory consumption, the memory usage during the training phase is deter-
mined by the most memory-intensive component in the series of operations. The memory
usage for our model is calculated as:

Memtotal = max(MemYOLACT,Memremover,MemMResNet50+FC
) (3.5)

In (5), MemYOLACT refers to the memory used by the YOLACT model, Memremover

denotes the memory consumed by the mask remover, and MemMResNet50+FC
represents the

memory used by the prediction model. Our model requires 16.3 GB of memory, which is
higher than R-YOLO’s 14.2 GB and YOLOv7’s 4.2 GB but lower than YOLOv9’s 28.8
GB and Faster R-CNN’s 18.5 GB.

While YOLACT provides solid segmentation capabilities, its heavy computational and
memory demands present a trade-off. This trade-off is reflected in our model’s accuracy
and mAP metrics. There is potential for optimizing the model by replacing YOLACT with
a simpler image segmentation tool. Such a substitution could reduce both the GFLOPs
and memory usage. This possibility can be explored in future work, where the trade-offs
between segmentation quality and computational efficiency are carefully balanced.
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3.4.10 Discussion of Deployment Options

A general commercial off-the-shelf camera that can generate at least 300 px × 300 px
images (which is the image size we used in the section) with its field of view covering the
ground terminal being monitored will suffice. To install, the camera should be mounted
in a fixed position, ensuring its view consistently captures the entire satellite antenna.
Calibration may be needed to adjust angles and avoid interference from environmental
factors such as lighting or obstacles. Once mounted and calibrated, the camera can operate
continuously or on a scheduled basis. Although we already discussed the scenarios with
representative weather conditions, our proposed method with image pre-processing and
MResNet50+FC model can be extended to work in various forms factors of satellite antennas
(e.g., square phased array antennas, large parabolic antennas on Earth stations etc.) and
scenarios with additional weather conditions. Due to the generalization of the method, it
can also be applied to telescopes used in an optical ground station, which is expected to
be used in future satellite Internet.

It is worth noting that in real-world deployments the system may encounter uniquely
designed antennas that differ significantly from the samples used to train the YOLACT
models. In such cases, the system might struggle to classify the weather conditions on these
antennas accurately, potentially reducing detection accuracy. A solution to this would be
expanding the training dataset to include a broader variety of antenna designs.

While we utilized an NVIDIA A100 GPU for training and testing, the proposed method
can still operate on lower-end GPUs. A less powerful GPU will primarily affect inference
time, and if the system’s memory capacity is limited, reducing the batch size during infer-
ence can help relax memory requirements.
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Chapter 4

Final Remarks

This paper addressed critical challenges in SOD and ground terminal performance under
adverse conditions. In the first section, we proposed four novel models: GELAN-ViT,
GELAN-ViT-Reduced, GELAN-RepViT, and GELAN-RepViT-Reduced. These models
effectively combine the strengths of CNNs and ViTs, achieving competitive accuracy on
the VOC 2012 dataset while maintaining lower computational costs compared to state-of-
the-art deep learning models. Although GELAN-ViT demonstrated superior performance,
its high parameter count highlights opportunities for further optimization. Future work
will explore strategies to streamline the architecture, enhancing computational efficiency
and adaptability for resource-constrained satellite platforms.

In the second section, we introduced a TL-based method to address challenges arising
from limited data availability. This approach demonstrated superior performance compared
to leading models such as YOLOv7, YOLOv9, R-YOLO, and Faster R-CNN in constrained
data scenarios. By effectively handling diverse weather conditions with minimal data, the
method showcases its potential for deployment in real-world satellite systems, particularly
in environments where large datasets are difficult to collect.

These contributions represent a step forward in addressing the pressing challenges of
stability and resilience of the satellite internet. By tackling the issues of efficient SOD and
weather condition detection, this work bridges the gaps in satellite communication technol-
ogy. Looking ahead, these advancements lay the foundation for developing next-generation
satellite systems capable of meeting the demands of an increasingly interconnected and
data-driven world, while ensuring the long-term sustainability of space operations.
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