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ABSTRACT

CONTEXTUAL OBJECT DETECTION VIA IMAGE
INPAINTING

Sinan Cavdar
M.S. in Computer Engineering
Advisor: Selim Aksoy
July 2025

Object detection in aerial imagery is a critical task in computer vision with ap-
plications in urban monitoring, disaster management, and military surveillance.
Current approaches often encounter challenges, such as a lack of representative
features of objects with cluttered backgrounds. To address these challenges, we
introduce Contextual Object Detection via Image Inpainting (CODI), a novel
approach that extract the representative features of the image’s semantic context
derived from the transformer units of the inpainting model, and our proposed
fusion module learns how to inject these contextual features with the representa-
tive features of the objects obtained from the related Feature Pyramid Network
(FPN) of the object detection model. The outputs, which we called Contextual
Pyramid Network (CPN), of the fusion model are used to replace the original
FPN layers for better localization and labeling accuracy over the objects. Our
experiments were conducted on DOTA and HRSC2016 datasets. Our model
achieved promising results on mAP by prevailing over Oriented RCNN, which is
one of the best-performing models on the DOTA dataset. Specifically, by apply-
ing the same pre-processing and post-processing, CODI achieved an improvement
of 0.67% in mean average precision (mAP) at single-scale and 0.6% at multi-scale
over the Oriented RCNN on the test set. On the HRSC2016 dataset, CODI
achieved an impressive mAP of 90.57%, outperforming Oriented RCNN by 0.27
percentage points. This result places CODI among the top-performing models
using a ResNet-50 backbone. In that sense, our approach provides a foundation
for future applications, paving the way for more precise object localization and

identification in remote sensing.

Keywords: ITmage Inpainting, Transformers, Oriented Object Detection, Contex-
tual Object Detection, Remote Sensing.
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OZET

RESIM DOLDURMA ILE BAGLAMSAL NESNE
TANIMA

Sinan Cavdar
Bilgisayar Miihendisligi, Yiiksek Lisans
Tez Danigmani: Selim Aksoy
Temmuz 2025

Uydu goriintiilerinde nesne tespiti, sehirlerin gozlemlenmesi, afet yonetimi ve
askeri gozetim gibi uygulamalarla bilgisayarla gorii alaninda kritik bir yer al-
maktadir. Ancak, mevcut yaklasimlarda genellikle karigik arka planlar gibi ne-
denlerden dolay1 nesnelerin temsil edici 6zelliklerinin yeterli olmamasi gibi zor-
luklarla kargilagilmaktadir. Bu caligmada, Resim Doldurma ile Baglamsal Nesne
Tanima modelimizi sunmaktayiz. Bu yeni yaklagimimizda resim doldurma mod-
elinin donitistiriiciiler kismindaki ogrenilmig parametrelerini kullanarak resim-
lerdeki genel baglami elde etmekteyiz. Geligtirdigimiz fiizyon modelimizi kulla-
narak elde ettigimiz resimlerdeki baglamlar ile nesne tanima modelindeki karsilik
gelen oOznitelik piramit agindaki nesneleri temsil eden verileri harmanlamak-
tayiz. Boylelikle baglam piramit agi olarak adlandirdigimiz tiimlegim ¢iktilarimizi
oznitelik piramit agindaki ilgili katmanlarin yerine gegirerek daha iyi bir sekilde
nesneler i¢in konum ve etiket tespiti yapabilmekteyiz. Deneylerimiz DOTA ve
HRSC2016 veri kiimelerinde yapilmigtir. Modelimiz, yapilan deneylerde, lit-
eratiirde en yiiksek ortalama kesinlik (mAP) sonuglarimdan birini veren Orient-
edRCNN modelini DOTA simama veri kiimesinde ayni o6n iglem ve son iglem
yontemlerini kullanarak tek olgekli resimlerde 0.67% ve ¢ok olgekli resimlerde
ise 0.60% tstlnlik gostermektedir. Modelimiz HRSC2016 veri kiimesinde ise
90.57% mAP degeri elde ederek Oriented-RCNN’i 0.27% lik bir farkla ge¢gmis olup
en yiiksek degerlerden birini elde etmistir. Bu baglamda modelimiz, gelecekteki
uydu goriintiilerinde nesne tespiti uygulamalar: i¢in yeni bir yaklagim sunmakta
olup, nesnelerin daha dogru bir sekilde konumlandirilmasi ve tanimlanmasina
onciilikk etmektedir.

Anahtar sézcikler: Resim Doldurma, Donitigtiiriiciiler, Yonelimli Nesne Tanima,
Baglamsal Nesne Tanima, Uzaktan Algilama.
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Chapter 1

Introduction

In recent years, satellite technology advancements have driven numerous new
applications, such as environmental monitoring, urban development, agriculture,
and disaster management. One of the most common applications in this field is
object detection in remote-sensing images. We can study object detection in two
parts: localization and identification. However, object detection in remote sens-
ing presents several unique challenges compared to traditional object detection

applications.

Specific to remote sensing object detection, a complex and heterogeneous back-
ground is one of the well-known problems. For instance, detecting small vehicles
parked along streets in densely built urban areas can be particularly challenging
as they blend with the surrounding infrastructure, such as roads, buildings, and
shadows, making it hard for detection models to distinguish the objects from the
background. Another highly known issue is the high variability in scale among

the types of objects, from small vehicles to baseball fields.

Lacking contextual information further complicates remote sensing object de-
tection, as inter-similarity among different object classes can hinder model per-

formance. For instance, baseball diamond, ground track field, tennis court, and



soccer ball field may share color, texture, or shape, making them difficult to distin-
guish. Intra-variability is another major issue, with significant differences within
the same class. Vehicles, for example, can vary in color, size, and orientation or

be partially occluded, adding complexity to detection tasks.

These difficulties highlight the importance of incorporating contextual informa-
tion to improve object detection accuracy. Leveraging the relationships between
objects and their surrounding helps for better localization and labeling for object
detection. For instance, we expect small and large vehicles to be near or on the
road. Similarly, buildings tend to form clusters. The ability to capture spatial
and semantic relationships between objects and their environment is crucial for

enhancing detection performance in remote sensing images.

In recent years, the general trend for object detection in remote sensing images
has shifted towards deep learning techniques under single-stage and two-stage
architectures. Traditional methods, which relied on handcrafted features and
techniques like sliding window approaches, have mainly been replaced by deep
learning models that automatically extract representative features and learn from
them. Popular object detection algorithms for single- and two-stage algorithms
such as Faster RCNN[1], YOLOJ2], and Retina-Net[3] have been adopted for re-
mote sensing images to overcome large-scale images, high-resolution data, and
multispectral inputs. Recent improvements in this field focus more on improv-
ing small objects’ detection, optimizing models for computational efficiency, and
facilitating multi-scale feature learning to detect objects of varying sizes better.
Also, there has been an increasing trend in integrating contextual information.
This trend highlights the growing demand for improved overall performance in
object detection, especially in applications requiring a low margin of error without
emphasizing inference times. However, many recent papers that discuss the use
of context in object detection implicitly claim to inject contextual information by
modifying existing models and adding additional modules. These modules aim
to learn from the highest receptive field layers of the backbone and connect this
information to later stages, such as the bounding box regression head or classifi-
cation head. Some approaches also propose ensembling the original model’s heads

with an additional model designed to store and leverage contextual information.
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Ground Truth Base Model Our Model

Figure 1.1: Detection results for the proposed and oriented R-CNN models at
varying class probability thresholds. Green indicates correct detections, yellow
indicates detections with wrong class labels, red indicates false positives. In the
first row, similar precision is achieved using thresholds of 0.02 (our model) and
0.04 (base model). In the second row, similar recall is obtained at thresholds of
0.04 (our model) and 0.05 (base model).

This research obtains the semantic contextual information via the inpainting
model’s transformer units. Custom fusion model helps to inject the obtained con-
text properly into the Feature Pyramid Network (FPN) of the object detection
model to increase objects’ localization and labeling accuracy in the given image.
In that sense, we exploit one of the best-performing generative-based image in-
painting model, which is Mask Aware Transformer inpainting (MAT)[4], to obtain
representative contextual information for the given image. For object detection,

we preferred to use the Oriented RCNNI5] because it is a lightweight oriented



model and one of the best-performing baseline two-stage models in remote sens-
ing images. Another key motivation of this research is to surpass the baseline
model in either recall or precision by adjusting the confidence score threshold dur-
ing inference, while keeping the other metric at a comparable level. As illustrated
in Figure 1.1, the top row demonstrates enhanced recall while keeping precision
relatively constant, whereas the bottom row presents improved precision with

recall held on a similar level for both base and our model.

To the best of our knowledge, this study presents the first effective use of a
generative model for object localization and classification. Unlike most of the
previous implicit methods, our approach extracts contextual information from
an independent architecture that is forced to learn both short and long-range
dependencies between the parts of the given image. The results demonstrate
promising potential for future research integrating inpainting models with object

detection.

For the following chapters, we mention previous works in Chapter 2 on im-
portant object detection, contextual object detection, and inpainting studies in
remote sensing images. Later, we discuss our proposed architecture in Chapter 3.
Afterwards, we talk about the implementation details in Chapter 4. Our compre-
hensive experiments are presented in Chapter 5. Finally, we deduce important

outcomes of our study in Chapter 6.



Chapter 2

Related Work

This section first discusses the important object detection papers on remote sens-
ing images. Afterward, we mention the recent contextual object detection papers
on aerial images. Finally, we discuss the recent advancements in image inpainting

papers under remote sensing images.

In recent years, very important new concepts have been published in object
detection under remote sensing images. Xie et al.[5] proposed Oriented RCNN,
a two-stage detector designed to generate high-quality oriented proposals for the
first time efficiently. In this way, they achieved remarkable results using ori-
ented bounding boxes as a baseline object detector. Later, Pu et al.[6] intro-
duced the Adaptive Rotated Convolution (ARC) module to enhance the ability
of convolutional neural networks to handle objects with arbitrary orientations.
Their proposed architecture provides convolution kernels to rotate adaptively
based on the object’s orientation in the image. In this way, they improve the
feature extraction of objects in different orientations. Recently, DecoupleNet,
released by Lu et al.[7], introduces a lightweight backbone network specifically
designed for resource-constrained environments in remote sensing applications.
Their provided architecture has a promising classification and detection perfor-
mance among existing lightweight networks. These prominent studies released in

recent years mainly focus on detecting objects based solely on object features,



by lack of contextual information, compared to our work. Although orientation-
based methods outperform traditional horizontal-based detectors at capturing
object features using orientation techniques, whether by applying them within
the network by modifying convolutions or through explicit processing for bound-
ing box predictions to differentiate objects from the background more easily, they
are not capable of identifying false negatives. Therefore, false negative objects
are mistakenly accepted as background. Using a semantic contextual informa-
tion, our model gains more power to promote the representative features of the
objects to better localization and correct identification, even if the objects lack

representative features or are in a cluttered background in the image.

With the ultimate progression in large language models, transformer models
have drawn attention to different research fields under deep learning. We ob-
served a similar trend, followed by studies on object detection in remote-sensing
images. The VIiTAE, published by Wang et al.[8], is one of the first studies
specifically designed for remote sensing images using transformers. Compared to
Vision Transformer (ViT), Vitae uses different scales of window attention with
different orientations, which helps with the computational cost and better object
representation. Yu et al.[9] introduced the Spatial Transform Decoupling (STD)
approach, which employs a separate network to predict the orientation of the
bounding box of the object within the detection head. Compared to the ViTAE,
they additionally implement Cascaded Activation Masks (Cams) into the self-
attention modules to improve the features in the region of interest. Compared to
previous studies, the Large Selective Kernel Network (LSKNet) proposed by Li et
al.[10] focused more on contextual requirements for object detection. To capture
appropriate context for different scales of objects, LSKNet dynamically adjusts
the receptive fields of the selective kernels within its convolutional layers under
the feature extraction backbone. Zhao et al.[11] introduced a Point-Axis repre-
sentation to address challenges with traditional bounding box methods, such as
loss discontinuity and abrupt rotation changes. Their approach decouples object
location and rotation by representing objects with point sets for shape description
and axes for orientation cues. By integrating this representation into the Detec-
tion Transformer (DETR) framework, they developed the Oriented DETR model.



The vast majority of these studies cannot obtain enough richness of object repre-
sentative features, even if they use implicit contextual information obtained from
transformer architectures under the backbone. So, their provided mechanisms’
capability is more limited than consciously injecting the context as provided in

our model.

Despite the huge potential, the integration of contextual information for object
detection in remote sensing imagery remains relatively under-explored. Much of
the existing research in this field implicitly integrates contextual information by

modifying backbone architectures.

To improve detection performance, Ma et al. [12] proposed a multi-model
decision fusion network based on VGG16 and faster R-CNN. Their approach in-
tegrates a contextual information fusion sub-network based on gated recurrent
unit (GRU), combining local contextual features with object-object relationship
features to improve recognition of complex objects. Additionally, they intro-
duced a part-based multi-region fusion sub-network that merges multiple parts
of an object to capture detailed spatial information. Compared to the previous
study, Context-Aware Detection Network (CAD-Net)[13] directly obtains local
and global contextual information from the representative features over specific
layers under the backbone of the object detection model. The global context ob-
tained by ResNet’s top layer processed by Global Context Network (GCNet) and
Pyramid Local Context Network (PLCNet) captures object-level context from
the FPN levels. Later, those modules’ outputs are combined in the second stage
of the object detection model. More recently, Dong et al.[14] proposed a Gated
Context-Aware Module (G-CAM), which obtained local and global contextual
features from the model itself, like CAD-Net. The G-CAM replaces the standard
RoIAlign in FPN with a module that adaptively integrates useful local context
around each proposal and the global context of the entire image. This is achieved
through a gated function that selectively passes relevant contextual features to
the detection network. Afterward, Min et al.[15] released YOLO-DCTTI, which,
based on YOLOVT7, has a similar strategy that GCAM has embraced. They in-
tegrated the Contextual Transformer module (CoT-I) into the backbone of the

detection network to better capture spatial context and channel features. The
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CoT-I module incorporates global residual connections and local fusion strate-
gies, allowing the network to learn deeper-level representations. Additionally,
they designed a decoupled detection head structure (DCTI) to mitigate feature
conflicts between classification and regression tasks and improve the detection of
small objects. Scene Contextualized Detection Network (SCDNet) is one of the
latest studies in this research field released by Zhao et al.[16]. Their provided
architecture consists of three main modules; those are scene classification sub-
network (SCN), Scene Context Guided Fusion Module (SCGM), and Foreground
Enhancement Module (FEM). SCN module, based on the ResNet18 backbone
network, is used for capturing the scene contextual information to figure out the
relationship between objects and their surrounding. SGGM is used to integrate
scene context features with detection features. Additionally, FEM is a unique ap-
proach compared to previous works to enhance foreground object features while
suppressing background interference. Most of these mentioned papers, which use
contextual information, try to obtain contextual information from the parts of
the backbone of object detection models and integrate these implicit contextual
representative features into the later stages of the baseline architectures using
extra modules. In this regard, our approach is one of the exceptional ones that
obtains the context by benefiting from the generative mechanism to specifically
force learning both short and long-range dependencies among different parts of
the given image independently from the object detection architecture with more

intuitive and straightforward design choices.

Applying image inpainting methods under different applications of remote
sensing images is a new era, the capabilities of which have not yet been fully
covered. The studies can be accumulated under object removal and painting of
the occluded parts. Some prominent applications under these studies are cloud
and shadow removal, removal of man-made objects and artifacts, and anonymiza-

tion for privacy preservation to obscure sensitive locations.

One of the first studies in this field was released by Khan et al.[17] using
a spatiotemporal inpainting mechanism to fill the missing surface information
due to the consisting of artifacts, cloud occlusion, and limited camera aperture

in the aerial images. They provided a two-stage mechanism to overcome the

8



lack of representative information for monitoring the changes in the terrain. In
the first stage, image inpainting is used to fill in the missing spatial data with
higher temporal resolution. The inpainted satellite image is used in the second
stage, with learning region representation via convolution models for accurate
monitoring. Compared to a previous study, Dong et al.[18] focused on cloud
occlusion in remote sensing sea surface temperature (SST), facilitated by Deep
Convolutional Generative Adversarial Network (DCGAN). Their aim is to learn
the distribution of uncorrupted SST images from historical images by training
DCGAN. Later, the trained DCGAN was used to reconstruct occluded regions
caused by clouds. This study was one of the first promising results that highlight
the potential of GAN-based models in remote sensing applications, particularly
under restoration tasks. Similarly, Sun et al.[19] focused on removing clouds
from single optical remote sensing images without relying on multitemporal in-
formation by proposing the Cloud-Aware Generative Network (CAGN). Their
proposed architecture combined image inpainting and denoising techniques un-
der two-stage architecture. In the first stage, they apply a recurrent convolution
network with an attention mechanism to detect potential cloudy regions and gen-
erate a mask for those regions. For the second stage, they use an auto-encoder
embedded with partial convolution layers to update the masked area gradually.
More recently, Du et al.[20] pointed out the problem of missing information in
high-definition remote sensing images caused by CCD splicing gaps by proposing
a coarse-to-fine deep generative model with a novel Spatial Semantic Attention
(SSA) architecture. Their approach consists of a two-stage network; a coarse
network provides rough inpainting of missing areas, and a fine network refines
the inpainting results with detailed operations. The SSA mechanism, deployed in
both the encoder and decoder of the fine network, enhances local feature continu-
ity and global semantic relevance by modeling the relationships between known
and missing regions. Integrating SSA into their model helps reconstruct the
missing regions while preserving structural integrity and texture details. Sha
et al.[21] proposed an efficient pyramidal generative adversarial network (GAN),
one of the first papers that focused on versatile missing data reconstruction in
remote sensing images. Their architecture consists of a Mask Extraction Net-

work (MEN) to obtain a unified soft mask that represents intrinsic priors under



various scenarios, such as a thin cloud, and a Unified Inpainting Network (UIN)
that repairs diverse degraded images. By using dilated pyramidal convolutions
(DPCs) and an attention fusion mechanism (AFM), they improved feature ex-
traction. In this regard, our work focuses more on obtaining a semantic rep-
resentation rather than reconstructing the specific parts of an image. Different
from the mentioned used cases of the inpainting models under remote sensing
images, Zhang et al.s’[22] Context-Enhanced Masked Image Modeling (CtxMIM)
for remote sensing image understanding focuses more on learning representative
features from masked-image reconstruction. By formulating the original image
patches as reconstructive templates and employing a Siamese network architec-
ture, their method provides contextual information through context consistency
constraints during reconstruction. In this regard, we have a similar approach; in-
stead of pushing Siamese network architecture to capture contextual information
to reconstruct the images, we directly use an inpainting architecture to capture
both short and long-range contextual relational understanding to fill the miss-
ing parts of the image. The majority of these inpainting studies under remote
sensing apply common use cases of inpainting in different research areas, such as
occlusion or artifact reduction. Neither of these studies directly points out the
capability of image inpainting’s contextual learning to adapt effectively to object

detection.

Compared to the previous remote sensing studies under contextual object de-
tection and image inpainting, our proposed architecture provides a novel strategy
to help enhance the objects’ representative features for better localization and
identification using contextual information obtained from the inpainting model.
In contrast to previous architectures, our model obtains semantic context inde-
pendently from the backbone of the object detection model. Also, this is the
first time that inpainting has been integrated with the object detection model to

improve not just the performance of identifying objects but also the localization.
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Chapter 3

Methodology

Chess Mask

Masked Image

Stacking
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Original Image
Inpainting

Figure 3.1: Visualization of the proposed model’s inference pipeline on a sample

input image, demonstrating the sequential processing and resulting predictions.
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The proposed methodology’s main goal is to improve the detection (localization)
and classification (labeling) performance of the object detection model by in-
jecting semantic contextual information into the feature representation pipeline.
Our approach focuses on three key aspects: extracting representative features
of objects through the backbone of the object detection model, obtaining con-
textual information using image inpainting, and employing a fusion module to
combine these elements effectively. As shown in Figure 3.1, this method integrates
contextual information from the inpainting model with object features from the
backbone for enhanced performance. In later sections, we discuss design choices

and use cases for object detection, inpainting, and fusion modules.

3.1 Oriented Object Detector

There are several highly well-known one-stage and two-stage models with special-
ized versions applied to remote sensing images, such as You Only Look Once|[2]
and Faster RCNN[1]. Even though many improvements have been made to one-
stage algorithms in recent years, they cannot prevail over two-stage algorithms
for several reasons. Localization under complex environments[23] and detection
of small objects[24] are the most prominent problems of single-stage algorithms
under satellite images. Due to hardware improvements, the duration margin un-
der inference between one-stage and two-stage approaches gradually decreased.
For these reasons, we constrain our baseline object detection research findings
under two-stage algorithms. In addition, we find that oriented object detection
models outperform horizontal object detection. The main reason behind this per-
formance gap between the oriented and horizontal approaches is that the oriented
bounding box prevents background noise when capturing the object. In contrast,
the horizontal bounding box also captures representative features of objects with
background noise, especially if it is not aligned with the actual orientation of
objects. In this regard, we preferred to use the Oriented R-CNN|5] model as a

baseline for our architecture.
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The Oriented R-CNN model extends Faster R-CNN to handle arbitrarily ori-
ented objects by adding key structural enhancements. The model begins with
a feature extraction backbone followed by a Feature Pyramid Network (FPN),
combining multi-scale feature maps to leverage low-level detail and high-level se-
mantic features, enhancing detection across varied scales. The Oriented Region
Proposal Network (RPN) works on each FPN level to generate bounding box
proposals, predicting parameters such as each box’s center coordinates, width,
height, and orientation. This allows it to produce proposals that align with the
actual orientation of objects. Next, a Rotated Region of Interest (ROI) Align
process extracts feature representations from the FPN feature maps, aligned to
the proposed regions’ rotation. These aligned features are pooled into a fixed size
and passed through fully connected layers in the second detection stage to classify
objects and refine bounding box parameters. The final output includes refined
oriented bounding boxes and object classifications, ensuring accurate localization

and recognition.

Our aim in this work is to enhance the feature representation using contextual
information for a more precise control and improvement on both precision and
recall. In the oriented R-CNN framework, FPN offers a multi-scale representation
that supports generating object proposals and refining the resulting detections.
This capability enables accurate identification of objects with various size and
orientations. While there is information flow between the layers of the network
through residual connections, oriented R-CNN particularly uses four of these
levels as input to the classification and regression stages shown in Figure 3.2. We
denote these levels as F1, Fy, F3, and F from top to bottom with the upper layers
corresponding to higher-level semantics and larger objects due to their larger
receptive fields while the lower layers capture fine details and are particularly
useful for smaller objects. Given the input image X € R¥>*#*W where H and W
are image height and width in number of pixels, respectively, the representation
at each FPN level Fj,i = 1,...,4 is XF' e RBOCHDW where HE x WF =
H/32 x W/32, HF x W = H/16 x W/16, HF x WI = H/8 x W/8, and
HI x W[ = H/4 x W/4. Each level has 256 features channels, and for an
example image of 1024 x 1024 pixels, the four levels have sizes 32 x 32, 64 x 64,
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128 x 128, and 256 x 256 pixels, respectively. These representations will be used

in the contextual feature fusion in Section 3.4.

3.2 Inpainting Model

The Mask Aware Transformer (MAT)[4] for Image Inpainting model addresses
the task of reconstructing missing or damaged regions in images by taking ad-
vantage of transformers to capture both local and global context. Inpainting aims
to fill in the missing parts of an image so that the result looks natural and consis-
tent with the surrounding context. Traditional inpainting approaches generally
struggle with large, complex missing regions. The MAT utilizes the self-attention
mechanism in transformers to model long-range dependencies between different
parts of the image, helping the model effectively understand relations among dis-
tant and neighboring regions. Due to this reason, MAT is differentiated from
other inpainting models that generally use mask-aware and gated convolution-
type approaches that cause natural restrictions to look only at limited receptive

fields of the surrounding masked regions to fill in painted parts.

In the Mask Aware Transformer (MAT) inpainting model, the process begins
by passing a masked image through a convolutional head composed of four layers.
This head adjusts the input dimensions and downsamples the image, extracting
features, particularly from the unmasked regions, to streamline the data for the
transformer. The transformer then operates on tokens to capture long-range de-
pendencies, using shifted windows and dynamic masking to process only valid
tokens. Unlike traditional transformers, this version omits layer normalization
and relies on feature concatenation instead of residual learning to accommodate
incomplete tokens. Afterward, the transformer’s output is passed through a con-
volutional module to restore the original resolution, followed by a Conv-U-Net for
refining details. A Style Manipulation Module (SMM) is incorporated to ensure

that the inpainted areas align with the style of the original image.
The input to the MAT architecture is the input image X € R¥>**W and the
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binary mask M € {0, 1}#*W. The convolutional head produces the down-scaled

€ RISOXH/8XW/S Fach transformer layer Tj,i = 1,...,5, uses an at-

image X"
tention module with shifted windows and dynamic mask updating as depicted
in Figure 3.2. The attention module uses the Swin-Transformer strategy [25]
where non-local interactions are efficiently computed using only the valid tokens
as determined by the mask at that layer. The swin transformer blocks use differ-
ent sizes of shifted windows to capture different ranges of relationships between
masked and unmasked image regions. The mask at each layer is automatically
updated so that all tokens in a window become valid after attention as long as
there exists at least one valid token, whereas they remain invalid if all tokens are

invalid in the window.
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Figure 3.2: Contextual Object Detection via Inpainting (CODI) architecture

3.2.1 Transformer Units

The transformer layers follow an encoder-decoder design with the largest receptive
field in the central layer. The outputs of the transformer layers become X €
RIBOHIWE where HE x W = H/8 x W/8, HI x W] = H/16 x W/16, HT x
Wl = H/32 x W/32, Hf x W} = H/16 x W/16, and HI x WX = H/8 x W/8.
Each layer has 180 feature channels, and for an example image of 512 x 512 pixels,
the five layer outputs have sizes 64 x 64, 32 x 32, 16 x 16, 32 x 32, and 64 x 64

pixels, respectively. The input images for MAT are down-scaled to half size for
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computational reasons, to keep the number of tokens at a reasonable level. We
also present a heat map under each transformer unit experiment in section 5.3
to visualize the behavior of each transformer layer. In this regard, we selected

specific transformer units based on each one’s behavior.

3.2.2 Inpainting Setting and Training

An important design decision in adapting the MAT architecture as our contextual
backbone is the choice of the input mask. The conventional inpainting scenario
requires an input mask to explicitly identify image regions or objects that need
to be filled. However, our setting has no explicit mask as the objects of interest
in the image are unknown. Also, we do not prefer to use the MAT inpainting
model’s random masks because the masked areas’ random strokes can be large
and lose some important contextual information, especially for small objects. In
addition, the proposed model’s performance will not be consistent due to the
uncontrolled environment. Therefore, we designed a generic mask in the form of
a chessboard to capture the general layout of the image scene. The chessboard
structure consists of alternating square cells that correspond to valid (available)
and invalid (masked) image regions. The cell size in the chessboard grid is a
hyperparameter that we investigate in the ablation study in Section 5.4. We
adjust the cell size in coordination with the number of tokens used in different

transformer layers.

We used the split images in the training and inference phase of the inpainting
model. One of the main reasons for applying split images for training and in-
ference is that the inpainting model only takes 512 x 512 low-resolution images.
Therefore, resizing the original image to fit it into the inpainting model causes
information loss. In other words, low resolution causes poor representative con-
textual information to fill the masked region under the original scale of satellite
images. Another advantage of the split images strategy is limiting the contextual
information the inpainting model can process. In general, high-resolution satellite

images encapsulate large surfaces on Earth. For that reason, context can change
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regionally even in the same image. Lastly, applying the same split images for
both FPN levels with transformer unit layers covers a matched earth surface area
for processing. Putting full-scale images in the inpainting model, contrary to the
object detection model for the second stage of training and inference, causes the
same representative contextual information to be used even if the representative

features changed in the FPN levels due to using different parts of the same image.

3.3 Overview of the Contextual Detection

Mechanism

In this section, we mention the model’s overall detection mechanism. First, we
start by splitting images into smaller pieces and sending them to the object
detection model. Before the image tensor is processed by the backbone of the
object detection model, we send the same preprocessed image, with the applied
chess mask over it, to the trained inpainting model to obtain the representative
contextual features of the output of the transformer module for the given image.
Later, representative contextual information is combined with the representative
features of the objects gathered from the Feature Pyramid Network’s (FPN) levels
from the object detection model as shown in Figure 3.2. We applied our custom
fusion model depicted in Figure 3.3 to inject contextual information with the FPN
levels” object-representative features. Later, we directly continued the output of
the fusion model as a new FPN level, which also includes contextual information
with object representative features for further processing on the original object
detection architecture. So, our fusion module works under a backbone of Oriented
RCNN.
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Figure 3.3: Fusion architecture

3.4 Contextual Feature Fusion

The goal of the fusion module is to effectively combine the object-specific local
feature representations encoded in the FPN levels of the oriented object detector
with the contextual feature representations captured by the transformer layers of
the inpainting model. During fusion, we match the FPN levels with the trans-
former layers based on the compatibility of the resolutions of their feature maps.
First, we apply transposed convolutions to the outputs of the transformer layers
T3, Ty, and T5 so that their outputs are upsampled by a factor of 2. Then, the
FPN levels Fy, F», and Fj are paired with the transformer layers T3, T, and Tj
with matching resolutions H/32 x W/32, H/16 x W/16, and H/8 x W/8 pixels,
respectively. Since there is element wise feature addition between 77 and 75 and
between 75 and T} in the inpainting model, all layers effectively contribute to the
fusion process even though only three layers are directly paired with the FPN

levels.
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The proposed fusion module architecture is given in Figure 3.3. The input ten-
sor pair (X' XT) for the two branches in the fusion module correspond to the
paired feature maps (X{, XI), (XI', XT), and (XI, X7T). Our design contains
sequences of convolution blocks for learning of latent spaces for effective fusion
of information from both sources. Each convolution block includes two convo-
lution layers with batch normalization and ReLU activation applied after each
convolution. These convolutions do not modify the number of channels in the in-
put tensors to preserve the relative amount of contribution of each source before
concatenation, as we hypothesize that the object-specific feature representations
(with 256 channels in X*) should have a higher weight in the fusion than the
contextual feature representations (with 180 channels in X7). For combination of
the outputs of the two branches, we use channel-wise concatenation rather than
element-wise addition to both handle this difference in the number of channels,
and allow the following convolution block to learn an effective combination of the
two individual sets of channels representing the learned latent spaces in the earlier
branches. The final convolution layer maps the concatenated 436 channels back
to 256 so that these feature maps form the contextual pyramid network (CPN)
that can directly replace the FPN as the input to the oriented region proposal
network (RPN) in the oriented object detector.

Compared to the traditional residual approaches [26] that apply the skip con-
nections before the activation functions, we connect these connections after the
activations. Let = be the input to the convolutional block, f(z) be the map-
ping learned until the RelLU activation, and y be the result of adding the skip
connection as

y = ReLU(f(x)) + .

In the forward pass, this design ensures that only the activated features from
f(z) contribute to the output. This promotes sparsity and achieves an implicit
regularization effect. Moreover, adding the original input x helps that the essen-
tial information is preserved and propagated to subsequent layers, balancing the
complexity introduced by the nonlinear transformation. During backpropagation,

the derivative of the loss function L (to be discussed later) with respect to the
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input x becomes oL oL oL
— = —ReLU’ ! —
9 " oy (f(x)f'(x) + oy’
where the gradient flows directly through the identity path 0L/0y regardless of
the activation state of f(z). In contrast, the traditional residual block that is
defined as

y = ReLU(f(z) + x)
yields the derivative

0L 0L , ;
5= a—yReLU (f(z) +2)(f'(z) + 1)

where the gradient passing through the skip connection is adjusted by the deriva-
tive of the ReLLU activation. Our proposed fusion module provides an unaltered
gradient path through the residual connection and helps mitigating vanishing
gradient issues. This leads to more stable and efficient training dynamics over

the traditional approach.

3.5 Loss Functions

In this section, we talk about losses under two sections: object detection and
inpainting model. For both models, we used the default loss functions provided

by the original implementations for both object detection and inpainting models.

3.5.1 Object Detection Losses

The loss function that is used for the oriented object detector [5] considers both
the class labels and the bounding boxes for the predicted objects. First, each
object anchor is assigned a binary label, where the anchor is labeled positive if its
intersection over union (IoU) with any ground truth box exceeds 0.7, or if it has
the highest IoU among all anchors when its IoU with a matched ground truth box
is between 0.3 and 0.7. Anchors with IoU scores below 0.3 are labeled negative

and are ignored in the training process. As in [5], we adopt a cross-entropy term
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L for classification over all sampled anchors and a smooth L; term L., for
refining the bounding boxes, applied only to positive anchors. The overall loss

for the oriented RPN in the detector is given by

M M
1 o P .
»Cdet - M ZX_; »Ccls(piapi) + M Z £reg(bz’7 bz) (31)

i=1

where M denotes the number of sampled anchors, p; represents the predicted
class label for the ¢’th anchor, p! is the ground truth label for that anchor, b; is
the set of predicted offsets of the oriented bounding box, and b} corresponds to
the ground truth offsets that enable the network to learn accurate rotation and

shape adjustments.

3.5.2 Image Inpainting Losses

The inpainting model employs a versatile loss framework that includes an ad-
versarial loss, R, regularization, and a perceptual loss. The adversarial loss L,
has two parts: a generator loss that aims to produce realistic images that fool
the discriminator, and a discriminator loss that distinguishes between real and
generated images. The R; regularization penalizes the discriminator’s gradient
magnitude relative to its input, stabilizing the training by preventing overconfi-
dence. The perceptual loss £, ensures that the generated images align with the
target images not only in pixel intensity but also in texture, style, and contextual
semantics, ultimately enhancing the visual coherence of the inpainted regions.

Finally, the overall loss for the inpainting model is defined as
Ling = Lo + 7Ry + AL, (3.2)

where the coefficients 7 (set as 10) and A (set as 0.1) adjust the contributions of

R regularization and perceptual loss, respectively.
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3.6 Overall Model Training

In the first stage of the training, images are split into smaller pieces. These pieces
are then resized to 512 by 512. Later, A fixed-size chess mask is applied for all
the training images, and the MAT inpainting model is trained on these masked

images.

In the second stage of training, we operate the MAT inpainting model in
inference mode while running both the object detection model and the fusion
model in training mode. Similar to the first stage, the original images are divided
into smaller parts and then resized for the object detection model, depending on
the dataset. For the inpainting model’s inference process, the same split images
undergo additional resizing to fit into the inpainting model as in the first stage and

are combined with a chess mask to obtain representative contextual information.
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Chapter 4

Implementation Details

4.1 Dataset

For this study, we employ DOTA v1[27] and HRSC2016[28], a widely recognized
benchmark that supports oriented annotations for remote sensing object detec-
tion. We use DOTA v1 for its diversity, high-quality annotations, and multi-class
detection support. It includes 15 object classes: Plane (PL), Baseball Diamond
(BD), Bridge (BR), Ground Track Field (GTF), Small Vehicle (SV), Large Ve-
hicle (LV), Ship (SH), Tennis Court (TC), Basketball Court (BC), Storage Tank
(ST), Soccer Ball Field (SBF), Roundabout (RA), Harbor (HA), Swimming Pool
(SP), and Helicopter (HC). DOTA v1 has 188,282 object instances with rotated
bounding box annotations in 2806 images with sizes around 4000 x 4000 pixels,
enabling precise localization and orientation handling. Its widespread adoption

as a benchmark dataset in research justifies its use in this study.

We prefer to use HRSC2016 for its challenging maritime scenarios and de-
tailed annotations. The dataset comprises high-resolution remote sensing images
capturing a wide range of maritime scenes, including coastal areas, harbors, and

open seas. There are 1061 images in total, and each image is annotated with
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rotated bounding boxes that precisely capture ship orientations and scale varia-

tions, ensuring accurate localization.

We split high-resolution images into smaller 1024x1024 chunks for object de-
tection in DOTA. Meanwhile, for HRSC2016, we resized the original images to
800x1333 dimensions without any splitting. These images are directly used in
training and inference by the object detection model. We resized images to
512x512 for the inpainting model during training and inference. Consistent with
original Oriented RCNN/[5] and MAT[4] implementations, we applied similar pre-
processing techniques, including data augmentation (horizontal and vertical flip-
ping) and normalization. Additionally, MAT converts grayscale images to RGB

format and applies mirroring for further data augmentation.

4.2 The Design Choices

In the preprocessing, we used both single and multi-scale split approaches for
the input images. We used the sliding window technique with padding in the
image-splitting process. Consistent with [5], we split the images into 1024 x 1024
pixel tiles with 200-pixel strides for single-scale experiments. The main reason
we chose a single scale with 1024 pixel tiles over smaller ones is that, we need
to capture contextual information even if we sacrifice the representation of small
objects. Another reason is that bigger window sizes have faster training times
than smaller window sizes, which are accompanied by smaller strides. In that
sense, our chosen hyper-parameters for a single scale are the sweet spot to observe
the benefit of injecting context over the Oriented RCNN. Similarly, we resize the
original images at three scales (0.5, 1.0, and 1.5) and split them into 1024 x 1024
pixel tiles with 500-pixel strides for multi-scale experiments. The oriented object
detector takes the 1024 x 1024 pixel images as input during both training and
inference. Applying multiscale splitting, we capture contextual information on a
larger scale and obtain more representative features for small objects on a smaller
scale, boosting the performance of our model. Due to hardware limitations, our

recall and precision experiments were done in single-scale images.
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In the backbone of our proposed model, we only applied ResNet-50 due to
similar limitations as in multi-scale. Using the ResNet-50 backbone, we obtained
faster training and inference times with a convenient batch size. Moreover, our
model’s backbone is deeper due to the integration of the fusion model; we do
not want to encounter any training instability, such as a vanishing gradient prob-
lem. From our observations, Oriented RCNN with ResNet-50 or ResNet-101 also

performs similarly.

In the second training stage of our model, we first applied default object de-
tection preprocessing for the batch of images. Before processing the input in the
ResNet backbone part, send the images to the inpainting architecture with addi-
tional preprocessing, such as resizing 512 to 512 images with the batch number of
chess masks. The main reason for fetching a batch of split images in the ResNet
backbone for the inpainting part is the stochasticity of iteration in training. In
training and inference, we choose masks with 16 squares for both width and
height. Therefore, each square in our mask consists of 32 by 32 pixels, and the
resolution of the mask is 512 by 512 pixels. We further discuss the main reason
for applying the specific box number as a hyperparameter for the chess mask in

section 5.4.3.

4.3 Training Procedure

During the training process for both DOTA and HRSC2016, we utilize Stochastic
Gradient Descent (SGD) with a momentum parameter of 0.9, an initial learning
rate of 0.02, and a weight decay coefficient of 0.00013. To maintain numerical
stability, we incorporate gradient clipping with a maximum L2 norm of 35. A
stepwise learning rate schedule is implemented, reducing the learning rate by
a factor of 10 at epochs 12 and 16 for DOTA, and at epochs 36 and 48 for
HRSC2016. Additionally, a linear warm-up is employed over 500 iterations, com-
mencing at 0.001 of the initial learning rate to mitigate early gradient explosions.
The models are trained for 18 epochs on DOTA and 54 epochs on HRSC2016,

using a batch size of 8, primarily due to hardware limitations. For the inpainting
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training stage, we employ a learning rate of 0.001 with a reduced batch size of 4.

4.4 Evaluation Metrics for Object Detection
and Inpainting Model

We preferred to use mean Average Precision (mAP) to evaluate our proposed ar-
chitecture’s performance due to its wide range of popularity studies under object
detection. In addition, the DOTA benchmark dataset prefers to use the mAP
evaluation metric for comparison. Another reason for choosing mAP is to observe
the performance of our model by accounting for both precision and recall under
different score thresholds for detected objects under inference configuration. We
used PASCAL VOC_07[29] when we used the validation set as a test set in our
DOTA dataset experiments. The DOTA remote server test set evaluation uses
PASCAL VOC_12[30]. For the HRSC dataset, we used both PASCAL VOC_07
and PASCAL VOC_12 evaluation protocol. For all our mAP evaluations, we use
the polygon Intersection over the Union (IoU) because of working with oriented
bounding boxes. The Fréchet inception distance (FID) evaluation metric is used

for the inpainting part.
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Chapter 5

Experiments

In all experiments, we used the DOTA dataset to demonstrate the impact of
context on object detection over the base model. Moreover, DOTA is among the
few datasets that provide oriented, multiclass annotations. Additionally, we use

the HRSC2016 dataset to demonstrate our model’s generalizability.

5.1 Evaluation in DOTA-v1

The first set of experiments compares CODI with well-known one-stage and two-
stage object detection methods on the DOTA dataset. Table 5.1 presents both
class-specific and overall mAP scores for all methods. We present the results
corresponding to a ResNet-50 backbone and multi-scale processing whenever ap-
plicable for fair comparison. We also present the results for both the baseline
model (oriented R-CNN) and CODI using both single-scale and multi-scale data
preparation settings. The results show that the proposed model outperforms the
baseline model for both single-scale (with an mAP of 71.24% versus 70.57%) and
multi-scale (with an mAP of 76.61% versus 76.01%) experiments according to the

scores obtained from the official DOTA evaluation servers. The improvements for
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both settings show the effectiveness of the proposed integration of contextual in-
formation in the detection process. CODI also achieves a better performance

compared to all of the other detection methods in Table 5.1.

When individual classes are considered, the results confirm that our model de-
livers its most significant gains over the baseline for both single- and multi-scale
settings for the classes whose identities are reinforced by distinctive environments.
Harbors, for example, are uniquely framed by docks, water, and quaysides, bridges
are signaled by a road span over a river or valley, and sports venues such as base-
ball diamonds, ground track fields, and basketball courts present characteristic
line markings, grass boundaries, and surrounding stands and open areas. When
CODI can attend to these characteristic scene layouts, detection accuracy in-
creases remarkably relative to the baseline. Conversely, classes whose instances
appear in isolation or in visually cluttered backgrounds, such as small and large
vehicles, and storage tanks, derive limited benefit and, under multi-scale infer-
ence, may even lose accuracy over the baseline because the added context dilutes
discriminative object cues and inflates false positives with respect to the class
probability threshold.
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Table 5.1: Comparison of the proposed model CODI with various one-stage and
two-stage object detectors in terms of both classwise and overall mean average
precision (mAP) scores on the DOTA dataset. Horizontal bounding box (HBB)
results are given when oriented bounding box (OBB) results are not available.
Both single-scale and multi-scale results are provided for both the baseline ori-

ented R-CNN (O-RCNN) model and our model CODI.

Method BBox PL BD BR GTF SV LV SH TC BC ST SBF RA HA SP HC mAP
One-stage
SSD[27] HBB 41.06 24.31 4.55 17.10 15.93 7.72 13.21 39.96 12.05 46.88 9.09 30.82 1.36 3.50 0.00 17.84
YOLO_v2[27] HBB 52.75 24.24 10.60 35.50 14.36 241 7.37 51.79 43.98 31.35 22.30 36.68 14.61 22.55 11.89 25.49
PIoU[31] OBB  80.90 69.70 24.10 60.20 38.30 64.40 64.80 90.90 77.20 70.40 46.50 37.10 57.10 61.90 64.00 60.50
RetinaNet-0[5] OBB 88.67 77.62 41.81 58.17 74.58 71.64 79.11 90.29 82.18 74.32 54.75 60.60 62.57 69.67 60.64 68.43
DRN[32] OBB 89.71 82.34 47.22 64.10 76.22 74.43 85.84 90.57 86.18 84.89 57.65 61.93 69.30 69.63 58.48 73.23
DHRec[33] OBB 88.58 77.90 53.84 7293 7845 78.84 87.64 90.88 88.78 85.46 56.11 66.74 67.58 70.25 57.53 T4.57
SASM[34] OBB 86.42 7897 5247 69.84 77.30 75.99 86.72 90.89 82.63 85.66 60.13 68.25 73.98 72.22 62.37 74.92

Two-stage
Faster RCNN([27] HBB 7942 77.13 17.70 64.05 35.30 38.02 37.16 89.41 69.64 59.28 50.30 52.91 47.89 4740 46.30 54.13

Faster R-CNN-0[5] OBB 8844 73.06 44.86 59.09 73.25 7149 77.11 90.84 78.94 83.90 48.59 62.95 62.18 64.91 56.18 69.05
Rol Transformer(35] OBB 88.64 78.52 43.44 7592 68.81 73.68 83.59 90.74 77.27 81.46 58.39 53.54 62.83 58.93 47.67 69.56

CAD-Net[13] OBB 87.80 8240 4940 7350 71.10 6350 76.70 90.90 79.20 73.30 4840 60.90 62.00 67.00 62.20 69.90
ICN[36] OBB 89.97 77.71 53.3%8 73.26 73.46 65.02 78.22 90.79 79.05 84.81 57.20 6211 7345 70.22 58.08 7245
OSKDet[37] OBB 89.98 86.99 53.13 7555 72.87 76.97 87.63 90.74 78.87 86.97 60.13 70.68 75.70 7153 65.60 76.22
COBB[38] OBB - - - - - - - - - - . - - - 7653

O-RCNNJ[5] (single) OBB 89.28 74.49 53.47 71.75 63.67 81.39 86.24 90.88 82.95 84.17 56.35 42.00 67.09 62.00 52.83 70.57
Our model (single) OBB 89.19 75. 69 54.78 72.54 65.86 81.63 85.70 90.89 83.93 84.11 57.65 41.11 7247 62.77 50.14 71.24
O-RCNNJ[5] (multi) OBB 89.86 82.98 59.65 77.96 61.50 83.67 87.25 90.86 85.83 87.12 71.39 43.09 78.37 69.97 70.63 76.01
Our model (multi) OBB 89.97 83.94 60.63 79.07 5879 83.41 87.42 90.84 87.00 87.62 69.09 47.29 79.13 69.63 75.29 76.61

5.2 Evaluation in HRSC2016

The second set of experiments compares CODI with other object detection meth-
ods on the HRSC2016 dataset. Table 5.2 presents the mAP scores for all meth-
ods. We use the same hyperparameters as those used for the DOTA dataset.
We also use the inpainting model trained on the DOTA dataset for these exper-
iments, which is demonstrated in Figure 5.4. CODI outperforms the oriented
R-CNN baseline when using a ResNet-50 backbone with mAP scores of 90.57%
and 96.73% according to the PASCAL VOC 2007 and 2012 version of the perfor-
mance metric, respectively. According to Table 5.2, CODI achieves the highest
score under the 2007 metric and shows a very competitive performance based on
the 2012 metric among all presented models. We also provide visual examples in
Figures 5.1 and 5.2, which demonstrate our model’s improved performance over

the baseline in terms of recall and precision, respectively.
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Table 5.2: Comparison of the proposed model CODI with various object detec-
tors with respect to mean average precision (mAP) (both PASCAL VOC 2007
and 2012 versions) on the HRSC2016 dataset. Information on the backbone ar-
chitecture used is also provided.

Method Backbone mAP(07) mAP(12)

Rotated RPN|[39] ResNet-101-FPN 79.08 85.64
Rol Transformer[35] ResNet-101-FPN 86.20 -
Gliding Vertex[40]  ResNet-101-FPN 88.20 -

PloU[31] DLA-34 89.20 ;

R3Det[41] ResNet-101-FPN  80.26 96.01
DAL42] ResNet-101-FPN  80.77 :

CenterMap-Net[43]  ResNet-50-FPN 89.83 92.10
DRN|[32] H-34 - 92.70
S?ANet[44] ResNet-101-FPN 90.17 95.01
OrientedFormer[45]  ResNet-50-FPN 90.17 96.48
DETR-ORD[46] ResNet-50-FPN 90.21 96.80
Oriented R-CNNJ[5]  ResNet-50-FPN 90.30 96.52
AOPG[47] ResNet-50-FPN  90.34 96.22
Oriented DETR[11] ResNet-50-FPN 90.52 97.73
Our model ResNet-50-FPN 90.57 96.73
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Ground Truth Base Model Our Model

Figure 5.1: Examples of the improved detection performance achieved by the
proposed model compared to the baseline in HRSC2016 dataset. At a confidence
threshold of 0.01 for the proposed and default setting for the based model, the
proposed model identifies more true positives without introducing additional false
positives, thereby achieving higher recall while maintaining precision.
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Figure 5.2: Illustrating the precise detection performance of the proposed model
against the baseline in HRSC2016 dataset. At a confidence threshold of 0.01
for the proposed and default setting for the based model, the proposed model
identifies a higher precision while maintaining recall, effectively reducing false
positives without compromising detection sensitivity.
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Figure 5.3: Continue of figure 5.2
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Figure 5.4: Mlustrating the HRSC2016 dataset inpainting results obtained from
MAT weights trained on the DOTA-v1 dataset applied on Chess Mask 32 x 32

pixel setting.
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5.3 Contextual Pyramid Network Visualization

For qualitative evaluation and explainability of how fusion of contextual infor-
mation captured by the transformer layers in the inpainting model enhances the
object representations in the feature pyramid network, we visualize the corre-
sponding feature and attention maps in Figure 5.5. These maps illustrate the
parts of the scene that the model focuses on using different receptive fields. In
particular, the upper layers correspond to higher-level semantics and larger ob-
jects whereas the lower layers capture smaller details in the scene. We observe
that the FPN feature maps and the transformer attention maps in the same level
have compatible resolutions in the corresponding heatmaps, confirming our de-
cision for pairing these particular maps in the fusion process. When the FPN
levels of the baseline model are considered, the focus moves from the taxiway
on the upper levels to individual airplane details on the lower levels. When the
FPN levels of the proposed model are considered, we can already see improved
contrast due to the effect of backpropagation during learning the whole contex-
tual model. Furthermore, when the attention maps of the inpainting model are
considered, the focus moves from larger taxiway and apron regions on the upper
layers to small details on the lower layers. Finally, when the fused levels in the
contextual pyramid network are considered, we see more consistent activations
and better localization of the taxiway and surrounding grass regions that cor-
respond to the general context of the scene environment on the upper levels to
rows of airplanes, taxiway markings, and individual object details on the lower
levels. These enhanced representations lead to improved precision in the final
output image compared to that of the baseline model. Through finding an effec-
tive balance among both within-level and between-level relationships of the scene
content in the contextual pyramid network, the proposed model improves both

precision and recall with better object localization in the detection process.
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Figure 5.5: Visualization of the feature pyramid network (FPN) levels of the
oriented object detector and the attention maps of the transformer layers of the
inpainting model, as well as the proposed fusion result as the contextual pyramid
network levels. The FPN levels of the baseline-oriented R-CNN model are also

shown.
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Figure 5.6: Continuation of Figure 5.5.
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Figure 5.7: Continuation of Figure 5.6.
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Figure 5.8: Continuation of Figure 5.7.
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5.4 Ablation Study

The ablation experiments use the training and validation subsets of the DOTA
dataset for training and testing the proposed detection pipeline, respectively. We
use the PASCAL VOC 2007 definition for mean average precision for performance
evaluation. We also use individual precision and recall values across various
class probability thresholds to thoroughly evaluate the differences in performance
between our model and the baseline. An IoU threshold of 0.5 is used for both

models.

5.4.1 Score Threshold Analysis

The first set of ablation experiments evaluates the effect of the class probability
threshold on different performance metrics during inference. Figure 5.9 shows the
number of detected objects and the resulting precision, recall, and mAP values at
different threshold levels for both the proposed model and the oriented R-CNN
baseline. When the class probability threshold is decreased from the default
value of 0.05 to 0.01, the baseline model produces significantly more predictions
(an increase of 100%) that lead to an increase (from 0.8716 to 0.8893) in its
recall performance. However, it also leads to a significant decrease (from 0.3995
to 0.1744) in precision because many of the newly detected objects are false
positives. On the other hand, when the threshold is decreased from 0.05 to
0.01, the proposed model predicts 39% more objects with a similar increase in
recall (from 0.8680 to 0.8835) but with a much smaller decrease (from 0.4672
to 0.3127) in precision. In particular, the recall score difference between the
baseline and our model is 0.005 or less in favor of the former when the threshold
is smaller than 0.05, but the difference in precision increases to almost 0.14 in our
model’s favor in the same setting. Furthermore, the proposed model has a higher
mAP score than that of the baseline model for all threshold values, and achieves
a higher precision score for all recall levels. These experiments show that the
proposed fusion of the contextual information captured by the inpainting model

with the object embeddings computed by the feature pyramid network leads to
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more selective and precise object representations that help the second stage of

the object detector to identify the objects in the scene more accurately.

Tables 5.4, 5.3, and 5.5 present the details of the classwise precision, recall,
and mAP values at different thresholds, respectively. From the profound class-
wise analysis of these Tables, we can conclude that lowering the confidence-score
threshold reveals a notable difference between CODI and the baseline Oriented
RCNN, particularly for classes that share many visual similarities with their sur-
roundings. Specifically, for classes such as Storage-tank, Harbor, Ship, and Plane,
CODI outperforms the baseline model due to its superior utilization of contextual
information. When the threshold is decreased, CODI gains additional true de-
tections, resulting in increased recall. Although this degradation slightly reduces
precision, CODI’s precision remains relatively high compared to the baseline. In
contrast, under identical conditions, Oriented RCNN admits a significantly higher
number of false positives, causing a sharp deterioration in its precision despite an
increase in recall. For rarer or smaller classes, including Helicopter, Bridge, and
Soccer-ball-field, CODI already benefited from spatial context effectively at the
original threshold 0.05, thus achieving a better precision-recall correlation com-
pared to Oriented RCNN. Lowering the threshold for CODI further recovers a few
additional true instances, thereby increasing recall with a moderate decrease in
precision. On the contrary, decreasing the threshold for Oriented RCNN yields a
small margin of improvements in the overall precision-recall relationship relative
to CODI. Overall, integrating semantic contextual information enables CODI to
improve recall with only a moderate precision trade-off. Meanwhile, the baseline
model achieves higher recall predominantly at the cost of a significant increase in

false positives when the confidence-score threshold is lowered.

Qualitative illustration of the detection performance and the improvement in
both precision and recall for the proposed model are presented in Figures 5.1, 5.2,
5.10 and 5.11. In Figure 5.10, decreasing the threshold from 0.05 to 0.01 resulted
in a similar recall performance with many more false positives that led to a loss
in precision for the baseline model. However, the proposed model detects more
objects with minimal false positives, resulting in an improvement in recall at a

very similar level of precision. In Figure 5.11, the recall performances of both
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models are similar at a threshold of 0.01, but the proposed model achieves higher
precision with fewer false positives. Finally, in Figure 5.1 and 5.2, we see that the
proposed model achieves higher recall or precision while preserving precision or
recall, respectively, whereas the baseline model has missing or false detections at
a default assigned threshold of 0.05. Overall, by calibrating the class probability
threshold, we can have effective control over enhancing the recall performance
with minimal precision trade-offs while filtering low-scoring predictions prior to

non-maximum suppression during inference.
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Figure 5.9: Effect of class probability threshold on detected object count and
performance metrics (precision, recall, mAP) for the proposed model (blue) and
oriented R-CNN baseline (orange) on the DOTA dataset. (a) Number of detected
objects vs threshold. (b) Average precision vs threshold. (c¢) Average recall vs
threshold. (d) Mean average precision vs threshold. (e) Average precision vs

average recall.
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B.M. Threshold 0.05 O.M. Threshold 0.05 B.M. Threshold 0.01 O.M. Threshold 0.01

Figure 5.10: Effect of class probability threshold on DOTA detection results. Rows represent
different scenes. Colors indicate green (correct), yellow (incorrect class), and red (false pos-
itives). Columns (left to right): ground truth; oriented R-CNN baseline at threshold 0.05;
proposed model at 0.05; oriented R-CNN baseline at 0.01; proposed model at 0.01. Lowering
the threshold increases recall for the proposed model without precision loss, while the baseline
shows more false positives without improved recall.
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Ground Truth Base Model Our Model

Figure 5.11: Effect of class probability threshold on DOTA detection results. Each row repre-
sents a scene. Colors: green (correct), yellow (wrong class), red (false positives). Columns (left
to right): ground truth, oriented R-CNN baseline (threshold 0.01), proposed model (threshold
0.01). The proposed model achieves similar recall but improved precision over the baseline.
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Figure 5.12: Continue of figure 5.11
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5.4.2 Scene Level Prediction Analysis

In the scene-level contextual experiments, our aim is to observe both the base
and our model’s prediction behaviors more profoundly. In the first part, we
differentiated each image by looking at its object class distribution and stacking
the similar distributions under the same cluster. In this regard, a total of 9
clusters shown in Figure 5.13 are appropriate to capture different scenes. When
choosing the cluster number, we focused on observing similar classes under the
same group of images. In this respect, more than 9 clusters divide the similar
class distribution images into two different groups. On the other hand, decreasing

the cluster number results in unrelated classes being accommodated under the

same scene.
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Figure 5.13: Illustrating the distribution of object classes under each cluster,
which presents different scenes.

In the second part, we aim to observe the prediction performance of objects’
identities for both the CODI and the base model in different scenes. For this rea-
son, we extract a false positive vector, which includes the number of predictions
for the given class, and we have a corresponding ground truth vector obtained
from the annotations for each image. Both ground truth and false positive vec-
tors have a length of 15, which is the number of classes provided by the DOTA
dataset. If a false positive vector has an object for a given class, but the ground

truth annotation does not include that class, then we call it a "non-contextual
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class”. However, if both the ground truth vector and the false positive vector
have an object for the given class, we call it a ”contextual class”. To calculate
the ratio of contextual and non-contextual classes for different scenes in the given
plots in Figure 5.14, first, we calculate the ratio of the total number of predictions
in contextual classes over the total number of predictions under the false positive
vector in each image. Afterwards, we take the overall cumulative of these ratios of
images under the same clusters. In Figure 5.14, our model has better contextual
predictions in every scene, even when we increase the threshold to 0.05. Also,
when the threshold is 0.01, clusters 1, 3, 4, 5, and 9, those corresponding to the
identical cluster ids under the Figure 5.13, have better contextual class identifica-
tion performance among all clusters. Specified clusters capture scenes that have a
strong bond among classes’ identities with their backgrounds. Additionally, these
scenes have specific background features with limited classes. For instance, we
only expect ships and harbors in the blueish background. Therefore, our model
effectively uses these semantic contextual clues for better detection under these
specific scenes. We can differentiate these scenes under the harbor, airport, open
sea, and sports activity. However, scenes that include classes with cluttered and
non-distinctive background features have presented a lower gap between base and

our model in contextual false positive ratios.

5.4.3 Different Sizes of Chess-masks

The third set of ablation experiments evaluates the effect of the chessboard mask
sizes within the inpainting model demonstrated in Figure 5.15. We evaluated the
three different chess-mask settings by applying a lightweight fusion model with
a shorter period of training session and presented in Table 5.6. The experiments
presented earlier use 32 x 32 pixel square grid cells in the default setting. We also
consider 8 x 8 and 64 x 64 pixel cells as alternatives. When 8 x 8 cells are used, the
inpainting model tries to fill in the masked image regions by looking at more local
parts of the image. Even though this works well for small objects such as a small
vehicle presented in Table 5.6, it is ineffective for larger-scale targets. The MAT

inpainting model [4] also supports our experiments through evaluations on the
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Figure 5.14: Demonstrating the distribution of false positive predictions that
belong to contextual or non-contextual classes. These plots show that our model
has better prediction performance depending on the scene than the base model.
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CelebA-HQ [48] and Places [49] datasets using small and large masks. For both
datasets, the FID score, which measures how closely the distribution of features
from generated images matches that of original images, is significantly lower for
small masks, indicating that the model fills smaller regions more consistently and
less aggressively. In other words, lower FID score predictions have better align-
ment in terms of structural and semantic with the original images. Therefore,
the inpainting model cannot capture the local details when the larger 64 x 64
cells are used for learning the context. Thus, the 32 x 32 pixel setting emerges
as a good balance regarding the scale of the details used for capturing the rela-
tionships between the valid (available) and the invalid (masked) image regions.
Additionally, we conduct further experiments to understand the behavior of the
mask at each layer in MAT inpainting, from the convolutional head up to the
output of the second transformer unit shown in Figure 5.17. We find that only
256 x 256 pixel setting grid cell masks are not filled until the second transformer
unit. In this regard, transformer units behave like restoration in smaller masked
regions, as demonstrated in Figure 5.19. Finally, to better understand the trans-
former units’ role in filling the missing areas in the given image, we applied 1 x 1
partial convolutions in the convolution head. The further experiments done in
Figure 5.21 support our previous experiment that transformer units mainly re-
store the warped image rather than inpainting the masked areas, and most of
the inpainting duty is undertaken by the convolution head with 3 x 3 partial

convolutions.
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Figure 5.15: Demonstration of MAT inpainting performance on remote sensing
images, showing results from the inpainting model trained and tested with dif-

ferent chessmask settings.
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Figure 5.16: Continue of figure 5.15
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Figure 5.17: Demonstration of the behavior of different mask settings, with out-

puts observed after the convolution head and transformer unit stages in the MAT

architecture.



First transformer unit output 64 x 64 pixels

Second transformer unit output 32 x 32 pixels

Figure 5.18: Continue of figure 5.17
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Figure 5.19: Demonstrating each transformer unit’s behavior and individual con-
tribution to the inpainted images. The output of each transformer unit is illus-
trated by bypassing the remaining transformer units and applying only upsam-

pling before the convolutional reconstruction tail.
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Figure 5.20: Continue of figure 5.19
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Figure 5.21: Effect of partial convolution kernel size in the convolution head for

inpainted images. Here, a 1x1 kernel is used to analyze transformer unit behavior,
whereas the original MAT inpainting uses a default 3 x 3 partial convolution

kernel.
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5.4.4 Different Design Choices

This section mentions different architectural choices with training strategies that

were experimented with and thoroughly presented in Tables 5.7, 5.8, and 5.9.

We comprehensively monitored the training phase of each model before de-
ciding on architectural design choices and hyperparameter tuning. Our training
phase monitoring plots in Figure 5.22 show us that the 32 x 32 pixel setting mask
with best fusion model and hyperparameter settings does not show any overfit-
ting signs due to validation set mAP is stabled at approximately %80 after the
14’th epoch. Moreover, we do not see any gradient explosion indication when we
monitor the gradient norm graph. Our accuracy graph and average loss curve

increase and decrease in a stable way, respectively.
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Figure 5.22: Demonstrating our model’s training monitor under 18 epochs. (a)
Gradient norm per epoch. (b) Accuracy per epoch. (c) Average loss per epoch.
(d) Validation set mAP per epoch. The validation set is evaluated on the ran-

domly chosen subsample of 10% of the original training set.
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Initially, our experiments were done in the last transformer unit X?’s output.
We applied the representative contextual information of output tokens of X7 for
all the Feature Pyramid Network’s (FPN) levels. However, the results were 6.23%
lower than the base model when the DOTA validation set was used as a test set.
In that respect, injecting a single transformer unit’s output as a context for each
FPN level behaves as noise, and only the roundabout average precision score
surpasses the base model by a small margin. Therefore, we prefer to use X1, X7

and X7 with the corresponding FPN level by their dimensional compatibility.

Our custom fusion model includes too many variables under the chosen acti-
vation functions, normalization types, skip connection strategy, convolution layer
numbers, and a combination of two different feature maps as presented in table
5.7. We applied the smish [50] activation function presented as 'M33 to M35’
in table 5.7. Compared to the lightweight ReLLU activation function, Smish is a
burden on the memory, causing a decrease in the batch size to half. Even if we
applied group norm[51] with gradient accumulation when using smish, we cannot
reach the performance of applying ReLLU with batch normalization. Similarly, we
applied group norm with different gradient accumulation hyperparameters using
the ReLU activation function and could not reach the performance we obtained
with batch normalization with the ReLU activation function. For the skip con-
nection, we applied the same strategy on the Residual Network[26] paper, and
our monitoring under training presents oscillations for gradient normalizations
under iterations, which cause unstable training. Because of the caveats, we men-
tioned profoundly in section 3.4, obtained a dramatically lower score on the skip
connection applied before the activation function in models from M05 to M09
in table 5.7 compared to the base model. We also observed a similar training
stability issue under Oriented RCNN training. So, when we train the base model
several times, we have a small margin of difference in testing on the DOTA’s
validation set as a test set. Our novel approach for modifying the skip connec-
tion arrangement helps our model to be more robust to oscillations in training.
For this reason, we obtained more robust and higher test results with minimal

marginal change even after being trained several times.
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We applied three different strategies, element-wise addition, channel-wise ad-
dition, and cross-attention, to fuse two different tensors obtained from the trans-
former units and FPN levels. First, we applied element-wise addition. However,
element-wise addition injected into the fusion model in M03 and M04 shown in
table 5.7 could not keep up with any of the channel-wise addition with similar
settings. From the scores, we interpret that directly applying element-wise ad-
dition with two different feature representation maps can damage each other’s
representative features. Therefore, channel-wise addition prevails over this diffi-
culty by not losing any features coming from both tensors and learning harmony
between representative object features with the related contextual features under
the final convolution block before the tensor compression in channel-wise for use
as the corresponding FPN level. We also tried cross-attention before concatena-
tion presented as M36 in table 5.7 to highlight the important features for both
tensors coming from the FPN level’s output and the transformer unit’s output.
Because of the GPU limitations, we can only train it under two batches, which
performs worse than our current proposed fusion model, with too much overload

on the hardware.

Finally, we applied different convolution block numbers before and after con-
catenation. Our experiments in table 5.7 show us that applying more than two
convolution blocks before concatenation and one convolution block after concate-
nation changes our evaluation results with small margins. So, our proposed fusion

model gives the optimum result with a lightweight design.

We applied a greedy search strategy to find out an optimal hyperparameter
and training strategies over a fixed fusion model, including a single convolution
block before and after the concatenation, presented in table 5.8 and table 5.9. We
start by applying the default hyperparameter setting used in the base model[5],
dictated as ’Original’ in table 5.8, and obtain a low score compared to the base
model. This is because even though our provided model has more learnable
weights, we used the same weight decay and epoch number, causing our model to
overfit the dataset and not fully train due to complexity. Therefore, for the later
hyperparameter searches, we increase the weight decay to decrease high variation

by penalizing the high weight values and also increase the epoch number for our
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model to learn better due to more learnable parameters over the base model.

We also tried Adam with stepwise linear learning shown as v1_1 in table 5.9
rather than stochastic gradient descent with momentum. Even though we applied
a twenty times smaller learning rate in Adam, gradients exploded in the training
phase. Additionally, rather than applying stepwise learning in stochastic gradient
descent with momentum, we applied cosine annealing presented as v1_2 in 5.9, and
even though the training interval is 1.5 times higher than stepwise linear learning,

our model cannot obtain a remarkable mAP score in the DOTA dataset.
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Table 5.7: Analysis of different fusion models with varying hyperparameters,
emphasizing their effect on mAP performance in the DOTA-v1 validation dataset
used as a test set.

D Hyperparameter L Weight Step size Total Score mAP
type decay epochs thr.
Mo1 sgd with linear 0.02 0.00012 (12, 16] 18 0.02 77.34
MO02 sgd with linear 0.02 0.00012 (11, 15] 16 0.03 76.91
MO03 sgd with linear 0.02 0.00012 [11, 15] 16 0.03 76.42
Mo04 sgd with linear 0.02 0.00012 [11, 15] 16 0.02 76.90
MO05 sgd with linear 0.02 0.00012 (11, 15] 16 0.05 76.18
MO06 sgd with linear 0.02 0.00012 [12, 16] 18 0.03 76.47
MO7 sgd with linear 0.02 0.00012 (14, 19] 20 0.02 76.04
MO8 sgd with linear 0.02 0.00013 [14, 19] 20 0.01 76.45
MO09 sgd with linear 0.02 0.00014 [14, 19] 20 0.02 76.54
M10 sgd with linear 0.02 0.00012 [11, 15] 16 0.05 75.31
M11 sgd with linear 0.02 0.00012 [12, 16] 18 0.03 76.89
M12 sgd with linear 0.02 0.00013 (12, 16] 18 0.01 76.59
M13 sgd with linear 0.02 0.00013 [12, 16] 18 0.01 77.63
M14 sgd with linear 0.02 0.00012 [12, 16] 18 0.01 77.26
M15 sgd with linear 0.02 0.00014 [12, 16] 18 0.01 76.31
M16 sgd with linear 0.02 0.00013 [14, 19] 20 0.01 76.78
M17 sgd with linear 0.02 0.00013 (12, 16] 18 0.01 76.67
M18 sgd with linear 0.02 0.00014 (12, 16] 18 0.01 76.95
M19 sgd with linear 0.02 0.00015 (12, 16] 18 0.02 76.79
M20 sgd with linear 0.02 0.00014 [13, 18] 20 0.01 77.00
M21 sgd with linear 0.02 0.00013 [12, 16] 18 0.01 77.13
M22 sgd with linear 0.02 0.00014 (12, 16] 18 0.01 76.84
M23 sgd with linear 0.02 0.00014 [13, 18] 20 0.01 76.88
M24 sgd with linear 0.015 0.00015 (14, 19] 20 0.02 77.21
M25 sgd with linear 0.02 0.000135 [12, 16] 18 0.02 76.56
M26 sgd with linear 0.02 0.00012 [12, 16] 18 0.01 77.13
M27 sgd with linear 0.02 0.00013 (13, 18] 20 0.02 7T7.41
M28 sgd with linear 0.15 0.00013 [14, 19] 20 0.00 77.75
M29 sgd with linear 0.15 0.00013 (13, 18] 20 0.05 76.88
M30 sgd with linear 0.01 0.00013 (14, 19] 20 0.01 76.45
M31 sgd with linear 0.015 0.00013 [15, 20] 22 0.02 77.04
M32 sgd with linear 0.01 0.00013 [12, 16] 18 0.01 77.46
M33 sgd with linear 0.02 0.00013 [12, 16] 18 0.01 76.95
M34 sgd with linear 0.02 0.00013 (12, 16] 18 0.01 76.59
M35 sgd with linear 0.02 0.00013 [12, 16] 18 0.01 76.06
M36 sgd with linear 0.005 0.00013 [12, 16] 18 0.01 76.63

Model-ID: MO1 - Bridge_v1 (classic_concat); M02 — Bridge (added ReLU to transcovs for-
ward function); M03 — Elementwise_simple (1 conv for elementwise addition); M04 — Ele-
mentwise_complex (1 conv block before and after elementwise addition); M05 — Channel-wise
concat, skip before ReLLU, Hyperparam v8; M06 — Channel-wise concat, skip before ReLU,
Hyperparam v9; MO07 — Channel-wise concat, skip before ReLU, Hyperparam v11; MO8 —
Channel-wise concat, 2 conv block before concat, skip before ReLLU, Hyperparam v11; M09 —
Channel-wise concat, 2 conv block before & after concat, skip before ReLLU, Hyperparam v11;
M10 — Channel-wise concat without skip; M11-M12 — Traditional channel-wise concat (skip
after ReLU, same channels) with two weight-decay settings; M13—M16 — Traditional concat,
2 conv block before concat (four weight-decay / epoch combos); M17-M20 — Traditional con-
cat, & conv block before concat (four variants); M21-M31 — Traditional concat, 2 conv block
before and after concat (eleven hyper-parameter sweeps); M32 — Best model (M13) + Smish;
M33-M35 — Best model (M13) + Smish + gradient accumulation (2/4/8 iters); M36 — Best
model (M13) + cross-attention module.
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Table 5.8: Analysis of different hyperparameter tuning applied to the same fu-
sion architecture, including a single convolutional block before and after the con-
catenation step, emphasizing their effect on mAP performance in the DOTA-v1
validation dataset used as a test set.

Hyperparameter Weight .
Voo ype Lr decay S'PS#e poch ST maP
Original ~ sgd with linear ~ 0.02  0.0001 8, 11] 12 0.05  75.99
vl sgd with linear ~ 0.02  0.0001 [12,24] 29 0.05 76.13
v2 sgd with linear ~ 0.01  0.0005 [12, 17] 18 0.05  74.20
v3 sgd with linear ~ 0.02  0.0005 [12, 16] 18 0.05 73.48
v4 sgd with linear ~ 0.02  0.0001 (10, 14] 16 0.05 76.18
vh sgd with linear ~ 0.02 0.00012 [9, 13] 14 0.05  76.56
v6 sgd with linear ~ 0.02 0.00011 [9, 13] 14 0.05  76.47
v6 sgd with linear  0.02 0.00011 [9, 13] 14 0.02 76.81
v6 sgd with linear ~ 0.02 0.00011 9, 13] 14 0.01  76.75
v7 sgd with linear ~ 0.02 0.00012 [9, 15] 16 0.05 76.49
v8 sgd with linear ~ 0.02 0.00012  [11, 15] 16 0.05 76.84
v9 sgd with linear ~ 0.02 0.00012  [12, 16] 18 0.05 76.37
v9 sgd with linear ~ 0.02 0.00012  [12, 16] 18 0.02 77.34
v9 sgd with linear ~ 0.02 0.00012  [12, 16] 18 0.03 77.36
v9 sgd with linear ~ 0.02 0.00012  [12, 16] 18 0.04 77.17
v10 sgd with linear  0.02 0.00013  [12, 16] 18 0.05 76.72
v10 sgd with linear ~ 0.02 0.00013  [12, 16] 18 0.01 77.34
v10 sgd with linear ~ 0.02 0.00013  [12, 16] 18 0.02 77.31
v10 sgd with linear ~ 0.02 0.00013  [12, 16] 18 0.03 77.27

Table 5.9: Analysis of different learning strategies applied to the same fusion
architecture, including a single convolutional block before and after the concate-
nation step, emphasizing their effect on mAP performance in the DOTA-v1 vali-
dation dataset used as a test set.

Model Hyperparameter Weight . Total §

version type Lt decay StPS# opoch . mAP
Adam with grad

vl.1 linear 0.001  0.0005  [12, 17] 20 0.05  explode
Sgd with

v12 cosineannealing .02 0.0001 - 27 0.05  74.74
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5.5 Discussion

In this study, we experimented the effect of injecting semantic contextual infor-
mation obtained from the inpainting model into the FPN layers of the object de-
tection architecture. In this respect, in both the DOTA and HRSC2016 datasets,
our model outperforms the base model in terms of mAP score in both the Pas-
cal VOC2007 and Pascal VOC2012 protocols. Further observations indicate that
classes whose identities are braced by their specific environments perform better
than the base model in all our experiments related to the DOTA evaluations.
However, our model failed to identify classes that appear in isolation or visually
cluttered backgrounds. In other words, applying semantic contextual information
behaves like noise in these classes and degrades their performance. As a result,
our model’s best use case occurred in classes; those identities have been strongly
supported by their distinctive environment. We also provided our model’s Con-
textual Pyramid Network visualization to present how our model pronounced
objects’ representative features in corresponding FPN layers compared to the
base model. We also encountered the effect of this representative feature en-
richment in precision and recall, so our model surpasses marginally in the other
metric when we equalize the precision or recall. Experiments done in transformer
units show us that these units mainly restore the warped image by looking at
both short and long-range dependencies among different parts of the image. In
this respect, chess mask experiments indicate that applying a specific mask size
is a sweet spot for capturing both local and global contextual information for
restoration. We have also done experiments with different context injection tech-
niques. The related experiments suggest that using channel-wise concatenation
with a specific number of convolution blocks gives the most effective efficiency
with a minimum performance trade-off. Even though we designed a lightweight
fusion architecture, another limitation of our model is inference time due to the

bottleneck of the inpainting model.
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Chapter 6

Conclusion

We introduced Contextual Object Detection via Image Inpainting (CODI) archi-
tecture for accurate detection even in challenging remote sensing tasks. As far as
we know, this is the first time that inpainting has been effectively used directly
in the object detection. We used the Feature Pyramid Network (FPN) layers of
the object detection model to obtain representative features of the objects. We
obtained the semantic contextual information for the image by benefiting from
the transformer units of the inpainting model, which learns the relations for both
short and long-range dependencies among different parts of the warped image
for restoration. We proposed a custom fusion module that learns how to inject
the contextual information into the object detection’s related FPN layer. Out-
puts of the fusion modules give new FPN layers, which we call these new layers
as Contextual Pyramid Network (CPN). CPN layers have richer object repre-
sentative features than former FPN layers due to the support of the semantic
context. For this reason, the Region Proposal Network (RPN) performs better
localization and labeling accuracy over the objects. The extensive experiments
in DOTA and HRSC2016 datasets demonstrated that our approach outperforms
the base model, which is one of the best-performing models for detecting objects
in aerial images, by effectively using contextual clues to detect objects correctly
in the most challenging environments. Specifically, the model effectively uses

the semantic contextual information for mostly the classes whose identities are
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reinforced by distinctive environments. In addition, our model surpasses the
base model in either precision or recall when fixing the other parameter. These
outcomes highlight the potential of object detection by applying contextual in-
formation via inpainting for the most complex remote sensing tasks. For future
work, incorporating diffusion networks could be a viable approach for extracting

contextual information in conjunction with an object detection model.
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