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Abstract— While instance segmentation models excel at ob-
ject detection in satellite imagery, their performance drops
when applied to slant-angled aerial images due to occlusion
and scale variation. This is mainly caused by a lack of training
data for such diverse viewpoints and scales. To address this
limitation, we propose the Sim2Real-based Multi-Scale Context
Mask-RCNN (MSC-RCNN) network, specifically designed for
slant-angled aerial imagery. Sim2Real-based transfer learning
is adapted to compensate for the limited availability of real-
world slant-angle training data. A synthetic dataset is generated
using Unreal Engine, detailing the methodology of replicating
the real-world scene, for producing diverse slant-angle drone
datasets with various weather conditions and backgrounds. The
model leverages two distinct feature pyramid backbones, with
one incorporating dilated convolutions to address large-scale
objects and the other optimized for regular convolutions. Their
outputs are fused to effectively detect objects across various
scales and angles. Through experiments, it was demonstrated
that incorporating this synthetic data significantly reduces
reliance on real data while maintaining high mean Average
Precision (mAP) scores. Compared to the baseline Mask R-
CNN, the proposed approach with Sim2Real adaptation and
the MSC-RCNN architecture achieves a remarkable 7.6%
performance improvement in instance segmentation accuracy
with only a 6% increase in model size. Code can be found at:
https://github.com/MSC-RCNN

I. INTRODUCTION

Recent advancements in aerial vehicles (UAVs) have led to
their widespread adoption in various applications, including
surveillance [40], fire detection [18], [7], [1], traffic planning
[19], infrastructural navigation, disaster management [41],
and perimeter defense [34]. In disaster management and
surveillance, surveying an area from an angle ahead rather
than directly from overhead, can significantly increase the
coverage area, enabling more efficient decision-making and
planning. However, this forward-looking approach, as seen
in Fig. 1, results in slant-angled oblique images. While
conventional methods involve orthorectification of such im-
ages for image processing, they become ineffective for long-
range aerial imagery due to large angles involved [30].
This leads to issues like scale changes and occlusions,
causing significant distortion and information loss during
orthorectification. Hence, there is a critical need to develop
new deep learning models specifically designed to handle

*This work was funded by MeitY (Ministry of Electronics and Informa-
tion Technology).

1Qiranul Saadiyean is with Department of Aerospace Engineering, Indian
Institute of Science, qiranuls@iisc.ac.in

2S P Samprithi is with Department of Electronics and Communication
Engineering, PES University, spsamprithi@pes.pesu.edu

3Suresh Sundaram is with the Department of Aerospace Engineering,
Indian Institute of Science, vvsuresh@iisc.ac.in

Fig. 1: Drone imagery representation. Here 15< α <45
represents small slant angle , 50< β <75 higher slant angle
images. As seen from the image, increasing the slant angle
increases the coverage area.

these challenging high-resolution aerial slant angled images.
Furthermore, most existing object detection algorithms for
computer vision tasks [42], primarily Convolutional Neural
Networks (CNNs), require vast amounts of annotated data.
However, creating such datasets is often a manual, time-
consuming, and expensive process. These real-world datasets
are often limited in availability and may under represent
certain classes, hindering the model’s generalizability. To
address these data limitations, synthetic data generation using
simulations has emerged as a promising alternative [31][29].
These synthetic datasets offer the advantage of automatic
annotation and data generation, saving time and resources.

However, solely relying on synthetic data introduces a
domain gap, meaning the model performs well on simulated
data but struggles with real-world scenarios [33]. To bridge
this gap, paired real datasets with shared features are often
used as a baseline for performance evaluation and domain
gap minimization. However, acquiring real-world data for
high-slant angles presents its own set of challenges, includ-
ing: Occlusion and scale variations, Limited availability and
under representation: Real-world datasets are often limited in
size and may not adequately represent the diversity of real-
world scenarios. Additionally, certain classes within the data
might be underrepresented, leading to biases in the model’s
performance.

To address these limitations, Sim2Real[14] based transfer
learning approach is adopted for slant-angled aerial imagery.
In Sim2Real approach, a model is first trained on a synthetic
dataset. This not only saves time and resources compared to
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manual real-world data annotation, but also solves the issue
of data scarcity. Subsequently, the model is fine-tuned on
a limited real-world dataset to bridge the domain gap and
improve its performance on real-world tasks. This approach
leverages the efficiency and scalability of synthetic data
generation while ensuring the model generalizes well to real-
world scenarios.

Further the mainstream object detection algorithms are
divided into two classes: single-stage detectors and two-stage
detectors. Single-stage detectors perform detection in a single
stage, directly proposing class probability and box-level pre-
dictions of the object [27], [24]. On the other hand, two-stage
detectors, such as Fast R-CNN [10], Faster R-CNN [28],
Mask R-CNN [12], follow a more intricate approach. They
first generate candidate regions or bounding boxes likely to
contain objects of interest in a region proposal generation
stage, followed by object classification and refinement within
these proposed regions.

While in traditional object detection tasks, bounding boxes
are used to localize objects, they lack the capability to
differentiate between multiple instances of the same class
that might overlap or be occluded. To address this limitation,
instance segmentation [12], [11] is adopted due to its ability
to provide granular information about object boundaries, size
and individual instances within a scene. This detailed seg-
mentation enables better understanding and analysis of aerial
imagery, allowing for more reliable object detection, track-
ing, and subsequent decision-making in various domains,
including surveillance and monitoring. Various datasets have
been created in recent years to focus specifically on aerial
object detection from drones. Most of these existing datasets
in aerial imagery are the overhead imagery which consists
of images taken from top view. One of the primarily used
datasets for aerial surveillance involves the DOTA dataset
[37]. It contains multiple object classes typically found in
aerial imagery, including airplanes, ships, vehicles, buildings,
bridges, etc. Since the dataset has been taken from satellite
view and thus fails to address images of varying scale, the ob-
ject detection performance deteriorates at slant angles, when
trained on such datasets. While orthorectification, a common
technique for correcting geometric distortions, is feasible for
datasets like DOTA due to their small viewing angles, it
becomes impractical for higher slant angle aerial imagery due
to thermal variations and occlusion. Thus in view of all these
limitations, we introduce a Multi scale context aware Mask
R-CNN (MSC-RCNN), a deep learning framework designed
to tackle the challenges associated with slant-angled aerial
imagery in instance segmentation in Sim2Real setup. MSC-
RCNN employs a dual Feature Pyramid Network (FPN) [21]
architecture, where one FPN incorporates dilated convolu-
tions [39] while the other does not. These parallel FPNs are
combined with a shared Regional Proposals Network (RPN)
and Mask R-CNN head. The incorporation of dilated con-
volutions enhances the model’s capability to detect objects
of various scales and sizes without compromising resolution
or computational efficiency. It has been trained on synthetic
dataset and fine-tuned on real data to bridge the domain

gap, ensuring robust performance in real-world scenarios.
By introducing MSC-RCNN, we aim to push the bound-
aries of aerial object detection and instance segmentation,
particularly in the face of the unique challenges posed by
slant-angle aerial imagery. This advancement paves the way
for more accurate and reliable analyses in surveillance and
disaster management applications. The main contributions of
the proposed work are :

1. A novel simulated aircraft dataset generation approach
for the specific challenge of slant angled aerial imagery
inclusive of various weather conditions.

2. A Multi-Scale context aware Mask R-CNN is proposed
for the task of instance segmentation of slant angled aerial
imagery.

3. Extensive experiments to validate the proposed model
against simulated and real slant angled aerial imagery.

II. RELATED WORKS

A. Aerial object detection datasets

Various datasets have been released based on aerial object
detection from drones. These datasets can be categorized
into two main types based on their primary goals: (i) Object
detection (ii) Object segmentation.
DOTA [37], iSAID [35], AID [38], HRSC2016 [25], and
LandCover [2] are mainly composed of satellite images
with high resolution. CARPK [15], contains images of park-
ing spaces using a drone in different locations, the Aerial
Image Dataset (AID) facilitates aerial scene classification
tasks. High resolution ship collections 2016 (HRSC2016)
[25] dataset contains images from two scenarios including
ships on sea and ships in-shore (70 sea images with 90
samples and 991 sea-land images with 2886 samples) col-
lected from six famous harbours. Commonly utilized for
semantic segmentation tasks, the LandCover.ai (Land Cover
from Aerial Imagery) [2] dataset is widely employed for
automatic mapping of buildings, woodlands, water, and roads
from aerial images. The Car Parking Lot Dataset (CARPK)
[15] comprises approximately 90,000 car instances gathered
from four distinct parking lots using drones. The dataset
is specifically focused on accurately counting the number
of cars within a designated region, such as a parking lot.
However, this does not account for any oblique angle images
which is a critical problem for counting the cars or objects
for surveillance. The UAVDT [8] and VisDrone [4] datasets
were acquired using drones and are widely used for object
detection in traffic-related applications. While they excel in
handling occlusion and small-scale object detection, they do
not provide support for object segmentation, which is crucial
for estimating object size and other derived parameters. It is
unsuitable for segmenting objects in special scenarios such
as driving and surveillance due to the viewing angle, small
objects, and occlusion. All of the mentioned dataset fail to
address slant angle scenarios and scale variation.

B. Algorithms

Ross Girshick et al. [10] proposed a fast region-based
convolutional network (Fast R-CNN) for object detection.
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Shaoqing Ren et al. [28] advances Fast R-CNN by
introducing RPN (Region Proposal Network) which shares
full-image convolutional features in the detection network
hence enabling region proposals for object detection.
Kaiming He et al. proposed methods [13] for image
recognition and [12] for instance segmentation, bounding
box detection, and person key-point detection. Mask R-CNN
extends Faster R-CNN by adding a branch for predicting an
object mask along with the existing branch for bounding box
recognition. Mask R-CNN efficiently detects objects in an
image by generating the segmentation masks simultaneously.

C. Sim2Real approaches

Horváth et al. [14] proposed a Sim2Real transfer learning
method using domain randomization for object detection in
robotics, effectively bridging the reality gap between syn-
thetic and real data. Jacob Shermeyer et al. [31] introduced
the RarePlanes dataset, which focuses on using synthetic
data to generate object detection dataset for satellite imagery.
Building upon this concept, Xiaomin Lin et al. [23] proposed
the SeaDroneSim dataset, utilizing 3D models of objects to
generate synthetic data. Most of the work mentioned involves
Sim2Real for industrial setup and for top down satellite
views. However, none of the works have tried to address
the issue of instance segmentation for slant angle images.
Hence to address these issues Sim2Real approach is used to
generate slant angled aerial imagery dataset for segmentation
task.

III. SLANTSIM DATASET

A specialized dataset comprising both real and synthetic
images captured from a drone at an slant angle was created.
The drone, as illustrated in Fig. 2b, was operated at altitudes
ranging from 15 to 25 meters, and images were acquired
from this slanted perspective. In case of the synthetic dataset,
as shown in Fig. 2a, parameters were configured to mirror
real-world conditions, ensuring an accurate representation
of the physical environment. The dataset1 is composed of
four distinct classes: fighter jets, helicopters, carrier planes,
and passenger planes. In the real domain, the distribution
of instances across these classes is as follows: fighter jets
(1196 instances), helicopters (483 instances), carrier planes
(5 instances), and passenger planes (65 instances). Notably,
the number of instances is relatively low, and they exhibit a
long-tail distribution among the classes.

The simulated dataset was expanded to include 854 in-
stances of fighter jets, 385 instances of helicopters, 212
instances of carrier planes, and 548 instances of passenger
planes. This dataset was thoughtfully crafted to augment
instances, particularly for classes that had limited represen-
tation in the existing real domain. As shown in Fig. 3, the
generated dataset is noteworthy for its ability to encompass
scenarios, such as rain, storm, sunset, sunrise etc. which is
challenging to capture in real dataset.

1The dataset can be found at: SlantSim-Synthetic-Dataset

(a) Simulated scene with drone. (b) Real drone.

Fig. 2: Drone visualization. The green box in (b) represents
the drone at slant angle.

A. Model Generation

Open source 3D models have be downloaded from internet
and used for simulation. These models include 3D cad
models and photogrammetric [26] models with their textures.
The models used are of real world scale for accurate scene
representation. The models once imported to unreal engine,
can be placed at any location in the map. The classes
were selected to match our training dataset for accurate
comparison.

B. Simulation

In our Sim2Real approach, Ue4 (Unreal Engine 4) is
utilized to simulate the environment. It is a widely used
and powerful game engine developed by Epic Games [9].
Camera parameters can be modeled according to the real
camera specifications. To configure camera parameters, such
as noise and other settings, we have made use of of built-in
C++ libraries provided by Unreal Engine. This allows precise
control and customization of camera setup for accurate
simulation. The sensor parameter which are varied include:
Resolution, F-stop, Shutter Speed, Horizontal FOV (Field of
view), ISO, Gamma etc.

One of the key advantages of using Unreal Engine is the
ability to generate both semantic and instance segmentation
mask. By leveraging the engine’s capabilities, one can create
datasets that contains various challenging conditions that
are difficult to replicate in real-world data collection. For
instance as shown in Fig. 3, simulating low-light conditions,
heavy rainfall, or lens blur caused by rain, which are often
impractical or challenging to capture in real-world scenarios

C. Scene Generation

Maps can be generated using the unreal engine for accu-
rate simulation and comparison. The map generated in our
simulation is similar to the test dataset for proper evaluation.
The map can be manipulated to include various obstructions.
Various environmental conditions are simulated including
daylight, nighttime, rain, storms, and lens occlusion, among
others. This diversity in conditions enables us to thoroughly
evaluate the robustness and generalization capabilities of
our object detection algorithms. Once scene is simulated,
dataset is generated, with various weather conditions, scale
and classes configuration. The background is also varied for
better generalization.
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Fig. 3: Synthetic dataset generation using Ue4, with varied environmental conditions and angles.

By utilizing the Unreal Engine and simulating a wide
range of environmental conditions, we aim to generate high-
quality datasets that closely resemble real-world scenarios.
These datasets will serve as valuable resources for training
and testing object detection models, ultimately enhancing
their performance in real-world applications.

IV. MSC-RCNN

In this section Multi-Scale Context Mask R-CNN (MSC-
RCNN), a deep learning framework to detect instances
present in slant angle aerial images is presented. The Fig.
4 represents the proposed architecture.

Fig. 4: Architecture of the proposed network - MSC-RCNN.

A. Overview of MSC-RCNN

The proposed MSC-RCNN architecture is an extension
of the existing Mask R-CNN architecture as shown in Fig.
4. The backbone of MSC-RCNN consists of two feature
pyramid networks instead of the conventional single FPN
(Feature Pyramid Network) backbone. The two FPN’s share
the same ResNet backbone. The FPN’s differs with respect
to with and without the presence of dilated convolutions in
the last layers of the residual blocks of Resnet C2, C3, C4,
C5 that are used to construct the FPN. The output from every
level of both the FPN backbones are concatenated with each
other, and then passed to the common RPN and Mask R-
CNN head. The criteria used for concatenating the two FPN’s
is explained in detail in section 4.4.

B. F1 FPN

The instances in context are of multiple scales, hence
the nature of the dilated convolutions to support expansion
of the receptive fields without the loss of resolution and
increase in computation cost is utilised. It is necessary to
maintain both resolution and context in order to accurately
detect instances. The dilated convolutions of varying rate was
introduced in the last layers of the ResNet residual blocks
C2, C3, C4, C5 which would generate FPN levels P2, P3, P4,
P5 respectively. The dilated convolutions was introduced in
all the residual blocks to capture both local and global feature
information to accurately detect instances. The dilation rate
across different layers corresponding to different levels of the
FPN backbone varied as 2, 4, 4, 8 corresponding to the FPN
levels P2, P3, P4, P5. The dilation rate was increased with
increase in the depth of the network, in-order to facilitate the
model to effectively capture the high level semantic features
along with multi-scale contextual information. The FPN’s
already facilitate the detection of multi-scale objects, but
the further addition of dilated convolution at different levels
of FPN, boosts the performance of the model. Hence, it
was observed that the introduction of dilated convolutions
boosted the performance of detection of small objects in
low slant angle images whereas it helped in the detection
of multi-scale objects in case of high slant angle images.

C. F2 FPN

The layers in F2 FPN are constructed using the conven-
tional convolutional layers in the C2, C3, C4, C5 with fixed
receptive field size. The addition of dilated convolutions
result in detection of instances of different scales , but also
result in false alarms. The normal convolutions were better
of than dilated convolutions at picking instances in some
cases such as low slant images. Hence, in order to effectively
counter the features convolved by both F1 and F2 FPN, the
output from both the backbones were fused.

D. Fusion of F1 and F2 FPN

The outputs produced by different levels of FPN are
P2, P3, P4, P5, they share the same spatial resolution as
the ResNet residual blocks from which they are convolved
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through lateral connections and addition of upsampled layers
of higher level.

The layers from the corresponding levels of the two FPNs
are concatenated with each other. That is P2 from F1 is
concatenated with P2 of F2 and so on. The concatenated
layer is first convolved using 1x1 convolutions before passing
it to the Group normalisation (GN) [36] algorithm to increase
the interactions between the concatenated layers. GN is a
type of normalisation technique, where the input feature
channels are divided into groups, along which the mean
and variances are calculated. The number of groups G was
equated to two, since the feature maps from two different
FPN backbones were concatenated.

The adoption of GN layers, ensures that the features are
effectively combined, by making sure the negative effects
of a feature from one FPN backbone does not supersede
the positive/accurate detections from another backbone. The
obtained outputs are then passed through 1x1 convolution,
which reduces the number of channels to half its original
number, to match its feature channels to perform further
operations. The effect of GN on model evaluation metrics
is discussed in section 6.2.

V. EXPERIMENTS

In this section, model training implementation details and
its performance with respect to other models are compared.

A. Implementation details

The Mask R-CNN model with ResNet-101 backbone is
considered as the baseline model of the proposed work. All
the backbone considered in the experimentation was pre-
trained using ImageNet. The proposed MSC-RCNN was
optimised using Adam optimiser with a learning rate of
0.0001. A consistent learning rate was maintained for all
the experiments. Additionally, all the layers of the backbone
were trained, since it was observed that freezing of some lay-
ers did not improve the model performance. All the models
were trained until their convergence which was around 40
epochs. The models were trained on NVIDIA Quadro RTX
5000 with 16GB memory.

Params Model AP AP50 AP75 APs APm APl
62.8 Mask R-CNN[12] 48.2 87 39.7 33.9 51.4 53.7
79.24 MS R-CNN[16] 49 87.8 41 35.5 51.0 56.7
96.024 Cascade Mask R-CNN[3] 48.7 87.9 60.6 26.1 47.9 57.9
74.91 PointRend[20] 48.1 89.1 57.2 24.6 51.2 54.1
66.617 MSC-RCNN 51.4 89.9 65.4 36.5 51.6 58.9

TABLE I: Results of proposed MSC-RCNN model with
respect to the state of the art models in real domain.

Params Model AP AP50 AP75 APs APm API
62.8 Mask R-CNN[12] 50.8 88.3 64.6 34.8 55.1 58.8
79.24 MS R-CNN[16] 51.6 89.5 65 32.5 50.1 57.9
96.024 Cascade Mask R-CNN[3] 55.4 89 66.4 28.6 53.5 65.7
74.91 PointRend[20] 53.1 88.9 65.6 27.1 52.3 62
66.617 MSC-RCNN 55.8 91 64.7 36.9 55.1 63.5

TABLE II: Results of proposed MSC-RCNN model with
respect to the state of the art models in Sim2Real Fine-
tuning.

The Mask R-CNN was chosen to be the baseline model
since the number of parameters of the proposed MSC-RCNN
and the latter differs by relatively lesser difference compared
to other state of the art models. Also, the proposed MSC-
RCNN model is an extension of Mask R-CNN with changes
in backbone. This Sim2Real approach with fewer samples
of real and dilated convolution in transformer [17] may help
in slant angle aerial imagery. But since transformers require
large amount of data for training, it has not been addressed
in this work. The Fig. 5 represents the qualitative results.

The COCO Evaluation metrics [22] are used to evaluate
the models performance in terms of Average Precision (AP).
From the Table I and Table II, it can be observed that the
proposed MSC-RCNN model outperforms the baseline by
3.2 % and by 5 % when trained on real and Sim2Real FT
(Fine tuning) respectively. Further, it is observed that the
performance of both the baseline and the proposed MSC-
RCNN model increases with addition of simulated images
for training. In case of baseline, the performance increases
by 2.6%, and by 4.4% for MSC-RCNN. This boost in
performance can be attributed to increase in AP75 metric
values compared to it’s counter parts in real domain. Further,
the detailed comparison of the model performance in terms
of different scales of AP as indicated by APs, APm, APl
metrics highlights the multi-scale segmentation performance
of MSC-RCNN. The APs, APm, APl corresponds to the
AP value for small, medium and large instances. The pixels
corresponding to each of these instance is same as the default
values used in [22].

Result on NWPU VHR-10 [6]: The proposed model
performance is compared with other state-of-the-art models
as shown in Table III. It can be observed that the proposed
MSC-RCNN outperforms the other state-of-the-art models
in terms of overall and AP75 metric values. This boost in
performance is less compared to the one observed in the pro-
posed slant angled imagery - SlantSim dataset. Hence, this
highlights the MSC-RCNN superiority in detecting multi-
scalar objects in slant angled imagery as well as the detection
of small scaled and objects of different sizes as observed in
overhead imagery.

Model AP AP50 AP75
ARENET[42] 64.8 93.2 71.5
Cascade Mask R-CNN[21] 59.9 90.0 64.9
Precise Mask R-CNN[34] 64.8 93.8 73.2
BMRSS[33] 65.2 94.9 72.1
SS-PANet[44] 65.9 94.2 76.7
MSC-RCNN 67.4 92 77.1

TABLE III: Instance segmentation performance on NWPU
VHR 10.

VI. ABLATION STUDY

A. Sim2Real adaptation

To experiment the extent of Sim2Real adaptation, the
number of instances in simulated and real domain was varied.
The number of real instances was decreased to 478 for
fighter jet, 197 for helicopter, 1 for carrier plane and 47
for passenger plane. Whereas, the number of instances in
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Fig. 5: Qualitative results of test data. The missed predictions are encircled.

Model AP AP50 AP75
MSC-RCNN (with GN) 50.3 87.6 64.2
MSC-RCNN (without GN) 52 92 62.8
Mask R-CNN 44.7 87.1 31.9

TABLE IV: Results of MSC-RCNN model with respect to
Sim2Real domain adaptation.

Model Dataset AP AP50 AP75
MSC-RCNN(with BN) Real 33.4 80.2 19.8
MSC-RCNN(without GN) Real 46.9 84.7 56.8
MSC-RCNN(with BN) FT 49 88.6 58
MSC-RCNN(without GN) FT 51.4 92.6 62.2

TABLE V: Results of MSC-RCNN model without GN for
different experiments.

simulated domain was increased to 2249 in fighter jet, 702
in helicopter, 483 in carrier plane, 1276 in passenger plane
class.

The results were evaluated for the proposed MSC-RCNN
with and without GN fusion in it’s backbone. The Table IV
represents the evaluation results. It can be observed that, the
performance as good as a model that was trained only on
real images was achieved (refer to Table I). In addition, the
following learning can be attributed to a single shot learning
in case of carrier plane and few shot learning learning from
real to simulated domain in case of other classes.

B. Group Normalisation

The addition of GN during the concatenation of FPN
features makes sure that features are effectively concatenated
as mentioned in Section 4.4. The same was proved by train-
ing the a) models without GN layer, b) inclusion of Batch
Normalisation (BN) instead of GN after the concatenation.
From Table V it can be observed that the inclusion of
GN layers have greatly improved the performance and the
localisation ability of the model by boosting the AP75 scores.

C. Parallel dilated FPN backbones

The number of parallel FPN backbones consisting of
dilated convolutions was varied, and their performance was
tabulated as shown in Table VI. MSC-RCNN3 and MSC-
RCNN4 refer to 2 and 3 parallel dilated FPN backbones
respectively. The arrangement of dilated convolutions in

Real FT
Params Model AP AP50 AP75 AP AP50 AP75
66.61 MSC-RCNN 51.4 89.9 65.4 55.8 91 64.7
70.00 MSC-RCNN3 50.2 88.9 65.3 52.1 89.6 65.5
74.12 MSC-RCNN4 48.2 87.3 59.7 51.8 86.8 61.9
66.71 Mask R-CNN+ACP[32] 49.7 89.4 63.2 51.3 90.1 64.3
73.67 Mask R-CNN+ASPP[5] 50.8 89 64.9 52.7 90.5 65.3

TABLE VI: Model performance with respect to parallel
dilated convolutions.

these FPNs was the same as the one mentioned in section
IV. With the inclusion of every additional dilated convolution
FPN backbone, the model size increased by 5%. From Table
VI, it can be observed that the best performance was achieved
while using a network consisting of only 2 FPN backbones;
hence, it was chosen as the final model for the proposed
work. Furthermore, a comparative study with respect to
existing multi-scale dilated convolution frameworks such as
ACP[32] and ASPP[5] was performed. It can be observed
that the proposed MSC-RCNN network outperforms these
models in both real and Sim2Real FT domains with a
relatively lesser model size.

VII. CONCLUSIONS

In this paper, a novel MSC-RCNN architecture is pro-
posed, specifically designed to address the challenges of
occlusions and varying object scales in slant-angle aerial im-
agery. Furthermore, SlantSim dataset, a novel synthetic slant-
angle aerial imagery dataset, generated using Unreal Engine,
is proposed to address the limitations of real-world data
availability. The findings demonstrate that incorporating this
synthetic data for Sim2Real transfer learning significantly
reduces reliance on real data while maintaining high mean
Average Precision (mAP) scores. Compared to the baseline
Mask R-CNN, the proposed approach achieves a remarkable
7.6% improvement in instance segmentation accuracy with
only a 6% increase in model size. This advancement paves
the way for enhanced drone-based aerial surveillance in vari-
ous applications. Future work includes expanding the dataset
with additional object classes and plugging the proposed
combined FPN backbone into other R-CNN networks such
as Cascade Mask R-CNN and the Transformers, and evaluate
their performances.
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