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ABSTRACT

With the recent announcement of the Defense Innovation 4.0 Basic Plan by the Ministry of
National Defense, the role and operational scope of drones are expanding as a key force in
Al-based, unmanned, and autonomous systems, Consequently, the significance of real—time
object detection technology is emphasized as drones take on diverse missions, including
delivering, analyzing, and assessing real—time, target—related information. The emergence of
recent deep learning has led to substantial advancements in the field of computer vision,
particularly in object detection, Deep learning—based object detection is actively being
researched, with a focus on algorithms suited for embedded and mobile environments such
as drones. This research predominantly aims to develop deep learning—based object
detection models that ensure real—time performance and accurately identify objects’ various
forms and sizes, Recent object—detection models have been categorized into backbone
networks, neck networks, and head networks, By utilizing these three network components,
design considerations can be tailored to fulfill the requirements of drone operations, In this
paper, we investigate the technology trends of deep learning network models that can be
loaded into drones for real—time object detection. Thus we contribute to strengthening
effective drone operation in military operations and supporting research and decision—making
processes.
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<Table 1> Summary of backbone network

Traditional Deep Learning Network

* Improved accuracy through the progressive construction of
VGGNet convolutional layers and max—pooling layers.

(Simonyan & Zisserman, 2014) Increased computational and memory requirements with the depth

of the network.

e Introduces the concept of residual learning to extend the critical

ResNet depth of neural network architectures.
(He, Zhang, Ren, & Sun, 2016) |* Reduced generalization performance on small-scale or complex
datasets.

¢ Introduces the concept of cardinality to create diverse groups
within each layer.

¢ Expands network width by connecting branch paths within each
group in parallel.

¢ Enhances accuracy and hardware efficiency for complex datasets.

ResNeXt
(Xie et al., 2017)

Lightweight Deep Learning Network

* Reduces model parameters and computational load by replacing the
SqueezeNet conventional 3x3 filters with 1x1 convolution filters.

(Iandola et al., 2016) Effective feature map extraction through the Fire module.

¢ Optimized network architecture for embedded/mobile environments.

* Depthwise Separable Convolution, which separates the correlation
between spatial and channel dimensions.
MobileNet e  Optimizes model accuracy and inference speed based on design
(Howard et al., 2017) requirements using only two hyper-parameters.
¢ Maintains accuracy while providing a small model size and fast
inference speed.

* Proposes a Compound Scaling Method to efficiently expand
EfficientNet network depth, width, and resolution.

(Tan & Le, 2019) High threshold performance where accuracy and efficiency

gradually increase in balance as the model size expands.

2.1.1.1 VGGNet
VGG(Visual Geometry Group)of|A] 7J@st VGGNet-2 20143 ILSVRC(ImageNet Large Scale
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<Table 2> Summary of neck network

e Utilizes a pyramid structure by stacking feature maps generated
from the backbone network.
FPN e (reates a top—down path by resizing feature maps of smaller
(Lin et al., 2017) resolutions and combining them with lower-level feature maps.
¢ Aids in enhancing object recognition performance for objects of
various sizes.

¢ Bidirectional information fusion that adds a bottom-up path after
the top—-down path of FPN.
PAN *  Minimize information loss for small objects as the network depth
(Liu et al., 2018) increases.
e Increases model size and computational overhead due to the
addition of the bottom-up path.

* Removal of fusion nodes based on their contribution in the
PAN-based neck network structure.
Bi-FPN *  Proposes Weighted Feature Fusion, which combines feature maps
(Tan, Pang, & Le, 2020) by allocating weights according to their contributions.
* Improves real-time performance and multi-scale object recognition
performance.
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<Table 3> Summary of head network

Head Network

Two-stage Model

e Sequentially, region proposal step through selective search algorithms and
feature extraction step through CNNs for classification/regression.

e Relatively slow inference speed compared to high accuracy.

e Subsequent proposals like Fast R—-CNN and Faster R-CNN aim to improve
the inference speed aspect.

R-CNN
(Girshick et al., 2014)

» (Cascade approach of region proposal and classification/regression step.

* Improvement of class imbalance issues through Anchor Refinement.

* Enhancements in multi-scale object recognition performance through the
Transfer Connection Block and Object Detection Module.

e Utilizes the advantages of both one-stage and two-stage models.

RefineDet
(Zhang et al., 2018)

One-stage Model

e Proposes a grid-based detection algorithm that divides input images into
cells of the same size.

e Relatively low accuracy compared to fast inference speed.

* Subsequent updates include various versions of the model with improvements
in accuracy, real-time performance and efficiency.

YOLO
(Redmon et al., 2016)

e (Generates bounding boxes with various sizes and aspect ratios through the
Default Boxes Generation.
SSD * Improvement in multi-scale object recognition performance through the use
(Liu et al., 2016) of Multi-Scale Feature Maps.
* Enhances multi-scale object recognition performance while maintaining fast
inference speed.

* Proposes a keypoints—based object detection algorithm.

CornerNet e Generating bounding boxes of various sizes and shapes using only two
(Law & Deng, 2018) pairs of keypoints.
* Simple implementation and lightweight model configuration.
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