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Abstract

Obiject detection is an important field of computer vision and is applied to applications such as security,
autonomous driving, and face recognition. Recently, as the application of artificial intelligence technology
including deep learning has been applied in various fields, it has become a more powerful tool that can learn
meaningful high-level, deeper features, solving difficult problems that have not been solved. Therefore, deep
learning techniques are also being studied in the field of object detection, and algorithms with excellent
performance are being introduced.

In this paper, a deep learning-based object detection algorithm used to detect multiple objects in an image
is investigated, and future development directions are presented.
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1. INTRODUCTION

Object detection is a computer technology related to computer vision and image processing. It detects
semantic objects of a specific class (eg, people, buildings, or cars) in digital images and videos, and is applied
to various fields. In recent years, with the development of GPUs to speed up computation, object detection
technology using deep learning is developed rapidly. Deep neural network, called deep learning, is a detailed
technology in the field of artificial intelligence, and object detection uses Convolutional Neural Network
(CNN)[1] suitable for image processing among various deep learning techniques. Deep learning methods for
object detection based on the CNN technique are divided into two types. One detects objects in images in two
stages, and the most representative one is Faster R-CNN [2]. This method detects the object bounding box of
the candidate object called RPN (Region Proposal Network) in the first step, and performs image classification
and optimization of the object bounding box using the features of each bounding box in the second step. The
other processes object detection in one stage, such as YOLO (You only look once) [3] and SSD (Single shot
multibox detector) [4]. YOLO divides the image into NxN grids and calculates the confidence of the accuracy
of object recognition in the grid. The bounding box with the highest object recognition accuracy is detected
using this confidence. The SSD extracts a feature map from the result of a CNN on the input image. By
making the extracted feature map into several sizes, it is possible to detect objects of various scales by making
small objects detection in large maps and large objects in small maps.

Deep learning-based object recognition technology has been continuously developed by deceiting these
techniques. In this paper, we attempt to find out how to detect various objects based on deep learning and find
out the future prospects.
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2. OBJECT DETECTION METHOD

The object detection technology based on deep learning is divided into a two-stage method and a one-stage
method. The two-stage method is to find an object candidate region (ROI: Region of Interest) in the image
using Selective Search[5], Region Proposal Network[2], etc., and to process class classification and bounding
box regression for the found candidates for object detection. However, the object detector's execution speed is
degraded because of the operation principle of extracting the ROI object and performing object classification
and bounding box regression for each object of the ROI. The representative technology is Faster R-CNN[2].
The one-stage method detects an object with a deep learning model that performs unified detection, which
simultaneously performs feature classification on the object of the input image and prediction of the bounding
box.

2.1 R-CNN

R-CNN[6] is an object detection method proposed by Girshick et al. and showed for the first time that
object detection performance can be significantly improved in the PASCAL VOC data set.

The R-CNN detector consists of four modules: candidate region generation, feature vector extraction, image
classification, and bounding box regression. The first module generates 2000 class-independent object
candidate regions (Region Proposal) by applying selective search method. The second module extracts a 4096-
dimensional feature vector by processing the generated object candidate region as an input through the pre-
trained CNN module. The CNN network consists of 5 convolutional layers and 2 fully connected layers, and
the selected region is made into an image of a fixed size of 227x227 and used as an input. The third module
classifies objects into one class using linear SVM. The last module, which is not essential, is bounding box
regression for accurate bounding box prediction.

R-CNN: Regions with CNN features
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Figure 1. R-CNN object detection system

2.2 Fast R-CNN

Ross Girshick proposes an algorithm, called Fast R-CNNJ[7], that improves the speed and performance of
R-CNN. R-CNN separates the image feature extraction (CNN) and classification model (SVM), and the
regressor of the bounding box. Fast R-CNN processes everything with one network. After extracting features
from the entire input image, it passes through a region of interest (Rol) pooling layer to generate fixed-sized
inputs for classification and bounding box regression. In addition, by placing a softmax layer for classification,
the CNN result generate a class, and the bounding box coordinates by placing the bounding box regression
layer parallel to the softmax layer.

As a result of the experiment, in the PASCAL VOC 2007 data set, Fast R-CNN improved mAP by 0.9%
compared to R-CNN, and training time was reduced by 9 times.
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Figure 2. Fast R-CNN structure

2.3 Faster R-CNN

Although Fast R-CNN improves the shortcomings of R-CNN, it is slow because it proposes Rol using
selective search. Faster R-CNN[2] proposes a region proposal network (RPN) to improve the prediction
accuracy of region proposals with various sizes and aspect ratios. RPN receives an image and outputs a
rectangular object proposal and objectness score, and shares convolutional layers with Fast R-CNN. To
generate region proposals, slide an n x n window (usually 3 x 3) on the feature map extracted from the input
image. For each sliding-window location, several region proposals are predicted at once. There are anchors
that are used as candidates for the Bounding Box at each position of the sliding window. Usually, there are 9
anchors at each sliding window, 3 different aspect ratios and 3 different scales. Since multiple anchors or
multiple region proposals (bounding boxes) may be duplicated per object, the number of region proposals is
reduced by using a non-maximum suppression (NMS) algorithm.

Compared to Fast R-CNN, Faster R-CNN improved 69.9% mAP in the PASCAL VOC 2007 test set, when
using VGG-net[8], the processing speed is improved almost 10 times.

——

Figure 3. Faster R-CNN network

2.4 Mask R-CNN

Mask R-CNN[9] is a method applied to instance segmentation by extending Faster R-CNN. In Faster R-
CNN's image classification and bounding box regression method, a binary mask that determines whether each
pixel corresponds to an object was added to elaborately segment the object. By introducing FCN (Feature
Pyramid Network) [10], performance was improved in accuracy and processing speed, In addition, by
replacing the existing Rol pooling with RolAlign, a more accurate pixel location can be extracted and accuracy
is improved by reducing the decimal point error occurring in the location of the Rol pool area using bilinear
interpolation.

Figure 4. Mask R-CNN framework
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2.5 YOLO
1) YOLOv1

YOLOJ11] is an object detection method proposed by Redmon et al. that detects objects in real time,
displays bounding boxes, and classifies objects. Unlike the two-stage object detection method, YOLO uses
only one network to extract features, find bounding boxes, and classify objects. At the output stage, the location
of the bounding box and image classification are performed at the same time.

YOLO first divides the input image into SxS grid cells and recognizes one object for each cell. A grid cell
has a bounding box composed of four points (X, y, w, h) and a confidence score of the bounding box. The x
and y of the bounding box mean the center point of the bounding box, and w and h are the relative values for
the width and height of the entire image.

Because YOLO predict one bounding box per grid cell and one class for each bounding box, it is difficult
to predict a large object or an object close to the boundary of several cells. In addition, detection is poor when
there are multiple objects around one object, such as small objects are gathered like a flock. YOLO achieved
63.4% mAP at 45 fps compared to Fast R-CNN (70.0% mAP, 0.5fps) and Faster R-CNN (73.2% mAP, 7fps)
for the PASCAL VOC dataset.

2) YOLOv2
YOLOV2[12] improves the speed and precision of YOLO. In order to maintain the processing speed, the
network is simplified, and an easy-to-learn expression is used. The following are the improvements of

YOLOvV2.

Table 1. The improvements of YOLOv2

» Addition of a batch normalization (BN) [13] layer in front of each convolutional

Batch Normalization.
layer

High Resolution

. * The classification network is pre-trained, it works well for high-resolution images.
Classifier

* The fully connected layer was removed, replaced with a convolutional layer, and
the bounding box was predicted using anchor box. The class and object probabilities
were separately predicted for each anchor box

Convolutional with
Anchor Boxes.

* Instead of randomly selecting the size and aspect ratio of the anchor box, it is
Dimension clusters. determined using K-means clustering in the bounding box of the training data set,
and d(box, centroid) = 1 - 10U( box,centroid) used.

Direct location | bounding box’s center point is restricted not to deviate from grid cell
prediction

. . * The size of the final map was set to 13x13, and a method of importing the features
Fine-Grained ; : . )
Features of the immediately preceding 26x26 feature map was used to detect detailed

features for small object detection.

* In order to make it possible to process images of various resolutions well with one
Multi-Scale Training. | network, various resolutions are evenly trained. For this, every 10 batches {320,352,
.-, 608} randomly selects a new image size.

* Darknet-19 with 19 convolutional layers and 5 max pooling layers using YOLOv2

Darknet-19 .
is proposed

As mentioned above, YOLOV2 can achieve high computation and object detection performance through 8
major improvements and new backbone.
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3) YOLOV3

YOLOv3[14] uses anchor boxes like YOLOvV2 and predicts the objectness score (objectness score: whether
there is an object in the bounding box) for each bounding box. In addition, since YOLOvV3 can have multi-
labels, it does not use softmax for class prediction, but uses independent logistic classifiers, and accordingly,
binary cross-entropy is also used as loss in training. YOLOV3 uses a total of 9 anchor boxes, which are boxes
3 bounding boxes and 3 different scale feature maps and determined through k-means clustering. It also
proposes a deeper and more powerful feature extractor called Darknet-53. Darknet-53 is applied the skip
connection concept proposed by ResNet[15] to Darknet-19, and a much more layers were stacked. Compared
to YOLOvV2, performance is much improved. Due to the advantage of multi-scale prediction, YOLOv3 can
detect much more small objects, but the performance of medium and large objects is relatively poor.

4) YOLOv4

YOLOvV4[16] applies various methods by dividing into Bag of Freebies and Bag of Specials to improve
performance. Bag of Freebies uses methods such as data augmentation, loss function, and regularization during
learning and improves accuracy by increasing training cost. Bag of Specials is made of architecture techniques
mainly and includes post processing, and refers to techniques that improve accuracy by increasing only
inference cost. The Bag of Freebies is applied during training, and Bag of Specials only affects the forward
pass in training, and is applied when inference is performed on the learned model. Also, it should be possible
to use only a single GPU.

After applying various techniques to Bag of Freebies and Bag of Specials, YOLOVA4 selects and applies the
best techniques in evaluating the performance. Techniques applied with improved performance are as follows.

Table 2. VariousTechnigues to Bag of Freebies and Bag of Specials

* augmentation : CutMix, Mosaic
* regularization : DropBlock
* etc : class label smoothing

Bag of Freebies (BoF) for
backbone

Bag of Specials (Bos) for | * activation : Mish
backbone * network : CSP, MiWRC

* augmentation : Mosaic

* regularization : DropBlock

Bag of Freebies (BoF) for | ¢ loss : CloU

detector * layer : CmBN

* |r scheduler : cosine annealing

* etc : SAT, eliminate grid sensitivity, multiple anchors for a single gt

e activation : Mish
e module : SPP, SAM, PAN
¢ loss : DIoU-NMS

Bag of Specials (Bos) for
detector

YOLO is vulnerable to small object detection. In YOLOv4, to detect various small objects well the input
resolution has been increased. In addition, the number of layers was increased to physically increase the
receptive field. In YOLOv4, CSPNet[17]-based CSPDarkNet53 was proposed, and although the number of
parameters and FLOPS were large, the actual Inference Time (Throughput) showed the best results. The
architecture of YOLOv4 was based on YOLOV3, and the backbone was changed to CSPDarkNet53, the SPP
and Path Aggregation Network (PAN)[18] were applied to the neck, and the Bag of Freebies and Bag of
Specials described in table 2 were applied.

YOLOV4 has improved accuracy (AP) by almost 10% compared to YOLOvV3, and has the advantage of
being able to train, test, and distribute models with a single GPU.
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2.6 SSD

SSDI4] detects the bounding box of an object and recognizes the class using a single network like YOLO.
It was used as an image feature extractor with some modifications based on VGG-16. YOLO has bounding
box and class information only in the final feature map, whereas SSD information is distributed across several
feature maps. Figure 5 shows the network structure of SSD and YOLO. As shown in the figure, there are six
layers of different sizes, conv4_3, conv7, conv8_2, conv9_2, conv10_2, and convll 2, corresponding to the
last feature map of YOLO in SSD. In YOLO, each grid cell of the final feature map generates two bounding
box candidates, whereas ,by introducing the concept of default boxes, the SSD is 4 or 6 bounding box
candidates are generated with different aspect ratios in six multi-scale feature maps. As the result, object
detection performance is improved without location estimation and size transformation.

Extra Feature Layers
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Figure 5. Structure comparison between SSD and YOLO

In general classification problems, it is common to attach an FC layer at the end of the CNN like YOLO,
but SSD uses a convolutional layer as a classifier, and achieves speed improvement and model weight
reduction by reducing the amount of computation and the number of model parameters. In addition, SSD learns
only those with large reliability errors for objects in the direction of reducing errors, making them faster and
more stable.

As a result of the experiment, SSD512 showed 81.6% mAP in PASCAL VOC 2007 test set and 80.0%
mMAP in PASCAL VOC 2012 test set, and showed better results than Faster R-CNN and YOLO.

2.7 RefineDet

RefineDet [19] is composed of two interconnected modules, the Anchor Refinement Module (ARM) and
the Object Detection Module (ODM). ARM filters the negative anchors to reduce the search space of the
classifier, and adjusts the position and size of the anchors to provide better initialization to the subsequent
regressor. ODM uses the modified anchors as input to the previous ARM to regress accurate the object position
and size and predicts the corresponding multiclass label. In this way, the functions of ARM have been
transferred and improved to make the object more predictable in ODM, and these two modules are connected
by a transport connection block. RefineDet shows the improved performance among the one-stage object
detectors for PASCAL VOC 2007, PASCAL VOC 2012 and MS COCO data sets.

2.8 Relation Networks for Object Detection

Hu et al. [20] proposes an attention module for object detection called an object relation module (ORM)
that considers interactions between other objects in an image including geometric information along with
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appearance characteristics. ORM is based on the attention module applied to NLT, etc. The proposed attention
module extends the weight of the 1D’s attention model to two components, the original weight and the new
geometric weight. The latter models the spatial relationship between objects and extracts characteristics
suitable for object recognition without changing the module transformation by considering only the relative
geometric positions between objects. ORM is added to the detector head before two fully connected layers,
applied to image classification and bounding box regression. In the COCO test-dev data set, accuracy increases
by 0.2, 0.6, and 0.2, respectively, when the relationship module is added using Faster R-CNN, FPN, and DCN
as backbone networks.

2.9 CenterNet

CenterNet[21] is similar to approaches to the existing one-stage Detectors (eg. SSD, YOLO) that use an
anchor box, but there are significant differences.

Difference 1. CenterNet assigns anchor only by position, not box overlap.
Difference 2. CenterNet uses only one anchor.
Difference 3. CenterNet has a larger output resolution (output stride of 4).

The exiting one-stage detectors mostly used a large number of anchor boxes to predict the final bounding
boxes to ensure that the assigned anchor boxes could sufficiently overlap with the ground truth box (box
overlap).

CenterNet detects objects by using key point estimation. Only one keypoint(center point) per object is
estimated, and each object is represented by the estimated one. Therefore, there is no need for grouping or
post-processing processes (ex. NMS), and only one anchor exits.

Also CenterNet regresses various information such as object size, dimension, 3D extent, orientation, pose
from the predicted center point, and can be easily extended to 3D Object Detection and Multi-person Human
Pose Estimation as well as Object Detection.

2.10 EfficientDet

EfficientDet[22] applies the Weighted bidirectional feature network (BiFPN) and Compound Scaling and
achieves the highest accuracy in the COCO dataset, and show that similar accuracy can be achieved with a
very small amount of computation (FLOPS) compared to previous studies.

Weighted BiFPN is a method that gives weights to input features and learns weights through learning. The
Compound Scaling technique is a complex scaling method that uniformly scales the resolution, depth, and
width of all backbones, feature networks, and box/class prediction networks simultaneously by considering
width, depth, and resolution, which are factors that determine the size and computation of the model. This idea
was applied to EfficientDet's backbone, feature network, and box/class prediction network.

ImageNet-pretrained EfficientNet[23] was used as the backbone of EfficientDet, BiFPN was used as feature
network, and applied to level 3-7 features. In addition, top-down and bottom-up bidirectional feature fusion
were repeatedly used.
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Figure 6. EfficientDet architecture
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EfficientDet has a much smaller number of parameters and computations compared to object detection
models with similar mAP performance. Therefore, the inference speed is about twice as fast as that of other
models with the same performance.

3. Research direction of object detection

Deep learning-based object detection technology has rapidly developed based on the development of
processors such as computers and GPUs that can rapidly process complex operations. However, the demand
for a high-precision real-time system is increasingly required for more accurate application programs.
Therefore, research should be studied in the direction of improving detection accuracy and speed.

3.1 Combined one-stage detector and two-stage detector in object detection networks

The two-stage object detection network is time consuming and has a dense process to obtain a bounding
box. The one-stage detection network achieves fast processing speed applicable to real-time applications, but
has low accuracy. Therefore, efficiency can be achieved the improved accuracy and high processing speed
by creating a network to combine two-stage detector and one-stage detector.

3.2 Efficient post-processing method

In mostly object detection networks, only the best prediction result of one object is sent to the final
classification layer to calculate the accuracy score. Post-processing methods, such as NMS, and subsequent
improvements can improve the accuracy of detection and classification. Therefore, using a more efficient and
accurate post-processing method should be studied.

3.3 Multi-domain object detection

In the existing object detection networks, the model is built to produce optimal performance in a single
domain. However, if a general-purpose network to work in various image domains is implemented, the number
of parameters can be reduced by learning by sharing features, and generalized features can be detected without
prior knowledge of a new domain. Bilen et al. [24] add the batch normalized layer of a specific domain to a
multi-domain shared network. Wang et al. [25] propose a universal object detector using a new domain
attention module in various image areas (human faces, traffic signs and medical CT images) without prior
knowledge of the area of interest.
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Figure 7. universal feature extractor[24]

3.4 Unsupervised object detection

Supervised learning takes a long time in the learning process and requires annotated data sets. In a large
data set, annotating the bounding box for each object can be time consuming and laborious. Therefore, the
development of automatic annotation processing technology and the detection of unsupervised learning objects
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are the future research directions.
3.5 Multi-source information support

With the advancement of social media and big data processing technology, multi-source information can
be easily accessed. Rich social media information can provide both images such as photographs and texts that
describe them as data, and processing fused multi-source information is a new research direction.

3.6 Object detection system for portable terminals

Cloud systems and portable terminals are playing a big role in helping people quickly solve any problems
regardless of location. With the advent of lightweight networks, detectors in terminals have a wide range of
applications. Therefore, it is necessary to develop a more efficient and stable object detection network.

3.7 GAN-based object detection system

GAN (Generative Adversarial Network) is a network that can generate fake images, and it can create and
supply training data to deep learning networks that require large amounts of image data for training. Therefore,
if the object detection network is trained by mixing the actual image and the data generated by the GAN, the
object detection network can be more efficient and more efficient in generalization.

4. Conclusion

In this paper, deep learning-based technologies for detecting objects in images were addressed and a
research direction was proposed. Key algorithms and differences between the recent Faster R-CNN, which
improved performance from R-CNN, an initial object detection method based on deep learning, and object
detection methods such as YOLO, SSD, RefineDet, CenterNet and EfficientDet are explained. In recent years,
with the development of deep learning technology, object detection technology has also undergone a
revolutionary development, but accuracy and speed need to be improved to be applied to various fields such
as security, military, transportation, and life, and technologies for application to portable devices. These
research directions are summarized and the future direction of object detection methods.
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