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Preface
7KLV UHSRUW SUHVHQWV WKH ZRUN RI P\ PDVWHU¶V WKHVLV SURMHFW RQ WKH WRSLF 2EMHFW 'HWHFWLRQ LQ ,OOXVWUDWHG
,PDJHU\� 7KH WH[W LV VWUXFWXUHG LQ WKUHH SDUWV� DQ LQWURGXFWLRQ� D VFLHQWLILF SDSHU SUHVHQWLQJ RXU ZRUN
LQ D FRPSDFW PDQQHU XVLQJ WKH IRUPDW DV LQ WKH &RPSXWHU 9LVLRQ DQG 3DWWHUQ 5HFRJQLWLRQ &RQIHUHQFH
�&935�� DQG D VXSSOHPHQW WKDW LQWURGXFHV WRSLFV RI WKH WKHVLV DQG HODERUDWHV XSRQ WKH VFLHQWLILF SDSHU�

)LUVW� , ZRXOG OLNH WR WKDQN P\ GDLO\ VXSHUYLVRU� 6H\UDQ .KDGHPL� IRU KHU LQYDOXDEOH JXLGDQFH DQG
IHHGEDFN GXULQJ WKH ZHHNO\ PHHWLQJV� +HU H[SHUWLVH DQG VXSSRUW KDYH EHHQ LQVWUXPHQWDO LQ VKDSLQJ
WKH ZRUN SUHVHQWHG LQ WKLV WKHVLV� , ZRXOG DOVR OLNH WR WKDQN P\ WKHVLV VXSHUYLVRU� -DQ YDQ *HPHUW� IRU
KLV YDOXDEOH IHHGEDFN DQG VXSSRUW� , ZRXOG DOVR OLNH WR H[WHQG P\ WKDQNV WR -LH <DQJ� IRU KLV LQWHUHVW LQ
P\ WKHVLV DQG HYDOXDWLRQ RI WKLV ZRUN DV D PHPEHU RI WKH WKHVLV FRPPLWWHH�

, WDNH WKLV RSSRUWXQLW\ WR WKDQN P\ SDUHQWV DQG P\ VLVWHU� IRU WKHLU FRQWLQXRXV VXSSRUW� DQG XQGHU�
VWDQGLQJ WKURXJKRXW WKLV MRXUQH\� 7KHLU XQZDYHULQJ EHOLHI LQ PH KDV EHHQ D VRXUFH RI PRWLYDWLRQ DQG
VWUHQJWK� , ZRXOG DOVR OLNH WR WKDQN P\ IULHQGV ZKR KDYH KHOSHG PH LQ PDQ\ IRUPV�

+DRUDQ :DQJ
'HOIW� $XJXVW ����
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1
Introduction

&RPSXWHU YLVLRQ LV D UDSLGO\ HYROYLQJ ILHOG WKDW DLPV WR HQDEOH PDFKLQHV WR XQGHUVWDQG DQG LQWHUSUHW
YLVXDO GDWD� HPXODWLQJ KXPDQ YLVLRQ FDSDELOLWLHV� 7KH FRUH RI FRPSXWHU YLVLRQ UHVHDUFK LV WKH WDVN RI
REMHFW GHWHFWLRQ� ZKLFK LQYROYHV LGHQWLI\LQJ DQG ORFDOL]LQJ REMHFWV ZLWKLQ LPDJHV RU YLGHRV� 2EMHFW GHWHF�
WLRQ SOD\V D FUXFLDO UROH LQ D ZLGH UDQJH RI DSSOLFDWLRQV� LQFOXGLQJ DXWRQRPRXV GULYLQJ� PHGLFDO LPDJLQJ�
DXJPHQWHG UHDOLW\� HWF >�@� $GYDQFHPHQWV LQ GHHS OHDUQLQJ DQG WKH DYDLODELOLW\ RI ODUJH�VFDOH GDWDVHWV
KDYH SURSHOOHG VLJQLILFDQW SURJUHVV LQ FRPSXWHU YLVLRQ� 6WDWH�RI�WKH�DUW REMHFW GHWHFWLRQ PRGHOV� VXFK
DV )DVWHU 5�&11 >�@� 5HWLQD1HW >�@� DQG <2/2 �<RX 2QO\ /RRN 2QFH� >�@� KDYH JDLQHG UHPDUNDEOH
SHUIRUPDQFH LPSURYHPHQWV RQ EHQFKPDUN GDWDVHWV�

+RZHYHU� PRVW FRPSXWHU YLVLRQ UHVHDUFK IRFXVHV RQ UHDO LPDJHV� ,OOXVWUDWLRQ LPDJHV DUH UDUHO\
H[SORUHG LQ FRPSXWHU YLVLRQ� ([SORULQJ FRPSXWHU YLVLRQ IRU LOOXVWUDWLRQV KDV PDQ\ SRWHQWLDO DSSOLFDWLRQV�
VXFK DV DUFKLYH PDQDJHPHQW IRU LOOXVWUDWLRQ ERRNV� DQG LPDJH XQGHUVWDQGLQJ IRU JUDSKLF LPDJHV�

7R H[SORUH WKLV ILHOG� ZH LQWURGXFH D QHZ GDWDVHW� 7KH RULJLQDO GDWDVHW LV 2W 	 6LHQ 'DWDVHW >�@�
7KH SXUSRVH RI WKLV GDWDVHW LV WR KHOS WKH GHYHORSPHQW RI DXWRPDWLF YLVXDO REMHFW GHWHFWLRQ LQ FKLOGUHQ¶V
ERRN LOOXVWUDWLRQV� 0LVWDNHV� VXFK DV PLVODEHOOLQJ� RYHUODSSHG FDWHJRULHV DQG LPDJHV� DQG QRQ�H[LVWLQJ
FDWHJRULHV� KDYH EHHQ FRUUHFWHG LQ WKH RULJLQDO GDWDVHW�

7KH GDWDVHW ZH SURSRVHG SRVHV VHYHUDO FKDOOHQJHV WKDW QHHG WR EH DGGUHVVHG� 2QH RI WKH FKDO�
OHQJHV LV WKH LVVXH RI LPEDODQFHG FDWHJRULHV� ZKHUH FHUWDLQ REMHFW FDWHJRULHV PD\ KDYH D VLJQLILFDQWO\
ODUJHU QXPEHU RI LQVWDQFHV FRPSDUHG WR RWKHUV� 7KLV LPEDODQFH FDQ DIIHFW WKH SHUIRUPDQFH RI REMHFW
GHWHFWLRQ PRGHOV� DV WKH\ PD\ EHFRPH ELDVHG WRZDUG WKH GRPLQDQW FDWHJRULHV ZKLOH QHJOHFWLQJ WKH
PLQRULW\ RQHV� $GGLWLRQDOO\� WKH GDWDVHW H[KLELWV D QDWXUDO ORQJ�WDLO GLVWULEXWLRQ� ZLWK VRPH FDWHJRULHV
EHLQJ UDUH RU RFFXUULQJ LQIUHTXHQWO\� 7KLV IXUWKHU H[DFHUEDWHV WKH FKDOOHQJH RI DFFXUDWHO\ GHWHFWLQJ DQG
FODVVLI\LQJ REMHFWV DFURVV WKH HQWLUH VSHFWUXP RI WKH GDWDVHW�

$QRWKHU FKDOOHQJH VWHPV IURP WKH QDWXUDO DUW GLYHUVLW\ RI WKH LOOXVWUDWLRQV LQ WKH GDWDVHW� 6WDWH�RI�WKH�
DUW REMHFW GHWHFWLRQ PRGHOV� VXFK DV WKH <2/2PRGHO� KDYH SULPDULO\ EHHQ WUDLQHG RQ KLJK�TXDOLW\ SKRWR
GDWDVHWV OLNH 06 &2&2 >�@� 8QOLNH VWDQGDUGL]HG SKRWRV IRXQG LQ FRQYHQWLRQDO GDWDVHWV� LOOXVWUDWLRQV
FDQ YDU\ JUHDWO\ LQ VW\OH� DUWLVWLF UHSUHVHQWDWLRQ� DQG YLVXDO FKDUDFWHULVWLFV� DQG WKXV PD\ QRW H[KLELW
WKH VDPH JHQHUDOL]DELOLW\ RI WH[WXUH LQIRUPDWLRQ DV VHHQ LQ KLJK�TXDOLW\ GLJLWDO SKRWRV� 7KLV GLYHUVLW\
LQWURGXFHV DGGLWLRQDO FRPSOH[LW\ WR WKH REMHFW GHWHFWLRQ WDVN�

0RUHRYHU� UHDO SKRWR�OLNH GDWDVHWV FRQWDLQ QXPHURXV FDWHJRULHV WKDW DUH LUUHOHYDQW WR WKH FRQWH[W RI
LOOXVWUDWLRQV� UHTXLULQJ WKH ILQH�WXQLQJ RI FODVVLILFDWLRQ OD\HUV WR DGDSW WR FXVWRP GDWDVHWV� ,Q VFHQDULRV
ZKHUH SULRU LQIRUPDWLRQ DERXW WKH FDWHJRULHV LQ WKH LOOXVWUDWLRQ LV XQDYDLODEOH� IHZ�VKRW OHDUQLQJ KDV WR
EH XVHG� %HVLGHV� ILQH�WXQLQJ REMHFW GHWHFWLRQ PRGHOV RQ UHDO�SKRWR GDWDVHWV PD\ SURYH WR EH FKDO�
OHQJLQJ IRU WKLV GDWDVHW� *LYHQ WKH GLIIHUHQFHV LQ SL[HO UHSUHVHQWDWLRQ DQG WH[WXDO LQIRUPDWLRQ EHWZHHQ
LOOXVWUDWLRQV DQG SKRWRV� GLUHFWO\ ILQH�WXQLQJ RQ UHDO�SKRWR GDWDVHWV OLNH &2&2 PD\ QRW OHDG WR RSWLPDO
SHUIRUPDQFH�

7KH UHVW RI WKH UHSRUW LV VWUXFWXUHG DV IROORZV� &KDSWHU � LV D VFLHQWLILF SDSHU WKDW GHVFULEHV WKH
WKHVLV� &KDSWHU � JLYHV D WHFKQLFDO EDFNJURXQG RQ WKH VFLHQWLILF SDSHU� LQFOXGLQJ GHHS OHDUQLQJ� REMHFW
GHWHFWLRQ� IHZ�VKRW REMHFW GHWHFWLRQ� DQG PRUH LQIRUPDWLRQ DERXW RXU GDWDVHW�
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Abstract

In contrast to the prevalent focus on real photos in com-
puter vision research, we present a contribution by making
the Ot & Sien dataset [1] machine learning-ready for object
detection tasks in illustrations. We refer to the new dataset
as Ot & Sien++ that is composed of scanned images of chil-
dren’s book illustrations, thereby venturing into an unex-
plored domain. The primary objective of this research is
to investigate the generalization capabilities of existing ob-
ject detection models to this unique dataset and establish
benchmarks for this dataset.

To evaluate the performance of existing object detection
models on our proposed dataset, we employed the widely
used YOLOv5 as a benchmark. To mitigate the inherent
imbalance of the dataset, various data augmentation tech-
niques were applied. The results demonstrated the effective-
ness of the object detection model and data augmentation in
the context of children’s book illustrations. In addition, this
research also explored applying few-shot learning models
to the dataset. Baseline models were investigated to exam-
ine the potential of few-shot learning in the context of object
detection in illustrations.

The proposed dataset elicits new challenges in object
detection and will serve as a valuable resource for re-
searchers in this domain. Our dataset can be found at
https://data.4tu.nl/datasets/d1f3ca5c-
f1e4-48f5-9a04-0564572d2b9c/1.

1. Introduction

Computer vision is a rapidly evolving field aimed at
enabling machines to understand and interpret visual data
and mimic human visual abilities. With recent advance-
ments in deep learning and the availability of large-scale
datasets, significant progress has been made in various com-
puter vision tasks. One of the most developed tasks in com-
puter vision research is object detection, which involves
recognizing and localizing objects in an image or video.
This task is of great importance in applications such as au-
tonomous driving, medical imaging, and augmented real-

(a) Example images from the dataset

(b) gridded t-SNE visualization of part of the dataset

Figure 1. Dataset Visualizations

ity. To tackle this challenge, state-of-the-art object detection
models have emerged, including Faster R-CNN [2], Reti-
naNet [3], and YOLO (You Only Look Once) [4]. These
models have achieved remarkable performance gains on
benchmark datasets, pushing the boundaries of object de-
tection capabilities.

However, most computer vision research focuses on
photo imagery. Illustration images are rarely explored in

https://data.4tu.nl/datasets/d1f3ca5c-f1e4-48f5-9a04-0564572d2b9c/1
https://data.4tu.nl/datasets/d1f3ca5c-f1e4-48f5-9a04-0564572d2b9c/1


computer vision. The reasons can be attributed to the lack
of comprehensive and well-annotated datasets specific to il-
lustrations and the relatively lesser attention given to appli-
cations of object detection in illustrations compared to other
mainstream computer vision tasks. Exploring computer vi-
sion for illustrations has many potential applications, such
as archive management for illustration books, image under-
standing for graphic images as well as book summarization
and quantitative research on archives.

To explore this field, we introduce a new dataset. The
original dataset is Ot & Sien Dataset [1]. The purpose of
this dataset is to help the development of automatic visual
object detection in children’s book illustrations. Mistakes,
such as mislabelling, overlapped categories and images, and
non-existing categories, have been corrected in the original
dataset. To provide a glimpse of the dataset, example im-
ages are shown in Figure 1a. The properties of our new
dataset are summarized as:

• The dataset consists of illustrations rather than photos.
• 1451 images with 8241 objects (5.7 per image) are an-

notated including the categories and bounding boxes.
• All images are resized to 416 ⇥ 416 with black fitting

edges to adapt to the training procedure.
• The dataset has 164 classes and follows a natural long-

tail property, with some object categories being rare.
• The dataset has imbalanced categories.
Due to the space limit, we present a partial visualization

of the dataset using t-SNE [5] and then gridded in Figure 1b.
The visualization provides a glimpse into the distribution
and relationships among the data points. Specific clusters,
such as people, animals, and various characters can be seen
in the visualization, indicating inherent patterns within the
dataset.

The dataset we proposed poses several challenges that
need to be addressed. One of the challenges is the issue
of imbalanced categories, where certain object categories
may have a significantly larger number of instances com-
pared to others. This imbalance can affect the performance
of object detection models, as they may become biased to-
ward the dominant categories while neglecting the minority
ones. Additionally, the dataset exhibits a natural long-tail
distribution, with most categories being rare or occurring
infrequently. This further exacerbates the challenge of ac-
curately detecting and classifying objects across the entire
spectrum of the dataset.

Another challenge stems from the natural art diversity of
the illustrations in the dataset. State-of-the-art object detec-
tion models, such as the YOLO model, have primarily been
trained on high-quality photo datasets like MS COCO [6].
Unlike standardized photos found in conventional datasets,
illustrations can vary greatly in style, artistic representa-
tion, and visual characteristics, and thus may not exhibit the
same generalizability of texture information as seen in high-

quality digital photos. This diversity introduces additional
complexity to the object detection task.

Moreover, real photo-like datasets contain numerous cat-
egories that are irrelevant to the context of illustrations,
requiring the fine-tuning of classification layers to adapt
to custom datasets. In scenarios where prior information
about the categories in the illustration is unavailable, few-
shot learning has to be used. Besides, fine-tuning object
detection models on real-photo datasets may prove to be
challenging for this dataset. Given the differences in pixel
representation and textual information between illustrations
and photos, directly fine-tuning on real-photo datasets like
COCO may not lead to optimal performance.

We acknowledge the scarcity and imbalance of the
dataset as a realistic scenario. We list the key contributions
as follows:

• Dataset Preparation: We have made the Ot & Sien
dataset ready for object detection task, enabling fur-
ther research in computer vision specifically tailored
to illustrations.

• Baseline Model Evaluation: We have conducted a
comprehensive evaluation of different baseline object
detection models on our dataset.

• Generalization Capability Analysis: We have investi-
gated the generalization capability of object detection
models trained on real-photo datasets when applied to
our dataset.

• Data Augmentation Effectiveness: We have explored
the effectiveness of various data augmentation tech-
niques on our dataset.

2. Related Work

2.1. Datasets

Several benchmark datasets have played a significant
role in advancing research for various tasks, such as Pascal
VOC [7], MS COCO (Microsoft Common Objects in Con-
text) [6], and LVIS (Large Vocabulary Instance Segmenta-
tion) [8]. These datasets have provided standardized bench-
marks and large-scale labeled data, allowing researchers to
evaluate and compare the performance of different com-
puter vision models.

The Pascal VOC dataset has been a benchmark in the
computer vision community for many years. It includes
diverse images annotated with object bounding boxes and
pixel-level semantic masks. The dataset covers 20 object
categories, including common categories such as cars, peo-
ple, and animals. Pascal VOC has been used extensively for
tasks such as object detection, semantic segmentation, and
image classification. However, one limitation of PASCAL
VOC is its relatively small size, consisting of around 10000
images in total.

MS COCO is a larger dataset that provides a more ex-



tensive and challenging collection of images compared to
Pascal VOC. It contains over 200000 images with pixel-
level annotations for objects. The dataset contains 80 object
categories and covers a wide range of complex scenes and
object instances. The dataset’s rich annotations and large-
scale nature have made it a crucial resource for training and
evaluating object detection algorithms.

LVIS is a relatively new dataset that focuses on instance
segmentation. It included a larger vocabulary of 1200 ob-
ject categories and provided around 2 million high-quality
instance segmentation masks for 164k images. LVIS has
a naturally long tail distribution, providing a more com-
prehensive representation of real-world object frequencies.
This dataset focuses on evaluating object detection models
on rare and low-frequency categories.

There are several existing illustration datasets. For ex-
ample, DanbooRegion [9] is an illustration region dataset
that contains a large number of artistic region composi-
tions paired with corresponding cartoon illustrations. Wa-
terColor2k [10] is a dataset used for cross-domain object
detection which contains 2k watercolor images with image
and instance-level annotations. They present a new frame-
work for cross-domain weakly supervised object detection,
which tries to adapt pre-trained source domain knowledge
to a new domain.

2.2. Object Detection

Object detection is a well-studied problem in computer
vision, and various approaches have been proposed to tackle
it effectively. Modern object detection methods can be cat-
egorized into two main types: one-stage methods and two-
stage methods.

One of the most influential two-stage object detection
frameworks is the Region-based Convolutional Neural Net-
work (R-CNN) family of methods [2, 11, 12]. These meth-
ods propose region proposal techniques to generate candi-
date object regions and employ convolutional neural net-
works (CNNs) to classify and localize objects within these
regions. These approaches have demonstrated impressive
performance on various benchmark datasets.

Faster R-CNN [2], proposed in 2015, revolutionized ob-
ject detection by introducing a two-stage framework that
combines region proposal generation and object classifica-
tion. The primary motivation behind Faster R-CNN was
to alleviate the shortcomings of earlier approaches that re-
lied on time-consuming external region proposal methods,
such as Selective Search. It consists of a region proposal
network (RPN) and a subsequent object detection network.
The RPN shares convolutional layers with the detection net-
work, allowing for efficient computation and reuse. This
design ensures end-to-end training and enables the network
to learn powerful representations for both region proposal
and object classification.

However, the two-stage approaches mentioned above
suffer from increased computational complexity due to the
need for region proposal techniques. This limitation makes
them less suitable for real-time applications where effi-
ciency is a critical factor.

In contrast, one-stage approaches, such as the You Only
Look Once (YOLO) series [4, 13, 14], adopt a unified ap-
proach that directly predicts object bounding boxes and
class probabilities in a single pass through the network. It
divides the input image into a grid and assigns each grid
cell responsibility for detecting objects. YOLO is known
for its fast inference speed, thus is suitable for real-time ob-
ject detection applications. However, it may struggle with
detecting small objects and precise localization due to its
grid-based nature.

2.3. Imbalanced Dataset

In recent years, the issue of class imbalance in object
detection datasets has gained significant attention. Imbal-
anced datasets, where certain object categories are under-
represented compared to others, can lead to biased model
training and sub-optimal performance in minority classes.

To tackle this challenge, researchers have proposed vari-
ous methods to mitigate the negative impact of class imbal-
ance. One such method is the focal loss introduced by Lin
et al. [3]. The focal loss addresses the class imbalance prob-
lem by assigning higher weights to misclassified examples
from the minority classes during training. By giving more
importance to the underrepresented classes, the model can
focus on learning their distinctive features and improving
their detection performance.

Data-level approaches also play a crucial role in address-
ing class imbalance [15]. Data augmentation techniques,
such as rotation, scaling, flipping, or adding noise can help
increase the diversity and quantity of data for underrepre-
sented classes. This can help improve the model’s ability to
learn from and generalize to these classes.

Sampling techniques, such as random over-sampling
(ROS) [16], random under-sampling (RUS) [16], and syn-
thetic minority oversampling technique (SMOTE) [17], can
balance the class distribution [15]. ROS replicates or gen-
erates new samples from the minority class, while RUS
reduces the number of samples from the majority class.
SMOTE generates synthetic samples by interpolating be-
tween existing minority class samples. These techniques
aim to create a more balanced representation of all classes
and alleviate the bias towards the majority classes.

Another effective approach is transfer learning [18],
which leverages pre-trained models on large-scale datasets,
such as ImageNet [19] or COCO, to initialize the object
detection model. By transferring the learned features and
knowledge from the pre-trained model, the model can ben-
efit from the generalization and discriminative power of the



Figure 2. Visualization of image labels

large dataset. This can help mitigate the effects of class im-
balance by providing a strong starting point for training on
the imbalanced dataset.

2.4. Few-shot Object Detection

Few-shot object detection extends the concept of few-
shot learning to the domain of object detection, where the
goal is to detect objects in images with only limited labeled
examples.

One approach to few-shot object detection is to lever-
age few-shot learning methods and adapt them to the ob-
ject detection setting. For instance, Yan et al. [20] extends
Faster/Mask R-CNN [2, 21] by proposing meta-learning
over RoI (Region of Interest) instead of a full image. The
core idea is to separate the complex information of mul-
tiple objects merged with the background. This enables
Faster/Mask R-CNN [2,21]to function as a meta-learner for
performing various tasks.

Besides, Kang et al. [22] propose a method where feature
re-weighting schemes are incorporated into a single-stage
object detector, specifically YOLOv2 [13]. This is achieved
by employing a meta-learner that takes both the support im-
ages (a limited number of labeled images belonging to the
novel/base classes) and the corresponding bounding box an-
notations as inputs.

Furthermore, recent advancements in pre-training mod-
els have also been explored in few-shot learning. These
models are pre-trained on large-scale datasets and then fine-
tuned on few-shot learning tasks, enabling them to capture
rich representations that can generalize well to new classes

(a) Distribution of categories per image

(b) Distribution of instances per image

(c) Number of categories vs. Number of instances

Figure 3. Dataset comparison

with limited labeled examples. Wang et al. [23] found that
fine-tuning only the last layer of existing detectors on rare
classes is crucial to the few-shot object detection task.

Despite the progress made in few-shot object detection,
it remains an active research area with ongoing efforts to
develop more effective algorithms.

3. Dataset

3.1. Dataset Statistics

There are 164 categories present in the 1451 children’s
book images, which have the same size 416 ⇥ 416. On
average, each image is annotated with 5.7 objects.



train valid test

No. Image 961 259 231
No. Box 5566 1459 1216
Avg No.Box/Img 5.79 5.63 5.26
Box Size (pixels) [85, 167232] [125, 161540] [144, 150423]
Box Area Ratio [0.00049, 0.966] [0.00083, 0.869] [0.00072, 0.933]
Box W/H Ratio [0.0840, 7.769] [0.0873, 6.310] [0.0603, 7.643]

Table 1. Data splits

To understand the distribution of object instances across
the different categories, the first figure in Figure 2 displays
the instances-per-class distribution. This distribution high-
lights the inherent imbalance and low-shot nature of the
dataset, with certain categories having a significantly larger
number of instances compared to others.

The second figure in Figure 2 shows the shape and lo-
cation of all bounding boxes in our dataset and the third
figure shows the distribution of the center of all bounding
boxes. The visualization demonstrates the spatial distribu-
tion of objects and illustrates that many bounding boxes are
centered around the middle of the image.

Lastly, the size distribution of the bounding boxes is de-
picted in the last figure of Figure 2. This visualization illus-
trates that the dataset contains a significant number of small
objects, as indicated by the higher density of data points in
the lower region of the size distribution plot.

3.2. Datasets Comparison

We compare our dataset with four commonly used
datasets in object detection and few-shot object detection,
Pascal VOC, MS COCO, LVIS, and few-shot object detec-
tion (FSOD) [24].

The distribution of categories-per-image is depicted in
Figure 3a, revealing that the majority of images contain 1
to 5 categories. Similarly, Figure 3b illustrates the distri-
bution of instances-per-image, indicating that most images
contain 1 to 8 instances. Our dataset exhibits a distribution
that closely resembles that of the COCO dataset. The rela-
tionship between the number of categories and the number
of instances is demonstrated in Figure 3c. Compared to the
PASCAL VOC dataset, our dataset contains a comparable
number of instances. However, it contains a larger number
of categories. On the other hand, when compared to the
COCO dataset, our dataset exhibits a similar number of cat-
egories, but significantly fewer instances. This discrepancy
can be attributed to the relatively smaller size and long-tail
distribution of our dataset.

4. Benchmarks and Experiments

In this section, we provide baseline results for our pro-
posed dataset. We perform object detection using the most
widely used YOLOv5 model and train the TFA model [23]
as a few-shot learning baseline.

Figure 4. Data augmentation techniques

4.1. Object Detection

Dataset Preparation We split the dataset into train, val-
idation, and test sets. Statistics can be found in Table 1.

Given the presence of imbalanced categories within the
dataset, it is essential to address the inherent challenges
associated with evaluating results on classes with limited
instances. To ensure a fair and meaningful assessment,
we adopted a categorization strategy to divide the dataset
into two distinct groups: frequent categories and rare cate-
gories. The categorization was based on the abundance of
instances within each class specifically within the training
dataset. Categories with more than 40 instances in the train-
ing dataset were classified as frequent categories, whereas
those with fewer instances were categorized as rare cate-
gories. This division allows us to focus our evaluation pri-
marily on the frequent categories, which exhibit a higher
representation within the dataset.

Experiments It has been proven that pre-training the
model on a large-scale dataset, such as ImageNet and MS
COCO, improves generalization and helps to prevent over-
fitting [25]. Therefore, we used the model weights learned



Figure 5. Detection and classification accuracy on the dataset w/o augmentation

from COCO and then fine-tune it on our dataset in the ex-
periments.

In order to validate the efficacy of data augmentation on
our dataset, we conducted experiments employing various
augmentation strategies. It was demonstrated that a straight-
forward copy-paste technique can lead to improved perfor-
mance [26]. Building upon this insight, we further explored
the potential of common data augmentation techniques, in-
cluding cropping, rotation, flipping, and other transforma-
tions. Augmentation techniques have been used are shown
in Figure 4, which include crop, horizontal flip, rotate, gauss
noise, color jitter, PCA, sharpen, and blur.

Given the inherent class imbalance present in our dataset,
it is important to address this challenge during data augmen-
tation. Conventional image-level augmentation techniques,
while effective in introducing diversity, do not adequately
address the imbalance issue and may even exacerbate it fur-
ther. In light of this, we put forth a novel approach that fo-
cuses on bounding-box level augmentation, aiming to mit-
igate the imbalance problem while enhancing the dataset’s
richness and variability.

Our proposed bounding box level augmentation strategy
operates by considering individual bounding boxes rather
than the entire image. By doing so, we can selectively aug-
ment specific object instances, thereby offering a more tar-
geted and controlled augmentation process. This approach
enables us to maintain a better balance between different
object categories, ensuring that each class receives appro-
priate augmentation, irrespective of its initial representation
in the dataset. Examples are shown in Figure 6, where bears
and pigs are being augmented.

Results The experimental results are presented in Table
2. The results demonstrate the positive impact of data aug-
mentation on improving the model’s performance on fre-
quent classes and it also shows the generalization ability
of the YOLOv5 model on our dataset. Furthermore, our

(a) Example 1: Bears (b) Example 2: Pigs

Figure 6. Examples of bounding-box level augmentation

novel bounding-box level augmentation approach exhibited
promising results, as observed in the table.

mAP50f mAP75f mAPf

w/o augmentation 17.39 7.87 8.87
copy & paste 18.43 8.35 9.42
bbox augmentation 25.57 15.31 15.23
normal augmentations 32.03 17.84 18.13

Table 2. Object detection performance of YOLOv5 on frequent
classes. w/o augmentation: original dataset without augmentation;
copy & paste: simply copy and paste images; normal augmenta-
tions: uses image-level augmentation techniques; bbox augmenta-
tion: uses bounding-box level augmentation

Object detection models consist of two stages: detec-
tion, which localizes objects in an image, and classification,
which assigns a specific class label to each detected object.
To pinpoint the potential bottleneck in performance, we sep-
arate the evaluation of detection accuracy and classification
accuracy. This allows us to analyze and assess the model’s
performance in each stage independently.



Figure 7. Performance on different sized objects

In Figure 5, we present the detection and classification
accuracies on the original dataset without any augmenta-
tion. It is evident that the detection accuracies are gener-
ally higher than the classification accuracies. One notable
observation is the extremely low classification accuracy for
the ”female” class. This discrepancy can be attributed to
the significant class imbalance between the ”male” and ”fe-
male” classes. Given that the ”male” class has a substan-
tially larger number of instances compared to the ”female”
class, the model tends to predict all instances as ”male” to
optimize overall accuracy. This imbalance in training data
distribution poses a challenge for the model to accurately
classify ”female” samples, resulting in near-zero classifica-
tion accuracy for this class.

The complete results for detection and classification ac-
curacies are provided in Table 3. It is evident from the table
that in all cases, the localization accuracies are consistently
higher than the classification accuracies. This observation
suggests that the bottleneck in the model lies in the classi-
fication stage, as the model struggles to accurately classify
objects despite successfully localizing them.

Localization Classification

w/o augmentation 73.58 27.14
copy & paste 73.27 31.05
bbox augmentation 75.76 38.77
normal augmentations 73.28 49.22

Table 3. Detection and classification accuracy on frequent classes

To investigate the model’s performance on different sizes
of bounding boxes, we conducted an evaluation based on
the bounding box sizes. We divided the bounding boxes
into three categories: small (s) with a pixel area of 322 or
smaller, middle (m) with a pixel area between 322 and 962,

mAP50s mAP50m mAP50l

w/o augmentation 14.92 23.70 25.63
copy & paste 15.88 30.32 33.50
bbox augmentation 17.88 31.95 52.30
normal augmentations 23.07 34.41 66.75

Table 4. Object detection performance by bounding box size on
frequent classes

and large (l) with a pixel area larger than 962.
Figure 7 provides a visualization of the model’s perfor-

mance based on the bounding box size, using the original
dataset without any augmentation. In the figure, red crosses
indicate the absence of objects of a certain size. For exam-
ple, there are no large-sized ”cup” instances in the dataset.
From the figure, we can observe that the model demon-
strates overall better performance on middle and large-sized
bounding boxes.

The complete results are presented in Table 4. From the
table, we can observe that the model achieves better perfor-
mance on middle-size and large-size bounding boxes com-
pared to small-size bounding boxes. This observation can
be attributed to the inherent characteristics of the YOLO
model, which tends to struggle to accurately predict small
objects.

4.2. Few-shot object detection

Dataset Preparation Following the few-shot learning
evaluation metrics, we divided the dataset into two cate-
gories: base classes and novel classes. Base classes re-
fer to classes with instance numbers larger than 40, while
novel classes correspond to classes with instance numbers
less than 40 and more than 20 to insure validity.

To assess the performance of the few-shot object detec-



Backbone shots mAP50 mAP75 mAP mAPs mAPm mAPl

R50 1 3.95 1.33 1.61 0.31 1.71 2.82
R50 2 4.32 2.12 2.46 1.21 2.59 3.58
R50 3 6.76 2.37 3.44 1.22 3.02 6.08
R50 5 7.28 2.93 4.06 2.11 3.39 6.67
R50 10 8.23 4.32 5.09 2.75 4.60 7.92

R101 1 4.07 2.36 2.52 0.52 2.74 4.31
R101 2 5.84 3.20 3.49 1.84 3.52 5.12
R101 3 6.85 3.43 4.12 2.09 4.10 6.17
R101 5 8.13 3.68 4.74 2.64 4.63 6.94
R101 10 9.41 4.69 5.52 3.10 5.15 8.31

Table 5. Results of few shot object detection

tion model across different shot scenarios, we created sepa-
rate datasets containing 1, 2, 3, 5, and 10 shots of both base
classes and novel classes. This allowed us to evaluate how
the model’s performance varied with the number of avail-
able training examples.

Experiments We adopt the two-stage fine-tuning ap-
proach (TFA) proposed in [23]. This approach involves two
steps: initial training on the base classes and subsequent
fine-tuning on a smaller balanced training set. Specifically,
we train the entire object detector on the data-abundant base
classes initially. Then, we fine-tune only the last layers of
the detector on a small balanced training set.

For our implementation, we utilize the Detectron2
framework [27], which provides a robust and efficient plat-
form for object detection tasks. The experiments in this
study involved evaluating two models with different back-
bone architectures: ResNet-101 and ResNet-50. These
models are variants of the ResNet [28] architecture, which
is a popular choice for deep convolutional neural networks
in computer vision tasks. The ResNet-101 model utilizes
a ResNet backbone with 101 layers, offering a deeper and
more complex network architecture.

The first model, Faster R-CNN R50-C4, employs a
ResNet-50 backbone. The second model, Faster R-CNN
R101-FPN, utilizes a ResNet-101 and FPN backbone.
These models serve as our baseline models for performance
evaluation.

Results Results of the few-shot object detection exper-
iments are presented in Table 5. For validity, three sets
of experiments and then calculate the average value of the
results. Additionally, we assess the model’s performance
based on the size of the bounding boxes.

Upon examining the table, it is evident that the model
with the ResNet-101 backbone achieves better overall per-
formance, which aligns with our expectations. Furthermore,
the model exhibits improved performance on middle and
large-size objects compared to small-size objects.

It is important to note that due to the few-shot nature
of the task, the performance on novel classes remains rel-
atively low. However, with further refinements and adjust-
ments, there is potential for enhancing the model’s ability
to generalize and detect objects from novel classes.

5. Conclusion

In conclusion, this study introduced a valuable dataset
comprising children’s book illustrations and conducted
baseline experiments to explore object detection in this do-
main. This dataset presents new research challenges in
the field of object detection. The unique characteristics of
children’s book illustrations, such as diverse artistic styles,
varying object sizes, and imbalanced class distributions, re-
quire tailored approaches for accurate and robust detection.

The conducted baseline experiments provide valuable in-
sights into the transferability of pre-trained models and the
effectiveness of data augmentation techniques in this do-
main. However, further research is needed to address the
specific challenges posed by this dataset.

Considering future research directions, it is essential to
investigate advanced architectures tailored specifically for
children’s book illustrations. Developing specialized back-
bone architectures or incorporating attention mechanisms
could further improve the models’ performance by captur-
ing the unique visual patterns and characteristics present in
our dataset. The findings and considerations presented here
pave the way for advancements in automated analysis and
understanding of visual content in the domain of children’s
book illustrations.
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3
Supplement

7HFKQLFDO H[SODQDWLRQV RI FRUH FRQFHSWV XVHG LQ WKH VFLHQWLILF DUWLFOH RI SDUW ��

3.1. Deep Learning
'HHS OHDUQLQJ� D VXE�ILHOG RI PDFKLQH OHDUQLQJ� KDV EHFRPH D SRZHUIXO DQG WUDQVIRUPDWLYH DUWLILFLDO
LQWHOOLJHQFH DSSURDFK� ,W XWLOL]HV PXOWLSOH�OD\HU QHXUDO QHWZRUNV WR OHDUQ LQWULFDWH SDWWHUQV DQG UHSUHVHQ�
WDWLRQV IURP YDVW DPRXQWV RI GDWD� :LWK LWV JUHDW DELOLW\ LQ GLVFRYHULQJ KLHUDUFKLFDO IHDWXUHV DQG H[WUDFW
PHDQLQJIXO LQVLJKWV� GHHS OHDUQLQJ KDV GHPRQVWUDWHG UHPDUNDEOH VXFFHVV DFURVV YDULRXV GRPDLQV�
LQFOXGLQJ QDWXUDO ODQJXDJH SURFHVVLQJ� FRPSXWHU YLVLRQ� VSHHFK UHFRJQLWLRQ� HWF�

'HHS OHDUQLQJ LQFOXGHV D ZLGH UDQJH RI PDFKLQH OHDUQLQJ WHFKQLTXHV WKDW XVH PXOWLSOH�OD\HU QHXUDO
QHWZRUNV WR OHDUQ LQWULFDWH SDWWHUQV DQG UHSUHVHQWDWLRQV IURP GDWD� &RQYROXWLRQDO 1HXUDO 1HWZRUNV
�&11V� DQG 5HFXUUHQW 1HXUDO 1HWZRUNV �511V� DUH WZR FRPPRQ GHHS OHDUQLQJ GHVLJQV WKDW KDYH
GHPRQVWUDWHG H[FHSWLRQDO SHUIRUPDQFH LQ FRPSXWHU YLVLRQ DQG VHTXHQWLDO GDWD DQDO\VLV DSSOLFDWLRQV�
UHVSHFWLYHO\� +RZHYHU� DW WKH KHDUW RI GHHS OHDUQLQJ LV WKH IXQGDPHQWDO EXLOGLQJ HOHPHQW NQRZQ DV
PXOWL�OD\HU SHUFHSWLRQ �0/3��

3.1.1. Multi-layer Perceptron
'HHS OHDUQLQJ LV EDVHG RQ DUWLILFLDO QHXUDO QHWZRUNV LQVSLUHG E\ WKH VWUXFWXUH DQG IXQFWLRQ RI WKH KXPDQ
EUDLQ� 7KHVH QHXUDO QHWZRUNV FRQVLVW RI LQWHUFRQQHFWHG OD\HUV RI DUWLILFLDO QHXURQV� HDFK SHUIRUPLQJ
VLPSOH FRPSXWDWLRQV RQ LQSXW GDWD DQG SDVVLQJ WKH UHVXOWV WR WKH QH[W OD\HUV� 7KH EDVLF VWUXFWXUH RI D
QHXUDO QHWZRUN LV VKRZQ LQ )LJXUH ����

)LJXUH ���� %DVLF 6WUXFWXUH RI 1HXUDO 1HWZRUN >�� )LJ� �@
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7R KDYH D EHWWHU XQGHUVWDQGLQJ RI KRZ D QHXUDO QHWZRUN ZRUNV� WDNH WKH H[DPSOH RI D IHHG�IRUZDUG
QHWZRUN� ZKLFK LV WKH EDVLF EXLOGLQJ EORFN RI GHHS OHDUQLQJ PRGHOV� $ VLPSOH IHHG�IRUZDUG QHWZRUN� DOVR
NQRZQ DV D 0XOWL�/D\HU 3HUFHSWURQ �0/3�� DFFHSWV DQ LQSXW x DQG DOORZV LQIRUPDWLRQ WR SDVV WKURXJK
LWV LQWHUPHGLDWH OD\HUV WR SURGXFH VRPH RXWSXW y� ,Q RWKHU ZRUGV� LW DSSUR[LPDWHV VRPH IXQFWLRQ f VR
WKDW WKH RXWSXW y = f(x) LV FORVH WR WKH SUHGLFWHG RXWSXW y�

7KURXJK DQ LWHUDWLYH WUDLQLQJ SURFHVV� GHHS OHDUQLQJ PRGHOV OHDUQ WR UHFRJQL]H DQG JHQHUDOL]H SDW�
WHUQV E\ DGMXVWLQJ WKH ZHLJKWV DQG ELDVHV DVVRFLDWHG ZLWK HDFK QHXURQ� 7KH GHSWK DQG FRPSOH[LW\ RI
WKHVH QHXUDO QHWZRUNV DOORZ WKHP WR FDSWXUH FRPSOH[ UHODWLRQVKLSV DQG UHSUHVHQWDWLRQV WKDW DUH GLIILFXOW
WR DFKLHYH ZLWK WUDGLWLRQDO PDFKLQH OHDUQLQJ PHWKRGV�

2QH RI WKH NH\ VWUHQJWKV RI GHHS OHDUQLQJ LV WR OHDUQ GLUHFWO\ IURP UDZ GDWD ZLWKRXW PDQXDO IHDWXUH
HQJLQHHULQJ� 7KLV GDWD�GULYHQ DSSURDFK RSHQV XS QHZ SRVVLELOLWLHV IRU VROYLQJ FRPSOH[ SUREOHPV LQ
DUHDV VXFK DV LPDJH FODVVLILFDWLRQ� REMHFW GHWHFWLRQ� ODQJXDJH WUDQVODWLRQ� DQG PHGLFDO GLDJQRVLV�

3.1.2. Activation Functions
$FWLYDWLRQ IXQFWLRQV DUH RIWHQ XVHG LQ QHXUDO QHWZRUNV WR DGG FRPSOH[LW\� ,W LQWURGXFHV QRQ�OLQHDULW\
WR WKH QHWZRUN� DOORZLQJ LW WR OHDUQ DQG DSSUR[LPDWH FRPSOH[ UHODWLRQVKLSV ZLWKLQ WKH GDWD� &RPPRQ
DFWLYDWLRQ IXQFWLRQV LQFOXGH WKH 6LJPRLG IXQFWLRQ� UHFWLILHG OLQHDU XQLW �5H/8�� HWF� 7KH 6LJPRLG IXQF�
WLRQ UHVWULFWV WKH RXWSXW WR WKH LQWHUYDO [0, 1]� 7KH 5H/8 IXQFWLRQ LV WKH PRVW FRPPRQO\ XVHG IXQFWLRQ�
ZKLFK VLPSO\ FRPSXWHV WKHmax(x, 0)� VTXLVKLQJ DOO QHJDWLYH LQSXWV WR ]HUR DQG NHHSLQJ SRVLWLYH YDOXHV
XQFKDQJHG� 6LJPRLG DQG 5H/8 DFWLYDWLRQV DUH YLVXDOL]HG LQ )LJXUH ��� DQG ����

)LJXUH ���� 6LJPRLG )XQFWLRQ

)LJXUH ���� 5H/8 )XQFWLRQ
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3.1.3. Training a Neural Network
,Q VLPSOH ZRUGV� WUDLQLQJ D QHXUDO QHWZRUN LV WR ILQG D IXQFWLRQ WKDW JHQHUDWHV D ŷ WKDW LV FORVHVW WR WKH
DFWXDO H[SHFWHG RXWSXW y� 7KH QHXUDO QHWZRUN PXVW ILQG WKH EHVW VHW RI OHDUQDEOH SDUDPHWHUV IRU WKH
ZHLJKWV DQG ELDVHV LQ RUGHU WR JHW WKH EHVW DSSUR[LPDWLRQ� 7KHVH SDUDPHWHUV DUH XVXDOO\ LQLWLDOL]HG
UDQGRPO\ LQ WKH EHJLQQLQJ�

+RZHYHU� WUDLQLQJ GHHS QHXUDO QHWZRUNV UHTXLUHV PDVVLYH FRPSXWLQJ UHVRXUFHV� RIWHQ UHO\LQJ RQ
VSHFLDOL]HG KDUGZDUH VXFK DV JUDSKLF SURFHVVLQJ XQLWV �*38V� RU WHQVRU SURFHVVLQJ XQLWV �738V�� )XU�
WKHUPRUH� WKH ODUJH DPRXQW RI ODEHOHG GDWD UHTXLUHG IRU HIILFLHQW WUDLQLQJ FDQ FUHDWH D ERWWOHQHFN LQ VRPH
GRPDLQV� 2YHUFRPLQJ WKHVH FKDOOHQJHV UHTXLUHV H[SHUWLVH LQ PRGHO DUFKLWHFWXUH GHVLJQ� RSWLPL]DWLRQ
WHFKQLTXHV� UHJXODUL]DWLRQ PHWKRGV� DQG GDWD DXJPHQWDWLRQ VWUDWHJLHV�

$V GHHS OHDUQLQJ UHVHDUFK DGYDQFHV� QHZ DUFKLWHFWXUHV VXFK DV FRQYROXWLRQDO QHXUDO QHWZRUNV
�&11V�� UHFXUUHQW QHXUDO QHWZRUNV �511V�� DQG WUDQVIRUPHUV FRQWLQXH WR LPSURYH WKH SHUIRUPDQFH RI
YDULRXV DSSOLFDWLRQV�

3.1.4. Convolutional Neural Network
&RQYROXWLRQDO 1HXUDO 1HWZRUNV �&11V� DUH D W\SH RI DUWLILFLDO QHXUDO QHWZRUN GHVLJQHG VSHFLILFDOO\ IRU
SURFHVVLQJ DQG LQWHUSUHWLQJ VWUXFWXUHG JULG�OLNH GDWD VXFK DV SKRWRV� DQG YLGHR� ,W LV SDUWLFXODUO\ HIIHFWLYH
LQ DQDO\]LQJ YLVXDO GDWD GXH WR LWV DELOLW\ WR FDSWXUH VSDWLDO LQIRUPDWLRQ DQG OHDUQ ORFDO SDWWHUQV WKURXJK
WKH XVH RI FRQYROXWLRQDO OD\HUV� &11V KDYH WUDQVIRUPHG WKH ILHOG RI FRPSXWHU YLVLRQ� H[FHOOLQJ LQ WDVNV
VXFK DV LPDJH FODVVLILFDWLRQ� REMHFW GHWHFWLRQ� DQG VHPDQWLF VHJPHQWDWLRQ�

&11V DUH FRPSULVHG RI WKUHH W\SHV RI OD\HUV� 7KHVH DUH FRQYROXWLRQDO OD\HUV� SRROLQJ OD\HUV� DQG
IXOO\�FRQQHFWHG OD\HUV� $ VLPSOH &11 DUFKLWHFWXUH IRU 01,67 FODVVLILFDWLRQ LV LOOXVWUDWHG LQ )LJXUH ����

)LJXUH ���� $Q VLPSOH &11 DUFKLWHFWXUH� FRPSULVHG RI MXVW ILYH OD\HUV >�� )LJ� �@

&RQYROXWLRQDO OD\HUV DUH DW WKH KHDUW RI &11V� 7KHVH OD\HUV DUH PDGH XS RI ILOWHUV RU NHUQHOV WKDW
SHUIRUP FRQYROXWLRQV RQ WKH LQSXW GDWD WR H[WUDFW ORFDO SDWWHUQV DQG IHDWXUHV� &RQYROXWLRQ LQYROYHV
VOLGLQJ D VHW RI VPDOO ILOWHUV �DOVR NQRZQ DV NHUQHOV RU IHDWXUH GHWHFWRUV� RYHU WKH LQSXW� FRPSXWLQJ WKH
GRW SURGXFW EHWZHHQ WKH ILOWHU DQG ORFDO SDWFKHV RI WKH LQSXW�

3RROLQJ OD\HUV DUH RIWHQ LQVHUWHG DIWHU FRQYROXWLRQDO OD\HUV WR UHGXFH WKH VSDWLDO GLPHQVLRQV RI WKH
GDWD DQG UHWDLQ WKH PRVW VDOLHQW IHDWXUHV� 7KH\ DJJUHJDWH LQIRUPDWLRQ IURP D ORFDO QHLJKERUKRRG RI
WKH LQSXW� W\SLFDOO\ WKURXJK RSHUDWLRQV VXFK DV PD[ SRROLQJ RU DYHUDJH SRROLQJ� 7KH PDLQ SXUSRVH RI
SRROLQJ OD\HUV LV WR GRZQ�VDPSOH WKH IHDWXUH PDSV� UHGXFLQJ WKHLU VL]H DQG FRPSXWDWLRQDO FRPSOH[LW\
ZKLOH FDSWXULQJ WKH PRVW UHOHYDQW DQG VDOLHQW IHDWXUHV�

$ PD[ SRROLQJ RSHUDWLRQ LV YLVXDOL]HG LQ ���� 0D[ SRROLQJ LV D FRPPRQO\ XVHG SRROLQJ RSHUDWLRQ�
ZKHUH WKH PD[LPXP YDOXH ZLWKLQ HDFK SRROLQJ ZLQGRZ LV VHOHFWHG DQG UHWDLQHG� GLVFDUGLQJ WKH UHVW
RI WKH YDOXHV� 7KLV KHOSV FDSWXUH WKH PRVW SURPLQHQW IHDWXUH ZLWKLQ HDFK ORFDO QHLJKERUKRRG� 2Q WKH
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)LJXUH ���� $ PD[ SRROLQJ RSHUDWLRQ� 7KH PD[LPXP YDOXH RI HDFK UHJLRQ� GHQRWHG E\ D GLVWLQFW FRORU� LV WKH RXWSXW�

)LJXUH ���� $Q DYHUDJH SRROLQJ RSHUDWLRQ� 7KH DYHUDJH YDOXH RI HDFK UHJLRQ GHQRWHG E\ D GLVWLQFW FRORU� LV WKH RXWSXW�

RWKHU KDQG� DQ DYHUDJH SRROLQJ RSHUDWLRQ LV YLVXDOL]HG LQ ���� $YHUDJH SRROLQJ FRPSXWHV WKH DYHUDJH
YDOXH ZLWKLQ HDFK SRROLQJ ZLQGRZ� ZKLFK FDQ EH XVHIXO IRU FDSWXULQJ JHQHUDO LQIRUPDWLRQ DERXW WKH ORFDO
QHLJKERUKRRG�

+RZHYHU� LW¶V ZRUWK QRWLQJ WKDW SRROLQJ RSHUDWLRQV FDQ UHVXOW LQ LQIRUPDWLRQ ORVV VLQFH WKH\ GLVFDUG
VRPH RI WKH GHWDLOHG LQIRUPDWLRQ ZLWKLQ WKH ORFDO QHLJKERUKRRGV� 7KLV FDQ EH PLWLJDWHG WR VRPH H[WHQW
E\ XVLQJ VPDOOHU SRROLQJ ZLQGRZ VL]HV RU E\ XVLQJ WHFKQLTXHV OLNH VWULGHG SRROLQJ� ZKLFK DSSOLHV WKH
SRROLQJ RSHUDWLRQ ZLWK D ODUJHU VWULGH WR UHGXFH GRZQVDPSOLQJ�

7KH RXWSXW RI WKH FRQYROXWLRQDO DQG SRROLQJ OD\HUV LV W\SLFDOO\ IODWWHQHG DQG IHG LQWR IXOO\ FRQQHFWHG
OD\HUV� 7KHVH OD\HUV DUH VLPLODU WR WKRVH LQ WUDGLWLRQDO DUWLILFLDO QHXUDO QHWZRUNV DQG DUH UHVSRQVLEOH IRU
SHUIRUPLQJ FODVVLILFDWLRQ RU UHJUHVVLRQ WDVNV�

3.2. Object Detection
3.2.1. Definition
&RPSXWHU YLVLRQ LQYROYHV YDULRXV YLVXDO UHFRJQLWLRQ WDVNV� LQFOXGLQJ LPDJH FODVVLILFDWLRQ� REMHFW GHWHF�
WLRQ� LQVWDQFH VHJPHQWDWLRQ� DQG VHPDQWLF VHJPHQWDWLRQ� ZKRVH GLIIHUHQFHV DUH GHVFULEHG LQ )LJXUH
����

6SHFLILFDOO\� LPDJH FODVVLILFDWLRQ LQYROYHV LGHQWLI\LQJ WKH REMHFWV¶ VHPDQWLF FDWHJRULHV LQ DQ LPDJH�
ZKLOH REMHFW GHWHFWLRQ DOVR SUHGLFWV WKH ORFDWLRQ RI HDFK REMHFW ZLWK D ERXQGLQJ ER[� 6HPDQWLF VHJ�
PHQWDWLRQ DVVLJQV D VSHFLILF FDWHJRU\ ODEHO WR HDFK SL[HO� +RZHYHU� VHPDQWLF VHJPHQWDWLRQ GRHV QRW
GLIIHUHQWLDWH EHWZHHQ PXOWLSOH REMHFWV RI WKH VDPH FDWHJRU\� ,QVWDQFH VHJPHQWDWLRQ� ZKLFK FRPELQHV
REMHFW GHWHFWLRQ DQG VHPDQWLF VHJPHQWDWLRQ� LGHQWLILHV GLIIHUHQW REMHFWV DQG DVVLJQV WKHP VHSDUDWH
FDWHJRULFDO SL[HO�OHYHO PDVNV�

2EMHFW GHWHFWLRQ LV WKH EDVLF VWHS WRZDUGV PDQ\ GLIIHUHQW FRPSXWHU YLVLRQ WDVNV� VXFK DV IDFH UHFRJ�
QLWLRQ� SHGHVWULDQ UHFRJQLWLRQ� DQG YLGHR DQDO\VLV� 0RGHUQ REMHFW GHWHFWLRQPHWKRGV FDQ EH FDWHJRUL]HG
LQWR WZR PDLQ W\SHV� RQH�VWDJH PHWKRGV DQG WZR�VWDJH PHWKRGV�

7ZR�VWDJH PHWKRGV IROORZ WKH WUDGLWLRQDO REMHFW GHWHFWLRQ SLSHOLQH E\ JHQHUDWLQJ UHJLRQ SURSRVDOV
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)LJXUH ���� &RPSDULVRQ RI GLIIHUHQW YLVXDO UHFRJQLWLRQ WDVNV LQ FRPSXWHU YLVLRQ >�� )LJ� �@

DQG FODVVLI\LQJ HDFK SURSRVDO LQWR GLIIHUHQW REMHFW FDWHJRULHV� 7ZR�VWDJH PHWKRGV LQFOXGH 5�&11 >�@�
)DVW 5�&11 >��@� )DVWHU 5�&11 >�@� 0DVN 5�&11 >��@� HWF�

3.2.2. R-CNN
5�&11 �5HJLRQ�EDVHG &RQYROXWLRQDO 1HXUDO 1HWZRUN� LV DQ REMHFW GHWHFWLRQ IUDPHZRUN LQWURGXFHG E\
*LUVKLFN HW DO� >�@ LQ ����� ,W FKDQJHG WKH ILHOG RI REMHFW GHWHFWLRQ E\ FRPELQLQJ WKH SRZHU RI GHHS
OHDUQLQJ ZLWK UHJLRQ SURSRVDO WHFKQLTXHV� 7KH IUDPHZRUN LV YLVXDOL]HG LQ ����

)LJXUH ���� 5�&11 PRGHO >�� )LJ� �@

�� 5HJLRQ 3URSRVDO� ,QLWLDOO\� DURXQG ���� ERWWRP�XS UHJLRQ SURSRVDOV DUH H[WUDFWHG XVLQJ VHOHFWLYH
VHDUFK RU D VLPLODU DOJRULWKP� 7KHVH UHJLRQV DUH OLNHO\ WR FRQWDLQ REMHFWV RI LQWHUHVW�

�� &11 )HDWXUH ([WUDFWLRQ� 5HJLRQ SURSRVDOV DUH UHVL]HG WR D IL[HG VL]H DQG IHG LQWR D FRQYROXWLRQDO
QHXUDO QHWZRUN WR H[WUDFW ULFK IHDWXUH UHSUHVHQWDWLRQV� 7KH QHWZRUN LV W\SLFDOO\ SUH�WUDLQHG RQ D
ODUJH�VFDOH LPDJH FODVVLILFDWLRQ WDVN� VXFK DV ,PDJH1HW� WR OHDUQ JHQHULF YLVXDO IHDWXUHV�

�� 2EMHFW &ODVVLILFDWLRQ� 7KH H[WUDFWHG IHDWXUHV IURP HDFK UHJLRQ SURSRVDO DUH IRUZDUGHG WR DGGL�
WLRQDO OD\HUV� LQFOXGLQJ IXOO\ FRQQHFWHG OD\HUV� WR SHUIRUP REMHFW FODVVLILFDWLRQ� 7KLV VWHS LQYROYHV
SUHGLFWLQJ WKH SUHVHQFH RI DQ REMHFW DQG DVVLJQLQJ LW WR RQH RI WKH SUHGHILQHG FODVVHV�

�� %RXQGLQJ %R[ 5HJUHVVLRQ� ,Q DGGLWLRQ WR REMHFW FODVVLILFDWLRQ� 5�&11 DOVR SHUIRUPV ERXQGLQJ ER[
UHJUHVVLRQ WR UHILQH WKH ORFDOL]DWLRQ RI REMHFWV� ,W SUHGLFWV WKH FRRUGLQDWHV RI D WLJKWHU ERXQGLQJ
ER[ DURXQG WKH GHWHFWHG REMHFW� DLPLQJ IRU PRUH DFFXUDWH REMHFW ORFDOL]DWLRQ�
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�� 1RQ�0D[LPXP 6XSSUHVVLRQ� 7R DGGUHVV WKH LVVXH RI GXSOLFDWH GHWHFWLRQ� D SRVW�SURFHVVLQJ VWHS
FDOOHG QRQ�PD[LPXP VXSSUHVVLRQ �106� LV DSSOLHG� 106 HOLPLQDWHG UHGXQGDQW ERXQGLQJ ER[HV
E\ NHHSLQJ RQO\ WKH PRVW FRQILGHQW RQHV�

5�&11 PDGH VLJQLILFDQW DGYDQFHPHQWV LQ REMHFW GHWHFWLRQ� EXW LW DOVR KDV VHYHUDO OLPLWDWLRQV� 5�
&11 XVHV VHOHFWLYH VHDUFK RU VLPLODU DOJRULWKPV WR JHQHUDWH UHJLRQ SURSRVDOV IRU SRWHQWLDO REMHFWV�
7KHVH PHWKRGV DUH UHODWLYHO\ VORZ DQG PD\ QRW DOZD\V SURYLGH DFFXUDWH RU RSWLPDO SURSRVDOV� 5�&11
LV DOVR FRPSXWDWLRQDOO\ H[SHQVLYH GXULQJ ERWK WUDLQLQJ DQG LQIHUHQFH� ,W LQYROYHV PXOWLSOH VWDJHV� ZKLFK
PDNHV LW VORZ DQG UHVRXUFH�LQWHQVLYH�

3.2.3. Fast R-CNN
)DVW 5�&11 LV DQ LPSURYHG YHUVLRQ RI 5�&11 WKDW DGGUHVVHV VRPH RI LWV OLPLWDWLRQV� 6SDWLDO S\UDPLG
SRROLQJ QHWZRUNV �633QHWV� ZHUH SURSRVHG WR VSHHG XS 5�&11 E\ VKDULQJ FRPSXWDWLRQ� ,W FRPSXWHV
D FRQYROXWLRQDO IHDWXUH PDS IRU WKH HQWLUH LQSXW LPDJH DQG WKHQ FODVVLILHV HDFK REMHFW SURSRVDO�

7KH IDVW 5�&11PRGHO LV YLVXDOL]HG LQ ����� 7KH )DVW 5�&11 DUFKLWHFWXUH WDNHV DQ LQSXW LPDJH DQG
PXOWLSOH UHJLRQV RI LQWHUHVW �5R,V� DV LQSXW� ,W XWLOL]HV D IXOO\ FRQYROXWLRQDO QHWZRUN WR SURFHVV WKH HQWLUH
LPDJH� ZKLFK LQYROYHV VHYHUDO FRQYROXWLRQDO DQG PD[ SRROLQJ OD\HUV� UHVXOWLQJ LQ D FRQYROXWLRQDO IHDWXUH
PDS� )RU HDFK REMHFW SURSRVDO� D 5R, SRROLQJ OD\HU LV HPSOR\HG WR H[WUDFW D IL[HG�OHQJWK IHDWXUH YHFWRU
IURP WKH FRQYROXWLRQDO IHDWXUH PDS� 7KLV IHDWXUH YHFWRU LV WKHQ SDVVHG WKURXJK D VHTXHQFH RI IXOO\
FRQQHFWHG �)&� OD\HUV� 7KH )& OD\HUV EUDQFK LQWR WZR RXWSXW OD\HUV� 7KH ILUVW RXWSXW OD\HU SURGXFHV
VRIWPD[ SUREDELOLW\ HVWLPDWHV IRU . REMHFW FODVVHV� LQFOXGLQJ D ´EDFNJURXQG´ FODVV WKDW UHSUHVHQWV QRQ�
REMHFW UHJLRQV� 7KH VHFRQG RXWSXW OD\HU JHQHUDWHV IRXU UHDO�YDOXHG QXPEHUV IRU HDFK RI WKH . REMHFW
FODVVHV� UHSUHVHQWLQJ UHILQHG ERXQGLQJ�ER[ SRVLWLRQV�

)LJXUH ���� )DVW 5�&11 DUFKLWHFWXUH >��� )LJ� �@

3.2.4. Faster R-CNN
)DVWHU 5�&11� SURSRVHG LQ ����� UHYROXWLRQL]HG REMHFW GHWHFWLRQ E\ LQWURGXFLQJ D WZR�VWDJH IUDPH�
ZRUN WKDW FRPELQHV UHJLRQ SURSRVDO JHQHUDWLRQ DQG REMHFW FODVVLILFDWLRQ� ,W LV WKH PRVW ZLGHO\ DGRSWHG
WZR�VWDJH DUFKLWHFWXUH� 7KH SULPDU\ PRWLYDWLRQ EHKLQG )DVWHU 5�&11 ZDV WR DOOHYLDWH WKH VKRUWFRP�
LQJV RI HDUOLHU DSSURDFKHV WKDW UHOLHG RQ WLPH�FRQVXPLQJ H[WHUQDO UHJLRQ SURSRVDO PHWKRGV� VXFK DV
6HOHFWLYH 6HDUFK� ,W FRQVLVWV RI D UHJLRQ SURSRVDO QHWZRUN �531� DQG D VXEVHTXHQW REMHFW GHWHFWLRQ
QHWZRUN� 7KH 531 VKDUHV FRQYROXWLRQDO OD\HUV ZLWK WKH GHWHFWLRQ QHWZRUN� DOORZLQJ IRU HIILFLHQW FRPSX�
WDWLRQ DQG UHXVH� 7KLV GHVLJQ HQVXUHV HQG�WR�HQG WUDLQLQJ DQG HQDEOHV WKH QHWZRUN WR OHDUQ SRZHUIXO
UHSUHVHQWDWLRQV IRU ERWK UHJLRQ SURSRVDO DQG REMHFW FODVVLILFDWLRQ� 7KH QHWZRUN LV SUHVHQWHG LQ )LJXUH
����

+RZHYHU� WKH WZR�VWDJH DSSURDFKHV PHQWLRQHG DERYH VXIIHU IURP LQFUHDVHG FRPSXWDWLRQDO FRP�
SOH[LW\ GXH WR WKH QHHG IRU UHJLRQ SURSRVDO WHFKQLTXHV� 7KLV OLPLWDWLRQ PDNHV WKHP OHVV VXLWDEOH IRU
UHDO�WLPH DSSOLFDWLRQV ZKHUH HIILFLHQF\ LV D FULWLFDO IDFWRU�

2QH�VWDJHPHWKRGV WUHDW REMHFW GHWHFWLRQ DV D UHJUHVVLRQ RU FODVVLILFDWLRQ SUREOHP DQG XVH D XQLILHG
IUDPHZRUN WR DFKLHYH ILQDO UHVXOWV GLUHFWO\� 2QH�VWDJH PHWKRGV LQFOXGH WKH IDPLO\ RI <RX 2QO\ /RRN
2QFH �<2/2� >�@� 66' >��@� HWF�
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)LJXUH ����� )DVWHU 5�&11 PRGHO VWUXFWXUH >�� )LJ� �@

3.2.5. SSD
8QOLNH WZR�VWDJH PHWKRGV� 66' LV D RQH�VWDJH GHWHFWRU WKDW SHUIRUPV ERWK REMHFW ORFDOL]DWLRQ DQG
FODVVLILFDWLRQ LQ D VLQJOH SDVV WKURXJK WKH QHWZRUN�

7KH NH\ LGHD EHKLQG 66' LV WKH XVH RI PXOWLSOH FRQYROXWLRQDO IHDWXUH PDSV DW GLIIHUHQW VFDOHV WR
GHWHFW REMHFWV RI YDULRXV VL]HV� 7KHVH IHDWXUH PDSV DUH REWDLQHG IURP GLIIHUHQW OD\HUV RI D EDVH QHW�
ZRUN� VXFK DV 9** RU 5HV1HW� (DFK IHDWXUH PDS LV DVVRFLDWHG ZLWK D VHW RI GHIDXOW ERXQGLQJ ER[HV RI
GLIIHUHQW DVSHFW UDWLRV DQG VFDOHV� ZKLFK DFW DV DQFKRUV IRU REMHFW GHWHFWLRQ� 66' IUDPHZRUN LV VKRZQ
LQ ����� ,W LV UHODWLYHO\ VLPSOH FRPSDUHG WR PHWKRGV WKDW UHTXLUH REMHFW SURSRVDOV EHFDXVH LW FRPSOHWHO\
HOLPLQDWHV SURSRVDO JHQHUDWLRQ� ,QVWHDG� DOO WKH QHFHVVDU\ FRPSXWDWLRQV IRU REMHFW GHWHFWLRQ DUH HQ�
FDSVXODWHG ZLWKLQ D VLQJOH QHWZRUN�

)LJXUH ����� 66' IUDPHZRUN >��� )LJ� �@

3.2.6. RetinaNet
5HWLQD1HW LV DQ REMHFW GHWHFWLRQ PRGHO WKDW DGGUHVVHV WKH SUREOHP RI DFFXUDWHO\ GHWHFWLQJ REMHFWV DW
GLIIHUHQW VFDOHV DQG KDQGOLQJ WKH LVVXH RI FODVV LPEDODQFH LQ WUDLQLQJ GDWD�

2QH RI WKH NH\ IHDWXUHV RI 5HWLQD1HW LV LWV IRFDO ORVV� ZKLFK HIIHFWLYHO\ DGGUHVVHV WKH SUREOHP
RI FODVV LPEDODQFH� &ODVV LPEDODQFH RFFXUV ZKHQ WKH QXPEHU RI EDFNJURXQG �QRQ�REMHFW� VDPSOHV
VLJQLILFDQWO\ RXWZHLJKV WKH QXPEHU RI REMHFW VDPSOHV LQ WKH WUDLQLQJ GDWD� 7KH IRFDO ORVV DVVLJQV KLJKHU
ZHLJKWV WR KDUG H[DPSOHV �H�J�� UDUH REMHFWV RU PLVFODVVLILHG VDPSOHV� GXULQJ WUDLQLQJ� WKXV IRFXVLQJ
WKH PRGHO¶V DWWHQWLRQ RQ WKHVH FKDOOHQJLQJ LQVWDQFHV DQG LPSURYLQJ RYHUDOO SHUIRUPDQFH�

)RFDO /RVV DGGV D IDFWRU (1ípt)γ WR WKH VWDQGDUG FURVV HQWURS\ FULWHULRQ� 6HWWLQJ γ > 0 UHGXFHV WKH
UHODWLYH ORVV IRU ZHOO�FODVVLILHG H[DPSOHV �pt > .5�� SXWWLQJ PRUH IRFXV RQ KDUG� PLVFODVVLILHG H[DPSOHV�

5HWLQD1HW HPSOR\V D IHDWXUH S\UDPLG QHWZRUN �)31� DV LWV EDFNERQH DUFKLWHFWXUH� ZKLFK DOORZV
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)LJXUH ����� )RFDO /RVV >�� )LJ� �@

WKH PRGHO WR HIILFLHQWO\ FDSWXUH REMHFW LQIRUPDWLRQ DW PXOWLSOH VFDOHV� 7KH )31 FRPELQHV IHDWXUHV IURP
GLIIHUHQW OD\HUV RI D FRQYROXWLRQDO QHWZRUN WR FUHDWH D IHDWXUH S\UDPLG� HQDEOLQJ WKH GHWHFWLRQ RI REMHFWV
RI YDULRXV VL]HV� 7KLVPXOWL�VFDOH DSSURDFK LV SDUWLFXODUO\ LPSRUWDQW IRU GHWHFWLQJ VPDOO REMHFWV WKDW PLJKW
EH PLVVHG E\ WUDGLWLRQDO VLQJOH�VFDOH PHWKRGV� 7KH QHWZRUN LV VKRZQ LQ �����

)LJXUH ����� 5HWLQD1HW QHWZRUN XVHV D )31 EDFNERQH >�� )LJ� �@

3.2.7. YOLO
5HGPRQ HW DO� >�@ SURSRVHG D IUDPHZRUN FDOOHG <2/2� 7KH <2/2 PRGHO SURFHVVHV WKH HQWLUH LPDJH
LQ D VLQJOH IHHG�IRUZDUG SDVV WKURXJK D QHXUDO QHWZRUN DQG GLUHFWO\ SUHGLFWV WKH FODVV SUREDELOLWLHV
DQG ERXQGLQJ ER[ FRRUGLQDWHV IRU D VHW RI SUHGHILQHG DQFKRU ER[HV� 7KLV DSSURDFK LV LQ FRQWUDVW WR
WUDGLWLRQDO REMHFW GHWHFWLRQ V\VWHPV WKDW ILUVW JHQHUDWH UHJLRQ SURSRVDOV DQG WKHQ FODVVLI\ WKHP�

7KH EDVLF LGHD RI <2/2 LV GLVSOD\HG LQ )LJXUH ����� 7KH PRGHO GLYLGHV WKH LQSXW LPDJH LQWR D JULG
RI FHOOV� DQG HDFK FHOO LV UHVSRQVLEOH IRU SUHGLFWLQJ WKH ERXQGLQJ ER[HV DQG FODVV SUREDELOLWLHV IRU D VHW
RI SUHGHILQHG DQFKRU ER[HV� (DFK ERXQGLQJ ER[ FRQVLVWV RI IRXU SDUDPHWHUV� [� \� ZLGWK� DQG KHLJKW�
7KH FODVV SUREDELOLWLHV UHSUHVHQW WKH OLNHOLKRRG RI HDFK DQFKRU ER[ FRQWDLQLQJ D SDUWLFXODU FODVV�

7KH DUFKLWHFWXUH RI WKH <2/2 PRGHO LV GLVSOD\HG LQ )LJXUH ����� 7KH QHWZRUN KDV �� FRQYROXWLRQDO
OD\HUV DQG � IXOO\ FRQQHFWHG OD\HUV� 1× 1 FRQYROXWLRQDO OD\HU LV XVHG WR UHGXFH WKH IHDWXUH GLPHQVLRQ
IURP SUHYLRXV OD\HUV�

7R PDNH SUHGLFWLRQV� WKH <2/2 PRGHO ILUVW SURFHVVHG WKH LQSXW LPDJH WKURXJK D VHULHV RI FRQYROX�
WLRQDO OD\HUV WR H[WUDFW IHDWXUHV� 7KH UHVXOWLQJ IHDWXUH PDS LV WKHQ GLYLGHG LQWR D JULG RI FHOOV� (DFK FDOO
SUHGLFWV D IL[HG QXPEHU RI ERXQGLQJ ER[HV�

'XULQJ WUDLQLQJ� WKH PRGHO OHDUQV WR DGMXVW WKH DQFKRU ER[HV¶ SDUDPHWHUV WR EHWWHU ILW WKH JURXQG�
WUXWK ERXQGLQJ ER[HV LQ WKH WUDLQLQJ GDWD� 7KH ORVV IXQFWLRQ XVHG WR WUDLQ WKH PRGHO FRQVLVWV RI D
FRPELQDWLRQ RI ORFDOL]DWLRQ ORVV �KRZ ZHOO WKH SUHGLFWHG ERXQGLQJ ER[HV PDWFK WKH JURXQG�WUXWK ER[HV�
DQG FODVVLILFDWLRQ ORVV �KRZ DFFXUDWHO\ WKH PRGHO SUHGLFWV WKH REMHFW FODVVHV��

<2/2 LV GHVLJQHG WR RSHUDWH DW KLJK IUDPH UDWHV� PDNLQJ LW VXLWDEOH IRU UHDO�WLPH DSSOLFDWLRQV VXFK
DV YLGHR DQDO\VLV� URERWLFV� DQG VXUYHLOODQFH� ,W DFKLHYHV WKLV VSHHG E\ XVLQJ D VLQJOH QHXUDO QHWZRUN
IRU ERWK REMHFW SURSRVDO DQG FODVVLILFDWLRQ� HOLPLQDWLQJ WKH QHHG IRU VHSDUDWH UHJLRQ SURSRVDO DQG REMHFW
FODVVLILFDWLRQ VWDJHV�
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)LJXUH ����� 0DLQ LGHD RI <2/2 >�� )LJ� �@

3.2.8. YOLOv5
<2/2Y� >��@ LV DQ REMHFW GHWHFWLRQ DOJRULWKP WKDW EXLOGV XSRQ WKH <2/2 �<RX 2QO\ /RRN 2QFH� DU�
FKLWHFWXUH� ,W LV RQH RI WKH PRVW FRPPRQO\ XVHG PRGHOV LQ WKH <2/2 IDPLO\ RI FRPSXWHU YLVLRQ� ,W
ZDV GHYHORSHG DV DQ HYROXWLRQ RI WKH <2/2Y� PRGHO ZLWK WKH JRDO RI LPSURYLQJ VSHHG� DFFXUDF\� DQG
RYHUDOO SHUIRUPDQFH� <2/2Y� IROORZV D RQH�VWDJH REMHFW GHWHFWLRQ DSSURDFK� ZKLFK PHDQV WKDW LW GL�
UHFWO\ SUHGLFWV ERXQGLQJ ER[HV DQG FODVV SUREDELOLWLHV LQ D VLQJOH SDVV� 7KH DUFKLWHFWXUH FRQVLVWV RI D
EDFNERQH QHWZRUN �&63'DUNQHW� IROORZHG E\ GHWHFWLRQ KHDGV�

+HUH DUH VRPH NH\ DVSHFWV RI <2/2Y��

� $QFKRU�EDVHG� <2/2Y� XVHV DQFKRU ER[HV WR KHOS WKH GHWHFWLRQ RI REMHFWV DW YDULRXV VFDOHV DQG
DVSHFW UDWLRV� 7KHVH DQFKRU ER[HV VHUYH DV UHIHUHQFH SULRUV IRU SUHGLFWLQJ ERXQGLQJ ER[HV�

� 6FDOHG�<2/2� <2/2Y� LQWURGXFHV ´6FDOHG�<2/2´ ZKLFK LQYROYHV WUDLQLQJ WKH GHWHFWRU DW PXO�
WLSOH LQSXW VL]HV� %\ YDU\LQJ WKH LQSXW UHVROXWLRQ GXULQJ WUDLQLQJ� <2/2Y� LV DEOH WR JHQHUDOL]H
EHWWHU DFURVV GLIIHUHQW REMHFW VFDOHV�

� 'LIIHUHQW 0RGHO 6L]HV� <2/2Y� SURYLGHV GLIIHUHQW PRGHO VL]HV� VXFK DV <2/2Y�V� <2/2Y�P�
<2/2Y�O� DQG <2/2Y�[� ZLWK LQFUHDVLQJ GHSWK DQG FDSDFLW\� 7KH ODUJHU PRGHOV WHQG WR RIIHU
EHWWHU DFFXUDF\ EXW UHTXLUH PRUH FRPSXWDWLRQDO UHVRXUFHV�

� ,PSURYHG 3HUIRUPDQFH� <2/2Y� LQFRUSRUDWHV VHYHUDO HQKDQFHPHQWV WR LPSURYH SHUIRUPDQFH�
7KHVH LQFOXGH WKH XVH RI DGYDQFHG GDWD DXJPHQWDWLRQ WHFKQLTXHV� WKH LQWURGXFWLRQ RI 3$1HW
�3DWK $JJUHJDWLRQ 1HWZRUN� IRU IHDWXUH IXVLRQ DFURVV GLIIHUHQW VFDOHV� DQG WKH XWLOL]DWLRQ RI DQFKRU�
EDVHG ER[ SUHGLFWRUV�

� 7UDLQLQJ DQG ,QIHUHQFH� <2/2Y� FDQ EH WUDLQHG RQ ODUJH�VFDOH ODEHOHG GDWDVHWV� VXFK DV &2&2
�&RPPRQ 2EMHFWV LQ &RQWH[W�� DQG WKH WUDLQLQJ SURFHVV LQYROYHV RSWLPL]LQJ YDULRXV ORVV IXQF�
WLRQV WR LPSURYH REMHFW ORFDOL]DWLRQ DQG FODVVLILFDWLRQ� ,QIHUHQFH ZLWK <2/2Y� LQYROYHV SDVVLQJ
DQ LPDJH WKURXJK WKH WUDLQHG QHWZRUN� JHQHUDWLQJ ERXQGLQJ ER[ SUHGLFWLRQV� DQG DSSO\LQJ SRVW�
SURFHVVLQJ VWHSV WR ILOWHU DQG UHILQH WKH GHWHFWLRQV�

� 2SHQ�6RXUFH ,PSOHPHQWDWLRQ� <2/2Y� LV RSHQ�VRXUFH DQG SURYLGHV D XVHU�IULHQGO\ FRGH WKDW
DOORZV UHVHDUFKHUV DQG GHYHORSHUV WR WUDLQ DQG GHSOR\ WKH PRGHOV IRU REMHFW GHWHFWLRQ WDVNV�
7KH FRGH LQFOXGHV SUH�WUDLQHG PRGHOV� GDWD DXJPHQWDWLRQ WHFKQLTXHV� HYDOXDWLRQ PHWULFV� DQG
YLVXDOL]DWLRQ WRROV�

6LQFH LWV HDVH RI XVH� KLJK SHUIRUPDQFH� DQG YHUVDWLOLW\� ZH GHFLGH WR XVH LW DV D EHQFKPDUN�

3.3. Imbalanced Dataset
3.3.1. Problem definition
$Q LPEDODQFHG GDWDVHW UHIHUV WR D GDWDVHW LQ ZKLFK WKH GLVWULEXWLRQ RI FODVVHV RU VDPSOHV DFURVV GLIIHUHQW
FDWHJRULHV LV VLJQLILFDQWO\ XQHTXDO� ,Q RWKHU ZRUGV� VRPH FDWHJRULHV KDYH PRUH VDPSOHV WKDQ RWKHUV�
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)LJXUH ����� 7KH DUFKLWHFWXUH RI <2/2 PRGHO >�� )LJ� �@

7KLV LPEDODQFH LV FRPPRQO\ REVHUYHG LQ YDULRXV UHDO�ZRUOG GRPDLQV� VXFK DV IUDXG GHWHFWLRQ� PHGLFDO
GLDJQRVLV� HWF�

'XH WR WKH LPEDODQFHG UHSUHVHQWDWLRQ RI FODVVHV� PRGHOV WHQG WR EH ELDVHG WRZDUGV WKH PDMRULW\
FODVV DQG PD\ VWUXJJOH WR FODVVLI\ LQVWDQFHV IURP WKH PLQRULW\ FODVV DFFXUDWHO\� 7KLV FDQ UHVXOW LQ SRRU
RYHUDOO SHUIRUPDQFH IRU WKH PLQRULW\ FODVV�

3.3.2. Approaches
Sampling Techniques
6DPSOLQJ WHFKQLTXHV LQYROYH PRGLI\LQJ WKH FODVV GLVWULEXWLRQ LQ WKH GDWDVHW E\ HLWKHU RYHUVDPSOLQJ WKH
PLQRULW\ FODVV RU XQGHUVDPSOLQJ WKH PDMRULW\ FODVV�

2YHUVDPSOLQJ LQFUHDVHV WKH QXPEHU RI LQVWDQFHV LQ WKH PLQRULW\ FODVV� 7HFKQLTXHV OLNH 5DQGRP
2YHUVDPSOLQJ� DQG 6027( �6\QWKHWLF 0LQRULW\ 2YHU�VDPSOLQJ 7HFKQLTXH� >��@ JHQHUDWH V\QWKHWLF VDP�
SOHV WR EDODQFH WKH FODVVHV� 8QGHUVDPSOLQJ LQYROYHV UHGXFLQJ WKH QXPEHU RI LQVWDQFHV LQ WKH PDMRULW\
FODVV�

Data Augmentation
'DWD DXJPHQWDWLRQ WHFKQLTXHV� VXFK DV URWDWLRQ� VFDOLQJ� IOLSSLQJ� RU DGGLQJ QRLVH FDQ KHOS LQFUHDVH
WKH GLYHUVLW\ DQG TXDQWLW\ RI GDWD IRU XQGHUUHSUHVHQWHG FODVVHV� 7KLV FDQ KHOS LPSURYH WKH PRGHO¶V
DELOLW\ WR OHDUQ IURP DQG JHQHUDOL]H WR WKHVH FODVVHV�

Focal Loss
7KH IRFDO ORVV >�@ DGGUHVVHV WKH FODVV LPEDODQFH SUREOHP E\ DVVLJQLQJ KLJKHU ZHLJKWV WR PLVFODVVL�
ILHG H[DPSOHV IURP WKH PLQRULW\ FODVVHV GXULQJ WUDLQLQJ� 7KH IRFDO ORVV DFKLHYHV WKLV E\ LQWURGXFLQJ D
PRGXODWLQJ IDFWRU FDOOHG WKH ´IRFXVLQJ SDUDPHWHU´ WKDW GHFUHDVHV WKH ORVV DVVLJQHG WR ZHOO�FODVVLILHG
H[DPSOHV� 7KLV GRFXVLQJ SDUDPHWHU UHGXFHV WKH ORVV IRU HDVLO\ FODVVLILHG H[DPSOHV� ZKLFK DUH W\SLFDOO\
IURP WKH PDMRULW\ FODVV� DQG LQFUHDVH WKH ORVV IRU KDUG H[DPSOHV� ZKLFK DUH W\SLFDOO\ IURP WKH PLQRULW\
FODVV� %\ JLYLQJ PRUH LPSRUWDQFH WR WKH XQGHUUHSUHVHQWHG FODVVHV� WKH PRGHO FDQ IRFXV RQ OHDUQLQJ
WKHLU GLVWLQFWLYH IHDWXUHV DQG LPSURYLQJ WKHLU GHWHFWLRQ SHUIRUPDQFH�

+RZHYHU� LW LV ZRUWK QRWLQJ WKDW IRFDO ORVV LV MXVW RQH RI VHYHUDO WHFKQLTXHV DYDLDEOH WR WDFNOH WKH
FODVV LPEDODQFH SUREOHP� ,WV HIIHFWLYHQHVV FDQ YDU\ GHSHQGLQJ RQ WKH VSHFLILF GDWDVHW DQG WDVN�

3.4. Few Shot Object Detection
3.4.1. Problem Definition
)HZ�VKRW REMHFW GHWHFWLRQ UHIHUV WR WKH WDVN RI GHWHFWLQJ REMHFWV LQ DQ LPDJH ZLWK OLPLWHG ODEHOHG WUDLQLQJ
H[DPSOHV SHU REMHFW FODVV� 7UDGLWLRQDO REMHFW GHWHFWLRQ PHWKRGV W\SLFDOO\ UHTXLUH D ODUJH QXPEHU RI
ODEHOHG H[DPSOHV IRU HDFK REMHFW FODVV WR DFKLHYH JRRG SHUIRUPDQFH� +RZHYHU� LQ IHZ�VKRW REMHFW
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GHWHFWLRQ� WKH JRDO LV WR GHYHORS PRGHOV WKDW FDQ HIIHFWLYHO\ GHWHFW REMHFWV ZLWK RQO\ D VPDOO QXPEHU RI
ODEHOHG H[DPSOHV SHU FODVV� RIWHQ DV IHZ DV RQH RU D IHZ VKRWV�

3.4.2. Approaches
Data Augmentation
'DWD DXJPHQWDWLRQ LV D WHFKQLTXH XVHG LQ PDFKLQH OHDUQLQJ DQG FRPSXWHU YLVLRQ WR DUWLILFLDOO\ LQFUHDVH
WKH GLYHUVLW\ DQG VL]H RI D WUDLQLQJ GDWDVHW E\ DSSO\LQJ YDULRXV WUDQVIRUPDWLRQV DQG PRGLILFDWLRQV WR WKH
H[LVWLQJ GDWD� 7KH JRDO RI GDWD DXJPHQWDWLRQ LV WR LPSURYH WKH JHQHUDOL]DWLRQ DQG UREXVWQHVV RI WKH
WUDLQHG PRGHOV� ,W LV D FRPPRQO\ XVHG VROXWLRQ WR IHZ�VKRW SUREOHPV� 'DWD DXJPHQWDWLRQ WHFKQLTXHV
XVHG LQ WKLV WKHVLV DUH YLVXDOL]HG LQ �����

)LJXUH ����� (LJKW DXJPHQWDWLRQ WHFKQLTXHV

'DWD DXJPHQWDWLRQ WHFKQLTXHV FDQ EH EURDGO\ FDWHJRUL]HG LQWR VHYHUDO FDWHJRULHV EDVHG RQ WKH
W\SHV RI WUDQVIRUPDWLRQV DSSOLHG WR WKH RULJLQDO GDWD� +HUH DUH VRPH FRPPRQ FDWHJRULHV RI GDWD DXJ�
PHQWDWLRQ�

� *HRPHWULF 7UDQVIRUPDWLRQV� 7KHVH WHFKQLTXHV LQYROYH JHRPHWULF PRGLILFDWLRQV WR WKH GDWD� VXFK
DV URWDWLRQ� WUDQVODWLRQ� VFDOLQJ� IOLSSLQJ� DQG FURSSLQJ� 7KHVH WUDQVIRUPDWLRQV KHOS WKH PRGHO WR
OHDUQ LQYDULDQFH WR GLIIHUHQW RULHQWDWLRQV� SRVLWLRQV� DQG VL]HV RI REMHFWV�

� &RORU 7UDQVIRUPDWLRQV� 7KHVH WHFKQLTXHV DOWHU WKH FRORU SURSHUWLHV RI WKH GDWD� VXFK DV DGMXVWLQJ
EULJKWQHVV� FRQWUDVW� VDWXUDWLRQ� KXH� RU DSSO\LQJ FRORU ILOWHUV� &RORU DXJPHQWDWLRQ FDQ KHOS WKH
PRGHO EHFRPH PRUH UREXVW WR YDULDWLRQV LQ OLJKWLQJ FRQGLWLRQV� FRORU VKLIWV� DQG FRQWUDVW OHYHOV�

� 1RLVH ,QMHFWLRQ� $GGLQJ GLIIHUHQW W\SHV RI QRLVH WR WKH GDWD FDQ LPSURYH WKH PRGHO¶V DELOLW\ WR
KDQGOH QRLV\ RU GLVWRUWHG LQSXWV� ([DPSOHV LQFOXGH *DXVVLDQ QRLVH� UDQGRP SL[HO YDOXH QRLVH� RU
GURSRXW� ZKHUH UDQGRP SL[HOV RU UHJLRQV DUH VHW WR ]HUR�

� 2FFOXVLRQ DQG &XWRXW� ,QWURGXFLQJ RFFOXVLRQV RU FXWRXW UHJLRQV LQ WKH GDWD FDQ IRUFH WKH PRGHO
WR IRFXV RQ UHOHYDQW IHDWXUHV DQG LPSURYH LWV UREXVWQHVV WR RFFOXGHG REMHFWV RU PLVVLQJ UHJLRQV�

� 6W\OH 7UDQVIHU� 6W\OH WUDQVIHU WHFKQLTXHV FDQ EH XVHG WR FKDQJH WKH YLVXDO VW\OH RU DSSHDUDQFH
RI WKH GDWD� VXFK DV DSSO\LQJ DUWLVWLF ILOWHUV RU WUDQVIHUULQJ WKH VW\OH RI RQH LPDJH WR DQRWKHU� 7KLV
FDQ KHOS WKH PRGHO OHDUQ WR UHFRJQL]H REMHFWV LQ GLIIHUHQW YLVXDO VW\OHV�

Transfer Learning
7UDQVIHU OHDUQLQJ LV D PDFKLQH OHDUQLQJ WHFKQLTXH ZKHUH NQRZOHGJH JDLQHG IURP WUDLQLQJ D PRGHO RQ
RQH WDVN RU GDWDVHW LV WUDQVIHUUHG DQG DSSOLHG WR D GLIIHUHQW WDVN RU GDWDVHW� 1RUPDOO\� WKH GDWDVHW WKDW
KDV EHHQ SUH�WUDLQHG LV DEXQGDQW� ZKLOH WKH QHZ GDWDVHW VXIIHUV IURP VFDUFLW\� ,W XWLOL]HV WKH OHDUQHG
IHDWXUHV IURP D SUH�WUDLQHG PRGHO WR LPSURYH WKH SHUIRUPDQFH DQG HIILFLHQF\ RI D QHZ WDVN�

,Q WKH FRQWH[W RI REMHFW GHWHFWLRQ� WUDQVIHU OHDUQLQJ FDQ EH DSSOLHG E\ XWLOL]LQJ SUH�WUDLQHG PRGHOV
WKDW KDYH EHHQ WUDLQHG RQ ODUJH�VFDOH GDWDVHWV VXFK DV ,PDJH1HW >��@� 7KHVH SUH�WUDLQHG PRGHOV KDYH
OHDUQHG JHQHULF YLVXDO IHDWXUHV WKDW DUH XVHIXO IRU YDULRXV FRPSXWHU YLVLRQ WDVNV� 7UDQVIHU OHDUQLQJ LQ
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REMHFW GHWHFWLRQ DOORZV XV WR EHQHILW IURP WKH NQRZOHGJH DQG UHSUHVHQWDWLRQV OHDUQHG IURP ODUJH�VFDOH
GDWDVHWV� HYHQ ZKHQ WKH WDUJHW GDWDVHW LV UHODWLYHO\ VPDOO� ,W KHOSV LQ RYHUFRPLQJ WKH OLPLWDWLRQV RI
LQVXIILFLHQW ODEHOHG GDWD DQG UHGXFHV WKH WUDLQLQJ WLPH DQG FRPSXWDWLRQDO UHVRXUFHV UHTXLUHG WR DFKLHYH
JRRG SHUIRUPDQFH�

)RU LQVWDQFH� :DQJ HW DO� >��@ DGRSWHG D WZR�VWDJH ILQH�WXQLQJ DSSURDFK IRU IHZ�VKRW REMHFW GHWHF�
WLRQ� ,W LV VLPSOH EXW DOVR HIIHFWLYH� 7KH SURFHVV LV SUHVHQWHG LQ �����

)LJXUH ����� ,OOXVWUDWLRQ RI WZR�VWDJH ILQH�WXQLQJ DSSURDFK >��� )LJ� �@

:KLOH WUDQVIHU OHDUQLQJ KDV EHHQ H[WHQVLYHO\ XVHG LQ IHZ�VKRW FODVVLILFDWLRQ �)6&� WDVNV� LWV DSSOLFD�
WLRQ LQ IHZ�VKRW REMHFW GHWHFWLRQ �)62'� LV PRUH FKDOOHQJLQJ� )LUVW� DSSO\LQJ WKH FRQYHQWLRQDO WUDQVIHU
OHDUQLQJ VWUDWHJ\ RI LQLWLDOL]LQJ GHHS GHWHFWRUV IURP SUH�WUDLQHG GHHS FODVVLILHUV LV QRW VXLWDEOH ZKHQ GHDO�
LQJ ZLWK OLPLWHG WDUJHW GHWHFWLRQ VHWV� 7KH UHDVRQ LV WKDW ILQH�WXQLQJ RQ VXFK VPDOO WDUJHW VHWV LV RIWHQ
KDUG WR HOLPLQDWH WKH WDVN GLIIHUHQFH EHWZHHQ GHWHFWLRQ DQG FODVVLILFDWLRQ� 6HFRQG� GHHS REMHFW GHWHF�
WRUV DUH PRUH SURQH WR RYHUILWWLQJ FRPSDUHG WR GHHS FODVVLILHUV DV WKH\ QHHG WR OHDUQ REMHFW�VSHFLILF
UHSUHVHQWDWLRQV IRU ERWK ORFDOL]DWLRQ DQG FODVVLILFDWLRQ >��@�

Distance Metric Learning
'LVWDQFH PHWULF OHDUQLQJ DLPV WR OHDUQ D VXLWDEOH GLVWDQFH PHWULF WKDW FDQ HIIHFWLYHO\ PHDVXUH WKH VLP�
LODULW\ RU GLVVLPLODULW\ EHWZHHQ IHDWXUH UHSUHVHQWDWLRQV RI REMHFWV� %\ OHYHUDJLQJ WKLV OHDUQHG GLVWDQFH
PHWULF� LW EHFRPHV SRVVLEOH WR FRPSDUH DQG FODVVLI\ QRYHO REMHFWV EDVHG RQ WKHLU IHDWXUH VLPLODULW\ WR
WKH IHZ�VKRW WUDLQLQJ H[DPSOHV�

2QH SRSXODU DSSURDFK LQ GLVWDQFH PHWULF OHDUQLQJ LV WR XVH 6LDPHVH QHWZRUNV >��@ RU WULSOHW QHWZRUNV
>��@� 7KHVH QHWZRUNV OHDUQ HPEHGGLQJV IRU REMHFW LQVWDQFHV VXFK WKDW LQVWDQFHV IURP WKH VDPH FODVV
DUH FORVHU WRJHWKHU LQ WKH HPEHGGLQJ VSDFH� ZKLOH LQVWDQFHV IURP GLIIHUHQW FODVVHV DUH SXVKHG IXUWKHU
DSDUW� 7KLV ZD\� GXULQJ LQIHUHQFH� WKH GLVWDQFH EHWZHHQ D QRYHO REMHFW LQVWDQFH DQG WKH IHZ�VKRW
H[DPSOHV FDQ EH XVHG WR GHWHUPLQH LWV FODVV�

3.5. Datasets
3.5.1. Children Books

)LJXUH ����� 3LH &KDUW RI WKH 2ULJLQDO 'DWDVHW >�@
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)LJXUH ����� /DEHO LQIRUPDWLRQ RI WKH 2ULJLQDO 'DWDVHW

7KH RULJLQDO GDWDVHW LV WKH 2W 	 6LHQ GDWDVHW IURP https://lab.kb.nl/dataset/ot-sien-dataset�
,W KDV ���� LOOXVWUDWLRQ LPDJHV ZLWK ���� REMHFWV� ���� SHU LPDJH�� DQQRWDWHG ZLWK REMHFW FODVV DQG
ERXQGLQJ ER[HV� ,W KDV ��� FODVVHV DQG LV VXSHU LPEDODQFHG� 7KH GLVWULEXWLRQ RI FDWHJRULHV LV YLVXDOL]HG
LQ ����� 2XU GDWDVHW LV YHU\ LPEDODQFHG� ���� FDSWXUHV WKH VLWXDWLRQ� +XPDQ FDWHJRULHV� LQFOXGLQJ
´PDOH´ DQG ´IHPDOH´� PDNH XS DURXQG 50� RI DOO REMHFWV�

)LJXUH ����� 7KH GLVWULEXWLRQ RI WKH VL]H RI ERXQGLQJ ER[HV

$IWHU ORRNLQJ LQWR WKH GDWDVHW� PDQ\ PLVODEHOLQJ DQG ZURQJ FODVVHV DUH LGHQWLILHG� $IWHU FRUUHFWLRQ�
WKH SURSHUWLHV RI WKH GDWDVHW FDQ EH VXPPDUL]HG DV�

� 7KH GDWDVHW FRQVLVWV RI LOOXVWUDWLRQV UDWKHU WKDQ VWDQGDUG SKRWRV�
� ���� LPDJHV ZLWK ���� REMHFWV ���� SHU LPDJH� DUH DQQRWDWHG LQFOXGLQJ WKH FDWHJRU\ DQG ERXQGLQJ
ER[HV�

https://lab.kb.nl/dataset/ot-sien-dataset
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� $OO LPDJHV DUH UHVL]HG WR 416× 416 ZLWK EODFN ILWWLQJ HGJHV WR DGDSW WR WKH WUDLQLQJ SURFHGXUH�
� 7KH GDWDVHW IROORZV D QDWXUDO ORQJ�WDLO SURSHUW\� ZLWK VRPH REMHFW FDWHJRULHV EHLQJ UDUH�
� 7KH GDWDVHW KDV LPEDODQFHG FDWHJRULHV�

7KH LQIRUPDWLRQ RQ ERXQGLQJ ER[HV LV SUHVHQWHG LQ ����� 7KH ILUVW ILJXUH LQ ���� GLVSOD\V WKH
LQVWDQFHV�SHU�FODVV GLVWULEXWLRQ� 7KLV GLVWULEXWLRQ KLJK� OLJKWV WKH LQKHUHQW LPEDODQFH DQG ORZ�VKRW QD�
WXUH RI WKH GDWDVHW� ZLWK FHUWDLQ FDWHJRULHV KDYLQJ D VLJQLILFDQWO\ ODUJHU QXPEHU RI LQVWDQFHV FRPSDUHG
WR RWKHUV�

7KH VHFRQG ILJXUH VKRZV WKH VKDSH DQG ORFDWLRQ RI DOO ERXQGLQJ ER[HV LQ RXU GDWDVHW DQG WKH WKLUG
ILJXUH VKRZV WKH GLVWULEXWLRQ RI WKH FHQWHU RI DOO ERXQGLQJ ER[HV� 7KH YLVXDOL]DWLRQ GHPRQVWUDWHV WKH
VSDWLDO GLVWULEXWLRQ RI REMHFWV DQG LOOXVWUDWHV WKDW PDQ\ ERXQGLQJ ER[HV DUH FHQWHUHG DURXQG WKH PLGGOH
RI WKH LPDJH�

/DVWO\� WKH VL]H GLVWULEXWLRQ RI WKH ERXQGLQJ ER[HV LV GHSLFWHG LQ WKH ODVW ILJXUH RI )LJXUH �� 7KLV
YLVXDOL]DWLRQ LOOXVWUDWHV WKDW WKH GDWDVHW FRQWDLQV D VLJQLILFDQW QXPEHU RI VPDOO REMHFWV� DV LQGLFDWHG E\
WKH KLJKHU GHQVLW\ RI GDWD SRLQWV LQ WKH ORZHU UHJLRQ RI WKH VL]H GLVWULEXWLRQ SORW�

7KH GHWDLOHG GLVWULEXWLRQ RI WKH VL]H RI ERXQGLQJ ER[HV LV YLVXDOL]HG LQ ����� :H FDQ VHH WKDW WKH
GDWDVHW FRQWDLQV D KLJKHU QXPEHU RI VPDOO REMHFWV FRPSDUHG WR ODUJHU RQHV� 7KLV REVHUYDWLRQ XQGHU�
VFRUHV WKH LPSRUWDQFH RI HIIHFWLYHO\ GHWHFWLQJ DQG FODVVLI\LQJ VPDOOHU REMHFWV ZLWKLQ WKH GDWDVHW�

)LJXUH ����� 7KH GLVWULEXWLRQ RI ZLGWK�KHLJKW UDWLR RI ERXQGLQJ ER[HV

3.5.2. Commonly Used Datasets for Object Detection
3$6&$/ 92& ���� >��@ LV D PLG�VFDOH REMHFW GHWHFWLRQ GDWDVHW WKDW VKDUHV WKH VDPH �� FDWHJRULHV
DV 3DVFDO 92& ����� 3$6&$/ 92& KDV WKUHH VSOLWV� WUDLQLQJ� YDOLGDWLRQ� DQG WHVW� FRQWDLQLQJ �����
����� DQG ����� LPDJHV� UHVSHFWLYHO\� 7KH PDLQ SXUSRVH RI WKLV GDWDVHW LV WR UHFRJQL]H REMHFWV IURP
D YDULHW\ RI YLVXDO REMHFW FODVVHV LQ UHDOLVWLF VHWWLQJV� ,W LV D VXSHUYLVHG OHDUQLQJ SUREOHP ZLWK D WUDLQLQJ
VHW RI ODEHOHG LPDJHV SURYLGHG� ,W FRQWDLQV WZHQW\ FDWHJRULHV�

� 3HUVRQ� SHUVRQ
� $QLPDO� ELUG� FDW� FRZ� GRJ� KRUVH� VKHHS
� 9HKLFOH� DHURSODQH� ELF\FOH� ERDW� EXV� FDU� PRWRUELNH� WUDLQ
� ,QGRRU� ERWWOH� FKDLU� GLQLQJ WDEOH� SRWWHG SODQW� VRID� WY�PRQLWRU

0LFUR6RIW &2&2 >�@ LV D ODUJH�VFDOH REMHFW GHWHFWLRQ� VHJPHQWDWLRQ� DQG FDSWLRQLQJ GDWDVHW ZLWK ��
FDWHJRULHV� ,W FROOHFWV LPDJHV RI FRPSOH[ HYHU\GD\ VFHQHV FRQWDLQLQJ FRPPRQ REMHFWV LQ WKHLU QDWXUDO
FRQWH[W� 7KH QXPEHU RI LQVWDQFHV SHU FDWHJRU\ IRU DOO �� FDWHJRULHV LV VKRZQ LQ �����

/9,6 �/DUJH 9RFDEXODU\ ,QVWDQFH 6HJPHQWDWLRQ� >��@� LV DQ H[WHQVLYH GDWDVHW DLPHG DW DGYDQFLQJ
WKH ILHOG RI LQVWDQFH VHJPHQWDWLRQ� 7KH GDWDVHW LV GHVLJQHG WR EH FRPSUHKHQVLYH� FRPSULVLQJ DSSUR[�
LPDWHO\ ������� LPDJHV� RYHU ���� FDWHJRULHV� DQG RYHU � PLOOLRQ KLJK�TXDOLW\ LQVWDQFH VHJPHQWDWLRQ
PDVNV� ,W VSHFLILFDOO\ IRFXVHV RQ FDWHJRULHV ZLWK OLPLWHG WUDLQLQJ VDPSOHV� HQFRPSDVVLQJ D ORQJ�WDLO
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)LJXUH ����� FDWHJRULHV GLVWULEXWLRQ RI 06 &2&2 >�� )LJ� � �D�@

GLVWULEXWLRQ� 7KH GDWDVHW SURYLGHV D EHQFKPDUN FKDOOHQJH� VHUYLQJ DV D SODWIRUP IRU WKH GHYHORSPHQW
RI QRYHO REMHFW GHWHFWLRQ� VHJPHQWDWLRQ� DQG IHZ�VKRW OHDUQLQJ DOJRULWKPV�

)HZ 6KRW 2EMHFW 'HWHFWLRQ �)62'� >��@ LV D KLJKO\ GLYHUVH GDWDVHW FUHDWHG VSHFLILFDOO\ IRU IHZ�VKRW
REMHFW GHWHFWLRQ� ,W LV GHVLJQHG WR DFFHVV D PRGHO¶V JHQHUDOLW\ RQ QHZ FDWHJRULHV� 7KH WUDLQLQJ VHW
DQG WHVW VHW KDYH QR RYHUODSSLQJ FDWHJRULHV� KDYLQJ ��� DQG ��� FDWHJRULHV HDFK� 7KH WUDLQLQJ VHW LV
FRQVWUXFWHG IURP WKH 06 &2&2 GDWDVHW DQG WKH ,PDJH1HW GDWDVHW� 2YHUDOO� WKH GDWDVHW FRQWDLQV ����
FDWHJRULHV� RI ZKLFK ��� FDWHJRULHV FRPH IURP ,PDJH1HW DQG ��� IURP WKH 2SHQ ,PDJH GDWDVHW�

7KH LQIRUPDWLRQ DQG VWDWLVWLFV RI WKHVH GDWDVHWV DUH SUHVHQWHG LQ ��� DQG ����

'DWDVHW &ODVVHV 2EMHFW 3HU ,PDJH ,PDJH 6L]H 6WDUWHG <HDU
3DVFDO 9RF ���� �� ��� ��� × ��� ����

06 &2&2 �� ��� ��� × ��� ����
/9,6 ����� ���� � ����
)62' ���� ���� � ����

&KLOGUHQ %RRNV ��� ��� ��� ×416 ����

7DEOH ���� &KDUDFWHULVWLFV RI &RQVLGHUHG 'DWDVHWV

'DWDVHW 1XPHEU RI ,PDJHV 1XPEHU RI $QQRWDWLRQV
7UDLQ 9DO 7HVW 7UDLQ 9DO

3DVFDO 9RF ���� ����� ����� ������ ������ ������
06 &2&2 ������ ������ ������ ������� �������

/9,6 ������� ������ ������ ��������� �������
)62' ������ ������ ± ������� ������

7DEOH ���� 6WDWLVWLFV RI WKH FRPPRQO\ XVHG 'DWDVHWV LQ )62'
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