
Research Article
An Evaluation of Deep Learning Methods for Small
Object Detection

Nhat-Duy Nguyen, Tien Do , Thanh Duc Ngo, and Duy-Dinh Le

University of Information Technology, Vietnam National University, Ho Chi Minh City, Vietnam

Correspondence should be addressed to Tien Do; tiendv@uit.edu.vn

Received 20 January 2020; Accepted 11 March 2020; Published 27 April 2020

Academic Editor: Cesare F. Valenti

Copyright © 2020 Nhat-Duy Nguyen et al. (is is an open access article distributed under the Creative Commons Attribution
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.

Small object detection is an interesting topic in computer vision. With the rapid development in deep learning, it has drawn
attention of several researchers with innovations in approaches to join a race. (ese innovations proposed comprise region
proposals, divided grid cell, multiscale feature maps, and new loss function. As a result, performance of object detection has
recently had significant improvements. However, most of the state-of-the-art detectors, both in one-stage and two-stage ap-
proaches, have struggled with detecting small objects. In this study, we evaluate current state-of-the-art models based on deep
learning in both approaches such as Fast RCNN, Faster RCNN, RetinaNet, and YOLOv3. We provide a profound assessment of
the advantages and limitations of models. Specifically, we run models with different backbones on different datasets with
multiscale objects to find out what types of objects are suitable for each model along with backbones. Extensive empirical
evaluation was conducted on 2 standard datasets, namely, a small object dataset and a filtered dataset from PASCAL VOC 2007.
Finally, comparative results and analyses are then presented.

1. Introduction

Object detection is known as a task that locates all positions
of objects of interest in an input by bounding boxes and
labeling them into categories that they belong to. To do this
task, several ideas have been proposed from traditional
approaches to deep learning-based approaches. (e ap-
proaches of object detection are mainly separated into two
types, namely, approaches based on region proposal algo-
rithms known as two-stage approaches [1–3] and ap-
proaches based on regression or classification recognized as
real-time and unified networks or one-stage approaches
[4–7]. Applications based on real-time object detection now
draw much attention of people because of its demand for
meeting the modern life and helping people to have a better
life. For example, self-driving cars are an authentic one to
simultaneously help people transport on streets safely, re-
ducing car accidents by distracted drivers. (e other one
includes that in manufacturing industries, the need of
detecting assembly parts that are defective or the uncertainty

of an angle of view, size of detected object, and deformable
shape that significantly changes during assembly process [8].
It illustrates that real-time object detection, applied to the
most popular vision-based applications in real world, is
really indispensable. However, such applications require
early object detection in order to be used subsequently as
inputs for other tasks [9, 10]. Due to early detection, rep-
resentation of objects is usually small or even tiny. Generally,
given an image of interest, the purpose of small object
detection is to immediately detect what common objects
belong to the image, especially in small sizes, implying that
objects of interest are objects which either own a physically
big appearance but just occupy a small patch on an image
(train, car, bicycle, etc.) [11, 12] or are really with a small
appearance (mouse, plate, jar, bottle, etc.) [13], as shown in
Figure 1.

Small object detection, therefore, is a challenging task in
computer vision because apart from the small representa-
tions of objects, the diversity of input images also make the
task more difficult. For instance, an image can be in different
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resolutions; if the resolution is low, it can hinder the detector
from detecting small objects. In this case, the visual infor-
mation to highlight the locations of small objects will be
significantly limited. In addition, small objects can be de-
formable or are overlapped by other objects. A wide variety
of detection methods have been proposed in the last years
from the development of deep learning. Various ideas have
been presented, and attached evaluations have been made to
deal with challenges of object detection, but those proposed
detectors currently spend their ability on the detection of
normal sizes, not just small objects. However, an evaluation
of small object detection approaches is indispensable and
important in the study of object detection. Lately, object
detection has significantly attracted attention from state-of-
the-art approaches, and these have made their efforts to
tackle object detection and yield good performance on
challenging and multiclass datasets such as PASCAL VOC
and COCO. (ese cutting-edge methods are firstly trained
on ImageNet and transferred to detection; for example, in

[2], the authors use a proposed network which applies a
spatial pyramid pooling layer to extract features and com-
pute these over an entire image regardless of image sizes
instead of employing part-based models [14]. R-CNN [1] is a
pioneer of breakthrough object detection and has several
innovations from previous approaches; an image is resized
to a fixed size to feed into the network and then applies an
external algorithm to generate object proposals. Improved
from [1], Fast R-CNN [3] applies regions of interest (RoIs) to
extract a fixed-length feature from the feature maps for each
proposal. Faster R-CNN [15] uses its own network to
generate object proposals instead of applying an external
algorithm.

So far, almost detectionmodels are all well-performed on
challenging datasets such as COCO and PASCAL VOC.
(ese datasets commonly contain objects taking medium or
big parts on an image that contains a few small objects which
cause an imbalance data between objects in different sizes
resulting in a bias of models to objects greater in numbers. In

(a) (b)

Figure 1: Illustration of (a) objects such as a bus, plains, or cars that have big appearance but occupy small parts on an image taken from [11]
and (b) objects that really own small appearance such as mouses or plates taken from [13].
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addition, the number of classes of current small object
datasets is less than common datasets. Besides, most of the
state-of-the-art detectors, both in one-stage and two-stage
approaches, have struggled with detecting small objects. As a
result, we have presented an in-depth evaluation of existing
deep learning models in detecting small objects in our prior
work [16]. We evaluate three state-of-the-art models in-
cluding YouOnly Look Once (YOLO), Single ShotMultiBox
Detector (SSD), and Faster R-CNN with related trade-off
factors, i.e., accuracy, execution time, and resource con-
straints. In this time, we make not only an extension by
continually evaluating state-of-the-art and up-to-date de-
tection models but also summarize pros and cons as well as
the design of models rather than just introducing their idea.
Instead of focusing on real-time models, we evaluate state-
of-the-art models both in the one-stage approach which is
able to run in real time such as YOLOv3, RetinaNet, and the
two-stage approach which do not meet real-time detection
but high accuracy such as Fast RCNN and Faster RCNN.We
add these models to our evaluation due to some reasons, and
we firstly take claims from the original work of these models.
Particularly, we pick up YOLOv3 because this detector is a
novel and state-of-the-art model, which combines current
advanced techniques such as residual blocks, skip connec-
tions, and multiscale detection. Similarly, RetinaNet is a
detector that proposes an updated calculation for loss
function to penalize the imbalance of classes in a dataset.
Although Faster RCNN is the only one model that is
evaluated in our previous work, we want to evaluate this
model with different backbones to consider how well
backbones work when they are combined with Faster
RCNN. Furthermore, Faster RCNN is an improvement of
Fast RCNN, and we still add Fast RCNN to our evaluation
because this model works with an external algorithm to
generate region proposals on an input image instead of on a
feature map alike Faster RCNN. Besides, we evaluate these
models with different backbones such as ResNet 50, ResNet
101, ResNet 152, ResNeXT 101, and FPN on small objects to
consider how well these backbones are when combining
them with models. We still make our evaluation on 2
datasets namely, small object dataset [13] and our filtered
dataset from PASCAL VOC 2007 [11] with criteria such as
accuracy, speed of processing, and resource consumption as
well. However, we want to provide analyses to the design and
the way models work and explore how well models can
afford with multiscale objects. (is helps readers have a
preference of each model, and from there, they can choose a
suitable model to meet their needs. (erefore, the followings
are our contributions:

(i) Wemade an extension for evaluating deep models in
two main approaches of detection, namely, the one-
stage approach and two-stage approach such as
YOLOv3, RetinaNet, Fast RCNN, and Faster RCNN
along with popular backbones such as FPN, ResNet,
or ResNeXT.

(ii) We provided not only disadvantages and advantages
of the models relating to accuracy, resource con-
sumption, and speed of processing in context of

small objects as well as changes of these factors when
an object size is scaled up or down but also a
comparison between one-stage and two-stage
methods.

2. Challenges

Overall, there are several problems relating to challenges that
need to be solved with object detection. Object detection
itself draws much attention from researchers, but after a
period of time, challenges just tackle a part; particularly,
COCO challenges provide a standard in regard to small and
medium detection, and accuracy in most of detectors is still
low with this standard. (erefore, in terms of small object
detection, it is harder to researchers because apart from
normal challenges alike object detection, it owns particular
challenges for small objects. Besides, the definition of small
objects is not obviously clear. (e following presentation
make it more obvious.

2.1. Small Appearances. Recently, small object detection has
been considered as an attractive problem itself because there
are many sorts of its own challenges that are very intriguing
to researchers. First of all, the possibilities of the appearance
of small objects are much more than other objects because of
the small size that leads to a fact that detectors get confused
to spot these objects among plenty of other objects which are
located around or even are the same size or appearance. It is
arduous when differentiating small objects from the clutter
of background. Furthermore, the pixels available to repre-
sent the information of small objects are also much fewer
than normal objects. It means that there are less informative
representatives for detectors to perform its task. Besides, key
features to obtain small objects from an image are vulnerable
and even lost progressively when going thorough many
kinds of different layers of deep network such as convolu-
tional or pooling layers. For example, in VGG16, if the object
of interest occupies a 32× 32 size, it will be presented at most
1 pixel after 5 times of going through the pooling block. As a
result, the exhausted searching such as sliding window [14]
or the drastic increase in the number of bounding boxes like
selective search [17] is unfeasible to achieve good outputs.
Some samples of small objects are shown in Figure 1.

2.2. Small Object Definitions. (e definition problem of
small object detection is to clarify how small scales or sizes of
objects are or how many pixels they occupy on an image.
(is is arduous and different if we consider objects on
images of high resolution and low resolution. For example,
an object is assigned as a small object as occupying a part of
400× 400 resolution on 2048× 2048 but being very big on
500× 500 one. (erefore, it causes a difficulty to researchers
when a dataset consists of images with various ranges of
resolution. Up till now, there are some definitions of small
objects, and these definitions are not clearly defined. It
depends upon datasets that are used for evaluation and
characteristics of objects of interest. (erefore, to perform
the task of detecting small objects, researchers define

Journal of Electrical and Computer Engineering 3



different definitions for different datasets instead of only
using the size of bounding boxes containing objects to
consider if the objects are small or not. For example, Zhu
et al. [18] mentioned that small objects are objects whose
sizes are filling 20% of an image when releasing their dataset
about traffic signs. If the traffic sign has its square size, it is a
small object when the width of the bounding box is less than
20% of an image and the height of the bounding box is less
than the height of an image. In [19], Torralba et al. supposed
small objects are less than or equal to 32× 32 pixels. In small
object dataset [13], objects are small when they have mean
relative overlap (the overlap area between bounding box area
and the image is) from 0.08% to 0.58%, respectively, 16×16
to 42× 42 pixel in a VGA image. In this work, we reuse the
above definitions, especially the definitions from [13, 18] as
the main references because they are reliable resources and
are widely accepted by other researchers.

2.3. Datasets and Approaches. (ere are limited works to
concentrate on sorts of small objects, and it results in the
limitation of experience and knowledge to deeply go for a
comprehensive research. (e previous approaches just
specify to focus on big objects and ignore the existence of
small objects. In fact, we do not comprehend how much
existing detection approaches are well-performed when
dealing with small objects. Hence, in this work, we conduct
to assess the performance of existing state-of-the-art de-
tectors to draw a general picture of their abilities for small
object detection.

In terms of small object detection, there are just a few
works regarding the problem of detecting small objects. So
far, most of these works are just designed to detect some
single categories such as traffic signs [18] or vehicles [20–22]
or pedestrians [23] that do not contain common or mul-
ticlass datasets in real world. (is results in a lack of eval-
uation for the approaches to show its ability detecting
different kinds of objects and variation of their shapes as
well. Fortunately, Chen et al. [13] present their small object
dataset by combining the Microsoft COCO [12] and SUN
datasets [24] that consist of common objects such as
“mouse,” “telephone,” “switch,” “outlet,” “clock,” “tissue
box,” “faucet,” “plate,” and “jar.” Chen also augments the
R-CNN algorithm with some modifications to improve
performance of detecting small objects. Following this idea,
we conduct a small survey on existing datasets and the
authors find that PASCAL VOC is in common with COCO
and SUN datasets which consist of small objects of various
categories. So we depend on existing and common defini-
tions of small objects to filter objects that meet these defi-
nitions and form a dataset including 4 subsets corresponding
to 4 different definitions of small objects so as to objectively
consider how different scales of objects affecting perfor-
mance of detection are. In addition, there is recently a small
object dataset in a challenge called Vision Meets Drones: A
Challenge (http://aiskyeye.com/), and this dataset is con-
sidered the challenging dataset because it consists of several
small objects, even tiny objects in images in different con-
texts and conditions in wild, but the views in images are

snapshot from drones which fly above and take pictures
from the high resolution cameras attached to it. Unfortu-
nately, this dataset does not have annotations for testing, so
it is hard to take it for evaluation.

(erefore, in this work, we choose small object dataset
[13] and our filtered dataset to make our evaluation because
these datasets contain common objects and the number of
images are large, so the evaluations are objective.

3. Deep Models for Object Detection

Recently, in widespread developments of deep learning, it is
known that convolutional neural network (CNN) ap-
proaches have showed lots of improvements and achieved
good results in various tasks. (erefore, it is commonly
applied to well-known works. Most of the works have
showed significant improvements in detecting objects filling
medium or big parts on an image.

RCNN [1] is one of the pioneers. (e following methods
are an improvement form of R-CNN such as [2, 3, 15].
Especially, Faster R-CNN [15] is considered as a state-of-the-
art approach. Although this sequence of advanced works
uses a lot of different and breakthrough ideas from sliding
window to object proposals and mostly achieves the best
results as state-of-the-art methods on challenging datasets
such as COCO, PASCAL VOC, and ILSVRC, however, their
representations take much time to run on an image com-
pletely and may lead to reduction in the running perfor-
mance of the detector. As a result, the detectors face
difficulty in using them for detecting objects in real time
despite achieving high accuracy. (is means they just focus
on accuracy and ignore effects of speed of processing. In
addition, detecting objects having small sizes in real world is
as important as objects having big or medium sizes, even
more necessary than we imagined. Especially, in industries
of automotive, smart cars, army projects, and smart
transportation, data must be promptly and precisely pro-
cessed to make sure that safety is first. But in these cases,
generally, the data recorded usually are far from our position
and the information is a small thing.

In terms of real-time detection, the one-stage methods,
instead of using object proposal to get RoI before moving to
classifier like two-stage approaches such as Faster R-CNN,
use local information to predict objects such as YOLO and
SSD. Both methods process images in real time and detect
objects correctly and still have a high point of mAP. Nev-
ertheless, these papers just mention that the models can
detect small objects and have good results, but they do not
show evidences to prove how much or what extent of small
objects that are solved. In this work, we evaluate these
models from both approaches to find out their performance
and to what extend they are good at as detecting small
objects. (e following are general ideas of above-mentioned
approaches.

3.1. R-CNN. R-CNN [1] is a novel and simple approach as a
pioneer advanced, providing more than 30% mean average
precision (mAP) than the previous works on PASCAL VOC.
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(e overview of R-CNN architecture consists of four main
phases which are known as the new advances of this method.
Firstly, the R-CNN network resizes an image to 227× 227
and takes it as an input.(en, selective search algorithm [17]
is applied to the image and generates 2000 candidates of
proposed bounding boxes as the warped regions used for the
input of CNN feature network. (rough the regions, the
network extracts a 4096-dimensional feature vector from
each region and then computes the features for each region.
Finally, using the class-specific linear SVM classifier behind
the last layer is to classify regions to consider if there are any
objects and what the objects are.

(emajor key to the success of the R-CNN is the features
matter. In R-CNN, the low-level image features (e.g., HOG)
are replaced with the CNN features, which are arguably
more discriminative representations. However, the evalua-
tion of an image is extremely costly and wasteful because
R-CNN must apply the convolutional network 2000 times.
Besides, resizing the input to the low 227× 227 is a problem
affecting small objects which are easy to deform or even lose
information as changing the resolution far from its original
sizes. (e region proposals overlapped, thus leading to
computation of familiar features many times, and with every
region proposal, it must be stored to disk before performing
the extraction of features. In addition, lots of bounding
boxes overlapped will result in a drop of mAP if small objects
are close to big objects because there is a bias to choose the
bounding boxes which contain big objects and ignorance of
bounding boxes for small objects.

3.2. Spatial PyramidPooling (SPP). (e primary ideas of SPP
[2] are motivated from limitations of CNN architecture, such
as the original CNN receiving the size of input imagesmust be
a fixed size (224× 224 of AlexNet), so the actual use of the raw
picture often needs cropping (a fixed-size patch that truncates
the original image) or warping (RoI of an image inputmust be
a fixed size of the patch). (e fully connected layer needs a
fixed-length input and convolutional layer that can be
adapted to the arbitrary input size; thus, it needs a bridge as a
mediate layer between the convolutional layer and the fully
connected layer and that is the SPP layer. Particularly, SPP-
net firstly finds 2000 candidates of region proposals like the
R-CNN method and then extracts the feature maps from the
entire image. SPP maps each window of the features corre-
sponding to region proposals as a fixed-length representation
regardless of the input size. Finally, 2 fully connected layers
are used to classify by SVM.

In short, SPP-net versus R-CNN: detection task is better
100× faster than R-CNN, but training time is very slow
because of multistage training steps (fine-tuning of last
layers, SVM, and regressions) and really taking a lot of disk
space to save vectors of features.

3.3. Fast R-CNN. Fast R-CNN [3] is an advanced method
that presents various innovations to improve the time of
training and testing phase and efficiently classifying object
proposals while still increasing the accuracy rate by using
deep convolutional networks. (e architecture of Fast

R-CNN is trained end-to-end with a multitask loss. Specif-
ically, the convolutional network takes an image at any size as
an input and several RoIs. Instead of applying RoI on an input
and wrapping them to feed into the network at the first step
like RCNN, Fast RCNN applies these RoIs on a feature map
after the several convolutional layers of the base network.
Each RoI is extracted a fixed-size feature vector by a pooling
layer andmapped to a feature vector by fully connected layers.
(e network has two output vectors per RoI: softmax
probabilities and per-class bounding-box regression offsets.

(e most important feature of RoI is sharing compu-
tation and memory in the forward and backward passes
from the same image. (e huge contribution of Fast R-CNN
is that it proposes a new training method that fixes the
drawbacks of R-CNN and SPP-net, while increasing their
running time and accuracy rate. (e advantage is the mean
average precision of detection is higher than R-CNN and
SPP-net. Training phase is a single stage, using a multitask
loss, and can update the entire network layers. (e capacity
of disk storage is not required for feature caching.

3.4. Faster R-CNN. Faster R-CNN [15] is an innovated
approach improved from Fast R-CNN. Unlike two previous
approaches of its own, instead of generating bounding boxes
by external algorithms [17] like [1, 3], Faster R-CNN runs its
own method called the region proposal network (RPN)
which is trained end-to-end in order to give the generation
of highly qualified region proposals. After gaining deep
features from early convolutional layers, RPN is taken into
the account and windows slide over the feature map to
extract features for each region proposal. RPN is considered
as a fully convolutional network which simultaneously
predicts bounding boxes of objects and objectness scores at
each position. (e input of RPN is an image of any size and
outputs a set of bounding boxes as rectangular object
proposals, along with an objectness score for each proposal.
Specifically, the RPN takes the image feature map of the fifth
convolutional layer (conv5) as an input and applies a 3× 3
sliding window on the feature map. (en, the intermediate
layer will feed into two different branches, one for object
score (determines whether the region is thing or stuff) and
the other for regression (determines how should the
bounding box change to become more similar to the ground
truth). (e RPN improves accuracy and running time as well
as avoids to generate excess of proposal boxes because the
RPN reduces the cost by sharing computation on convolu-
tional features. RPN and Fast R-CNN aremerged into a single
network by sharing their convolutional features. (is com-
bination helps Faster R-CNN to have leading performance on
accuracy but leads to its architecture as a two-stage network
which reduces the speed of processing of this method.

3.5. You Only Look Once. Inherited from the advantages of
the previous models which have been introduced earlier, You
Only Look Once (YOLO) [4] is considered as a state-of-the-
art object detection in real time with various categories at that
time. YOLO currently has three versions [4–6], which are
improved substantially through each version progressively.
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(e detail analyses of the YOLO approaches as a premise to
apply it into practical applications are as follows:

YOLOv1 [4] is widely known that YOLO, an unified or
one-stage network, is a completely novel approach based on
an idea that aims to tackle object detection in real time
proposed by Redmon et al,. implying that, instead of per-
forming the task of object detection like the previous
techniques based on complex tasks such as [1, 4], which use
exhausted sliding window and then feed outputs of this to
classifiers performing at equally spaced locations over the
whole image or region proposals to generate bounding boxes
which possibly contain objects and then feed them to
convolutional neural networks, YOLO considers object
detection to be a regression problem, simultaneously giving
the prediction for various coordinates of bounding boxes
and class probabilities for these boxes. (e key idea to
perform the detection of YOLO is that YOLO separates
images into grid views which push the running time as well
as accuracy in localizing objects of YOLO.(e goal of YOLO
is to deal with two problems, namely, what objects are
presented and where they are in an image. (e summari-
zation of YOLO operation proceeds with three principal
steps simply and straightforwardly. Firstly, YOLO takes an
input image resized to a fixed size, then works a single
convolutional network as a unified network on the image,
and ultimately puts a threshold on the resulting detections
by the confidence score of the model. YOLO runs at 45 fps
on GPU and the smaller Fast YOLO reaches 150 fps. (is
processing can run steaming video in real time. Although the
design of YOLO architecture affords end-to-end training
and real-time detection, it still keeps high average precision.

(e network divides the input image into a S× S grid,
where S× S is equal to the width and height of the tensor
which presents the final prediction. In case the center of an
object is in a grid cell, the gird cell takes responsibility for
detecting that object. Moreover, each gird cell is simulta-
neously responsible for predicting bounding boxes and
confidence scores which present how confident the model of
bounding box contains an object as well as how accurate it
indicates the bounding box is predicted.

(e drawback of YOLO is that it lags behind the state-of-
the-art detection systems about accuracy but is better than
those about running time. Itmakes less than half the number of
background errors compared to Fast R-CNN. YOLO is highly
generalizable, so it can quickly identify objects in an image, but
it usually struggles to precisely localize some objects, especially
small ones. (erefore, the author introduced YOLOv2 to
improve performance and fix drawbacks of YOLO as well.

YOLOv2 [5] has a number of various improvements from
YOLOv1. Similarly to the origin, YOLOv2 runs on different
fixed sizes of an input image, but it introduced several new
training methods for object detection and classification such
as batch normalization, multiscale training with the higher
resolutions of input images, predicting final detection on
higher spatial output, and using good default bounding boxes
instead of fully connected layers.

However, this offers a trade-off between speed and ac-
curacy. (e details of the mAP improvements in PASCAL
VOC 2007 are shown in Figure 2.

(ese novel improvements allow YOLOv2 to train on
multiclass datasets like COCO or ImageNet. In addition, it
was attempted to train the detector to detect over 9000
different object classes. YOLOv2 uses a network architecture
customized from the original network. YOLOv2 mainly
concentrates on a way of improving recall and localization
while still receiving high accuracy of classification in
comparison with state-of-the-art detectors, and the origin
YOLO significantly makes more localization errors but is far
less likely to predict false detections on places where nothing
exists. Although YOLOv2 has accuracy improvements,
YOLOv2 does not work well on small objects because the
input downsampling results in the low dimension of the
feature map which is used for the final prediction. To solve
these problems, recently, the author introduces YOLOv3
with significant improvements on object detection, espe-
cially on small object detection. Generally, a variety of latest
networks tend to be toward deeper and yield good per-
formance on their tasks with deep features learned from
numerous layers.

YOLOv3 [6] is one of these approaches; instead of using
Darknet-19 like two old versions [4, 5], YOLOv3 develops a
deeper network with 53 layers called Darknet-53 and com-
bines the network with state-of-the-art techniques such as
residual blocks, skip connections, and upsampling. (e re-
sidual blocks and skip connections are very popular in ResNet
and relative approaches, and the upsampling recently also
improves the recall, precision, and IOU metrics for object
detection [25]. For the task of detection, 53 more layers are
stacked onto it, giving a 106-layer fully convolutional un-
derlying architecture for YOLOv3. (is is the reason behind
the slowness of YOLOv3 compared to YOLOv2.

Second, YOLOv3 enables the detector to predict objects
at three different outputs with three different scales rather
than just one prediction at the last layer of the network
similar to its competitor SSD [26] which has improved a lot
of performance on a low resolution image. (is is useful to
pick up diverse outcomes in order to improve performance
of detection. (e final output is created by applying a 1× 1
kernel on a feature map. Particularly, the detection is done
by applying 1× 1 detection kernels on feature maps of three
different sizes at three different places in the network partly
similar to feature pyramid networks (FPNs) [27].

(ird, YOLOv3 still keeps using K-means to generate
anchor boxes, but instead of fully applying 5 anchor boxes at
the last detection, YOLOv3 generates 9 anchor boxes and
separates them into 3 locations. Each location applies 3
anchor boxes; hence, there are more bounding boxes per
image. For example, if we have an image of 416× 416,
YOLOv2 predicts 13× 13× 5� 845 boxes; in YOLOv3, the
number of boxes is 10647, implying that YOLOv3 predicts
10 times the number of boxes compared to YOLOv2.

Fourth, YOLOv3 also changes the way to calculate the
cost function. If the anchor overlaps a ground truth more
than other bounding boxes, the corresponding objectness
score should be 1. For other anchor boxes with overlap
greater than a predefined threshold 0.5, they incur no cost.
Each ground truth is only associated with one boundary box.
If a bounding box is not assigned, it incurs no classification
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and localization lost, just confidence loss on objectness. (e
loss function in previous YOLO looks like
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Currently, instead of using mean square error in calcu-

lating the classification loss at the last three terms, YOLOv3
uses binary cross-entropy loss for each label. In other words,
YOLOv3 makes its prediction of an objectness score and class
prediction for each bounding box using logistic regression.

(ere is no more softmax function for class prediction.
(e reason is that the most currently used classifiers assume
that predicted labels are independent and mutually exclusive
implying that if an object belongs to one class, then it cannot
belong to the other and this is solely true if output prediction
is really mutual, nevertheless, in case dataset has multilabel
classes and there are labels which are not nonexclusive such as
pedestrian and person. At the time, the sum of possibility
scores may be greater than 1 if the classifier is softmax, so
YOLOv3 alternates the classifier for class prediction from the
softmax function to independent logistic classifiers to cal-
culate the likeliness of the input belonging to a specific label.

3.6. Single Shot MultiBox Detector. Single Shot MultiBox
Detector (SSD) [26] is a single shot detector using a single
and one-stage deep neural network designed for object
detection in real time. By comparison, the state-of-the-art
method in two-stage processing, Faster RCNN, uses its
proposed network to generate object proposals and utilizes
those to classify objects in order to be toward real-time
detection instead of using an external method, but the whole
process runs at 7 FPS. SSD enhances the speed of running

(a)

(b)

(c)

(d)

Figure 2: (e visualization of detectors with the strongest backbones on subsets of PASCAL, VOC_MRA_0.58, VOC_MRA_10,
VOC_MRA_20, and VOC_WH_20 in order, respectively: (a) YOLO Darknet-53; (b) Faster RCNN ResNeXT-101-64× 4d-FPN; (c)
RetinaNet ResNeXT-101-64× 4d-FPN; (d) Fast RCNN ResNeXT-101-64× 4d-FPN.
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time faster than the previous detectors by eliminating the
need of the proposal network.(erefore, it causes a few drop
in mAP, and SSD compensates this by applying some im-
provements including multiscale features and default boxes.
(ese improvements allow SSD to gain the same of Faster
RCNN using lower resolution images, which then further
speeds up the processing of SSD. For 300× 300 input image
as the best version, SSD gets 77.2% mAP at 46 FPS better
than Faster R-CNN 73.2% and a little smaller than the best
version of YOLOv2, 554× 554 input image, and 78.6% mAP
at 40 FPS on VOC 2007 on Nvidia Titan X.

Similarly, SSD consists of 2 parts, namely, extraction of
feature maps and use of convolution filters to detect objects.
SSD uses VGG16 as a base network to extract feature maps.
(en, it combines 6 convolutional layers to make prediction.
Each prediction contains a bounding box and N+ 1 scores
for each class, where N is the number of classes and one for
extraclass for no object. Instead of using a region proposal
network to generate boxes and feed to a classifier for
computing the object location and class scores, SSD simply
uses small convolution filters. After the VGG16 base net-
work extracts features from feature maps, SSD applies 3× 3
convolution filters for each cell to predict objects. Each filter
gives an output including N+ 1 scores for each class and 4
attributes for one boundary box.

SSD has a difference from previous approaches at the
same time, and it makes prediction on multiscale feature
maps for detection independently rather than just one last
layer. (e CNN network spatially reduces the dimension of
the image gradually, leading to the decrease in the resolution
of the feature maps. As mentioned, SSD uses a lower input
image to detect objects; hence, early layers are used to detect
small objects and lower resolution layers to detect larger
scale objects progressively. Besides, SSD applies different
scales of default boxes to different layers, and for intuitive
visualization in Figure 3. Particularly, the only blue default
box on 8× 8 feature map fits to the ground truth of the cat,
and the only red one on 4× 4 feature map matches to the
ground truth of the dog.

Although SSD has significant improvements in object
detection as integrating with these above parts, SSD is not
good at detecting small objects which can be improved by
adding deconvolution layers with skip connections to in-
troduce additional large-scale context [28]. Generally, SSD
outperforms Faster RCNN, which is a state-of-the-art ap-
proach about accuracy, on PASCAL VOC and COCO while
running at real-time detection.

3.7.CNNDrawbacks. Most of the CNNmodels are currently
designed by the hierarchy of various layers such as con-
volutional and pooling layers that are arranged in a certain
order, not only on small networks but also on multilayer
networks to state-of-the-art networks. Along with these
layers, fully connected layers are added behind and known as
FC layers. (e block consisting of FC layers and previous
layers is designated as feature extractors, and it outputs key
features of objects of interest as an input for classifiers
coming behind. However, deeply going through many kinds

of layers is a way that is not good for small object detection
because in the task of small object detection, objects of
interest are objects owning small sizes and appearance.
Besides, small objects, unlike normal or big objects which are
less affected by resizing the image or passing lots of different
layers, are very vulnerable to the changes in image sizes.
When an image passes a convolutional layer, the size of the
image will be decreased by receptive fields that slide over the
image to extract useful features. (is does not affect small
objects if there are just a few layers, but in a CNN network,
we have many layers like this, and it is very hard for small
objects. Still, if small objects just go through convolutional
layers, it will not be anything to mention. Small objects
which just have a few informative presence have to pass
pooling layers, which help in avoiding, overfitting, and re-
ducing computational costs by decreasing a number of
parameters. To do this, these layers use fixed sliding windows
that care about a fixed target that is identified before such as
maximum or average calculations of valuables. For these
reasons, GAN is an approach that may alter the CNN ap-
proach because of its advantages. We can take advantages of
a way that the approach generates data to overcome the
limitations of data of small objects for the training phase.
Although images still have to pass layers such as convolu-
tional and pooling layers, in this context, the network just
has less layers compared to others. Bai el al. [29] have
proposed to apply MTGAN to detect small objects by taking
crop inputs from a processing step made by baseline de-
tectors such as Faster RCNN [15] or Mask RCNN [9].

Because of mentioned reasons and following the survey
[30], Liu et al. have presented numerous works of survey and
evaluation, but there are no works that do with small objects
in them.(erefore, in this work, we assess popular and state-
of-the-art models to find out pros and cons of these models.
Particularly, we evaluate 4 deep models such as YOLOv3,
RetinaNet, Fast RCNN, and Faster RCNN with several base
networks for small object detection with different scales of
objects. In these models, YOLOv3 and RetinaNet belong to
the one-stage approach; Fast RCNN and Faster RCNN are in
the two-stage approach. We choose these models because
YOLOv3 is the model with combination of state-of-the-art
techniques, and RetinaNet is the model with a new loss
function which penalizes the imbalance of classes in a
dataset. Besides, we choose RetinaNet to make comparisons
betweenmodels in the same approach. Similarly, Fast RCNN
and Faster RCNN are the same, and both models are in the
same approach and have nearly the similar pipeline in object
detection. (ere is a difference is that Fast RCNN utilizes an
external proposal to generate object proposals based on
input images. However, Faster RCNN proposes its own
network to generate object proposals on feature maps, and
this makes Faster RCNN train end-to-end easily and work
better.

4. Experimental Evaluation

In this section, we present the information of our ex-
perimental setting and datasets which we use for
evaluation.
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4.1. Experimental Setting. We continually train and evaluate
various object detectors on the two datasets such as PASCAL
VOC [11] and a newly generated dataset [16]. (e evaluated
approaches in this time consist of Faster RCNN [15],
YOLOv3 [6], and RetinaNet [7] with different backbones.
Except for YOLOv3, the others are trained and evaluated by
the Detectron python code.

Currently, the original datasets which commonly are
used in object detection are PASCAL VOC [11] and COCO
[12]. Both datasets are constructed by almost large objects or
other kinds of objects whose size fill a big part in the image.
(ese two datasets are not suitable for small object detection.
In addition, there is another dataset, which is large-scale, and
includes a lot of classes for small object detection, collected
by drones, and named VisDrone dataset [31]. However, it
does not publish the labels for test set to evaluate, and the
views of images are topdown which is not our case. As a
result, in order to evaluate the detection performance of the
models, we use a dataset which was published in [13]. (is
dataset is called small object dataset which is the combi-
nation between COCO [12] and SUN [24] dataset. (ere are
10 classes in small object dataset including mouse, tele-
phone, switch, outlet, clock, toilet paper (t. paper), tissue box
(t. box), faucet, plate, and jar. (e whole dataset consists of
4925 images in total, and there are 3296 images for training
and 1629 images for testing. (e mouse class owns the
largest number of instances in images: 2137 instances in 1739
images, and the tissue box class has the smallest number of
instances: 103 instances in 100 images. Apart from the small
object dataset, we also filter subsets from PASCAL VOC
2007 following standard definitions. On PASCAL VOC,
there are 20 classes, but with small object detection, there are
fewer classes on strict definitions of small objects. Table 1
lists the details of the number of small objects and images
containing them for subsets of the dataset.

We trained all models on small object dataset with the
same parameters. Particularly, in the training phase, we
trained the models with 70k iterations with the parameters
including momentum, decay, gamma, learning rate, batch
size, step size, and training days in Table 2. At the first
moment, we attempted to start off the models with a higher
learning rate 10− 2, but the models diverged leading to the
loss value being NaN or Inf after 100 first iterations.(en, we
tried at a lower learning rate 10−3 at 100 first iterations and
rise to 10−2 to consider if the models can converge as starting
off at a lower learning rate. However, it remained unchanged
anything. We also saw that the models converged quickly
during 10k first iterations with 10−3 and then progressively

slow down after 20k. (erefore, we decided to start off the
training with a learning rate at 10−3 and decrease to 10− 4 and
10−5 at 25k and 35k iterations, respectively. (is setting
shows that the loss value was stable from 40k, but we set the
training up to 70k to consider how the loss value changes
and saw that it did not change a lot after 40k iterations. We
tried to evaluate the models from 30k to 70k, and generally,
the performance of the models was not stable after 40k it-
erations. For this reason, we picked up the weight for
evaluation at 30k and 40k iterations. At 30k iterations,
YOLO achieves the best results and others get the best one at
40k iterations. In case of subsets of PASCAL VOC 2007, we
combine train and valid set from PASCAL VOC 2007 and
2012 to form a training set. PASCAL VOC 2012 works as a
data augmentation set for PASCAL VOC 2007. We use this
combined training set to train all models and test them on
subsets. All models train the same parameter. First, due to
the limitation of memory, we rescale all the size of images to
the same size with the shortest side 600 and the lengthiest
side 1000 as in [15].

In YOLOv3, we run the K-means clustering algorithm in
order to initialize 9 suitable default bounding boxes for
training and testing phases of our selected datasets, and we
changed the anchors value. (e following are 9 anchors for
small object dataset after running the K-means algorithm:
[10.3459, 14.4216], [26.2937, 19.0947], [21.4024, 36.3180],
[47.9317, 29.1237], [40.4932, 63.7489], [83.6447, 51.3203],
[72.2167, 119.9181], [172.7416, 117.0773], and [124.6597,
252.8465].

In Faster R-CNN, to fairly compare with the prior work
and deploy on different backbones, we also reuse directly the
anchor scales and aspect ratios following the paper [13] such
as anchor scales� 16×16, 40× 40, and 100×100 pixels and
aspect ratio� 0.5, 1, and 2, instead of having to cluster a set of
default bounding boxes similar to YOLOv3. Similarly, in
RetinaNet, we keep the default setting for training such as
gamma loss� 2.0, alpha loss� 0.25, anchor scale� 4, and
scalers per octave� 3 because of following authors, and this
configuration is the optimized valuables.

4.2. Our Newly Generated Dataset. In this time, to have an
objective comparison, we also use our newly generated
dataset, and the information of this dataset is shown in
Table 1. We use it to consider the effects of object sizes
among factors including models, time of processing, accu-
racy, and resource consumption. (e dataset consists of 4
subsets filtered from PASCAL VOC 2007 such as

Batch norm?
Hi-res classifier?
Convolutional?
Anchor boxes?

New nework?
Dimension priors?

Location prediction?
Passthrough?

Multiscale?
Hi-res detector?

YOLO YOLOv2

VOC2007 mAP

✓ ✓ ✓ ✓ ✓ ✓ ✓
✓ ✓ ✓ ✓ ✓ ✓

✓ ✓ ✓ ✓ ✓

✓ ✓ ✓ ✓
✓ ✓ ✓
✓ ✓ ✓

✓ ✓
✓

✓
✓
✓

✓
✓
✓

✓
✓
✓

✓ ✓

63.4 65.8 69.5 69.2 69.6 74.4 75.4 76.8 78.6

Figure 3: mAP of YOLOv2 at each added part [5].
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VOC_WH_20, VOC_MRA_0.58, VOC_MRA_10, and
VOC_MRA_20, and detail information is provided as
follows:

(i) VOC2007_WH_0.2 contains objects whose width
and height are less than 20% of an image’s width and
height. (is one has fewer than PASCAL VOC 2007
two classes such as dining table and sofa because of
the constraint of the definition.

(ii) VOC_MRA_0.58, VOC_MRA_10, and
VOC_MRA_20 compose objects occupying the
maximum mean relative area of the original image
under 0.58%, 10%, and 20%, respectively. Two of
them have the same number of PASCAL VOC 2007
classes except for VOC_MRA_0.58 and the one has
fewer four classes such as dining table, dog, sofa, and
train.

5. Results and Analyses

In this section, we show results that we achieved through the
experimental phase. All models mentioned in this section
except for models cited from other papers are trained on the
same environment and 1 GPU: Ubuntu 16.04.4 LTS, Intel
(R) Xeon (R) Gold 6152 CPU @ 2.10GHz, GPU Tesla P100.
In addition to the comparative accuracy, other comparisons
are also provided to make our objective and clear assessment
results.

5.1. Accuracy

5.1.1. Small Object Dataset. Following the detection results
in Table 3, methods which belong to two-stage approaches
outperform ones in one-stage approaches about 8–10%.
Specifically, Faster RCNN with ResNeXT-101-64× 4d-FPN
backbone achieved the top mAP in two-stage approaches
and the top of the table as well, 41.2%. In comparison with
the top in one-stage approaches, YOLOv3 608× 608 with
Darknet-53 obtained 33.1%. Following [32], methods based
on region proposal such as Faster RCNN are better than

methods based on regression or classification such as YOLO
and SSD. Actually, this is also right once again as in context
of small object dataset.

For methods in each approach. Firstly two-stage ap-
proaches, Faster RCNN, which is an improvement of Fast
RCNN, is only greater than Fast RCNN about 1–2% but only
for ResNeXT backbones and equal to Fast RCNN for the rest.
(e difference here is not too much, and it means that the
performance of external region proposal like selective search
combined with ROI pooling is as good as internal region
proposal like RPN with ROI aligned in this case. Besides,
compared to R-CNN, we perceive that there is a boost 8–10%
when RoI pooling or RoI aligned is added because R-CNN,
which uses region proposals from selective search, then feeds
them into the network and directly computes features from fc
(fully connected) layers, only receives 23.5% with Alexnet,
and 24.8% with VGG16 combined with proposals from RPN.
However, Fast RCNN and Faster RCNN with two kinds of
RoIs are much better. Fast RCNN receives accuracy in a range
of 31.7% to 39.6% based on different backbones. Similarly,
Faster RCNN gets 30.1% to 41.2%. Secondly, in one-stage
approaches, YOLO outperforms SSD and RetinaNet. How-
ever, YOLO gets the highest outcome 33.1%, and SSD and
RetinaNet get 11.32% and 30%, respectively. YOLO and SSD
are considered as state-of-the art methods in speed and
sacrificing accuracy. However, there is a large difference in
accuracy between YOLO and SSD; the difference here is that
SSD adds multiple convolutional layers behind the backbone,
and each layer has their own ability instead of using 2 fully
connected layers like YOLO. Although RetinaNet is assigned
into a method in one-stage approaches, it cannot run in real
time. RetinaNet is one which is proposed to deal with the
imbalance between foreground and background by the focal
loss. (erefore, RetinaNet obtains a higher accuracy in
comparison with others except for YOLOv3 (Darknet-53).

When it comes to the backbones, we realized that Dar-
knet-53 is the best in one-stage and real-time methods and
even far higher than ResNet-50 although it similarly has the
same layers with ResNet-50. In contrast, ResNeXT combined
with FPN is themost powerful one in both one-stage and two-

Table 1: (e information of the subsets.

Subsets Classes Images Instances
VOC_MRA_0.58 16 329 529
VOC_MRA_10 20 2231 5893
VOC_MRA_20 20 2970 7867
VOC_WH_20 18 1070 2313

Table 2: (e parameters of models.

Method Momentum Decay Gamma Learning_rate Batch_size Training_days Stepsize
YOLOv2 [16] 0.9 0.0005 0.001 8 5 25000
YOLOv3 0.9 0.0005 0.001 32 3–4 25000
SSD300 [16] 0.9 0.0005 0.1 0.000004 12 9 40000, 80000
SSD512 [16] 0.9 0.0005 0.1 0.000004 12 12 100000, 120000
RetinaNet 0.9 0.0005 0.1 0.001 64 4->12 h 25000, 35000
Fast RCNN 0.9 0.0005 0.1 0.001 64 4->12 h 25000, 35000
Faster RCNN 0.9 0.0005 0.1 0.001 64 4->12 h 25000, 35000
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stage methods if we only consider accuracy. Overall, there is
an increase about 1–3% for changing the simple backbone to
the complex one in each type. For example, when switching
from original ResNet to ResNet-FPN, the accuracy is boosted
from 2 to 3%.(is is clear that leveraging the advantages from
multiscale features of FPN is a common way to improve
detection and tackle the scale imbalance of input images and
bounding boxes of different objects. Similarly, we switch
ResNeXT-101-32× 8d-FPN to ResNeXT-101-64× 4d-FPN,
and the accuracy changes from 40.5% to 41.2% for Faster
RCNN and from 38.7% to 39.6% for Fast RCNN. However,
when considering between ResNet-50-FPN and ResNet-101-
FPN, the growth only happens in Fast RCNN from 33.3% to
35.5%.(ere is a little bit decrease 0.1% for Faster RCNN.(is
reduction also happens with RetinaNet, while the simpler
backbone ResNeXT-101-32× 8d-FPN gets 30%, and the
ResNeXT-101-64× 4d-FPN just gets 25.1%. It means that the
very deeper backbones do not guarantee the increase in
accuracy, and the reason is that an advantage of a deeper
network needsmore parameters to learn. It means the authors
must have a large number of data to feed into the network to
train and update parameters itself, but in this case, the data of
small object dataset are not abundant too much to fit the very
deep network and hence increasing the chances of overfitting.
Besides, features, which are originally from the early layer of
ResNet, are not well-generalized because when they are
combined with FPN, the accuracy has an improvement about
2–3%. When YOLO switches from Darknet-19 to Darknet-
53, it really boosts the accuracy. (e highest accuracy belongs
to the Darknet-19 with the resolution of 1024×1024 which
just gets 24.02%. However, YOLO 608× 608 with Darknet-53
gets 33.1%. (e explanation for this reason is that YOLOv3
with Darknet-53 has several improvements from Darknet-19,
YOLOv3 has 3 location of scales to predict objects, especially
one specialized in small objects instead of only one like
Darknet-19, and it is also integrated cutting-edge advantages
such as residual blocks and shortcut connections. (e re-
duction in accuracy happens again with YOLO when
switching from ResNet-101 to ResNet-152 about 1–2%. In
these methods, YOLO and SSD are the only ones which allow
multiple input sizes.(e higher the resolution of input images
are, the higher accuracy the method receives. (e reason is
that a higher resolution image allows more pixels to describe
the visual information for small objects. However, if the
resolution is far from the original size of images, it results in a
decrease in accuracy. For example, YOLO 1024×1024 with
Darknet-19 gets a lower accuracy than the resolution of
800× 800. In addition, we have tried to increase in resolution
of Darknet-53 from 608 to 1024, and themAP decreases when
the resolution is over 608× 608. (erefore, the effect of image
size is clear for models like SSD and YOLO. Generally, all
comparative results of mAP on this dataset have the domi-
nation of classes very great in numbers, and this is caused by
the imbalance data between the number of images and in-
stances in these images. For example, according to the sta-
tistics in [13], mouse is a major class significantly contributing
to mAP in Table 3 with the highest number of instances and
images as well. However, tissue has least contribution with the
lowest AP originally affected by the number of data.

Furthermore, the imbalance data lead models tending to
detect frequent objects, implying that models will misun-
derstand objects having a nearly similar appearance with the
domination class as the objects of interest rather than less
frequent objects. As a result, false positives will increase by
these problems. Figure 4 illustrates the detection with
strongest backbones. Following this visualization, the domina-
tion of the classes such asmouse or faucet results inmisdetection
with areas which have a same appearance to them. (is mis-
understanding has a tendency to weaker backbones in the
comparison and one-stage method like YOLO which primarily
heads to speed has more misdetection than two-stage methods.
A reason that causes these problems are the difference in theway
of training deep networks [33]. One-stage methods such as
YOLO use a soft sampling method that uses a whole dataset to
update parameters rather than only choosing samples from
training data. However, two-stage methods such as RCNN
family tend to employ hard sampling methods that randomly
sample a certain number of positive and negative bounding
boxes to train its network.

5.1.2. Subsets of PASCAL. With 4 subsets of 4 different scales
of objects in images, we want to find out howmuch the scales
impact on the models. (e whole results are shown in Ta-
ble 4. We separate the results into 2 groups as the one-stage
and two-stage approaches, and Figure 5 is a visualization for
the strongest backbones in each method on subsets.

In case of different scales like our subsets, there is a difference
between one-stage approaches and two-stage approaches. In this
case, methods from the one-stage approach have a better per-
formance than two-stage ones inmost of scales.(is is really the
opposite of small object dataset. Specifically, two-stage methods
are totally better than one-stage ones in case of real-time inputs
and just better a bit than nonreal-time models in VOC_WH20
about 10–20% and the same result with smaller objects in
VOC_MRA_0.058 and VOC_MRA_0.10. However, in bigger
objects in VOC_MRA_0.20, methods in one-stage approaches
have significant outcomes rather than two-stage ones. In ad-
dition, there is just Faster RCNN that has good performance in
most cases to compare to methods in one-stage ones. Fast
RCNN is only good at big objects in VOC_MRA_0.20 and fails
to have good detection in smaller objects.

In the one-stage approach, in methods which allow
multiple inputs like YOLO and SSD, there are 2 kinds,
namely, ones that can run in real time and the others that
cannot, if the resolution is over 640 or 512 for YOLO and
SSD, respectively. For real-time ones, YOLO outperforms
SSD for all scales of objects. Specifically, YOLOv2 with
Darknet-19 is better than SSD 26% with objects in
VOC_MRA_0.058 and VOC_MRA_0.10 and 4–15% for
larger objects in VOC_MRA_0.20 and VOC_WH_20.
YOLOv3 with Darknet-53 gets higher results about 3–5% in
comparison with YOLOv2; hence, YOLOv3 also gets higher
results compared to SSD. However, if we consider nonreal-
time input images, SSD is greater than YOLO with objects in
VOC_MRA_0.10. However, RetinaNet, which is the one that
cannot run in real time in the one-stage approach, performs
the same results compared to ones in nonreal time in YOLO
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and better than SSD. RetinaNet is more stable than SSD and
YOLO when the scales are changed. (e bigger the objects
are, the more the stability is. For example, the change is so
much about 33% when the scale increases from objects in
VOC_MRA_0.058 to ones in VOC_MRA_0.10 and
VOC_MRA_0.20. However, this change is not much about
10% with bigger objects in comparison with YOLO 15–25%.
In case of YOLO, this remarkable increase in accuracy when
objects are larger is obviously good for a model. (e change
in SSD resembles the change in RetinaNet.

Concerning resolutions in YOLO and SSD, we see that
when image resolution is increased, they push the accuracy
to improve in general. For YOLOv2 with Darknet-19 and
YOLOv3 with Darknet-53 and SSD, they all have an increase
in accuracy when the resolution is large, except for YOLOv2

with objects belonging to VOC_MRA_0.10 and
VOC_MRA_0.20 when the image is over 800. In addition,
YOLOv2 has a fluctuation with those objects in
VOC_WH20. As mentioned in our previous work, YOLO is
better than SSD in those objects less than 10% of the images;
however, in this case, YOLOv3 is good at all scales of objects.
(is is because YOLOv3 has 3 detection locations coming
with more ratios of default boxes, and it leads to a significant
outcome when combining results from 3 locations.

When we switch to the two-stage approaches, Faster
RCNN has a significant improvement in most scales rather
than Fast RCNN except for objects in VOC_MRA_0.20 which
have the same accuracy. (is shows that if objects are com-
pletely separated into different scales, the RoI pooling does not
work well with smaller objects and ones in VOC_WH20. In

Table 3: Comparative results on small object dataset.

Method Backbone Clock Faucet Jar Mouse Outlet Plate Switch Tel. t. box t. paper mAP
YOLO 416 [16]

Darknet-19

22.8 30.8 4 52 20.4 13.1 13 6.1 0 35.3 19.39
YOLO 448 [16] 23 36.9 9 52.5 18.4 13.6 17.5 4.2 0 34.3 20.13
YOLO 480 [16] 34.2 37.3 9.1 53.3 21.4 13.6 15.8 9.1 9.1 34.2 23.71
YOLO 512 [16] 23.1 36.6 6.1 59.8 24.6 14.2 15.7 9.1 4.5 32.4 22.61
YOLO 554 [16] 23.4 37.2 9.1 60.1 27.2 13.4 19.9 9.1 4.5 34.5 23.84
YOLO 640 [16] 20.2 36.2 3.2 59.8 27.8 11.7 18.1 8.2 4.5 35.6 22.53
YOLO 800 [16] 27.6 36 2.3 60.2 32.8 13.1 23.3 9.1 9.1 26.7 24.02
YOLO 1024 [16] 21.7 29.3 1.4 58.3 26.4 11.8 17.5 9.1 9.1 15.7 20.03
YOLO 320

Darknet-53
26.22 38.38 4.55 56.46 36.42 13.34 24.8 10.65 4.55 42.96 25.83

YOLO 416 28.47 47.15 10.83 60.49 43.15 15.87 30.73 15.15 2.62 48.3 30.28
YOLO 608 29.98 47.89 10.76 65.88 48.02 18.09 31.22 14.62 17.99 46.56 33.1
YOLO 320

ResNet-50
19.57 25.73 0.67 45.17 14.37 9.38 13.84 9.09 9.09 23.7 17.06

YOLO 416 23.78 36.65 0.4 54.23 18.37 13.75 19.78 9.84 9.42 35.68 22.19
YOLO 608 26.92 40.65 1.77 61.86 29.18 15.04 20.24 10.09 13.29 36.01 25.5
YOLO 320

ResNet-101
20.52 27.9 0.57 44.68 16.98 13.05 13.66 9.66 9.09 24.36 18.05

YOLO 416 25.72 35.6 3.03 55.73 22.4 15.61 17.26 9.32 3.03 38.71 22.64
YOLO 608 28.79 44.59 9.42 62.18 33.34 15.53 23.88 13.24 15.83 39.17 28.6
YOLO 320

ResNet-152
21.64 27.56 3.03 48.06 17.39 11.12 14.51 9.09 4.55 31.88 18.88

YOLO 416 25.7 36.54 0.89 53.81 20.6 14.13 20.21 11.49 0.29 33.06 21.67
YOLO 608 26.01 44.54 4.55 61 31.76 13.02 22.67 12.35 9.93 39.99 26.58
SSD300 [16] ResNet-101 5.5 9.1 0 25.5 6.1 4.5 0 4.5 9.1 18.2 8.25
SSD300 [16] VGG16 9.1 17.1 0 26.1 9.1 9.1 0 4.5 0 16.7 9.16
SSD512 [16] VGG16 9.1 17.1 0 43 9.1 9.1 9.1 9.1 0 7.6 11.32
RetinaNet ResNet-50-FPN 30.7 49.3 2 65.5 21.3 16.1 8.5 12.9 1 25.7 23.3
RetinaNet ResNet-101-FPN 30.6 48.7 7.1 64.7 20 15.9 11.8 10.7 2.9 38.7 25.1
RetinaNet ResNeXT-101-32× 8d-FPN 35.5 55 12.1 66.5 23.9 18.4 9.8 16.2 9.4 53.7 30
RetinaNet ResNeXT-101-64× 4d-FPN 31.4 50.2 8.9 66.3 20.8 15.3 9.4 14 2.2 32.4 25.1
R-CNN [13] RPN prop. +VGG16 31.9 31.3 4.2 56.8 31.1 9.3 14.2 16.4 23.4 29.4 24.8
R-CNN [13] Alexnet, 7×, 300 pro 32.4 27.2 5.1 56.9 28 9.8 13.6 12.4 17.9 35.6 23.9
R-CNN [13] VGG16, 7×, 300 pro 37.3 30.3 7.2 60.6 41.5 15.8 21.5 13.7 22 33.3 28.4
R-CNN [13] ContextNet (Alexnet, 7×) 32.7 26.8 4.6 56.4 26.3 9.9 12.9 12.2 18.7 34 23.5
Fast RCNN ResNet-50-C4 32.4 46.3 6.5 65.8 38.3 20.1 25.3 16.6 14.1 52 31.7
Fast RCNN ResNet-50-FPN 37.4 47.3 7.3 68.9 46.7 21 32.1 17.1 9.3 45.9 33.3
Fast RCNN ResNet-101-FPN 39.3 50.3 10.6 68.3 47.1 20.4 33.3 18.6 15.4 51.4 35.5
Fast RCNN ResNeXT-101-32× 8d-FPN 47.5 54.8 10.3 71.8 54 21.4 34.4 21.7 17.7 53.5 38.7
Fast RCNN ResNeXT-101-64× 4d-FPN 45.4 55.7 10.9 72.5 53.3 24 36.9 22.9 16 58.1 39.6
Faster R-CNN [16] VGG16 23.76 37.65 8.03 54 16.16 11.88 15.12 9.1 6.25 37.29 21.92
Faster RCNN ResNet-50-C4 32.2 44.6 6.6 65.9 35.2 17.5 25.7 19.6 13.7 40 30.1
Faster RCNN ResNet-50-FPN 35.7 49.9 7.3 68.4 48.9 18.8 29.6 14.7 11.4 53.3 33.8
Faster RCNN ResNet-101-FPN 39.8 49.2 4.9 68.2 47 18.5 29.7 14 12.9 52.2 33.7
Faster RCNN ResNeXT-101-32× 8d-FPN 49.8 56.6 11.4 72.1 56.3 23.2 37 20.8 18.8 58.7 40.5
Faster RCNN ResNeXT-101-64× 4d-FPN 49.6 58.6 12.2 72.5 54.5 23.2 36.9 20.8 20.1 63.1 41.2
(e values in bold represent the best in one-stage methods, and the ones in italics represent the highest in two-stage methods.
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addition, if we compare with one-stage methods, it is signif-
icantly lower than them. However, RoI align along with RPN is
well performed when scales are changed.When it comes to the
backbones, there is a few decrease in accuracy when changing
from ResNet-50-FPN to ResNet-101-FPN or from ResNeXT-
101-32× 8d-FPN to ResNeXT-101-64× 4d-FPN with objects
from all scales for both Faster RCNN and Fast RCNN. (e
VGG16 backbone has an impressive outcome rather than
strong backbones such as ResNet or ResNeXT. Although the
accuracy is less than two strong backbones, VGG16 is still
better with objects in VOC_WH20 and has a few change in
accuracy when changing objects with big sizes.

5.2. Time Processing and Resource Consumption. Tables 5
and 6 show us the performance comparison of the eval-
uated models with base networks that belong to the models.
Generally, we see that when RAM consumption in testing
and training increases, more layers are added. (is means
that if the network is more deeper, the need of processing
also increases because this leads to the increase in pa-
rameters and time to process data as well. YOLO is the
model consuming the least memory in both two-phase
training and testing. Particularly, YOLO is only from 4G to
5G for training and from 1.6G to 1.8G for testing with
Darknet-53. YOLO is the only one which is able to run in
real time. YOLO just needs about 0.3ms to 0.4ms to
process an image in comparison to more than 0.1 s and 0.2 s

with Faster RCNN and RetinaNet. (is allows us to pick up
these models on devices which own the modest memory.
While RetinaNet is assigned to the one-stage approach, it is
not good enough to meet real-time detection.(e inference
time in Fast RCNN is lower a little bit than Faster RCNN
and RetinaNet. In contrast, the RAM consumption in
training and testing of RetinaNet is lower than Fast RCNN
and Faster RCNN. Of all architectures, the ResNet-50-C4 is
the one requiring the highest memory and time to process
data because the output size of ResNet-50-C4 is bigger a bit
than others [9]. If we consider ResNet or ResNeXT com-
bined with FPN, Faster RCNN is over 100Mb compared to
Fast RCNN and 300Mb with RetinaNet. In addition,
according to Table 2, the number of training days of Faster
RCNN and RetinaNet need less time for training only a few
hours to 1 day rather than YOLO 3–4 days. (is dem-
onstrates that if we pay our attention to performance and
do not have much time for training, we choose Faster
RCNN or RetinaNet instead of YOLO one. In contrast, if
we only focus on processing speed and still achieve good
performance, one-stage methods are always the good one.
In the same context of backbones, RetinaNet uses a lower
resource than Fast RCNN and Faster RCNN about 100Mb
and 300Mb for Fast RCNN and Faster RCNN, respectively,
in testing time. However, the training time of RetinaNet
uses much memory more than Fast RCNN about 2.8 G and
Faster RCNN about 2.3 G for ResNeXT-101-32× 8d-FPN
and ResNeXT-101-64 × 4d-FPN. If we consider this on

(a) (b)

loc: ∆ (cx, cy, w, h) 
conf: (c1, c2, …, cp) 

(c)

Figure 4: (e location of the default boxes in different scales: (a) image with GT boxes; (b) 8× 8 feature map; (c) 4× 4 feature map.
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Table 4: (e comparative results on subsets of PASCAL VOC 2007.

Approach Method VOC_MRA_0.058 VOC_MRA_0.10 VOC_MRA_0.20 VOC_WH20

One stage

YOLOv2 416 [16] 3.02 31.38 42.89 18.52
YOLOv2 448 [16] 4.47 32.9 60.15 21.96
YOLOv2 480 [16] 4.26 33.48 60.78 26.67
YOLOv2 512 [16] 5.42 35.74 61.12 24.63
YOLOv2 544 [16] 6.97 36.56 63 26.62
YOLOv2 640 [16] 7.7 37.97 61.29 23.41
YOLOv2 800 [16] 10.24 37.3 61.91 26.9
YOLOv2 1024 [16] 10.69 29.93 55.14 28.97

YOLOv3 320 7.18 34.58 60.36 20.4
YOLOv3 416 10.2 38.97 62.53 24.12
YOLOv3 608 11.7 42.65 68.56 28.86
SSD 300 [16] 1.71 32.76 46.26 16.91
SSD 512 [16] 2.9 43.46 57.11 19.87

RetinaNet-ResNet-50-FPN 8.84 41.5 50.2 28.14
RetinaNet-ResNet-101-FPN 8.95 42.5 51.9 27.46

RetinaNet-ResNeXT-101-32× 8d-FPN 10.29 45.4 54.5 30.08
RetinaNet-ResNeXT-101-64× 4d-FPN 10.71 45.5 55.1 31.32

Two stage

Fast RCNN-ResNet-50-C4 0.23 13.2 49.9 3.93
Fast RCNN-ResNet-50-FPN 0.63 13.5 55.6 3.45
Fast RCNN-ResNet-101-FPN 0.39 15.9 57.6 3.12

Fast RCNN-ResNeXT-101-32× 8d-FPN 0.51 14.4 57.9 3.33
Fast RCNN-ResNeXT-101-64× 4d-FPN 0.29 14.2 57.3 3.76

Faster RCNN-ResNet-50-C4 6.98 39.9 48.7 26.04
Faster RCNN-ResNet-50-FPN 10.74 45.6 56.3 29.79
Faster RCNN-ResNet-101-FPN 10.63 46.9 57.6 30.57

Faster RCNN-ResNeXT-101-32× 8d-FPN 11.64 47.3 57.6 32.12
Faster RCNN-ResNeXT-101-64× 4d-FPN 10.54 47.1 56.9 31.64

Faster RCNN-VGG16 [16] 5.73 35.58 44.14 41.11
(is table illustrates how well models adapt to different scales of objects. (e values in bold represent the best in one-stage methods, and the ones in italics
represent the highest in two-stage methods.

(a)

(b)

(c)

Figure 5: Continued.
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small object dataset, it does not work too much because
RetinaNet is lower than Faster RCNN about 10% in per-
formance. Otherwise, on different scales of subsets, Reti-
naNet works well when comparing to Faster RCNN, and

the difference is just 2–4% percentages. Although ResNet
backbones combined with the others yield an improvement
in accuracy, they do not work for YOLO on small object
datasets. YOLO with Darknet-53 utilizes more resource

Table 5: (e comparison of consumption on small object dataset.

Model Backbone Inference time (s) Test RAM (MiB) Train RAM (MiB)
YOLOv3 Darknet-53 0.0331 1825 4759
YOLOv3 ResNet-50 0.027 1285 3479
YOLOv3 ResNet-101 0.0356 1829 5383
YOLOv3 ResNet-152 0.0454 2443 7531
RetinaNet ResNet-50-FPN 0.102 2075 4435
RetinaNet ResNet-101-FPN 0.127 2723 5577
RetinaNet ResNeXT-101-32× 8d-FPN 0.229 3767 7863
RetinaNet ResNeXT-101-64× 4d-FPN 0.292 3719 7813
Fast RCNN ResNet-50-C4 0.3 6449 5877
Fast RCNN ResNet-50-FPN 0.089 2277 4455
Fast RCNN ResNet-101-FPN 0.113 2947 5627
Fast RCNN ResNeXT-101-32× 8d-FPN 0.212 3987 4961
Fast RCNN ResNeXT-101-64× 4d-FPN 0.269 3885 4799
Faster RCNN ResNet-50-C4 0.412 6609 6129
Faster RCNN ResNet-50-FPN 0.101 2387 5381
Faster RCNN ResNet-101-FPN 0.124 3001 6487
Faster RCNN ResNeXT-101-32× 8d-FPN 0.256 4027 5333
Faster RCNN ResNeXT-101-64× 4d-FPN 0.286 4003 5246

Table 6: (e comparison of consumption on subsets filtered from PASCAL VOC.

Model Backbone Inference time (s) Test RAM (MiB) Train RAM (MiB)
YOLOv3 Darknet-53 0.027 1645 4079
RetinaNet ResNet-50-FPN 0.1 1935 4133
RetinaNet ResNet-101-FPN 0.116 2585 5435
RetinaNet ResNeXT-101-32× 8d-FPN 0.222 3641 7723
RetinaNet ResNeXT-101-64× 4d-FPN 0.284 3561 7599
Fast RCNN ResNet-50-C4 0.495 6371 5677
Fast RCNN ResNet-50-FPN 0.092 2131 4387
Fast RCNN ResNet-101-FPN 0.114 2819 5463
Fast RCNN ResNeXT-101-32× 8d-FPN 0.213 3873 4637
Fast RCNN ResNeXT-101-64× 4d-FPN 0.265 3735 4575
Faster RCNN ResNet-50-C4 0.26 6141 5991
Faster RCNN ResNet-50-FPN 0.1 2245 5207
Faster RCNN ResNet-101-FPN 0.13 2855 6335
Faster RCNN ResNeXT-101-32× 8d-FPN 0.225 3943 5087
Faster RCNN ResNeXT-101-64× 4d-FPN 0.276 3885 4909

(d)

Figure 5: Highlight of bounding boxes from comparative backbones on small object dataset. We here select YOLO with Darknet-53 and
ResNet-50 for objective comparison because there have obviously the same layers in their networks along with the significant techniques
such as skip connections and residual blocks. (e bounding boxes show that ResNet-50 has the sensitivity to areas which resembles the
objects of interest than Darknet-53. Similarly, ResNet-50-FPN and ResNet-50-C4 are chosen to consider. (e detection shows that
combining ResNet-50 with FPN outputs a better performance rather than the original one. Particularly, misdetection happens in more
density than ResNet-50-FPN such as in columns 4 and 5. Zoom in to see more detail.
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than ResNet ones, but it has the best accuracy among
models. (erefore, we only test YOLO with Darknet-53 in
subsets of PASCAL.

5.3. Analyses of the Trade-Off among Detectors. Network
designs and approaches alike the one-stage approach prove
its performance as applying them to detect general objects
both small scales and other kinds of scales. Although they are
fast and accurate, there is still a drawback always existing in
these models, that is, the trade-off between accuracy and
speed of processing. For example, YOLOv3 proposes the
idea that performs detection at three different scales, and this
result is obviously impressive and yields good performance.
However, to gain this advantage, YOLOv3 has to sacrifice the
time to process. Instead of all inputs of the model normally
processing one time for detection like YOLOv2, this idea
must work 3 times. (is trade-off is also partly affected by
resolution as we change it during training or testing our
models. In our previous work, we have mentioned that we
have to choose a right resolution to ensure our models to
work properly. In case of the two-stage approaches, the idea
that proposes region proposals to improve the localization of
objects to serve for detection is good as well. (is is useful,
but we have to take it into the account that we should
generate proposals on feature maps or directly on input
images because this affects a lot on the way, which models
intend to run and identify representations of objects. If
objects are normal or have a big or medium appearance, it is
good for models to work, but if objects are in multiscales,
this is a problem to consider and research deeply in order to
balance the performance as well as improve it. (erefore, to
partly fix this problem, the one-stage approach allows us to
choose a fixed size of an input for training and testing, but
the support still depends on characteristics of datasets which
we evaluate or the image size. After all, all models we choose
to evaluate are affected by the scales of objects when we
change the scale, and accuracy of models change a lot, except
for Faster RCNN, the only one model that seems to be stable
with the scale, especially when combining with the VGG16
architecture. Although the accuracy of VGG16 is not better
than the other architectures, the difference here is that it does
not change too much in accuracy. (is is only right for big
objects having the overlap of the bounding box and the
image greater than 10%; if not, this is not assured.

Figure 1 shows that the possibility of small objects is
more than other objects. (e black length of the camera is
somehow similar to the black mouse placed on a mouse pad.
(is possibility of small object presence causes more diffi-
culties to detectors and leads to wrong detection. Anywhere
in an image can be small objects, it results in a fact that
detectors have much wrong detection with familiar ap-
pearance which they have seen. If we consider the visuali-
zation of the detection in Figure 4, the wrong detection is
partly similar to the appearance of the other objects in the
dataset. (is problem is caused by the data imbalance be-
tween classes and instances in each class which originally is
known as the foreground-foreground class imbalance. In

other words, the common problems, which not only happen
with small objects but also for whole datasets, are the
intraclass similarity and interclass variation.

6. Conclusion

Small object detection is a challenging and interesting
problem in the task of object detection and has drawn at-
tention from researchers, thanks to the development of deep
learning which is motivation to improve performance of
tasks in computer vision. Although deep models belonging
to detection originally tend to solve problems relating to
general object detection, they still work at a particular level
to the success of small object detection. As evaluation works
on small object detection for deep models, our goal is to
highlight remarkable achievements of popular and state-of-
the-art deep models in order to provide a variety of views as
applying deep models in small object detection. Particularly,
we evaluate state-of-the-art real-time detectors based on
deep learning from two approaches such as YOLOv3,
RetinaNet, Fast RCNN, and Faster RCNN on two datasets,
namely, small object dataset and subsets filtered from
PASCAL VOC about effects of different factors objectively
including accuracy, execution time, and resource usage.

In spite of the successful achievements in recent years,
the performance of detection has improved significantly,
and there is still a huge gap in accuracy between normal
objects and small objects. In the criteria of the COCO
dataset, the difference from the small scale to medium and
big scale is too much. Most models are good at detection of
normal objects, and problems are going to happen when
applying them to detect small objects. As a result, to reduce
the gap of small object detection, the first thing to do is invest
datasets which have massive amount of data to train models
and have a wide range of categories to compete with the
human visual system alike [12, 34].

So far, detection models are divided into two main
approaches, namely, one-stage approach and two-stage
approach. Models in the one-stage approach is known as
detectors which have better and more efficient detection in
comparison to another approach. (e efficiency here has the
potential power to run in real time and is able to apply them
to practical applications. However, the trade-off between
accuracy and speed is a difficult challenge which needs to be
taken into the account in order to balance the gap. However,
models in the two-stage approach have their reputation of
region-based detectors which have high accuracy but are too
low in speed to apply them to real world. (is drawback
comes from the computation of networks.

(rough our evaluation, there is a fact that architectures
which are utilized as base networks to extract deep features
have significant effects on frameworks. (e deeper the ar-
chitecture is, the higher the accuracy of detection is. Once a
network has an increase in the depth, this means it has more
layers than normal ones, and it will have massive parameters
to train. Hence, this needs a lot of data to fine tune these
parameters reasonably. If there is an increase in computa-
tion, resource consumption will also increase. As a result, it
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will be difficult as we want to take them to apply in practical
applications. Besides, the contextual exploit in models is
definitely limited, this results cause ignoring much useful
and informative data in training, especially in context of
small objects. Because, small objects are able to appear
anywhere in an input image, if the image is well-exploited
with the context, the performance of small object detection
will be improved better.

For all above reasons and according to our evalua-
tion, if we tend to have good performance and ignore the
speed of processing, two-stage methods like Faster
RCNN are well-performed and demonstrate its network
design with the different datasets on many contexts of
objects including multiscale objects. (erefore, Faster
RCNN is considered as a giant baseline in order to base
on or develop from it. If our target has a balance of
accuracy and speed, YOLO is a good one in case we do
not care the training time because the sacrifice between
the speed and accuracy is worth applying it into practical
applications. Otherwise, Faster RCNN or RetinaNet is
still a substitution to work on. When it comes to
backbones, we have to concern about the data to choose a
reasonable backbone to combine with the methods.
Because the amount of data will significant impact on the
model, if data are not abundant, the shallow network will
fit it well. Besides, there is recently a novel approach
promising in training deep models with less data that is
weakly supervised learning such as zero-shot, one-shot,
or few-shot learning. (erefore, these approaches will be
considered in our future works, and following our recent
searching to have better performance on object detec-
tion, we have to consider several factors to improve the
mAP such as multiscale training, superresolution for
scaling up the visual information to small objects [35], or
preprocessing data to avoid the imbalance data because
we have a wide range of imbalance problems relating to
data [33].
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