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Abstract—Small object detection is the main challenge for
unmanned aerial vehicles (UAVs) image detection, especially with
small pixel ratios and blurred boundaries. In this paper, a one-
stage detector (SF-SSD) is proposed with a new spatial cognition
algorithm. The deconvolution operation is introduced to a feature
fusion module, which enhances the representation of shallow
features. These more representative features prove effective for
small-scale object detection. Empowered by a spatial cognition
method, the deep model can re-detect objects with less-reliable
confidence scores. This enables the detector to improve detection
accuracy significantly. Both between-class similarity and within-
class similarity are fully exploited to suppress useless background
information. This motivates the proposed model to take full
use of semantic features in the detection process of multi-class
small objects. A simplified network structure can improve the
speed of object detection. The experiments are conducted on
a newly collected dataset (SY-UAV) and the benchmark datasets
(CARPK and PUCPR+). To further demonstrate the effectiveness
of the spatial cognition module, a multi-class object detection
experiment is conducted on the Stanford Drone dataset (SDD).
The results show that the proposed model achieves high frame
rates and better detection accuracies than the state-of-the-art
methods, which are 90.1% (CAPPK), 90.8% (PUCPR+), and
91.2% (SDD).

Index Terms—UAV imagery, SSD, Feature fusion, Small object
detection, Deep learning.

I. INTRODUCTION

BENEFITING from the advantages of flexible movement
and low costs, unmanned aerial vehicles (UAVs) are

wildly applied in many real-world applications, such as video
surveillance, traffic data collection, the aerial image captured,
and environment monitoring [1], [2]. In the UAV platform, the
camera sensors collect the required data, and computer vision
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methods are used to analyze these data. Especially, object
detection is a hotspot research area of computer vision and
is also the key technology in the UAV application.

Driven the recent success of Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs), one-stage
detectors and two-stage detectors are proposed in many state-
of-the-art works. According to the difference in detection
speed, the former is wildly used for high frame rate object
detection. Typical models include the Single Shot Multi-Box
Detector (SSD), You Only Look Once (YOLO), and Faster
R-CNN, which achieve satisfactory results [3]–[7]. Compared
to the traditional detection algorithms, such as Scale-Invariant
Feature Transform (SIFT) and Histogram of Oriented Gradient
(HoG) features, deep learning-based methods achieve higher
accuracy and faster speed [8], [9]. However, the existing
methods are not suitable for UAV image detection. The ob-
jects are minimal, and more complex background information
surrounds the objects, which usually reduces the detection
accuracy. Hence, small-scale object detection is the leading
research direction, and both accuracies and speeds are essen-
tial. For small-scale object detection, three main challenges
are summarized as follows: 1) Due to the high computation
costs, high detection speed is difficult to achieve; 2) Since the
object pixel accounts for a small proportion of the background
pixel, more representative features are difficult to extract; 3)
Because the object boundary is blurred, both missed-detection
and false-detection exist in many tasks.

An SSD-based one-stage detector is proposed to effec-
tively detect small-scale objects (SF-SSD) to solve the above
problems. The system overview is shown in Fig. 1. First,
driven by the success of FSSD, the VGG 16 layers are used
as the backbone, and the idea of feature pyramid network
(FPN) is introduced [10]. To simplify the network structure,
a group of inception layers is introduced. Next, a feature
fusion module is proposed to retain detailed information. After
the regression and classification, a space cognition algorithm
is proposed to suppress the useless background information
and distinguish different types of small objects. Note that the
study of representative feature extraction is partly based on
our previous works, including FF-SSD, D3D-LSTM, and a
novel integrative framework [11]–[13]. Compared with other
advanced spatial analysis-based results, such as SAC-NET
[14], ORSIm [15], and FS-SSD [16], the proposed model
has the following merits: 1) The integrated analysis module
can fully explore the spatial features of the object without
additional calculation cost. This success is attributed mainly
to the designed wider less-reliable confidence interval. 2) A
more efficient spatial context analysis algorithm is proposed
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Fig. 1. Demonstrate the concept of this study.

than other state-of-the-art methods requiring complex distance
calculations between objects.

The main contributions of the work are summarized as
follows:

1) A more concise structure is designed based on the
SSD, which has successfully reduced network layers
and parameters to achieve high frame rate goals. The
deconvolution operation and the new fusion method
are introduced to replace the original module to obtain
robust features.

2) A spatial cognition algorithm is proposed to detect
small-scale objects by leveraging the within-class simi-
larity and analyzing the actual situation. The confidence
of each object is recalculated, in which the with-class
distance is used to represent the spatial contextual re-
lationship. The proposed algorithm has fully considered
different practical situations in the logic design.

3) The proposed SF-SSD is evaluated on the benchmark
datasets, including CARPK, PUCPR+, and Stanford
Drone Dataset (SDD). Besides, a new UAV dataset con-
taining many real-world samples is collected according
to our task requirements. The SF-SSD is also tested in
a real-world scenario.

The rest of this work is organized as follows. In Chapter
2, the related works are described. In Chapter 3, the newly
designed feature fusion module and spatial cognition module
are introduced in detail. Experimental results and comparisons
with state-of-the-art methods are presented in Chapter 4.
Chapter 5 concludes this paper and gives further research
direction.

II. RELATED WORK

A. Deep learning-based detector

Many state-of-the-art detectors have been designed based on
deep learning that can be divided into two types: the one-stage
detector and the two-stage detector. The typical two-stage
detectors are described as follows: 1) RCNN: An extendable
and straightforward detector is proposed that combines the
region proposals and CNNs [17]; 2) Fast R-CNN: A improved
two-stage detector is proposed based on deep convolutional
operation and fast region algorithm to improve detection accu-
racies and detection speeds [18]; 3) Faster R-CNN: A effective

detector is proposed based on the previous works (Fast R-
CNN), in which the region proposal network is introduced
to obtain high-quality region proposals [5]. The main idea
of the above detectors is to utilize the region-proposal-based
algorithm to generate detection regions. However, the above
detectors are not adequate for UAV detection. Both more
computational cost and a large memory processor are required,
which causes a longer running time and physically large UAV
equipment.

One-stage detection models are proposed to meet the re-
quirements of efficient object detection, and most state-of-the-
art models are designed based on the SSD and the YOLO.
For example, the DSSD is proposed by introducing the de-
convolutional operation to improve the detection accuracy, in
which the ResNet and the SSD are fused [19]. The FSSD
is designed based on the efficient feature fusion module to
obtain novel pyramid features. Then these high-level features
are input into multi-box detectors to obtain the final results
[10]. On the other hand, YOLO-based detectors have achieved
satisfactory results. The typical detectors include YOLO,
YOLOv2 [20], YOLOv3 [21], and YOLOv4 [22]. The main
idea of the YOLO detector is to detect object location by
using an effective feed-forward CNN that can significantly
improve the detection speed. But most YOLO-based detectors
cannot achieve a higher detection rate, especially for small-
scale object detection. This paper uses the SSD-based one-
stage detector as the backbone to balance detection accuracy
and detection speeds for small object detection.

B. Deep learning-based UAV image detection

Because the object has a small scale and a small pixel ratio
in the UAV-viewed imagery, for the UAV image detection,
many works focus on improving the performance of small
object detection, in which vehicle detection and pedestrian
detection have received extensive attention. In recent years,
many state-of-the-art models are proposed based on deep
learning, and the CNN-based network is used to extract high-
level features. For example, some visual systems are offered
to detect and count cars automatically and achieve high spatial
resolution, in which the combination of the CNN and SVM
is utilized to train a lot of data [23]–[25]. A YOLOv3-based
deep model is proposed to solve the problem of unique UAV-
viewed object detection, in which both the ResNet and the



Darknet are utilized [26]. A deep fusion model is proposed to
distinguish pedestrians and vehicles in UAV imagery, in which
a new feature fusion module and a spatial context analysis are
designed [16]. Based on the several alternating convolutional
layers and the SVM, a novel deep model (CSVM) is proposed
to solve the problem of UAV-viewed object detection under
different lighting [27].

On the other hand, the study of the UAV-viewed dataset col-
lected is also important because deep learning-based models
require a lot of data to achieve good results. The benchmark
datasets include the VisDron dataset [28], the UAVDT dataset
[29], the CARPK dataset [30], the Stanford Car dataset [31],
the UAV123 dataset [32], and the UPenn Fast Flight dataset
[33]. In this paper, according to the real-world application
requirements, a new dataset is collected, in which samples
collected from different lighting, different heights, and differ-
ent locations are included.

III. PROPOSED METHOD

A. Structure

The SSD-based backbone is a classical VGG 16 model
for effective object detection, widely used in state-of-the-art
methods. This is because SSD-based methods can achieve high
detection accuracies and fast speeds. But the traditional SSD
structure is not suitable for car detection in UAV imagery
because of the poor performance in small-scale object detec-
tion. When the UAV collects the ground images, a very long
distance exists between the UAV platform and the car objects.
Hence, the cars belong to small things, which are challenging
for accurate detection in UAV imagery. The SSD can learn the
semantic features of deep layers effectively, but it cannot fully
exploit the shallow layers’ features. These shallow features are
essential for small object detection because they have richer
detail information than the features of deep layers.

Next, the FPN is proposed to solve the above problems of
the SSD. The research of the combination of the FPN and
the SSD is also conducted in many works [34]. The typical
model is FSSD, and the comparison of the SSD and the FSSD
is shown in Fig. 2. An additional pyramid feature propagation
structure is introduced to further extract the shallow features
compared with the SSD. Many studies show that, in the
research area of small object detection, the FSSD can achieve
a higher detection rate than the SSD [10], [11], [35]. However,
another problem appears when modelling the shallow features:
semantic information is insufficient to separate car objects
from useless background information. Due to this challenge,
the small objects are usually miss-detected and false-detected.
Note that many existing offline methods have achieved a
higher detection rate for multi-scale object detection, such as
[36], [37], [38], and [39]. But these methods are not suitable
for real-world applications and cannot meet the requirements
of our task because the offline methods let the model “see”
the test samples in the training process, which cannot occur
in the real world.

To solve the existing problems, in this paper, the SF-SSD is
proposed to improve the performance of small object detection
based on the above research baselines. The structure of the

SF-SSD is shown in Fig. 3. First, motived by the FSSD, the
SSD 300 (the input image size is 300 × 300) is used as the
backbone that consists of the VGG 16 layers and additional
layers. However, considering the problems of gradient dis-
appearance, overfitting, and operating speed, more pyramid
feature layers are not retained, though these deeper layers
include richer semantic information. The retained inception
layers have a large enough receptive field for small-scale
object detection and cannot lose larger-scale objects. Next,
a new feature fusion module is proposed to obtain more
representative shallow features that are effective for small
object detection. After receiving the conference scores and the
location parameters, the non-maximum suppression (NMS) is
introduced to get the final boxes in the prediction process.
Finally, the proposed spatial cognition module is utilized to
suppress useless background information to obtain the final
results, valid for small object detection. Note that the new
feature fusion and the proposed spatial cognition module are
described in the following subsections in detail.

B. Feature fusion module

This paper proposes two new modules to improve the
small object detection rate of the traditional SSD and the
FSSD. Additionally, a new training scheme is also designed to
enhance the performance of the proposed deep model. These
works are not only to improve the detection accuracy but also
to achieve high frame rates because the balance of accuracies
and speeds are most important for our task.

As shown in Fig.3, the VGG 16 layers and the retained
inception layers form the backbone of the proposed model.
The inception layers include the Conv6, the Conv7, and the
Conv8, and the final layer (size: 1×1) is from the original
SSD. In the backbone, the key layers are Conv4 3 (size:
38× 38 ×512), the full connection layer (size: 19× 19 ×
1024), Conv6 2 (size: 10 × 10 × 512), Conv7 2 (size: 5
× 5 × 256), Conv8 2 (size: 3 × 3 × 256), and Conv9 2
(size: 1 × 1 × 256), respectively. In the feature fusion
module of the FSSD, the features of three layers are fused
for prediction, that is, Conv4 3, the full connection layer,
and Conv6 2. The Bilinear Interp algorithm (BI) is utilized
as the upsampling module and the concatenation algorithm is
used to fuse different feature maps.

Considering the detection speed and the representativeness
of features, the feature maps of the Conv4 3 layer and the
Conv7 2 layer are fused in this paper. The deconvolution
(Deconv) operation is used as the upsampling method, and
the element-wise (Eltw) algorithm is used as the feature fusion
method. Both the Relu function and the Batch Normalization
layer are used to improve the module performance. As shown
in Table II, we conduct a series of ablation studies to test the
data fusion methods. The results show that the model with the
element-wise multiplication method achieves the highest mAP.
Hence, this fusion method is utilized. The possible causes
are given by discussing this discrepancy. The concatenation
can directly output the noise that has the same dimension as
the feature maps. The element-wise multiplication method has
large receptive fields compared to other methods, considering



The input image

M
ulti‐class Regression and 

Classification

(a) SSD

The input image

M
ulti‐class Regression and 

Classification

(b) FSSD

Fig. 2. Comparison of the SSD and the FSSD.

CONV 4 Full Connection CONV 6 CONV 7 CONV 8 CONV 9
38 X 38 X 512 19 X 19 X 1024 10 X 10 X 512 5 X 5 X 256 3 X 3 X 256 1 X 1 X 256

VGG_16 layers SSD layers

The input image
300 X 300

M
u

lti-class R
e

gre
ssio

n
 an

d
 C

lassificatio
n

Feature
fusion

Spatial cognition 
module

Output
final results

Fig. 3. Structure of the proposed SF-SSD.

CONV4_3
38×38×512

CONV6_2
10×10×512

C
O

N
V

N
o

rm
alize

Size:
3×3×512

(20)

D
EC

O
N

V

D
EC

O
N

V

Size:
2×2×512

Size:
2×2×512

DECONV6_2
38×38×512

C
O

N
V

Size:
3×3×512

N
o

rm
alize

(10)

Eltw

Fusion feature
38×38×512

R
e

LU

B
N

Eltw feature
38×38×512 M

u
lti-class R

e
gre

ssio
n

 
an

d
 C

lassificatio
n

Se
co

n
d

 b
ran

ch
First b

ran
ch

R
e

LU

B
N

R
e

LU

B
N

Fig. 4. Structure of the proposed feature fusion module.

the importance of different inputs. The structure of the pro-
posed feature fusion module is shown in Fig. 4. In the first
branch, the input feature maps are convoluted, and the size is
3 × 3 × 512; the Normalization is used to standardize data.
In the second branch, the input feature maps are deconvoluted
twice, the size of the Deconv is 2 × 2 × 512, and then the
Normalization is also used. After that, the Eltw is used to fuse
both feature maps, representing the corresponding elements’
product in two matrices. Compared to the FSSD, the proposed
feature fusion module has two following merits.

1) Low-computational costs are achieved. The complete
connection layer feature maps are not included, so more
operations and more parameters are not needed.

2) More representative features are produced. The Deconv
can learn feature maps better than the BI. The Eltw can

enhance the ability of feature maps to represent objects
because it is a multiplication of elements rather than just
the addition of channels. Note that the comparison of
various designs is discussed and evaluated in the ablation
study sub-section.

C. Spatial cognition module

Although the SSD-based models can capture the represen-
tative semantic feature maps, it is still challenging for small
object detection in UAV imagery. More useless background
information exists in UAV images that can also be regarded
as small objects, such as pedestrians and trees. Therefore,
useless feature suppression, including un-robust features and
between-class similarity features, is essential for our task.
Note that vehicles are often gathered, including parking or



driving, such as parking lots and highways. It means that
within a certain pixel range of the high-Conf objects in an
image, there would be many similar objects instead of useless
background objects and vice versa. To further improve the
detection accuracy, motivated by the FS-SSD and the ESSD
[16], [40], a novel spatial cognition algorithm is proposed to
effectively re-classify the prediction results. The results consist
of the confidence scores (Confs) and the location information,
the module’s input. The prediction results are divided into
three groups, that is, reliable group (Confs > 0.65 ), less-
reliable group (0.35 < Confs < 0.65 ), and unreliable group
(Confs < 0.35 ).

Procedure(SPATIAL COGNITION MODULE)
Input: Conf , Loca
Output: final results

1 while the sample number of {li}! = 0 do
2 if Dr&u < d then
3 Re-calculate Confr(li);
4 end
5 else
6 Re-calculate Confu(li);
7 end
8 Re-group the objects;
9 end

10 return final results

The spatial cognition algorithm flowchart is shown in Pro-
cedure. Where {li} denotes the less-reliable object set, {ri}
denotes the reliable object set, and {ui} denotes the unreliable
object set. The main idea is the determine the pixel (px)
distance between {li} and {ri} , denoted Dr&u(li, ri) . On
the one hand, if it is less than d, the samples in {li} has a high
probability of being the reliable objects, and then recalculate
their Confs. The recalculate process is shown in (1). Where
Confr(li) denotes the re-obtained Confs, Dn(·, ·) denotes the
normalized distance, α denotes the trade-off parameter, and w
denotes the influence weight. Note that, following the results
in the FS-SSD [16] and the Faster R-CNN [5], the values
of the above parameters are selected, including α = 0.25
,d = 500 ± 50 px, and w = 0.4 . On the other hand, if
the distance is greater than d, their Confs also would be
recalculated and the results would be reduced. The recalculate
process is shown in (2). Where Confu(li) represents the re-
obtained Confs, and N(·) is the number of objects in the set
{li} . When obtain the new Confs, these less-reliable objects
can be regrouped into three groups, and the algorithm loops
until no object is in the unreliable group.

Confr(li) = Conf(li)+α×Dn(li, ri)+(w−α)×Dn(li, ui)
(1)

Confu(li) = Conf(li)− α× (
eN(ri)

eN(ri) + eN(ui)
) (2)

Note that the intersection over union (IoU) method is intro-
duced to calculate the spatial distance of objects (D(am, bn))

to alleviate the overlapping problem. Although this method is
effective, it increases the complexity of the spatial analysis
process, which leads to too many incorrect reclassifications.
Mathematically, referring to the method proposed in [41] and
[16], the spatial distance calculation process is shown in (3)
and (4). Where DE is the Euclidean distance, am and bm
mean the bounding boxes of both objects, and (x, y) denotes
the centre location of each box. In the paper, because the NMS
method is used, the overlapping of different objects rarely
occurs. We can ignore its impact on the performance of the
spatial cognition algorithm.

DE(am, bn) =

√
(xm − xn)2 + (ym − yn)2 (3)

D(am, bn) =
DE(am, bn)−minDE(am, bn)

maxDE(am, bn)−minDE(am, bn)
(4)

D. Model training

In the training process, the primary purpose is to minimize
the loss function LSF−SSD to obtain the optimal parameters,
as shown in (3). Where both the location loss function Lloca

and the conference score function Lconf are important. N
is the number of default boxes that can be used to match
ground-truth boxes. x denotes the detected object, c is the
confidence score. p and g are the predicted boxes and ground-
truth boxes. α is the hyperparameter that is usually set as
1. Note that, following the popular setting, the Smooth L1
function is used for training Lloca and the Softmax function
is utilized for training Lconf .

LSF−SSD(x, c, p, g) =
1

N
(Lconf (x, c) + αLloca(x, p, g))

(5)

IV. EXPERIMENTS AND DISCUSSION

A. Experimental settings

In this work, the purpose is to detect parked/driving cars,
and the main application scenario is on the campus of
Shenyang Ligong University, Shenyang, China. A customized
airborne platform from Harbin Institute of Technology is used
to collect ground data made into a dataset. This platform con-
sists of a quadcopter integrated UAV, and a camera mounted
on the UAV (Resolution:1920×1080, Frame rate: 24 fps), the
stabilized gimbal, and the ground control station.

A UAV image dataset is collected for training and testing
the proposed SF-SSD model. We consider data diversity, such
as cars of different orientations, vehicles of different scales,
and varying pixel ratios. The UAV videos are recorded from
other intersections and different flight heights. Various frames
are taken from three hours of video forms the dataset, and
more than 15000 samples are included that 60% samples are
for training, 10% samples are for validation, and 30% samples
are for testing.

For object detection and classification, many benchmark
datasets are collected, in which various categories of objects
are included. These datasets are usually used to evaluate the



object detection performance of the model. In this work,
our purpose is to detect car objects in UAV images, and
a single public dataset cannot meet the task requirements.
Hence, the new dataset comprises our collected and additional
data from the benchmark datasets, named the SY-UAV dataset.
Specifically, the raw images from the AU-AIR dataset are
introduced because its collection scenario is similar to this task
[42].In the training process, following state-of-the-art works,
three datasets are utilized to improve the model performance,
including the PASCAL VOC 2007 and 2012 datasets and the
COCO dataset [43], [44].

On the other hand, for a comprehensive analysis, three
benchmark UAV datasets are also used to test the proposed
SF-SSD, including the CARPK dataset, the PUCPR+ dataset,
and the SDD dataset [30], [31]. The CARPK dataset is
the largest parking lot dataset collected from the view of
the UAV, and it has more than 90000 cars. Samples in the
PUCPR+ dataset are collected from a higher altitude, so car
objects are relatively small and challenge object detection. The
SDD dataset is utilized for multi-type object detection, which
effectively evaluates the performance of the proposed spatial
cognition module.

In the experimental process, for fair evaluation and compari-
son, all the experiments follow the original SSD. The learning
rate is 0.0001, the momentum parameter is 0.9, the weight
decay is 0.0005, and the iteration is set to 80000. Frames per
Second (FPS), mean Average Precision (mAP), Mean Absolute
Error (MAE), and Root Mean Square Error (RMSE) are used
as evaluation indicators. Next, the Pytorch framework is used
under the Ubuntu 16.04 64bit OS. The hardware platform
consists of the Intel Core i7-9700F CPU, NVIDIA GeForce
1080 8GB GDDR5X GPU, and 16GB RAM.

TABLE I
MAPS OF DIFFERENT DATASETS.

Dataset train mAP(%) test

Raw data 48.06
SY-UAV test set 67.95
Mixed dataset 74.38

TABLE II
ABLATION STUDY: MAPS OF DIFFERENT DESIGNS.

No. Methods mAP(%)

1 SSD 300 68.74
2 SSD 300+Incep 68.46
3 SSD 300+BI+ Concat 71.05
4 SSD 300+Deconv+Eltw 72.26
5 SF-SSD 74.38

B. Performance evaluation in the real-world application

This work is proposed to solve the real-world task, so the
following experiments are conducted to evaluate our design
ideas and actual performance. First, assess the effect of the
proposed dataset (SY-UAV) on improving the recognition rate.

TABLE III
COMPARISON WITH STATE-OF-THE-ART METHODS ON THE SY-UAV

DATASET.

Methods Backbone mAP(%) FPS

SSD 300 [3] VGG 16 68.74 36
FSSD [10] VGG 16 70.61 35
FFSSD [11] VGG 16 72.5 20
Faster R-CNN [5] VGG 16 60.3 9
DSSD513 [19] ResNet 101 72.87 5
YOLO v3 [4] DarkNet 53 67.02 42
YOLO v4 [22] DarkNet 53 69.5 47

SF-SSD VGG 16 74.38 21
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Fig. 5. Speeds and accuracies of different advanced methods.

Next, verify the correctness of our design ideas on the SY-
UAV dataset. Finally, test other state-of-the-art models on the
SY-UAV dataset, and compare the results with the SF-SSD.

mAPs of different datasets. To evaluate the effect of
increasing datasets in the training process, the following tests
are conducted. The details are shown in Table I. Note that the
dataset in the table denotes used in the training process rather
than in the test processing, the SY-UAV test set is used for
testing, and the raw data denotes the collected images. It can
be seen that using the mixed dataset to train the proposed SF-
SSD model can achieve the best detection accuracy. Hence,
in this paper, the mixed dataset is used to train the proposed
model, and the SY-UAV dataset is used to test the proposed
model.

Ablation study. To study the influence of each module
on the performance, ablation experiments are conducted, and
the experimental settings follow the above introduction. The
results are shown in Table II. The details are described as
follows. The SSD 300 is tested on the SY-UAV dataset, and
its detection rate is 68.74%. To reduce the depth of the deep
model, only four layers are retained that form the inception
layers. The results show that it has little effect on detection
accuracy. By comparing the results in No.2, No. 3, and No.4,
it can be seen that the feature fusion module can improve
the detection rate, and the proposed feature fusion method is
better than the method in FSSD. The proposed SF-SSD model
with the new feature fusion and spatial cognition modules can
achieve the best performance.

Comparison with state-of-the-art methods. The typical
models are tested on the SY-UAV dataset, including SSD 300,



TABLE IV
COMPARISON WITH STATE-OF-THE-ART METHODS ON THE CARPK DATASET.

Method Backbone MAE↓ RMSE↓ AP@0.5[%]↑(%) AP@0.7[%]↑(%)

One-Look Regression GoogLeNet 59.46 66.84 - -
IEP ResNet-101 51.83 - - -
Faster R-CNN VGG 16 47.45 57.39 - -
YOLO9000 DarkNet-19 38.59 43.18 20.9 3.7
SSD VGG 16 37.33 42.32 68.7 25.9
ShuffleDet VGG 16 26.75 38.46 - -
LPN FPN 23.8 36.79 - -
RetinaNet FPN 16.62 22.3 -
YOLOv3 DarkNet-19 7.92 11.08 85.3 47
VGG-GAP-HR VGG 16 7.88 9.3 - -
GMN GMN 7.48 9.9 - -
YOLOv4 DarkNet-19 7.16 9.29 87.8 56.3
IoUNet FPN 6.77 8.52 - -
SA+CF+CRT ResNet-101 5.42 7.38 89.8 61.4
PPM+MMS PPM 4.45 6.18 - -

SF-SSD VGG 16 4.26 6.01 90.1 71.6
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Fig. 6. Demonstration results on the SY-UAV dataset.
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Fig. 7. Demonstration results on the CARPK and the PUCPR+ datasets.

Faster R-CNN, DSSD513, YOLO v3, FFSSD, and FSSD. The
results are shown in Table III. It can be concluded that the
proposed SF-SSD model achieves higher accuracy than other
advanced methods. As shown in Fig. 5, the SF-SSD achieves
the increased frame rates (21FPS) that can meet the task
requirements. The Comparison of qualitative results between
the proposed SF-SSD and the FSSD is shown in Fig. 6. It can
be seen that the FSSD causes miss detection for small-scale
objects and objects with blurred boundaries. Taking advantage
of the proposed spatial cognition method, the SF-SSD achieves

better detection accuracy.

C. Comparion of car detection results

In this sub-section, the performance of the SF-SSD is evalu-
ated on the CARPK and the PUCPR+ benchmark datasets, and
compare the results with other state-of-the-art methods. For a
fair comparison, the evaluation metrics follow the setting in
[45] and [46], that is, MAE, RMSE, and the Average Precision
(AP) are utilized. Note that AP@0.5 and AP@0.7 denote that
the hit/miss thresholds are set to 0.5 and 0.7, respectively. We



TABLE V
COMPARISON WITH STATE-OF-THE-ART METHODS ON THE PUCPR+ DATASET.

Method Backbone MAE↓ RMSE↓ AP@0.5[%]↑(%) AP@0.7[%]↑(%)

SSD VGG 16 119.24 132.22 32.6 7.1
Faster R-CNN VGG 16 111.4 149.35 - -
YOLO9000 DarkNet-19 97.96 133.25 12.3 4.5
ShuffleDet VGG 16 41.58 49.68 - -
RetinaNet FPN 24.58 33.12 - -
LPN FPN 23.8 36.79 - -
One-Look Regression GoogLeNet 21.88 36.73 - -
IEP ResNet-101 15.17 - -
IoUNet FPN 7.16 12 - -
YOLOv3 DarkNet-19 5.24 7.14 95 45.4
VGG-GAP-HR VGG 16 5.24 6.67 - -
YOLOv4 DarkNet-19 4.78 5.86 94.1 52.3
SA+CF+CRT ResNet-101 3.92 5.06 92.9 55.4
PPM+MMS PPM 3.16 4.39 - -

SF-SSD VGG 16 3.04 4.12 90.8 67.3

consider the following state-of-the-art methods: 1) Faster R-
CNN [5]; 2) SA+CF+CRT [47]; 3) SSD [48]; 4) One-Look
Regression [49]; 5) IEP [50]; 6) YOLO9000 [51]; 7) LPN
[52]; 8) RetinaNet [53]; 9) YOLOv3 [21]; 10) IoUNet [54];
11) ShuffleDet [55]; 12) VGG-GAP-HR [56]; 13) GMN [57],
14) YOLOv4 [22], 15) PPM+MMS [58].

Table IV shows the results tested on the CARPK dataset.
Note that the “Up Arrow” indicates that the larger the value
of the index, the better the result, and vice versa. It can
be seen that the proposed SF-SSD achieves the best results,
especially for the AP@0.7 index, the SF-SSD improves about
10% compared to the most advanced result. Table V shows
the comparison results on the PUCPR+ dataset. It can be
concluded that the proposed SF-SSD achieves satisfactory
results. Although the proposed SF-SSD is not the best in
indexes RMSE and AP@0.5, the SF-SSD has improved by
about 12% in index AP@0.7 (the most challenging index).
Some qualitative results are shown in Fig. 7, the results of the
SSD are used as the comparison. The SSD model is prone to
miss detection, especially when the object texture information
is similar to the background, the object is incomplete in the
image, and the object is small. Due to the proposed spatial
analysis module, the missed detection problem is solved.
This module can further classify the object by analyzing
the spatial characteristics around the object. It can be seen
that the proposed SF-SSD can detect small-scale car objects
effectively.

D. Performance evaluation for multi-type object detection

To show the effectiveness of the proposed SF-SSD, espe-
cially the proposed spatial cognition module, the results of
comparison with state-of-the-art works without spatial analysis
module are shown in Table VI. To further demonstrate the
robustness and generalization of the model, the SDD dataset
containing multiple types of objects is utilized. The following
state-of-the-art works are considered, that is, R-FCN [59], FPN
[34], DSSD [19], SSD 300 [48], SSD 512 [48], Faster R-
CNN [5], FSSD [10], FFSSD [11], RefineDet [60], RON [61],
YOLOv2 [20], YOLOv3 [21], and YOLOv4 [22]. For a fair
comparison, all the models are trained on the designed mixed

datasets, and three types of objects that are most relevant to the
application are used as the detection objects, including “Car”,
“Bus”, and “Pedestrian”.

The obtained results and the related discussion are shown
as follows. First, most works can achieve satisfactory results
for large-scale objects, such as “Bus”. As shown in Table
VI, both the R-FCN and the FPN achieve recognition rates
of 91.5% and 89.7%, respectively. This is because large-size
objects occupy a higher proportion of pixels in the UAV
image. Next, the proposed SF-SSD achieves the best detection
rate for small-size objects, including “Car” and “Pedestrian”.
Specifically, for car detection, the SF-SSD achieves 91.7%
AP, which is 44.8%, 43.4%, 40.1%, 9.8%, and 0.5% higher
than SSD 300, SSD 512, RON, YOLOv4, PeleeNet [62],
PeleeNet+DMS [63]and RefineDet, respectively. Compared
with the above state-of-the-art deep model, the most significant
improvement in this work is that the new spatial cognition
module is introduced into the proposed model. The proposed
model can reclassify objects in low-confidence categories to
obtain the final detection results from the effective use of
within-class similarity. Finally, due to the design principle of
the spatial analysis module, in a multi-class object detection
task, the interaction of the detection results of different types of
objects can improve the detection performance. The proposed
SF-SSD achieves 91.2% mAP that is 6.6% and 2.5% higher
than the YOLOv4 and the FPN.

V. CONCLUSION

This work proposes a one-stage detector for small-scale
object detection, which is successfully applied in the UAV
image detection task. The backbone is designed based on
the SSD, in which the inception layers replace the additional
layers to speed up the model operation. Motived by the
success of the FSSD, a feature fusion module is proposed,
in which the Deconv and the Eltw are utilized to extract
more representative features. A spatial cognition algorithm
is proposed to suppress the useless background information
that can re-detect the less-reliable objects. The experimental
results show that the proposed SF-SSD model achieves better
accuracies and speeds than other state-of-the-art methods,



TABLE VI
COMPARISON WITH STATE-OF-THE-ART METHODS ON THE SDD DATASET

Methods Backbone Input size
AP of each category (%)

mAP (%)Car Bus Pedestrian

R-FCN ResNet-101 ∼ 1000× 600 84.2 91.5 85.6 87
FPN ResNet-101 ∼ 1000× 600 88.1 89.7 88.5 88.7
DSSD ResNet-101 321× 321 67.2 86.7 75.2 76.3
SSD 300 VGG 16 300× 300 46.9 86.9 80.8 71.5
SSD 512 VGG 16 512× 512 48.3 87.9 82.1 72.7
Faster R-CNN VGG 16 ∼ 1000× 600 62.9 86.7 76.8 75.4
FSSD VGG 16 512× 512 68.1 87.5 76.3 77.3
FFSSD VGG 16 300× 300 82.4 89.3 84.8 85.2
RefineDet VGG 16 320× 320 91.2 87.1 80.9 86.4
RON VGG 16 320× 320 51.6 86.9 70.8 70
YOLOv2 DarkNet-19 416× 416 53.8 87.2 39.7 60.2
YOLOv3 DarkNet-53 416× 416 73.4 86.7 78.9 79.7
YOLOv4 DarkNet-53 416× 416 81.9 88.5 83.4 84.6
PeleeNet PeleeNet 304× 304 74.26 - 68.10 67.13
PeleeNet+DMS PeleeNet 304× 304 75.44 - 69.27 68.28

SF-SSD VGG 16 300× 300 91.7 91.3 90.8 91.2

including the CARPK dataset (AP@0.5: 90.1%, AP@0.7:
71.6%), the PUCPR+ dataset (AP@0.5: 90.8%, AP@0.7:
67.3%), and the SY-UAV dataset (mAP: 74.38%, FPS: 21).
For multi-class object detection, the proposed model achieves
the best accuracies on the SDD dataset. That is, the detection
rates of “Car”, “Bus”, and “Pedestrian” are 91.7%, 91.3%, and
90.8%, respectively.

The multi-class object detection and classification will be
studied in future work, and the video object detection method
will also be proposed. Next, based on the above study, the new
deep model will be presented for car detection and tracking.
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