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A B S T R A C T

Vehicle detection in Unmanned Aerial Vehicle (UAV) imagery plays a crucial role in a variety of applications.
However, UAVs are usually small, very maneuverable, and can take images from a variety of viewpoints and
heights, leading to large differences in vehicle appearance and size. To address the vehicle detection challenge
with such diversity in UAV images, we seek to align features between different viewpoints, illumination,
weather, and background using remote sensing imagery as an anchor. Following this domain adaptation
concept, we propose a multi-scale adversarial network, consisting of a deep convolutional feature extractor,
a multi-scale discriminator, and a vehicle detection network. Specifically, the feature extractor is a Siamese
network with one path for the UAV imagery and another for the satellite imagery. The shared weights in
this sub-network allow us to exploit the large collections of labeled remote sensing imagery for improved
vehicle detection in UAV imagery. Experimental results suggest that our proposed algorithm improves the
vehicle detection accuracy in the UAVDT dataset and VisDrone dataset. The proposed model achieves great
performance in images taken from different perspectives, at different altitudes, and under different imaging
situations.
. Introduction

Unmanned Aerial Vehicles (UAVs) are a new and prominent remote
ensing platform (Colomina and Molina, 2014; Zhang et al., 2017b).
ade possible by advancements in battery and manufacturing tech-

ology, UAVs are demonstrating their potential for a broad range of
ocietally important applications such as precision agriculture (Gevaert
t al., 2015), environmental monitoring (B et al., 2020), disaster warn-
ng and recovery (Li et al., 2012), and wildlife protection (Yang et al.,
014). Key to many of these applications is being able to automatically
etect, classify, and track objects in the UAV imagery, supported by the
evelopment of new techniques that involve computer vision and deep
earning.

In this paper, we focus on the problem of vehicle detection in
AV imagery; that is, automatically identifying and localizing ob-

ects of interest. While there has been significant progress in standard
magery, especially using deep learning, vehicle detection in UAV
magery remains difficult due to the large variation in object size, view-
oint, environmental conditions including illumination and weather,
nd background. Most object detection approaches are designed for
round-level images taken from a horizontal viewpoint, such as the
mages in the ImageNet dataset (Krizhevsky et al., 2012). However,

∗ Corresponding author.
E-mail address: shaozhenfeng@whu.edu.cn (Z. Shao).

UAVs are small, very maneuverable (Zhou et al., 2009; Kalantar et al.,
2017; Benjamin et al., 2018), and can take images from a variety of
viewpoints and heights, leading to large differences in vehicle appear-
ance and size (like objects in Fig. 1). The diversity of applications
also results in complex and varying backgrounds. Finally, UAVs are
usually flown outside where weather and the wide range of ambient
illumination (e.g., night versus day) can greatly affect the quality of
the images. This variation presents a significant challenge in particular
to supervised learning based approaches that rely on training examples
that are representative of all possible scenarios. The large amounts of
training data required by deep learning algorithms further exacerbate
the situation.

A standard approach to dealing with variation in appearance is to
perform alignment or normalization by generative adversarial networks
to the images before they are input to the object detection module.
The original generative adversarial networks are proposed for gener-
ating random samples, which is widely used in image stylization (Zhu
et al., 2017), image synthesis (Zhang et al., 2017a) and super resolu-
tion (Ledig et al., 2017) tasks. However, for some tasks, the generation
of random samples is not suitable. Taigman et al. (2017) design a
new adversarial network as a general tool to measure the equivalence
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Fig. 1. Examples of UAV images in UAVDT (Du et al., 2018) and VisDrone (Zhu et al., 2018) datasets. The first line shows images with large differences in vehicle appearance
nd size, and second line presents images in complex and varying backgrounds, weather and illumination.
etween distributions. Ajakan et al. (2014) link the adversarial loss to
he H-divergence between two distributions and achieved unsupervised
omain adaptation with an adversarial network. Motivated by theory
n domain adaptation (Bousmalis et al., 2016) where a transferable fea-
ure is one for which an algorithm cannot learn to identify the domain
f origin of the input observation, Hung et al. (2018) integrate adver-
arial feature learning into semi-supervised semantic segmentation and
rove the utility of feature learning with an adversarial network for
egmentation tasks. However, working in the two dimensional image
pace limits capability of such transformations that are possible to
patial (e.g., affine) or intensity mappings. In addition, learning such
apping remains to be a challenging task in a supervised framework.

We instead take a different approach to address the large variation
n appearance in UAV imagery for improved vehicle detection. We
resent the following key insights. First, the current state-of-the-art ve-
icle detection pipelines generally consist of two components: a feature
xtraction network and a vehicle detection network. The performance
f the vehicle detection network could be greatly improved if it was
solated from the variation in appearance. This motivates us to perform
he alignment in the feature space instead of the image space, which
llows for a richer set of transformations that can be learned in a
upervised manner. Second, while there might be a large variation in
ppearance in UAV imagery, there is much less in traditional remote
ensing imagery, such as the ones taken from satellite or aircraft. This
magery can thus serve as a common anchor or reference for aligning
he UAV features. The rich training remote sensing images further
ontribute to the robustness of such anchor training.

Following the above rationale, we propose a novel multi-scale ad-
ersarial network for improved vehicle detection in UAV imagery.
ur network performs feature alignment through adversarial learning

imilar to how Generative Adversarial Networks (GANs) (Goodfellow
t al., 2014) have been used to align features between different image
omains (e.g., photographs and paintings) by having two sub-networks
lay a min–max game in the training process. We, however, seek to
lign features between different viewpoints, illumination, weather, and
ackground using remote sensing imagery as an anchor. Our network
ollows a multi-scale design, allowing it to deal with the variation in
bject size.

The proposed framework consists of three sub-networks: a deep con-
olutional feature extractor, a multi-scale discriminator, and a vehicle
etection network. The feature extractor is a Siamese network with
ne path for the UAV imagery and another for the remote sensing
magery. The shared weights in this sub-network allow us to exploit
he large collections of labeled remote sensing imagery for improved
ehicle detection in UAV imagery. The multi-scale discriminator per-
orms feature alignment by forcing the extractor, in an adversarial
anner, to learn features that are indistinguishable as to whether

hey are from UAV or remote sensing imagery. This results in feature
lignment not only between the UAV and remote sensing imagery but
lso between the UAV imagery itself. Aligning the UAV features to
284
the reference remote sensing features, which do not exhibit variation
due to viewpoint, illumination, etc., results in UAV features that are
aligned to themselves and thus more uniform. This greatly improves the
performance of the vehicle detection network which takes the features
as major inputs. All three sub-networks follow a multi-scale design,
benefiting the capability of the model in explicitly handling variation
in object size.

We demonstrate the effectiveness of our proposed multi-scale adver-
sarial network on multiple UAV vehicle detection benchmark datasets.
In particular, we show that jointly training with the UAV and re-
mote sensing datasets results in improved performance over standard
sequential training.

Our key contributions are summarized as follows:

• We design a two-path multi-scale feature extraction network,
allowing us to exploit large collections of labeled remote sensing
imagery with scale diversity when training object detectors for
UAV imagery.

• We develop a novel adversarial framework that uses a discrimi-
nator to align features between UAV and remote sensing imagery.
This subsequently results in improved feature alignment between
the UAV images themselves, such as images taken from different
viewpoints, under different environmental conditions, making the
vehicle detection more robust to variation in appearance in the
UAV imagery.

• We demonstrate the effectiveness of our approach on the UAVDT
(Du et al., 2018) and VisDrone (Zhu et al., 2018) datasets.

2. Related work

2.1. Vehicle detection for natural images

Vehicle detection is generally carried out as a category of object
detection for natural images, where a fair amount of deep learning
based research has been conducted in recent years. Inspired by the
recent successes of deep convolutional neural networks (CNNs) for
image classification (Krizhevsky et al., 2012), Girshick et al. (2015)
propose an Regions with CNNs (RCNN) detector that adopts a se-
lective searching approach to obtain proposals, uses CNNs as feature
extractors, and applies a Support Vector Machine (SVM) classifier and
a bounding box regression network. Different from other machine
learning methods, RCNN does not need hand-crafted features for each
object category. Instead, the CNNs learn to extract appropriate features
from a variety of objects during training. Despite that the performance
of RCNN surpasses previous machine learning methods, its speed is lim-
ited by the redundant computations for overlapping proposals. Further,
Fast RCNN (Girshick, 2015) and Faster RCNN (Ren et al., 2015) are
proposed to increase the speed of the detector by combining the region
proposal network and the feature extraction network into one single
network. Faster R-CNN can detect objects with high speed and still
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achieve state-of-the-art performance on different detection challenges.
Given its success, many algorithms have followed the design Faster
RCNN, such as R-FCN (Dai et al., 2016) and Mask R-CNN (He et al.,
2017).

Theoretically, the aforementioned methods belong to two-step net-
works, as they all use region proposals. There are other methods that
detect objects with a one-step network. Compared with region proposal
based algorithms, these methods are regression/classification based,
including MultiBox (Liu et al., 2016), AttentionNet (Yoo et al., 2015),
G-CNN (Najibi et al., 2016), YOLO (Redmon et al., 2016), SSD (Liu
et al., 2016), YOLOv2 (Redmon and Farhadi, 2017), YOLOv3 (Redmon
and Farhadi, 2018), and DSOD (Shen et al., 2017). One of the most
popular methods, YOLO (Redmon et al., 2016), predicts bounding
boxes and class probabilities directly from full images in one-step.
Since the entire detection pipeline is a single network, it can be
directly optimized in an end-to-end manner. YOLO is considerably fast
with the capability of processing images in real-time at a speed of
45 frames per second (Redmon et al., 2016). Compared to the two-
step detection systems, YOLO makes more localization errors but is
less likely to predict false positives in the background. Following the
success of YOLO, YOLOv2 and YOLOv3 were progressively developed
to improve the original version of YOLO. With a different network
design and multi-scale training, YOLOv3 outperforms state-of-the-art
methods (e.g., Faster RCNN) with a considerably faster speed.

Recently, a considerable number of algorithms have been proposed
to detect objects in natural images. Pang et al. (2019) introduce an
overall balanced design into sampling, feature extracting, and objective
level in object detection network. Wang et al. (2020) develop a Side-
Aware Boundary Localization approach for improving the precision
of bounding box regression. Scholars in Tian et al. (2019) propose a
fully convolutional one-stage object detector (FCOS) without the pre-
defined set of anchor boxes to avoid the complicated computation
related to anchor boxes. Tan et al. (2020) adopt better backbones and
a compound scaling method to uniformly scale the resolution, depth,
and width at the same time.

In UAV scenarios, fast detection is preferred. Thus, we utilize a
single neural network based on YOLOv3 (Redmon and Farhadi, 2018)
as our baseline. We enhance the YOLOv3 backbone with a multi-scale
discriminator, aiming to align features with multi-scale objects and
incorporate satellite imagery during training to align features between
various viewpoints, illuminating conditions, weather, background, etc.

2.2. Vehicle detection in aerial imagery

Aerial images tend to have an overhead perspective and large
fields of view due to their bird’s eye view of the target from high
altitudes (Xia et al., 2018; Audebert et al., 2018). To detect objects from
aerial imagery, many approaches incorporate frame and background
information into the detection task. Rodríguez-Canosa et al. (2012)
develop a method that combines camera motion estimation based on
static point features with optical flow comparison to determine the pix-
els that belong to dynamic objects. Aslani and Mahdavi-Nasab (2013)
present a method with optical flow and median filters to detect moving
objects in aerial imagery. Jabar et al. (2015) and Kamate and Yilmazer
(2015) detect moving objects using frame differences in regions with
near key points for optical flow field or a mean-shift tracker. However,
approaches that rely on frame differences and background subtraction
are only applicable when overlapping images exist. Further, these
approaches fail to achieve great performance for imagery with complex
backgrounds or from multiple viewpoints.

In order to solve the above problems and improve the performance
on vehicle detection, many papers design networks only on vehicle
object. Moranduzzo and Melgani (2014) design a method that first
identifies asphalted areas and uses filtering operations in horizontal
and vertical directions with a catalog of cars as a reference to detect
vehicles. Zhou et al. (2018) propose a solution based on the bag-of-
words (BoW) model and an orientation-aware scanning mechanism to
285
identify vehicles following the ‘‘one-window-one-car’’ concept. Despite
the success of these methods, they tend to consume a lot of manpower
and computational resources. Over the past two decades, the rapid
development of machine learning and deep learning greatly facilitates
the improvement of vehicle detection from aerial imagery. More re-
cent efforts involve the application of deep learning algorithms. Chen
et al. (2014) detect cars with a deep neural network running on the
graphics processor united in a sliding-window approach. Li et al. (2019)
propose a rotatable region-based residual network based on rotatable
region proposal network and rotatable detection network architec-
tures. Although the integration of machine learning and deep learning
approaches achieve improved vehicle detection performance, robust
vehicle detection models require a large number of heterogeneous UAV
images, which are often difficult to obtain.

2.3. Domain adaptation for cross-view imagery

Recent years, intensive researches have been proposed in domain
adaptation field, which aims to transfer knowledge from a domain
with adequate labeled samples to a domain with scarce labeled sam-
ples (Shermin et al., 2020; Al-Moslmi et al., 2017; Li et al., 2020). Due
to variations in camera perspective, great discrepancies can exist among
vehicles and scenes in different images. Efforts have been made to ad-
dress these differences in cross-view imagery in computer vision tasks,
such as action recognition, person re-identification, segmentation, and
so on. Traditional works on cross-view recognition focus mostly on
model reconstruction between multiple views or designing hand-crafted
features to recognize the same action from multiple views. Bak et al.
(2010) perform cross-view person recognition using Haar-based and
DCD-based signatures. Liu et al. (2011) propose a novel bipartite-graph-
based approach to learn bilingual-words from two view-dependent
vocabularies in an unsupervised manner. However, deriving the re-
construction model and learning the features of different actions tend
to be computationally intensive, leading to long training time. Zheng
et al. (2015) propose a data-driven distance metric (DDDM) method
for cross-view person re-identification, which re-exploits the training
data to adjust the metric for each query-gallery pair. Chen et al. (2016)
formulate an asymmetric distance model to transform the unmatched
features from each view into an integrated space. The utilization of
model reconstruction and hand-crafted features facilitates the integra-
tion of images in multiple views. However, it takes a long time to design
models and features which limits the application of task and results in
less robustness to problems with large numbers of classes.

With the advent of deep learning, domain adaptation methods using
neural networks for cross-view recognition have been proposed. Peng
et al. (2017) use deep neural networks to generate frontal views from
a single frontal face with the combination of rich feature embedding
and reconstruction metric learning to recognize faces from different
views. Huang et al. (2017) designed a Two-Pathway Generative Adver-
sarial Network (TP-GAN) for photorealistic frontal view synthesis by
jointly perceiving global structures and local details, which not only
presents compelling perceptual results but also outperforms state-of-
the-art results on large pose face recognition. Zhang et al. (2019) apply
top variational auto-encoders, cross-view alignment, and dual GANs
to integrate a series of non-linear transformations into a shared latent
space, allowing a comparable matching across various camera views.

However, domain adaptation for cross-view vehicle detection in
UAV imagery remains under-exploited. The bird’s eye views from UAVs
with relatively high altitudes lead to overhead viewpoints. Compared
with aerial imagery from satellites, images in UAVs are considerably
more dynamic (Zhou et al., 2009; Kalantar et al., 2017; Benjamin
et al., 2018). Thus, multi-view vehicle detection is a fundamental yet
challenging issue in UAV imagery.
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Fig. 2. The overview of the proposed multi-scale adversarial network. It consists of a deep convolutional feature extractor, a multi-scale discriminator, and a vehicle detection
network. The deep convolutional feature extractor is fed with two-path imagery together, and learns to align features between satellite images and UAV images.
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3. Proposed method

Vehicles in UAV imagery often have varying sizes, viewpoints,
appearances, and complex backgrounds with large inter-image differ-
ences, leading to great difficulty in learning and aligning the feature
distributions corresponding to different instances of the same object
class. We, therefore, propose an adversarial network with the following
objectives:

(1) To improve detection generalization, we introduce labeled satel-
lite imagery into the training process of our UAV vehicle detector. The
feature extractor for satellite images and the feature extractor for UAV
image feature extractor share weights, leading to the adaption between
the two types of images.

(2) To facilitate the learning of collaborative features beyond per-
spectives and altitudes, we design a discriminator following a multi-
dimensional design. It can integrate three features with three dimen-
sions to align object features with diverse sizes. The discriminator
and extractor compete against each other to improve the performance
during training in the designed adversarial network.

Fig. 2 illustrates the overview of the proposed multi-scale Adversar-
ial Network, which consists of a deep convolutional feature extractor,
a multi-scale discriminator, and a vehicle detection network. In the
following sections, we describe the detailed information for deep con-
volutional feature extractor. Then present the creative design and
loss function information for multi-scale discriminator. Finally, the
vehicle detection network integrate architecture and method for back
propagation is be described.

3.1. Deep convolutional feature extractor

The deep convolutional feature extractor is constructed following
a two-path design, as shown in Fig. 2. The first path takes satellite
imagery as input and outputs multiple dimensional features from satel-
lite imagery. The second path shares the same network structure with
UAV imagery as input. These two paths share weights. We adopt the
deep convolutional feature extractor with the same architecture in
𝐷𝑎𝑟𝑘𝑁𝑒𝑡 − 53 (Redmon and Farhadi, 2018) as the backbone. It has 53
onvolutional layers and uses successive 3 × 3 and 1 × 1 convolutional
ayers as well as some shortcut connections, called Residual Blocks.
286
ote that the 𝐷𝑎𝑟𝑘𝑁𝑒𝑡 − 53 architecture in our multi-scale adversarial
etwork can be replaced with other similar backbones like 𝐷𝑎𝑟𝑘𝑁𝑒𝑡 −
9 (Redmon and Farhadi, 2017). In order to coordinate the multi-
cale discriminator, we output three different layers in the feature
xtractor, representing three-dimensional features. With these multiple
eatures, our adversarial network can integrate high-dimensional and
ow-dimensional features into one network, taking multi-scale vehicles
nto consideration by extracting objects with heterogeneous sizes and
hapes.

The detailed architecture of the deep convolutional feature extractor
s shown in Fig. 3. The entire network structure before layer 74 is
ompleted by convolutional layers and residual blocks, without any
ooling layer. Each convolutional layer packages convolution, batch
ormalization, and LeakyReLU operations. The residual block packages
set of convolutional layers and shortcut operators. After layer 74, the

tructure is completed by convolutional layers, upsample layers, and
oute layers that convert from feature extraction to feature integration.
he upsample layers apply bilinear upsampling by stride to expand the
ize of the previous feature. The route layers operate concatenation by
hannel dimension with two feature maps.

Adopted from ResNet (He et al., 2016), the design of a residual
lock is shown in Fig. 4. By using residual blocks, the inputs (dark
lue block in Fig. 4) and outputs (brown block in Fig. 4) are made
enerally consistent. In residual blocks, the shortcut layer is designed to
alculate the difference between the connected layer. To solve the issue
hat layers with different sizes fail to be connected easily, we propose
1 convolutional layer, followed by a 3 convolutional layer. With this
esign, the output feature (shown as the brown block in Fig. 4) has the
ame size as the input one (shown as the dark blue block in Fig. 4). The
esidual block in the feature extractor not only convert the layer-by-
ayer training of the deep neural network into phase-by-stage training,
ut also divides the deep neural network into multiple sub-segments.
ach of the residual blocks contains a relatively shallow network layer
ith shortcut connections. As the difference is calculated within every
lock, the general loss of the extractor is reduced, which solves the issue
f gradient dispersion or gradient explosion of the network.

For the three output feature maps, the first feature map with 1024
hannels (shown as the orange block, layer 74 in Fig. 3) outputs from
he layer 74 feature. The height and width are all set as 13. With 1024
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Fig. 3. The architecture of the deep convolutional feature extractor for each path. Layer 36, layer 61, and layer 74 are considered as output features of the discriminator with
ulti-scale. And vehicle detection network uses layer 74, layer 88, and layer 100 as inputs. (For interpretation of the references to color in this figure legend, the reader is

eferred to the web version of this article.)
Fig. 4. The detailed structure of a residual block. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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hannels, it has the ability to extract high-dimensional features but
ithout detailed information. Given its large receptive field size, it is

uitable for detecting objects with relatively large size. In order to fuse
ower-dimensional features together, we adopt an upsampling layer,
ollowed by a concatenation operation. The upsampling layer does not
hange the size of the channel but doubles the size of feature maps.
he concatenate operation combines two features channel-wise. The
utput feature for concatenation has the same size as the input features,
ut the channel size equals the sum of two input channels. Followed
y combination, a convolutional operation is applied to smooth the
umber of channels from the sum of two input sizes to the input
ize. The layer after the concatenation and convolutional operation is
utput as the feature maps. The deep convolutional feature extractor
ontains two concatenation processes. One concatenation operation
uses layer 88 and obtains the second feature maps with a size of
6 × 26 × 512 (shown as the yellow block in Fig. 3). The other

concatenation operation fuses layer 100 and obtains the third feature
maps with a size of 52 × 52 × 256 (shown as the red block in Fig. 3).
In the end, the deep convolutional feature extractor outputs a total of
three features with different sizes.

3.2. Multi-scale discriminator

Inspired by generative adversarial networks (GAN) (Goodfellow
et al., 2014) that has been widely used in computer vision tasks,
we design a multi-scale discriminator. The goal of the GAN is to
learn a generative distribution 𝑃𝑧(𝑧) from data 𝑧 that matches the real
data distribution 𝑃𝑑𝑎𝑡𝑎(𝑥) from data 𝑥. Specifically, GAN can learn a
generative network 𝐺 and discriminative model 𝐷, where 𝐺 generates
samples from the generator distribution 𝑃𝑧(𝑧) and 𝐷 learns to determine
whether a sample is from 𝑃𝑧(𝑧) or 𝑃𝑑𝑎𝑡𝑎(𝑥). Via a training process, the
iscriminator 𝐷 and the generator 𝐺 compete against each other by
laying a minimal maximization game on the value function 𝑉 (𝐺,𝐷):

inmax𝑉 (𝐷,𝐺) =E [log𝐷(𝑥)]+

𝐺 𝐷 𝑥∼𝑃𝑑𝑎𝑡𝑎(𝑥)

287
E𝑧∼𝑃𝑧(𝑧)[log(1 −𝐷(𝐺(𝑧)))].

In our case, we design a multi-scale discriminator to facilitate
eature adaptation between satellite imagery and UAV imagery and a
ross-view adaptation for vehicle objects of certain categories. It uses
ayer 36 (52 × 52 × 256), layer 61 (26 × 26 × 512) and layer 74
13 × 13 × 1024) in deep convolutional feature extractor as inputs.
he structure of the multi-scale discriminator is shown in Fig. 5.
t contains 3 concatenate substructures, each of which consists of 4
onvolution layers with 3 × 3 kernels. We set 𝑠𝑡𝑟𝑖𝑑𝑒 = 2 and 𝑝𝑎𝑑𝑑𝑖𝑛𝑔 =
. Each convolution layer is followed by a Leaky-ReLU (Xu et al.,
015) parameterized by 0.2 and a Dropout layer parameterized by
.25. To stabilize the training of the multi-scale discriminator, we
se the spectral-normalization layer (Miyato et al., 2018) for weight
ormalization on each layer of the discriminator. However, no batch-
ormalization layer is adopted, as a study has proved that it only
erforms well when the batch size is sufficiently large (Hung et al.,
018).

Since the three substructures are fed with different features, we con-
truct different channels through the layers. In the first path, the four
onvolutional layers are designed with {512, 1024, 512, 128} channels,
iven the input feature 𝑋1 of size 52 × 52 × 256. The second one

(input channel of 512) and the third one (input channel of 1024) are all
presented with {1024, 512, 256, 128} channels. After the 4 convolutional
layers in each path, a linear layer is applied to perform a binary
classification task for all channels.

During the training process, the multi-scale discriminator aims to
discriminate whether the output feature is from satellite imagery or
UAV imagery from the extractor. 𝑥𝑠 and 𝑥𝑢 are the representations for
satellite and UAV imagery, respectively. The extractor aims to learn a
function 𝐺𝑒 with which the UAV imagery feature 𝐺𝑒(𝑥𝑢) can have a
similar distribution with satellite image features 𝐺𝑒(𝑥𝑠). An adversarial
etwork is therefore formed, consisting of the multi-scale discriminator
nd the deep feature extractor. They compete against each other to
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Fig. 5. The architecture of multi-scale discriminator. Multi-scale features are input into discriminator respectively.
obtain a highly performed feature extractor for vehicle detection by
playing a minimal maximization game that can be formulated as :

min
𝐺𝑒

max
𝐷

𝑉 (𝐷,𝐺𝑒) = E𝐺𝑒(𝑥𝑠)∼𝑃𝑑𝑎𝑡𝑎(𝐺𝑒(𝑥𝑠))[log𝐷(𝐺𝑒(𝑥𝑠))]

+ E𝐺𝑒(𝑥𝑢)∼𝑃𝑢(𝐺𝑒(𝑥𝑢))[log(1 −𝐷(𝐺𝑒(𝑥𝑢)))].

The discriminator is with 𝑁 = 3 scales, and each scale substructure
has its own cross-entropy loss 𝐿𝑛 during training. The integration of
cross-entropy loss 𝐿𝑑 for the discriminator can be calculated via the
following formulas:

𝐿𝑛 = − log(𝐷𝑛(𝐺𝑒(𝑥𝑠))) − log(1 −𝐷𝑛(𝐺𝑒(𝑥𝑢))),

𝐿𝑑 =
𝑁
∑

𝑛=1
𝐿𝑛.

Using the loss function 𝐿𝑑 , the discriminator learns to distinguish
the difference between features from satellite images and features from
UAV images. We also define an adversarial loss function 𝐿𝑎𝑑𝑣 to train
the deep convolutional feature extractor. With the adversarial loss, the
feature extractor learns to fool the discriminator by maximizing the
similarity of the satellite image features and UAV image features. The
𝐿𝑎𝑑𝑣 is formulated as:

𝐿𝑎𝑑𝑣 =
𝑁
∑

𝑛=1
𝜆𝑎𝑑𝑣(− log(𝐷𝑛(𝐺𝑒(𝑥𝑢)))).

where 𝜆𝑎𝑑𝑣 represents the weights for minimizing the proposed adver-
sarial loss function in the designed multi-scale discriminator. The 𝐿𝑎𝑑𝑣
denotes the backpropagation process in the deep convolutional feature
extractor.

3.3. Vehicle detection network

Vehicle detection network is also a multi-scale network. With the
three-scale features inputting into the network, each feature is followed
by a set of convolutional layers and a regression layer. The convolu-
tional layers extract and smooth the channels of features and output
each feature with 75 channels. Thus, after convolutional layers, features
contain sizes of {13 × 13 × 75}, {26 × 26 × 75} and {52 × 52 × 75}.
For the regression layer, we set anchor boxes to predict initial object
positions following the design by YOLOv3. Since the previous layers are
all convolutional layers, the regression layers can simply predict these
offsets at the pixel level in feature maps. Each pixel is treated as a grid
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cell, and the anchor boxes are considered as masks covering each grid
cell in feature maps. Given that the features from an image are with 3
scales, the anchor boxes with a total of 9 different sizes. Each feature
has 3 different anchors, and they can be set using the Kmeans method
or other similar methods. The anchor boxes are regarded as masks on
each position of features, and the vehicle detection network further
predicts offsets and confidences for anchor boxes given the ground
truth.

Specifically, we apply anchor boxes based on the experiments fine-
tuned on ImageNet dataset (Krizhevsky et al., 2012): (116 × 90), (156 ×
198), (373 × 326) on the smallest 13 × 13 feature map, which contains
anchors with the largest receptive field and more suitable for detecting
larger vehicles. On the medium 26 × 26 feature map, we use anchors
with a medium receptive field as (30 × 61), (62 × 45), (59 × 119),
suitable for detecting medium sized vehicles. The largest 52 × 52
feature map uses the smallest receptive field anchor boxes with (10 ×
13), (16 × 30), (33 × 23) for detecting smaller vehicles. Here, the anchors
are defined as the width and height corresponding to the size of the
resized image, i.e., 416.

In the designed vehicle detection network, we stable the network by
following the direct location prediction approach in YOLO9000 (Red-
mon and Farhadi, 2017). The predicted coordinates are values relative
to the location of each grid cell. In addition, each bounding box
predicted by the network is defined as {𝑝𝑥, 𝑝𝑦, 𝑝𝑤, 𝑝ℎ}, which is the
actual output of the network during training. Given the center cell’s
coordinates (𝑐𝑥, 𝑐𝑦) and width (𝑤) and height (ℎ) as the bounding box
prior, the predictions correspond to:

𝑏𝑥 = 𝜎(𝑝𝑥) + 𝑐𝑥,

𝑏𝑦 = 𝜎(𝑝𝑦) + 𝑐𝑦,

𝑏𝑤 = 𝑝𝑤𝑒
𝑝𝑤 ,

𝑏ℎ = 𝑝ℎ𝑒
𝑝ℎ ,

where 𝜎 represents the sigmoid function that aims to limit the offset
between 0 and 1. 𝑏𝑥 and 𝑏𝑦 denote the coordinates of the center point
of the whole image. 𝑏𝑤 and 𝑏ℎ represent the real width and height
of the predicted boxes, respectively. 𝑏𝑥, 𝑏𝑦, 𝑏𝑤 and 𝑏ℎ correspond
to the predictions of the bounding box position. We also define the
objectiveness of the prediction score 𝑃𝑟(𝑜𝑏𝑗) (Redmon and Farhadi,
2018) in our method, which is predicted by logistic regression during
training. For a prediction that has the largest overlap with a ground
truth among all the predictions, the network trains the objectiveness
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of the prediction score to be 1. Moreover, 𝑃𝑟(𝑜𝑏𝑗) is also predicted to
be 1 when one or more than one predicted bounding boxes overlap
ground truth with 𝐼𝑜𝑈 > 0.5. If neither of the above two conditions
is met, 𝑃𝑟(𝑜𝑏𝑗) learns to be 0, which means that the network ignores
the predictions with 𝐼𝑜𝑈 < 0.5 and not have the highest overlap
with any ground truth. 𝐼𝑜𝑈 (𝑏, 𝑜𝑏𝑗) represents the relative overlap with
the predicted bounding box and ground truth vehicle object. For a
predicted bounding box 𝑏 and a ground truth 𝑜𝑏𝑗, the proportion of
their overlap area is represented as 𝐴𝑟𝑒𝑎𝑐 , and the proportion of 𝑏
nd 𝑜𝑏𝑗 are represented as 𝐴𝑟𝑒𝑎𝑏 and 𝐴𝑟𝑒𝑎𝑜𝑏𝑗 , respectively. The 𝐼𝑜𝑈
etween bounding box 𝑏 and ground truth 𝑜𝑏𝑗 can be calculated as:

𝑜𝑈 (𝑏, 𝑜𝑏𝑗) =
𝐴𝑟𝑒𝑎𝑐

𝐴𝑟𝑒𝑎𝑏 + 𝐴𝑟𝑒𝑎𝑜𝑏𝑗 − 𝐴𝑟𝑒𝑎𝑐
.

The loss function for the entire vehicle detection network, i.e., 𝐿𝑑𝑒𝑡,
can be divided into three components: (1) an objectiveness prediction
loss 𝐿𝑜𝑏𝑗 , (2) a bounding box coordinate prediction loss 𝐿𝑐𝑜𝑜𝑟𝑑 , and (3)
a category prediction loss 𝐿𝑐𝑙𝑠. 𝐿𝑑𝑒𝑡 is the weighted sum of these three
losses. 𝐿𝑑𝑒𝑡 is formulated as:

𝐿𝑑𝑒𝑡 = 𝜆𝑜𝑏𝑗𝐿𝑜𝑏𝑗 + 𝜆𝑐𝑜𝑜𝑟𝑑𝐿𝑐𝑜𝑜𝑟𝑑 + 𝜆𝑐𝑙𝑠𝐿𝑐𝑙𝑠,

where we present binary cross-entropy loss function 𝐵𝐶𝐸 on objective-
ness prediction loss 𝐿𝑜𝑏𝑗 , category prediction loss 𝐿𝑐𝑙𝑠 and coordinate
𝑥, 𝑦 prediction in loss 𝐿𝑐𝑜𝑜𝑟𝑑 calculation. A mean square loss function
𝑀𝑆𝐸 is used on width 𝑤 and height ℎ prediction in loss 𝐿𝑐𝑜𝑜𝑟𝑑
calculation. The loss functions of 𝐵𝐶𝐸 and 𝑀𝑆𝐸 are calculated as
follows:

𝐵𝐶𝐸(𝑥𝑖, 𝑦𝑖) = −𝑤𝑖[𝑦𝑖 log 𝑥𝑖 + (1 − 𝑦𝑖) log(1 − 𝑥𝑖)],

𝑆𝐸(𝑥𝑖, 𝑦𝑖) = (𝑥𝑖 − 𝑦𝑖)2.

With the usage of 𝐵𝐶𝐸, the category prediction 𝐿𝑐𝑙𝑠 uses multiple
label classifications instead of using softmax layers. Each logistic clas-
sifier is used oppositely for each class. The softmax loss is replaced by
binary cross-entropy loss to achieve high performance in handling the
label overlap relationships.

4. Experiments

4.1. Datasets

To evaluate the performance of our multi-scale adversarial network,
we conduct vehicle detection from UAV imagery on the VisDrone
dataset (Zhu et al., 2018) and UAVDT dataset (Du et al., 2018).
DOTA (Xia et al., 2018), a satellite imagery dataset, is also involved
in our experiments. The pretrained model is derived from the DOTA
dataset with all categories trained on YOLOv3 (Redmon and Farhadi,
2018). The baseline experiments are conducted on the pretrained model
fine-tuned on VisDrone and UAVDT dataset (detailed training setting
of baselines are presented in Section 4.4). Our experiments focus on
two categories: small vehicles and large vehicles, which are the only
common categories annotated on DOTA (Xia et al., 2018), UAVDT
dataset (Du et al., 2018) and VisDrone dataset (Zhu et al., 2018).

DOTA dataset: The DOTA dataset (Xia et al., 2018) consists of
satellite imagery mainly collected from Google Earth. Some of the
images are taken by satellite JL-1, and others are taken by satellite GF-2
derived from the China Center for Resources Satellite Data and Applica-
tion. The ground truth is annotated with 15 common object categories
and has a total of 188,282 instances. Given the large range in image
sizes (from 800 × 800 to 4000 × 4000 pixels), we split large images
and pad the small images to make all images have 1024 × 1024 pixels.
In our adversarial network training, we choose DOTA images (5034
in total) that contain large vehicles and categories that correspond to
small vehicle objects.

UAVDT dataset: The UAVDT dataset (Du et al., 2018) consists of
UAV imagery with vehicles selected from 10-h long videos (80,000
representative frames). The images are fully annotated with bounding
 A
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boxes with up to 14 kinds of attributes (e.g., weather condition, flying
altitude, camera view, vehicle category, occlusion, etc.). The training
set, val set, and testing set are comprised of 5000 images, 1658 images
and 3316 images respectively, each with 1024 × 540 pixels. Since all
images are selected from videos, the images from the same video are
with similar backgrounds, camera views, and illumination (for images
taken within a similar time period in a day).

VisDrone dataset: The VisDrone dataset (Zhu et al., 2018) consists
of 288 video clips, formed by 261,908 frames and 10,209 static images.
The video clips were captured by various drone-mounted cameras,
covering a wide range of aspects with varying locations, environments,
object types, and object density. The dataset was collected using various
drone platforms, in different scenarios, and under various weather and
lighting conditions. We selected images that contain large vehicles or
small vehicles, and three subsets are divided according to the original
division of in VisDrone benchmark dataset: train (6192 images), val
(519 images), and test (1564 images). Since the images were collected
via different platforms, the raw images are with two different sizes:
1360 × 765 pixels and 960 × 540 pixels.

4.2. Implementation details

All experiments are carried out on a workstation equipped with an
Intel(R) Core(TM) i7-9800X CPU @ 3.80 GHz, two NVIDIA Geforce RTX
2080ti GPUs with 11G memory. The operating system is Ubuntu 16.04.
We implement the whole program based on the publicly available Open
MMLab Detection (Chen et al., 2019) framework built on the PyTorch
platform. To obtain the pretrained model, we trained the split DOTA
dataset from the YOLOv3 network in 30,000 steps with all 15 common
object categories and an image size of 1024 × 1024 pixels. We resize
the image to a size of 416 × 416 as input to the feature extractor
network. Experiments involve different backbone networks that include
ResNet-50 (He et al., 2016) and ResNeXt-101 (Xie et al., 2017).

The feature extractor network and discriminator in the multi-scale
adversarial network are trained with the Stochastic Gradient Descent
(SGD) optimizer and momentum of 0.9, weight decay of 0.0005, initial
learning rate 𝑙𝑟1 = 0.001, 𝑙𝑟2 = 0.001 and 𝑏𝑒𝑡𝑎𝑠 = (0.9, 0.999). The
maximum iteration number is set 62,500 in all experiments. In order to
improve the training efficiency, the learning rate 𝑙𝑟1 and 𝑙𝑟2 are atten-
uated according to the number of iterations in the training progress.
When the iterations 𝑖𝑡𝑟 = 50,000 and 𝑖𝑡𝑟 = 55,000, the learning rate
setting 𝑙𝑟1 and 𝑙𝑟2 reduced to 1∕10 of the current value.

4.3. Evaluation metrics

In our experiments, we use the Mean Average Precision (mAP) to
compare the performance among different models quantitatively. The
mAP, calculated from the mean value of Average Precision (AP) of dif-
ferent categories, is widely used in the field of vehicle detection (Chen
et al., 2019; Cai and Vasconcelos, 2018; Tian et al., 2019). Given 𝑚𝑐𝑙𝑠
as the number of categories, the values of AP and mAP are calculated
as:

𝐴𝑃 =
𝐾
∑

𝑘=1
𝑃𝑐(𝑘)𝛥𝑅𝑐(𝑘)

𝑚𝐴𝑃 = 1
𝑚𝑐𝑙𝑠

𝑚𝑐𝑙𝑠
∑

𝐴𝑃

here 𝑃𝑐 denotes the ratio of correctly predicted positive observations
o the total predicted positive observations. 𝑅𝑐 represents the ratio
f correctly predicted positive observations to all observations in the
ctual class. 𝐴𝑃 is the average 𝑃𝑐 value on the PR curve (taking 𝑅𝑐 as

the horizontal axis and 𝑃𝑐 as the vertical axis) of detection results.
Furthermore, in order to evaluate the proposed method integrally, 6

metrics are used here: AP[50,95], AP50, AP75, APS, APM and APL. AP50,
P , AP denote mAP evaluated on 𝐼𝑜𝑈 = 0.5, 𝐼𝑜𝑈 = 0.75 and
75 [50,95]
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Table 1
Comparisons of detection performance on UAVDT dataset.
Experiment Backbone AP[50,95] AP50 AP75 APS APM APL Params Flops

𝐹𝑎𝑠𝑡𝑒𝑟 ResNet-50 16.1 28.8 16.3 7.2 33.8 32.8 41.13 46.49
𝑅𝑒𝑡𝑖𝑛𝑎𝑁𝑒𝑡 ResNet-50 16.2 34.0 13.7 8.8 30.1 23.8 36.42 35.73
𝐹𝐶𝑂𝑆 ResNet-50 12.3 27.2 9.3 6.6 23.8 24.2 31.84 33.29
𝑆𝐴𝐵𝐿 ResNet-50 16.9 29.1 17.5 7.7 34.8 34.0 41.91 106.09
𝐶𝑎𝑠𝑐𝑎𝑑𝑒 ResNet-50 16.8 30.2 16.7 7.6 34.7 35.1 68.93 74.29
𝑆𝐴𝐵𝐿 ResNeXt-101 18.0 30.5 19.7 9.0 36.5 32.0 99.63 145.51
𝐶𝑎𝑠𝑐𝑎𝑑𝑒 ResNeXt-101 18.7 31.2 20.7 10.1 37.2 32.1 126.65 113.71

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 Darknet-53 20.2 38.7 19.0 10.8 37.9 28.4 61.53 32.76
𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒_𝐽𝑜𝑖𝑛𝑡 Darknet-53 20.8 42.9 17.2 11.6 37.3 29.6 61.53 32.76
𝐴𝑑𝑁𝑒𝑡_𝑆𝑆 Darknet-53 21.3 42.6 18.3 11.5 37.7 30.7 77.16 32.76
𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 Darknet-53 21.5 43.5 18.3 12.1 37.9 27.9 99.29 32.76
Table 2
Comparisons of detection performance on VisDrone dataset.
Experiment Backbone AP[50,95] AP50 AP75 APS APM APL Params Flops

𝐹𝑎𝑠𝑡𝑒𝑟 ResNet-50 22.0 39.1 22.4 2.2 32.2 55.6 41.13 46.49
𝑅𝑒𝑡𝑖𝑛𝑎𝑁𝑒𝑡 ResNet-50 22.7 44.3 20.7 4.5 31.3 53.5 36.42 35.73
𝐹𝐶𝑂𝑆 ResNet-50 16.6 32.8 15.1 2.8 21.9 49.6 31.84 33.29
𝑆𝐴𝐵𝐿 ResNet-50 24.2 40.4 25.9 2.3 35.2 60.8 41.91 106.09
𝐶𝑎𝑠𝑐𝑎𝑑𝑒 ResNet-50 23.9 40.9 24.9 3.1 34.8 57.7 68.93 74.29
𝑆𝐴𝐵𝐿 ResNeXt-101 25.0 41.2 26.9 2.3 36.3 61.7 99.63 145.51
𝐶𝑎𝑠𝑐𝑎𝑑𝑒 ResNeXt-101 26.0 43.1 28.0 2.9 37.6 62.4 126.65 113.71

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 Darknet-53 29.7 55.7 29.1 11.7 39.7 57.1 61.53 32.76
𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒_𝐽𝑜𝑖𝑛𝑡 Darknet-53 31.6 58.4 31.0 12.9 42.5 59.7 61.53 32.76
𝐴𝑑𝑁𝑒𝑡_𝑆𝑆 Darknet-53 31.1 57.9 30.5 12.5 41.6 59.5 77.16 32.76
𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 Darknet-53 32.3 60.4 31.1 13.0 42.7 59.6 99.29 32.76
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𝐼𝑜𝑈 = [0.50 ∶ 0.05 ∶ 0.95] respectively. AP, APS, APM and APL are
AP at different scales (Lin et al., 2014) with 𝐼𝑜𝑈 = [0.50 ∶ 0.05 ∶
.95]. Specifically, AP50, abbreviated as mean AP or mAP in different
apers (Xia et al., 2018), is the most commonly used evaluation index
mong these 6 metrics.

.4. Quantitative evaluation

We conduct a series of experiments on both the UAVDT and Vis-
rone dataset to showcase the advantages of the proposed architecture.
o highlight the utility of the proposed method, the quantitative exper-

ment results on both baselines and the proposed method are shown in
ables 1 and 2, where all training and testing processes use the same
efault runtime settings and image processing rules. The comparative
xperiments include not only widely used methods (𝐹𝑎𝑠𝑡𝑒𝑟 Ren et al.,
015, 𝑅𝑒𝑡𝑖𝑛𝑎𝑁𝑒𝑡 Lin et al., 2020, 𝑌 𝑜𝑙𝑜𝑣3 Redmon and Farhadi, 2018),
ut also state-of-the-art approaches (𝐶𝑎𝑠𝑐𝑎𝑑𝑒 Cai and Vasconcelos,
018, 𝐹𝐶𝑂𝑆 Tian et al., 2019, 𝑆𝐴𝐵𝐿 Wang et al., 2020). Since
ur proposed feature extractor network is based on 𝑌 𝑜𝑙𝑜𝑣3 method,
he experiment 𝑌 𝑜𝑙𝑜𝑣3 is also considered as the 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒. The exper-
ment 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 lists results by our proposed multi-scale adversarial
etwork.

Specifically, to ensure that the 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 has the same access to
he remote sensing data as 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆, we first train a pretrained
odel using remote sensing images (DOTA dataset in our experi-
ent), and then derive detection model on the previous pretrained
odel. Furthermore, in order to show the experimental results under

lternate training of the remote sensing images and UAV images,
𝑎𝑠𝑒𝑙𝑖𝑛𝑒_𝐽𝑜𝑖𝑛𝑡 is set as another comparative experiment, which has

he same feature extractor and training mechanism as 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆.
he only difference between 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒_𝐽𝑜𝑖𝑛𝑡 and 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 is that
he 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒_𝐽𝑜𝑖𝑛𝑡 discards the discriminator structure in Section 3.2,
nd no 𝐿𝑎𝑑𝑣 is calculated in loss function. Moreover, to highlight the
dvantage of the multi-scale design, we design a single-scale discrimi-
ator, named 𝐴𝑑𝑁𝑒𝑡_𝑆𝑆. Compared to 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 with a multi-scale
tructure, 𝐴𝑑𝑁𝑒𝑡_𝑆𝑆 chooses the highest dimensional feature 𝑋1 from
he deep convolutional extractor, deprived of the second layer and third

ayer input. v
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We observe that the 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 network has the best performance
n almost all precision metrics (up to 2.6% gains in AP[50,95] compared
ith 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 and up to 10.3% gains in AP[50,95] compared with 𝐹𝑎𝑠𝑡𝑒𝑟
ased on ResNet-50) on both UAVDT Dataset and VisDrone Dataset,
uggesting that our proposed multi-scale adversarial network improves
he detection in UAV imagery with the integration of the domain
daptation and multi-scale design. It is worth noting that a few base
etworks show higher performance than the proposed method in APL.
owever, given the trade-off process of detecting large vehicles and

mall vehicles in UAV images via a certain model, the improvement of
recision of small targets has a greater significance in overall detection
valuation AP.

To further analyze the complexity and computational efficiency of
he proposed method, we present the Params (using M as a unit Chen
t al., 2019) and Flops (using GFLOPs as a unit Chen et al., 2019) in
ast two columns in Tables 1 and 2. We observe an increased number
f parameters in 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 compared with other models, while the
ounts of Flops in 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 remain to be the lowest (unchanged
ompared with 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒). These results are presumably due to the
ttachment of the multi-scale discriminator in the proposed algorithm,
hich leads to more parameters in the model but results in no addi-

ional calculation during the detection phase. Although the proposed
ethod has more parameters, considering the low computation in the
etection phase, the improvement of the general accuracy, and the
mprovement of detection, we believe the advantages of attaching
ulti-scale discriminator outweigh the disadvantages.

.5. Qualitative evaluation

Selected experimental results generated by our proposed multi-scale
dversarial network are shown in Figs. 6 and 7, where the detected
bjects are labeled manually with green rectangles with predicted
ategories. The first, second, and third rows of images in Figs. 6
nd 7 are examples of vehicle detection results respectively from the
AVDT dataset and the VisDrone dataset. The presented examples are

elected to cover day, night, and fog conditions and contain vehicles
bjects from various viewpoints and altitudes. We observe that most

ehicles in these images are accurately detected, demonstrating the
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Fig. 6. The detection results in UAVDT dataset by the proposed multi-scale adversarial network. The detected vehicles are labeled with green rectangles and marked with categories
and confidence scores. The last row shows selected images with wrongly detected or undetected vehicle objects. (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)
Fig. 7. The detection results in the VisDrone dataset by the proposed multi-scale adversarial network. The detected vehicles are labeled with green rectangles and marked with
categories and confidence scores. The last row shows selected images with wrongly detected or undetected vehicle objects. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
great capability of our algorithm in detecting vehicles objects from UAV
imagery.

The last row of images in Figs. 6 and 7 are images with wrongly de-
tected and undetected objects. We observe that most wrong detections
appear in images taken from a high altitude and images that contain
vehicles greatly differing in size, indicating that the proposed detectors
can be further improved. We further observe that many occluded vehi-
cles by trees, buildings, and poles are missed (see the last row in Fig. 7),
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suggesting that detecting occluded objects remains to be a challenging
task. We also notice the existence of some wrongly annotated ground
truths, like the large green rectangular in the first image in the last row
in Fig. 6. We acknowledge that wrongly labeled ground truths affect
model training and experiment evaluation. However, it is difficult to
correct all the labels in these training datasets.

Fig. 8 presents the feature visualization from randomly selected
images in the testing set on the VisDrone dataset. As described in
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Fig. 8. Feature visualization from the 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 and the proposed 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆. (a) randomly selected images in the VisDrone dataset; (b) visualization results from the 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒
model; (c) visualization results from the 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 model; (d) ground truth labeled images. (For interpretation of the references to color in this figure legend, the reader is
referred to the web version of this article.)
Section 3.2, our proposed method aims to learn a function 𝐺𝑒 to obtain
collaborative features 𝐺𝑒(𝑥𝑢) beyond perspectives and altitudes in UAV
image 𝑥𝑢. Thus, features 𝐺𝑒(𝑥𝑢) and features from the 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 model
explicitly reflect the functionality of the designed multi-scale adver-
sarial network. The rows (a) and (d) in Fig. 8 respectively show the
original images and images labeled with ground truth by red rectangles.
Row (b) and (c) respectively present the feature visualization from
the 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 model and the 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 model. We use interpolation
and element-sum operation to combine multi-scale features. All fea-
tures are presented in the HSV color space using channel maximum
squeeze. From Fig. 8, we observe that the highly responsive regions
in the extracted feature map from the proposed 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 contain
clearer structures of vehicles than the 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 model that often fails
to discriminate vehicles from the background (see the highlighted red
rectangle).

Furthermore, for the purpose of qualitative comparison between
our proposed networks and baseline, we present randomly selected
examples of detection results on 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 and 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 in Fig. 9.
Note that (a) and (b) show examples from the UAVDT dataset, while
(c) and (d) show examples from the VisDrone dataset. Additionally,
selected areas are zoomed in with objects in multiple scales (examples
in the first line in Fig. 9), occlusion (second line in Fig. 9), and poor
photograph conditions (third line in Fig. 9) on each detection result,
where the improvement of detection results based on our proposed
network is visible. Compared with detection results in 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒, multi-
scale discriminator benefits the whole 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 in aligning features
under different perspectives and altitudes, and the results demonstrate
that our proposed 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 improves generalization of vehicle detec-
tion in UAV imagery and is capable of detecting vehicles with multiple
scales, with occlusion, and under poor photograph conditions.

4.6. Ablation analysis

To examine the functionality of the discriminator, we set up a series
of ablation experiments governed by 𝜆𝑎𝑑𝑣, a parameter to balance the
detection loss 𝐿𝑑𝑒𝑡 and adversarial loss 𝐿𝑎𝑑𝑣. Tables 3 and 4 present
the results with different 𝜆𝑎𝑑𝑣. First, we observe two obvious AP im-
provements in the middle of training, corresponding to the reduction
in learning rates. The results demonstrate that our learning rate set-
ting is effective, suggesting that an attenuated learning rate facilitates
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Table 3
Comparisons of detection performance with different 𝜆𝑎𝑑𝑣 on UAVDT dataset.

Experiment AP[50,95] AP50 AP75 APS APM APL

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒_𝐽𝑜𝑖𝑛𝑡 20.8 42.9 17.2 11.6 37.3 29.6
𝐴𝑑𝑁𝑒𝑡_𝑀𝑆1 21.4 43.1 18.3 12.3 36.7 30.0
𝐴𝑑𝑁𝑒𝑡_𝑀𝑆2 21.5 43.5 18.3 12.1 37.9 27.9
𝐴𝑑𝑁𝑒𝑡_𝑀𝑆4 21.1 41.6 19.0 11.8 37.8 28.0
𝐴𝑑𝑁𝑒𝑡_𝑀𝑆6 20.7 41.5 18.2 11.7 36.1 32.0

Table 4
Comparisons of detection performance with different 𝜆𝑎𝑑𝑣 on VisDrone dataset.

Experiment AP[50,95] AP50 AP75 APS APM APL

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒_𝐽𝑜𝑖𝑛𝑡 31.6 58.4 31.0 12.9 42.5 59.7
𝐴𝑑𝑁𝑒𝑡_𝑀𝑆2 32.0 59.4 31.5 12.9 42.5 59.5
𝐴𝑑𝑁𝑒𝑡_𝑀𝑆4 32.3 60.4 31.1 13.0 42.7 59.6
𝐴𝑑𝑁𝑒𝑡_𝑀𝑆6 32.3 60.0 31.5 12.9 42.9 59.6
𝐴𝑑𝑁𝑒𝑡_𝑀𝑆10 31.5 58.9 31.0 12.9 42.2 60.3

training efficiency and post-stability. We further observe that, as the
𝜆𝑎𝑑𝑣 increases from 1 to 2 in Table 3 and from 2 to 4 in Table 4,
the performance of the adversarial network increases, which verifies
the significance of multi-scale discriminator, and when 𝜆𝑎𝑑𝑣 increases
from 4 to larger values, however, the performance decreases. In the
designed adversarial architecture, 𝜆𝑎𝑑𝑣 aims to grant the extractor the
ability to confuse the discriminator, facilitating the extractor to acquire
deep common features from both the remote sensing dataset and UAV
dataset. As 𝜆𝑎𝑑𝑣 increases, the discriminator has an increasing influence
on the feature extractor. With 𝜆𝑎𝑑𝑣 increasing to a certain point, how-
ever, it makes the deep extractor consider more on discriminator and
less on extracted features for detection, which worsens the performance
as shown in the above experiments. In our comparative experiments,
we obtain the results from our proposed multi-scale adversarial net-
work with 𝜆𝑎𝑑𝑣 = 2 and 𝜆𝑎𝑑𝑣 = 4 on UAVDT dataset and VisDrone
dataset. The results above prove the crucial role of the discriminator
in the performance of our network, as it gives positive feedback during
the training of the extractor.
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Fig. 9. Qualitative comparisons of detection results based on the proposed multi-scale adversarial network and baseline. From left to right: (a) detection result of 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 from
AVDT dataset; (b) detection result of 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 from UAVDT dataset; (c) detection result of 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 from VisDrone dataset; (d) detection result of 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 from VisDrone
ataset. Compared with results from 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒, the proposed method detects more vehicles in multiple scales, occlusion and poor photography conditions.
able 5
uantitative results of different situation in UAVDT dataset.
Experiment Day Night Fog Low Medium High Front Side Bird

𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 19.1 33.4 12.4 33.0 23.1 10.1 21.4 24.1 15.5
𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒_𝐽𝑜𝑖𝑛𝑡 20.7 32.6 11.3 35.9 22.8 10.9 22.8 25.8 14.5
𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 20.9 34.5 11.6 37.6 23.3 11.3 23.7 26.1 15.1

4.7. Quantitative analysis on different attributes

In previous sections, we have shown that the proposed multi-scale
adversarial network achieves great performance in both UAVDT dataset
and VisDrone dataset. To further explore the performance variation
with different image shooting conditions, we conduct experiments us-
ing the annotation of attributes in the UAVDT dataset, which include
𝑊 𝑒𝑎𝑡ℎ𝑒𝑟 𝐶𝑜𝑛𝑑𝑖𝑡𝑖𝑜𝑛, 𝐹 𝑙𝑦𝑖𝑛𝑔 𝐴𝑙𝑡𝑖𝑡𝑢𝑑𝑒, 𝐶𝑎𝑚𝑒𝑟𝑎 𝑉 𝑖𝑒𝑤. Weather Condition
(including 𝐷𝑎𝑦, 𝑁𝑖𝑔ℎ𝑡 and 𝐹𝑜𝑔) determines the illuminating condition
when images are being captured, which affects the appearance rep-
resentation of objects. Flying Altitude (including 𝐿𝑜𝑤, 𝑀𝑒𝑑𝑖𝑢𝑚 and
𝑖𝑔ℎ altitude) represents the flying height of UAVs, leading to scale

ariation of objects. Camera View consists of 3 object views, i.e., 𝐹𝑟𝑜𝑛𝑡,
𝑆𝑖𝑑𝑒 and 𝐵𝑖𝑟𝑑 view.

The attributes of UAV images suggests the great heterogeneity
of images in the UAVDT dataset, which leads to challenges for ve-
hicle detection but benefits the model generalization capability. Ta-
ble 5 presents the AP[50,95] of vehicle detection results from 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒,
𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒_𝐽𝑜𝑖𝑛𝑡, 𝐴𝑑𝑁𝑒𝑡_𝑆𝑆, 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 with different imaging situa-
tions. Compared with the results from the 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 and 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒_𝐽𝑜𝑖𝑛𝑡,
the proposed adversarial network achieves improved performance in
all situations except 𝐹𝑜𝑔 and 𝐵𝑖𝑟𝑑 view. The results suggest that our
network achieves more robustness to variation in appearance in UAV
imagery. Despite the good performance of the baseline in images of
𝐹𝑜𝑔 and 𝐵𝑖𝑟𝑑, its performance on images of other attributes is very
limited (presumably resulting from overfitting). As our network in-
troduces satellite imagery into the UAV imagery by facilitating their
feature alignment in the feature space, it is able to improve detection
performance on various sensor altitudes and background conditions.

From the model performance under different 𝐹 𝑙𝑦𝑖𝑛𝑔 𝐴𝑙𝑡𝑖𝑡𝑢𝑑𝑒, we
notice that the proposed 𝐴𝑑𝑁𝑒𝑡_𝑀𝑆 network achieves the highest
AP[50,95] in 𝐿𝑜𝑤, 𝑀𝑒𝑑𝑖𝑢𝑚 and 𝐻𝑖𝑔ℎ, compared with other models.
Specifically, all models perform better in 𝐷𝑎𝑦 and 𝑁𝑖𝑔ℎ𝑡 situations,
compared with situations of 𝐹𝑜𝑔 situations. This can be explained by
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the fact that fog scenes generally present scarce texture information and
little sharp details. In addition, we find that models present different
performances given images taken at different flying altitudes. All mod-
els show better performance on images taken at lower flying altitudes,
as they contain more detailed information that benefits the object
detector. Camera view also plays an important role in the detector
performance, with side view images showing the highest detection
accuracy, presumably due to their diverse details.

5. Conclusions

The large differences in vehicle appearance and size and the com-
plex and diverse scenes from UAV images have caused great difficulty
in the vehicle detection tasks. Such variation presents a significant
challenge in particular to supervised learning-based approaches that
rely on training examples that are representative of all possible sce-
narios. In this study, we seek to address the large variation in UAV
imagery from a novel perspective. We argue that, while there might
be a large variation in appearance in UAV imagery, there is much less
in traditional remote sensing imagery, such as the ones taken from
satellite or aircraft. Thus, satellite imagery can serve as a common
anchor or reference for aligning the UAV features. The rich training
remote sensing images further contribute to the robustness of such
anchor training.

Following this rationale, we propose a novel multi-scale adversarial
network for improved vehicle detection in UAV imagery. Our proposed
framework consists of three sub-networks: a deep convolutional feature
extractor, a multi-scale discriminator, and a vehicle detection network.
The feature extractor is a two-path structure with one path for the UAV
imagery and another for the satellite imagery. The shared weights in
feature extractor allow us to exploit the large collections of labeled re-
mote sensing imagery for improved vehicle detection in UAV imagery.
The multi-scale discriminator performs feature alignment by forcing the
extractor to learn features that are indistinguishable as to whether they
are from UAV or remote sensing imagery, in an adversarial manner.

We demonstrate the effectiveness of our approach on the UAVDT
and VisDrone datasets. Experimental results suggest that our proposed
algorithm improves the vehicle detection accuracy in both datasets,
and the proposed model achieves great performance in images taken
from different perspectives, at different altitudes, and under different
imaging situations.
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