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Abstract

Multi-pedestrian and -vehicle tracking in aerial imagery has several critical applications,
including event monitoring, disaster management, predictive traffic, and transport efficiency.
While some research works already studied vehicle tracking in remote sensing scenarios,
pedestrian tracking has not found the necessary attraction caused by the insufficient level
of detail in aerial imagery. Recently, the development of better camera systems and the
possibility to capture aerial imagery at low-cost paved the way for establishing novel tracking
approaches based on remote sensing. However, current state-of-the-art algorithms, including
deep learning based methods, perform especially poorly with pedestrians in aerial imagery,
incapable of handling severe challenges such as the large number and the tiny size of the
pedestrians (e.g., 4 � 4 pixels) with their similar appearances as well as different scales,
atmospheric conditions, low frame rates, and moving camera. In contrast to vehicles moving
along predetermined paths, such as highways or streets, pedestrians show more difficult
motion characteristics posing additional demands on the tracker.

Within the scope of this master thesis, we propose AerialMPTNet, a novel regression-based
deep neural network able to tackle the challenges of pedestrian and vehicle tracking in
geo-referenced aerial imagery. AerialMPTNet fuses appearance features by a Siamese Neural
Network with movement prediction of a Long Short-Term Memory and adjacent graphical
features of Graph Convolutional Neural Network. In contrast to previous works, we encode
the motion model and the adjacent neighbor modeling in an end-to-end fashion as part of the
neural network. Consequently, our network can learn motion characteristics directly from the
data and additionally learns to weight the influence of surrounding objects. Furthermore, to
the best of our knowledge, we are the first to apply Squeeze-and-Excitation layers and Online
Hard Example Mining to a regression-based deep tracker.

We evaluate AerialMPNet intensively on two aerial pedestrian datasets, AerialMPT and
KIT AIS pedestrian. Both datasets consist of multiple image sequences captured at two frames
per second on different flying altitudes, showing different crowd densities and different
terrain (e.g., open-air concerts, Munich city areas, BAUMA trade fair). Results indicate that
AerialMPTNet outperforms state-of-the-art algorithms such as Tracktor++, SMSOT-CNN or
DCFNet on pedestrian tracking in aerial imagery significantly. Compared to the SMSOT-CNN
baseline, multiple-object tracker accuracy (MOTA) improves by 18.8 points to -16.2 and by
13.8 points to -23.4 on KIT AIS pedestrian and AerialMPT, respectively.

Additionally, we evaluate our approach on the KIT AIS vehicle dataset. AerialMPTNet
achieves a competitive MOTA score of 42.0. Since we fitted our method gradually for
pedestrian tracking, other trackers achieve better scores here.
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1 Introduction

Visual Object Tracking (VOT) is a fundamental challenge in computer vision dealing with
locating objects in visual data over time. Although much progress has been made in recent
years [1, 2, 3, 4], challenging problems such as heavy occlusions, different scales, background
clutter or crowded scenes remain unsolved. VOT can be divided into single- and multiple-
object trackers (SOTs and MOTs). While SOTs track one single object within a video or
an image sequence, MOTs locate multiple objects at each frame. MOT scenarios are often
more complex than SOT scenarios since trackers must handle a larger amount of objects in a
reasonable time.

MOT methods using traditional approaches such as Kalman and particle �lters [5, 6],
Discriminative Correlation Filter (DCF) [7] or silhouette tracking [8] perform poorly in
unconstrained environments. They are handicapped by handcrafted target representations
(Histogram of Gradients (HOG) [9], color, position) and nondynamic target modeling [10].
In general, most of these works consider several constraints to simplify the tracking task
signi�cantly. Such constraints include, for example, stationary cameras, the limited amount of
occlusion as well as the number of objects, and no sudden background or object appearance
changes. The recent success of deep learning (DL) based techniques in object detection,
segmentation and classi�cation [11, 12, 13] in�uenced VOT signi�cantly, leading to the
development of better tracking methods based on Deep Neural Networks (DNN) such as
Convolutional Neural Networks (CNNs) [14, 15], Recurrent Neural Networks (RNNs) [16],
Siamese Neural Networks (SNNs) [17, 18], Generative Adversarial Networks (GANs) [19] and
custom architectures [20].

As of today, tracking algorithms play a crucial role in many �elds. Critical applications
for MOT in ground imagery are, for example, in autonomous driving, where tracking of
nearby vehicles and pedestrians is required for path planning, or in visual surveillance,
where tracking of suspicious pedestrians in CCTV footage is required for security reasons.
Additionally, video-based pedestrian tracking and counting can provide unbiased information
for tourism, public transportation, security, and safety. Tracking algorithms also have use
cases in �elds such as sports [21] (e.g., tracking of the ball in tennis matches), medicine [22]
(e.g., path planning in computer-aided surgery), or biology [23] (e.g., evaluation of bacteria
growth and movement).

In the �eld of remote sensing, VOT was previously challenging to exploit due to the limited
level of detail in aerial imagery. NASA's �rst generations of the Landsat satellites provided
a resolution of 60m per pixel, for example. Such a resolution is not suf�cient for VOT
approaches dealing with small objects. Nevertheless, remote sensing provides a cheap way of
collecting large-scale aerial imagery in a short amount of time. Recently, the development
of better camera systems made very high-resolution aerial imagery available, opening the
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1 Introduction

�eld for a various number of applications ranging from the analysis of ecological systems
to drone surveillance [24, 25]. Furthermore, aerial imagery provided by airborne platforms,
such as helicopters and aircraft, is useful in several �elds. In forestry, airborne images are
useful to monitor tree yield, tree trimming, and �re. Additionally, the data allows the study
and management of coastal ecosystems and can be used by insurances to monitor �ooding
[26, 27]. Current commercial satellites provide image data with resolutions of up to 30cm
per pixel and allow high acquisition speeds. However, airborne platforms can deliver image
data with even higher resolutions since the distance to the ground is lower than those of
satellites. These developments alleviate previous limitations and make it possible to develop
novel MOT methods dealing with aerial imagery and small objects such as ships, cars, and
pedestrians, offering new chances in predictive traf�c, event monitoring, transport ef�ciency,
and security. Tracking and detection of humans also have use cases in disaster management.
A good example is the recent coronavirus crisis, where such methods are valuable by giving
authorities notice about people not following curfew rules.

Despite its practical applications, only a few research works have dealt with MOT scenarios
in aerial imagery [28, 29, 30]. The vast amount of moving objects, multiple scales, and the
small size of objects compared to standard computer vision scenarios makes tracking in
aerial imagery especially dif�cult. Challenges also include low frame rates, different kinds
of visibilities and weather conditions, large images, and moving cameras. Image data from
drone or ground surveillance datasets, which �nd usage in standard MOT benchmarks such
as MOT16 and MOT17 [31], differ signi�cantly: Targets are bigger, placed with less spatial
density and often have unambiguous appearance features discriminating them from other
objects. Additionally, videos are recorded with higher frame rates and better quality.

In this master thesis, we aim to develop a deep learning based tracking method dealing
with multi-pedestrian and multi-vehicle tracking in geo-referenced aerial image sequences.
The image sequences were captured by an airborne platform during different �ight campaigns
of the German Aerospace Center (DLR) and vary signi�cantly in crowd density, movement
patterns, quality, and image size. The Ground Sampling Distance (GSD), which re�ects the
spatial size of a pixel in cm, varies between 8 cm and 13 cm. Consequently, the images were
captured at different �ight altitudes, and dependent on the altitude, similar objects can have
different relative sizes in the image plane. The total number of objects per sequence ranges
up to 609, and hence, hard memory and computational demands are placed on the tracker.
Pedestrians occur in these images just as small points, hardly exceeding more than 4 x 4 pixels.
Even for human experts, distinguishing multiple pedestrians based on their appearance is
laborious and challenging. Vehicles appear as bigger objects and are easier to distinguish.
However, different vehicle sizes, fast movements paired with low frame rates, and occlusions
(e.g., when vehicles are located under bridges or partly occluded by trees or other vehicles)
add to the complexity of this situation. Figure 1.1 illustrates the challenges of MOT in aerial
imagery clearly.

Generally, DNN-based tracking methods can be categorized into detection- and regression-
based methods. Regression-based trackers usually receive two image samples, a target crop
and a search crop, and directly regress an object's position based on the known initial position
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1 Introduction

(a) Crop showing multiple pedestrians.
It is dif�cult to distinguish between
them (here with shadows) and other
similar-looking objects (here without
shadows). The low contrast also poses
severe challenges to a tracker.

(b) Crop showing multiple pedestrians
at the BAUMA trade fair. The tracking
of pedestrians in a small alley together
with occlusions, shadows, and strong
background colors is demanding.

(c) Crop showing multiple cars. The
shadow on the right hand side poses a
severe challenge to a tracker.

(d) Crop showing multiple cars. Vehi-
cles on the left hand side are party oc-
cluded by trees.

Figure 1.1: Visualizations of some major challenges in aerial multi-object tracking. The crops
are taken from the KIT AIS pedestrian (top-left), the AerialMPT (top-right) and
the KIT AIS vehicle dataset (bottom).
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1 Introduction

in the target crop [32, 33]. Detection-based trackers mostly employ object detectors and link
detections with the previous tracks to �nd a suitable trajectory. However, the current DL-
based trackers are not well-equipped to handle the challenges of the scenarios we are facing.
Due to the different atmospheric conditions, small objects are hardly visible in some samples,
leading to a high amount of false-negatives and -positives in tracking-by-detection based
frameworks. In contrast, regression-based trackers lack integrating essential information such
as the previous movements of the targets.

Dealing successfully with the challenges of MOT in aerial imagery, we propose AerialMPT-
Net, a regression-based neural network improving the tracking performance for pedestrians
and vehicles by a large margin compared to previous works. AerialMPTNet consists of an
SNN which takes two image crops as input, namely a target and a search crop where the
target position is known and has to be determined, respectively. The image crops contain
appearance information that AerialMPTNet uses to regress an object's position. Furthermore,
it is designed and trained to incorporate temporal and adjacent information of the movements
of all objects in an end-to-end manner. Our method bene�ts from a Long Short-Term Memory
(LSTM) for movement prediction and a GraphCNN for adjacent modeling (i.e., the spatial
and temporal relationships between adjacent objects). The �nal output of the network is four
coordinates describing the top-left and bottom-right corner of the object's bounding box in
search crop coordinates. Additionally, to the best of our knowledge, we are the �rst work
to apply Online Hard Example Mining (OHEM) and adaptive weighting of convolutional
channels by using Squeeze-and-Excitation (SE) layers to a regression-based DL tracker. We
evaluate the proposed network intensively on the KIT AIS 1 pedestrian and vehicle datasets
and compare them with several state-of-the-art trackers. Additionally, we benchmark the
proposed solution to the newly introduced Aerial Multi-Pedestrian Tracking (AerialMPT)
dataset. The related paper is currently under review for the ICPR2020conference, and hence,
we cannot give a reference here.

For pedestrian tracking, AerialMPTNet outperforms all previous methods in terms of
MOTA (-16.2 and -23.4 for KIT AIS and AerialMPT, respectively). It reaches a competitive
MOTP of 69.6 and 69.7. Adding the LSTM and GraphCNN modules bring consecutive perfor-
mance gains. For vehicle tracking, AerialMPTNet reaches a competitive MOTA and MOTP
of 42.0 and 76.3. Our methods, including the LSTM- and GraphCNN-based AerialMPTNet,
rank within the three best-performing trackers.

In the following, chapter 2 provides an overview of related work and the necessary
theoretical background. Afterwards, we introduce essential metrics and datasets in chapter 3.
In chapter 4, we describe the preliminary experiments we conducted during the progress
of this thesis. We explain our methodology in chapter 5 in detail and evaluate and discuss
our proposed methods in chapter 6. Last but not least, we conclude this master thesis with
chapter 7 and give some ideas for future work.

1https://www.ipf.kit.edu/code.php
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2 Theoretical Background & Related Work

This chapter introduces the essential theoretical background and related works. We start by
giving an overview of computer vision and remote sensing and show the distinction between
them. Afterwards, we explain the basics of Machine and Deep Learning related to this thesis.
This chapter concludes with background and related work of visual object tracking and its
application in aerial imagery.

2.1 Computer Vision & Remote Sensing

Computer vision and remote sensing are related topics, both dealing with the processing and
computer understanding of images. The goal of traditional computer vision is to make a
computer autonomously perform some of the tasks the human visual system can perform
and to infer something about the environment in which a picture was taken [34]. In contrast
to pure image processing, the output of a computer vision algorithm gives back information
about the given image, and not of a new picture. Information can be anything such as object
detection and recognition results, camera position, 3D models, and image segmentation.
Although computer vision tasks often seem trivial for humans, they remain highly complex
for computers since visual perception is not bound to any speci�c environment, and since
different types and amounts of occlusions can limit the view on a target. Additionally, a
target can move, and hence, can be seen from different views and with different lighting
conditions [35]. Nevertheless, there has been much progress in the �eld, especially with the
rise of machine learning and deep learning, the affordable and easy access to computing
power and the availability of mobile technologies offering massive amounts of photo and
video data. Recently, computers surpassed the reported human-level-performance on the
ImageNet dataset [36] for object classi�cation [37]. Optical Character Recognition (OCR),
medical imaging, machine inspection, facial recognition, pattern detection, surveillance,
motion capturing, and feature matching are other �elds of application for computer vision
[35].

In contrast to computer vision, remote sensing deals with different scenarios: Observing
the earth and the environment from space or very high altitudes and retrieving information
from these observations. During the fast development of remote sensing, it provided us
with a better understanding of weather and climate, leading to a more precise weather
forecast, offers a cheap and effective way of collecting information of vast spatial regions,
and provides methods to monitor ground objects over time [38, 24]. Such information is
useful to analyze the development of rural and urban areas or the evolution of agricultural
processes by providing repetitive knowledge on crop status during different times of a season.
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2 Theoretical Background & Related Work

These are only few examples. Others also include atmospheric research, data collection with
different scales, resolutions, and sensors, analysis of ecological systems, mapping of wild�res
and natural resources, and coordination of emergency responses [24, 25]. In recent years,
the development of better camera systems made very high-resolution image ground data
available. The higher level of detail opened the �eld for new areas of application, especially
for remote sensing tracking approaches dealing with small objects such as cars, ships, or
pedestrians [28, 29, 30].

2.2 Machine Learning

This section gives an overview of machine learning and introduces deep learning. Machine
learning pursues to provide knowledge to computers through data and observations, which
allows the computer to generalize to new situations. Machine learning tasks are divided into
three categories: supervised learning, unsupervised learning, and reinforcement learning
[39].

In supervised learning, a function maps inputs to speci�c outputs. Such inputs are provided
as datasetsD = ( x1, x2, ..), where xi can be almost any kind of data, such as images, video
�les, sound �les, point clouds, or time-series data [40]. Each sample xi is paired with a
desired output value yi , which is called the ground truth. Afterwards, an algorithm can
learn a function by analyzing the data and map unseen samples correctly. The ground truth
can either be a discrete label or a continuous variable, dividing supervised learning into
classi�cation and regression tasks. Common datasets for classi�cation are the MNIST dataset
[41] containing handwritten digits, CIFAR-10 [42] which consists of more than 60,000 images
for image classi�cation as well as MS-COCO [43] containing images for object detection and
segmentation. Popular regression datasets cover, for example, house price prediction given
the details of houses and their neighborhood as well as predicting the quality of wine given
speci�c attributes [44, 45].

The goal of unsupervised learning is to �nd previously unknown patterns or learn the
underlying distribution of data given a dataset D = ( x1, x2, ..). In contrast to supervised
learning, the samples xi are not paired with an output value yi . Instead, unsupervised
learning aims to cluster similar samples within the data, perform density estimation, or solve
association problems, for example.

Reinforcement learning mainly optimizes the actions of software agents in a given environ-
ment. The agent has no knowledge of which actions to take until it has been into a speci�c
situation. Based on its own decisions, it receives a reward depending on the outcome of its
action. Future decisions are affected by this reward. The �nal goal is to maximize the reward
in order to maximize the agent's performance.

This thesis includes approaches based on supervised learning and deep learning. Hence,
we will deepen the basics of these in the next sections.
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2 Theoretical Background & Related Work

2.2.1 Deep Learning & Neural Networks

A neural network is a computer system that can learn and perform task-speci�c jobs without
being explicitly programmed [46]. It consists of an input layer, one or multiple hidden layers,
and an output layer. The input of such networks is a vector which is transformed by the
hidden layers of the network. In each of these layers operate neurons, producing an output
based on a received input. Initially, random weights are assigned to each connection between
the neurons, and bias is assigned to each neuron. These weights and biases are updated
during the training process of the network, leading to more accurate outputs. The overall
process is called backpropagation [47]. The term deep learning emerged as networks got
more and more layers, and hence got "deeper". Figure 2.1 shows an example network with
one hidden layer.

However, for computer vision tasks dealing with image or video data, networks based on
such fully connected layers do not scale well. For example, a single neuron in the �rst hidden
layer with an input image of size 300� 300� 3 (i.g. 300 width, 300 height, 3 color channels)
has 300� 300� 3 = 270, 000weights. CNNs deal with this problem by using a combination
of convolutional, pooling, and fully connected layers. Convolutional layers consist of k �lters
of different sizes W � H. The �lters are slid across the input image and compute dot products
between the entries in the �lters and the entries in the input resulting in k 2D activation maps,
which are stacked to obtain the output [48]. Pooling layers reduce the spatial size of the
output to decrease the amount of computation and parameters in the network. Networks
built upon such structures play a key role in this thesis.

Figure 2.1: Neural network with hidden layers. Retrieved January 3, 2019: http://cs231n.
github.io/neural-networks-1/

2.2.2 Layer Types

During the experiments of this thesis, we used various layer types. While explaining every
type of layer in detail is beyond the scope of this thesis, we introduce unfamiliar ones in the
following.
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2 Theoretical Background & Related Work

Local Response Normalization

Local Response Normalization (LRN) layers are not-trainable. They perform a lateral inhibi-
tion by applying a squared normalization over an input with multiple channels.

bc = ac

 

w +
a
n

min(N � 1,c+ n/2 )

å
c0= max(0,c� n/2 )

a2
c0

! � b

(2.1)

, where ac and bc are the channel values before and after normalization, respectively, w
is a value to provide numeric stability, n is the amount of neighboring channels used for
normalization, a is a normalization constant and b is the exponent.

Squeeze-And-Excitation Layers

CNNs extract image information by sliding spatial �lters across the input on different layer
levels. While lower layers extract information such as edges and basic shapes, higher layers
can detect more advanced structures such as cars or text. Nevertheless, each �lter has a
different relevance concerning the �nal output of the network. Within any layer, the �lter
amount is equal to the output depth. However, every output channel is weighted equally.
SE Layers [49] change this behavior by weighting each channel adaptively while adding less
than one percent of computing cost. Each channel is squeezed to a single value by using
global average pooling [50], resulting in a vector with k entries. This vector is given to a
fully connected layer reducing the size of the output vector by a certain ratio, followed by
a Recti�ed Linear Unit (ReLU) activation function. The result is fed into a second fully
connected layer scaling the vector back to its original size and applying a sigmoid activation
afterwards. In a �nal step, the idea is to weight each channel of the original convolution block
by multiplying the results of the SE block.

2.2.3 Activation Functions

The activation function calculates the output of a neuron based on its input. In order to make
neural networks capable of approximating any arbitrary function, activation functions need to
be non-linear functions [51]. Since neural networks need to be optimized during the training
process, activation functions also need to be monotonic and differentiable. Commonly used
activation functions are the sigmoid function, the hyperbolic tangent, or ReLU.

Sigmoid and tangent are recently losing popularity since they both suffer from the vanishing
gradient problem. ReLU solves the problem of vanishing gradients by using a linear function
with the positive x-axis. Nevertheless, since the output of all negative values is zero, neurons
can "die" once they have a negative value. In order to solve this issue, ReLU was extended
by Leaky ReLU, which has a prede�ned negative slope and PReLU, which aims to learn the
slope of the activation function [52, 37]. Other activation functions include ELU, Maxout, and
Swish, which was recently proposed by Google [53]. Figure 2.2 shows the functions and the
graphs of some of the mentioned functions.
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2 Theoretical Background & Related Work

Figure 2.2: Activation Functions. Retrieved January 2, 2019: https://towardsdatascience.
com/complete-guide-of-activation-functions-34076e95d044

2.2.4 Loss Functions

Loss functions measure how well neural networks model the given data. They compare
the output of the network with the ground truth and calculate the cost or the error. The
loss function optimizes the network's weights w until an error threshold is met. It is also
essential that the loss function is differentiable since neural networks update all parameters
by applying backpropagation. This subsection introduces the losses relevant to this master
thesis.

L1 & L2 Loss

The L11 and L22 losses are useful when dealing with regression problems. The L1 loss
measures the Mean Absolute Error (MAE) between the output of the network x and the
ground truth y. It is calculated as followed:

L1(x, y) = å
i

jxi � yi j (2.2)

The L1 loss is less affected by outliers than the L2 loss. The L2 loss calculates the error of
the squared distance between the network output and the true value:

L2(x, y) = å
i

(xi � yi )2 (2.3)

Huber Loss

The Huber loss [54] is a mixture of the L1 and the L2 losses and combines their good properties.
It is given as the Mean Squared Error (MSE) when the error is small and calculated as the
MAE when the error is big.

LH (x, y) = å
i

zi (2.4)

1https://pytorch.org/docs/stable/_modules/torch/nn/modules/loss.html#L1Loss
2https://pytorch.org/docs/stable/_modules/torch/nn/modules/loss.html#MSELoss
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2 Theoretical Background & Related Work

zi =

(
0.5(xi � yi )2, i f jxi � yi j < 1

jxi � yi j � 0.5, otherwise
(2.5)

The Huber loss is more robust to outliers than the L2 loss and improves the L1 loss
regarding missing minima at the end of the training.

2.3 Visual Object Tracking

VOT describes the process of locating one or multiple objects in video or image sequence data
over time. The traditional tracking process consists of four phases: Initialization, appearance
modeling, motion modeling, and object �nding. During initialization, the targets are anno-
tated by hand or an object detector. There exist different annotation styles; hence, regions
can be annotated with points, bounding boxes, centroids, or object contours. In appearance
modeling, recognizing visual features of the region of interest for better representation and
the usage of various learning-based models to detect objects are important steps. Different
scales, rotations, shifts, and occlusions make this a challenging problem. As of today, fea-
tures have the most important role in tracking algorithms and can generally be divided into
handcrafted and deep features. However, handcrafted features such as HOG, color names, or
Scale-Invariant Feature Transform (SIFT) are outdated, and the research focus has recently
shifted towards deep features, able to incorporate multi-level information and to be more
tolerant against appearance variations [55]. Nevertheless, the use of DNNs is only possible if
enough training data is available. The motion modeling step aims to predict the motion of the
objects in future frames and gives back an estimate of the object's location. This procedure can
effectively reduce the search space. Suitable methods for this step include Kalman �lter [56],
Sequential Monte Carlo methods [57] or RNNs. The last step includes �nding the objects by
linking objects close to the positions provided by the motion model with the available tracks
and creating new tracks with unmatched objects. During the whole process, changing target
and motion characteristics are integrated into the appearance and motion model. These steps
can vary greatly depending on the framework, but give a general insight into the tracking
process.

As stated previously, Trackers can be divided into SOTs [58, 59] and MOTs [60, 30]. SOTs
only track a single object throughout the video, even if there are multiple objects visible in the
frames. The object which one wants to track needs to be speci�ed. MOTs can track multiple
objects at the same time but can suffer from exponential runtime complexity increase and are
slower compared to SOTs. Additionally, there exist detection-based [61] and detection-free
trackers [62]. Detection-based methods use object detectors to �nd objects in each frame.
Detection-free approaches mostly have a better runtime but are not able to detect new objects
and require manual initialization. Another distinguishing feature is the learning strategy.
Tracking algorithms trained with an online learning strategy can learn about the tracked
object during runtime, giving it the ability to track generic objects [63]. Algorithms trained
with an of�ine learning strategy do not learn during runtime, and hence offer a better runtime
complexity [64]. Furthermore, tracking algorithms can be divided into online and of�ine
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methods. Of�ine trackers take advantage of past and futures frames, while online trackers can
only infer about past frames. Future frames can increase the tracking performance; however,
in real-world scenarios these are not available. Most existing tracking approaches use a
two-stage tracking-by-detection paradigm [65, 66]. In the �rst stage, a set of target samples is
generated around the previously estimated position using region proposal, random sampling,
or similar methods. In the second stage, each target sample is either classi�ed as background
or as a target object. In one-stage-tracking, the model receives a search sample together with a
target sample as input and directly outputs a response map or coordinates through a learned
regressor. The maximum value of the response map or the coordinates indicates the object
position.

Traditional tracking methods mostly rely on the use of Kalman and particle �lters to
estimate an object's position. These methods use velocity and position information to perform
tracking [5, 6, 67]. Tracking methods based solely on such approaches are outdated since they
perform poorly in unconstrained environments. Nevertheless, such �lters can predict and
propagate object movements into the next frame, and as a result of this, minimize the search
space. Other trackers follow a tracking-by-detection paradigm using template matching
[68]. A chosen target patch models the appearance of a selected region of interest in the
�rst frame. Matching regions can be found in a new frame using correlation, normalized
cross-correlation, or the sum of squared distances [69, 70]. However, scale, illumination, and
rotation changes are dif�cult to model with these methods. More advanced methods, also
using the tracking-by-detection paradigm, rely on discriminative modeling. Discriminative
classi�ers separate the target from its background within a speci�c search space. There exist
many different approaches, reaching from boosting methods to support vector machines
[71, 72]. Other tracking algorithms utilize correlations �lters for visual tracking. Correlation
�lters model the target's appearance by using �lters trained on images. A target is initially
selected based on a small crop of the �rst frame with the target centered in the middle. The
tracking process works by convoluting the learned �lter over the search window in the next
frame. The output is a response map, the correlation output, with a peak representing the
accurate target position. Afterwards, an online update renews the appearance information of
the target. Since the correlation can be computed in the Fourier domain, such trackers achieve
high frame rates. Examples of correlation-based trackers include MOSSE and KCF [7, 73].
Recently, the focus of researchers has shifted to DL-based tracking methods. The advantage
of DL-based features over HOG, raw pixels values or grey-scale templates is enormous, and
enable the modeling of appearance changes, occlusion situations, and dynamic environments
effectively. The variety of proposed solutions is great: Methods include re-identi�cation with
appearance modeling and deep features [60], position regression mainly based on SNNs [18,
17], path prediction based on RNN-like networks [74] and object detection with DNNs such
as YOLO [75].

In the following subsections, we aim to present an overview of VOT approaches relevant to
this thesis. In subsection 2.3.1, we introduce the methods we adopted during the scope of this
thesis. In subsection 2.3.2, we detail related work in the �eld of aerial object tracking.
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2.3.1 Tracking Algorithms

Kalal et al. proposed Median Flow [76], which utilizes point and optical �ow tracking. The
input to the tracker is two consecutive images together with the initial bounding box of an
object. The tracker calculates a set of points from a rectangular grid within the bounding box.
Each of these points is tracked by a Lucas-Kanade tracker generating a sparse motion �ow.
Afterwards, the framework evaluates the quality of the predictions and �lters 50 % of the
worst. The remaining point predictions are used to calculate the new bounding box positions
based on displacement.

MOSSE [7], KFC [73] and CSRT [77] are based upon DCFs. MOSSE got introduced by
Bolme et al. in 2010. It uses a new type of correlation �lter called Minimum Output Sum of
Squared Errors (MOSSE), which aims to produce stable �lters when initialized using only one
frame and grey-scale templates. MOSSE is trained with a set of training images fi and training
outputs gi , where gi is generated from the ground truth as a Gaussian centered on the target.
This framework achieved state-of-the-art performance while running with high frame rates.
Henriques et al. [73] replaced the grey-scale templates with HOG features and proposed the
idea of Kernelized Correlation Filter (KCF) in 2014. KCF works with multiple channel-like
correlation �lters. Additionally, the authors propose to use non-linear regression functions
more powerful compared to linear functions and obtain non-linear �lters that are trained
and evaluated as fast as linear correlation �lters. Similar to KCF, dual correlation �lters
use multiple channels. However, they are based on a linear kernel reducing computational
complexity while maintaining almost the same performance compared to non-linear kernels.
Recently, Lukezic et al. [77] proposed to use channel and reliability concepts to improve
tracking based on DCFs. Channel-wise reliability-scores weight the in�uence of the learned
�lters and improve localization by re�ecting the quality of the �lters. Furthermore, a spatial
reliability map attracts the �lters mainly to the part of the object suitable for tacking, making
it possible to widen the search space and improves the tracking scores of non-rectangular
objects.

As we stated previously, the choice of appearance features plays a crucial role in object track-
ing. However, most previous work of DCF-based tracking approaches utilizes handcrafted
features such as HOG, grey-scale features, raw pixels, and ColorNames or deep features
trained independently on other tasks. Wang et al. [58] proposed an end-to-end trainable
network architecture, able to learn convolutional features and perform the correlation-based
tracking simultaneously. The authors encode the DCF as a correlation �lter layer into the
network, making it possible to backpropagate the weights trough it. Since the calculations
remain in the Fourier domain, the run time complexity of the �lter is preserved. The convolu-
tional layers in front of the DCF encode prior tracking knowledge learned during an of�ine
training process. The DCF de�nes the network output as the probability heatmap of object
location.

In the case of generic object tracking, the learning strategy is typically entirely online.
However, online training of neural networks is slow due to backpropagation – and this also
leads to a high run time complexity. Held et al. [18] introduce a regression-based tracker
called GOTURN based on a siamese neural network. Tracking methods able to track generic
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objects usually require online training which is slow due to backpropagation; however, Held
et al. can solve this problem by using an of�ine training method that makes the network
understand a relationship between appearance and motion, and hence, the tracking process
gets signi�cantly faster. The knowledge gained during the of�ine training can be applied to
track new unknown objects in an online manner. Without online backpropagation, GOTURN
can track generic objects at 100 fps during test time. The input to the network consists of the
two image tiles: One crop from a previous frame centered at the known object position and
another crop from the current frame centered at the same position. The size of the crops is a
factor of the object's bounding box size and is controllable by a hyperparameter, in�uencing
the amount of context the network receives around the target object. The �nal output is the
coordinates of the object in the current crop, which can be transformed in image coordinates.
GOTURN achieves state-of-the-art performance on common SOT benchmarks such as VOT
20143. However, all of the previously mentioned methods work with single objects only.

Bewley et al. [78] propose to use a simple multiple tracking approach based on the
Jaccard distance, the Kalman Filter, and the Hungarian algorithm [79], a method that solves
assignment problems globally in polynomial time. Bounding box position and size are the only
measures to perform motion estimation and data association; the use of appearance features is
neglected. In the �rst step, objects are detected using Faster R-CNN [13]. Afterwards, a linear
constant velocity model approximate the movements of objects between consecutive frames
independent of other objects. The algorithm compares detections to the predicted bounding
boxes with an Intersection over Union (IoU) score and creates a cost matrix as a result. The
Hungarian algorithm solves the assignment of detections to targets. The detections associated
with the targets are used to update the target states via a Kalman �lter framework. The state
of unmatched targets is predicted without any state update. SORT runs with more than 250
Frames per Second (FPS) while achieving almost state-of-the-art accuracy. Occlusion scenarios
and re-identi�cation issues are ignored by the authors, making it not suitable for long-time
tracking. Wojke et al. [60] extend SORT and tackle the occlusion and re-identi�cation
challenges formerly neglected in SORT. Track handling and the Kalman �ltering module are
almost identical to SORT. A signi�cant difference lies in the assignment process. Wojke et
al. use two additional metrics: Motion information provided by calculating the Mahalanobis
distance between predicted bounding boxes and detections as well as appearance information
by calculating the smallest cosine distance between the appearance features of a detection
and the appearance features of an object already tracked. These features are calculated with
a deep neural network trained on a large person re-identi�cation dataset [80]. A cascade
method determines object-to-track assignments - tracks which were updated recently are
matched �rst while older tracks are matched in later stages. The cascade strategy effectively
encodes the probability spread in the association likelihood. The framework falls back to
SORT for cases where the cascade method could not match detections and targets.

Recently, Bergmann et al. [2] introduced a new tracking paradigm based on the object
detector Faster R-CNN. Faster R-CNN uses object proposals that are given to object classi�ca-
tion and a bounding box regression head of the neural network. The regression head tightens

3https://www.votchallenge.net/vot2014/
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the bounding box to �t around the object. The authors train Faster R-CNN on the MOT17Det
pedestrian dataset [31]. In the �rst step, Faster R-CNN performs object detection. The objects
found in the �rst frame are afterwards initialized as tracks and tracked by regressing the
bounding box with the regression head in the next frame while the identity of the objects is
automatically preserved. Furthermore, Bergman et al. demonstrate that lost or deactivated
tracks can be re-identi�ed in the following frames using siamese networks together with a
constant velocity motion model. Their approach called Tracktor++ can track multiple objects
and consists of an uncomplicated framework.

2.3.2 Tracking in Satellite and High Resolution Aerial Imagery

VOT, especially of pedestrians and vehicles, in satellite and aerial imagery, is a challenge only
a few previous works have tackled yet. Different scales, the vast amount of moving objects,
and the tiny size of the objects (e.g., 4 � 4 pixels for pedestrians, 30 � 15 for vehicles) increase
the dif�culty and complexity of tracking in such scenarios signi�cantly. The small object size
compared with low contrast also leads to objects sharing similar appearance features. Further
challenges include low frame rates, different kinds of visibilities, and weather conditions
as well as moving cameras and huge resolutions. Data from standard aerial or ground
surveillance datasets [81, 31] differs a lot since objects are bigger and have unique appearance
features, videos are recorded with higher frame rates and objects are placed less densely.

Most approaches dealing with this kind of scenario are based on moving object detection [28,
29, 82]. One of the earliest approaches focusing on such wide-area scenarios, concentrating
on vehicles driving on highways mainly, is made by Reilly et al. [28]. They eliminate
camera motion by a point correspondence based correction method. Afterwards, they use
a median background image modeled from ten frames and apply this median image for
motion detection by subtracting it from the original frame. The results of this operation
are the position of moving objects. All images are divided into overlapping grids. Each of
these grids de�nes an independent tracking problem. Objects are tracked using bipartite
graph matching between a set of label nodes and a set of target nodes, and the Hungarian
Algorithm solves the cost matrix afterwards to receive the assignments. The usage of the grids
makes it possible to track a large number of objects by reducing the runtime complexity of
the Hungarian Algorithm to O(n3). Meng et al. [29] go along the same path. Their goal is to
track objects such as ships and grounded aircraft. They detect moving objects by calculating
an Accumulative Difference Image (ADI) from frame to frame. Pixels with high values in
the ADI are likely to be moving objects. Each target is afterwards modeled by extracting its
spectral and spatial features, where spectral features refer to the target's probability density
function and the spatial features to the target's geometric area. Given the target model,
matching candidates are found in the following frames via regional feature matching using a
sliding window paradigm.

However, tracking methods based on moving object detection have severe disadvantages
in our scenario. For instance, Reilly et al. use a road orientation estimate to constrain the
assignment problem. Such an estimate may work for vehicles moving along predetermined
paths such as highways and streets; however, pedestrians have more diverse and complex
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movement behaviors, often resulting in crowded situations and multiple crossings. In general,
such methods perform poorly in unconstrained environments, are sensitive to changing light
and atmospheric conditions (e.g., clouds, shadows, or fog) and suffer from the parallax effect,
not working well with small or static objects. Additionally, �nding the moving object requires
the usage of multiple frames, and hence these methods do not work in real-time.

Methods based on appearance-like features overcome these issues [83, 84, 85, 86, 30],
making it possible to detect small and static objects on single images. While there is a
huge amount of literature covering the topic of pedestrian and vehicle tracking in ground
surveillance scenarios [14, 87], the amount of literature covering aerial and remote sensing
scenarios is limited. Butenuth et al. [83] deal with pedestrian tracking in aerial image
sequences. They apply an iterative Bayesian tracking approach, enabling the possibility
to track many people. A pedestrian is described by position, color, and direction, and a
linear dynamic model predicts futures states. Each link between a prediction and a detection
is weighted by evaluating the state similarity and associated with the direct link method
described in [61]. Schmidt et al. [84] introduce a tracking-by-detection framework based on
Haar-like features. They use a Gentle AdaBoost classi�er for object detection and an iterative
Bayesian tracking approach, similar to [83]. Additionally, they calculate the optical �ow
between consecutive images to extract motion information. However, due to the dif�culties
of detecting small objects in aerial imagery, the regular occurrence of false positives and
negatives in�uences the tracking performance negatively. Liu and Mattyus and Qui et al.
[85, 86] aim to detect cars and ships in aerial imagery, respectively. However, their work is
concentrated on object detection and not on visual tracking.

Bahmanyar et al. propose Stack of Multiple Single Object Tracking CNNs (SMSOT-CNN)
[30] and extend the work of Held et al. by stacking the SOT GOTURN architecture in order to
track multiple pedestrians and vehicles in aerial image sequences. SMSOT-CNN is the only
previous work dealing with MOT in remote sensing by using DL. Bahmanyar et al. expand
the network by three additional convolutional layers in front of the fully connected layers to
improve the tracker's performance. In their architecture, each SOT-CNN is responsible for
tracking one object solely; achieving MOT without exponential complexity increase when the
number of objects is climbing. They evaluate their approach on the vehicle and pedestrian
sets of the KIT AIS dataset4 for object tracking in aerial image sequences. A comparison of the
GOTURN network and SMSOT-CNN showed that MOTA improved by 16.4 points to 41.1 on
the vehicle dataset and by 11.2 points to -29.8 on the pedestrian dataset. Nevertheless, SMSOT-
CNN is dealing poorly with crowded situations and objects sharing similar appearance
features, resulting in identity switches and loosing of tracks.

4https://www.ipf.kit.edu/code.php
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3.1 Datasets

In this section, we introduce the datasets used in the scope of this thesis. Both tracking
datasets, the KIT AIS1 and the Aerial Multi-Pedestrian Tracking (AerialMPT) dataset, are
provided by the German Aerospace Center (DLR) in order to reduce the lack of tracking
and object detection datasets for aerial imagery and improve the possibilities to develop
well-performing tracking methods. Additionally, we had access to the DLR's Aerial Crowd
Dataset (DLR-ACD) [88], which consists of static aerial crowd scenes.

The capturing process for both tracking datasets was similar. All images were taken by the
DLR's 3K camera system, containing a nadir-looking and two side-looking DSLR cameras,
mounted on an airborne platform �ying at different altitudes resulting in multiple spatial
resolutions, so-called GSDs. The camera is continuously moving; hence, in a post-processing
step, all images were orthorecti�ed with a digital elevation model, co-registered, and geo-
referenced with a GPS/IMU system. Afterwards, images taken at the same time are fused
into one single image and cropped to the region of interest. This overall process leads to small
errors visible in the frame alignment. The frame rate of all sequences is 2 Hz. The image
sequences were captured during different �ight campaigns of DLR and differ signi�cantly in
crowd density, movement patterns, quality, image size, viewing angle, and terrain, where the
number of frames per sequence is dependant on the overlap in �ight direction and camera
con�guration. In the following, we introduce the KIT AIS and the AerialMPT datasets in
detail. Additionally, we present the DLR-ACD shortly.

3.1.1 KIT AIS

The KIT AIS dataset is composed of two branches, vehicle tracking, and pedestrian tracking.
For both branches, researchers and students labeled all images manually, leading to a small
number of human errors. Vehicles are annotated by the smallest enclosing rectangle oriented
in the direction of travel (i.e., bounding box), individual pedestrians with point annotations
centered on the person's head. However, for tracking purposes, we also used bounding boxes
with sizes of 4 � 4 pixels and 5 � 5 pixels dependant on the GSD of the pedestrian sequences.
Objects can vanish and disappear (e.g., leaving the scene, occluded by another object), and
consequently, tracks do not have to be labeled continuously. In the vehicle branch, cars, trucks,
and busses are labeled; bicycles, motorcycles, cable cars, shadows of vehicles, and vehicles,
which are partly outside of the image region or covered by more than 1

3 of their size are not.

1https://www.ipf.kit.edu/code.php
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Table 3.1:Statistics of the training and testing set of the KIT AIS pedestrian dataset. The
image sequences are from different �ight campaigns over Alianz Arena forecourt
(Munich, Germany; named AA_*), OAC Open-Air Concert (Germany; named
RaR_*) andKarlsplatz (Munich, Germany; named Munich*).

Training
Seq. Resolution nFrames nPedestrian nAnno. nAnno./fr. GSD (cm)

AA_Crossing_01 309 x 487 18 164 2,618 145.44 15.0
AA_Easy_01 161 x 168 14 8 112 8.00 15.0
AA_Easy_02 338 x 507 12 16 185 15.42 15.0

AA_Easy_Entrance 165 x 125 19 83 1,105 58.16 15.0
AA_Walking_01 227 x 297 13 40 445 34.23 15.0

Munich01 509 x 579 24 100 1,308 54.5 12.0
RaR_Snack_Zone_01 443 x 535 4 237 930 232.5 15.0

Total 104 633 6,703 64.45

Testing
Seq. Resolution nFrames nPedestrian nAnno. nAnno./fr. GSD (cm)

AA_Crossing_02 322 x 537 13 94 1,135 87.31 15.0
AA_Entrance_01 835 x 798 16 973 14,031 876.94 15.0
AA_Walking_02 516 x 445 17 188 2,671 157.1 15.0

Munich02 702 x 790 31 230 6,125 197.58 12.0
RaR_Snack_Zone_02 509 x 474 4 220 865 216.25 15.0
RaR_Snack_Zone_04 669 x 542 4 311 1,230 307.50 15.0

Total 85 2016 26,057 306.55

In the pedestrian branch, only pedestrians are labeled. Due to crowded scenarios or adverse
atmospheric conditions, pedestrians can be hardly visible, and tracks are estimated as precise
as possible in these situations. The GSDs of all sequences range from 12 to 15 cm.

KIT AIS pedestrian consists of 13 sequences with a total of 32,760 pedestrian annotations,
including seven training and six testing sequences with 104 and 85 frames, respectively. The
length of all sequences differs between 4 and 31 frames, with the mean hovering at 14.5
frames. The images were recorded from Munich's city center as well as from mass event in
front of Allianz Arena (Munich) or open-air concerts (OAC). Table 3.1 gives an overview of
the statistics of this branch.

KIT AIS vehicle composes nine tracking sequences with 239 frames. The vehicle branch
has no pre-de�ned training/testing sets. Hence, we split it into a training and testing set
with 5 and 4 sequences, respectively. In total, the training and testing set consist of 131 and
108 frames. The length of all sequences varies between 14 to 47 frames, with the number of
vehicles ranging from 16 to 88. Similar to KIT AIS pedestrian, we present the statistics of
this subset in Table 3.2. The dataset includes several dif�cult tracking challenges, such as
overtaking and turning maneuvers, lane changes as well as partial and total occlusion by big
objects such as bridges.
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