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I. INTRODUCTION

Positioning and navigation plays a significant role in a
wide range of fields, such as aerospace, defense, and trans-
portation, especially due to the continuous performance en-
hancement of the four Global Navigation Satellite Systems
(GNSS) [1], [2] and the advent of complementary local
positioning systems [3], [4]. Nowadays, requirements on
positioning and navigation are becoming stricter in areas
such as reliability, accuracy, continuity, complexity, integra-
bility, and safety to enable better location-based services. In
many complex and harsh environments, it is still a demand-
ing task (such as for aerial and space vehicles) to generate
real-time valid location information and perform the desired
navigation, which enables to fulfill the assigned duties [5].

As an example, small delivery services by unmanned
aerial vehicles (UAVs) carrying products from a warehouse
to a destination still present many technical challenges, such
as having to travel along a trajectory near tall buildings,
and in severe meteorological conditions, such as strong
wind, heavy rain, or snow. The trajectory must avoid no-fly
zones and possibly incorporate other constraints, such as
maximum flight distance, minimum straight-line flight dis-
tance, or minimum flight altitude [6]. Another example is a
space exploration robot approaching an asteroid to perform
landing, excavation, and collecting mineral samples in the
complete absence of GNSS signals [7]. Enabling location
performance enhancement and carrying out satisfactory
navigation in these demanding environments require ad-
vances in modeling and signal processing state-of-the-art
techniques.

Due to the strict requirements on navigation information
performance metrics and safety, the positioning, navigation,
and timing (PNT) methods and systems have been prevail-
ingly based on physics-based modeling and statistical signal
processing. However, the need for improved performance
of the upcoming PNT systems has led, as in a myriad of
other technical or nontechnical areas, to massive applica-
tion and rapid development of the machine learning (ML)
methods over the past years. These ML methods mainly
consist of supervised learning, unsupervised learning, and
advanced learning, and there is a wide range of learning
techniques, such as convolutional neural network (CNN),
regression, decision tree, random forest, support vector ma-
chine (SVM), K-means clustering, or principal component
analysis [8], [9]. In the context of the PNT under demanding
environments, researchers and engineers have also been
leveraging ML methods, especially data-driven ones, to
overcome limitations of physics-based solutions.
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As early as 2000, a wireless local area networks (LAN)
positioning system (RADAR) was developed for indoor
scenarios, which is based on the K-nearest neighbors (KNN)
algorithm for position determination [10]. KNN is a non-
parametric supervised ML algorithm, which is typically
simple to implement. In 2005, support vector regression,
an extension of SVMs, was used for fingerprint-based po-
sitioning in wireless LAN [11]. A number of early ML-
assisted positioning algorithms were reported in [12], which
provides a nice early review on indoor positioning tech-
niques and systems. Meanwhile, the use of ML in GNSS
positioning also started around 2000. For instance, both
Bayes classifier and KNN were used in route learning,
route prediction, and estimation of time of arrival in [13],
and back-propagation neural networks are applied to ap-
proximating the Global Positioning System (GPS) satellite
geometric dilution of precision [14]. As another example,
the radial basis function neural network was employed to
achieve simple architecture and fast training procedure in
accurate GPS/inertial navigation systems (INS) integrated
positioning [15]. Over the past two decades, various ML
algorithms and methods have been, therefore, exploited
for global and local positioning and navigation, which has
resulted not only in improved performance and advanced
concepts, but also in new challenges, such as reliability
and explainability of such navigation information. These
challenges have not been sufficiently solved and answered
yet.

This Special Section is conceived to compile the state
of the art in the theory, methodology, and software and
hardware design for PNT, especially related to aerial and
space vehicles which operate in demanding environments
and are tied with regulations. Particularly, the emphasis
is laid on using artificial intelligence and ML-enhanced
solutions which have been extensively applied to a variety
of fields with remarkable success. This Special Section aims
to disseminate the latest research outcomes in this field and
to ultimately inspire future research in such an exciting
development area, with the goal of enabling more signifi-
cant advances in positioning and navigation technology and
boost the relevant industries as well.

In total, this Special Session consists of 18 papers cov-
ering both satellite-based (16 papers) and local (two papers)
positioning and navigation. In particular, six papers [A1]–
[A6] deal with estimation of spacecraft parameters, includ-
ing position and velocity, attitude or pose, and satellite
scheduling for Earth observation; five papers [A7]–[A11]
focus on UAV-related applications, including target detec-
tion and mapping, pseudolite navigation ephemeris, colli-
sion avoidance and autonomous navigation, and trajectory
prediction; four papers [A12]–[A15] concentrate on GNSS
precise positioning and GNSS/INS integrated positioning
for vehicular and train localization and tracking; one paper
[A16] pays attention to GNSS interference classification,
while the last two papers [A17] and [A18] address local
positioning approaches for pedestrian localization, using
Wi-Fi, Bluetooth, and Long-Term Evolution (LTE) signals
collected by smartphone or visible light signal.

To realize the functions and tasks mentioned above,
different ML algorithms and techniques were utilized.
Specifically, deep learning, including artificial neural net-
work, CNNs, convolutional extreme learning machine, was
employed to optimize complexity and accuracy for pose
estimation in [A3], to simplify image inputs for position
and velocity estimation in [A4], to improve efficiency of
pose estimation of noncooperative targets in [A5], to main-
tain sufficiently accurate ephemeris in [A8], to enhance
flight trajectory prediction in [A11], to mitigate noise in
GNSS/INS integrated positioning in [A14], to augment
physics-based model for vehicular tracking in [A15], and to
improve accuracy of phase difference estimation in [A18].
Supervised learning, including SVM, decision tree, random
forest, back-propagation neural network, was used to es-
tablish UAV flight status recognition model in [A10], to
suppress the error divergence of INS in [A12], to enable low-
resource interference classification in [A16], and to classify
location region in [A17]. Unsupervised learning, including
the principal component analysis and K-means++, was
used to enhance satellite pose estimation such as by ad-
dressing the issues of domain mismatch in [A1] and prin-
cipal discrepancy in [A2], and to correctly resolve integer
ambiguity resolution in complex environments in [A13].
Reinforcement learning was used to enhance low-resource
satellite scheduling in [A6], to deal with joint detection
and mapping in [A7], and to handle UAV autonomous
navigation in dynamic environments in [A9]. Note that some
of the papers made use of two or multiple ML algorithms,
and some of the supervised learning, unsupervised learning,
and reinforcement learning methods are also deep learning
methods, or vice versa. More details about the methods and
algorithms can be found in the individual papers, but the
summaries of the papers are provided in the next section for
a quick reference.

II. MAIN CONTRIBUTIONS OF THE ARTICLES IN THIS
SPECIAL SECTION

In [A1], a self-training framework is employed for un-
supervised domain adaptation in satellite pose estimation,
leveraging domain-agnostic geometrical constraints to en-
sure consistency across domains. The framework utilizes a
neural network to predict 2-D keypoints on satellite images,
which are then used in conjunction with the PnP algorithm
to estimate the satellite’s pose. To address the challenge
of information loss associated with sparse keypoints, fine-
grained segmentation is introduced as an auxiliary task.
Iterative optimization is performed to refine the network’s
predictions and adapt it to the target domain, resulting in
significant accuracy improvements in satellite pose estima-
tion without relying on real annotations.

In [A2], the vision-based monocular noncoopera-
tive spacecraft pose estimation is considered. In partic-
ular, the paper addresses the pose estimation degrada-
tion due to the principal discrepancy between training
(source) data obtained by a simulator and real test (target)
data. The proposed solution lies in the definition of the
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keypoint-based structure learning objectives and the ap-
plication of an unsupervised domain adaptation algorithm
based on the consensus. The proposed approach is thor-
oughly validated using a widely used dataset SPEED+,
and it was ranked second in the two categories of the 2021
Pose Estimation Challenge (SPEC2021) organized by the
European Space Agency and Stanford University.

In [A3], a direct attitude estimation method was pro-
posed, which is called DSOAE-Net and based on CNN, to
optimize the time-consuming and highly accuracy of indi-
rect methods. The authors devised an attitude representation
form, specifically tailored for the direct attitude estimation
method, which is a multimodal rotation 6-D representa-
tion. The basic framework of the direct attitude estimation
method was abstracted and comprehensive experiments on
each module of the framework were conducted. The ex-
perimental results with the BUAA-SID-POSE1.0 dataset
showed that DSOAE-Net achieved better accuracy than
other direct and indirect attitude estimation methods with-
out increasing the complexity.

In [A4], the focus is on exploring the importance of on-
board autonomous decision-making for navigation around
small celestial bodies. It discusses optical-based navigation
techniques, combining image processing algorithms and
filtering methods for efficient navigation with cost-effective
hardware. The paper proposes a novel onboard methodol-
ogy utilizing segmentation masks, convolutional extreme
learning machine architectures, and recurrent neural net-
works to simplify image inputs, map single-frame data into
position estimates, and process multiple-frame sequences
for position and velocity estimates. Using the Didymos
binary system as a case study, with the potential integration
of LiDAR data, the paper concludes that recurrent neural
networks offer limited improvement in position reconstruc-
tion but can enhance velocity estimation, especially with
LiDAR data integration.

In [A5], the authors highlight the importance of monoc-
ular vision-based pose estimation for noncooperative space-
craft tasks. It discusses the limitations of existing methods
based on a two-stage approach and for their over-reliance
on CNNs, which may lead to texture dependence and in-
adequate long-range modeling. To overcome these issues,
it proposes DTSE-SpaceNet, a single-stage end-to-end net-
work that fuses features dynamically and predicts keypoints.
Pose parameters are derived using the PnP method, while
a novel shape loss function improves geometric accuracy.
Extensive experiments on public datasets demonstrate com-
petitive performance, strong generalization, and computa-
tional advantages over two-stage methods.

In [A6], the applicability of satellite-based Earth ob-
servation is investigated. Contrary to solutions based on
ground-based or low-altitude aerial platforms, satellite-
borne approaches provide wider space/time coverages. One
of the challenges is to efficiently use the, typically scarce,
satellite resources. In this paper, a deep reinforcement learn-
ing (RL) solution for efficient onboard autonomous schedul-
ing is proposed based on a transformer encoder–decoder
architecture.

In [A7], RL for joint detection and mapping in the
context of UAVs is treated. The emphasis is put on the
dynamic radar network of UAVs for accurate target detec-
tion to enhance their ambient awareness by estimating the
occupancy radio map. Cooperation between UAVs leads to
a well-learned navigation policy, which helps to explore
an unknown environment while maximizing the accuracy
in detecting targets and reaching the team’s goals. The
proposed approach was thoroughly validated in single- and
multitask scenarios.

In [A8], the concept of UAV-based pseudolites is ex-
plored. Pseudolites can act both as augmentation or al-
ternatives to GNSS-based positioning, whereby so-called
pseudosatellites provide coverage to certain areas where
GNSS satellites are obstructed or not available. This ar-
ticle considers the challenges of having such pseudolites
mounted on moving drones. In particular, one of the main
differences to actual satellites resides in the difficulty of pre-
dicting the UAVs movement, which renders the generation
and broadcasting of the pseudolite ephemeris a challenge.
The authors propose to leverage deep learning in order to
maintain sufficiently accurate ephemeris for reliable use of
such UAV-based pseudolite systems

In [A9], RL is employed in the context of UAVs. The
proposed solution enables autonomous navigation, runs in
real-time, and accounts for a robust collision avoidance
capability to safely guide UAVs through dynamic environ-
ments. Transferability of trained RL agents to real-world
experiments is an important aspect that this work discusses,
which is accomplished through the use of DL. The article
demonstrates the validity of the proposed solution through
synthetic and real data experiments.

In [A10], the stress is laid on the trajectory prediction of
a UAV based on the data-driven UAV model. The developed
modeling methodology consists of collecting and prepro-
cessing flight data, designing the flight status recognition
model using the principal component analysis of data, and
predicting the trajectory using a trained back-propagation
neural network. The proposed approach is compared with
the traditional state-estimation-based approach using the
real dataset.

In [A11], a novel global and local interattribute relation-
ship based graph convolutional network model is proposed
for flight trajectory prediction, which integrates local and
global inter-attribute relationships by fusing local embed-
ded features with global patterns. An attribute graph is
constructed with accumulated local embeddings and aug-
mented correlations, and integrated features are extracted
using a graph convolutional network for LSTM-based pre-
diction. The proposed model has been validated using real
flight datasets, exhibiting superior performance compared
to existing methods, and ablation studies have confirmed its
robustness and accuracy in capturing intricate relationships
between trajectory points.

In [A12], an LSTM-assisted GNSS/INS integration sys-
tem was proposed, which uses recomputed Inertial Mea-
surement Unit (IMU) error to suppress the error divergence
of an INS in the case of GNSS solution nonavailability.
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The recomputed error of the IMU sensors can be obtained
by differencing the theoretical measurements and the ac-
tual measurements of accelerometer and gyroscope. Ex-
periments were conducted using real data collected on the
Shuozhou–Huanghua rail. Results showed that the horizon-
tal position accuracy of the proposed method was signifi-
cantly improved, and the divergence of the INS sensor error
was greatly suppressed.

In [A13], an integrated approach for GNSS precise
positioning and navigation is proposed to correctly resolve
integer ambiguity resolution in complex environments of
GNSS, which makes use of the best integer equivariant
(BIE) estimation based on unsupervised ML. As an unsuper-
vised ML strategy, the K-means++ algorithm was applied
to the BIE estimation. The float, fixed, and BIE estimations
are combined to achieve an integrated precise positioning
and navigation. The performance of the integrated solution
has been evaluated through a monitoring experiment in a
mountain canyon and vehicular tracking experiment in a
harsh environment with the obstruction of trees, pedestrians,
and buildings.

In [A14], the integration of GNSS and INS is dis-
cussed. Particularly, the conventional approach based on
the error-state extended Kalman filter is augmented with a
data learning-based component to learn the nearly optimal
Kalman filter gain together with the description of the actual
inertial measurement errors. The proposed data-augmented
integrated navigation algorithm provides highly accurate
navigation information estimates while maintaining their
interpretability.

In [A15], AI/ML techniques in navigation and track-
ing applications, which focus on the dynamical models,
are typically involved in corresponding state estimation
problems. By augmenting the physics-based models with
data-driven components, promising solutions are proposed
to tradeoff both models. The authors illustrate the benefits
and challenges of different modeling choices using two
examples of target tracking with synthetic and real data,
which highlight the importance of reliable and accurate
navigation for transportation efficiency, and discuss the
limitations and challenges of AI/ML-enhanced navigation
systems for safety-critical applications.

In [A16], a low-resource interference classification ap-
proach is proposed, which combines conventional statistical
signal processing approaches with ML. Using the appropri-
ate pre-processing from known classical best practices in
conjunction with ML provides superior performance, as the
benefits of both are leveraged. The ML simplifies threshold
settings and classification logic, whereas the conventional
methods provide optimal signal processing foundations.
Results show that exploiting applicable signal processing
methods would facilitate ML pipelines of low size, weight,
power, and cost, and thus, more efficient architectures can
be developed using existing signal-processing approaches.

In [A17], considering the coverage range of wireless
signal and the accuracy requirement, a two-phase local-
ization system is designed for region determination and
position estimation, which uses the internal camera sensor

and received LTE signal, Bluetooth signal, and Wi-Fi signal.
Taking advantage of smaller coverage, the LTE signal and
Bluetooth signal are fed into the SVM for region classifi-
cation learning, while the Wi-Fi signal and camera image,
which contains much information, are combined with CNN
for position regression learning. Experimental results show
that this solution achieves decimeter accuracy overall and
is suitable for most of real-time localization scenarios.

In [A18], visible light positioning (VLP) is investigated
for indoor environments. While VLP offers high accuracy
and low cost, common methods based on received signal
strength (RSS) lack generalization. The article proposes a
VLP method based on time difference of arrival, eliminating
the need for extensive calibration. It discusses error influ-
ences and introduces a CNN to enhance accuracy of phase
difference estimation. In addition, a particle filter based on
motion state improves also the robustness of the architec-
ture. Simulated experiments demonstrate significant accu-
racy improvements, with over 50% enhancements in both
ranging and localization accuracy compared to traditional
methods.

III. CONCLUSION

ML has been utilized to cope with complex and chal-
lenging problems in positioning and navigation technolo-
gies, with the focus on accommodating the increasing de-
mands on PNT performance, such as accuracy and relia-
bility. This Special Section has attracted eighteen articles,
mainly focusing on aerial and space positioning and nav-
igation and related applications, highlighting the current
status, and envisioning the future trends of this amazing
and high-tech field.

KEGEN YU, Lead Guest Editor
School of Environment Science and Spatial
Informatics
China University of Mining and Technology
Xuzhou 221116, China

JINDRICH DUNIK, Guest Editor
Department of Cybernetics
University of West Bohemia and Honeywell
301 00 Pilsen, Czech Republic

MICHAEL S. BRAASCH, Guest Editor
Avionics Engineering Center
Ohio University
Athena, OH 45701 USA

PAU CLOSAS, Guest Editor
Department of Electrical and Computer
Engineering
Northeastern University
Boston, MA02115 USA

YU ET AL.: TAES SPECIAL SECTION ON MACHINE LEARNING METHODS 2497



FABIO DOVIS, Guest Editor
Department of Electronics and Telecommunications
Politecnico di Torino
24-10129 Turin, Italy

APPENDIX
RELATED ARTICLES

[A1] Z. Wang, M. Chen, Y. Guo, Z. Li, and Q.
Yu, “Bridging the domain gap in satellite pose
estimation: A self-training approach based on
geometrical constraints,” IEEE Trans. Aerosp.
Electron. Syst., vol. 60, no. 3, pp. 2500–2514,
Jun. 2014.

[A2] J. I. B. Pérez-Villar, Á. García-Martín, J. Bescós,
and M. Escudero-Viñolo, "Spacecraft pose es-
timation: Robust 2-D and 3-D-structural losses
and unsupervised domain adaptation by inter-
model consensus,” IEEE Trans. Aerosp. Elec-
tron. Syst., vol. 60, no. 3, pp. 2515–2525,
Jun. 2014.

[A3] S. Qiao, H. Zhang, F. Xie, and Z. Jiang, “Deep-
Learning-Based Direct Attitude Estimation for
Uncooperative Known Space Objects,” IEEE
Trans. Aerosp. Electron. Syst., vol. 60, no. 3,
pp. 2526–2541, Jun. 2014.

[A4] M. Pugliatti, A. Scorsoglio, R. Furfaro, and F.
Topputo, “Onboard state estimation around didy-
mos with recurrent neural networks and seg-
mentation maps,” IEEE Trans. Aerosp. Electron.
Syst., vol. 60, no. 3, pp. 2542–2554, Jun. 2014.

[A5] F. Liu, Z. Zhang, and S. Li, “DTSE-SpaceNet:
Deformable-transformer-based single-stage end
-to-end network for 6-D pose estimation in
space,” IEEE Trans. Aerosp. Electron. Syst.,
vol. 60, no. 3, pp. 2555–2571, Jun. 2014.

[A6] Y. Long, C. Shan, W. Shang, J. Li, and Y. Wang,
“Deep reinforcement learning-based approach
with varying-scale generalization for the Earth
observation satellite scheduling problem consid-
ering resource consumptions and supplements,”
IEEE Trans. Aerosp. Electron. Syst., vol. 60,
no. 3, pp. 2572–2585, Jun. 2014.

[A7] A. Guerra, F. Guidi, D. Dardari, and P. M. Djuric,
“Reinforcement learning for joint detection and
mapping using dynamic UAV networks,” IEEE
Trans. Aerosp. Electron. Syst., vol. 60, no. 3,
pp. 2586–2601, Jun. 2014.

[A8] X. Yang, W. Liu, W. Xiao, X. Ye, Z. Li, and F.
Wang, “An ephemeris for cruisable UAV pseu-
dolite navigation system based on deep learning
networks,” IEEE Trans. Aerosp. Electron. Syst.,
vol. 60, no. 3, pp. 2602–2613, Jun. 2014.

[A9] R. Azzam, M. Chehadeh, O. A. Hay, M. A. Hu-
mais, I. Boiko, and Y. Zweiri, “Learning-based
navigation and collision avoidance through
reinforcement for UAVs,” IEEE Trans. Aerosp.

Electron. Syst., vol. 60, no. 3, pp. 2614–2628,
Jun. 2014.

[A10] J. Zhang et al., “UAV trajectory prediction based
on flight state recognition,” IEEE Trans. Aerosp.
Electron. Syst., vol. 60, no. 3, pp. 2629–2641,
Jun. 2014.

[A11] Y. Fan, Y. Tan, L. Wu, H. Ye, and Z. Lyu,
“Global and local interattribute relationships-
based graph convolutional network for flight tra-
jectory prediction,” IEEE Trans. Aerosp. Elec-
tron. Syst., vol. 60, no. 3, pp. 2642–2657,
Jun. 2014.

[A12] Y. Chen, W. Jiang, J. Wang, B. Cai, D. Liu, X.
Ba, and Y. Yang, “A LSTM-assisted GNSS/INS
integration system using IMU recomputed error
information for train localization,” IEEE Trans.
Aerosp. Electron. Syst., vol. 60, no. 3, pp. 2658–
2671, Jun. 2014.

[A13] Z. Zhang, X. Li, and H. Yuan, “Best integer
equivariant estimation based on unsupervised
machine learning for GNSS precise positioning
and navigation in complex environments,” IEEE
Trans. Aerosp. Electron. Syst., vol. 60, no. 3,
pp. 2672–2682, Jun. 2014.

[A14] S. Li, M. Mikhaylov, T. Pany, and N. Mikhaylov,
“Exploring the potential of the deep-learning-
aided Kalman filter for GNSS/INS integration: A
study on 2-D simulation datasets,” IEEE Trans.
Aerosp. Electron. Syst., vol. 60, no. 3, pp. 2683–
2691, Jun. 2014.

[A15] T. Imbiriba, O. Straka, J. Duník, and P. Closas,
“Augmented physics-based machine learning for
navigation and tracking,” IEEE Trans. Aerosp.
Electron. Syst., vol. 60, no. 3, pp. 2692–2704,
Jun. 2014.

[A16] J. R. Van Der Merwe, D. C. Franco, T. Feigl, and
A. Rügamer, “Optimal machine learning and sig-
nal processing synergies for low-resource GNSS
interference classification,” IEEE Trans. Aerosp.
Electron. Syst., vol. 60, no. 3, pp. 2705–2721,
Jun. 2014.

[A17] J. Yan, Z. Huang, and X. Wu, “Smartphone-
based indoor localization using machine learn-
ing and multisource information fusion,” IEEE
Trans. Aerosp. Electron. Syst., vol. 60, no. 3,
pp. 2722–2734, Jun. 2014.

[A18] X. Cao, Y. Zhuang, G. Chen, X. Wang, X. Yang,
and B. Zhou, “A visible light positioning system
based on particle filter and deep learning,” IEEE
Trans. Aerosp. Electron. Syst., vol. 60, no. 3,
pp. 2735–2748, Jun. 2014.

ACKNOWLEDGMENT

The guest editors would like to thank all the authors and
reviewers for their precious contribution, and they es-
pecially thank the Editor-in-Chief and staff members of

2498 IEEE TRANSACTIONS ON AEROSPACE AND ELECTRONIC SYSTEMS VOL. 60, NO. 3 JUNE 2024



IEEE TRANSACTIONS ON AEROSPACE AND ELECTRONIC

SYSTEMS for their constant support over the entire process
from proposal to final publication.

REFERENCES

[1] P. J. G. Teunissen and O. Montenbruck, Handbook of Global Navi-
gation Satellite System. Berlin, Germany: Springer, 2017.

[2] Y. J. Morton, F. van Diggelen, J. J. Spilker Jr, B. W. Parkinson, S. Lo,
and G. Gao, Eds., Position, Navigation, and Timing Technologies in
the 21st Century: Integrated Satellite Navigation, Sensor Systems,
and Civil Applications, Hoboken, NJ, USA: Wiley, 2021.

[3] R. Zekavat and R. M. Buehrer, Handbook of Position Location:
Theory, Practice, and Advances. Hoboken, NJ, USA: Wiley, 2019.

[4] I. Sharp and K. Yu, Wireless Positioning: Principles and Practice.
Berlin, Germany: Springer, 2018.

[5] M. G. Amin, P. Closas, A. Broumandan, and J. L. Volakis, “Vul-
nerabilities, threats, and authentication in satellite-based navigation
systems,” Proc. IEEE, vol. 104, no. 6, pp. 1169–1173, Jun. 2016.

[6] W. Wen, K. Luo, L. Liu, Y. Zhang, and Y. Jia, “Joint trajectory and
pick-up design for UAV-assisted item delivery under no-fly zone con-
straints,” IEEE Trans. Veh. Technol., vol. 72, no. 2, pp. 2587–2592,
Feb. 2023.

[7] Y. Gao and S. Chien, “Review on space robotics: Toward top-level
science through space exploration,” Sci. Robot., vol. 2, no. 7, 2017,
Art. no. eaan5074.

[8] T. Jo, Machine Learning Foundations: Supervised, Unsupervised,
and Advanced Learning. Berlin, Germany: Springer, 2021.

[9] H. Li, Machine Learning Methods. Berlin, Germany: Springer, 2024.
[10] P. Bahl and V. N. Padmanabhan, “RADAR: An in-building RF-based

user location and tracking system,” in Proc. IEEE INFOCOM Conf.
Comput. Commun. 19th Annu. Joint Conf. IEEE Comput. Commun.
Societies, 2000, vol. 2, pp. 775–784.

[11] M. Brunato and R. Battiti, “Statistical learning theory for location
fingerprinting in wireless LANs,” Comput. Netw., vol. 47, no. 6,
pp. 825–845, 2005.

[12] H. Liu, H. Darabi, P. Banerjee, and J. Liu, “Survey of wireless
indoor positioning techniques and systems,” IEEE Trans. Syst., Man,
Cybern., Part C (Appl. Rev.), vol. 37, no. 6, pp. 1067–1080, Nov.
2007.

[13] N. Marmasse and C. Schmandt, “A user-centered location model,”
Pers. Ubiquitous Comput., vol. 6, no. 5-6, pp. 318–321, 2002.

[14] D.-J. Jwo and K.-P. Chin, “Applying back-propagation neural net-
works to GDOP approximation,” J. Navigation, vol. 55, no. 1,
pp. 97–108, 2002.

[15] R. Sharaf, A. Noureldin, A. Osman, and N. El-Sheimy, “Online
INS/GPS integration with a radial basis function neural network,”
IEEE Aerosp. Electron. Syst. Mag., vol. 20, no. 3, pp. 8–14, Mar.
2005.

YU ET AL.: TAES SPECIAL SECTION ON MACHINE LEARNING METHODS 2499



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


