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▪ Tsallis' thermostatistics applications
▪ Drone autonomous navigation: 
▪ Visual odometry
▪ Computer vision
▪ Data fusion by Non-extensive particle filter (PF)

▪ New applications for NEx-PF
▪ Cancer dynamics
▪ Data assimilation

▪ Final Remarks

  Summary
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▪ Applications to atmospheric turbulence
▪ Description of structures in the Universe 
▪ Application to inverse problems 
▪ Particle filter: new approach 
▪ Theoretical features
▪ Aerial drone autonomous navigation
▪ Future applications: 

              a) cancer dynamics
              b) data assimilation

  Tsallis' statistics applications
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▪ INPE: School of Emergent Sciences
     (Constantino Tsallis' storm) 

  Tsallis' statistics applications
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▪ Applications to atmospheric turbulence 
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▪ Applications to atmospheric turbulence 
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▪ Applications to atmospheric turbulence 

  Tsallis' statistics applications
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  Weather and climate prediction

■ Dynamical core (Navie-Stokes equation "solver")

{with: q = log(p0)}

{with: ϕ = gh  ;   and: σ = p/p0}



▪ Applications to atmospheric turbulence 

  Tsallis' statistics applications
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  Weather and climate prediction

3.2   Model physics: Turbulence model



▪ Applications to atmospheric turbulence 

  Tsallis' statistics applications
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  Weather and climate prediction

3.2   Model physics: Turbulence model



  Weather and climate prediction

3.2   Model physics: Turbulence model
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▪ Applications to atmospheric turbulence 
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▪ Applications to atmospheric turbulence 
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▪ INPE: School of Emergent Sciences
     (Constantino Tsallis' storm) 
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▪ Description of structures in the Universe 
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▪ Description of structures in the Universe 
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Constantino_Universe-1



▪ Description of structures in the Universe 
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▪ Description of structures in the Universe 
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▪ Description of structures in the Universe 
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25



▪ INPE: School of Emergent Sciences
     (Constantino Tsallis' storm) 
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26



▪ Fuzzy operators 

  Tsallis' statistics applications
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▪ INPE: School of Emergent Sciences
     (Constantino Tsallis' storm) 

  Tsallis' statistics applications
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▪ Application to inverse problems 

  Tsallis' statistics applications
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  Inverse problem: Regularization method  
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▪ Application to inverse problems 

  Tsallis' statistics applications
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q = 1/2
  (only)



  Inverse problem: Regularization method  
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  Inverse problem: Regularization method  
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  Inverse problem: neural network 
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▪ UAV(a) autonomous navigation by image 
processing – Why? 
(a) Unmanned Aerial Vehicle

▪ In general, UAV autonomous navigation is 
done by using GNSS(b) signal 

       (b) GNSS: Global Navigation Satellite System

▪ However, the GNSS signal can fail, due to:
▪ Malicius attack
▪ Natural phenomena: scintillation

  Aerial drone autonomous navigation
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▪ Ionospheric scintillation (GNSS signal 
propagation)

   Signal delay: proportional           Scintillation
   to TEC (Total Electronic Content)

  Motivation
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▪ Ionospheric scintillation (GNSS signal 
propagation)

   Ionospheric bubbles            EIA: Equatorial Ionospheric 
Anomaly

  Motivation
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▪ EIA: Equatorial Ionospheric Anomaly

▪                                                                Day period for O+ 
▪                                                                (oxigen ion concentration) 

Ions traveling to North and South
from the Earth’s magnetic equator

  Motivation
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 SUPIM: Space weather prediction
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 SUPIM: Space weather prediction

■ 7, 13, 19 UT: March 19th, 2011
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 SUPIM: Space weather prediction

■ 7, 13, 19 UT: June 19th, 2011
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  SUPIM: Space weather prediction

■ 7, 13, 19 UT: December 19th, 2011
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  Drone navigation without GNSS signal
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A standard configuration for an UAV navigation system is 
composed of GNSS and inertial sensors (INS). 

However, there are some critical applications where an 
alternative strategy to the GNSS signal is needed.



  Drone navigation without GNSS signal
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One alternative without the use of a GNSS signal is an 
UAV navigation system based on vision system.



Drone trajectory correction based on 
aerial images information 

Planned Inertial 
navigation

Correction by 
image
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Image processing with NN

Drone navigation without GNSS signal

G. A. M. Goltz, J. D. S. Silva, H. F. Campos Velho, E.H. ; Shiguemori (2009): "Edge detection with 
aerial and satellite using artificial neural networks". In: National Congress on Computational and 
Applied Mathematics. Proceedings of XXXII CNMAC. São Carlos (SP), Brazil, pp. 1044-1045 - In 
Portuguese.

▪  UAV used in former experiments



▪ Visual odometry

 Drone navigation without GNSS signal

47

T+d
t
T



▪ Visual odometry

 Drone navigation without GNSS signal
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UAV positioning algorithm: embedded system
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1. Drone trajectory correction 
     Without GNSS signal: visual odometry



    Computer vision by image segmentation

Drone navigation without GNSS signal

▪  Examples

Original image                   True                         Canny

     RBF                              CNN                          MLP



Image acquisition

Previous Works

    Acquisition                                     Rotation / Scale correction

         UAV

   Satellite
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Image segmentation and correlation

Previous Works

        Segmentation                                             Correlation
Satellite  

UAV
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Matching different images
Images 
correlations

UAV 
location



Image segmentation and correlation

Drone positioning algorithm
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Georeferenced
image

Extracting
Edges (NN)

UAV image
acquisition

Extracting
Edges (NN)correlation

UAV position

Image from the
Google Earth



▪ Design of supervised neural network: 
     Optimization problem – see cost function:

  PART 2 – Optimal neural network
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Available for download: 
www.epacis.net/jcis/PDF_JCIS/JCIS11-art.01.pdf 

Assimilation

   MPCA: Multi-Particle Collision Algorithm
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   PCA  vs  MPCA



58

   PCA  vs  MPCA



UAV positioning algorithm: embedded system
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1. Edge patterns
a) 24 are selected

b) MLP-NN classifies

the other patterns

c) Classification table



UAV positioning algorithm: embedded system
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1. Drone trajectory correction 
     Without GNSS signal: edge extraction



Data fusion: Visual odometry + Computer vision

Drone positioning algorithm
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Visual
odometry

Positioning 1

Computer 
vision

Positioning 2NEx-PF

Drone position

Image 
aquisition



▪ Prediction – Filtering – Fixed-lag Smoothing
▪ π(x,z): conditional probability distribution
▪ x : state variable
▪ z : observations
▪ Prediction: determination of π(xk,z1:k-1)
▪ Filtering: determination of π(xk,z1:k)
▪ Fixed-lag Smoothing: determination of  π(xk,z1:k+p)
▪ where p ≥ 1 is the fixed lag. 

  State estimation: several goals
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▪ Bayesian strategy – filtering 
1. We know: π(x0,z0) = π(x0)  
1. Compute: π(xk,z1:k) 

a) Based on Bayes’s theorem

a) Under Markovian process

2. Bayesian filters: prediction and update

  Bayesian filters
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▪ Particle filter: beyond Kalman filter 
1. Compute the initial ensemble:

1. Compute the weights:

1. Normalize:

1. Re-sampling (select particles):

1. Compute new particles:

  Bayesian filters
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▪ Bayesian strategy – filtering 
1. Kalman filter

a) Linear stochastic process
b) Gaussian statistics

1. Particle filter
b) Applied to non-linear process
c) Applied for non-Gaussian statistical models
d) Kernel of Particle Filter:

  Bayesian filters
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▪ Particle

  Bayesian
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▪ Particle

  Bayesian
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▪ Particle

  Bayesian
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▪ Everything is perfect with particle filter?
Almost!

❑ In the distribution space there are (at least) 
two attractors for stable distributions: 
Gaussian, and  Lévy α-stable

❑ Gaussian (Normal): Central Limit Theorem

❑ Lévy α-stable: Lévy-Gnedenko Central Limit 
Theorem.

  Bayesian filters
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▪ Non-extensive particle filter: 
▪ Non-extensive thermostatistics: motivation

  Bayesian filters

• Albert Einstein  
   1905

Brownian
motion

• Paul Levy
 1937

Levy 
distributions



▪ Non-extensive particle filter: 
     Beyond particle filter

▪ Tsallis’ distribution – from non-extensive thermostatistics

▪ q < 1

▪ q = 1

▪ q > 1

  Bayesian filters
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▪ Non-extensive particle filter: 
▪ Tsallis’s non-extensive distribution
▪ Choice for using Gaussian distribution can be 

justified    by the Central Limit theorem.
▪ However, there is another attractor on the 

distribution space. 
▪ This is the Levy-Gnedenko’s central limit theorem.

▪ For the case of Tsallis’  distributions: 

  Bayesian filters



▪ Likehood function: Tsallis’ distribution
     (non-extensive formalism of thermodynamics)

▪ where  “q”  is the non-extensive parameter:         
to be estimated by a secondary process

  Adaptive Non-extensive Particle Filter
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▪ Result presented during IMSE-2010 
     (University of Brighton (UK), 12-14/July/2010)

▪ H. F. Campos Velho, H.C.M. Furtado (2011): 
       Adaptive particle filter for stable distribution. 
       Integral Methods in Science and Engineering, 
       p. 47-57, Birkhäuser, New York.

  Adaptive Non-extensive Particle Filter
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Image processing with NN

Drone navigation without GNSS signal

▪  UAV used in the out door experiments



UAV positioning algorithm: embedded system
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1. Drone trajectory correction 
     (without GNSS signal)



UAV positioning algorithm: embedded system
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1. Drone trajectory correction
     Data fusion by Non-Extensive Particle Filter
      Uncertainty quantification



UAV positioning algorithm: embedded system
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1. Drone trajectory correction
     Data fusion by Non-Extensive Particle Filter
      



   Cooperation with Linköping University
    Pipelene processing: 

  Image             pre-processing        edge                correlation
  acquisition                                      extraction         (position)

                                                                     (CPU: Raspberry)
              

                                                                      (FPGA: Spartan)

UAV positioning algorithm: embedded system
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UAV positioning algorithm: embedded system
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1. Trajectory correction (MLP-NN on FPGA)

Edge extraction
(methods)

# corrected points 
with error < 10 m

CPU-time
(seconds)

Canny 197     0.25

Sobel 296     0.29

MLP-NN 414     5.00  (20 x slower)



UAV positioning algorithm: embedded system
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1. Trajectory correction (MLP-NN with LUT on FPGA)

Edge extraction
(methods)

# corrected points 
with error < 10 m

CPU-time
(seconds)

Canny 197       0.25

Sobel 296       0.29

MLP-NN 414       0.13  (2 x faster)



Final Remarks
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1. Edge extraction by optimal NN was effective, 
obtaining better results than Canny approach.

2. Visual odometry can be used to estimate the drone 
trajectory.

3. Data fusion (computer vision + visual odometry) by 
Non-extensive particle filter improved the results.

4. A parametric study was applied to determine the 
best non-extensive parameter (q).

5. Our methodology is using a parallel multi-processor 
CPU and multi-FPGA hybrid computing.



  Applications for NEx-PF
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Figure Copyright: Prof. S. L. Dance
University of Reading 2022 
Used with permission

  Applications for NEx-PF



  Data assimilation: what's that?



Forecasts Scores

Adrian Simmons

ECMWF



Forecasts Scores ECMWF
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    Applications for NEx-PF



        Constantino Tsallis

Happy birthday!! 



Thank you!


