The concept of hybrid analytics methods to decide on drone
landing and take-off platforms in urban areas.

Drones within the health care sector, June 19, Hamar.
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Why do we find turbulent flights exciting ?
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Knut stressed on challenging geography and weather.


Mountain waves




Hammerfest Airport

Wideroe DH8A on May 1st 2005
The Aviation Herald
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Future: No regulations. We can solve problems related to meditations.
Drones state of the art. Remote but not in urban scale. 
Real time prediction. Hybrid Analytics. 
Resolution : 3m. Wind – turbulence -
Cloud sourced data. Machine learning algorithms. Netatmo. 
Helsevel – Identify landing and take off. Oslo Geometry and CFD , under different wind and turbulent condtions. 
Different drones under.
Best available points with lowest turbulence will be landing. 
Aim – Real-time 100% availability.
1. Mapper: SIMRA to openfoam convertor. PHASE 1. HARMONIE- simra COUPLED.
2. Building resolved CFD simulations. Detailed .  
3.  Netatmo validation. + Machine learning thing (NO PROMISE - IPN).  Landing – Takeoff VALIDATION. PHASE 3.
4. Identification of things to do in future. 
Bigger project. Role of SINTEF Drone based service in an urban area?
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Real-time turbulence alert system based on
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World’s FIRST and ONLY operational microscale turbulence alert system operating at 20 Norwegian airports




S Real-time turbulence alert system based on
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World’s FIRST and ONLY operational microscale turbulence alert system operating at 20 Norwegian airports


Presenter
Presentation Notes
Here we are downscaling wind and turbulence field from the Norwegian Weather Prediction model running at a horizontal resolution of 2.5kmX2.5km down to 60mX60m to accurately predict terrain induced turbulence. The code SIMRA.


There is a little bit of SINTEF in everybody’s life
-Erling Bergersen, Avinor

a SOLID piece of research ?






Currently, Our CFD model is validated and good and is performing well on 20 airports in Norway.
but we continue to make it better as part of continuous validations
Currently: Learning through experience
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Future: combine Machine learning with CFD using Hybrid Analytics.



Challenges with Drone :



Background and Challenges with Drone :
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Current status :

e Drones are mostly operating within Line of sight and in Remote area.
e Current status : Rely on operational segregation of drones for safety
e Vision : Co-Sharing of air-space

. R_e%ulations: Still being developed. No regulations in place for urban area operations and out-of-
sight

e Drone characteristics: No idea how drones behave in a real environment

e Real-time : No real time simulation tools for predicting wind, turbulence and visibility in real time

e Use our past experience in aviation safety and the current ATB project :
e Develop this area of regulations and real-time drone safety service for urban usage.
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HYBRID ANALYTICS: Why ?
Towards Intrepretability and Causality.

Physics based model Data-driven model

Full Physics Full Physics

Modelled Physics
{Representing in terms of equations)

Numerically Solved Physics " Observable Physics

(Under computational constraints)

ASSUMPTION: THE DATA CAPTURES THE EFFECT OF ALL THE PHYSICS
- —

So far, the world has been driven mostly by a physics based modelling approach. The On the other hand, we have purely data driven modeling approach
approach consists of observing physical phenomena, developing an understanding, which thrives on the availability of data. It is expected that data is a
putting it in the form of mathematical equations and ultimately solving them. We can manifestation of all the physics driving a particular process and hence

never claim to understand all the physics (shown in. black) governing a particular even without any knowledge of the governing physics one can model
process. Actually, we observe only part of the physics (blue) and model even smaller

part of it (shown in green). To make the numerical solution of the modeled equations their effe(.:t's. TIEIS atpprodach WhICh ylva: fl;owned upon' quntll recteni’sly 1S
computationally tractable, more assumptions are made leading to further loss of now gaining traction due primarily to tourreasons: Access to huge
physics (thus only the orange part is accounted for). amount of data, Access to opensource libraries, Access to computational

Learning resources.

It is expected that just by increasing the number of data points we can
capture more and more physics. Although it can be possible that a
limited amount of data captures all the required physics.
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On the other hand, we have purely data driven modeling approach which thrives on the availability of data. It is expected that data is a manifestation of all the physics driving a particular process and hence even without any knowledge of the governing physics one can model their effects. This approach which was frowned upon until recently is now gaining traction due primarily to four reasons:  
Access to huge amount of data: This is driven by the development of cheap sensor technologies and products like mobile phones that use them. 
Access to opensource libraries: Google, Microsoft, OpenAI have all released their cutting-edge Machine Learning / Data Modeling libraries which anyone with even basic programming skills can use to build complicated intelligent systems. 
Access to computational resources: CPUs, GPUs and now TPUs are much cheaper but computationally very powerful compared to the hardware available just a decade earlier.  
Learning resources: Lastly, there has been a spike in the number of high quality online courses which is available to anyone wishing to learn new stuffs. This was until recently offered by only top universities and colleges in the world at exorbitant fees. 
Data-driven models on the other hand have so far been mostly employed as black boxes and that is one of the reason why one is generally uncomfortable about their usage in critical applications. However, that shouldn’t prevent one from realizing the obvious advantages of the approach. A data driven model (specially DL) keeps on improving as more and more data (experiences) are fed in to the model. The training part of the data driven modeling might experience issues associated with instabilities however, once a model is trained it is stable for making predictions. 


0

Predicted: -/
True: husky

Predicted: -/
True: husky

Example of unintended pattern learning by
ML: Classification: Wolf

- a husky (dog)

Only one
wrong prediction

Predicted: Wolf
True: Wolf

The classifier actually
learnt to classify
based on the
background

Predicted: Wolf
True: Husky

BIAS
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Another downside of data driven model in addition to being black box is the fact that these models can be biased one way or the other based on the biases in the training data. A physics based model is driven by laws of physics and hence will be unbiased with respect to human or environmental prejudices.  



Hybrid Analytics
as solution

Hybrid Analytics is a modeling
approach that combines the
interpretability, robust
foundation and
understanding of a physics-
based approach with the
accuracy, efficiency, and
automatic pattern-
identification capabilities of
advanced data-driven
machine learning and
artificial intelligence
algorithmes.




Current workflow for landing anc

based on turbulence analysis (cfc
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nybrid analytics for speedier operations (CFD + ML)
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Hybrid analytics in health — Carotid Artery Disease Progression.

SINTEF Digital. Journal Reference : A computational framework involving CFD and data mining tools for analyzing disease in carotid artery bifurcation. M. V. Tabib, A. Rasheed, E. Fonn. Progressin Applied CFD—CFD2017, (ISBN 978-82-536-1544-8 and ISSN

2387-4295 ). SINTEF Proceedings (2), Page 125-132.
SOMETHING SIMILAR WITH DRONE BASED OPERATIONS.
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1. Reduced Order Modeling

Modes 6 and 7

Modes 3 and 4

Mode 5 Undeformed geometry

Modes 1 and 2
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The high-fidelity method (150 x 10 x 10 elements) took about 5 seconds
on average to solve each problem instance.

Each reduced method completed the solution in 200 microseconds on
average. (The systems are too small to see a noticeable dependence on
M.)

Speedup factor: 25000
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The high-fidelity method (18847 DoFs) took about 25 seconds on
average to solve each problem instance.

Each reduced method completed the solution in 1 millisecond or less on
average.

Speedup factor: 25000
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2. Speeding up numerical solvers using Deep Learning

Machine learning predicted heat diffusion

Solves heat equation:

ou ViaVu)+f =0
5 aVu f=

Cubic basis functions, 5000 DOFs
Solution time FEM: 20,000 ms
Solution time CNN: 8 ms

Speedup: 2,500x
e The Convolutional Neural Network learned the physics
governed by the heat equation
 The animation above was in real time
e Can be generalized to solve problems from other
domains



CONCLUSION

e Operation of drones in urban areas have their own challenges, pertaining to :
e A. Safety regulations.
e B. Non-availability of real-time operational systems.
e C. Knowledge about drone flight dynamics in urban conditions.

e Currently , a validated physics based CFD model is operating at 20 norwegian
airports and provides insights on turbulence.

e SINTEF can collaborate with others and help with above three drone challenges.

e The new hybrid analytic concept introduced here is under development aims to
combine the available domain knowledge, with physics-based and machine
learning models to develop an operational real-time drone safety predictor.
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