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Company purpose

Tamturbo develops, manufactures, and sells
industrial direct drive turbo compressors
with active magnetic bearings

100 % oil-free

"‘\ The most environmentally sustainable
L solution on the market

=€ With the lowest total cost of ownership
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The lowest total cost of ownership

The product line addresses the most common capacity

need (power and volume) for different uses in different
industries.

— From 100 to 350 kW
— From 10 to 60 m?3 per minute

TOTAL COST OF OWNERSHIP

Purchase cost Service & Maintenance Energy
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DISTRIBUTORS AND COUNTRIES WITH INSTALLATIONS

N Americas 50% Europe 44% Others 6%
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REVENUE MODELS

Investment + maintenance
* Most of the compressors are sold with Traditional compressor business

service contract

* Uptime is the most important parameter for
customer to buy Investment + extended warranty

Up to 10 years. All consumable parts, spare parts and labor included

* Preventive maintenance helping to do
action proactively

* Real-time remote monitoring already used _
part of the service Touch-Free™ Air

Compressor + all related expenses included

Pricing: €/m3 , €/kW, or €/ month
— production changes easy, adaptive to customer
needs, OPEX
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TAMTURBO OPERATION MODEL

TT325 Compressor Tamturbo Server

< |
Database
Long time trending
/ Compressor controller \ Data collection: _ Machine comparison
N 200 channels; sampling 1min
CP6706 ~300 channels; sampling 10ms Error bathes triggered by events
3G/4G
Techinical support
\ J
y N

( Compressor GUI w ( Compressor GUI W ( Remote support

Live data LSMS / Email alarms J Service planning

Short time trends Instructions

Events and alarms
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MACHINE LEARNING IN ACTION

Machine learning server
TT325 Compressor Tamturbo Server g

A
A 4

Compressor controller -
200 channels; sampling 1min

R e Ote d ata . CP6706 ~300 channels: zamaing 10ms Error bathes triggered by suznis ML 12
I I I . ;

3G/4G

o : m

Local data:

Techinical support

Tamturbo Server

TT325 Compressor

Machine learning @PLC

m Compressor controller
CP6T06 Data collection optional

~300 channels; sampling 10ms

3G/MG
ML 4

Techinical support
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MACHINE LEARNING STEPS TO OPERATION

1. Case to solve with Machine learning; soft sensor, etc.

2. Data for the modelling; field data, test data, and simulation data

3. System physical understanding; design team for process

Presentation: Henri Vainio, TAU 4. Machine learning model creation

Presentation: Henrik Pammo, Beckhoff
Demo and results: Timo Oksanen, Tamturbo

5. Platform to run machine learning model; PLC with Beckhoff library
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Mechatronics

Research Group
Prof. Kari T. Koskinen, TAU/ENS

Research Questions:

o How to improve and predict availability, reliability
and maintenance of complex machine systems?

o How to design, analyse and control autonomous
vehicles, robots and multi-robot systems?

o How to improve the performance of aircraft
systems and human performance in aviation?

o How to analyse the operation and condition of a
machine systems with knowledge-based
analytics?

Staff: 26 persons including Industry professor, Senior
Researchers, University Instructors, Doctoral
Researchers and Researchers, Research Assistants
Teaching in Mechanical Engineering —study
program: Aircraft Engineering, Mechatronic System
Design, Reliability Engineering and Maintenance

Awards: Tampere Innovation Award 2020

Contact: g Prof. Kari T. Koskinen kari.koskinen@tuni.fi

Mission:

More Sustainable
Future Machinery
by Smart Design
and Optimized
Life-cycle

Main projects:

Unexmin (EU-H2020)
Unexup (EIT)
Robominers (EU-H2020)
Dig It (EU-H2020)

PVTO

SMARAGDI

SNOBI

MASTERMINE (HE)
AIRSHIP (HE)

Reliability and Digital twins Nhgylg:‘r::m

Aircraft Systems

Modelling and Simulation
Digitalization, Al, Machine learning
I _m,m,dm“miu— I

Funding:
EU, EIT, Business Finland, Defence
Forces, Industry

Annual project volume: ca. 1 MEURO

W @TUT MRG -




Implementation of Machine Learning
Algorithms to TwinCAT
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The Application of Simulation

In Compressor System

Turbo Compressor Simulation Model
* Dynamic model of physical phenomena in a turbo compressor
* 1D simulation software

* Multiple uses
» Control design
« Sales
* Tech support
» Condition monitoring, anomaly detection

* Slower than real time

Surrogate modeling
* Mimics the behavior of the simulation model as closely as possible
* Many times faster than the original model

« Surrogate modeling methods
* Response surface models
» Bayesian networks
* Neural networks

Mechatronics Research Group / Vainio H.

Physical
System

Simulation
Model

Surrogate
model: Neural
Network

Tamturhx

JUST AIR

input

hidden
layer

output
layer
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B aS i C Pr i n C i p I e Of Input Layer Hidden Layer Output Layer
Neural Networks

Input
* Biologically inspired models !
- Learn patterns in the data by Input Output
updating the parameters of the 2
individual neurons
Input
» Faster than other surrogate 3

methods, and easy to integrate with
automation systems

TensorFlow

hidden layer 1 hidden layer 2 hidden layer 3

input layer
» Google’s tensor library, Open source
since 2015

* GPU support

» Good support for deploying trained
models on various platforms

* Mobile devices, single board
computers etc.

2757 RSN
£SO

e\

Deep Neural Network = network with many

layers
Mechatronics Research Group / Vainio H. 24.11.2023 | 12
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Surrogate model

The Application of Surrogate Modeling in simulation resuls

Compressor Automation System g EE—

° Physi?al thenlgmena based modular 1. Training with simulated data 361
neural networ A
. 3. Training all stages together 234
* Training of layers of a neural 2 g e
network with simulated data
. . . Stage 1 Simulated data
* Freezing of trained weights — smomome L
. . data 1 surrogate sl - 9100 9150 9200 9250 9300
» Training of new layers with data ' te _
measured from the real machine F I S ‘ Neural network test with
/ simulated data
" ]tage 2 Simulated data
. :77'!:!71?1'; 7”’7 _ Simulation model Combinet T2 pout
* Simulated, laboratory measurement | wa FT] T surosse ) — b
and field measurement data can be ' |
used, or all combined I S
« Sub-models of known physical 1 ]‘""‘” Simuateddta .
phenomena make training and re- 1 Simulatonmode SRS
training easy — /
.. Composite model
* Individual phenomena models can
be selected
Surrogate model structure: 5 w0 200 00 400 5000 6000

t(s)

;Ll:;téotﬁrogg p;;ssgg with Neural network test with
9 measured data

Mechatronics Research Group / Vainio H. 24.11.2023 | 13
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TensorFlow Lite Library for Implementation

» TensorFlow Lite is a version of TF designed for
microcontrollers and mobile devices TensorFlow lite test

—— Combi Net

* Lighter and faster than TF with some limitations 089751 =~ Combi Net Lite

0.8950

* Models trained with TF can be converted to TF lite

0.8925 4

0.8900

Case example

Q (kg/s)

0.8875 4

» Simulation times for 5809 steps (i.e. seconds) on a
laptop PC.: 0.8850

» Surrogate network: 4.3125 s (1347 x real time) 0.8825

» TensorFlow lite version: 0.015625 s (371776 x real time)

0.8800 4

* Note that data pre- and postprocessing (e.g. scaling) e e b o e e 230
may take additional time! t(s)

Identical output behavior from both TF
and TF lite models

Mechatronics Research Group / Vainio H. 24.11.2023 | 14
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Summary

Simulated Data

Knowledge

Input Simulation mode! .
data i surrogate <l
X -
SaL .

Measured Data I —

\ Training i:__ Simulationmodel | |
v input K surrogate
[ Y »
\
! stage 3 | e
Y Simulation mode! | as|
surrogate day =

[ |
Arrogate Model

]
-3
4
®
n
=

Information
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Automation and Data Science BECKHOFF

Automation




Data modelling, training of Al models BECKHOFF

an interoperability standard is essential: outputzself. Lin3(relu2)

output

Plot(x train,y train,y pred):

more than 80% of all data scientists work with e e s S )
Python or R code oo -
torch
most of the libraries used for data labeling, nunpy 2% P
cleaning and modelling are free of charge HEsorshoon ol g
super(M : c Q
heterogeneous Al frameworks are often used i ey 2
even in data science teams of one department N P -
. . . .1in3 = torch.nn.Linear( £
according to a broad variety of computational . . § ‘
costs for Al applications, many target hardware ridden = self. Lini() S -
devices exist for deployment viddend = <c1¢.Lina(relun) & ‘
relu2 = .relu(hidden2)
I

€ ONNX

matplotlib.pyplot plt
sordidxes = np.argsort(np.ndarray.flatten(x_train))
x_trainPlot=np.ndarray.flatten(x_train)[sordidxes]

y trainPlot = np.ndarray.flatten(y train)[sordidxes]

y_predPlot = np.ndarray.flatten(y_pred)[sordidxes]
plt.plot(x_trainPlot,y_trainPlot
plt.plot(x_trainPlot, y_predPlot )

AT+ chanf )




Basics on ONNX

BECKHOFF

= Open Neural Network Exchange N N ><
» Open format to represent Neural Networks and Machine

Learning models

ameworks & Converters

— Interoperability between Al Frameworks

© caffe2 43 cainer XGBoost UbSvM
— Easy access to inference hardware M e @wnet ° &
= Fast growing consortium on supported frameworks, runtime  y.  qn OpyTorch §sas SIEMENS
converters and compilers Py R
“ONNX is an open format built to represent machine learning SERIANS — romm DN @nvioia
models. ONNX defines a common set of operators - the building Buc: e ol ol
blocks of machine learning and deep learning models - and a common ’ '
file format to enable Al developers to use models with a variety of ECE (e Rhon | ThRAE | e
frameworks, tools, runtimes, and compilers.” o ‘.‘
http://onnx.ai/ Vieualise

Better understand your model by visualizing its computational graph.
NETR# N =i Visual DL

http://onnx.ai/supported-tools.html



http://onnx.ai/supported-tools.html
http://onnx.ai/

TF3800, TF3810 | TwinCAT Machine Learning- and Neural Network

Inference Engine for real-time inference in TwinCAT BECKHOFF

TwinCAT transport layer — ADS
WTC configuration ADebugging
TwinCAT Object Manager O N N X
Tk L E y:LC call = y—ML E z
(e} (e}
g 'O Runtime =
>— o 1
2 .
_— 0
3
- a8 - 1
Task CH++ Ce ML
—P@ modules. S Runtime L p—
& Z simuline - 1
—»u modul |
:
= S
g Task g CNC W 1 .
Lo 2 | khoff.a
: g - www.bec .al
Task Q 1
§ b——————————————pg Runtime G — = = — = - .
g
g = -
IS 2 " suoy www.onnx.ai
'E FBD g
= = N -
TwinCAT 3 runtime
TWIinCAT Automation Device Driver — ADD i W i W i W (T W
Fieldbus

(X2072
(X?]Ullg S W Ry ——

LY ([ eemen | ww
Bl X ol ST

S T
50 00 00 ¢4\

BECKHOFF



http://www.beckhoff.ai/
http://www.onnx.ai/

TF3820 | TwinCAT Machine Learning Server

Hardware accelerated inference using TwinCAT 3 BECKHOFF

TwinCAT transport layer — ADS

\AY
TwinCAT 3 Runtime Operating system ‘q’\]
TC configuratio Debugging
Eﬁ TwinCAT Machine Learning
TwinCAT Object Manager S8 Server

@
3 PL ML
é Jﬁbé ¢ _cal 2 Server ——call_, TwinCAT interface
= B = = interface
© task = ; H
% 3 e - P Inference engine WWW kh ﬂ: [
| om— E .beckhoff.a

—lask, o = . .
§ 3 modules dGPU iGPU CPU www.onnx.ail
E [

TwinCAT Automation Device Driver — ADL

4
Fieldbus === @ O N N X

C6043-0090
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Real-t

@ TwinCAT Project11 - TeXaeshell

Ele Edit View Project Build Debug
B-ro-a@d | xF

a |2

Build 4024.12 (Loaded) -

£ Solution TwinCAT Project11" (1 project)
4 gl TwincaT Project11
4 @l sysTem
% License
4 @ RealTime
3 170 Idle Task
4 B Tosks
[ PicTask
Routes
3 Type System
() Tecom Ovjects
& moTioN
4 @ec
4 B 73 ML Sample
4 g T3 ML_sample Project
b [ External Types
< References
3 ouTs
-]

GVLs

b PicTask (PicTask)
23 Te3_ML_Sampletme
03 Te3 ML_Sample Instance

ime Inference | PLC API

TwinCAT ~ TWinSAFE  PIC  Team Scope Tools Window Help

2 - © - | Release  ~| TwinCATRT (x64) - P Attach.. - »
® ||[®]2. & | TwincAT Projectt - | <local> - <0 TGMLSample = n
MAIN® B X Active Project
PROGRAM MAIN
- VAR
fbprediction : FB_MIl1Prediction; ML Interfa
sModelFile : T_MaxString := 'C: ! jor MLP. i
5 nInputDim, nOutputDim : UDINT;
dtype : ETcMllDataType := ETcMllDataType.E_MLLDT FP32 REAL;
nnInput : ARRAY[l..10] OF REAL;
nnOutput : ARRAY[!..10] OF REAL;

- ) CASE nState OF

= 11 IF blLoadCenfig THEN
bLoadConfig:=FA i
nState:=10;

load model

fbprediction.stPredictionParameter.MlModelFilepath:=sModelFile; / provide
1 fbprediction.stPredictionParameter.MaxConcurrency := 1; .
- IF fbprediction.Configure() THEN 1 1

- + ¢

c t 1 nd a
bFailed:=fbprediction.GetInputDim(nInputDim);
_FAILED (bFailed);
bFailed:=fbprediction.GetOutputDim (nOutputDim) ;
_FAILED (bFailed);
bFailed:=fbprediction.CheckPreferredIODataTypes (ETcMllDataType.E_MLLDT FP32 REAL,ETcMllDataType.E MLLDT FP32 REAL,bPreferred);

_FAILED (bFailed);
bFailed:=fbprediction.CheckSupportedIODataTypes (ETcM11DataType.E MLLDT FP32 REAL,ETcMllDataType.E_MLLDT FP32 REAL,bSupported);
_FATLED (bFailed) ;
END_IF
= H /P
- fbprediction.Predict (
pbataInp:=ADR (nnInput) |,
nDataInpDim:= nInputDim,
fmtDatalInpType:= dtype,
pDataOut:=ADR (nnOutput) ,
nDataQutDim:= nOutputDim,
fmtDataOutType:= dtype,
nEnginel nCurrentEnginelID,
nConcurrencyld:= 0); co

execute model

- 4 IF fbprediction.bError THEN error
nState := 999;
hrErrorCode fbprediction.hrErrorCode;
- ELSIF bLoadConfig THEN L
bLoadConfig := FALSE;
nState :=
END_IF;

_update model

END CASE

BECKHOFF
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TEST SETUP

ADS read
over VPN

Read from
.csv file

Data Sources

HW Inputs | | Remote 10

Load from log

|

|

Running model

L 4

Scale inputs
I

FB_MIIPrediction

I
Scale outputs

v

Outputs

Realtime Measurements

@ 24/11/23 Company Confidential

Save to log

Store to
.csv file
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FINDINGS

SNOBI_Compressor_machine_learnign_test

Comp_Turbo1 Comp_Turbol Comp_Networ Comp_M1_RP Comp_Turbo2 Comp_M2_RP Comp_Turbo3 Comp_Turbol Comp_Turbol Comp_Turbo2 Comp_Turbo2 Comp_Turbo3 Comp_Turbo3 Sim_Turbol_| Sim_Turbol_ Sim_Turbol_ Sim_Turbo2_I Sim_Turbo2_ Sim_Turbo2_ Sim_Turbo3_l Sim_Turbo3_ Sim_Turbo3_ Sim_Turbo3_

PLC_Timestamp NT _IN_P kP M_fb NT M_fb INT N _ouT_P IN_P _ouT_P _IN_P _ouT_P _q ouT_P out_T NP TP out_T N_P ouT_P ouT_T OoUT_gm
20221125 1315426 567 03 o | een | auss | siowon s sasoo2  0msaios LMo | 130ise  asms0s | aeersy  Gewiss | O7ase  Luesss  1nanes | osasos  4sse 15713 aississ  gssa  7ioisss 1

2022-11-23-13:54:28.567 22.3 -0.014416401 6.621229 31434 31.90001 33322 34.90002 0.7973268 1.353869 1.301563 4.577575 4.634974 6.643179 0.7784739 1.176635 122.80551 0.9896019 4.334149 153.1755 4.195949 7.979361
2022-11-23-13:54:29.568 22.3 -0.014378578 6.62198 31436 31.90001 33322 34.90002 0.7967928 1.353186 1.301874 4.578049 4.635238 6.642288 0.7784527 1.176518 122.80544 0.9894987 4.333529 153.1718 4.195132 7.978931

2022-11-23-13:54:30.568 22.3 -0.014455276 6.621149 31436 31.90001 33322 34.90002 0.7972362 1.354309 1.30277 4.578057 4.635369 6.642954 0.7784575 1.176653 122.80235 0.9895812 4.334115 153.1694 4.195964 7.979; 119

20221125 135431568 23 oousosas  eenw3 3w o0l 324 o002 00191 137 Li0ise  ASTam  aessia 6enas  07Ssl  LueEa 127913 oSy  43wss  1531sas 415587 2078

2022-11-23-13:54:32.568 22.3 -0.014381925 6.620332 31436 31.90001 33322 34.90002 0.7988476 1.353018 1.301806 4.57753 4.635128 6.641763 0.7784333 1.176558 122.80618 0.9895633 4.334165 153.1749 14,1958 7.979937 77.02389 1092156

: X T m—h ; o i — : At " = T onten| rroml Fromen

. . 197362 7.980439 77.03533 1.092079

SNOBI_Compressor_machine_learnign_test HW measurements to model aa061  7oms2 770287 [ oses

- - - - 7.982254 1.092176

HW measurement output +oortes

1.092112

1.092091

Soft sensor output Lo920s3

Toszizt

1.092174

1.092045

1.092022

HW Soft sensor Looatss

1.092097

measureme |measureme Loo20ms

1.09208

Input parameters to the model nt nt Lot

Yos2087

. 1.092087

Comp_Turb Comp_M1_ Comp_M2 Comp_Turb Comp_Turb Comp_Turb Comp_Turb [Sim_Turbol Loszios

- - - - - - - - - - 1.091944,

Data tag 0l IN_P RPM_fb RPM_fb 0l IN.T 02 IN.T 03 IN.T 0l _IN_gm IN_gm L5214

_IN_ | . _IN_ _IN_ _IN_ _IN_{ _IN_¢ Yos2079

. . ° ° ° 1.092076

mbarg 1/min 1/min C C C kg/s kg/s e

2 1.091749

2022-11-23-13:54:26.567 -0.014 31436 33322 22 32 35 0.79 0.78 ||(€“31 T T T

199615 7.981959 77.0259 1.091818

2022-11-23-13:55:03.573 22.3 -0.014327806 6.618016 31440 31.99999 33326 34.94782 0.7929258 1.352465 1.30066 4.574741 4.631937 6.637645 0.7785144 1.175786 122.75703 0.9900708 4.333285 153.1349 4.197156 7.981323 77.03304 1.091798

2022-11-23-13:55:04.573 22.3 -0.014394811 6.618809 31438 31.99999 33326 34.90005 0.7944922 1.353488 1.301964 4.576543 4.63467 6.639076 0.7784814 1.175229 122.74706 0.9898471 4.332052 153.1436 4.195786 7.98( 77.03921 1.091781

2022.1125.135505.573 23 oouss  csisws 3w sy 32e S0 07966 1309 1St ASGN6  AGMMS  6olms 070l Amsin 127505 oS3 4GS Iaides  41sw0r 790 7703 Loowsis

2022-11-23-13:55:07.573 22.3 -0.014470446 6.620744 31438 31.99999 33324 34.90002 0.7940461 1.352858 1.302451 4.576574 4.634787 6.639424 0.778531 1.175319 122.74769 0.9898481 4.331662 153.1392 4.195486 7.97931 77.03759 1.091746

2022-11-23-13:55:08.575 22.3 -0.014403092 6.621645 31436 31.99999 33324 34.90002 0.7967787 1.353527 1.302772 4.577904 4.635806 6.644067 0.7785509 1.17524 122.75172 0.9898185 4.331283 7.979007 77.02998 1.091794

202211.23-135508.574 23 oo cemsms o sy P26 asoo2  0700msd  LaM  13smi 450l 4G9 ceisse  o7msie9 LS 127421 0smeids 4320988 Temse  mowns o

20221123 135510574 23 oous  cours o eewy 326 s 07wy 3B 13 A4S0 4GSt o1y ormsy7 LIS 2a7ais osTrio 43l Yo Towr 109708

2022-11-23-13:55:12.574 22.3 -0.014504885 6.619936 31438 31.99999 33324 34.90002 0.7968528 1.354152 1.302226 4.577299 4.635563 6.640491 0.7785285 1.175389 122.74654 0.9899017 4.332092 7.979714 77.04172 1.091726

2022-11-23-13:55:13.575 223 -0.01441782 6.617734 31438 31.99999 33326 34.90002 0.7955753 1.35294 1.30151 4.576152 4.633508 6.638648 0.7784736 1.175287 122.74657 0.9899029 4.332541 7.981399 77.04354 1.091767

2022-11-23-13:55:14.575 22.3 -0.014521885 6.617878 31438 31.99999 33326 34.90002 0.7961167 1.353334 1.301566 4.576522 4.634407 6.638165 0.7784964 1.175443 122.74167 0.9899673 4.332856 7.981029 77.04845 1.091711

20221125 135515575 23 oousms  sews  3usm  siowss 3w o002 0roells  1sa LIS 4SS 4Gado)  Gewiss  O7moss  Lusads 1276167 0SE9673  439285 Yoo rromss oo

2022-11-23-13:55:16.575 22.3 -0.014319128 6.61199 31440 31.99999 33326 34.90002 0.7967829 1.352483 1.300287 4.573 4.631452 6.634623 0.7783646 1.175212 122.75291 0.9900047 4334173 7.985129 77.0568 1.091801

2022-11-23-13:55:17.575 22.3 -0.014388563 6.609949 31438 31.99999 33324 34.90002 0.796563 1.35247 1.301379 457277 4.630088 6.631288 0.7783901 1.17542 122.75745 0.9902019 4.335476 7.986173 77.06494 1.091773

2022-11-23-13:55:18.575 22.3 -0.014341324 6.607436 31438 31.99999 33324 34.90002 0.7934317 1.351986 1.30024. 4.572164 4.629844 6.629991 0.7783516 1.1754 122.76102 0.9902652 4.336263 7.987844 77.06986 1.091794

2022-11-23-13:55:19.575 22.3 -0.014417489 6.607601 31438 31.99999 33326 34.90002 0.7961524 1.351487 1.299602 4.572007 4.628579 6.628987 0.7783575 1.175499 122.7522 0.9902865 4.336391 7.987632 77.07313 1.091751

20221125 135520575 23 o0 beoey9 3w Lowes B4 o000  07oM995 117 1M SSTOY  aGus 6y 0TS Luseds 1278 0Ss0i0s 4397153 Tomow  7ross  Loo17is

2022-11-23-13:55:21.576 22.3 -0.014547152 6.607343 31438 31.90203 33326 34.90002 0.7962401 1.351383 1.301043 4.571092 4.627925 6.628671 0.7782685 1.176983 122.79292 0.9900736 4.339264 7.987586 77.07168 1.092026

2022-11-23-13:55:22.576 22.3 -0.014412704 6.606246 31438 31.9082 33326 34.90002 0.7967409 1.351661 1.301549 4.571469 4.628179 6.628246 0.7782354 1.176719 122.79679 0.990045 4.339058 .. 7.988613 #7.06856 1.092075

24/1 1/23 C ZOZZC—S}%PS@}S t | 22.3 -0.014510619 6.606557 31438 31.90001 33324 34.90002 0.7977585 1.35236 1.300676 4.571103 4.628332 6.62593 0.7782617 1.176985 122.80119 0.9900964 4.33956 153.18: Imrm7]l'hﬂ 1.092054

O M P any, e s hiblssGi 1al 22.3-0.014483699 6.60399 31436 31.90001 33324 34.90002 07977106 1351244, 1300033 4.569073 4.625539 6.62606 0.778249 117704 122.80527 0.990225 4.34064 1531082 [ 8208582 ' 7bstzas ' Mzzbiesi’ 1.092074.

20221123 135525576 23 oowors  sew2 3w iow0l 324 o002 oroavss 1 LIS A4S0 a6l 6e0s  07lsss  Luemsa 1228088 0SS01098 43021 153203 A3 gseossl  7opil 1002139

2022-11-23-1: :26.576 223 -0.01438806 6.599653 31434 31.90001 33322 34.90002 0.7935764 1.351352 1.301019 4.56932 4.626388 6.621023 0.7782141 1.177043 122.81868 0.9903985 4342224 153.2192 4.205173 7.992688 77.08307 1.092131

2022-11-23-13:55:27.576 22.3 -0.014497624 6.596665 31436 31.90001 33322 34.90002 0.7923237 1.35107 1.299798 4.567772 4.625196 6.619325 0.7781794 1.177: 122.81389 0.9905348 4.343542 153.2152 4.206887 7.994158 77.09893 1.092058

2022-11-23-13:55:28.577 22.3 -0.014324976 6.595795 31438 31.90001 33324 34.90002 0.7930469 1.350712 1.300148 4.564646 4.623818 6.617937 0.7780994 1.176926 122.8157 0.9903793 4.342977 153.2184 4.205862 7.995174 77.09399 1.092136
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