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Introduction

« Future PV uptake = reduction
of the Levelized Cost of
Electricity (LCoE)

« Reduced LCoE achieved by
increasing lifetime
performance & reducing O&M
costs

CapEx +/0&M 1

[
(S/Mwh) Energy I
yield

Agenda

Weather prospecting

PV Module analytics

PV Power Plant analytics, ML

Smart Grid integration

Lessons learned

20/09/2019

Gantner
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Gantner.webportal / Gantner.RAS
SCADA

EV Charger
Gantner.FPE v
Field Point Extension BESS — Utility / Grid Operator
Q.reader v v A A

PPC / Data Logger

Gantner.FPE

Field Point Extension Central Inverter Gantner.FPE

Field Point Extension
v

p—s

_—

,“ 4 Transformer

= Station

u

Weather Stations

T |
i o Meteo sensors /

=l String.cB/CC
DC Combiner String Inverter 4

4 Trackbloxx
PV Tracker

With Gantner's turn-key monitoring and control, Europe’s largest PV park (600MW) is under way.




Weather prospecting

Reliable
INnformation
for Optimum
Energy Output

Horizontal Irradiation, 1m resolution, Feb. 2021 to Aug. 2022, Filter: >100W/m2




Why measure Gantner
the weather Validation example of horizontal irradiation (GHI) in Arizona, USA:
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YYMMDD

Direct
normal
Irradiation

Comparing Ratio of GHI_calc vs. GHI measured: up to = 4% difference

Clear correlation with cleaning dates - Consider for O&M and real-time PR
validation and periodical reporting

Horizontal Horizontal ™= ¢
Irradiation & Irradiation _

« Seasonal trend remaining > Which parameter to trust?

8/26/2022 vvvvvv.gantner—instruments.com Location: Arizona; 18 month, 1m resolution, filtered for Gi>100W/m?; 4



High seasonal variation of GHI, Location: Tempe, Arizona Gantner,

Calculated vs. Measured horizontal irradiation

18:40 ; ‘ | — | : = (Possible) reasons:

.
oo a(leaning,dust
7

0.02

« Asymmetric behavior
(over the day)

Minute of Day
S
i
w

« |sotropic Assumption for
diffuse good enough?

—0.02

09:D4i'.§ & TR
03:46-!'.; i ' -

08:28[!: ¥
08:10%7 1
07:52 —-0.04
D?E 34"1‘-}::" i 5
or1s )
06:40: i 4 1
06:22 2012 2014 2016 2018 2020 2022
Clear seasonal trend: Calculated values are lower in Spring and higher in Autumn
What would be your explanation?
8/26/2022 www.gantner-instruments.com Gantner Instruments Research Site, 0TF4; Location: Arizona; 12 years of data, 1m resolution; filtered for Gi>100W/m?; 5

Site with regular cleaning (weekly) and sensor calibration, 2017: sensor tracker outage,



Gantner

‘ VS Cans - betamant

6 LOSS FACTORS MODEL + 2 CHECKS

The DNA of
PV modules

lcurvature ./

nRsc 8y

MEASURED IV
mVmp*mimp
=Pmax.meas

Vcurvature

Gantner

instruments

nvVmp nRoc nVoc

Loss Factors Model (LFM)

The LFM determines a module's performance from its
|-V curve as the product of six physically significant
and independent normalized "loss factors” and spectral
and temperature corrections. All normalized LFM ol
parameters multiplied together show PRdc. o

Turnkey Outdoor Test Facility Outdoor Test Facility Solution 30 Channels, Gantner Instruments Research site, Arizona
Solution, 8,16, 32 Channels

8/26/2022 www.gantner-instruments.com 6



file:///D:/M_data_storage/500_OTF4_USA/220_videos_otf4/2020-05-02_C1.avi

Robust extraction of key values with
the Loss Factors Model (LFM)

The Loss Factors Model (LFM) provides a powerful analysis of
indoor or outdoor IV curves.

PRpc = nlsc™ Ny * NVip ™ * NV

Current [A]

LFM parameters are:

technology agnostic, area independent, normalized, meaningful,
e.g., "% power loss due to Reggies”

120% - m“'ﬁ;‘
Characterizea w gi= ‘w00, Predict
100% - bl 2.
module vs., ki performance vs.
G, Tmod, etc. == time and weather
x| ' >

T T T T T i
0 0.2 0.4 0.6 0.8 1 1.2
Irradiance (kW/m?)

26.08.2022 www.gantner-instruments.com

12 1‘4
Voltage [V]

90% T
\_/ \n\\y
85% ~
nRoc
80%

$5295028583RRRaRBRES

ﬂﬂﬂﬂﬂﬂﬂﬂ

3 Apr 9 Jul

ﬂﬂﬂﬂﬂﬂﬂ

25 Oct

9.73672
0.66469

94.58424 Ohm
mGi 599.04803 W/m2

LFM can easily find
any discrepancies,

degradation, poor
NEENNEnESS -

Validation: Stein et al. 28th PVSEC Paris 2013

" 15-0TF19
L h o ohm | yia.0mF10
*, mRsC hi
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Stacked losses vs. time: 1 day Gantner
CdTe: Clearday in March, Tempe AZ

PRdc = - stacked_loss[(isc + + )+ (v + + voc_Tcorr + t_mod)]

gantner_tempe_cdte f

1081 v2 csv When are losses greatest?

150%

1/FFref [

140% 4

(1) Isc loss (AOl/reflectivity, spectrum)->
morning, evening

130% 4

Variable

clouds loss (low irradiance) >

morning, evening

120%

110% A

S9SS0 WNS

loss (high 12.Rseries) 2>

100% - ————————— -

noon
90%: 4
| - cor (4) Voc_tcorr (temp_corrected)

b R, (Voc~log(Gi) = low irradiance

==s "Gantner L
i instruments ! (5) Temperature loss

- noon - afternoon (high temperature)

MLFM Performance Value [%]—

8/26/2022 www.gantner-instruments.com S. Ransome, J.Sutterlueti: How to use the Loss Factors and Mechanistic Performance Models effectively with PVPMC/PVLIB, PVSC 2020 8




l[dentity causes and rates of any long-term degradation Gantner
Stacked loss graphs, 2010-2017+

PRdc « - stacked_loss[(isc + rsc + 1) + 2020
(TTv+ + voc_Tcorr + t_mod)] oo - 2016

(1) Rsc loss worsens -

0% gantner_tempe_cdte 11 _1h21d_20102020 Wlth tlme LBl E
1/FF - o

140% a0%e

LRsC

. Rsc falls faster at 2012

o low light level

120% | 00 02 06 08 10 12
Irradiance Gi {(kW/m?)

T
04

| FFv

& Losses

| Voc | o
90%: 4 }
| Tmod = |" : Roc falls at the same .
~ PRdc i o VHW Wl rate at all light levels
_ ﬁr:c = 2018
) (2) Roc loss worsens
e with time e
2014
2010 2011 2012 20132014 2015 2016 2017
: 2012
- | =~
00 02 04 06 0a 10 12
Irradiance Gi {(KW/m?)
8/26/2022 www.gantner-instruments.com 6 Parameter version, Method: self-referenced Isc for clarity; Temp correction subtracted from Voc for simplicity; unstable device 9

Source: S. Ransome, J. Sutterlueti: Modelling of PV modules and systems, PVCost, 2021
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Mechanistic Performance
Modelling
for Large PV Arrays

8/26/2022 www.gantner-instruments.com



Mechanistic Performance Model (MPM) for PV Arrays Gantner

instruments

MPM assigns a meaningful normalized coefficient to expected performance behavior
to fit observed measurements with understandable loss coefficients

MPMparam = G+ ¥ (Tyop-25)+(57L0g(G) + 0% G+ L7

e.g., PR, nvdc, Tolerance ~ Temperature Voc and Rshunt Reeries Wind

Plot_mlfm_stack : x19074001 iec61853

prdc
. 1/FF =
12 305 - :j:p
MPM is best jo 252 -
%10 2-°E
- To fit measured PR vs. Irradiance and Tmodule fos 1€
, . . - o8 PRdc 08 2
« To look for discrepancies or poor-fit coefficients . i i /
- Predict performance T A n A AR ARRA R
MPM Coefficients are meaningful, orthogonal, robust & normalised; Inputs: G, Tuap: + PnoMinaL

Graph shows losses per component from 61853 matrices of only Isc, Imp, Vmp and Voc. IV curves weren't provided

11



Mechanistic Performance Model (MPM) for PV Arrays

MPM assigns a meaningful normalized coefficient to expected performance behavior
to fit observed measurements with understandable loss coefficients

MPMparam = G+ ¥ (Tyop-25)+(57L0g(G) + 0% G+ L7

e.g., PR, nvdc, Tolerance ~ Temperature Voc and Rshunt Reeries

Gantner

instruments

T C7fNWWI+ fC”p(CB,CG)

Wind Asymmetry ClipMax ClipRamp

MPM is best

e To fit measured PR vs. Irradiance and Tmodule

« To look for discrepancies or poor-fit coefficients

 Predict performance

MPM Professional

covers also clipping, asymmetric behavior

Plot_mlfm_stack : x19074001 iec61853
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MPM Coefficients are meaningful, orthogonal, robust & normalised; Inputs: G, Tuap:

’ PNOM\NAL

Graph shows losses per component from 61853 matrices of only Isc, Imp, Vmp and Voc. IV curves weren't provided
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MPM Professional- PRac.meas, PRac.fitclip vs. time Gantner

instruments

110% 100 —
O nPac
100% 20 . Fl REI E_-':'i."-"g_tt'l BE"
=) & fir_clip
o~
1 90% 80 .. Trod
—
Q
—  z0% 70
Q
—
3 70% 0 —
I )
> —_
S o so QO
4 E
7 L
O 50% 40
>
<l:I
O 40% 30
go]
[ad
an .
30% 20

[
=1
=

" RMSE=2.3%

with inverter

< <0 <4 <0 <G 7} <03 <0 <0 <0 <0 <0 <0 < <4 <05 <0 . .
0 i s N ‘05 s 0. “13/6, s < s ‘39/5 3 ‘{3/0 5 D s << s <2 x < {3/5,5 <2, - 2, {?/06 C | | p p N g
\/Oe;g /O‘?.; ‘/O(-}\; /0&-0 /Gé'”‘, /Oe_; /G.;’G /On"‘; fo /OI"‘ /IF\S:_'; /‘;.,_;G, _i—_‘)i; /GSG, _/05 E /Of /!G; J/l;ra; /;?"J
G0 93 Sgg 2 "3 S0 g Sog Gy iy Y %05 My 755 O 7 fos T, %30

8/26/2022 www.gantner-instruments.com Site: BMW site, bifacial PV Modules, fixed installation, 5min avg input values 13




MPM Professional-  PRac.meas, PRac fitvs. Irradiance  Gantner

instruments
— 1
i nPac
Site: 8MW site, bifacial PV Modules, fixed installation, 5min avg input values ® PRac_Avg_tlnv-1.01.01.01
110% . Q nVdc
Unclipped A fidip
] ® Tmod
o R SRR ors s Ao
A s g AT A AANF SR gy £ T A WA
\C) 0% o At B ¥ R ATE hadbthiarid o o SEIL A4 TN 80
o~ = D Lt “EHIN
- o 2 ey PRac
O am .'.‘Ff;E?:‘F:ﬁ}-.ﬂ.‘tf}}‘at‘t\; 70
—
o
— 705 60
O e —
= =,
1

E 60% =0 g_
— ]
+o —
"_'l 50% 0
™
>
()
0
g 0% 20

20% 10 RMSE=2.3% with

inverter clipping

0.2 0.3 0.4 0.5 0.6 07 n.e 0.9 1 1.1

Irradiance [kW/m?<]

8/26/2022 www.gantner-instruments.com Site: BMW site, bifacial PV Modules, fixed installation, 5min avg input values 14




MPM part of Gantner's Monitoring and control platform Gantner
Gantner.webportal a0 A

# Home @& Dashboard & |ssues & Documents 9 Map & Configuration Data privacy policy

@ Analysis
il Charts . ) ) )
it 01 MPM/Site. Filter: - v [ Show environment Shared tooltips
Installation O Hide the night
LO Site = < 24072022 > 24.07.2022 | v July2022 v 2022 ~ Resolution: | measured | 15min 1 hour 1 day
L2 Transformer station
1 100 0.2 1 160 __
24 Jul 14:45 150 =
L4 Inverter ® nPac-Site-Site [J: 0.71 -
® nPac_Fit-Site-Site [ 0.713
L6 String ® PRac_Avg-Inv-Site [%]: 80.464
nPac_Fit_Diff-Site-Site []. -0.003 u 80 0.8

0.8
» Maintenance Gl 4 U 0.1
&

Mechanistic Power Model 0
100
0.6 2 " 5 /0 60 0.6

meteo - A,

live Chart 0.4 / 40 0.4
-2.5%

= Configuration 30

Q Alarms 0.2 nPa C_Fit 20 0.2
Reports 2.0 ( M P M)

0 0 0.2 0 0
24. Jul 03:00 06:00 09:00 12:00 15:00 18:00 21:00 25. Jul

Others

I
[96]
(=1
[

[etu/ ]
2.

*

(i1

Channels

e

Export 2.0
~— nPac-Site-Site [| — nPac_Fit-Site-Site [[ — PRac_Avg-Inv-Site [%] nPac_Fit_Diff-Site-Site []
Installation information

MmN

e

8/26/2022 www.gantner-instruments.com 15




MPM part of Gantner's Monitoring and control platform

MPM for PV Plants

Best accuracy for short-term forecasts for grid integration

Gantner

instruments

ldentifies component quality issues or unexpected power loss w/o extensive pre-calculation

Works for each component and level (String, CB, MPPT, Inverter, SubStation, Site), Accuracy up to + 2.5%

Deviation can be converted directly into losses (kwh or S)

24. Jul 14:45

- L4 Inverter  nPac-Site-Site [J: 0.71
: ® nPac_Fit-Site-Site [I: 0.713
L6 String ® PRac_Avg-Inv-Site [%]: 80.464

nPac_Fit_Diff-Site-Site []. -0.003 '« u 80

0.8
» Maintenance Gl 1 ' .' K 01
; U N : <
~ Mechanistic Power Model /” 0
| 0.6 P y 2 5 /0 60
i Others n a c N [
“ meteo = A, Y

-F.S% .

% live Chart 0.4

- E8 Configuration

[\ Alarms 0

@ Reports 2.0

(%]

nPac_'Fit 20
(MPM)

0 0 0.2
24, Jul 03:00 06:00 09:00 12:00 15:00 18:00 21:00 25, Jul

E= Channels

.";. Export 2.0

~— nPac-Site-Site [| — nPac_Fit-Site-Site [[ — PRac_Avg-Inv-Site [%] nPac_Fit_Diff-Site-Site []

Show all m

8/26/2022 www.gantner-instruments.com

€ Installation information
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0.6

0.4

0.2

[zl / ]

100

.1

50
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Mechanistic model (MPM) for PV Arrays Gantner

W k f | | 't instruments
MW-scale PV Power Plants ( of inverter or site level)
Site ID Country Pac_nom MPM Coeffs Quality Temp Lowli HighLi WindSp Ramp Aft. Peak PR.STC o RMSE range
- ~ | [MW] ~ |Fit to Parameter JA e1-] €2~ ¢3~-| c4-| 5~ €6 ~-| c7~-| c8~-| RMS|-I+C4
JbBc | GBR 41 PRac_Avg tt-Inv-1.A.1 97.2%| Dd7%| 2278%| -1086%| -0.00%| 0.00%] 0.08% 1.65% |s7% 1.15% 1t04.1/%,
MeAs GER 3.9 PRac_Avg_tt-Inv-Site 129.4% 1%| 50 1%\ 37% 0.18% 0.0(5)% 1.15% |85%
TfWl | NED 96  PRac_Avg_tt-Inv-1.08.01.01 63.8% 0% -4950%| 30.66%| 0.23%| 0.00%; -0.16% L oeu s e Results
TtTe | GBR 3.6 PRac_Avg_tt-Inv-Site 139.5%| 0.44%| 3935%| -59M3%| -0.02%| 0.00% 1 11.42% 83 |50 . ,
FeTv | DNK | 28.1 PRac_Avg_ tt-Inv-Site 123.6% 0%| 51,58%| -25.43% %| -35.80% 1 1.63%F | 82%| 417% |oss impacted by site
FeSo | DNK 8.1 PRac_Avg tt-Inv-1.01.01.01  111.20%| -0M0%| 34.36%| -11.233% %| -55.08% 1 0.80%F | 82%|  23%|i00% design, quality &
8MW site, bifacial modules, inverter clipping: MPM for and , data aggreg.
e ID 0 Pa 0 P De Qua emp 0 g a Pes PR_STC ° < 0
- ~ | [MW] ~ |Fit to Parameter JA ¢c1~-] €2~ ¢c3~-| c4- c7~-| c_8 -| RMS|~ [Cl+C4 RMSE < 2.7%
FeSo DNK 8.1 PRac_Avg tt-Inv-Site 113.83% % | 36i03%| -13155% 0.40% 82% .0% |100% f
FeSo | DNK | 81 PRac_Avg tt-Inv-1.01.01.01  111.20% 0%| 34186%| -11.33% 0.80% | 82%F 2.3% |100% Itvery
FeSo | DNK 8.1 nVdc-Inv-1.01.01.01 102.87% %| 4]13%| -1.99% 0.14%F | 82%| | 1.0% |101% robust
FeSo | DNK 8.1 nlidc-Inv-1.01.01.01 106.14%| 0.01%| 2758% -6.18% 0.81%)  82%|  2.7%|100%

Key for reproducible results: Reliable Sensors, Sanity check, Steady conditions (kTx)

8/26/2022 www.gantner-instruments.com 17
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Machine Learning for
Large PV Arrays

8/26/2022 www.gantner-instruments.com



% Cockpit I~ Analytics @& Dashboard « & Export = Devices & User = /‘ Tools 1 About ~ & admin ~ Gantner

# axs.set_xlim(-1,)
# axs.text(len(RMSEList)*8.9, (nRMSE)*1.87, "nRMSE = "+str(round(nRMSE,2)), bbox=dict(boxstyle = 'square’,edgecolor='grey', facecolor="white', alpha=8.6),fontsize = 12)
axs.text(max(date_list)-datetime.timedelta(days=int(len(date_list)*@.1)), (nRMSE)*1.87, "nRMSE = "+str(round(nRMSE,2)), bbox=dict(boxstyle = 'square',edgecolor="grey',facecolor="whif

instruments
] 1 =
P re d I C'tl O n Of ~ File Edit View Run Kernel CronScheduler Tabs Settings Help
» [A] Use Case 2 - Digital Twin MPX | Bl Use Case 1 - Digital Twin XG X | [ Use Case 3 Unsupervised-Le:X | [A] 50 MW _XGboos_v2.ipynb X %
B + X O M » 1 C » Code M Python 3 O
performance of| imziy :

plt.show()
» Asset: PV Power Plant, 50MW: . < >
15m inverter data 10
8_
nRMSE = 2.58%
X 6
L
(Va]
s
o 41
c

« Residuals of Measured vs.
Predicted 21

« Algorithm:
« Extreme Gradient Boosting 0 20 40 60 80 100

(XGboost) with training Days
+ Mechanistic model
’ LOW error Of 2I580/0 EIDE o 10 & Python3|idle Saving completed Mode: Command & Ln1,Col1 50 MW_XGboos_v2.ipynb

+ Successive samples

» Error reduced to 1.92% for random Predictive performance of digital twin with errors < 3 % on MW-scale
samples

8/26/2022 www.gantner-instruments.com 20




Unsupervised-
Learning

 Faults detection (outlier
classification) for MW-scale &
Microgrid

« Methods qualified:

Angle-based Outlier Detector
(ABOD)

One-Class Support Vector
Machine

Support vector data description
(DeepSVDD)

Histogram-base Outlier
Detection (HBOS)

Isolation Forest

k-nearest neighbors' algorithm
(KNN)

Extreme Gradient Boosting
(XGboost)

8/26/2022 www.gantner-instruments.com

Cockpit ¥ Analytics @ Dashboard v & Export Devices & User v J Tools a 1 About ~ & admin ~ Gantner

instruments
File Edit View Run Kernel CronScheduler Tabs Settings Help
[A] Use Case 2 - Digital Twin MPX | Al Use Case 1 - Digital Twin XG X | A Use Case 3 Unsupervised-Le: X | (A 50 MW_XGboos_v2.ipynb X %
B+ X O T » m C » Code v Python 3 O
- ~
¢ = plt.scatter(0X1,0X2, c='black’,s=28, edgecolor='k') Normal
L]
plt.axis('tight') o] ° ] | ; -l" ‘
plt.xlabel("Measured Power", fontsize = 20) ) ) | | ' i I
plt.ylabel("SyntheticPower", fontsize = 2@) ; 15 " “
# Loc=2 is used for the top left corner E I | i i
plt.legend( 6 i l l |
[a.collections[@], b,c], 2 10 l i
[*learned decision function®, ‘'inliers®,'outliers'], DCE | ' |
prop=matplotlib.font_manager.FontProperties(size=16), \ ot g |
loc=2) 5
]
plt.xlim((e, 1)) y
plt.ylim((@, 1))
plt.title(clf_name) 0 50 100 150 200 250 300
plt.tight_layout() [
p1t. show() Fault classifier (Xgboost, MW scale, 97%)
OQUTLIERS : 17 INLIERS : 730
1.0
=== learned decision function
o inliers .
0.8 -
— . outliers
L)
3
o 0.6
o
)
v
£ 04
rar)
[=
&
0.2
0.0 T T
0.0 0.2 0.4 0.6 0.8 1.0
Measured Power
Unsupervised learning for diagnosing power faults on real field data
(relative magnitude 5%, MW-scale)
W
Simple 0 [ 10 £ Python3|idle Saving completed Mode: Command @ Ln1,Col1  Use Case 3 Unsupervised-Learning Outlier Detection.ipynb

Works for different granularity and asset types; results available in Backend and API

21
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Microgrid
Real-time Interaction

8/26/2022 www.gantner-instruments.com



A stable
Frequency
keeps

the lights on...

Freq vs Time

& Tools « i

About = admin «

: File Edit View Run Kernel CronScheduler Tabs Settings Help
- ™ jovyan@2ff1675cf026: ~/tua:X [ freq_10hz_heatipynb X
B+ X000 » = C » Coe v
o ax.set_xticklabels(nw_tick_list, fontsize = 18 ) #pivot_o.index)

#define z-axis (colorbar)

cbarlabel = zval

cbar = ax.figure.colorbar(im, ax=ax) # , **char_kw)
cbar.ax.set_ylabel(cbarlabel, rotation=98, va="bottom”, fontsize=18, labelpad-36)
#cbar. set_Label (zval, Labelpad=28)

#set Labels
#ax.grid(Llinewidth=1)

fig.
plt.
plt.
plt.
plt.
plt.

#return pivot_hm #only if you are interested in pivot

param =

tight_layout()
xlabel(xval)

ylabel(yval)

title(title, fontsize=28)
tight_layout()

show()

' YYMMDD'

50.15

50.10

50.05

Frequency
w
o
o
o

49.95

49.90

49.85
— o~
o o
~ ~
o o
o~ ~N
o~ ~

YYMMDD

8/26/2022 www.gantner-instruments.com

t = df.loc[(df[param] == 220327)]

Gantner

instruments

%

Python 3 (ipykernel) O &
k-

I [12]:

define_heat_map(zval='Freq Meas-HP-15_min', df=df, yval="HHMM', xval='YYMMDD', agg='np.min’, colours='RdV1Bu', title='Frequency vs. Time (yymmdd) and hour of day; Asset GI', start yymmdd=220201, end_yymmdd=220228)

Frequency vs. Time (yymmdd) and hour of day; Asset Gl
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YYMMDD
Simple 1 B 10 @ pvthon 2 flinvkernel | idle

Made: Edit

50.100

50075

50.050

50.025

50.000

Meas-HP-15_min

Freq_

49.975

| 49.950

49.925

49 900
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Microgrid setup at University Campus in Cyprus Gantner

instruments
PV
Gl.cloud Ul Visualize o | Analy’ugs
Operate o~ Digital Twin
Analyze
@ python”
Setup PY
EV Charging
a - L
- P—'l“ ;%‘%%‘E*‘-’® Distributed, scalable, clustered, AP
&ﬁ o &3 kafka | -
Ether€AT 8\ Event Sourcing Indexing
Grid / Load —p @ o date Persistent log Aggregation
;8:. Wsocbus Real-time Enrichment Fast data access
Digitalization and Real-time data Centralized Read/write data streams
interoperability stream supervision and Real-time control
open communication control
standards
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Real-time energy grid control with advanced data Gantner
processing and qualified models tor digital twins

Data acquisition system (DAQ)
Real-world data or Test-bench

26.08.2022 www.gantner-instruments.com

- | «|dentify missing/erroneous data —p | Predict characteristics of the

instruments

Data quality routines (DQRSs) System model prediction

- Correction of data system, residuals

| l l

Health-state

Degradation rate detector

Failure diagnosis routines

M B ﬂm

— SOC_Bart-Bam 1% in-Bai —_ t-Bartery-1 [kWh]

-
I A M g — - = -
S EFEEFFF S - - = -
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L essons learned - which we also had to work hard for ... Gaﬂn";[r]ﬁnfs

Real-world performance data cannot be accelerated

« Invest in sensors you trust

 Start early and be consistent in the O&M

Measure - not only model
 Precise and reliable monitoring is critical for effective data analytics

« Make sure you understand the dependencies (e.g., dGh_rel); it will pay off

Structured and scalable data processing
« |sessential to get fast and repeatable modeling results

« Make use of metadata and automation

Modelling for the industrial usage
« Run models against each other

+ Robust results with a combination of MPM (normalized, physical) and ML (classification, detection, etc.)

8/26/2022 www.gantner-instruments.com 27



"Without data
you're just
another person

with an opinion.”

W. Edwards Deming,
Data Scientist

Gantner

instruments

Know the weather

Know the technology

Know your O&M strategy

Know your PV output

- Generate continuous profit

Thank you very
much!

j.sutterlueti@gantner-instruments.com
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The Analytics project . Analytics Gantner.

real time edge control and ai
for tomorrows smart grid services

powered by
FFG SK LQR erA.neT

Promotin g Innovation

A% 4% | University of Cyprus
PV Technology

Predictive

~ Advanced System Monis

Analytics

S'Analyticsfor Smart Grids

\ T

Project ANALYTICS

Added value

Descriptive Intelligent monitoring systems

Analytics

= .
More info at: = Complexity

4  What Why it What will
https://www.gantner-instruments.com/research/ &  happened? happened? happen?
advanced-system-monitoring-analytics-smart-grid/ 5 =

E -

¢ Today IPERMON ®0

& Analytics
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Digital Twin modelling and replica
PV power plants (W to MW scale)

Optimal feature detection for machine learning
model using SHAP

TmOd --*
Voltage —M—

8 %6 4 2 0 2 3

SHAP value (Impact on model output)

8/26/2022 www.gantner-instruments.com

Feature value

Low

:“; Gantner

Analytics instruments
Actual and predicted PV power
using Xgboost (W to MW scale)

— Actual

6 1000 — | Predicted
]
N
f_U 800
: |
) 600
S
‘G—J 400
: / \
O 200
: / |

Index

SHapley Additive exPlanations (SHAP)): Improving individual predictions using game theoretic optima.
eXtreme Gradient Boosting (XGBoost): more precise determination of target variables 31
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D ata p rO Ce S S i n g Cockpit @ Dashboard v & Expori = Devices & User~ J Tools i About + & admin - Gar!rEunun%Es

File Edit View Run Hernel CronScheduler Tabs Seftings Help
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B + X O & » m ¢ » Coe o Python 3 (ipykemel) O &
Q
) . E:
[7]: from jupyter_dash import JupyterDash
. #ilmport jupyter cerver meove
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Mechanistic modelling: How does it work? Gantner
Characterising PV with an empirical/mechanistic model e

- DC Performance Ratio PRy = Effpe yeas/Effsrc or MPR
Optimise fit coefficients C,; to minimise rms

Measurements error using e.g. Python, Excel
| N N B B N =B B B B B B |
WEATHER: l
Irradiance G, S —
Toooue \ EMPIRICAL or MECHANISTIC MODEL: PERFORMANCE:
PRocprenict = Zn Gy funcy (G Tyop:-+) PRpcprepicT
ELECTRICAL: ‘
PRDC.MEAS

12 6%

3-7 Fit Coefficients C, Weather
functions
9y GikW/m? - nPdcFit —nPdcMeas - Residual % s

| Indoor E (,
11 K\ T go; " :9/;
//H_.___,\ MODULE  |EC-61853-1 Outdoor oM ;

— s matrix data and fit fol:
S05 YL

% X
1% £

0% —
5C

T e ZE (NSTICRY) vs. time
ad 08 — 90C
o

NPpc>

%80 02 04 06 08 10 12 14 1
Gi (kW/m2)

Irradiance>




Latest Information and long-term Gantner.
data (>12 years):

Th iS co nfe rence: SRC L Gantner ~ IMPROVING ANALYSIS METHODS FOR IEC 61853 MATRIX MEASUREMENTS

Steve Ranscrus Consuing Limted Steve Ransome! (SRCL) and Juergen Sutterlueti (Gantner Instruments)

#18 PVPMC 23-.24 Aug 2022 1 steve@steveransome.com : www.steveransome.com
Salt Lake City, USA

« Poster #18: IMPROVING ANALYSIS METHODS FOR IEC 61853 TRODUCTION DEFINTIONS

¥ GLOSSARY : nomenclature and definitions funte]
# g = neasured pos irradiance ~(0.1 - 1.1) [kn/m’2]
# t_mod - measured module temperature - (15,25,50,75) (e
* IEC 61853 “Matrix method” defines ~28 dc measurements at up to . —
|\/| AT R | X M EAS U R E M E NTS 7 irradiances (g=0.1- 1.1 kW/m) x 4 temperatures (t_mod=15, 25, 50, 75C) = ‘i
4F - t_mod - 25 " (el
* 4independent coefficients are needed to uniquely fit a performance matrix : LR L s 2138 H [;}

1) c_c - measured/nameplate performance at STC

«
# normalise data for sasier fitting apd understanding)
# HAMING PREFTXES meas(ured) norm(alised) Fit(ted), sts, lic, moct ets

2) c_t : temperature coefficient (=1/X x dX/dt_mod [1/K] ) X=p_mp, v_oc ...

« Benchmarking of mLFM vs. SAPM or PVGIS fitting matrices for all 3) g owlightdrop (caused by v_oc drop ar ¢_shunt o ncreasing a ow g

4) ¢_g : high light drop (caused by r_series as loss ~ I.r_series ~ g*.r_series) S
. 0
ram .t r * Matrices of pr_dc, v_oc, v_mp etc. can be fitted easily with a mechanistic C 2 LS|
pa a e e S model “MLFMA4” (with ~50% of the fit errors of SAPM or PVGIS as neither of 1V curve terms
them model r_series correctly, it needs a c_g term [PVSC-49] : L] ; mﬂgﬂ coatficlents - © 4 high lighe
horm paran - e 4 o_t=(t_mod-25) + GMN" log10(g)* (¢ kT ate ki + E.g"a

 Relevance orindoor/outdoor matrix fitting

MLFM FITTING OUTDOOR MATRICES : pr_dc(G, t_mod) MLFM COEFFICIENTS ARE INDEPENDENT FOR UNIQUE MATRIX FITS
Fit data non-weighted or “weighted by occurrence” - - = Alter each of the mifmé+ coefficients (c_c, c_t, ¢_lg, c_g) separately
« Show sensitivity : shape and magnitude of apparent performance change (red arrows)

= Changes are independent meaning there’s a unique best fit

« Sensitivity to noise Bl

sTC

: .':I' 1

« Abetter and simpler method for temperature coefficients without extra

measurements (as used in [EC 61853) (ol . e ‘ |.

A BETTER METHOD TO FIND TEMPERATURE COEFFICIENTS ]
Temperature coefficients can be more o ::);(‘ :\\d
simply and accurately derived using c_t
from mifm matrix fits without needing extra
measurements and trend fits as used in IEC

- Quantifying Long Term PV Performance and Degradation under ™| ST
Real OUtdoor and |EC 61853 TeSt COﬂditiOﬂS, PVS EC 35/ 20]—9 M’I‘;FFT':“IHING - :;’"::’:‘p“:“f't:sf":"l'l}'lt,oon v OUTROOR SPTHTF.:?:S better than SAPM or PVGIS fitting matrices for all parameters

Module #5 Canadian Solarrmse | Module 178 Solar World : wimse

= Fitting good Indoor vs good with only 50% of their rmse (they don’t model r_series) [see PVSC49

outdoor data :

Further information:

Gantner

* MLFM has optimised fits to indoor measurements and fits good outdoor

« Benchmarking PV performance models with high-quality IEC P Eu ;f,ﬂ_;_; - vewoudoordaaty || nneurements wel

occurrence

* Outdoor weighted v_mp * Weighting outdoor measurements by occurrence mean infrequent

61853 Matrix measurements (Bilinear interpolation, SAPM, PVGIS, T | mtvemeanied extreme o transient data don'taffect the it

good as indoor!

The MLFM matrix fit c_t parameter is_ an accurate temperature coefficient

M I_F M ; a n d 1 - d iOd E), PVSC 49, 2 O 2 2 . T I:l |:| (-;?"{".e} ) :‘I‘i::":?:‘:"“l::a:‘l’l:w (without needing extra measurements at 1000W/m? )

beam fraction and

[ e spectrum affect i_sc) References : v steveranso email : 5 ansome.com E=EE
[PVSC 49] bt/
*  MLFM fits matrices well PVPMC/PVLIB : htips =
I:l Gantner Acknowledgements : Gantner Instruments and SRCL
s CFV for data https://pupme sandia gov/download 7701/ e
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OTF
Technical Features |

 Data acquisition: proven dynamic electronic load with all necessary
current & voltage ranges allows measurement of all available PV
Modules; Typical range: 20A, 200V, 500W, Peak: 800W; customized
range on demand

 Four wire concept to eliminate cable influence and ohmic losses

 24bit resolution with high galvanic isolation voltage (1200 VDC
permanent)

« Fast & high accuracy digitalization, 1 kHz sample rate per channel,
accuracy 0.01 % typical

« Fastresponse time: (10...100%): 100us
« Dynamic sweep time and scan interval (from seconds to hours)

« Module IV scans are performed in synchronous way - resulting in
highest accuracy for PV module comparisons

« Onthe fly calculation of all key parameters Isc, Rsc, Imp, Vmp, Roc,
Voc

26.08.2022 www.gantner-instruments.com
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6 LOSS FACTORS MODEL + 2 CHECKS

MMF REFERENCE STC IV
rVmp * rimp
nisc = Pmax.nom
Icurvature ./
nRsc CA 4

MEASURED IV
mVmp*mimp
=Pmax.meas

Vcurvature

Gantner

instruments

nvVmp nRoc nVoc

Loss Factors Model (LFM)

The LFM determines a module's performance from its I-V curve
simply as the product of six physically significant and independent
normalized "loss factors” as well as spectral and temperature
corrections.

All normalized LFM parameters multiplied together shows PRdc
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OTF
Technical Features ||

Data acquisition based on a user specific time interval (e.g. 1min)

One measurement channel per module - best long term accuracy,
highest uptime

Different tracking methods available per channel (Pmpp/max. power
point, Voc/open circuit, Isc/short circuit)

Reliable software with special self monitoring features and automatic
user alerts (e.g. email notification), automatic data check in database

State of the art data security & protection on hardware and software
level

High performance data base allows allows real time performance
prediction and enables optimized O&M concepts for large plants

Special Mode for Self - Calibration check
Outdoor spectroradiometer for understanding the spectral influence

Reliable and proven industry components and calibrated sensors
(reference cells, pyranometer)

Indoor / Outdoor configuration

26.08.2022 www.gantner-instruments.com
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v Gantner
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