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Household installation of PV and ESS is increasingly adopted to lower electricity costs and enhance backup

power availability.
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By 2030, solar PV is projected to be the largest renewable
energy source, contributing ~80% of global capacity
growth from 2024-2030, driven by utility-scale projects
and rising rooftop adoption.
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Residential BESS is projected to expand rapidly, supported by
falling costs, higher electricity prices, and stronger government
incentives, enabling wider integration with PV systems through
2030.
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Background

DERs (PV & ESS) location and sizing, HEMS, and grid support are key to maximizing PV/ESS revenues, but
fragmented benchmarking and low transparency can yield divergent and unreliable results for end users.

Location & Sizing HEMS Grid Support
S us s (Frer] q . .
, SYgiath Ovorview: UK Rosldentlal Wstaiation Value stacking is the key to unlock customer potential
Start SaVIng * Solar PV Capacity: 10.08 kW
* Energy Storage Capacity: 19.34 kwWh
Up TO 80% /mo © Al Moge Operation Durl]\t/ion: 10 months Vehicle-2-X
on Average
g Monthly Savings: Alin Action Imbalance optimization
g tonland Teshctomar serges The table below compares the household's monthly energy savings with and without Al optimization. The results
show a remarkable improvement, with Sigen Al achieving up to 44.56% additional savings on certain dates.
Select Energy Product Freq. containment (FCR)
N ] May 2024 211.03 191.60 10.10% ARG .
Jun 2024 244.76 213.94 14.30% R
Powerwall 3 Ime-of-Use optimization
Jul 2024 216.46 189.86 14.01% °
Aug 2024 242.60 169.03 43.53%
- Sty it l
Sept 2024 194.58 163.35 19.11%
do0 11040 Bl Today Future value
Source: Tesla Source: Sigenergy Source: gridX
Tesla, Huawei, and other leading companies have The absence of standardized scenarios hampers Participation in grid support markets—such
developed advanced tools to optimize PV and ESS the evaluation of system sizing and energy as FCR and imbalance optimization—through
sizing under specified conditions. management algorithms. VPPs can generate new revenue streams.
Results vary across platforms due to differing Proprietary datasets impede fair and transparent  However, systematic evaluation of

technical methods and business considerations. comparisons of vendor performance. residential DERs in VPPs remains limited.
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Teams from China, Europe, and the US addressed complementary phases of residential DERs, combining expertise to
advance benchmarking via open-source collaboration.

Group Leader, CoSES, TUM

Dr.-Ing. Anurag Mohapatra established -
a PHIL platform for multi-energy T
systems in a microgrid context, which
supports multi-family, multi-carrier
(heat and electricity) simulations

Ph.D., Technical University of Munich

nature energy

Aﬂordéglgbackup power

PV & ESS R&D (2012), Energy Hub (2019)

Dr. Rui Li installed his first PV and ESS E L E
on campus in 2012, and publisheda =g _-'
study on Energy Hub market b,
participation in IEEE TSG, recognized E
as an ESI Highly Cited Paper.

Head of Al Department, EcoFlow

B . : .
a2 Ph.D., Tsinghua University

Multi-energy system PHIL (2024)

DER Evaluation (2025)

Dr. Tao Sun published a

systematic feasibility assessmer ﬁ
of PV and ESS for the United

States in Nature Energy.

tngineer  Postdoctoral Scholar,
= ) /4 Stanford University

Ph.D., Stanford
University
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Decision-making over the lifecycle of DERs (PV, ESS) can be modeled as an optimization problem with
varying decision variables, objectives, and risks, across time horizons from 1 day to 15 years.

Location Sizing HEMS Grid Support
e ® e e
‘ Y ) \ Y I v |
Phase Location & Sizing HEMS (single-household) Grid Support
Decision installation location; capacity charging/discharging behavior capacity reserved for VPP
electricity cost reduction; self-consumption; self-sufficiency; additional revenues from grid
Concern
backup power supply comfort level market
Time horizon DER lifecycle (~15 years) typically 1 day typically 1 year
Risk accounting for long-term PV generation uncertainty; price DERegradation; market scope

incentive uncertainty mechanism
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Example for Location & Sizing & HEMS

*  Example for VPP

Sample: @ResStock Simulation runs: . "

500,000 ResStock load profiles (statisticall 1. E ic viabilit t reducti S e PRt carter Lhetey Hub
« 500, esStock load profiles (statistically . Economic viability > max cost reduction ———~ Maximize the profit

representative of U.S. households). 2. Backup viability > max backup power purchased gas Pgas P

4 »,
. X

Data Layers: power price- >4 NN peat o
. . quantity 7 K 2 ea .pnce_

Hourly solar generation (PVWatts) Decisioniiiiibles: offer and /% cleared  cleared [} %° quantity offer
+ Technology costs (NREL) bid 9 — P h \\
+ Retail electricity rates (URDB) « Whether to install quantity quantity %
+ Local outage events (PRESTO) « System Sizing
Constraints: Output:

Electricity Heat

. Battgry charge/qis'cha.rge limits . Optim.al'solar-battery s:izing Market Market HMO
« Physical space limitations « Electricity cost reduction (%)
« Cost nonincreasing (affordability) « Critical consumption backup (%) Minimize generation cost Minimize generation cost
Sun, Tao, et al. "Solar and battery can reduce energy costs and provide Li, Rui, et al. "Participation of an energy hub in electricity and heat distribution markets:

affordable outage backup for US households." Nature Energy (2025): 1-16. An MPEC approach.” IEEE Transactions on Smart Grid 10.4 (2018): 3641-3653.



University

- : . o= el Stanford | Doerr
Dataset & Preliminary Result — Location & Sizing =CO~LOLW  EEEY School of Sustainability

U.S. Solar Potential Map
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U.S. Solar Potential Map
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Dataset & Preliminary Result — Location & Sizing
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* Germany
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* Selected US Case 10kWp PV + 10kWh ESS + TOU

Al Mode on Sunny Days Al Mode on Cloudy Days

® Charging Battery during off peak hours o Discharging during peak hours o Charging with redundant PV @ Charging Battery during off peak hours o Discharging during peak hours o Charging with redundant PV
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* Selected UK Case 10kWp PV + 20kWh ESS + Octopus dynamic tariff
Al Mode on Sunny Days Al Mode on Cloudy Days
® Charging Battery during off peak hours o Discharging during peak hours o Charging with redundant PV @ Charging Battery during off peak hours o Discharging during peak hours o Save Energy for next Peak hour
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* Selected Germany Case

10kWp PV + 10kWh ESS + Dynamic tariff

Al Mode on Sunny Days Al Mode on Cloudy Days
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Benchmark Topo. Benchmark Config. Predicted Day-ahead Data HEMS Algorithms Realization & Ranking

¢ Rated PV capacity

* Load consumption level &
composition

e ESS capacity, max charging &
discharging power

* Inverter capacity

Import & export price tariff

* Embeded algorithms:
o self-consumption
TOU
Al-HEMS
battery-health aware AI-HEMS
21 3rd. .

e Actual PV, load, price data
e Common HEMS metrics
¢ Algorithms ranking

* PV curve with given resolutions
e Load curve ..
* Price curve ..

e Source, demand, flexibility node
e Energy flow

o o o

E e EEE e ...

D L
L L L L
P L L L L I
P I R

Country:  United States

State: California Hourly Generation Patterns (Annual Average & Seasonal) Average Generation Heatmap (kW)
~@- Amual AVG @ +15td Dev ~@- Winter ~@- Spring @~ Summer @~ Autumn

City: Los Angeles ®

4.92 kWp

Hour

PV Baseline Capacity|

* Automatically set based on the recommended data for the selected location

> Expand to configure PV basic system parameters & 2
0
0 1 2 3 4 5 6 7 8 9 101 1213 W15 16 17 B 19 20 2 2223
> Expand to configure PV advanced system parameters B o
Daily Generation Distribution by Month Monthly Generation & Capacity Factor
i ESS Capacity 693 kWh (@ osily Distribution @ Outliers @ Monthly Generation @~ Capacity Factor
e 140 3,000 50%
Grid Out * Automatically set based on the recommended data for the selected location -
2,500 .
40
2 100
2
> Expand to configure ESS system parameters g § 80 @ 30%
§ 60
&
3 é % 20%
. \ & a0
Daily Power Consumption : 15 kwh
20 .
* Power consumption distribution is automatically generated 500 10%
0 Y
£ N 5
Month 0 o
) u Feb M por i W g p Ot N De
Grid Feed Power: 5.0 kw No Feed .

Universal description language connecting system
topology to constraints within HEMS framework. commmeten Tt Benchmark capacity for PV and ESS derived from system location and sizing analyses.

Tariff Name  te

Capacity Factor (%)
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Strategy Selection and Parameter Configuration

Choose the dispatch strategys to be evaluated

Supports sensitivity analysis over:

BASIC
Power purchase from grid only, suitable for areas with stable and

low grid electricity prices

@ Stable Power Supply
© Zero Initial Investment

© Simple Operation

id-
g Grid-Only

Energy Saving 0%
Cost Optimization —em— 20%

A
m Al-Tou

RECOMMENDED | ( PREMIUM |  HIGH EFFICIENCY
Al smart time-of-use price optimization, predict price fluctuations,
automatically choose optimal charge/discharge timing

@ Al Price Prediction
© Optimal Timing Selection

(@ Automatic Arbitrage Trading

Energy Saving cn— 50%

Cost Opti 85%

0 Grid + PV

RECOMMENDED = HIGH EFFICIENCY

Grid and PV combination, prioritize PV power during day, use grid
power at night

o Self-Consumption
RECOMMENDED PARAMETER CONFIG
HIGH EFFICIENCY

PV power for self-consumption priority, ESS for load regulation,
excess power feed-in for revenue

@ PV Priority During Day

© Grid Supplement at Night @ PV Priority Consumption

© Reduce Electricity Bills @ ESS Regulation
@ Feed-in Revenue

Energy Saving eom— 35%

Cost Optimization CET—— 45% Energy Saving c— 60%
Cost O izati 70%

\
@ RobustX Parameter Sensitivity Analysis Configuration

PREMIUM |  HIGH EFFICIENCY

Robust optimization strategy, cope with extreme weather and
equipment failures, ensure stable system operation

®

Extreme Weather Response

®

Equipment Fault Tolerance

®

Stable Operation Guarantee

Energy Saving CE— 45%

Cost Opti i 80%

Integrated with multiple HEMS algorithms
and supports adding new 3 ones.

e Baseline: .

e Grid-only
* Grid + PV

e Self-consumption

Advanced:
* AI-TOU

e Battery health-aware

MPC

- PV capacity
- ESS capacity

- Grid export limit

© Grid Power sensitivity analysis enabled

Based on baseline values from step 2, set variation ranges for sensitivity analysis

@ Configuration Instructions
« Default variation range: 80%-120% of baseline
+ Minimum lower bound: 50% of baseline
« Maximum upper bound: 150% of baseline
« Minimum step size: 1 for integer parameters

© Baseline Review
PV Capacity

4.92 wp

& Parameter Configuration

PV Capacity Sensitivity @ cnabled
3 ~ 6 kWp

2 kWp

Daily Consumption E ESS Capacity
15 kwh 6.93
Daily Consumption Sensitivity @ enabled ESS Capacity Sensitivity
12 ~ 18 kWh 5 ~ 9 kWh
Step 3 kWh Step 2 kwWh

- Load consumption level

@ Enabled

Grid Power

& 5w

@ enabled

Grid Power Sensitivity

4.0 ~ 60 kW

Step 1 kw
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PV Simulation Results Detailed Performance Metrics LOAD Simulation Results

PV Capacity Sensitivity

8- PV-Only ~@- Self-Consumption -8~ AI-TOU [] BAU

PV Capacity (kW)

ESS Capacity Sensitivity

8- PV-Only ~@- Self-Consumption -8~ AI-TOU [] BAU

'_.__:;___I—.ﬁ

Summer Typical Day (July 15)

&
€SS Capacity (kWh)
month daily load (kWh) pv generation (kWh) ess capacity (kWh) original cost ($) cost with pv ($)
2024-01 147 133 6 59.91 191
2024-02 n 17.7 6 46.61 -32.14
2024-03 7 244 6 46.44 -44.19
2024-04 6.1 31 6 45 -53.08
2024-05 71 354 6 476 -545
2024-06 15 376 6 57.79 -47.46
2024-07 15 399 6 90.57 21.85
2024-08 191 354 6 90.33 -28.84
2024-09 15 288 6 75.03 -34.95
2024-10 235 221 6 67.08 -374
2024-1 231 165 6 53.9 -28.61
2024-12 191 (A 6 45.94 -25.31
SUMJAVG 722.68 -427.43

Winter Typical Day (January 15)

Single Scenario Results Report

Load Consumption Sensitivity

8- PV-Only ~@- Self-Consumption @ A-Tou [J BAU

Export Limit Sensitivity

-8 PV-Only_-@- Self-Consumgtion -8~ A-ToU [] BAU
H

Sensitivity Analysis

cost with pv-ess & self-
consumption ($)

-19.18

-32.12

-43.42

-50.98

-51.04

-47.85

-22.08

-28.74

-35.28

-37.33

-28.38

-25.19

-421.59

cost with pv-ess & ai-

tou ($)
-33.64 131.9 132
-45.57 169 168.9
-58.06 196.1 193.5
-67.06 2279 2229
-71.08 2145 207.2
-62.6 1821 182.8
-38.44 1241 1244
-45.02 1319 131.8
-50.5 146.6 147
-53.99 165.8 166.7
-42.26 153.1 162.7
-39.51 156.1 164.8
-607.71 165.59 (AVG) 164.47 (AVG)

pv w.rtoriginal (%)

Two-metric ranking from P3

Self-consumption [%]

|:| observed range

100

95 A

90 A

85 1

80 A

\\

|-
-

0 -
0.0

pv-ess w.rtoriginal (%)  ai-tou w.r.t original (%)

156.1

197.8

2616

2493

2083

1424

149.8

167.3

180.5

1784

186

Better solar self-consumption ratio, lower solar coverage ratio ->
Higher grid draw (aggressive)

Solar Manager

Go-e Controller

@—Solar Manager

The Smappee EMS was not included in the diagram, as phase
switching is not supported and therefore a solar self-consumption
ratio of less than 50% was achieved.

Hager Flow

@— Go-e Controller

— Clever PV

Sunny Day

Cloudy Day

Accurate regulation behavior, with precise
approximation to PV surplus (optimal)

— Hager Flow

@'SMA

-Smartfox Pro

Smartfox Pro——

Clever PV

Inert regulation behavior of the controller
(moderate)

983 984 985 986 987 988 989 99.0 99.1 99.2 993 994 995

99.6 99.7 99.8 99.9 100.0
Self-sufficiency [%]

Source: P3 Group

Collaboration with HEMS Finder is under discussion for
conducting a multi-metric ranking of available HEMS on
that platform.

191.88 (AVG)

Metrics:
* Cost & revenue
e Comfort level

e Battery degradation & LOCE
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HEMS Benchmarking in Germany — story so far...

HEMS Finder - a project to compare all available HEMS being sold in Germany

« Second annual survey is currently out — open-access report here
* More information can be found on the website — https://hems-finder.org/

Current comparison is limited to a manufacturer survey through a questionnaire.

A true benchmarking requires subjecting HEMS to test conditions

-

\“<-\

’ ] \ “ﬂﬂm

e L f_,e D
But what are these conditions? ;I_'BE” F N ﬁ-f-%;

HEMS

FINDER

Find your perfect Home Energy Management System

Dr. -Ing. A. Mohapatra, TUM | anurag.mohapatra@tum.de | https://www.mep.tum.de/mep/coses/



https://www.tib-op.org/ojs/index.php/pv-symposium/article/view/2641/2891
https://hems-finder.org/

PhyLFlex HEMS Benchmarking

=COrLou

Stanford | Doerr
School of Sustainability

HEMS Benchmarking in Germany

« There are separate standards for benchmarking — a tale of three worlds.

Research world

Regulations world

Real world

o What could be possible?
Motivation

What should be possible?

What is currently possible?

Algorithms and forecasts

Discrimination free access, privacy by
design, grid stability

Ease of implementation, converging
on interoperable solutions.

Focus

« Research project PhyLFlex (2025-2028) is focused on this problem.
* How to evaluate various HEMS strategies?

» Can there be a universal methodology? ,l /,
al!’
Gefordert durch:
PhYLI‘:IeX - e
“ - und Energie

| P

\. f aufgrund eines Beschlusses

-xj desgDeutschen Bundestages

Dr. -Ing. A. Mohapatra, TUM | anurag.mohapatra@tum.de | https://www.mep.tum.de/mep/coses/
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PhyLFlex HEMS Benchmarking Suite

« Validation strategy for laboratory and demonstrator

UZW Grid section 1 'I'LI'I'I

L“JZN SIEMENS

UZN NETZ

HOCHSCHULE
ANSBACH

theben enercast@

CoSS Laorato Y,

ry, TUM

EMS TEST SUITE

EMS benchmarking suite

1. Rule based

2. MPC

3. Reinforcement Learning

4. Physics based (combination of above)

Dr. -Ing. A. Mohapatra, TUM | anurag.mohapatra@tum.de | https://www.mep.tum.de/mep/coses/
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The research benchmark — What could be possible?

» Reference demand, generation profiles DER and Prosumer emulators
» Reference objective functions \
« Complete emulation @
¢
© Totest _ I PHIL control (O|  RT control
+ Different algorithms x 7 (total 250kVA)
* Forecasts
« Control windows CoSES RT
______ measurement &
control systems v
0o =2 O
> TTITTT IIIIII—
=

0« Forecasts
......

CoSES LV Grid (~1.5kms) HEMS algorithms

Dr. -Ing. A. Mohapatra, TUM | anurag.mohapatra@tum.de | https://www.mep.tum.de/mep/coses/
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%
The iMSys benchmark — What should be possible? NYLE
PhylFlex
+ Reference demand, generation profiles DER and Prosumer emulators -3
« Reference objective functions \ Ve -~
«  iMsys-in-the-loop -
- DERs and prosumers emulated Ii < RT control
PHIL control @
* Totest: _ x 7 (total 250kVA)
 §14a signal efficacy HEMS Algorithms
« Max. utility from iMsys + FNN
« Gridfriendly EMS s | L—...... _’j
German iMSys 4 v
Smar-t Meter+ F\\ :IIIIII: :IIIIII: |_|
gll\_/ISGateway + EEBUS UE3DIE C

=, |

CoSES LV Grid (~1.5kms) g":;egggrzg?t( éie;)ator *

Dr. -Ing. A. Mohapatra, TUM | anurag.mohapatra@tum.de | https://www.mep.tum.de/mep/coses/

=0 . Forecasts —

CoSES RT measurement &
control systems
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oW
/’ / ’:
. - al!’
The real-world benchmark — What is currently possible?
PhylFlex
L : ‘- 2
+ Reference demand, objective functions Consumption emulators Vg~
+  iMsys-in-the-loop \ ‘@4
« Real DERs + Emulated consumption @
« Totest: s ()
* Device interoperability _ < Device control
«  HEMS - DER protocols HEMS Algorithms
» Claims vs Reality oD
- > s
«  Further demonstrations at Gserma:A'Msys t 1
mart eter+ /\ :IIIIII: :IIIIII:
SMGateway+EE§D5 J00E J0OE "—E'al@
CLS N—r TTTTTT TTTTTT
CoSES RT measurement &
- control systems
. | | | 4 |
HOCHSCHULE UZN T8 . roe
ANSBACH NETZ orecasts
10+ DER manufacturers 10 houses in UZW grid CoSES LV Grid (~1.5kms) Metering point operator +

Grid operator (§14a)

Dr. -Ing. A. Mohapatra, TUM | anurag.mohapatra@tum.de | https://www.mep.tum.de/mep/coses/
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p HEMS
FIND
EU Sizing Evaluation 3rd OS Platform Integration Host HEMS competition
EU Benchmark Sceniaro HEMS Finder, OpenEMS, etc
3rd HEMS symposium (TUM)
Sep, 2025 & Oct, 2025 [5;,  Nov, 2025 U Dec, 2025 &  Sep, 2026
HEMS Ranking [ ey TELE .
Open-source HEMS alg. and/or auc -Energy Project
invite market player's HEMSs HEMS-Benchmark & open-source
TSG Code Nature Energy Code
Community joint
E ' force is NEEDED!
EII]:' CILFENERGY

Technical Paper Open-source

CLILF Al & DATA

Scan & Register for this Project (or sub-projects)
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- Developed a systematic prediction and optimization framework for PV and ESS, covering lifecycle,
location, sizing, HEMS, and VPP benchmarking.

- Conducted preliminary evaluations using open-source datasets in the US and Germany.

- Compared Al-based and self-consumption strategies for the US, Germany, and UK, with sizing benchmark
results.

- Built a benchmarking platform for integrated results and transparent comparison.

- Ongoing collaboration with HEMS Finder for systematic HEMS ranking.

- Full open-source release planned for December.
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Accelerating Transparency in Home & Community Energy Management

Through Benchmarking Platforms

Thank you

Q&A



