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Abstract: High energy prices pose a significant challenge for the food industry due to their energy
intensity. One promising method to reduce energy costs is demand response (DR). In this paper, we
design a battery energy storage system (BESS) for DR in a food processing plant, which we use to
shift the electrical load from high-price periods to low-price periods. A known challenge of load
shifting is load forecasting. We compare extended long short-term memory (xLSTM), long short-term
memory (LSTM), and Transformer with persistent prediction and historical average load profiles for
load forecasting and evaluate the financial impact of forecasting errors in a case study. Despite using
a small feature set, machine learning-based (ML) forecasts demonstrate strong performance, with
symmetric mean absolute percentage error (SMAPE) values of 11.65% for xLSTM, 11.02% for LSTM,
and 11.03% for Transformer, compared to 16.59% for historical average load profiles and 20.08% for
persistent prediction. In the case study investigated, savings in electrical costs of 37,270 EUR per
year could be achieved. This shows the enormous potential of BESS in combination with ML-based
forecasting for industrial DR.

Keywords: xLSTM; LSTM; transformer; industrial demand response; optimization; load forecasting

1. Introduction

The food production industry is energy intensive [1] with energy costs accounting for up to 50%
of total production expenses [2]. An effective approach to reduce energy costs, reduce emissions, or
improve energy efficiency is DR [3]. DR is a collective term for all load profile adjustments such as
peak clipping, valley filling, or load shifting [4]. The enormous DR potential of the industrial sector is
shown in Siddiquee et al. [5]. In the food industry, this potential often arises from the significant energy
required to heat and cool food products [6]. One promising approach to use this load shifting potential
is by using energy storage such as thermal energy storage (TES) [7] or BESS [8]. The main difference
between these types of flexibilities is that BESS stores the energy before the refrigeration/heating and
TES stores it after. TES in the food industry are investigated in [9-14]. Giordano et al. [9] optimized
the thermal energy needs of a milk production process, using a hot water and a cold water tank as
flexibility. Fixed load profiles of the production process are used and the energy supply system is
modeled in Matlab Simulink and optimized rule-based. Cirocco et al. [10] implemented a non-linear
optimization-based demand response strategy in a winery. A latent heat TES was used for flexibility,
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leading to cost savings of 10,435 AUD over ten months. Saffari et al. [11] conducted a case study in a
dairy facility that produces yogurt and cheese. Their research explored the integration of TES and a
photovoltaic (PV) system, employing a mixed-integer linear programming (MILP) model based on
load profiles. Simulation results demonstrated cost reductions between 1.5% and 10%, varying by
scenario.

In previous work by the authors, a food processing plant was modeled [12] and the thermal mass
of the plant including the food products was used as TES for DR. Optimization via MILP reduced the
energy for one month by up to 18% and electricity costs by up to 24%, in two distinct optimization
scenarios. The operation of the refrigeration system of the cooling hall of the plant was simulated and
optimized in [14], resulting in annual cost savings of 24,911 EUR or 17.57%.

Although these papers show the potential of TES for industrial DR in the food industry, they
often require detailed system knowledge, and only parts of the complete factory load can be shifted.
In contrast, BESS are easier to implement and can be used to shift the complete electrical load of a
factory, including power consumption from sources such as machines, offices, and lighting. Chen et
al. [15] optimized an energy hub that has a food processing procedure as load. A TES and a BESS
were used as flexibility and the costs were reduced using a two-stage robust planning optimization.
Paziamo et al. [16] investigated an energy hub for cooling and electricity. The investigated dairy
factory was represented by fixed load profiles and mixed-integer non-linear programming was used
for optimization.

The literature shows a clear potential for energy storage for DR in the food industry. The shown
optimization algorithms are often rule-based [9] or non-linear [10,16] leading to non-optimal solutions.
Except for [10,13], the presented literature has largely neglected load forecasts. However, reliable
load forecasts are crucial for effective load shifting applications [17]. In [10] the thermal load was
forecasted based on a scaled base load, while PV and price forecasts were used from an external source.
In [13] historical load profiles were used as forecast. To the best of the authors knowledge, there is
no study focusing on DR in the food industry using MILP for optimal solutions in combination with
state-of-the-art load forecasting algorithms [18] such as LSTM [19], xLSTM [20] or Transformers [21].
Additionally, the literature lacks an analysis of the ideal BESS size for a food processing plant using
DR and lacks consideration of economic key figures such as return of invest (ROI) or payback period.
To fill these gaps, we investigated the dimensioning and optimization of a BESS for a food processing
plant using state-of-the-art ML algorithms for load forecasting. Our main contributions are:

¢ We determined the optimal BESS size to optimize the profit via DR based on a MILP problem.

¢ We used state-of-the-art ML algorithms for short-term electrical load forecasting and compare
it with common load forecasting techniques such as persistent prediction and historical load
profiles.

*  We conducted a simulation study to quantify the financial impact of forecasting errors.

The paper is organized as follows. The system model, the optimization problem, and the forecast-
ing algorithms are described in Section 2. In Section 3, we present the results of the case study. Finally,
conclusions are drawn in Section 4.

2. Methods

The goal of this study is to minimize the energy costs of a food processing plant located in Austria
by shifting the load, using a BESS for flexibility. The load is always shifted within one day, so the
optimization as well as the forecasting algorithm have a horizon of 24 h. The load shifting algorithm
first needs to forecast the electrical load of the plant. As forecasting techniques, classical methods like
historical profiles or persistent prediction are compared with ML-based methods, in particular xLSTM,
LSTM, and Transformer. These forecasts are then used in a simulation to optimize the BESS control
and shift the power to low-price periods in a real-time pricing (RTP) driven scenario. Forecasting
and optimizing the BESS is conducted daily. For this simulation study, three years of historical data
are available, where the first two are used to train the forecasting models, and last one is used to test
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the resulting method. In addition, the case study investigates different types and sizes of BESSs and
shows the optimal size of BESSs for this scenario. Figure 1 provides a system overview that includes
all electrical power flows, where P, is the electrical load of the plant, Pg is the grid power, and Pp and
Pc are the discharging and charging powers, respectively.

Figure 1. System overview showing the BESS, the food processing plant and relevant power flows.

2.1. Load Forecasting

For short-term electrical load forecasting of the plant, classical methods and ML-based methods
are compared. As ML-based methods, xLSTM, LSTM, and Transformer are used, while a historical
load profile, persistent prediction, and perfect prediction are used as a benchmark. The goal is to
forecast the electrical power consumption for a day at a one hour resolution. The features used for ML
comprise:

*  The weekday as one hot encoded.

®  Binary variable to indicate whether there is production expected in a day.
®  The hour of the day is mapped as sine and cosine.

e The day of the year is mapped as sine and cosine.

e  Thelagged power of 24 h, 48 h and 72 h earlier.

The power values are scaled via z-transform:

X—p
(o

X* =

1)

These features are then used to forecast the electrical power consumption. Therefore, the ML algorithm
receives the sequence of the day to be forecasted. These 24 time periods are used by the ML algorithm
to forecast the electrical power consumption for the next 24 hours. Table 1 shows the parameters of
the xLSTM, LSTM, and Transformer. For comparison, all ML methods have approximately 10,000
parameters.
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Table 1. Configuration of the XLSTM, LSTM, and Transformer with approx. 10000 parameters.
xLSTM LSTM Transformer
Input shape = (24 hours, 15 features)
Input Projection yes no yes
Sequence Model blocks =2 layer 1 =10 Bi-LSTM  layers =1
heads =4 layer 2 =18 Bi-LSTM  heads =4
features = 16 feedforward dim = 10
sLSTM at 1 features = 200
Dense Layer 1 30 neurons, ReLU activation
Dense Layer 2 20 neurons, ReLU activation
Linear Layer 1 neuron, no activation
Output shape = (24 hours, 1 power value)
The models are trained over 100 epochs and the MAE is used as loss function:
1 n
MAE = =} lyi — i (2)
i=1
For the evaluation of the forecast error, the MAE as well as the SMAPE are used. The sMAPE is defined
as follows:
100 ¢ lvi — il
SMAPE= — ) ———F——— 3
w5 Tl 113072

Three reference scenarios are used as benchmark: 1) perfect prediction as forecast, which assumes
perfect knowledge of the signal, 2) an average historical week calculated from the training set, and 3)
persistent prediction is used. Persistent prediction always uses the last week as the forecast of the next
week.

The load forecasting algorithms were implemented in Python.

2.2. Optimization Problem

The optimization problem is formulated as a MILP problem, because the optimality of MILP
solutions can be guaranteed for linear problems. For intraday load shifting, every day is simulated
separately. The optimization problem for one day is described in this subsection. For optimization, the
following decision variables are defined for the model:

*  [Pcjp is the charging power during the time period p.

*  Pp, is the discharging power during the time period p.

o ﬁG,p is estimated power consumption of the plant during the time period p.

e  E;isthe energy stored in the BESS at time point .

i b; is a binary variable to indicate charging during time period p.

e b

The following time series are needed as inputs:

p is a binary variable to indicate discharging during time period p.

* 7y is the price signal during the time period p.
o I3L/p is the load forecasted for time period p.
The following parameters are needed:

®  Atis the length of a time period.

®  Egt is the energy stored in the BESS at time point 0.
*  E,,is the energy stored in the BESS at time point 24.
*  E,ip is the minimum energy level of the BESS.

®  E,ax is the maximum energy level of the BESS.
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®  Ppax is the maximum electrical power for charging or discharging.
e 1y is the charging efficiency of the BESS.
*  7p is the discharging efficiency of the BESS.
e N is the number of time periods.
The following sets are defined:
*  Pis the set of time period indices.
e T is the set of time point indices.
The optimization problem minimizing the total cost can be written as:
N-1
min PG,y At 4
Pe,Ph ;;Z::() Gp/tp 4)
P={0,...,N—-1} (5)
T ={0,...,N} (6)
\V/p cP: pG,p + PD,p = PC,p + pL,p (7)
VpeP: Pg,>020, (8)
EO = Estart (9)
EN = Eend (10)
Pp—
Vte T\0: Er=E 1+ (Pc,t_mc - ]?7’tl>At (11)
D
Vt€T: Emin < Et < Emax (12)
\V/p eEP: 0< PC,p < bC,pPel,max (13)
Vp eP: 0 < PD,p < bD,pPel,max (14)
VpeP: bcy+bpy=1 (15)
Vte T,NpeP: Ey,Plgp Pcp PppcR (16)
VpeP: bcybpy€{0,1} (17)

Equation 4 defines the objective function minimizing the daily electrical energy costs. The variables
are split into state variables (at a certain time point t) and input variables (during a certain time step p).
Equation 5 defines a set of indices for every time period and Equation 6 defines a set of indices for
every time point. The power balance is defined in Equation 7 and Equation 8 defines that the grid is
used to provide 20% of the electrical load. This is used as a buffer to avoid electrical energy feed-in
into the power grid due to too high load forecasts. This would occur if the real load is significantly
lower than the forecast load resulting in energy being fed-in from the BESS to the power grid, which is
not part of standard electricity tariffs, and, therefore, the feed-in is not compensated and should be
avoided. Note that Equation 8 is not used in the scenario perfect prediction. The initial condition and
the end state of the BESS are described by Equations 9 and 10. Equation 11 calculates the energy stored
in the BESS, where 74, and 74;5 are the charging and discharging efficiency, respectively. The energy
level in the BESS is constrained in Equation 12, where E i, and Enax set the minimum and maximum,
respectively. Equations 13-15 ensure that the BESS cannot charge and discharge at the same time. This
logic needs binary variables (b, ; and bg;s ;), leading to a MILP formulation instead of a linear program
(LP). Finally, in Equations 16 and 17 the variable types are defined.

Note that the optimization uses the forecasted load Pioag Without a feedback loop as real-time
measurements cannot be considered in practice. Consequently, the grid is used to compensate for

forecasting errors. The resulting grid power P,,jq can be described as such:

g

Pgrid = Peh — Pais + Pioad (18)
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where Pj,.q is the real load of the plant. Consumption from the power grid is priced through the RTP,
while excess is fed into the grid without payment.
The optimization problem was implemented in Python using Gurobi version 11.0 [22].

2.3. Battery Energy Storage Design

In this part of the case study, different types and sizes of BESSs are evaluated to find the BESS
with the highest DR potential for the investigated plant. BESS types, prices and lifetime expectations
are according to Cole et al. [23]. The batteries are categorized into 2 h, 4 h and 6 h BESS based on
their charge/discharge durations with maximum power. The price projections are in EUR/kWh, the
lifetime is assumed to be 15 years and a round-trip efficiency of 85% is stated. Based on the values
of this technical report, a sensitivity analysis of the load shifting potential of the investigated plant is
conducted. BESS sizes between 100 kWh and 20 MWh are evaluated. Important results include the
total profit as well as the ROI or the payback period of the BESS. Furthermore, 4 h BESS price forecasts
are used to evaluate the increasing potential of BESS for DR in the upcoming years.

3. Results

Historical data of the electrical load is available for three years (May 2020 till April 2023). The
mean power of the investigated food processing plant is approximately 800 kW and peaks are up to
1.5 MW. This data is split into two years for training and one year for testing, where the last year is
chosen as the test set. The EXAA spot market price [24] is used as RTP. BESS data are taken from Cole
et al. [23], assuming a currency exchange rate of 1 EUR=1.08 $ [25].

3.1. Load Forecasting

An example day of the load forecasting can be seen in Figure 2 and Tab. 2 shows evaluations of
all load forecasting methods. All three ML methods perform similarly and are significantly better than
the benchmarks, which are the average historical week calculated from the training set and persistent
prediction. Although the feature set is limited, XLSTM, LSTM, and Transformer perform well evaluated
over the complete test data with an SMAPE of 11.65%, 11.02%, and 11.03%, respectively. The historical
average load profile is 5%pts worse and the persistent prediction is 9%pts worse. Figure 3 shows the
distribution of the hourly forecasting errors. The ML methods show a lower average error and lower
fluctuations, and, thereby, prove to be superior than the other tested algorithms. Between the ML
methods, no significant differences are observed.

1.2
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Figure 2. Comparison of the real and the forecasted loads for one example day.
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Figure 3. Distribution of the daily forecasting errors in the test set of the different algorithms.

Table 2. Evaluation of the forecasting algorithms over the complete year.

MAE (W) sMAPE (%)
Historical Avg. 103944 16.59
Persistent 123978 20.08
xLSTM 69315 11.65
LSTM 65468 11.02
Transformer 65856 11.03

3.2. Optimization

Figure 4 shows the complete results of the case study and Table 3 shows the highest achievable
profit of 2 h, 4 h and 6 h BESS using the BESS prices for 2022. ML-based forecasts are significantly better
than historical average load profiles or persistent prediction with annual profits of up to 37,270 EUR.
Table 3 also shows, that the highest profits can be achieved using 4 h BESS. As can be seen in Figure 4,
the highest profit (besides perfect prediction) is achieved by LSTM as the forecasting method and a
4 h BESS with a capacity of 3.92 MWh. This is shown in the dotted line in column 3 of the plot. This
results in an annual DR revenue of 105,034 EUR, BESS costs of around 1 million EUR, an annual profit
of 37,270 EUR, a payback period of 9.7 years and an ROI of 10.34%. xLSTM and Transformer lead
to similar results. Smaller BESS sizes are limited by the charging rate, whereas for higher sizes the
investment costs are too high. 2 h batteries would have a higher DR potential, but the higher costs of
the BESS are higher than the improved DR potential. Furthermore, it can be seen that lower BESS sizes
have a higher ROI and a shorter payback period. The highest ROI is 12.60% with a payback period of
7.94 years, achieved through the smallest evaluated BESS size (100 kWh) and a 2 h BESS.
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Figure 4. Results of the simulation study comparing 2 h, 4 h and 6 h BESS and different load forecasting algorithms.
The algorithms are the columns in following order: perfect, xXLSTM, LSTM, Transformer, persistent prediction and
historical average load profile. The first row shows the revenue generated via load shifting. This does not include
the investment and operation costs of the BESS, which are shown in the second row. The resulting yearly profit,
assuming a lifetime of 15 years, is shown in row 3. Finally, the payback period and the ROI are shown, where the
area without profit is shaded grey. The dotted vertical lines in column 3 are an example how to read the plot. The
capacity leading to the highest profit for 4 h BESS is chosen. The other rows then show the DR revenue, BESS
costs, payback period and ROI of this chosen BESS size.

Table 3. Case study results showing the profit for different BESS types and forecasting algorithms

BESS type: 2 h (EUR) 4 h (EUR) 6 h (EUR)
Perfect 41,617 48,340 46,028
Historical Avg. 25,253 29,536 27,517
Persistent 24,465 28,585 26,800
xLSTM 31,380 36,738 34,836
LSTM 31,757 37,270 35,755
Transformer 31,762 36,981 35,370

These results are based on the BESS prices for 2022. In Cole et al. [23], BESS price forecasts are
available until 2050, consisting of a minimum price, an average price, and a maximum price forecast.
Figure 5 shows the expected price development of a 4 h BESS in EUR/kWHh, the DR potential of the
BESS for the predicted BESS costs, and the optimal BESS size. As expected, lower BESS prices increase
the DR potential and increase the optimal BESS size. This shows the increasing DR potential of BESS,
as BESS prices are expected to decrease significantly until 2050. In the best case, annual savings would
be six times higher in 2050 than in 2020, assuming similar energy prices. Higher and more fluctuating
energy prices would additionally increase this potential, but are not part of this research, as no RTP
forecasts until 2050 are available.
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Figure 5. Impact of different BESS price forecasts on the DR potential. The minimum, the average and the

maximum price forecast of a 4 h BESS are evaluated. a) shows the expected price development of a 4 h BESS, b)

shows the DR potential of the BESS for the predicted BESS costs, and c) shows the optimal BESS size.

3.3. Limitations and Future Research Directions

One limitation of this study is that future RTP are unknown. Therefore, for economic analyses
such as return on investment ROI or payback period, the test set (May 2022 to April 2023) is used
in combination with an expected battery energy storage system (BESS) lifetime of 15 years. Future
changes in RTP are expected to influence the results significantly.

The presented results, such as an annual profit of up to 48,340 EUR, are promising. This study
investigates the same food processing plant as [14], which reports an annual profit of 26,411 EUR when
using the warehouse as a TES system. In [14], perfect prediction is assumed, and the investigated time
period is similar to this study. The benefit of the BESS is its expected higher profit over its lifetime,
whereas utilizing the thermal mass of the plant is also profitable, with 26,411 EUR per year, having
significantly lower investment costs. This is because the energy storage (i.e., the thermal mass of the
building and food products) is already available and does not require additional investment. As a
result, passive DR strategies, such as those in [14], yield immediate profits, whereas implementing a
BESS requires high initial investment, but leads to significantly higher profits after a payback period
of multiple years. A key drawback of TES, as presented in [14], is that food products are used as
thermal storage. Additional research is necessary to ensure that DR strategies do not negatively impact
food quality or the production process. Furthermore, detailed plant models are required for TES
applications. In contrast, BESS can be operated based on load profiles without affecting production
processes or food quality.

Potential future research directions include the application of more advanced optimization al-
gorithms, such as stochastic programming or reinforcement learning, to better handle forecast uncer-
tainties. Another valuable research direction is investigating whether high charging and discharging
power levels affect the expected battery lifetime. Additionally, it would be important to analyze
whether battery heating occurs under these conditions and how it affects efficiency, performance, and
overall system operation.

4. Conclusions

We forecasted the load of a food processing plant and used a BESS for DR to decrease the energy
costs. For load forecasting, we propose ML-based methods such as xLSTM, LSTM and Transformer.
Our study shows that these provided methods to forecast the electrical load of the food processing
plant are well-suited. Even with a very limited feature set, the forecasting errors are low with an
SsMAPE of 11.65%, 11.02%, and 11.03% for xXLSTM, LSTM, and Transformer, respectively. Based on the
load forecast, a BESS is operated via MILP for DR on a daily basis. In the simulation study, 2 h, 4 h and
6 h batteries with capacities up to 20 MWh are compared. The results show that a 4 h battery achieves
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the highest electricity costs savings under consideration of investment cost. The optimal size of a 4 h
BESS to reduce the energy cost is 3.92 MWh, which leads to cost savings of 37,270 EUR using LSTM for
load forecasting with a ROI of 10.34% and a payback period of 9.67 years. The highest possible ROl is
12.60% and the shortest payback period is 7.94 years achieved by a capacity of 100 kWh and a 2 h BESS
using LSTM. The other ML methods perform similarly well and significantly better than commonly
used methods such as historical average profiles or persistent prediction. Additionally, an analysis
using price forecasts for BESS until 2050 shows the growing potential of BESS for DR with decreasing
investment costs. The medium price forecast results in annual savings of 60,000 EUR, while the most
optimistic forecast leads to yearly savings of 120,000 EUR. This shows the enormous potential of BESS
for industrial DR using ML-based forecasts.
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