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Abstract: The energy consumption in the cold store is growing day by day, 70% of which is consumed
by the refrigeration system. Meanwhile, a significant amount of electricity generated by power plants
is wasted during off-peak periods. Demand-side management (DSM) provides a viable solution for
addressing the problem of the time and space inconsistency between energy supply and consumption,
hence improving overall system efficiency. In this paper, an artificial intelligence model is developed
for accurate cooling load forecasting. On this basis, a peak shifting control strategy with two optional
modes combining temperature setpoint control and operation mode control is then proposed to
realize cost reductions. Taking a large-scale cold store as a case study, the cooling capacity supply and
temperature variation within two typical working days are investigated to illustrate the feasibility
and applicability of the strategy. Detailed thermodynamic and thermo-economic analyses of the
proposed strategy are then carried out to demonstrate the control effect. The results show that both
modes have good peaking performances and the average cost reduction rate of the two modes reaches
40% and 13.4%, respectively.

Keywords: cold store refrigeration system; peak shifting; LSTM prediction; intelligent control;
energy-saving operation

1. Introduction

Economic development has stimulated people’s demand for higher-quality and much
healthier lives and has thus promoted the development of cold stores. In China, the
energy consumption of large-scale cold stores is up to 91.3 kWh·m−3 [1,2], among which
refrigeration systems account for about 70% [3]. Subject to the requirements of carbon peak
and carbon neutralization, as well as the need for energy savings and emission reductions,
the real-time optimization and energy management of large-scale cold stores is of great
significance [4].

Thermal power plants, whose capacities are usually determined by peak demand,
are still a main source of energy. Constrained by the stable operation requirements of the
power supply equipment itself, the electricity generated during off-peak periods is wasted
in enormous quantities. Demand-side management (DSM) is an important approach to
handling the problem of time and space inconsistency from energy supply to consumption,
as well as improve overall system efficiency [5,6]. As one of the DSM strategies, peak
shifting refers to storing thermal energy during off-peak periods and releasing it when
needed and has attracted increasing attention from researchers worldwide in the past
decades. In general, there are three basic types of commonly adopted energy storage
solutions, including thermal energy storage (TES), building thermal mass (BTM), and
phase change material (PCM). A TES system is a reversible thermal energy storage device
that is supposed to be applicable in DSM [7–10]. BTM utilizes the thermal energy stor-
age capacity of building structures and furniture, that is, thermal inertia, to realize peak
shifting [11,12]. The techno-economic feasibility of PCM as a cold energy storage medium
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has been illustrated by many studies [13–20]. High thermal inertia is the most critical
property that can be used as an energy storage medium.

Studies conducted in the food and pharmaceutical industries have proven that short-
term temperature overshoots or fluctuations have little effect on product quality [21–25].
Therefore, in the case of large-scale cold stores with high storage capacity, products can be
used as the natural energy storage medium when peak shifting, and this is also an economic
choice as it there is no additional equipment required [26]. Akerma et al. [23] conducted
an experimental investigation on the application of demand response (DR) in a food cold
store. The findings indicate that DR can relieve the strain on the power grid, and energy
consumption can be reduced while maintaining product quality. To explore the application
of the ice storage systems in libraries, Yau et al. [27] theoretically investigated the cost-
saving effect under different storage strategies using TRNSYS software. It was revealed
that all of the proposed strategies can achieve good economic results, with up to 60% cost
savings. Similarly, a combined model, including the product finite element model and the
cooling load model, was developed by Altwies et al. [24] for a cold store whose correction
was accomplished through several days of experimental data. Furthermore, the corrected
model was used to study the effect of load shifting, and it showed that a cost reduction
of 37~53% could be realized without affecting product quality. Yin and Lee et al. [28,29]
verified the effect of peak shifting under the strategy of setting the pre-cooling temperature
and pre-cooling time from the perspective of experiments and simulations, respectively,
and the results showed that the strategy can achieve an effective reduction in peak demand.
To summarize, shifting cooling loads to achieve cost savings has become a popular research
topic, and numerous studies have demonstrated its effectiveness. However, much of the
existing research on peaking control strategies has focused on commercial buildings rather
than cold stores, which would be more challenging because the temperature needs to
be maintained within a suitable temperature range all day rather than that only during
working hours. Furthermore, existing control strategies can be categorized into two main
types. The first type, temperature setpoint control, aims to optimize the pre-cooling
temperature to achieve maximum economic performance. The second aims to adjust
the compressor operating mode at different times to achieve full or partial load shifting
according to the time-of-use (TOU) tariff. However, the load level setting at different times
is largely arbitrary, which can lead to insufficient or over-cooling and consequent energy
wastage. As stressed by Sun et al. [30], developing a practical peak shifting strategy for
real-time optimization to achieve further cost reduction or performance improvement is of
great significance.

To combine the advantages of these two types of control strategies, this research
innovatively proposes a peak shifting control strategy dedicated to cold stores which
combines temperature setpoint control and compressor operating mode control to realize
energy-saving operation. The cooling load of cold stores is strongly related to the weather
conditions and thus has a remarkable periodicity in consecutive working days, which allows
the LSTM algorithm to be used for its prediction. On the basis of the prediction results,
two modes, A and B, are proposed to meet various control requirements in different cold
stores. Actual operation data of a large-scale cold store are used to perform thermodynamic
and thermo-economic analyses of the strategy to illustrate its validity. As an attempt to
develop a peak shifting strategy in cold stores, this paper has achieved good peak shifting
and cost-saving effects and thus can provide a reference for future research.

2. Refrigeration System
2.1. System Description

A large-scale cold store, whose products are used for long-term storage reserve, with
ammonia as the refrigerant located in Henan, China, is studied to show the feasibility and
effectiveness of the proposed strategy. The cold store covers an area of over 4800 m2 with a
storage capacity of over 7000 tons; its warehouse is shown in Figure 1a. The refrigeration
system is simplified to a combination of 7 core components (Figure 1b) including the
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compressor unit, the centralized evaporative condenser, the centralized high-pressure
ammonia storage, the throttle valve, the separator, the refrigerant pump, and the evaporator
inside the warehouse. As the most essential refrigeration equipment, the main parameters
of the compressor are shown in Table 1. The system contains two identical compressors
operating in parallel that can be independently controlled, and both are equipped with
capacity adjustment devices.
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Figure 1. The refrigeration system of the cold store. (a) Overview of the warehouse; (b) Schematic
diagram of the refrigeration system.

Table 1. Main parameters of the compressors.

Parameter Compressor

Refrigerant R717
Rated motor speed 2950 r·min−1

Nominal cooling capacity 390 kW
Rated power 164 kW

Voltage/Frequency 380 V/3 N~50 Hz
Nominal condensing temperature +36 ◦C
Nominal evaporating temperature −28 ◦C

In the schematic, the direction of the line segment between components indicates the
flow direction of the refrigerant in the pipeline, and the color indicates the state of the
refrigerant (blue for the liquid, red for the gas, and green for the gas–liquid mixed phase).

With a separator as the medium, in which gas and liquid refrigerant exist simultane-
ously, a refrigeration circuit and a cooling circuit are connected, and thus energy exchange
can be realized. The function of the refrigeration circuit is to generate low-temperature
liquid refrigerant in the separator. The cooling circuit uses the generated refrigerant to
provide cooling capacity to maintain the warehouse temperature within a reasonable range.
The gas refrigerant in the separator is sucked and compressed by the compressor unit before
being cooled in the evaporative condenser. After condensation, the refrigerant is stored in
the centralized high-pressure ammonia storage and then throttled to the low-temperature
fluid by the throttling valve to return to the separator to complete the refrigeration circuit.
Being pumped into the evaporator in the warehouse, the liquid refrigerant evaporates
to absorb heat and returns to the separator in the gas–liquid state. The two-phase refrig-
erant returning to the separator is separated again, among which the gas is used in the
refrigeration circuit and the liquid re-enters to the cooling circuit.

2.2. Date Collection and Pre-Processing

The locations of the data collection points in this refrigeration system are identified by
the dotted lines shown in Figure 1b. A total of 3 pressure sensors are included, measuring
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the pressure in the suction and discharge of the compressor unit and the centralized high-
pressure ammonia storage. Neglecting the flow pressure loss, the suction and discharge
pressures of the compressor unit can be regarded as the evaporating and condensing
pressures. Several temperature sensors are installed at different sites within the warehouse,
and the average temperature is used as the input for calculations. In practical cold stores,
power sensors are rarely available due to their high price. The use of Electrical Specification
Documents for electrical performance evaluation when there are no power sensors is
recommended by Hinkelman et al. [31]. Hence, a constant power factor of 0.9 provided
by the motor manufacturer is adopted for calculations. Environmental conditions such as
outdoor temperature, humidity, light intensity, and wind speed are also collected to predict
the cooling load. The main parameters of the data acquisition system used in this paper
are shown in Table 2. To evaluate the accuracy of the collected data, the uncertainty can
be calculated by the following equation series (Equations (1)–(3)), where Y is a function
with vector x as a variable [32,33]. Accordingly, the maximum uncertainty of the cooling
capacity is 1.02%.

Y = f (x1, x2, · · · , xn) (1)

uY =

√√√√ n

∑
i=1

(
∂Y
∂xi

)
2
u2

i (2)

uY
Y

=

√√√√ n

∑
i=1

(
∂Y
∂xi

· ui
y

)2
(3)

Table 2. Data collection system configuration.

Signal Type Location Range Precision

Pressure
High-pressure side 0~2.5 MPa 3‰
Low-pressure side 0~0.6 MPa 3‰

Temperature Environment −20~60 ◦C 0.5
Inside warehouse −50~100 ◦C 0.2

Humidity Environment 0~1 2.5%

Current Compressor 0~800 A 1%

Subject to sensor accuracy as well as refrigeration system characteristics, the directly
collected data tend to have a high degree of volatility and mutability. In addition, with
the purpose of limiting the cost of sensors for the cold store, some key parameters (e.g.,
cooling load) are not available. Hence, data preprocessing is of great importance. In this
paper, a filtering algorithm was used to perform noise reduction of the raw data, and
a thermodynamic model was established (see Section 3.2) to realize cooling load data
supplementation. Finally, a representative data set could be obtained.

The filtering method used in this paper is the wavelet noise reduction algorithm, whose
basic idea is to achieve noise removal based on the intensity distribution characteristics
of the wavelet decomposition coefficients of the noise and signal in different frequency
bands [34,35]. Compared with other algorithms, the wavelet noise reduction algorithm
has a higher model recognition rate and is particularly effective in denoising time-varying
and abruptly changing signals. To ensure the reliability of the calculation, all raw data
generated by the acquisition needs to be filtered. A comparison of the before and after
filtering effect of the compressor’s suction and discharge pressure is shown in Figure 2,
where it can be seen that some steep rises or drops that do not conform to common sense
can be removed well.
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3. Methodology
3.1. Peak Shifting Calculation Flow

The peak shifting strategy is mainly based on the TOU tariff, where the operation
of the compressors is shifted from peak to off-peak periods, resulting in cost savings. As
shown in Table 3, the 24 h is divided into five periods, with a total of three types including
peak, flat, and valley periods based on the electricity consumption situation. Since there
are two separate peak and flat periods, this paper distinguishes them by 1# and 2#. The
valley period is 0–8 a.m., during which the average ambient temperature tends to be much
lower and the condensing pressure of the compressor unit can be further reduced, thus
increasing the efficiency of the compressor unit.

Table 3. Time-of-use tariff.

Time (h) 0~8 8~12 12~18 18~22 22~24

Type Valley Peak_1# Flat_1# Peak_2# Flat_2#
Price (CNY/kWh) 0.358 1.061 0.686 1.061 0.686

Detailed calculation flow is shown in Figure 3. The collected historical operation
data need to be pre-processed first, and are then used as the input for the cooling load
prediction in the LSTM algorithm. Based on the prediction results, two different operation
modes are proposed to be selected according to practical production, where Mode A aims
at complete load shifting while Mode B is a load-balancing strategy. Both modes combine
the compressor operation mode control with the temperature setpoint control, thus offering
the possibility to avoid overshooting the warehouse temperature.
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From the point of view of the compressor properties, a low load will result in low
adiabatic efficiency. This paper provides three efficient operation patterns for the com-
pressor unit based on expert experience, corresponding to low, medium, and high load
cases, as shown in Table 4. The load setting value is expressed as the sum of two numbers,
representing the load of the first and second compressors, respectively.

Table 4. Compressor operation pattern under different loads.

Operation Pattern Low Load Medium Load High Load

Load Calculation <100% 100~150% >150%
Load Setting 100% + 0% 75% + 75% 100% + 100%

3.2. Thermodynamic Model

To supplement the missing cooling load, a thermodynamic model of the refrigeration
system is developed in this paper. Generally speaking, the modeling process should start
by considering three fundamental conservation relations, including the continuity equation,
the momentum equation, and the energy equation. The flow of the refrigerant in the
pipeline is relatively smooth and therefore can be seen as a steady flow state, and the
pressure drop is negligible, which means the continuity equation and the momentum
equation naturally hold. Hence, only the energy equation needs to be considered while
modeling. The positions of the key points in the refrigeration cycle are tagged as 1, 2, 3,
and 4 in Figure 1b. Points 1 and 2 represent the suction and the discharge state of the
compressor unit. Point 3 represents the state before throttling, and point 4 represents the
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state before evaporation. By quantitatively determining the thermodynamic state of the
refrigerant at the import and export of each component, the enthalpy changes during each
working process can be calculated [36].

The compression process can be simplified as an isentropic process whose isentropic
compression power is given by Equation (4). The isentropic efficiency is introduced to
evaluate the imperfection of the compression process. In this paper, the efficiency is defined
as the ratio of the isentropic compression power to the input power of the drive motor,
determined by Equation (5). According to experience, the isentropic efficiency of the
compressor is strongly related to the pressure ratio [36]. In this paper, the efficiency is
fitted based on the actual experimental data of the compressor. The fitting formula of the
efficiency is shown in Equation (6):

Pis,com = m·(h2,is − h1) (4)

Pcom = m·(h2,is − h1)/ηis (5)

ηis = −0.0015 · ε2 + 0.0044 · ε + 0.7515 (6)

The evaporation process can be regarded as an isobaric process. The amount of heat
exchange is given by Equation (7). The throttling process is irreversible, while the enthalpy
of the inlet and the outlet are equal (Equation (8)).

Qeva = m·(h1 − h4) (7)

h3 = h4 (8)

By associating Equations (5)–(8), the relationship between cooling capacity and the
input power of the drive motor can be expressed as Equation (9). Due to the existence of
the centralized high-pressure ammonia storage and the separator, the refrigerant steam
quality at the termination of condensation and the beginning of compression is 0 and 1
respectively. As shown in Equations (10)–(12), the key enthalpies in Equation (9) can be
determined quantitatively by invoking the CoolProp property library [37]. In summary, the
cooling capacity can be determined as the input power of the drive motor and its suction
and discharge pressure are determined.

Qeva = Pcom·ηis·(h1 − h3)/(h2,is − h1) (9)

[h1, s1] = f
(

p = pevp, q = 1
)

(10)

h2,is = f (p = pcon, s = s1) (11)

h3 = f (p = pcon, q = 0) (12)

3.3. LSTM Model

To solve the problem of gradient disappearance in recurrent neural networks (RNNs),
Hochreiter et al. [38] proposed a long short-term memory neural network (LSTM) capable
of automatically learning information over a period of time in the past. LSTM increases the
storage capacity of the loop cell by introducing ‘gates’ into the repetition module, including
input gates, forgetting gates, and output gates. As a modified version of an RNN, LSTM
classifies repetitive and periodic patterns in the data into long-term or short-term cycles
and uses them as the output. Figure 4 illustrates the structure of the repetition module in
which the amount of forgetting and memory information is regulated by the gates.
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The LSTM model’s iterative formula is displayed in Equations (13)–(18) with initial
values of C0 = 0 and h0 = 0, where b, W, and U represent the bias vector, weight connection
matrix to the input, and weight connection matrix to hidden layers, respectively. And i, f ,
and o denote the input, forgetting, and output. The cell output vector is calculated as ht.

it = σ(Wixt + Uiht−1 + bi) (13)

ft = σ
(

W f xt + U f ht−1 + b f

)
(14)

ot = σ(WOxt + UOht−1 + bO) (15)

C̃t = tan(Wcxt + Uoht−1 + bc) (16)

Ct = ft ⊗ Ct−1 + it ⊗ C̃t (17)

ht = ot ⊗ tan(Ct) (18)

The cooling load of cold stores has significant periodicity, and thus the LSTM algo-
rithm is well-suited for cooling load prediction. The environmental conditions (dry bulb
temperature, relative humidity, wind speed, light intensity), the temperature of the ware-
house, and the cooling load from the previous several days are used as model inputs in this
paper. The scope of this research is the development of novel peak shifting strategies with
the cooling load forecasts acting as the necessary pre-work. Therefore, in this research, the
MATLAB toolbox is utilized directly to optimize the hyperparameters of the LSTM model
rather than adopting new approaches.

3.4. System Simulation Approach

Two optional modes A and B are proposed in this paper for selection in practical
production. The specific control principles for the two modes are as follows:

• Mode A: All-day cooling load needs to be shifted to the valley period and the com-
pressor unit should maintain shutdown as much as possible in other periods. The
operation mode during the valley period is set directly through the average load
calculation result. Temperature set point control is adopted in off-valley periods,
which means the unit shuts down before the temperature exceeds the upper limit and
operates at high load when it does.

• Mode B: The cooling load of the whole day is divided into multiple intervals according
to the TOU tariff and thus is met separately. The operation mode control is adopted
in the valley as well as the flat_1# period. The compressor unit should both meet the
cooling load of the above two periods and charge the storage to meet the demand from
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the peak_1# and peak_2# periods. Similar to Mode A, temperature set point control is
adopted in other periods.

The upper temperature limit can usually be determined by the storage requirements
of the products, and it is set as −18 ◦C in this paper [21,22]. To compare the advantages
and disadvantages of the above two modes, it is essential to analyze the trends of key
parameters such as warehouse temperature, cooling capacity, and operation cost. Therefore,
it is necessary to establish a simulation algorithm to analyze the control effect taking several
actual working days as a case study. When the optimized temperature at the previous
moment i is known to be Topti,i, the temperature at the following moment (Topti,i+1) can be
calculated as Equation (19). Qori,i and Qopti,i indicate the cooling capacity supply before
and after peak shifting, respectively, whose difference is given in Equation (20).

Topti,i+1 = Topti,i +
(

Qopti,i − Qdis,opti,i/c·M
)

(19)

∆Qi = Qopti,i − Qori,i (20)

Similar to Equation (19), the relationship between the original temperature at adjacent
moments can be expressed in Equation (21).

Tori,i+1 = Tori,i + (Qori,i − Qdis,ori,i/c·M) (21)

For the cold store discussed in this paper, the dissipation at the building envelope
is positively correlated with the temperature difference between the inside and outside.
Owing to the large reserve of products, the change in the warehouse temperature is very
limited before and after peak shifting. Consequently, the cooling dissipation can be approx-
imated as unchanged in the simulation calculation (Equation (22)). The recurrence relation
for the optimized temperature can be determined by associating Equations (19)–(22), as
shown in Equation (23). As the initial value, its temperature should be equal at the be-
ginning moment when the control strategy is introduced (Equation (24)). In this research,
the product in the cold store is mainly pork, and the specific heat capacity is given in
Equation (25) [39].

Qdis,opti,i = Qdis,ori,i (22)

Topti,i+1 = Topti,i + Tori,i+1 − Tori,i + (∆Qi/c·M) (23)

Topti,1 = Tori,1 (24)

c = 0.00286 · T2 + 0.1826 · T + 5.83 (25)

Analyzing the control effect of the strategy, it is worthwhile to compare the trends of
the cooling capacity and the operation cost of the system. The cooling capacity provided
by the system during operation can be calculated as Equation (26). The operation cost is
dominated by the consumed electrical power of the compressor unit, so it can be formulated
as Equation (27). Furthermore, the cost reduction rate is used to measure the economic
effect before and after peak shifting (Equation (28)).

Cooling Capacity =
n

∑
i=1

Qeva·∆ti (26)

COST =
n

∑
i=1

EPi·Pcom·∆ti (27)

Cost Reduction Rate = 1 −
(
COSTopti/COSTori

)
(28)
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4. Results and Discussion

In this study, the cyclical variation pattern of the cooling load in the previous several
days is identified and that of the following day is predicted by LSTM. Based on the
prediction results, the trends in cooling capacity supply and temperature changes before
and after the adoption of the peak shifting strategy for a typical day are analyzed. A total
of five consecutive working days are taken as a case study to illustrate the peak shifting
effect and economics of the strategy.

4.1. LSTM Prediction Effect Analysis

In this paper, data from 10 consecutive working days are collected to validate the
proposed method. The operation data are divided into two parts, the former 5 days is
used for model training and pattern recognition and the latter 5 days for verifying the
model prediction effect. The prediction results are shown in Figure 5, whose horizontal
axis represents different working days (separated by short green lines) and the vertical axis
represents the cooling capacity. It can obviously be seen that the cooling load in consecutive
working days shows a strong periodic trend. A brief peak in the cooling load exists each
day at 8–10 a.m., and this is mainly because it is the start of work. In addition, the cooling
load is relatively stable throughout the day, and normally only one compressor is on.
Analyzing the prediction results, it can be found that the predicted values of the cooling
load match well with the test values. When dealing with longer periods, the model allows
for continuous updating and iterating with the latest historical data, thereby guaranteeing
prediction accuracy.
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Figure 5. Comparison of the test and prediction cooling load over 5 working days (separated by
short green lines).

The errors between the test and predicted values of the cooling load are shown in
Figure 6, where 65% of the predicted cold load results can converge within the 20% error
line with the R2 of 0.8791. It is important to note that when adopting a peak shifting
strategy, accurate time-to-time prediction is not necessary, and total load forecast is more
important. From this point of view, the prediction accuracy is sufficient for peak shifting,
and the LSTM algorithm is suitable for cooling load forecasting of cold stores.
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4.2. Comparison of Control Effects

Figure 7 shows the comparison of cooling capacity supply between the original mode,
Mode A, and Mode B on the first and third days. The solid black line represents the
original mode, while the red and blue dashed lines represent Mode A and B, respectively.
The cooling load of the cold stores will change chaotically and rapidly with the external
environment, production conditions, etc. Under the original mode, the compressor unit
runs at a low load for a long time, and this load may fluctuate with the cooling load,
bringing additional energy waste and cost increases. The peak shifting results suggest that
the compressor unit only operates during the valley period in Mode A and only in the valley
and flat_1# periods in Mode B. Based on the reliable prediction of the cooling load, the
operation of the compressor unit is switched to a high load and short time, enhancing the
stability. By charging the storage during off-peak hours, the temperature of the warehouse
can always be maintained within the appropriate range, so that no additional start-up of
the compressor unit is required in both modes. It should be mentioned that while Mode
A allows for complete shifting, it requires a larger capacity of the compressor unit, which
may result in a potential initial cost increment. As a load-balancing solution, Mode B
shifts the load to multiple suitable periods, which is also applicable to cases with a small
unit capacity.

The variation in the warehouse temperature on the first and third days is shown in
Figure 8. Basically, the trends before and after optimization are similar, but most of the
time, the optimized temperature is slightly lower than the original one. For Mode A, its
warehouse temperature reaches its lowest point around 6–8 a.m. and rises slowly during
the rest of the day. The temperature of Mode B is in between the original mode and Mode
A during the valley period. The temperature curves of the two modes overlap at around
17:00 but still remain below the original mode. At the end of the day, the temperature of the
two modes returns to a similar level to the original one. From the perspective of operation
safety, the temperature fluctuations in the cold store are another important indicator of an
optimization strategy. Mode A results in greater temperature fluctuations than Mode B. The
maximum temperature difference of Mode A in two days was 0.35 ◦C and 0.38 ◦C, while
that of Mode B was 0.18 ◦C and 0.20 ◦C which is only about half of that of Mode A, based
on the original temperature curve. Objectively speaking, temperature fluctuations in both
modes are quite limited, and thus, the dissipation before and after the adoption of the peak
shifting strategy can be approximated to be identical, as mentioned earlier. This is mainly
due to the large thermal inertia of the cold store, which can keep the core temperature of
the product relatively stable when external factors change temporarily [23,24].
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Figure 7. Comparison of the cooling capacity on two representative days.
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4.3. Analysis of Control Effects

The comparison of the cooling capacity before and after peak shifting is shown in
Figure 9, where red, blue, and green represent the ratio of the cooling capacity provided in
the peak, flat, and valley periods to the total amount of the day, respectively. The cooling
capacity of the peak period accounts for 3~14% and the valley period accounts for only
about half in the original mode. Mode A achieves complete shifting, and the cooling load
is met in the valley period. The cooling capacity ratio of the valley period in Mode B has
increased by about 15% on average, while that of the flat period remains almost the same
as before. To sum up, both modes can achieve a good peak shifting effect.
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Figure 9. Effect of cooling capacity shifting.

The variation in the operating cost for 5 days is shown in Figure 10, in which the bars
represent the cost and the lines indicate the cost reduction rate. Mode A is a more aggressive
mode with an average cost reduction of about 40%. As a comparison, the average cost
reduction rate of Mode B is only 13.4%. The cost reduction rate of both modes suffers a
significant decrease on day 5 because the economy of the peaking strategy is mainly due
to load shifting of the peak period while the cooling capacity of the peak period accounts
for only 3% out of the total amount. In general, the strategy proposed in this paper can
achieve a satisfactory reduction in operation costs without requiring changes in the physical
structure of the system.
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5. Conclusions

In this paper, an artificial intelligence model for cooling load forecasting is developed
using the LSTM algorithm at the first step and its reliability is illustrated. Based on the TOU
tariff, a peak shifting control strategy with two optional modes which combine temperature
setpoint control and operation mode control is then proposed to realize peak shifting as
well as cost reductions. With the proposed strategy, the feasibility and applicability are
evaluated by taking the actual operating data of five consecutive working days. Finally, the
peak shifting effect and economy of the proposed strategy are demonstrated by comparing
the ratio of the cooling capacity provided in different periods and the cost reduction rate.
The detailed conclusions are as follows:

(1) The cooling load of the cold store has a significant periodicity during continuous
working days, and therefore LSTM is suitable for load prediction. The results are of
good accuracy and have engineering practicality.

(2) Mode A is a complete shifting strategy, which means the entire day’s cooling load is
met during the valley period. As a consequence, this mode offers a better economy,
with an average cost reduction rate of approximately 40%. Nevertheless, this mode
may result in larger temperature fluctuations and require a higher capacity of the
compressor unit which brings much more initial investment.

(3) Mode B is a load-balancing strategy, which means the cooling load throughout the
day is assigned to multiple appropriate periods to be met. Compared to Mode A,
the average cost reduction rate for this mode is only 13.4%. However, this model
causes smaller temperature fluctuations and does not require a higher capacity of the
compressor unit.
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Abbreviation:

Nomenclature
Symbols

T temperature (◦C) c
specific heat capacity
(J·kg−1·◦C−1)

∆t time step (s) W
weight connection
matrix to the input

P power (kW) U
weight connection
matrix to hidden
layers

p pressure (kPa) σ
sigmoid activation
function

h enthalpy (J·kg−1) b bias vector
s entropy (J·kg−1·K−1) C̃ temporary state layer
η efficiency C cell state vector
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ε pressure ratio h cell output vector

m
mass flow rate
(kg·s−1)

M
total reserve in the
cold store (kg)

Q cooling load (kW) ∆Q
cooling load
difference (kW)

i input gate EP
electricity price
(CNY·kWh−1)

f forgetting gate COP
coefficient of
performance

o output gate COST
total operation cost
(CNY)

Subscripts
is isentropic i a certain moment

com compressor 1 ∼ 4
thermodynamic state
point

eva evaporator ori
original (before
optimization)

con condenser opti
optimized (after
optimization)

high the upper limit dis dissipation
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