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A B S T R A C T

Integrating domain knowledge into artificial intelligence models is increasingly recognized as essential for 
improving energy storage system control based on load predictions. Commonly used accuracy metrics for load 
prediction models, such as mean absolute percentage error, coefficient of variation of mean absolute error, and 
coefficient of variation of root mean squared error, are not monotonically correlated with final control perfor
mance; in other words, the model with the highest prediction accuracy does not necessarily yield optimal control 
outcomes. This study introduces a dynamically weighted error metric, which incorporates the attributes of en
ergy storage systems and the temporal dynamics of prediction-based control by leveraging domain knowledge 
from heating, ventilation, and air conditioning systems. The proposed dynamically weighted error metric 
enhanced the selection of load prediction models, and these models reduced the operating cost of six energy 
storage systems by up to 6.5 % compared to those using traditional prediction accuracy metrics. The scalability of 
dynamically weighted error metric was further validated across 10 energy storage capacities and 18 Time-of-Use 
tariffs in the six building cases, achieving 93.9 %–97.2 % of the ideal cost reductions and outperforming 
traditional metrics (86.4 %–95.4 %). The applicability of dynamically weighted error metric to common energy 
storage systems is discussed and confirmed. Additionally, a web-based tool was developed to facilitate dynam
ically weighted error calculation in practical applications. This study demonstrates that incorporating domain 
knowledge through dynamic accuracy weighting evidently enhances the whole-process performance of artificial 
intelligence in energy storage system control.

1. Introduction

Energy storage systems are important for buildings to save energy 
[1], reduce operation cost [2], and mitigate carbon emission [3]. For 
example, ice-based thermal energy storage (ITES) systems are effective 
in cooling load shifting in buildings [8]. Under the incentives of the 
Time-of-Use (TOU) tariff and carbon emission factors provided by the 
grid, buildings can use energy storage systems to shift loads [9], reduce 
operation costs [10], and support the decarbonization of the grid [11]. 
Load prediction-based control has been widely investigated [4] to sup
port operation controls of electrical [5], heating [6], and cooling [7] 
energy storage systems.

Accurate day-ahead prediction of the building energy load is 
important in the operation control of energy storage systems [12]. TOU 
tariffs [13] usually present a regular variation trend during the day [14]. 

Therefore, accurate day-ahead hourly [15] or sub-hourly [16] load 
prediction can help better match energy demand with TOU tariff. The 
operation cost of the energy storage system can be further reduce with 
accurate load predictions [17]. Existing studies on load prediction-based 
control for energy storage systems [18] have generally followed a 
similar flow. According to this flow, the building energy load was pre
dicted using input features such as weather forecasts [19], occupancy 
predictions [20], and historical load patterns [21]. The predicted load 
was then used for the control optimization of energy storage systems and 
determination of control actions such as the operation modes of energy 
storage, energy release, and direct energy supply [22]. Thus, the accu
racy of the load prediction significantly influenced the control perfor
mance of an energy storage system [23]. Numerous studies [24] have 
investigated the load predictions in buildings [25]. In comparison to 
statistical methods, such as exponential smoothing [26] and 
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autoregressive methods [27], artificial intelligence (AI)-based methods 
have become mainstream for load prediction owing to their accuracy 
[28]. The frequently investigated AI-based load prediction methods 
include nonlinear regression [29], neural networks [30], decision trees 
[31], and ensemble learning [32]. These methods demonstrated the 
ability of AI to improve the accuracy of load prediction.

However, recent studies have reached a bottleneck in improving the 
accuracy of AI-based load predictions. Zheng et al. [33] used a sparrow 
search algorithm to enhance a combined convolutional neural network 
and support vector machine model; the mean absolute percentage error 
(MAPE) was only reduced by 1.06 %. Li et al. [34] investigated a 
transformer neural network for cooling load prediction, which only 
improved the R squared (R2) by 0.02 compared with an ensemble 
learning model of decision trees and neural networks. Enhancing AI with 
domain knowledge is an emerging approach in heating, ventilation, and 
air conditioning (HVAC) engineering field [35]. Physics-informed 
learning [36] is a popular approach for combining AI with HVAC 
domain knowledge [37]. The applications of these models include room 
temperature prediction [38], chiller energy performance prediction 
[39], and cooling load prediction [40]. Physics-informed learning im
proves the robustness and scalability of AI models by adding physics 
constrains to AI models [41]. However, it brings limited improvements 
in prediction accuracy [42]. Chen et al. [43] integrated a 
resistance-capacitance model into a neural network; in comparison to 
conventional neural networks, the improvement in prediction accuracy 
was only between 1.2 % and 2.0 % in the coefficient of variation of root 
mean squared error (CV-RMSE). After decades of research, the AI-based 
load prediction models have reached a high level of accuracy. Further 

improving AI model accuracy as measured by conventional metrics does 
not necessarily lead to significant enhancements in control performance.

An alternative way to further enhance AI-based control performance 
is to leverage domain knowledge in selecting appropriate AI models for 
downstream applications. In the context of load prediction-based energy 
storage system control, the most accurate load prediction model was 
selected for the downstream control optimization of the energy storage 
system. Therefore, a metric evaluating the accuracy of load prediction is 
critical to the application performance of AI-based load prediction 
models for energy storage system control. However, a discrepancy exists 
between prediction accuracy and control performance, as Fig. 1 shows. 
Our previous study [44] found that the MAPE, coefficient of variation of 
mean absolute error (CV-MAE), and CV-RMSE, might not properly select 
load prediction models, causing a gap of 3.3 % in control performance 
by cost reduction. This means an “accurate” prediction model under the 
conventional accuracy metrics does not necessarily result in a “good” 
control performance of energy storage systems. The gap between the 
commonly used prediction accuracy metrics and control performance 
metrics weakens the whole-process performance of load 
prediction-based control.

To bridge the gap, application-oriented prediction accuracy metrics 
should be designed. Our previous study [44] reported that a good pre
diction accuracy metric exhibited good monotonicity and certainty. In 
other words, a higher prediction accuracy may result in better control 
performance. Under a certain level of prediction accuracy, the control 
performance is certain. The Spearman correlation coefficient can be 
used to quantitatively evaluate the goodness of a prediction accuracy 
metric. The evaluation approach for the goodness of prediction accuracy 

Fig. 1. The discrepancy between prediction accuracy and control performance in load prediction-based control of energy storage systems. This discrepancy is re
flected in two aspects: (1) the control performance is not monotonically increased with the increase of prediction accuracy; and (2) the control performance under a 
certain prediction accuracy is uncertain. This discrepancy greatly limits the whole-process performance of load prediction-based control of energy storage systems.
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metric supported the proposal of application-oriented prediction accu
racy metrics. This incorporation of HVAC domain knowledge into pre
diction accuracy metrics can improve prediction model selection and 
enhance the overall performance of prediction-based control.

Prediction accuracy metrics are commonly used to evaluate AI-based 
load prediction models during training [45], testing [46], and validation 
[47]. Each prediction accuracy metric has different characteristics. The 
mean absolute error (MAE) offers a balanced measure by indicating the 
average deviation of predictions [48] and is widely used to evaluate the 
prediction models [49]. The mean bias error (MBE) evaluates the sys
tematic deviation of predictions [50] and is typically used in training 
evaluations [51]. The mean squared error (MSE) emphasizes larger 
deviations of predictions [52] and is usually used for model training 
[53]. The root mean squared error (RMSE) provides a measure of de
viation with a clear physical significance [54], which is used as widely as 
MAE [55]. The MAPE is sensitive to small deviations in the dimen
sionless evaluation metrics of the prediction accuracy [56]. By inte
grating the coefficient of variation (CV) into the MAE and RMSE, 
CV-MAE [57] and CV-RMSE [58] can be used to assess the relative 
error. MAPE, CV-MAE, and CV-RMSE are widely used metrics for the 
cross-case evaluation of prediction accuracy [59]. R2 is frequently used 
in model fitting [60] to quantify the overall impact of both systematic 
and random errors [61]. The existing prediction accuracy metrics are 
summarized in Table A3.

These prediction accuracy metrics are scalable for different cases of 
load prediction [62] but inflexible to the variation of control conditions. 
This is because they are statistical metrics with uniform weights of 
prediction error at different time. In the load prediction-based control of 
energy storage system, TOU tariffs may affect the importance of accurate 
load predictions at different times. Owing to the limited energy storage 
capacity, accurate load prediction when the cumulative load is close to 
the energy storage capacity may be more important. The load prediction 
accuracy at these key times may significantly influence the downstream 
control performance; however, it is not reflected in the existing pre
diction accuracy metrics, which causes a gap between the prediction 
accuracy and control performance metrics in prediction-based energy 
storage system control [44]. Therefore, proposing an 
application-oriented prediction accuracy metric using a dynamic accu
racy weighting method is possible to bridge the gap between control 
performance and prediction accuracy metrics in terms of 
application-oriented prediction accuracy.

Few studies have proposed application-oriented prediction accuracy 
metrics for load prediction in prediction-based energy storage system 
control, whereas several studies have discussed the gap between the 
prediction accuracy and control performance metrics. Kazmi et al. [63] 
found that more accurate prediction models did not always yield higher 
values for downstream tasks. Hong et al. [64] investigated electricity 
price predictions and found that the use of predictions affected the 
valuation of accurate predictions. Koponen et al. [65] analyzed different 
prediction accuracy metrics for electricity load prediction for battery 
control in renewable energy storage systems. Statistical prediction ac
curacy metrics are likely to underestimate the increase in costs because 
of the decrease in prediction accuracy. Haben et al. [66] proposed a new 
prediction accuracy metric for predicting the electrical energy con
sumption to support battery control in residential buildings. Because the 
accurate prediction of the peak load and time was critical in this control 
application, the proposed metric reduced the penalty in off-peak hours. 
The results showed that the proposed prediction accuracy metric helped 
to train better electricity load prediction models with more similar 
patterns to the measured loads; however, the results were not evaluated 
for the electricity cost of the system. Our previous study [44] proposed a 
prediction accuracy metric modified from the CV-RMSE, which was 
weighted by the TOU tariff; however, the improvement in the cost 
reduction of the ITES system was not significant compared with the 
CV-RMSE. An application-oriented prediction accuracy metric should be 
proposed with HVAC domain knowledge of load prediction-based 

energy storage system control. The research gaps are summarized as 
follows. 

(1) A discrepancy between conventional prediction accuracy metrics 
and control performance metrics exists, which greatly limits the 
control performance of energy storage systems.

(2) The existing studies have little focus on the whole-process per
formance from load prediction to energy storage system control.

(3) Few studies investigated the dynamic adaptation between load 
prediction and control optimization in energy storage system 
controls using HVAC domain knowledge.

To bridge these gaps, this study proposes a dynamic prediction ac
curacy metric for load prediction-based energy storage system control. 
HVAC domain knowledge is used to design this metric, which is 
dynamically adjusted with the TOU tariff, energy storage capacity, and 
predicted load. The main contributions are as follows. 

(1) An adaptive method is proposed to dynamically generate the 
application-oriented prediction accuracy metric to select load 
prediction models for energy storage system control.

(2) The improvement of the proposed metric on the control perfor
mance is analyzed in six building cases with ITES systems and 
compared with commonly used metrics, including MAPE, CV- 
MAE, and CV-RMSE.

(3) The scalability of the proposed metric is analyzed for 10 energy 
storage capacities and 18 TOU tariffs.

This study aims to enhance the application of AI with HVAC domain 
knowledge in the whole process of load prediction-based control for 
energy storage systems. The designed methodology aims to achieve 
better monotonicity and certainty between load prediction accuracy 
metrics and control performance metrics. The details of methodology 
are shown as follows.

2. Methodology

This study proposes a dynamic accuracy weighting method for the 
load prediction-based control of energy storage systems. The design of 
the proposed metric is introduced in Section 2.1. The technical approach 
of evaluating the proposed metric is illustrated in Fig. 2. The proposed 
dynamically weighted error (DWE) metric is used for the selection of 
load prediction models for the control optimization of energy storage 
systems. The proposed DWE was evaluated by comparing with the 
benchmark statically weighted error metrics, including MAPE, CV-MAE, 
and CV-RMSE. The evaluation was conducted in simulation of six real 
buildings and 10 energy storage systems with different capacities under 
18 time-of-use tariffs using 180 load prediction models. The control 
performance was evaluated based on the cost reduction performance of 
the prediction-based control. A comparative evaluation of the bench
mark and proposed prediction accuracy metrics was conducted by 
analyzing the monotonicity and certainty under the Spearman correla
tion between the prediction accuracy and control performance metrics. 
The technical approach of evaluating the proposed DWE aims to 
demonstrate the scalability of the proposed dynamic accuracy weighting 
method for enhanced prediction-based energy storage system control.

2.1. Design of an adaptive method for generating the dynamically 
weighted error (DWE)

The main contribution of this study is an adaptive method to 
generate the application-oriented metric of load prediction accuracy for 
the prediction-based energy storage system control for cost-saving 
purposes under the TOU tariff. The proposed prediction accuracy 
metric DWE is defined in Eq. (1). 

X. Wang et al.                                                                                                                                                                                                                                   Advances in Applied Energy 20 (2025) 100246 

3 



DWE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑N
i=1

wi ⋅(yi − ŷ i)
2

∑N
i=1

wi

√

y
(1) 

where yi and ŷi are the measured and predicted loads of the ith hour, 
respectively; ȳ is the hourly average of the measured loads of one day, wi 
is the weight for the squared error of the ith hour, and N is the number of 
load samples in one day, which is 24 in this study, representing data in 
hourly time resolution.

The proposed DWE was modified from the CV-RMSE by adding 
weights to the squared errors for each hour. The weights of DWE were 
dynamically “predicted” each day, which was quite different from the 
existing statically weighted error metrics for prediction accuracy, such 
as MAPE, CV-MAE, and CV-RMSE. The essence of this design was to 
consider the varying conditions of the prediction-based energy storage 

system control for prediction model selection, which were reflected in 
the dynamically predicted weights of the DWE.

The day-ahead weight prediction is the key to DWE. Because the 
prediction-based control strategy depends on the energy storage ca
pacity, TOU tariff, and day-ahead predictions of the loads, the weight 
prediction of the DWE considers the inputs of the energy storage ca
pacity (Cs), electricity prices (P) in TOU tariff, and predicted 24-hour 
loads (Lp). Because the prediction-based control strategy depends on 
the controlled energy storage system conditions and temporal process of 
control optimization, the DWE weight (w) is the Hadamard product (also 
known as element-wise product) of the system-relevant (ws) and 
temporal-relevant (wt) factors, as shown in Eq. (2). 

w = ws∘wt (2) 

The flow chart of generating the accuracy weights of DWE is illus
trated in Fig. 3. The dimensions of the variables are also marked in the 

Fig. 2. Technical approach of applying and evaluating the proposed dynamic accuracy weighting method. The proposed dynamic accuracy weighting method is used 
to generate the dynamically weighted error (DWE) to select load prediction models for enhanced control performance of energy storage systems.

Fig. 3. The flow chart of generating the accuracy weights of dynamically weighted error (DWE). The generation of DWE has three main processes, including dynamic 
predictions of system-relevant weight, temporal-relevant weight, and weight integration.
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figure. In comparison with the static accuracy weighting method, the 
proposed dynamic accuracy weighting method adjusts the prediction 
error weights in different hours based on system-relevant and temporal- 
relevant conditions for a control application-oriented selection of load 
prediction models. In energy storage system control, prediction accu
racy during certain hours may not affect control performance [44]. 
Thus, the system-relevant factor excludes these hours by considering the 
predicted load, TOU tariff, and energy storage capacity. After the rele
vant hours are selected, the temporal-relevant factor gives an order of 
the importance of these hours. Because the detailed mechanism of the 
importance decay of accurate prediction over time remains unclear, a 
linear function is used to reflect the decay intuitively. This approach 
decouples the two processes of selecting the key hours and ordering the 
importance of the selected key hours, which formulizes a structure of 
dynamic accuracy weighting method for DWE. The detailed methods of 
determining ws and wt are described in the following sections.

The system-relevant factor (ws) reflects the attributes of a controlled 
energy storage system. As mentioned in [44], the inconsistency between 
prediction accuracy and control performance metrics in 
prediction-based energy storage system control is caused by the varia
tions in TOU tariffs. Because the energy storage system stores energy 
during off-peak hours and releases energy during peak hours to reduce 
operating costs, the importance of accurate load prediction is influenced 
by the TOU tariff. The energy storage capacity also influences the 
importance of accurate load prediction. When the energy storage ca
pacity is too high or too low, the prediction-based control shows less 
improvement than the baseline control without load prediction [44]. 
Therefore, the system-relevant weight prediction involves energy stor
age capacity, TOU tariff, and predicted 24-hour loads. The hourly 
indices from 1 to 24 are sorted in descending order of a 24-hour TOU 
tariff. Because there is little room for control optimization during the 
hours when the load cannot be covered by the energy storage capacity, 
this helps determine the key hours for the control optimization of energy 
release. The stored energy is used to satisfy these hours with higher 
electricity prices until the maximum stored energy, which is equal to the 
energy storage capacity, is allocated. Therefore, ws during these hours 
were set to 1, whereas those during other hours were set to 0. The 
predicted ws dynamically indicates the key hours for accurate load 
prediction for each day.

In addition to the system-relevant factor (ws), the temporal-relevant 
factor (wt) is also considered because the allocation of energy release is 
also relevant to time. An inaccurate prediction of the load may affect 
energy allocation. For example, the underprediction of the load may 
lead to the early use of the stored energy, and the subsequent control 
strategies are unexpected. Therefore, accurate load prediction in the 
early hours is more important than that in the later hours of the day 
[44]. To reflect this attribute, wt is designed and calculated using Eq. (3). 

wt,i = −
1

24 − 1
(i − 1) + 1 i ∈ [1,24] (3) 

where i denotes the ith hour of the day. This equation defines a linear 
descending function of wt from the first to the last hour of the day. The wt 
at 0:00‒1:00 is the highest at 1 because it is the first hour of a day, and 
the inaccurate prediction of the load may influence every hour of the 
day. Instead, wt at 23:00‒24:00 is 0 because the inaccurate load pre
diction of the last hour of the day will not influence any other hours of 
the day. The wt reflects the varying importance of prediction-based 
control strategies and accurate load predictions of temporal orders.

An intuitive example of calculating the weights of DWE is shown in 
Appendix B. In summary, the designed DWE can dynamically reflect the 
importance difference of accurate load predictions for different hours 
according to the conditions of the energy storage system, which is ori
ented toward the prediction model selection for prediction-based energy 
storage system control for purposes such as cost-saving under the TOU 
tariff.

2.2. Definition of index for comparing control performance

The proposed DWE metric was compared with MAPE, CV-MAE, and 
CV-RMSE. These four prediction accuracy metrics were used to select 
load prediction models for the load prediction-based control of energy 
storage systems. This study used 180 AI-based load prediction models, as 
described in Appendix C. The energy storage systems and energy loads 
from six buildings are shown in Appendix D. Each energy storage system 
was controlled using two strategies: a fixed schedule and a prediction- 
based control strategy. The control strategies are described in Appen
dix E. The improvement in control performance using AI-based load 
prediction was evaluated using the cost reduction rate (CRR) of the 
prediction-based control strategy from a fixed schedule, as shown in Eq. 
(4). 

CRR =
CF − CP

CF
× 100% (4) 

where CP and CF are the electricity costs of the energy storage system 
under the prediction-based control strategy and the fixed schedule, 
respectively.

In prediction-based control, a more accurate prediction model is 
expected to achieve a better control performance. For an effective 
control-oriented prediction accuracy metric, the selected accurate pre
diction model should have a good performance. That is, for an effective 
control-oriented prediction accuracy metric, the consistence of mono
tonicity between a prediction accuracy metric and a control perfor
mance metric is good. Because the Spearman correlation coefficient is a 
suitable measure for assessing the consistence of monotonicity between 
two variables, it is selected to evaluate the effectiveness of control- 
oriented prediction accuracy metrics. The Spearman correlation coeffi
cient ranges from -1 to +1, where a value of +1 indicates a perfect 
positive monotonic relationship, 0 indicates a nonmonotonic relation
ship, and -1 indicates a perfect negative monotonic relationship. In this 
study, the load prediction accuracy metrics were evaluated using the 
Spearman correlation coefficient between the load prediction accuracy 
and cost reduction rate of prediction-based control in energy storage 
systems. In addition, under a certain level of prediction accuracy, the 
uncertainty of the cost reduction rate was expected to be low. Therefore, 
under a better prediction accuracy metric, the distribution of cost 
reduction rate was more compact. This study evaluated the certainty of 
the prediction accuracy metric using the distribution of the top ten cost 
reduction rates of the load prediction models selected by the prediction 
accuracy metric. The Spearman correlation coefficient and distribution 
of the top ten cost reduction rates were used to comprehensively eval
uate the prediction accuracy metrics of monotonicity and certainty.

2.3. Sensitivity analysis to examine the scalability of DWE

The scalability of the proposed DWE metric is critical for its appli
cability. In the load prediction-based control of energy storage systems, 
energy storage capacity and TOU tariff are the main factors limiting 
control performance. To validate the scalability of the proposed DWE 
metric, a sensitivity analysis was conducted across cases of 10 energy 
storage capacities and 18 TOU tariffs. In the sensitivity analysis, an ideal 
scenario was used to evaluate the effectiveness of prediction accuracy 
metric. The ideal scenario consisted of the load prediction models with 
actually the highest cost reduction rates, representing the limit of the 
cost reduction rate using a perfect prediction accuracy metric to select 
load prediction models for downstream controls. The approach cost 
reduction (ACR) to ideal scenario is defined in Eq. (5). 

ACR =
CF − CP,m

CF − CP,ideal
× 100% =

CRRm

CRRideal
(5) 

where subscript m represents a certain scenario using prediction accu
racy metric such as MAPE, CV-MAE, CV-RMSE, and DWE; subscript ideal 
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represents the ideal scenario.
In each of the six buildings, the energy storage capacity varied from 

10 % to 100 % in increments of 10 % of the maximal daily total energy 
load. The 18 TOU tariffs are presented in Appendix F, including nine 
with fixed structures and nine with hourly dynamic structures. Statistics 
were conducted on the improvements in the cost reduction rate using 
DWE compared with those using MAPE, CV-MAE, and CV-RMSE.

3. Results

The proposed DWE is analyzed in cases of cooling load prediction to 
support the prediction-based control of ITES systems. The performance 
of the proposed DWE metric was compared with those of the MAPE, CV- 
MAE, and CV-RMSE for six buildings with ITES systems. The results are 
presented in the following sections.

3.1. Analysis across multiple buildings

The results of the MAPE, CV-MAE, CV-RMSE, and proposed DWE are 
compared for the six building cases in Fig. A1. The scatter in this figure 
represents the cooling load prediction model. Each cooling load pre
diction model has a prediction accuracy under a certain prediction ac
curacy metric. The prediction accuracy ranking is in descending order of 
the prediction error of the 180 tested prediction models, where rank one 
represents the most accurate cooling load prediction model under a 
certain prediction accuracy metric. Each cooling load prediction model 
generates predicted cooling loads for the prediction-based ITES control 
to achieve a simulated cost reduction rate. In cooling load prediction- 
based ITES control, a more accurate cooling load prediction may have 
a higher cost reduction rate. A good prediction accuracy metric may 
reflect this result well, which means that the scatter of the prediction 
accuracy rank and cost reduction rate are compact to a monotonic trend 
line. The results show that in the six cases, DWE has consistently better 
monotonicity than MAPE, CV-MAE, and CV-RMSE. The most accurate 
cooling load prediction models under DWE can result in the highest cost 
reduction rate. Additionally, the certainty of the DWE was better than 
that of the MAPE, CV-MAE, and CV-RMSE in the six buildings. Under a 
certain prediction accuracy, the scatter distribution of cost reduction 
rates is compact, which means that DWE has less uncertainty than 
MAPE, CV-MAE, and CV-RMSE in evaluating the application perfor
mance of the cooling load prediction models. For example, in building 
#1, under the proposed DWE metric, the most accurate prediction 
model, which ranked the first in prediction accuracy, had a significantly 
higher cost reduction rate than those of the other prediction models. 
Under MAPE, CV-MAE, and CV-RMSE, the most accurate prediction 
models had moderate cost reduction rates among all the 180 prediction 
models. Consistently in other buildings, under DWE, the most accurate 
prediction model has obviously higher cost reduction rates than other 
prediction models. The proposed DWE can more properly select cooling 
load prediction models for control performance than MAPE, CV-MAE, 
and CV-RMSE. Evidently, the proposed DWE can evaluate the cooling 
load prediction models on the prediction-based control performance of 
ITES systems better than the MAPE, CV-MAE, and CV-RMSE. The pro
posed DWE was scalable in six buildings and 180 well-tuned cooling 
load prediction models.

Quantitatively, the performances of MAPE, CV-MAE, CV-RMSE, and 
DWE were evaluated using the Spearman correlation coefficients 

between the prediction accuracy and cost reduction rate, as shown in 
Table 1. In the cooling load prediction-based control of ITES systems, a 
lower cooling load prediction error may lead to a higher cost reduction 
rate. Thus, an applicable cooling load prediction accuracy metric should 
have a negative Spearman correlation coefficient with the cost reduction 
rate. A higher absolute value of the negative Spearman correlation co
efficient indicates better prediction accuracy. In Table 1, the four pre
diction accuracy metrics in the six cases have negative Spearman 
correlation coefficients, which means that they are all applicable for 
evaluating the cooling load prediction model for prediction-based ITES 
control. In all six cases, MAPE had the lowest absolute values of negative 
Spearman correlation coefficients compared to the other three metrics, 
making it the least applicable prediction accuracy metric. In most cases, 
the proposed DWE had the highest absolute values of negative Spearman 
correlation coefficients compared with MAPE, CV-MAE, and CV-RMSE. 
This result indicates that the proposed DWE has a better monotonicity of 
prediction accuracy and cost reduction rate than MAPE, CV-MAE, and 
CV-RMSE. The proposed DWE outperformed the MAPE, CV-MAE, and 
CV-RMSE in evaluating the performance of the cooling load prediction 
model for prediction-based ITES control.

Furthermore, the effectiveness of the DWE was evaluated by select
ing the top ten accurate cooling load prediction models for prediction- 
based ITES control. Fig. 4 shows the cost reduction rate distributions 
of the selected top ten accurate cooling load prediction models under 
different prediction accuracy metrics for the six building cases. The ideal 
scenario means the distributions of the actual top ten cost reduction 
rates among the 180 cooling load prediction models. A perfect predic
tion accuracy metric may have an identical distribution of cost reduction 
rate with the ideal scenario. In the six buildings, the means and medians 
of the cost reduction rates under DWE are all higher than those under 
MAPE, CV-MAE, and CV-RMSE and closest to the ideal scenario. The 
ranges between the quartiles of cost reduction rates under DWE are 
within 0.6 %, which is reliable for cost reduction applications of cooling 
load prediction-based ITES control. The cost reduction rates under 
traditional prediction accuracy metrics such as MAPE, CV-MAE, and CV- 
RMSE were in the range of 5.6 %‒14.2 % on average. In comparison 
with the MAPE, CV-MAE, and CV-RMSE, the proposed DWE can further 
improve the percentile of the cost reduction rate by up to 2.2 % on 
average, with a maximum improvement of 6.5 %. The results suggest 
that the ITES control performance can be significantly improved using 
the AI-based cooling prediction models selected by the proposed pre
diction accuracy metric designed with HVAC domain knowledge.

3.2. Analysis across multiple energy storage capacities

In the cooling load prediction-based control of ITES systems, the ice 
storage capacity influences the improvement in the cost reduction rate. 
To validate the scalability of the proposed DWE metric, a sensitivity 
analysis was conducted for 10 ice storage capacities, as shown in Fig. A2. 
The situations shown in Fig. 4 are specific to those shown in Fig. A2
when the ice storage capacity is 70 % in each building case. The mean 
values in Fig. 4 were used to calculate the approach cost reductions to 
ideal scenario in Fig. A2 when the ice storage capacity was 70 %. The 
ideal scenario consisted of the cooling load prediction models with 
actually the highest cost reduction rates, representing the limit of the 
cost reduction rate using a perfect prediction accuracy metric. Under 
most ice storage capacities in each building case, the proposed DWE is 

Table 1 
Spearman correlation coefficients between prediction accuracy metrics and cost reduction rate.

Building #1 Building #2 Building #3 Building #4 Building #5 Building #6

MAPE -0.269 -0.712 -0.732 -0.740 -0.535 -0.569
CV-MAE -0.758 -0.799 -0.742 -0.746 -0.555 -0.920
CV-RMSE -0.714 -0.880 -0.917 -0.889 -0.715 -0.767
DWE (Proposed) -0.933 -0.973 -0.867 -0.913 -0.978 -0.981
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closer to the ideal line than the MAPE, CV-MAE, and CV-RMSE. In six 
building cases, the approach cost reductions to ideal scenario by DWE 
were over 89.2 %‒98.5 %, whereas those by MAPE, CV-MAE, and CV- 
RMSE were over 62.0 %‒84.6 %. These results show that the ITES 
control performance using the cooling load prediction models selected 
by DWE is generally better than those selected by conventional predic
tion accuracy metrics under various ice storage capacities. Thus, the 
proposed DWE is indicated to have a good scalability to multiple energy 
storage capacities.

3.3. Analysis across multiple time-of-use tariffs

The TOU tariff is another key factor influencing the performance 
improvement of the load prediction-based control of energy storage 
systems. This study conducted a sensitivity analysis under 18 TOU tar
iffs. The distributions of approach cost reductions to ideal scenario 
under 18 TOU tariffs are shown in Fig. A3. The average approach cost 
reductions in Fig. A2 are the specific situations shown in Fig. A3 for TOU 
#1. The ideal scenario is marked with dashed lines with an approach 
cost reduction of 100 %, which represents a perfect prediction accuracy 
metric that the cooling load prediction models with actually the highest 
cost reduction rates can be selected. The approach cost reductions of 
DWE are closer to the ideal scenario than those of MAPE, CV-MAE, and 
CV-RMSE in almost the 18 TOU tariffs. The average approach cost re
ductions by DWE were 93.9 %‒97.2 %, whereas those by MAPE, CV- 
MAE, and CV-RMSE were 86.4 %‒95.4 %. The results show that the 
ITES control performance using the cooling load prediction models 
selected by DWE is generally better than those selected by conventional 
prediction accuracy metrics under various TOU tariffs. The proposed 
DWE is demonstrated to have a good scalability to multiple TOU tariffs. 
In summary, the proposed DWE is scalable under 18 TOU tariffs and 10 
ice storage capacities for six buildings with ITES systems. The applica
tion scalability of the proposed DWE metric is validated compared with 
the conventional prediction accuracy metrics of MAPE, CV-MAE, and 
CV-RMSE for ITES controls under TOU tariffs.

4. Discussions

4.1. Application perspectives of the proposed dynamic accuracy weighting 
method

This study proposed a dynamically weighted error (DWE) to select 
load prediction models for prediction-based control of energy storage 
systems. The proposed DWE was validated for six building cases with 
energy storage systems, 10 energy storage capacities, and 18 TOU tariffs. 
In comparison to traditional prediction accuracy metrics, including 
MAPE, CV-MAE, and CV-RMSE, the proposed DWE is scalable and can 
improve the application performance of AI-based load prediction 
models. The proposed method of generating DWE was published on the 
website, https://dwe.dest.net.cn/. A detailed introduction of DWE web 
tool is shown in Appendix G. This tool is feasible for the researchers and 
engineers to implement DWE in real-world applications.

The main contribution of this study is proposing a dynamic accuracy 
weighting method to enhance the prediction-based control of energy 
storage systems. Fig. 5 depicts a perspective of applications of the pro
posed dynamic accuracy weighting method and the DWE metric. In the 
conventional operation control of energy storage systems, operators 
determine the control objective based on incentives, and conduct 
prediction-based control to get predictions of control strategies of en
ergy storage systems. As validated in this study, the conventional 
approach causes a discrepancy between prediction accuracy and control 
performance, which greatly limits the operation performance of energy 
storage systems. This is because the selection of load prediction models 
is not adapted well to the control optimization models under prediction 
uncertainty. This study solved this issue by proposing the DWE metric to 
select load prediction models. The DWE is generated dynamically to 
make its prediction accuracy metric reflecting the control performance, 
which connects the load prediction and control optimization as a whole 
process.

The DWE may also be adaptive to various energy storage systems 
including battery, phase change materials, and water energy storage 
systems. This is because the required data to determine the DWE is 
similar for different energy storage systems. To determine the DWE, load 
predictions, control incentive predictions, and energy storage capacities 
are required regardless of the type of energy storage system. The 

Fig. 4. Cost reduction rates (CRRs) of load prediction-based control of energy storage systems in 6 buildings. The boxes consist of the top ten accurate load prediction 
models under different prediction accuracy metrics including the MAPE, CV-MAE, CV-RMSE, and the proposed DWE. The ideal scenario is the distribution of the 
actual top ten cost reduction rates.
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physical attributes of different types of energy storage systems are 
different, whereas they can be enriched by the domain knowledge under 
the proposed framework of DWE.

The DWE can also be applied for different control incentives, such as 
load regulation, TOU tariff, and TOU carbon. This is because day-ahead 
prediction of control incentive is an input of DWE weight calculation, 
regardless of the type of control incentive. The type of control incentive 
determines the objective for control-oriented selection of load predic
tion models, which informs the DWE to track the control performance 
index.

The proposed DWE is efficient for real-time control applications. For 
the computation efficiency, a template case is provided on the website of 
DWE calculation. It takes less than one second to finish the hourly DWE 
calculation one week ahead. The effectiveness of DWE was validated by 
the control performances of multiple cases of ITES control under TOU 
tariff in this paper. Based on the types of energy storage systems and 
control incentives, the DWE can be determined to enhance the whole 
process of prediction-based control, and making control strategies 
effectively and efficiently.

The DWE is proposed for dynamic selections of load prediction 
models for the whole process of prediction-based control. The selected 
load prediction model using DWE is validated to be more adaptive to 
control optimization models to generate more suitable control strategies 
for enhanced control performance. With the developed web tool, the 
performance of the proposed dynamic accuracy weighting method is 
promising to be validated in real-world applications of energy storage 
system controls of various system types and control incentives.

4.2. Limitations and future works

In this study, the proposed prediction accuracy metric DWE was 
validated as scalable for the selection of cooling load prediction models 
for prediction-based ITES control. In comparison to the MAPE, CV-MAE, 
and CV-RMSE, the DWE can further improve the application perfor
mance of the AI-based cooling load prediction model. This study was a 
novel attempt to enhance the whole-process performance of AI with 
HVAC domain knowledge for load prediction-based control of energy 
storage systems. Still, a few limitations exist that are discussed as 

follows.
This study focuses on a dynamic accuracy weighting method for 

prediction accuracy metrics to select load prediction models for better 
control performance of energy storage systems. This contribution facil
itates the engineering application of prediction-based control. More 
fundamentally, new machine learning algorithm or modeling architec
ture can be proposed based on the proposed DWE. Future studies may 
investigate the performance of machine learning models using the DWE 
as a loss function for, or develop new structures of neural networks 
based on the DWE to enhance the performance of load prediction models 
fundamentally.

The scalability of the proposed DWE was tested as shown in Figs. A2 
and A3. In certain situations, improvements in the proposed DWE 
require further validation. The proposed DWE will be deployed in 
building #1 to test its real-world performance. An on-site comparison 
between DWE and CV-RMSE will be conducted on the ITES system for 
the cost reduction. The robustness of DWE under input noise and fore
cast error may be analyzed in this on-site implementation and simula
tions of other ITES systems. For specific cases, deeper analyses of the 
structure of the TOU tariff and the mechanism of the prediction-based 
control process can be conducted to fine-tune the proposed DWE. The 
proposed metric should also be validated and applied in more cases that 
differ in building type, climate location, ITES system, and TOU tariff.

Furthermore, the proposed prediction accuracy metric is validated 
for the cooling load prediction models in prediction-based ITES control. 
In other energy storage systems with similar energy storage and release 
rates of ITES systems, such as thermal energy storage with water tanks 
[67] and electric energy storage with batteries [68], the proposed DWE 
is also possibly applicable but not validated in this study. For borehole, 
pit, and aquifer energy storage systems with low energy storage and 
release rates, the DWE may be not applicable. Future studies may vali
date the performance of the proposed DWE in wider types of energy 
storage systems. Also, for hourly or sub-hourly decision-makings, such 
as the optimal control of operating chiller combinations, the proposed 
DWE is not applicable either. In hourly or sub-hourly decision-makings, 
the prediction uncertainty is the main obstacle to the control perfor
mance. Future studies may investigate the influence of prediction un
certainty on the control performance of energy storage systems 

Fig. 5. Application and perspectives of the proposed dynamic accuracy weighting method. Based on the proposed method, dynamically weighted errors (DWEs) can 
be generated for various energy storage systems under various control incentives. By linking the whole process of load prediction and control optimization, the DWEs 
can further enhance the control performance of energy storage systems.
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requiring hourly or sub-hourly decision-makings. Based on the under
standing of prediction uncertainty, novel application-oriented predic
tion accuracy metrics may be proposed based on the confidence interval 
of prediction uncertainty to further enhance the prediction-based con
trol performances of more energy storage systems.

Additionally, under different incentives such as the peak charge of 
electricity and carbon emission factors, application-oriented prediction 
accuracy metrics may differ. This study proposed a concept of dynamic 
accuracy weighting for prediction accuracy metrics under a financial 
control performance metric of electricity cost. For other control per
formance metrics such as carbon emissions [69], occupant comfort [70], 
equipment lifespan [71], and the combinations of different control 
performance metrics, the dynamic accuracy weighting method of pre
diction accuracy metrics need further investigations. An automatic 
optimization approach for the weights of prediction accuracy metrics 
can be proposed for various control performance metrics. Proposing an 
approach for the selection of AI-based prediction models for down
stream control applications may be also possible. A possible method is to 
formulate the model selection problem into an optimization problem 
under uncertainties. Optimization solvers can be used to obtain a proper 
prediction accuracy metric dynamically under certain boundary condi
tions. The advanced machine learning approaches, such as ensemble 
learning and reinforcement learning, are also possible to select load 
prediction models for prediction-based controls, which needs further 
investigations. The selection approach of control-oriented load predic
tion model is also promising to enhance AI-based prediction models 
during the entire prediction-based control process.

From the perspective of physics-informed learning, the use of 
application-oriented prediction accuracy metrics to train AI-based pre
diction models is another research topic. This is a concept of physics- 
informed learning that adds physical constraints to the loss functions 
of AI models. Application-oriented prediction accuracy metrics can be 
used as loss functions to directly train an AI model. As a loss function for 
AI training, simplicity can be a key consideration for the computational 
efficiency and convergence of AI training; i.e., this type of prediction 
accuracy metric should be simple and efficient, and requires a deeper 
understanding of the prediction-based control process with domain 
knowledge. Based on the progress on load prediction models using 
transformer [34] and ensemble learning [40] technologies, the modifi
cation of loss function may further improve the application-oriented 
model performances. Future investigations can be conducted on the 
reasons for the gap between the prediction accuracy and control per
formance metrics. With HAVC domain knowledge, proposing 
application-oriented loss functions for the training of AI-based predic
tion models is promising for further enhancing the whole-process per
formance of AI models.

5. Conclusions

This study highlights a critical issue with the existing prediction 
accuracy metrics, such as mean absolute percentage error, coefficient of 
variation of mean absolute error, and coefficient of variation of root 
mean squared error, used to evaluate the performance of artificial 
intelligence-based load prediction models for energy storage system 

control. It was found that models with higher load prediction accuracy 
did not consistently lead to greater cost savings in the operation of these 
systems. This discrepancy between prediction accuracy and control 
performance arises from the varying impact of predictions on control 
performance at different times due to the dynamic inhomogeneous of 
energy storage capacity and Time-of-Use pricing on the time scale. 
However, the existing accuracy metrics used to evaluate prediction 
models are based on equally weighted average values over the training 
period, which may not adequately address the dynamic inhomogeneity. 
This study addresses the discrepancy by introducing a dynamic accuracy 
weighting method and a novel prediction accuracy metric, dynamically 
weighted error. This new metric evaluates model performance by 
incorporating control performance considerations in practical applica
tions. In comparison to traditional prediction accuracy metrics such as 
mean absolute percentage error, coefficient of variation of mean abso
lute error, and coefficient of variation of root mean squared error, the 
proposed dynamically weighted error improved cost reduction rates of 
up to 6.5 % in six building cases with energy storage systems. A web tool 
was developed for researcher and engineers to easily calculate the 
dynamically weighted error. This study provided a novel paradigm of 
using domain knowledge-informed artificial intelligence models to 
enhance the whole-process control performance of energy storage 
system.
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Appendix A. Scalability analysis of the proposed dynamically weighted error

Fig. A1. Correlation between prediction accuracy and cost reduction rates under benchmark and proposed prediction accuracy metrics. The validation is conducted 
in six building cases with energy storage systems using 180 load prediction models. S. Corr. denotes the Spearman correlation coefficient between prediction ac
curacy and cost reduction rate. Higher absolute value of a negative Spearman correlation coefficient indicates a better prediction accuracy metric.
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Fig. A2. Approach cost reductions (ACRs) to ideal scenario under 10 energy storage capacities. The ACR of 100 % denotes the ideal scenario where the maximal cost 
reduction rate is realized when load prediction is completely deterministic. The energy storage capacity is a relative value to the maximal daily total energy load of a 
building energy storage system.
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Fig. A3. Approach cost reductions (ACRs) to ideal scenario under 18 Time-of-Use (TOU) tariffs. The ACR of 100 % denotes the ideal scenario where the maximal cost 
reduction rate is realized when load prediction is completely deterministic.
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Appendix B. An example of calculating the weights of dynamically weighted error

Fig. A4 shows an example of calculating the weights of DWE. ws is a Boolean variable with 24 dimensions that represent the key hours of a day for 
load prediction-based energy storage system control. It is determined according to the combined influence of the TOU tariff, energy storage capacity, 
and load prediction of the day. For example, the hours with the lowest electricity price have less importance of accurate cooling load prediction, 
because the control strategy during this time is usually energy storage regardless of load prediction. Thus, the ws is obtained by sorting the electricity 
price and accumulating the energy loads at high electricity prices until the maximal energy storage capacity is reached. wt is a variable that decreases 
from the start to the end of the day and describes the temporal characteristics of the load prediction-based energy storage system control. In other 
words, the hours after are less important than the hours before on a given day. w is the Hadamard product of ws and wt, reflecting their combined 
effects, which is the DWE weight.

Fig. A4. An intuitive example of calculating the weights of the proposed dynamically weighted error (DWE). Step 1: Receive the hourly electricity prices ahead of a 
day. Step 2: Sort the electricity prices in a descending order to get a sorted series of hour indices. Step 3: Accumulate the hourly energy loads in the order of the sorted 
hour indices until the accumulated load is just higher than the energy storage capacity. Step 4: Set value 1 at the hours of accumulated energy loads, and set value 0 at 
other hours of a day, to obtain the system-relevant weight (ws). Step 5: Set values at hours based on Eq. (3) to obtain the temporal-relevant weight (wt). Step 6: 
Calculate the Hadamard product between ws and wt to obtain the integrated weight (w) of the proposed DWE.

Appendix C. Load prediction models

The load prediction models were identical to those in [44], with 180 models. The models predicted the building cooling load for the next 24 hours 
using input features, including weather forecasts of dry bulb temperature, relative humidity, solar radiation, weekdays, holidays, hours, and the 
historical cooling load at the previous 24th hour. The cooling load prediction models were trained using historical data from the past 30 days using the 
sliding window method from [72]. The algorithms of the cooling load prediction models include the elastic net (EN), support vector machine (SVM), 
multilayer perceptron (MLP), random forest (RF), extreme gradient boosting (XGB), and light gradient boosting (LGB). For each algorithm, 30 
hyperparameter combinations were selected. The selected models were validated in [44] to cover a reliable range to mitigate the influence of the 
differences among prediction algorithms on the effectiveness evaluation of prediction accuracy metrics. The algorithms and hyperparameters are 
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listed in Table A1.

Table A1 
Hyperparameters of load prediction models in this study.

Algorithm Hyperparameters

EN alpha=[0, 0.2, 0.5, 1, 2, 5] 
l1_ratio=[0, 0.2, 0.4, 0.6, 0.8, 1]

SVM C=[100, 200, 500, 1000] 
epsilon=[0.1, 0.5, 1, 5, 10] 
tol=[0.001, 0.0001]

MLP num_of_layers=[1, 2, 3, 4, 5, 6] 
neurons_per_layer=[10, 20, 50, 100, 150, 200]

RF max_depth=[6, 10, 15] 
n_estimators=[50, 100, 200] 
min_samples_split=[5, 20, 50] 
min_samples_leaf=[2, 5, 10]

XGB max_depth=[3, 5, 7] 
min_child_weight=[0.01, 0.1, 1, 10] 
reg_alpha=[0, 0.01, 1, 10] 
reg_lambda=[0, 0.01, 1, 10] 
learning_rate=[0.01, 0.1, 0.2] 
objective=[‘tweedie’, ‘squarederror’]

LGB max_depth=[-1, 3, 6] 
n_estimators=[50, 100, 500] 
min_child_weight=[0.001, 0.1, 10] 
reg_alpha=[0, 1, 10] 
reg_lambda=[0, 1, 10] 
learning_rate=[0.01, 0.1, 0.2]

Appendix D. Case buildings with energy storage systems

This study used six real building cases from different types and locations to validate the scalability of the proposed prediction accuracy metrics, as 
listed in Table A2. The buildings were office buildings, commercial buildings, hotels, or combinations of them. The building cases were from different 
locations with different climates from across China. The cooling loads of the six buildings were measured, as shown in Fig. A5. The data were measured 
hourly, with lengths from three months to a year. The cooling load patterns of the six buildings were significantly different, providing various sit
uations for validating the scalability of the proposed prediction accuracy metric. The corresponding weather [73] and holiday data [74] for the cooling 
load prediction were collected from web databases, according to the locations of the cases [75].

The energy storage systems were derived from the ITES system described in [76], which was a real ITES system for building #1. It consisted of a 
normal chiller, three duplex chillers, an ice storage tank, four chilled water pumps, four cooling water pumps, three ethylene glycol pumps, and five 
cooling towers. The ITES system model was calibrated and validate using measured data. The simulation error of daily total electricity consumption of 
the ITES system was 4.7 % in CV-MAE. The ice storage tank capacities for the six cases were set to 70 % of the maximum daily total cooling load of the 
buildings. The capacities of the other devices were set according to an automatic sizing approach [77]. The TOU tariff for the six cases is TOU #1 in 
Fig. A6 in Appendix F, which is the actual TOU tariff for building #1. The prediction accuracy and control performance of the cooling load 
prediction-based ITES control were analyzed in six cases via simulation.

Table A2 
Building information.

Type Location Cooling area (m2)

Building #1 A complex (a commercial building and an office building) Beijing, China 141,000
Building #2 A complex (a commercial building, two office buildings, and a hotel) Guangzhou, China 358,000
Building #3 An office building Hong Kong, China 143,000
Building #4 Two office buildings Hong Kong, China 36,000
Building #5 An office building Zhuhai, China 4,400
Building #6 An office building Shenzhen, China 210,000
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Fig. A5. Cooling loads of case buildings in this study. Six case buildings in different locations from three types were investigated for the scalability of the results.
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Appendix E. Control strategies

In this study, the control strategies of the ITES system were used to determine the control actions for ice storage, ice release, and cooling by the 
chiller over the next 24 hours. The control strategies of the fixed schedule and prediction-based control were consistent with those in [44].

The fixed schedule used a fixed control strategy for each day, which was a benchmark control strategy for calculating the cost reduction rate 
described as follows. 

(1) Ice storage during 23:00‒7:00.
(2) Ice release during 10:00‒15:00, 16:00‒17:00, and 18:00‒22:00.
(3) Use of chillers for cooling during the other hours of the day.

The prediction-based control used the predicted cooling load to determine the control action, following a rule with four steps described as follows. 

(1) Ice storage occurred when the electricity price for an hour was less than 1/3 of the maximal electricity price. The total amount of stored ice was 
calculated.

(2) Calculation of the electricity cost per cooling load of the other hours.
(3) Arrangement of the hours of ice release according to the descending order of electricity cost per cooling load per hour until all stored ice was 

arranged.
(4) Use of chillers for cooling during the other un-arranged hours.

Appendix F. Time-of-Use tariffs

In this study, 18 TOU tariffs were used to validate the scalability of the proposed prediction accuracy metric, as shown in Fig. A6. TOU #1 is the real 
TOU tariff for building #1. Other TOU tariffs are derived from TOU #1 by adjusting the peak ratio, changing the temporal structures, or adding 
Gaussian noise [78]. For TOU #1‒#9, the TOU tariffs in each row have the same peak ratio (ratio of maximal to minimal prices). The TOU tariffs in 
each column have the same temporal structure (i.e., hours of electricity price level). From the first to the third row, the peak ratios are 12, 8, and 4, 
respectively. With the super-peak price fixed, the off-peak, partial-peak, and peak prices are scaled using a linear approach to guarantee the peak 
ratios. From the left to right columns, the off-peak/partial-peak/peak/super-peak hours are 8/7/6/3, 10/9/4/1, and 6/7/6/5, respectively. TOU 
#10‒#18 were generated by adding Gaussian noise hourly to TOU #1‒#3, respectively, using the corresponding columns. From the fourth row to the 
bottom row, the squared standard deviations of the Gaussian noise are 0.01, 0.02, and 0.05, respectively. The 18 TOU tariffs were used to test the 
scalability of the proposed prediction accuracy metric under different fixed and dynamic structures of TOU tariffs. 
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Fig. A6. Time-of-Use tariffs investigated in this study. The 18 types of Time-of-Use tariffs covered wide ranges of peak ratios and temporal structures, which 
supported comprehensive validations of the scalability of the proposed DWE metric.

Appendix G. A web tool for dynamically weighted error calculation

The proposed method in this study of generating the DWE was published on a website, https://dwe.dest.net.cn/, for feasible applications in 
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research and engineering projects. It is an expansion to the DeST tool box (https://app.dest.net.cn/) [79]. The interface of DWE web tool is shown in 
Fig. A7. The users can get a suitable DWE for specific cases of load prediction-based energy storage system control via this tool. The inputs include 
number of samples per day (e.g. 24 hours), energy storage capacity (e.g. 76,000 kWh), and a time series file consisting of TOU tariff and predicted 
loads. The explanations of the inputs can be found on the website. The users can also download the input file template on the website. After uploading 
the required information in “Settings”, the users can move to “Result view” to start calculation and view the results of DWE. If the user is expected to 
directly get a selected load prediction model, the measured loads should be uploaded. After calculation, the measured and predicted loads of the 
selected model will be shown on the “Result view”. The computation time of the web tool is tested to be within a second for time series with 24 hours of 
a day. For further integrations of the DWE calculator with specific engineering projects, the users can contact the authors for an access to an 
application program interface of DWE via the Internet. The DWE calculator provides a user-friendly tool for researcher and engineers to easily improve 
the prediction-based control performance of energy storage systems by selecting application-oriented load prediction models.

Fig. A7. An open access web tool for the calculation of dynamically weighted error (DWE). The calculator provides detailed instructions and templates for users 
to implement.
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Appendix H. Summary of the existing prediction accuracy metrics

Table A3 
Existing prediction accuracy metrics.

Metrics Abbreviation Definition

Mean absolute error MAE MAE =
1
n
∑n

i=1
|yi − ŷi|

Mean bias error MBE MBE =
1
n
∑n

i=1

(
yi − ŷi

)

Mean squared error MSE MSE =
1
n
∑n

i=1

(
yi − ŷi

)2

Root mean squared error RMSE RMSE =
̅̅̅̅̅̅̅̅̅̅
MSE

√

Mean absolute percentage error MAPE
MAPE =

1
n
∑n

i=1
|
yi − ŷi

yi
|

Coefficient of variation of MAE CV-MAE CV − MAE =
MAE

y
Coefficient of variation of RMSE CV-RMSE CV − RMSE =

RMSE
y

R squared R2

R2 = 1 −

1
n
∑n

i=1
(
yi − ŷi

)2

1
n
∑n

i=1
(
yi − y

)2

*yi and ŷi are measured and predicted loads; ȳ is the average of measured loads; n is the number of load 
samples.

Data availability

Data will be made available on request.
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