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Abstract: Photovoltaic (PV) power prediction plays a significant role in supporting the stable opera-
tion and resource scheduling of integrated energy systems. However, the randomness and volatility
of photovoltaic power generation will greatly affect the prediction accuracy. Focusing on this issue,
a prediction framework is proposed in this research by developing an improved sparrow search
algorithm (ISSA) to optimize the hyperparameters of long short-term memory (LSTM) neural net-
works. The ISSA is specially designed from the following three aspects to support a powerful
search performance. Firstly, the initial population variety is enriched by using an enhanced sine
chaotic mapping. Secondly, the relative position of neighboring producers is introduced to im-
prove the producer position-updating strategy to enhance the global search capabilities. Then the
Cauchy–Gaussian variation is utilized to help avoid the local optimal solution. Numerical experi-
ments on 20 test functions indicate that ISSA could identify the optimal solution with better precision
compared to SSA and PSO algorithms. Furthermore, a comparative study of PV power prediction
methods is provided. The ISSA-LSTM algorithm developed in this paper and five benchmark models
are implemented on a real dataset gathered from the Alice Springs area in Australia. In contrast to
the SSA-LSTM model, most MAE, MAPE, and RMSE values of the proposed model are reduced by
20∼60%, demonstrating the superiority of the proposed model under various weather conditions
and typical seasons.

Keywords: PV power prediction; LSTM; improved sparrow search optimization algorithm

1. Introduction

Due to the growing scarcity of conventional energy sources and the deterioration of
the worldwide environment, renewable energy sources are becoming increasingly impor-
tant [1]. The International Renewable Energy Agency (IRENA) estimates that Photovoltaic
(PV) will account for 25% of worldwide electricity, and PV will lead the way in the trans-
formation of the global power industry [2]. The grid integration process of PV is prone
to various problems such as over–under-voltage, reverse current, and frequency fluctua-
tions [3]. Therefore, it is crucial to make accurate predictions of PV output power for the
power industry.

The primary PV power forecast models include physical models, statistical models,
and artificial intelligence (AI) models [4]. Physical models typically use intricate model-
ing techniques and depend on a wide range of environmental parameters [5]. Statistical
models are also developed such as exponential smoothing, autoregressive moving aver-
age (ARMA) [6], and autoregressive-integrated moving average (ARIMA) [7], which are
not suitable for predicting nonlinear data. Compared with statistical models, AI models
have an increased capacity for self-learning and can optimize model parameters and im-
prove prediction accuracy; thus, they are widely used in short-term PV power prediction.
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In past decades, some early AI techniques have been introduced, including support vector
machines (SVMs) [8], multilayer perceptron neural networks (MLPNNs) [9], and so on.

Recently, recurrent neural networks (RNNs) have been widely used to solve time
series prediction problems. RNN gradient disappearance problems can be solved by the
variant long short-term memory (LSTM) [10], which can also be used in photovoltaic power
prediction. The prediction accuracy depends on the network structure, the hyperparameters
of LSTM, and the input data. As an example of structural optimization for LSTM, the
Bi-LSTM neural network was combined with the generative adversarial network in [11].
Data preprocessing is also an effective way to improve the model’s accuracy. For instance,
the clearness index was introduced into row data [12], and the wavelet transform was
applied to a multi-layered LSTM PV prediction model in [13]. Compared with the studies
mentioned above, less concentration is on the optimization of the hyperparameters, which
are usually selected based on manual adjustment or experience. This severely restricts the
optimal accuracy of the model [14].

Recently, some swarm intelligence algorithms have gained popularity as effective
search tools for hyperparameter optimization, including marine predators [15], firefly
colonies [16], and bird flocks, due to their characteristics of self-organization, parallel
operation, flexibility, and robustness [17]. For example, the traditional particle swarm
algorithm (PSO) is used to adjust the parameters of BPNN for PV power prediction [18].
In [19], the artificial bee colony (ABC) algorithm was used to optimize the SVM model
to predict the load. However, traditional intelligence algorithms exhibit some inherent
shortcomings, such as the well-known tendency of PSO to become trapped in local optima
and the slow convergence rate of the ABC algorithm [20].

The sparrow search algorithm (SSA) represents a novel swarm intelligence optimiza-
tion algorithm introduced in [21]. Its benefits include fewer parameters to be regulated and
better performance of optimization search. This promotes its wide application in many
scenarios, such as 3D route planning for unmanned aerial vehicles [22], economic opti-
mization of microgrid clusters [23], and threshold segmentation for image processing [24].
However, the accuracy of its optimization search is still constrained by the SSA’s reliance
on the initial population, the ease of being trapped in local optimal value, and other flaws.

In this research, an improved sparrow search algorithm (ISSA) incorporates enhance-
ments in initial population diversity, the new producer position updating strategy, and the
use of the Cauchy–Gaussian variation strategy to pursue a better global searching perfor-
mance compared to [21]. Based on ISSA, the hyperparameters of the LSTM neural network
are optimized. It is shown that this method of fusing ISSA and LSTM could effectively
overcome the blindness and uncertain circumstances of the parameters, obtaining ideal
weights and bias of LSTM. This guarantees a higher prediction accuracy of PV power gen-
eration compared with other common models. Simulations demonstrate that the suggested
model is accurate, dependable, and capable of generalization.

The remainder of this paper is as follows. Section 2 presents the improved sparrow
search algorithm, including three major designs and the test comparisons with SSA and
other searching tools. In Section 3, we systemically introduce the overall framework of
ISSA-LSTM and show the coupled relationship between ISSA and LSTM during the training
process. In Section 4, an actual dataset test is presented to illustrate the efficacy of the
suggested ISSA-LSTM precision method. The work is finally concluded in Section 5.

2. Improved Sparrow Search Algorithm

The SSA processes the benefits of fast convergence and greater optimization search ef-
ficiency. To enhance the performance of PV power prediction, the sparrow search algorithm
is further improved and applied to search the hyperparameters of LSTM.

In this section, we will briefly introduce the standard sparrow search algorithm.
The standard SSA separates the population into producers and followers according

to each sparrow’s fitness, and the two identities can alternate during each iteration [21].
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Throughout the foraging process, if any sparrow individual detects the presence of a
predator, it will quickly alert and move.

The producers represent 10∼20% of the total size, and their updating rules for the
t + 1th iteration are categorized into two types: extensive search in a safe environment
and random movement in a hazardous environment. R2 represents the warning value, ST
denotes the safety threshold. Apply the first line when the warning value is less than the
threshold; otherwise, apply the second line. The formula is as follows:

Pt+1
i,j =

{
Pt

i,j · exp
(
− i

α·tmax

)
i f R2 < ST

Pt
i,j + Q · L i f R2 ≥ ST

(1)

where tmax indicates the maximum iterations; α ∈ (0, 1); Pi,j indicates the producer position
of the ith individual in the jth dimension; Q satisfies the normal distribution; L is a 1× d
matrix with a full element of 1.

The remaining sparrow individuals are all followers, and the updated rule for the
t + 1th iteration is divided into two types: individuals with poor fitness value fly elsewhere
to forage, and others forage around the location of the optimal producers:

Ft+1
i,j =

 Q · exp
(

Xworst−Ft
i,j

i2

)
i f i > n/2

Xt+1
best +

∣∣∣Ft
i,j − Xt+1

best

∣∣∣ · A+ · L otherwise
(2)

where Fi,j denotes the follower position information; Xbest is the optimal position; Xworst is
the current position with the worst global fitness; A is a 1× d matrix with each element
randomly taken as plus or minus one, and A+ = AT(AAT)−1.

Assuming that sparrow individuals with anti-surveillance mechanisms represent
10∼20% of the total population, whose positions are randomly generated, there are two
different moving rules for each iteration. The formula is described as follows:

St+1
i,j =


Xt

best + β ·
∣∣∣St

i,j − Xt
best

∣∣∣ i f fi > fg

St
i,j + K ·

(
St

i,j−Xt
worst

( fi− fw)+ε

)
i f fi = fg

(3)

where Si,j denotes the sentry position information; fi, fg, and fw are the current sparrow
individual, global best, and worst fitness values, respectively. β is the step control parameter,
which obeys the N(0,1) distribution; the smallest constant ε should be added to avoid being
zero; and K is the sparrow’s moving direction.

However, the standard SSA is prone to local optimum and slow convergence. The
above problems can be solved by utilizing the enhanced sine chaotic mapping method for
the initial generation of sparrow populations, introducing the ABC algorithm to update the
positions of the producers, and performing mutation optimization search in the later stages
of iteration.

2.1. Improved Sine Chaotic Mapping Initial Population

The principle of chaotic mapping is to use chaotic mapping rules to map the opti-
mization variables to the interval value spaces of chaotic variables, which can produce
higher-quality results than pseudo-random numbers. Logistic mapping and sine mapping
are both commonly used chaotic mapping methods, while in [25], it proves that sine chaos
exhibits more obvious chaotic properties compared to logistic chaos. Sine chaotic mapping
has a simple structure and high efficiency, but the uneven probability density distribution
is a drawback. Since the improved sine chaotic mapping has better space traversal, richer
population diversity, and a more uniform distribution in the phase plane, it is chosen
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to produce a better initial population for the SSA. The improved sine chaotic formula is
as follows: 

ai+1 = sin(kπai)
bi+1 = sin(kπbi)
yi+1 = {ai+1 + bi+1}

(4)

where the initial values of ai and bi take the range of (0,1); k denotes the control parameter;
yi+1 is the iterative chaotic sequence value; where {ai+1 + bi+1} denotes the fractional
part of ai+1 + bi+1. The distribution of the chaotic system is more uniform when a control
parameter is a real number larger than 1000, so it is set to 1200.

Figure 1 demonstrates the stochasticity and traversal of the improved sin chaotic
mapping, where Figure 1a,b are different chaotic sequences generated with the same
number of iterations for different initial values, whereas from Figure 1c, it is clear that
the system traverses the entire solution interval once the number of iterations reaches a
particular value.

Figure 1. Schematic diagram of chaotic mapping: (a) a = 0.2, b = 0.4, (b) a = 0.6, b = 0.2, (c) a = 0.2,
b = 0.4.

2.2. Improvement of Producer Position Update Strategy

The SSA is characterized by strong local search capability but insufficient global search
capability. The producer position update rule of the standard SSA only makes use of its own
position’s information at the last moment and does not fully utilize the information carried
by other individuals. This leads to a reduction in the algorithm’s effective exploration area
and a reduction in its capacity to explore the global scope.

The artificial bee colony algorithm is a stochastic optimization algorithm with excellent
global search capability [26], whose leading bee search strategy involves generating a new
nectar source with reference to the positions of the other leading bees, extending the scope
of the global search and ensuring convergence.

Therefore, the ABC algorithm is introduced to propose an improved producer position
updating rule: when R2 is lower than the safety threshold ST, the producer sparrow refers
to the position of the other producer sparrows for foraging. Then, based on the greedy
selection method, check whether the new position’s fitness is better. If so, the new position
is retained; otherwise, the previous one is kept.

Pt+1
i =

{
Pt

i + ϕ
(

Pt
k − Pt

i
)

i f f t+1
i ≥ f t

i
Pt

i i f f t+1
i < f t

i
(5)

where ϕ is a uniform number in [−1, 1]; Pt
k represents a random producer individual

neighboring the current sparrow at the moment.
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The updating formula—when R2 is above the safety threshold ST—is consistent with
the standard algorithm:

Pt+1
i = Pt

i + Q · L (6)

2.3. Cauchy–Gaussian Variation Strategy

Quick assimilation of sparrow individuals causes local optimal stagnation to occur
frequently in the later stages of the standard SSA algorithm iteration. The Cauchy–Gaussian
mutation strategy [27] is used to solve the specific issue by choosing the optimal current
fitness for mutation, contrasting its pre- and post-mutation positions, and choosing the
superior position to be substituted into the following iteration:

Ut
best = Xt

best

[
1 + λ1cauchy

(
0, σ2

)
+ λ2Gauss

(
0, σ2

)]
(7)

σ =

{
1, f (Xbest) < f (Xi);
exp

(
f (Xbest)< f (Xi)
| f (Xbest)|

)
, otherwise

(8)

where Ut
best denotes the individual with the optimal current fitness after mutation;

λ1 = 1− t2/T2
max; and λ2 = t2/T2

max is a dynamic parameter that is adaptively adjusted
with the number of iterations.

2.4. Computational Complexity

The computational complexity (O) of the ISSA algorithm is mainly influenced by the
initialization process, fitness calculation, and updating process. The initialization in SSA is
O(N × D); N means the sparrow flock size and D means the problem dimension. In ISSA,
each sparrow individual needs to evaluate the objective function, so the complexity of
this process is O(M × N × D), where M stands for the iteration number. The complexity
of the update process is O(M × N × D). So the computational complexity of ISSA is
O(N × D × (2M + 1)).

2.5. Performance Analysis

To thoroughly assess the effectiveness and stability of the ISSA algorithm, a series of
benchmarking tests on function optimization were conducted using 20 test functions from
CEC2005 and CEC2019; Table 1 shows detailed information on test functions.

The parameter settings in the comparative experiment are as follows: the initial
population size of both the SSA and ISSA algorithms is 30. The cognitive component (C1),
social component (C2), and inertia weight of the PSO are set to 2.0, 2.0, and 0.4. A sensitivity
analysis was conducted to determine the optimal proportion of producers in Appendix A.
The comparative test results for the SSA, PSO, and ISSA algorithms on 20 test functions are
shown in Table 2.

The results include the average (Avg) value, standard deviation (Std) value, p-value,
and h-value. The last two indicators imply whether the ISSA algorithm is significantly
different from the other algorithms. Convergence curves of the ISSA, PSO, and SSA
algorithms for 8 of 20 test functions are shown in Figure 2.

The results presented in Table 2 indicate that with the exception of functions f11, f13,
f14, f17, SSA consistently exhibits lower or equivalent Avg and Std values compared to the
other algorithms. This suggests a superior and more stable performance by ISSA. ISSA also
greatly contributes to the rate of convergence even when final optimal results are the same,
as Figure 2 illustrates.
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Table 1. Test functions.

Function Function Expression Dimension Range Optimum Value

f1 f1(x) = ∑n
i=1 x2

i 10 [−100,100] 0

f2 f2(x) = maxi{|xi|, 1 ≤ i ≤ n} 10 [−100,100] 0

f3 f3(x) = ∑n−1
i=1

[
100

(
xi+1 − x2

i
)2

+ (xi − 1)2
]

10 [−30,30] 0

f4 f4(x) = ∑n
i=1 ([xi + 0.5])2 10 [−100,100] 0

f5 f5(x) = ∑n
i=1 ix4

i + random[0,1) 10 [−1.28,1.28] 0

f6 f6(x) = ∑n
i=1−xi sin

(√
|xi|

)
10 [−500,500] −4189.82

f7

f7(x) = π
n {10 sin2(πy1) + ∑n−1

i=1 (yi − 1)2[1 + 10 sin2(πyi+1)
]

+(yn − 1)2}+ ∑n
i=1 u(xi, 10, 100, 4)

yi = 1 + xi+1
4 , u(xi, a, k, m) =

{k(xi − a)m xi > a
0 −a < xi < a
k(−xi − a)m xi < −a

10 [−50,50] 0

f8
f8(x) = 0.1{sin2(3πx1) + ∑n−1

i=1 (xi − 1)2[1 + sin2(3πxi+1)
]

+(xn − 1)2[1 + sin2(2πxn)
]
}+ ∑n

i=1 u(xi, 5, 100, 4)
10 [−50,50] 0

f9 f9(x) =
(

1
500 + ∑25

j=1
1

j+∑2
i=1 (xi−aij)

6

)−1
2 [−65,65] 1

f10 f10(x) = ∑11
i=1

[
ai −

x1(b2
i +bi x2)

b2
i +bi x3+x4

]2
4 [−5,5] 0.0003

f11
f11(x) =

[
1 + (x1 + x2 + 1)2(19− 14x1 + 3x2

1 − 14x2 + 6x1x2 + 3x2
2
)]

×
[
30 + (2x1 − 3x2)

2(18− 32x1 + 12x2
1 + 48x2 − 36x1x2 + 27x2

2
)] 2 [−2,2] 3

f12 f12(x) = −∑4
i=1 ci exp

(
−∑3

j=1 aij

(
xj − pij

)2
)

3 [1,3] −3.86

f13 f13(x) = −∑4
i=1 ci exp

(
−∑6

j=1 aij

(
xj − pij

)2
)

6 [0,1] −3.32

f14 f14(x) = −∑5
i=1 [(x− ai)(x− ai)

T + ci]
−1 4 [0,10] −10.1532

f15

f15(x) = 12.7120622568 + ∑n−1
i=1 ∑n

j=i+1

(
1

d2
ij
− 2

d2
ij

)
dij =

(
∑2

k=0

(
x3i+k−2 − x3j+k−2

)2
)3

, n = D
3

18 [−4,4] 1

f16 f16(x) = ∑D
i=1

(
x2

i − 10 cos(2πxi) + 10
)

10 [−100,100] 1

f17 f17(x) = ∑D
i=1

x2
i

4000 −∏D
i=1 cos

(
xi√

i

)
+ 1 10 [−100,100] 1

f18
f18(x) = ∑D

i=1

(
∑kmax

k=0

[
ak cos

(
2πbk(xi + 0.5)

)])
−D ∑kmax

k=0 ak cos(πb)k
10 [−100,100] 1

f19

f19 = g(x1, x2) + g(x2, x3) + · · ·+ g(xD−1, xD) + g(xD, x1)

g(x, y) = 0.5 +
sin2

(√
x2+y2

)
−0.5

(1+0.001(x2+y2))2

10 [−100,100] 1

f20 f20 = −20exp
(

0.2
√

1
D ∑D

i=1 x2
i

)
− exp

(
1
D ∑D

i=1 cos(2πxi)
)
+ 20 + e 10 [−100,100] 1
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Table 2. Results on 20 test functions.

Function ISSA SSA PSO Function ISSA SSA PSO

f1

Avg 1.24 × 10−156 4.20 × 10−70 2.22 ×10−11

f2

Avg 1.56 × 10−73 2.16 ×10−32 3.06 ×10−3

Std 2.32 ×10−157 7.90 ×10−71 2.50 ×10−11 Std 8.46 × 10−73 8.99 × 10−30 4.40 × 10−3

p-val - 5.75 × 10−11 1.21 × 10−12 p-val - 4.57 × 10−12 1.21 × 10−12

h-val - 1 1 h-val - 1 1

f3

Avg 2.14 × 10−8 2.64 × 10−6 1.17 × 101

f4

Avg 1.04 × 10−30 3.18 × 10−22 4.18 × 10−11

Std 1.17 × 10−7 5.30 × 10−6 3.71 × 101 Std 2.56 × 10−30 5.29 × 10−22 1.21 × 10−10

p-val - 3.82 × 10−10 3.02 × 10−11 p-val - 1.66 × 10−8 1.21 × 10−12

h-val - 1 1 h-val - 1 1

f5

Avg 1.66 × 10−3 1.94 × 10−2 3.73 × 10−3

f6

Avg −4.19 × 103 −1.26 × 104 −1.26 × 104

Std 1.48 × 10−3 1.06 × 10−2 2.37 × 10−3 Std 1.72 × 10−12 2.78 × 102 2.20 × 102

p-val - 1.89 × 10−3 4.98 × 10−11 p-val - 5.17 × 10−12 5.18 × 10−12

h-val - 1 1 h-val - 1 1

f7

Avg 4.76 × 10−32 7.00 × 10−30 6.71 × 10−13

f8

Avg 7.27 × 10−30 1.16 × 10−29 7.53 × 10−12

Std 8.44 × 10−34 3.24 × 10−29 3.96 × 10−13 Std 3.97 × 10−29 4.21 × 10−29 1.69 × 10−11

p-val - 1.62 × 10−9 1.61 × 10−11 p-val - 4.38 × 10−9 5.22 × 10−12

h-val - 1 1 h-val - 1 1

f9

Avg 9.9 × 10−1 5.99 × 100 9.9 × 10−1

f10

Avg 3.07 × 10−3 3.07 × 10−3 3.06 × 10−3

Std 1.82 × 10−16 5.70 × 100 5.83 × 10−17 Std 1.33 × 10−10 7.93 × 10−11 6.90 × 10−3

p-val - 3.68 × 10−1 5.14 × 10−6 p-val - 9.62 × 10−2 4.49 × 10−11

h-val - 0 1 h-val - 0 1

f11

Avg 3.90 × 100 3.00 × 100 3.00 × 100

f12

Avg −3.86 × 100 −3.86 × 100 −3.86 × 100

Std 4.93 × 100 1.62 × 10−15 1.55 × 10−15 Std 2.27 × 10−15 2.66 × 10−15 2.51 × 10−15

p-val - 9.8 × 10−2 4.01 × 10−1 p-val - 9.62 × 10−3 2.14 × 10−8

h-val - 0 0 h-val - 1 1

f13

Avg −3.32 × 100 −3.29 × 100 −3.25 × 100

f14

Avg −1.01 × 101 −9.64 × 100 −5.72 × 100

Std 1.64 × 10−15 5.34 × 10−2 6.65 × 10−2 Std 5.22 × 10−15 1.56 × 100 3.32 × 100

p-val - 3.4 × 10−1 4.3 × 10−2 p-val - 4.59 × 10−1 9.31 × 10−7

h-val - 0 1 h-val - 0 1

f15

Avg 1.38 × 100 3.30 × 100 6.25 × 100

f16

Avg 2.09 × 101 5.05 × 101 3.12 × 101

Std 7.22 × 10−5 6.31 × 10−3 8.21 × 10−4 Std 4.23 × 100 1.11 × 101 6.03 × 101

p-val - 3.02 × 10−11 2.52 × 10−10 p-val - 4.26 × 10−12 4.22 × 10−7

h-val - 1 1 h-val - 1 1

f17

Avg 1.22 × 100 1.49 × 100 1.20 × 100

f18

Avg 3.88 × 102 6.13 × 102 1.02 × 103

Std 2.11 × 10−1 2.42 × 10−1 1.31 × 10−1 Std 2.65 × 102 2.98 × 102 4.32 × 102

p-val - 9.6 × 10−2 2.1 × 10−1 p-val - 2.3 × 10−2 1.21 × 10−12

h-val - 0 0 h-val - 1 1

f19

Avg 3.04 × 100 3.75 × 100 5.02 × 100

f20

Avg 2.09 × 101 2.10 × 101 2.13 × 101

Std 3.03 × 10−1 6.75 × 10−1 4.42 × 10−1 Std 5.24 × 10−2 6.45 × 10−2 1.86 × 10−1

p-val - 4.24 × 10−2 1.03 × 10−8 p-val - 7.38 × 10−1 1.83 × 10−4

h-val - 1 1 h-val - 0 1

(a) (b)

Figure 2. Cont.
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(c) (d)

(e) (f)

(g) (h)

Figure 2. Convergence curves of the ISSA, PSO, and SSA algorithm for 8 of 20 test functions. (a) f3;
(b) f7; (c) f8; (d) f10; (e) f16; (f) f18; (g) f19; (h) f20.

As a result, the ISSA algorithm can more precisely identify the function’s optimal
solution, supporting the subsequent search for the LSTM’s ideal parameters.

3. A Framework of ISSA-LSTM for PV Power Forecasting

The general structure of the PV power prediction in the present work is depicted in
Figure 3 below. The entire process is divided into two components: data pre-processing
and ISSA-LSTM algorithm.
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Figure 3. The overall framework of PV power prediction.

3.1. Data Processing

Data processing is designed to obtain high-quality datasets, which is the precondition
of an accurate prediction model. The datasets from various sources are merged to carry out
a series of operations, including missing value filling, outlier detection, feature selection,
and normalization.

The main sub-problems in data pre-processing are data filling, outlier detection, and
data normalization.

When there are more than 12 missing data values in a day (counted in 5 min in-
crements), the relevant information for that day will be deleted. For other individual
missing data values, the Lagrange interpolation method was applied. For abnormal data,
the isolated forest algorithm [28] was employed.

The inconsistency of the magnitude of each feature in the original dataset will affect
the model convergence. Therefore, normalization of the training dataset can improve the
training speed and accuracy. The normalization process can be described by Equation (9).

Pn =
P− Pmin

Pmax − Pmin
(9)

where P is the input sample matrix; Pn is the data matrix after normalization; and Pmax and
Pmin represent the maximum and minimum values in the historical input data.

It is necessary to perform the inverse normalization process to transform the training
results from the normalized data into the PV power value of the true magnitude in order
to make it easier to observe the prediction results after they have been made. The inverse
normalization formula is as follows:

T̂n = (Pmax − Pmin)Tn + Pmin (10)

where Tn is the normalized PV power prediction and T̂n is the PV power prediction under
true magnitude.
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3.2. ISSA-LSTM Algorithm

With the pre-processed datasets, an ISSA-LSTM algorithm is developed in this paper
to pursue better prediction performance.

LSTM is capable of addressing the difficulty of utilizing long temporal information
in RNN [29], and its classical structure is shown in Figure 4. LSTM introduces three gate
control units to add or remove information in the state memory units to achieve dynamic
updating of important long-term information.

The forgetting gate determines the retention level of the previous moment through
the current input, the intermediate output of the last moment, and the state memory unit
of the last moment. The input gate determines the current valid information filtering
through the joint action of the tanh function and σ. The output gate determines the
update of the intermediate output, and the memory update formula of LSTM is shown in
Equations (11)–(16), as follows:

ft = σ
(

W f [ht−1, xt] + b f

)
(11)

it = σ(Wi[ht−1, xt] + bi) (12)

C̃t = tan h(Wc[ht−1, xt] + bc) (13)

Ct = ft ∗ Ct−1 + it ∗ C̃t (14)

ot = σ(Wo[ht−1, xt] + bo) (15)

ht = ot ∗ tan h(Ct) (16)

where xt denotes the input; ht denotes the intermediate output; Ct denotes the state memory
unit; ft denotes the forgetting gate; it denotes the input gate; ot denotes the output gate;
and W and b denote the weight matrix and deviation matrix, respectively.

Figure 4. The network structure of LSTM.

To obtain good prediction accuracy, the LSTM-based prediction method has to choose
the proper parameters. Therefore, ISSA is chosen to optimize the LSTM’s hyperparameters.

The ISSA-LSTM power prediction flow chart is depicted in Figure 5, and the steps of
the algorithm are presented in Algorithm 1:
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Algorithm 1 ISSA-LSTM algorithm

Input: Initialize the population based on improved sine mapping and divide the producers and

followers according to the corresponding fitness:
{

P1
i,j

}
,
{

F1
i,j

}
,
{

S1
i,j

}
, t← 1

1: record Xbest, Xworst
2: repeat
3: t→ t + 1
4: Update Pt

i,j + 1 based on Equations (5) and (6)

5: Update Ft
i,j + 1 based on Equation (2)

6: Update St
i,j + 1 based on Equation (3)

7: recalculate fitness
8: while in the later stage of iteration do
9: use Equations (7) and (8) to assist the ISSA-LSTM algorithm in jumping out of local extremes

10: end while
11: until t reaches its preset value
Output: the final Xbest is the optimized hyperparameter

Figure 5. ISSA-LSTM method flow chart.

The ISSA-LSTM model, different from the traditional LSTM, adopts the ISSA to opti-
mize the hyperparameters of LSTM, including the learning rate, the number of iterations,
and the number of layer 1 and 2 neurons, which are usually selected by manual adjustment
or experience. On the other hand, the algorithm of ISSA searches its extremum with fitness
calculated according to the prediction output of LSTM. One may easily find that the search-
ing process of ISSA and the training process of LSTM are coupled deeply. They are bound
together to steer the hyperparameter optimization of LSTM and the training process.

It is worth noting that such an ISSA-LSTM framework improves the prediction per-
formance by virtue of the searching characteristics of ISSA. To some extent, the search
algorithm affects and even determines the prediction performance of ISSA-LSTM.
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4. Results Analysis
4.1. Data Sources

The research in the present work uses data from photovoltaic power stations [30] and
related meteorological data from 2019 to 2021 in Alice Springs, Australia, with a sampling
frequency of five minutes. The power station is situated at 23.76° S, 133.87° E, and has an
installed capacity of 26.5 KW. The data from 07:00 to 19:00 are intercepted because the PV
does not produce power at night. Of the 156,694 data points collected, the data from 2019 to
2020 are divided by 80% and 20% for training and validation, respectively. The test set is
made up of data from 2021’s typical seasonal and weather conditions. As illustrated in
Figure 6, the trend of PV power generation between 2019 and 2021 is essentially the same,
and the data are relatively uniform. The seasonality of PV power generation is very strong
since Australia is located in the southern hemisphere, the power generation from April to
September is lower than that from October to March of the next year.

Figure 6. The maximum power generation for each day from 2019 to 2021 (Unit: kW).

PV power is affected by a variety of external factors such as solar radiation, temper-
ature, precipitation, etc., but the more characteristic variables involved in the process of
PV power prediction are not better. Table 3 displays the environmental variables associ-
ated with the PV power dataset, with statistics of the average value, standard deviation,
and correlation coefficient with PV power for each dimension. In general, two variables
are considered to be unrelated if their correlation coefficients are less than 0.3, so irrelevant
variables with correlation coefficients below 0.3 are discarded.

Table 3. Correlation coefficient between actual PV power and related environmental factors.

Variable Mean Standard
Deviation

Correlation
Coefficient Variable Mean Standard

Deviation
Correlation
Coefficient

Temperature Celsius 21.17 11.05 0.4 Wind Direction 30.39 13.83 −0.03
Relative Humidity 32.6 21.51 −0.38 Daily Rainfall 0.22 1.8 −0.02
Global Horizontal Radiation 276 374.23 0.92 Active Energy Delivered Received 305,330.16 13,454.13 0.003
Diffuse Horizontal Radiation 52.13 86.19 0.56 Current Phase Average 2.8 3.62 0.99

4.2. Evaluation Indicators

Model evaluation metrics can be very intuitive to reflect how well the model is built.
For most predictive tasks, there are three commonly used evaluation metrics, which are
the mean absolute percentage error (MAPE), root mean square error (RMSE), and mean
absolute error (MAE). The model’s accuracy is inversely proportional to the values of these
evaluation metrics.
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The formulas for three error metrics are given in the following equation:

MAPE =
100%

n

n

∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣ (17)

RMSE =

√
1
n

n

∑
i=1

(ŷi − yi)
2 (18)

MAE =
1
n

n

∑
i=1
|ŷi − yi| (19)

4.3. Benchmark Model Parameterization

Through the analysis of Section 4.1, relevant environmental factors highly correlated
with actual PV power have been selected as the multi-input.

To accurately verify the superiority of the ISSA-LSTM algorithm presented in this
work, five models, including BP, LSTM, PSO-BP [31], PSO-LSTM [32], and SSA-LSTM, were
selected for comparative study. Among them, the iteration number of the BP model is
30, with a network depth of 20 and the same number of hidden layers. LSTM is a double
hidden layer structure, the hidden neuron number in both layers is set to 20, the iteration
number is 30, the batch size is 32, the loss function is RMSE, and the optimizer is Adam.
The initial hyperparameters of all the algorithms to be optimized are the same as those
of the above benchmark model. The initial population size is set to 20, and the iteration
rounds for PSO, SSA, and ISSA algorithms are set to 30.

The PSO, SSA, and ISSA algorithms all select the optimal values within the searching
boundary shown in Table 4. The detailed hyperparameters obtained from the PSO, SSA,
and ISSA search optimizations are given in Table 5.

Table 4. Search space for hyperparameters.

Hyperparameter Learning Rate Epochs First Hidden
Layer Nodes

Second Hidden
Layer Nodes

Lower bound 0.001 1 1 1
Upper bound 0.5 100 100 100

Table 5. Parameters obtained by optimization.

Models Learning Rate Epochs First Hidden
Layer Nodes

Second Hidden
Layer Nodes

PSO-LSTM 0.1927 26 13 85
SSA-LSTM 0.0892 78 20 64
ISSA-LSTM 0.0634 92 65 43

In this work, Python is used as the primary programming language; Numpy and
Pandas packages are used for data preprocessing; the TensorFlow toolkit is used for model
building and optimization, and Matplotlib is for plotting graphics. Computer resources for
this work include an Intel Core i5-8250U running at 1.6 GHz with 8 GB RAM.

4.4. Analysis of Experimental Results under Different Weather Conditions

PV power systems are highly dependent on radiation, so poor radiation conditions on
rainy days and high volatility of radiation on cloudy days are great challenges for stable PV
power prediction. Several sets of comparative experiments were conducted for a thorough
evaluation to confirm the reliability of ISSA-LSTM under various weather conditions.

The proposed model is compared with the benchmark model constructed in the previ-
ous subsection for one-day-ahead PV power prediction under typical weather conditions,
namely, sunny, cloudy, and rainy days. The model performance is assessed using three
statistical metrics, namely MAE, MAPE, and RMSE, recorded in Table 6, with the red
color representing the best values among the six models. The comparison graphs of the
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prediction results are depicted in Figures 7–9, where the top half of the subfigure shows the
comparison curves of different models with true values, the bottom half of the subfigure
shows three models—ISSA-LSTM, SSA-LSTM, and PSO-LSTM—and creates a bar graph,
showing the error between the predicted and true values. The loss curve is shown in
Figure 10.

Figure 7. One-day-ahead prediction results and error analysis on a sunny day.

Figure 8. One-day-ahead prediction results and error analysis on a cloudy day.

As illustrated in the figure, the prediction curves of ISSA-LSTM under sunny, cloudy,
and rainy days, are better fitted to the actual values with the smallest errors compared
to the benchmark models, which have more comprehensive performance. As Figure 7
shows, the accuracy of all models is relatively higher due to the smooth PV power curve on
sunny days, while cloudy days have the strongest volatility, and the model has the largest
error, in Figure 8. In contrast to the SSA-LSTM model, which has the best relative results
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among the benchmark models, the MAE, MAPE, and RMSE values of the proposed model
under sunny days are reduced by 61.3%, 55.3%, and 53.3%, respectively, while those of the
proposed model under cloudy days are reduced by 13.2% and 18.2%, respectively, and those
of the proposed model under rainy days are reduced by 24.6% and 27.8%. Additionally, the
figure shows that the benchmark model struggles to capture the fluctuations in the spikes
under rainy weather, while the proposed model is more capable of tracking the spikes.
To summarize, the proposed algorithm not only has fairly high accuracy but also fits the
spikes very well.

Figure 9. One-day-ahead prediction results and error analysis on a rainy day.

Figure 10. Loss curve.

Taken together, the suggested model can cope with complex weather changes. By
predicting the future fluctuations of PV power in advance, corresponding measures can be
taken to optimize grid scheduling and energy management and adjust the power generation
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plan in time to improve the efficiency of energy utilization as well as prevent the occurrence
of grid instability.

Table 6. Comparison of experimental results under various weather conditions.

Model Metric Sunny Day Windy Day Rainy Day

MAE 0.641 1.116 0.749
MAPE 0.128 0.527 0.679BP
RMSE 0.653 1.365 0.480
MAE 0.222 0.654 0.355

MAPE 0.041 0.157 0.300PSO-BP
RMSE 0.264 0.948 0.319
MAE 0.371 0.676 0.860

MAPE 0.070 0.184 0.793LSTM
RMSE 0.395 0.956 0.535
MAE 0.429 0.604 0.474

MAPE 0.094 0.166 0.415PSO-LSTM
RMSE 0.466 0.895 0.304
MAE 0.266 0.584 0.349

MAPE 0.047 0.128 0.269SSA-LSTM
RMSE 0.313 0.843 0.163
MAE 0.103 0.507 0.263

MAPE 0.021 0.134 0.194ISSA-LSTM
RMSE 0.146 0.689 0.166

4.5. Analysis of Experimental Results in Different Seasons

Seasonal variations also influence PV power prediction a lot. To verify the practicability
of the model in different seasons, the ISSA-LSTM contrasts the constructed benchmark
model. A random week in typical months (February, May, August, and November) for
each season is displayed in Figures 11–14.

Figure 11. PV power prediction results of a random week in February.

Figure 12. PV power prediction results of a random week in May.
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Figure 13. PV power prediction results of a random week in August.

Figure 14. PV power prediction results of a random week in November.

Figure 11 illustrates that the suggested model has a high prediction accuracy when the
PV power changes rapidly and can respond to large fluctuations in radiation in a timely
manner. As seen in Figure 14, power prediction accuracy based on ISSA-LSTM is lower
than PSO-BP in the second half but has a better fit in the first half, and the simulation is
better at the peak, which indicates its better overall performance.

Table 7 lists the model performances by MAE, MAPE, and RMSE metrics for typical
seasons. Based on the red markers in the table, it is clear that the ISSA-LSTM model
significantly outperforms the five benchmark models comprehensively and exhibits a more
robust performance. The model’s predictions are more consistent and less anomalous than
the other models, which further proves the advantages of its accuracy and reliability. In con-
trast to the SSA-LSTM model, which has the best relative results among the benchmark
models, the MAE, MAPE, and RMSE values of ISSA-LSTM in February are reduced by
35.0%, 34.3%, and 25.0%, respectively, the RMSE of the ISSA-LSTM in May is reduced by
4.3%, and the MAE, MAPE, and RMSE values of the ISSA-LSTM in August are reduced
by 16.7%, 69.7%, and 12.0%, respectively. The MAE, MAPE, and RMSE values of the
ISSA-LSTM in November decreased by 25.7%, 3.6%, and 12.5%, respectively. In summary,
ISSA-LSTM provides a more adaptable and efficient method for PV power prediction.

Table 7. Comparison of model results in typical seasons in 2021.

Model Metric 2021/02 2021/05 2021/08 2021/11

MAE 0.76 0.63 0.75 1.16
MAPE 0.53 7.27 10.64 0.77BP
RMSE 1.26 0.7 0.82 1.24
MAE 1.06 0.25 0.27 0.27

MAPE 0.43 3.19 6.02 0.31PSO-BP
RMSE 1.89 0.31 0.35 0.37
MAE 0.86 0.48 0.5 0.6

MAPE 0.49 5.86 3.01 0.34LSTM
RMSE 1.28 0.58 0.61 0.66
MAE 0.79 0.64 0.63 0.7

MAPE 0.48 6.38 8.25 0.49PSO-LSTM
RMSE 1.29 0.77 0.77 0.79
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Table 7. Cont.

Model Metric 2021/02 2021/05 2021/08 2021/11

MAE 0.6 0.14 0.18 0.35
MAPE 0.32 2.19 11.04 0.28SSA-LSTM
RMSE 1.12 0.23 0.25 0.4
MAE 0.39 0.16 0.15 0.26

MAPE 0.21 2.26 3.34 0.27ISSA-LSTM
RMSE 0.84 0.22 0.22 0.35

5. Conclusions

For the standard SSA, which easily falls into the local extremum and has insufficient
convergence speed, a series of improvements are made in the initial population generation,
producer position updating rules, and Cauchy–Gaussian variation in the later stages of
iteration. An innovative prediction model is constructed based on the LSTM neural network
optimized by the improved sparrow search algorithm. The proposed method was tested
with a series of benchmark models in the real dataset of the PV power plant in the Alice
Springs area of Australia. The conclusions are as follows:

1. The improved sparrow search algorithm has a better optimization-finding ability than
the standard sparrow search algorithm and can search for better multi-dimensional
hyperparameters of neural networks in a shorter time;

2. The ISSA-LSTM prediction model can cope with complex weather conditions and PV
power fluctuations, which can make highly accurate predictions when used for PV
power prediction.

Therefore, the algorithm proposed in this research helps the power dispatching de-
partment to adjust the scheduling plan in time, which is extremely significant to improve
the stability and safety of the photovoltaic grid-connected system and the power system.

Nevertheless, there are still some shortcomings in this study: there are few environ-
mental indicators in the dataset, and only the correlation coefficient method is used for
feature screening. In a follow-up work, we will continue to improve the input data quality.
As we mentioned earlier, the ISSA-LSTM algorithm stands out not only by its exceptional
accuracy in predictions but also by its ability to fit spikes well. A potential drawback of
the ISSA-LSTM algorithm is its relatively longer prediction time. This method could be
applied to many different scenarios in future work, such as wind power prediction, etc.
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Appendix A. Sensitivity Analysis

In the sparrow search algorithm, the producer proportion parameter α is one of the
key factors to adjust the search strategy. The role of the producer in the algorithm is to
introduce a certain degree of randomness and diversity, thus enhancing the algorithm’s
ability to search the solution space globally, so it is important to set sensitivity analysis
to find the proper parameter. Table A1 shows the comparative results for four sets of
parameters 0.2, 0.4, 0.6, and 0.8.
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Table A1. Sensitivity analysis results of the producer proportion α.

Function Name 0.2 0.4 0.6 0.8

f3
Avg 2.14 × 10−08 2.17 × 10−08 2.16 × 10−08 2.18 ×10−08

Std 1.17 × 10−07 1.23 × 10−07 1.22 × 10−07 1.25 × 10−07

f7
Avg 4.76 × 10−32 4.91 × 10−32 4.86 × 10−32 4.79 × 10−32

Std 1.48 × 10−03 1.54 × 10−03 1.62 × 10−03 1.58 × 10−03

f8
Avg 7.27 × 10−30 7.28 × 10−30 7.27 × 10−30 7.28 × 10−30

Std 3.97 × 10−29 3.32 × 10−29 4.02 × 10−29 4.22 × 10−29

f16
Avg 2.09 × 10+01 2.12 × 10+01 2.10 × 10+01 2.11 × 10+01

Std 4.23 × 10+00 3.96 × 10+00 4.02 × 10+00 4.31 × 10+00

f18
Avg 3.88 × 10+02 3.95 × 10+02 4.01 × 10+02 3.96 × 10+02

Std 2.65 × 10+02 2.77 × 10+02 2.69 × 10+02 2.43 × 10+02

From the results, it was observed that the optimal value was found when the parameter
is 0.2. This indicates that, under this condition, ISSA tends to perform optimally, leading to
a reduction in the objective function value.
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