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Abstract: In this work, we propose an improved grey prediction model, called the 

conformable fractional accumulation kernel regularized nonhomogeneous grey 

model(CFAKRNGM), for energy consumption forecasting, and using HOA to optimize the 

model parameters, the CFAKRNGM model shows significant advantages in data fitting and 

prediction accuracy. In order to verify the effectiveness of the model, this work compares 

the prediction results of the CFAKRNGM model and the KRNGM model through the data 

analysis of renewable energy consumption and natural gas consumption in China. To 

provide theoretical support and practical reference for China's energy production and 

consumption planning. The results explain that the CFAKRNGM model performs better 

than the KRNGM in dealing with complex and nonlinear time series data, and has higher 

prediction accuracy and reliability.  

1. Introduction 

In recent years, research on energy forecasting has evolved. The application of intelligent network 

model, statistical model and grey model in this field has achieved remarkable results. The grey model 

has been attracting extensive research by scholars at home and abroad. The grey system theory was 

proposed by Deng[1], which is a new theory to deal with the problem of uncertainty. The grey 

prediction model is the middle of the grey system theory, and it is very effective in small-sample time 

series forecasting, among which the GM(1,1) model has been widely used.  

The new grey model obtained by improving the GM(1,1) model has been verified and accepted to 

real life production. For example, Zhou et al[2]designed a new discrete grey model for predicting 

natural gas consumption in Jiangsu Province, China. Cheng et al[3]predicted China's clean energy 

consumption in 2025 by improving the grey model GM(1,N), demonstrating the role of economic 

growth in driving clean energy demand. However, when the grey system adds more variable 

information, the solution of the existing grey prediction model GM(1,N) is inaccurate, resulting in 

unpredictable prediction accuracy. In addition, Ding et al[4]proposed a novel optimized grey 

prediction model NOGM(1,1) for predicting electricity consumption in China, demonstrating its 

superiority in dealing with complex nonlinear time series. However, when the multi-parameter form 

appears in the system and contains nonlinear structures, the effectiveness of the NOGM(1,1) model 
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is greatly reduced. The kernel method in machine learning theory has significant advantages in 

dealing with nonlinear pattern analysis problems. Duan et al[5]proposed GMC(1,N) model suitable 

for nonlinearity based on the Gaussian kernel function and the polynomial kernel function, combined 

with the characteristics of the grey prediction model. In addition, Liu et al[6]used the adjacency 

nonhomogeneous grey model to predict renewable energy consumption in Europe and the world, and 

used heuristic algorithms to optimize the parameters, which significantly improved the prediction 

accuracy. 

In the course of the research, the combination of grey prediction models and other models was 

further introduced to predict energy consumption and production. Wu and Shen[7]proposed a novel 

LSSVM model[7]combined with grey relationship analysis (GRA) and LSSVM. the new model is 

abbreviated as GRA-LSSVM, which is used to get more accurate results. The above research on grey 

model has gradually riched the grey system theory and enhanced the prediction ability to a certain 

extent. However, in the face of some nonlinear and fluctuating system sequences, it is difficult for the 

existing grey model and its extension to provide satisfactory accuracy due to its linear structure. 

Moreover, the existing non-homogeneous grey models are inefficient in predicting complex nonlinear 

time series. Therefore, the model structure must be improved to further solve the problem of system 

prediction characterized by nonlinearity and fluctuation. 

In this paper, the CFAKRNGM model is established by combining the KRNGM model with the 

conformable fractional accumulation, and the effectiveness of the proposed model is verified by 

predicting the change trend of China's renewable resource consumption and China's natural gas 

consumption. To provide theoretical support and practical reference for energy production and 

consumption planning, so as to promote the healthy and sustainable development of China's energy. 

The remainder of this article is arranged as follows. Section 2 briefly introduces the construction 

principle and parameter estimation process of the original KRNGM model. Section 3 describes the 

modeling procedure for the CFAKRNGM model. Section 4 introduces the hyperparameter 

optimization of the CFAKRNGM model and the HOA algorithm. Section 5 shows the cases studies 

of predicting the renewable energy consumption and natural gas consumption in China. Conclusions 

of the study are shown in Section 6. 

2. The KRNGM model 

2.1. Representation of the KRNGM model 

The 1-AGO series of the original series (x(0)(1), x(0)(2),… , x(0)(n))  is noted 

as(x(1)(1), x(1)(2), … , x(1)(n)),  where 

x(1)(j) = ∑  

j

k=1

x(0)(k). 

The differential equation (See[8]) 

𝑑𝑥(1)(𝑡)

𝑑𝑡
+ 𝑎𝑥(1)(𝑡) = 𝑓(𝑡) + 𝑐                       (1) 

is called the KRNGM model, which can also be expressed as(See[8]) 

𝑑𝑥(1)(𝑡)

𝑑𝑡
+ 𝑎𝑥(1)(𝑡) = 𝑤𝑇𝜑(𝑡) + 𝑐.                     (2) 
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2.2. Parameters estimation for the KRNGM model 

We need to consider the integration of equation(3) to estimate the parameters of the KRNGM 

model[8], in the interval [𝑗 − 1, 𝑗], we have[8] 

∫ 𝑑
𝑗

𝑗−1
𝑥(1)(𝑡) + 𝑎 ∫ 𝑥(1)𝑗

𝑗−1
(𝑡)𝑑𝑡 = 𝑤𝑇 ∫ 𝜓

𝑗

𝑗−1
(𝑡)𝑑𝑡 + ∫ 𝑐

𝑗

𝑗−1
𝑑𝑡.           (3) 

Noticing that ∫ 𝑑
𝑗

𝑗−1
𝑥(1)(𝑡) = 𝑥(1)(𝑗) − 𝑥(1)(𝑗 − 1) = 𝑥(0)(𝑗) and∫ 𝑐

𝑗

𝑗−1
𝑑𝑡 = 𝑐, using the two 

point trapezoid formula, we have 

𝑥(0)(𝑗) + 𝑎𝑧(1)(𝑗) = 𝑤𝑇Ψ(𝑗) + 𝑐,                        (4) 

𝑧(1)(𝑗) =
1

2
(𝑥(1)(𝑗) + 𝑥(1)(𝑗 − 1)) 

Ψ(𝑗) =
1

2
(𝜓(𝑗) + 𝜓(𝑗 − 1)). 

The parameters can be estimated by follows.(See[8]) 

min𝐽(𝑎, 𝑤, 𝑐; 𝑒) =
𝑎2

2
+

𝑤𝑇𝑤

2
+

𝛾

2
∑ 𝑒𝑖

2,𝑟
𝑖=2                     (5) 

where  𝛾  is the regularized parameter. 

Define the Lagrangian function as 

𝐿 ≔
𝑎2

2
+

𝑤𝑇𝑤

2
+

𝛾

2
∑ 𝑒𝑖

2𝑛
𝑖=2 + ∑ 𝜆𝑗

𝑛
𝑗=2 [𝑥(0)(𝑘) + 𝑎𝑧(1)(𝑘) − 𝑤𝑇Ψ(𝑘) − 𝑐 − 𝑒𝑖],    (6) 

then the KKT conditions[8] is given as 

(
0 𝟏⃗⃗ 𝒏−𝟏

𝑻

𝟏⃗⃗ 𝒏−𝟏 𝛺 + 𝛾−1𝐼𝑛−1

) (
𝑐

𝝀⃗ 
) = (

0
𝑌
) ,                      (7) 

where 

𝚬⃗⃗ 𝒏−𝟏 = [1,1, … ,1]𝑛−1
𝑇 ,

𝛺 = (𝜓(𝑖) ⋅ 𝜓(𝑘) − 𝑧(1)(𝑖)𝑧(1)(𝑘))
(𝑛−1)×(𝑛−1)

𝝀⃗ = [𝜆2, 𝜆3, … , 𝜆𝑛]
𝑇,

𝑌 = [𝑥(0)(2) − 𝑥(0)(1), 𝑥(0)(3) − 𝑥(0)(2), … , 𝑥(0)(𝑛) − 𝑥(0)(𝑛 − 1)]
𝑇
,

 (8) 

combine with the definition of 𝜓, we have 

Ψ(𝑖) ⋅ Ψ(𝑗) =
1

4
(𝜓(𝑖) + 𝜓(𝑖 − 1)) ⋅ (𝜓(𝑗) + 𝜓(𝑗 − 1)).               (9) 

The kernel function[8] 𝐾(·,·) is 

𝜓(𝑖) ⋅ 𝜓(𝑗) = Η(𝑖, 𝑗) = Η𝑖𝑗 ,                        (10) 

then the 𝜓(𝑖) · 𝜓(𝑗) can be written as 

Ψ(𝑖) ⋅ Ψ(𝑗) =
1

4
(Η𝑖𝑗 + Η𝑖−1,𝑗 + Η𝑖,𝑗−1 + Η𝑖−1,𝑗−1).             (11) 

The gaussian kernel is 

Η(𝑖, 𝑗) = exp {−
||𝑖−𝑗||2

2𝜎2 } ,                          (12) 
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where the 𝜎 is the kernel parameter.  

The differential equation can be solved as (See[8]) 

𝑥̂(1)(𝑡) = 𝑥(0)(1)𝑒−𝑎(𝑡−1) + ∫ 𝑒−𝑎(𝑡−𝜏)Φ(𝜏)𝑑𝜏
𝑡

1
,             (13) 

where 

Φ(𝑡) = 𝑤𝑇𝜓(𝑡) + 𝑐,                          (14) 

the nonlinear function 𝑤𝑇𝜑(𝑡) can be rewritten as (See[8]) 

𝑤𝑇𝜓(𝑡) = [∑  𝑛
𝑗=2 𝜆𝑗Ψ(𝑗)] ⋅ 𝜓(𝑡) =

1

2
∑  𝑛

𝑗=2 𝜆𝑗[𝜓(𝑗) + 𝜓(𝑗 − 1)] ⋅ 𝜓(𝑡),     (15) 

we have 

𝑤𝑇𝜓(𝑡) =
1

2
∑  𝑛

𝑗=2 𝜆𝑗[𝜓(𝑗) + 𝜓(𝑗 − 1)] ⋅ 𝜓(𝑡) =
1

2
∑  𝑛

𝑗=2 𝜆𝑗[Η𝑗,𝑡 + Η𝑗−1,𝑡],  (16) 

and(See[8]) 

𝑥̂(𝛼)(𝑗) = 𝑥(𝛼)(1)𝑒−𝑎̂(𝑘−1) +
1

2
∑  𝑘

𝜏=2 [𝑒−𝑎̂(𝑘−𝜏)Φ(𝜏) + 𝑒−𝑎̂(𝑘−𝜏+1)Φ(𝜏 − 1)],   (17) 

the predicted values can be obtained as 

𝑥̂(𝛼)(𝑗) = 𝑥̂(1)(𝑗) − 𝑥̂(1)(𝑗 − 1).                       (18) 

3. The CFAKRNGM model 

Obviously, the establishment of the KRNGM model essentially adopts the traditional grey 

accumulation operator, which still has limitations for small-sample and non-smooth time series 

prediction. we will improve the original model with a conformable fractional order accumulation 

operator. The modeling process is very similar to KRNGM, but with slight modifications. 

3.1 The conformable fractional accumulation and difference 

For all 𝑡 > 0, 𝛼 ∈ (0,1], given a differentiable function 𝑔: [0,∞) → 𝑅.Then the CFD of 𝑔 with 

𝛼 order is defined as 

𝑇𝛼(𝑔)(𝑡) = 𝑙𝑖𝑚
𝜀→0

 
𝑔(𝑡+𝜀𝑡1−𝛼)−𝑔(𝑡)

𝜀
.                           (19) 

Definition 1(See[9]). The CFA of   𝑔  with   𝛼  order is defined as  ∇𝛼𝑔(𝑘) = ∇ (
𝑔(𝑘)

𝑘1−𝛼) =

∑  𝑘
𝑖=1 (

𝑔(𝑗)

𝑗1−𝛼), for all 𝑘 ∈ 𝑁+, 𝛼 ∈ (0,1]. 

Definition 2(See[9]). The 𝛼 order (𝛼 ∈ (𝑛, 𝑛 + 1)) CFA is defined as 

∇𝛼𝑔(𝑘) = ∇𝑛 (
𝑔(𝑘)

𝑘[𝛼]−𝛼) .                            (20) 

With Definition 2, we can deduce a recursive equality as 

∇𝛼𝑔(𝑘) = ∇(∇𝑛−1 (
𝑔(𝑘)

𝑘[𝛼]−𝛼)) = ∑  𝑘
𝑗=1 (∇𝛼−1𝑔(𝑗)), 𝛼 ≥ 1, for 𝑛 = [𝛼] − 1.  (21) 

Combined with the above definitions, we began to build the CFAKRNGM model. 

The original non-negative sequence is 𝑋(0) = (𝑥(0)(1), 𝑥(0)(2),⋯ , 𝑥(0)(𝑁))
𝑇
, 𝑁 is the length of 

the sequence, 𝛼 ∈ R+, we have 𝑋(𝛼) = (𝑥(𝛼)(1), 𝑥(𝛼)(2),⋯ , 𝑥(𝛼)(𝑁))
𝑇
, 
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which is the 𝛼 order accumulation of the conformable fraction of 𝑋(0) to generate the sequence, 

the differential equation 

𝑑𝑥(𝛼)(𝑡)

𝑑𝑡
+ 𝑏̂𝑥(𝛼)(𝑡) = 𝑔(𝑡) + 𝑚,                      (22) 

is called a congruent fractional-order kernel regularized nonhomogeneous grey model, or 

CFAKRNGM model for short, the differential equation can also be expressed as 

𝑑𝑥(𝛼)(𝑡)

𝑑𝑡
+ 𝑏̂𝑥(𝛼)(𝑡) = 𝜔𝑇𝜓(𝑡) + 𝑚.                     (23) 

3.2 Parameters estimation for the CFAKRNGM model 

Similar to the KRNGM model, equation. (23) needs to be discretized, given that the sample 

and  𝛼, we have 

∫  
𝑗

𝑗−1
𝑑𝑥(𝛼)(𝑡) + 𝑏̂ ∫  

𝑗

𝑗−1
𝑥(𝛼)(𝑡)𝑑𝑡 = 𝜔𝑇 ∫  

𝑗

𝑗−1
𝜓(𝑡)𝑑𝑡 + ∫  

𝑗

𝑗−1
𝑚𝑑𝑡,       (24) 

beause ∫  
𝑗

𝑗−1
𝑑𝑥(𝛼)(𝑡) = 𝑥(𝛼)(𝑗) − 𝑥(𝛼)(𝑗 − 1), we have 

𝑥(𝛼)(𝑗) − 𝑥(𝛼)(𝑗 − 1) + 𝑏̂𝑧(𝛼)(𝑗) = 𝜔𝑇Ψ(𝑗) + 𝑚,              (25) 

where 

𝑧(𝛼)(𝑗) =
1

2
(𝑥(𝛼)(𝑗) + 𝑥(𝛼)(𝑗 − 1))

Ψ(𝑗) =
1

2
(𝜓(𝑗) + 𝜓(𝑗 − 1))

. 

Using the following regularization problem to estimate the parameters 𝑏̂ , 𝜔,𝑚 

𝑚𝑖𝑛Γ(𝑏̂, 𝜔,𝑚; 𝑒) =
𝑏̂2

2
+

𝜔𝑇𝜔

2
+

𝛾

2
∑  𝑟

𝑘=2 𝑒𝑘
2,                  (26) 

where 

𝑒𝑘 = 𝑥(𝛼)(𝑘) + 𝑏̂𝑧(𝛼)(𝑘) − 𝜔𝑇Ψ(𝑘) − 𝑚, 

the lagrangian function is 

𝐹 ≔
𝑏̂2

2
+

𝜔𝑇𝜔

2
+

𝛾

2
∑  𝑛

𝑗=2 𝑒𝑗
2 + ∑  𝑛

𝑗=2 𝜆𝑗[𝑥
(𝛼)(𝑘) + 𝑏̂𝑧(𝛼)(𝑘) − 𝜔𝑇Ψ(𝑘) − 𝑚 − 𝑒𝑘],   (27) 

The above KKT condition can be translated into. 

(
0 𝟏⃗⃗ 𝒏−𝟏

𝑻

𝟏⃗⃗ 𝒏−𝟏 𝜉 + 𝛾−1𝐼𝑛−1

) (
𝑐

𝜆⃗⃗ 
) = (

0

𝑌
) ,                    (28) 

where 

𝚬⃗⃗ 𝒏−𝟏 = [1,1, … ,1]𝑛−1
𝑇 ,

𝜉 = (𝜓(𝑖) ⋅ 𝜓(𝑘) − 𝑧(𝛼)(𝑖)𝑧(𝛼)(𝑘))
(𝑛−1)×(𝑛−1)

,

𝝀⃗ = [𝜆2, 𝜆3, … , 𝜆𝑛]
𝑇,

𝒀 = [𝑥(𝛼)(2) − 𝑥(𝛼)(1), 𝑥(𝛼)(3) − 𝑥(𝛼)(2),… , 𝑥(𝛼)(𝑛) − 𝑥(𝛼)(𝑛 − 1)]
𝑇
.

 (29) 

The condition 𝑥(𝛼)(1) = ∇
𝑥(0)(1)

1[𝛼]−𝛼 = 𝑥(0)(1) can be used to solve Eq.(23), we have 
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𝑥̂(𝛼)(𝑗) = 𝑥(𝛼)(1)𝑒−𝑏̂(𝑗−1) +
1

2
∑  

𝑗
𝜏=2 [𝑒−𝑏̂(𝑗−𝜏)Φ(𝜏) + 𝑒−𝑏̂(𝑗−𝜏+1)Φ(𝜏 − 1)].     (30) 

Finally we have 

𝑥̂(0)(𝑗) = {
𝑥̂(0)(𝑗) = 𝑗1−𝛼(𝑥̂(𝛼)(𝑗) − 𝑥̂(𝛼)(𝑗 − 1)) 0 < 𝛼 ≤ 1,

𝑗[𝛼]−𝛼Δ𝑛𝑥̂(𝛼)(𝑗) 𝑛 < 𝛼 ≤ 𝑛 + 1.

       (31) 

4. Hyperparameter optimization of the CFAKRNGM models 

4.1. HOA algorithm 

Oladejo S O et al proposed a new algorithm called “HOA”,which is based on the (THF)[10]. The 

process as follows: 

Φ𝑖,𝑡 = 6𝑒−3.5|𝑆𝑖,𝑡+0.05|,                          (32) 

𝑊𝑖,𝑡 is the 𝑖 velocity(km/h) for the subject of study.(See[10]). 

𝑆𝑖,𝑡 =
d𝑦

d𝑥
= tan𝜛𝑖,𝑡 ,                           (33) 

where 𝑑𝑦 and 𝑑𝑥 are the difference in elevation and distance. In addition, 𝜛𝑖,𝑡 is the inclination 

of the trail or terrain. (See[10]). 

𝒲𝑖,𝑡 = 𝒲𝑖,𝑡−1 + 𝜇𝑖,𝑡(𝛽𝑏𝑒𝑠𝑡 − 𝛼𝑖,𝑡𝛽𝑖,𝑡),                   (34) 

where  𝜇𝑖,𝑡 is a uniformly distributed number,𝒲𝑖,𝑡 and  𝒲𝑖,𝑡−1 represent the current and initial 

speed ,  𝛽𝑏𝑒𝑠𝑡 is the position of the lead hiker, 𝜂𝑖,𝑡 is the swept factor of ascender 𝑖. 

𝛽𝑖,𝑡+1 = 𝛽𝑖,𝑡 + Φ𝑖,𝑡 ,                           (35) 

𝛽𝑖,𝑡+1 Indicates the updated location of Hiker  𝑖 . The initialization of the hiker position is 

represented by the equation 

𝛽𝑖,𝑡 = 𝜒𝑗
1 + 𝛿𝑗(𝜒𝑗

2 − 𝜒𝑗
1),                          (36) 

where 𝛿𝑗  is the number of uniform distributions. 𝜒𝑗
1 and 𝜒𝑗

2 denote the lower and upper bound of 

the 𝑗-dimension(See[10]). 

4.2. Optimization strategy for model hyperparameters 

ALGORITHM 1: Algorithm of HOA to search for the parameters of the CFAKRNGM 

model 

 Input: The raw data 𝑋(0), 𝑢𝑏, 𝑙𝑏, 𝑜𝑏𝑗𝑓𝑢𝑛 , 𝑛ℎ𝑖𝑘𝑒𝑟𝑠, 𝑛𝑑𝑖𝑚,MaxIter,nn 

 Output: 𝝈, 𝜸, 𝜶 

1 Initialize the MaxIter and the number of hikers 

2 Initialize the hikers’ position randomly. 

3 for 𝑗 = 1;  𝑗 < 𝑇;  𝑗 = 𝑗 +  1 do 

4 for 𝑒𝑎𝑐ℎ ℎ𝑖𝑘𝑒𝑟 do 

5 Update the parameters 𝝈′, 𝜸′, 𝜶′ 

6 Compute 𝑥̂(𝛼)(𝑗)  using Eq.(30) 

7 Compute 𝑥̂(0)(𝑗) using Eq.(31); 

8 end 
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9 Compute MAPE using Eq.(37) 

10 if 𝑀𝐴𝑃𝐸 <  𝑀𝐴𝑃𝐸𝑚𝑖𝑛  then 

11       𝑀𝐴𝑃𝐸𝑚𝑖𝑛 ←  𝑀𝐴𝑃𝐸 

12   𝜶′ ←  𝛼, 𝜸′ ←  𝜸, 𝝈′ ←  𝝈 

13 end 

14 end 

15 return  𝝈′, 𝜸′, 𝜶′ 

Then we need to build a simple optimization question to determine the optimal value of the 

parameters as follows.  

𝑚𝑖𝑛
𝛼

 𝑀𝐴𝑃𝐸 = ∑  𝑁
𝑗=1 |

𝑥̂(𝛼)(𝑗)−𝑥(𝛼)(𝑗)

𝑥(𝛼)(𝑗)
| × 100%                     (37) 

This formula is typically used for nonlinear grey models with tunable parameters to minimize the 

MAPE as an objective function. 

5. Numerical example 

This section evaluates the effectiveness of the CFAKRNGM model in terms of renewable and non-

renewable resources through case studies of renewable energy consumption and natural gas 

consumption in China. The results of the CFAKRNGM model were compared with the KRNGM to 

test the prediction performance of the CFAKRNGM model.  

The minimize MAPE and the average relative error(ARE) are used to test the accuracy of the 

model, the ARE is defined as follows 

ARE =
1

𝑁
∑  

𝑁

𝑗=1

|
𝑥̂(𝛼)(𝑗) − 𝑥(𝛼)(𝑗)

𝑥(𝛼)(𝑗)
| × 100(%). 

Case 1: Short-term consumption forecast for renewable energy in China 

In this case, the CFAKRNGM model and the KRNGM model are used to predict the consumption 

of renewable resource in China, respectively. The data comes from the energy institute 

(https://www.energyinst.org/statistical-review), combined with the timeliness of energy data and the 

characteristics of the exponential distribution of small sample series in the gray model, we collect 20 

sample datas from 2004 to 2023 and reports them in Table 1. In order to visually express the validity 

and authenticity of the model, the prediction error is reduced. A total of 16 sets of data from 2004 to 

2019 are used for the fitting phase to build a prediction model. Data from 2020 and 2023 are used to 

verify model accuracy. 

Table 1: China's renewable resource consumption from 2004 to 2023. 

Year Consumption of renewable resource Year 
Consumption of renewable 

resource 

2004 3.73 2014 12.79 

2005 4.20 2015 13.71 

2006 4.36 2016 14.89 

2007 5.16 2017 16.22 

2008 6.81 2018 17.79 

2009 6.78 2019 19.47 

2010 7.97 2020 21.03 

2011 7.99 2021 23.51 

2012 10.01 2022 25.55 

2013 10.92 2023 27.60 
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Table 2: In case 1, the optimal tunable parameters of the two models. 

Model   𝝈  𝜸  𝜶 

CFAKRNGM 1.0706 206.9354 0.9998 

KRNGM 0.9563 3.9364  

By calculating and comparing the MAPE of the two models, the optimal tunable parameters found 

by the hiking optimization algorithm are shown in Table 2. 

Table 3: Model prediction results and errors in Case 1 

Year Raw data CFAKRNGM KRNGM 

2004 3.73 3.7300 3.7300 

2005 4.20 4.1777 4.2352 

2006 4.36 4.5566 4.6298 

2007 5.16 5.3171 5.4113 

2008 6.81 6.5278 6.3625 

2009 6.78 7.0989 7.0859 

2010 7.97 7.6373 7.6546 

2011 7.99 8.3389 8.4618 

2012 10.01 9.6868 9.6918 

2013 10.92 11.1758 11.1514 

2014 12.79 12.5992 12.5551 

2015 13.71 13.8493 13.7713 

2016 14.89 14.8429 14.9248 

2017 16.22 16.2537 16.2356 

2018 17.79 17.7720 17.7594 

2019 19.47 19.4710 19.5722 

ARE(fit)  0.0012 0.0013 

MAPE(fit)  0.0195 0.0220 

2020 21.03 21.5930 21.7910 

2021 23.51 24.1850 24.3443 

2022 25.55 27.0879 27.1067 

2023 27.60 30.1686 30.0939 

ARE(pre)  0.0130 0.0139 

MAPE(pre)  0.0522 0.0557 

The prediction results and errors of the fitting and testing phases are shown in Table 3. The Table 

2 shows that the three optimal tunable parameters obtained in the CFAKRNGM model are 𝛼=0.9998, 

𝛿=1.0706 and 𝛾=206.9354. Meanwhile, we can obtain from the evaluation index values of the two 

models in Table 3 that the fitting and prediction accuracy of the two types of grey prediction models 

are relatively high, but the MAPE and the ARE of the CFAKRNGM model is smaller than that of 

KRNGM in the fitting and testing stages of the model. This indicates that the prediction accuracy and 

fitting accuracy of the CFAKRNGM model are higher than those of the KRNGM model. 

Figure 1 shows the data fitting plot lines for both models. From this, we can see that the data 

change trend of the two curves is similar to the exponential curve. Combined with Table 3, we can 

clearly get that the ARE and MAPE of the CFAKRNGM model are smaller than those of the KRNGM 

model in both the fitting and prediction stages, and the predicted datas of the CFAKRNGM model 

are closer to the true datas, the prediction error is also smaller.  
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Figure 1: In Case 1, Fitting curves for CFAKRNGM and KRNGM model data 

Case 2: Short-term natural gas consumption forecast in China 

Case 1 fits and predicts data that conform to the approximate exponential distribution pattern. Case 

2 analyzes and forecasts the natural gas consumption from 2004 to 2023 in China, with the original 

data shown in Table 4. There are 20 sets of data, the first 16 sets of data are used to build a prediction 

model, and the remaining 4 sets of data are used to verify the prediction accuracy of the model. 

Table 4: China's natural gas consumption from 2004 to 2023 

Year 
Natural gas 

consumption 
Year 

Natural gas 

consumption 

2004 1.44 2014 6.78 

2005 1.69 2015 7.01 

2006 2.08 2016 7.54 

2007 2.56 2017 8.69 

2008 2.95 2018 10.22 

2009 3.25 2019 11.10 

2010 3.92 2020 12.12 

2011 4.87 2021 13.69 

2012 5.43 2022 13.60 

2013 6.19 2023 14.57 

The optimal tunable parameters obtained by the HOA are list in Table 5, and the prediction results 

and errors of the fitting and testing stages of two models are shown in Table 6. From the table below, 

we can get that the three optimal tunable parameters obtained in the CFAKRNGM model 

are 𝛼=0.9998, 𝛿=1.0706 and 𝛾=206.9354. 

Table 5: The optimal tunable parameters of the two models in Case 2 

Model  𝝈  𝜸  𝜶 

CFAKRNGM 1.1318 12.9982 0.9995 

KRNGM 1.0054 3.9156  

145



 

 

 

Figure 2: The CFAKRNGM and KRNGM models fit the curves in Case 2 

The fitting and prediction accuracy of the CFAKRNGM model have been improved by different 

amplitudes, the MAPE and ARE is lower. The prediction effect is obviously better. 

Table 6: Model prediction results and errors in Case 2 

Year Raw data CFAKRNGM KRNGM 

2004 1.44 1.4400 1.4400 

2005 1.69 1.7373 1.7905 

2006 2.08 2.0864 2.0946 

2007 2.56 2.5776 2.5320 

2008 2.95 2.9381 2.9206 

2009 3.25 3.2806 3.3351 

2010 3.92 3.9427 3.9714 

2011 4.87 4.7698 4.7506 

2012 5.43 5.4675 5.4862 

2013 6.19 6.1531 6.1552 

2014 6.78 6.7380 6.6870 

2015 7.01 7.0461 7.0735 

2016 7.54 7.5606 7.6723 

2017 8.69 8.7395 8.7508 

2018 10.22 10.1184 10.0271 

2019 11.10 11.1905 11.2202 

ARE(fit)  0.0005 0.0009 

MAPE(fit)  0.0080 0.0153 

2020 12.12 12.3225 12.5183 

2021 13.69 13.8816 14.1051 

2022 13.60 15.7065 15.9124 

2023 14.57 17.6733 17.9008 

ARE(pre)  0.0025 0.0029 

MAPE(prediction)  0.0996 0.1155 

The data given in Case 2 are the same as those in Case 1, and they are distributed according to the 

approximate exponential law. Figure 2 shows the data fitting plot lines for both models. From this, 

we can intuitively see that the two curves move in about the same direction, but the data curve of the 

CFAKRNGM model is obviously closer to the true value. Combined with the results of the model in 

Table 6 and data curves given in Figure 2, it can be clearly seen that the prediction results of the 

CFAKRNGM model are closer to the true value than the KRNGM. 
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6. Conclusion  

For data series that are easily affected by complex factors, the CFAKRNGM model effectively 

overcomes the bias of the data in the prediction and fitting stages of the KRNGM model. Two 

practical cases verify the theoretical results of this paper and the rationality of the model. The results 

explain that the CFAKRNGM model can better reflect the data development trend, and the fitting and 

prediction accuracy are improved compared with the KRNGM model. Compared with the existing 

models, the proposed CFAKRNGM model is more effective in long-term forecasting and forecasting 

for unstable time series. In real world, the development of a system not only has to consider the 

influence of its own historical factors, but also other uncontrollable factors, and may show the 

characteristics of instability, periodicity, nonlinearity, etc., which makes it very difficult to accurately 

predict the system. Therefore, in future research, the Hiking Optimization Algorithm (HOA) can be 

considered to be combined with the multivariate hyperparameter grey prediction model to solve the 

influence of uncontrollable factors on multivariate data, and improve the accuracy and practicability 

of the model. 
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