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A Diffusion Model-based Masking Data Augmentation Method for
Improving Time Series Power Forecasting Performance
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Abstract

This study proposes a novel data augmentation technique for small-scale time series data to improve solar power generation
forecasting. With recent advancements in diffusion models demonstrating remarkable data generation capabilities, we introduce a
data augmentation method utilizing diffusion models to enhance the quality of augmented data. However, we observed that
generating all features of a time series data with diffusion models fails to properly account for inter-feature dependencies. To
address this, we developed a masked data augmentation approach, where one feature of the original sample is masked and
regenerated using the diffusion model. This method preserves the characteristics of the original sample while achieving an
augmentation effect. Additionally, to mitigate excessive reliance on a large number of externally generated data, we filtered the
generated data by selecting the top 20 samples most similar to the original data and used these for training. As a result of the
experiment, there was about 217% improvement in RZ-score, and about 35% improvement in RMSE, and about 12.9%
improvement in SMAPE compared to the model trained with the original data.
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Forward Diffusion Process

Tabular Data

Reverse Denoising Process

Generate new data

Mask

T2l 2. 0jAZ] 7|4} Diffusion model
Fig. 2. Masking-based Diffusion Model
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Algorithm generates tabular data using diffusion model selective augmentation for enhanced machine learning

performance.

Initialize the diffusion model Mg i, With parameters input_dim, hidden dim, num_layers
Use a masking mechanism to Identify F,, the complement of F

for each feature group F:

Split Dinto D (condition data) and D,(label data).

while not converged:

X<—add_noize(X,_,t,3)

X =My tusion (Xt )

loss—MSE(X,_1,X,,,.)

Generate Ng samples for each data point in D, using M, Fusion

Combine all generated samples into G,
Fit ANN(D) model on the original dataset [

for each sample in G,

Compute similarity scores with D

Select top ksamples G, with the highest similarity scores.
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Real Data
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Data generated by LSGAN t-SNE

30 4 Real Data
Generated Data

—40 =20 o] 20 40

Data generated by Diffusion Model t-SNE

S e AAAE dol"HE YeRTh 7] LSGAN %
t 4 (diffusion) RE 2 AAH wlolEe] ¢ AA o]
B 22X AN HA = BES HolAN, AAE HolErt

o
Z(diffusion) Eof HlsiA = HE 54 ¥
o= vt} o]= v (diffusion) Fd o] &4 =
Bt GasiA stetsly, Hole] A4 Al 78 Ass ES
g AEHo g ul~7lo] HLH tFH(diffusion) L]

60

40

204

Real Data
Generated Data

—80

—60 —40 —20 0 20 40 60 80

Data generated by masking-LSGAN t-SNE
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Data generated by Masking-based Diffusion Model t-SNE
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Fig. 3. t-SNE visualization of real and generated data using different generative methods
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R2 Score
1.0
0.8 4
0.6 1
¢
g
2 044
p:
N _ I“— ||| I| || 'I ______ I ___________________
oo | ] I I l II' I I II-I III
-0.2 T T I I
o 10 20 30
Time
RZ-score of data generated by Diffusion Model
R? Score
10
0.8 1
0.6 4
-
o
S o4
x
0.0+
-0.2
o 10 20 30 40 50
Time

R2-score of data generated by Masking-based Diffusion Model

72! 4. H0|E{2| R%-score
Fig. 4. R*-score of data

¥ 1. CIFN(diffusion) 22 Soff HI0le SCHE & Z3 Lot
Table 1. Evaluation of data augmentation with diffusion model

Method MAE | : RMSE | : R2-score | SMAPE |
oo Original data 6184 ... ereeeees a6z ... S 02105 .o S22
________________ LSGAN® o 2m8er 31885 04383 L T880%
____________ MaskingLSGAN | 22167 i 31945 i 04289 i T872% .
............ Diffusion Model | 26586 G 38098 G ..01835 i ..7803% .
Masking-based Diffusion Model 172.96 243.19 : 0.6673 69.10%
SHATh Age] AAH9 AoE o ® 12 B4 & 43 0jAZ 200 M2 NS Bl
% % 9tk b AL B3 vhaR e AHES Aol O B A4S
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