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To build robust discriminators, it is desirable to represent the source data in the lowest possible mean-
ingful dimension and to have a large amount of data in the feature space. data augmentation (DA) has
the effect of increasing the number of pseudo-data, and appropriate DA contributes to the creation of
robust discriminant boundaries. In various fields, DA contributes to improving the performance of ma-
chine learning models (ML). Fourier transforms the original data into a frequency-space representation and
has been widely used as a fundamental technology in engineering. In recent years, it has been actively
utilized in fields such as video compression. On the other hand, if the dimensionality of the transformed
representation is used as it is, it is possible to transform the original data into a different representation
without loss. Here, for low-dimensional representations constructed by deep learning model (DL) such as
CNNs for classification, it is possible to obtain a lossless frequency space representation using the fourier
transform, and by changing the phase angle in various ways, it is expected to create an infinite number of
data representations that can be completely restored to the original data.

In this paper, we propose The Phase Augmentation, a method for learning such data, and examine its
effectiveness and issues. We expected that the proposed DA method would improve the performance, but
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we could not confirm the performance improvement even when using ensembles.
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Fig. 1 #EZF % The Phase Augmentation
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Table 1 WHIODF—&+tv b (ER) [#]

ID A ORAIERAR) | FEA | MEEH EE
00_HE (HEalthy) 10,472 578 || 11,050
01_PM (Powdery Mildew) 1,948 893 2,841
03_ANT (ANThracnose) 3,701 609 || 4,310
15_FW (Fusarium Wilt) 2,608 227 2,835

Table 2 R3IDT—Xtv b (FER) K]

IDIRAIEFS (RGIEXGFR) | 28 | MEEH aF
00_HE (HEalthy) 12,431 | 1,122 || 13,553
01_PM (Powdery Mildew) | 7,936 938 || 8,874
02.GM (Gray Mold) 1,024 166 || 1,190
06_LM (Leaf Mold) 3,188 732 || 3,920
11_LS (Leaf Spot) 5,510 118 || 5,628
18_-VW (Verticillium Wilt) | 3,176 354 | 3,530
19.BW (Bacterial Wilt) 3,415 462 || 3,877
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Table 3 Zw 5 hD7F—Xtv b (FER) K]

ID JHAMEH (A ERBFR) EH | BGEA At
00_HE (HEalthy) 16,023 | 5,576 || 21,599
01_PM (Powdery Mildew) 7,764 | 1,898 || 9,662

02_GM (Gray Mold) 643 167 810

03_ANT (ANThracnose) 3,038 76 3,114
08_-DM (Downy Mildew) 6,953 | 2,579 9,532
09_CLS (Corynespora Leaf Spot) 7,565 | 1,813 9,378

17_GSB (Gummy Stem Blight) 1,483 374 1,857

20_BS (Bacterial Spot) 4,362 | 2,648 7,010
22 CCYV 5,969 | 179 || 6,148
23_MD (Mosaic Diseases) 26,861 | 1,626 || 28,487
24 MYSV 17,239 | 1,004 || 18,243
Tabled rFrD7F—Xtv b+ (FER) K]

ID JHAIEFR (i EXNAFR) FEM | MEEH =

00_HE (HEalthy) 8,120 | 2,994 | 11,114
01_PM (Powdery Mildew) 4,490 | 4,250 | 8,740
02_.GM (Gray Mold) 9,327 571 9,898
05_CLM (Cercospora Leaf Mold) 4,078 | 1,809 5,887
06_LM (Leaf Mold) 2,761 151 2,912

07_LB (Late Blight) 2,049 808 || 2,857
10_CTS (Corynespora Target Spot) | 1,732 | 1,350 3,082

19 BW (Bacterial Wilt) 2,259 412 || 2,671
21_BC (Bacterial Canker) 4,369 128 || 4,497
27_ToMV 3,453 49 3,502
28_ToCV 4,320 871 5,191
29_YLC (Yellow Leaf Curl) 4,513 | 1,746 6,259
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Table 5 FEELBHER (52, 2 DAT Y H Y TARL)

(%]
FET—& FE | % | F1 237
AR—254>) | 868 | 856 86.1
Zrotate 85.5 84.9 85.1
Re(zrotate) 86.8 85.7 86.1
Im(Z,otate) 87.1 | 86.6 86.8
Arg(zrotate) 85.3 85.2 85.2
Log(zrotate) 87.0 85.1 85.9

Table 6 FEELLEFR (7R, z AT HrITNiL) (%]

¥ET—-X BE | BEHE | F1Ra7
A(R—Z54>) | 184 760 75.2
Zrotate 77.8 75.3 74.2
Re(2rorate) 798 | 176.0 75.4
T (2rorate) 802 | 757 749
Arg(zrotate) 79.0 76.0 75.3
Log(Zrorare) 81.3 | 754 75.3

Table 7 HAEHBIER (205D, 2 DH7 Y HF Y TAEL)

(%]
HET—& FEE | BRE | F1Xa7
AR—2F4>) | 480 | 56.9 50.2
Zrotate 49.6 56.8 51.0
Re(Zrotate) 494 | 569 514
0 (21 otare) 494 | 567 51.5
Arg(zrotate) 49.2 56.2 50.7
Log(Zrotate) 52.4 | 55.7 50.2

Table 8 FEEHEHER (L %k, 2 DAT Y H Y TARL)

(%]
FHTFT—& BE | R | FlRay
AN—Z54 ) | 623 | 646 59.0
Zrotate 63.2 63.2 58.2
Re(Zrotate ) 62.0 | 637 57.6
T (2 otate) 621 | 634 56.8
ATg(Zrotate) 613 | 63.6 57.7
Log(zrotate) 64.0 62.2 57.3
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