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Background -- Issue of plant disease diagnosis

1. Symptoms of plant disease are often faint and vague .
= small = large variation %8
Fine-grained recognition task

Models overfit to features other than signs of disease.

- Background

- Differences in growth and varieties

- Photographic conditions _
(geometry, lighting, camera etc.}

strawberry anthracnose

tomato leaf mold



Background -- Issue of plant disease diagnosis

2. Appearance of images is highly dependent on collected farm

T~ [T Images from the same field look

google earth,'b s o Q| ! 3 b |
¥ & a g=un= similar.

(even different disease

predict |-
or

_—

Images from different fields of
the same disease look very different,

- Large covariate shift

- Easily overfit to the training data

(a) Bacterial Spot (b) Bacterial Spot (c) Downy Mildew
\td(en in Nagano taken in Ibaraki taken in Nagano
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Just fun: . e -
Using latent diffusion model

Generation of the image from the prompt
leaf,cucumber, gummy stem blight or black rot




‘Deep” Content-based image retrieval (CBIR)
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* skull stripping and geometry correction (MRICloud)
* brightness correction .-
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3D-variational autoencoders (3D-VAE)&FEBfFE & ALV
Input MRI image (approx. 5-16M dim) 78 r'*ﬂ#‘ﬂ’&&(?ﬂiéﬁ’Rifﬁﬁd)%@'?

encoder Low dim. Representation

for CBIR
>
/ ! mww\ (150-2000 dim)

\ 3D-VAE architecture I] + deep metric learning

\|\|\|‘I‘I’I’” EPNEE-ToL - adE e

5

decoder ARDEFHIIKTFI H+EATES
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We need to catch these areas.
(For Alzheimer’s disease diagnosis)

m VAE: Variational autoencoders

Mean image of AD
(Alzheimer's disease)

Mean image of CN
(Cognitively normal)

B-VAE

diff image

Loc-VAE

S o Illustration of the effective area of one dimension of
the low dimensional representation of the brain.

e

. .
e difference
- E imaga

reconsiructed
mages

_ _ _ _ To make each dimension cover
Give the low-dimensional representation specific brain region.

generated by the model a comprehensible role. (to obtain interpretability)

Our latest model correctly identify those important areas with one dimensional information.
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(a) Original image (by 3T scanner)
(b) super-resolution image
(c) target high-resolution image

(by 7T scanner)
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Classification model wildcard fraining (IWT)
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Variational character Accuracy [%]
encoder (VCE) i _
T interpretable character + CLCNN Vanilla +WT  +IWT {OUI‘E]
A E] T T . embedding (GICE)
. .. VCE(Ours) 81.27 83.11 84.00
Character-image
feeder CAE 78.32 83.27 81.97
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Applied Intelligence 2022
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attention&gradienth Ml B L5112
attentionDFEZ, B (BLEZ PTVWEMELR) G/ A XEMA TES
SST IMDB 20News AGNews

Fl %] Corr. Fl[%] Corr. Fl|[%] Corr. Fl[%] Corr.

Baseline (Jain and Wallace, 2019)  79.77  0.852 8785 0.788 9444 0.891 9552 0.822
Word AdvT (Miyato et al., 2016) 79.60 0.647 89.65 0.838 9556 0892 9587 0.813

Model

Word 1AdvT (Sato et al., 2018) 7957 0643 8967 0839 9554 0893 9584  0.809
Attention AdvT (Ours) 79.53 0.852 8986 0819 9563 0868 9506 0.835
Attention 1AdvT (Ours) 82.20 0876 90.21 0.861 9587 0897 9577 0.891
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