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Summary

» Introduce a novel approach for Single-Label Hyperspectral Image Classification
to the task of seed purity testing.
» Seed assessment [1, 2] in the industry is crucial but labor-intensive.
» Utilize Self-Supervised Learning and Masked Image Modeling techniques to
enhance classification accuracy.
» Goal: Create a method adaptable to visible (RGB), multispectral (MS), and
hyperspectral (HS) data, which:
Integrates RGB and HS data to leverage spatial and spectral information
o Demonstrates flexibility, scalability, and efficiency in real-life scenario evaluations

1. Methodology
1.1 Dataset
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Figure 1. Mean Spectra of 8x8x300 Region of Interest

» Dataset contains bimodal samples of
RGB and hyperspectral of seed images
» 19 seed species

» More than 114K bimodal samples

» 70/15/15 Train/val/test split

Figure 2. Examples from the test dataset. Images of
(a-s) A. arvensis L., A. lappa L., A. myosuroides L.,B.
napus L., B. officinalis L., C. cyanus L., E. crus-galli L.,
G. aparine L., G. dissectum L., G. pratense L., G.
robertianum L., G. tetrahit L., L. communis L., P.
aviculare L., P. convolvulus L., R. crispus L., S. arvensis
L., S. media L. and T. pratense L.
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1.2 Pretraining

Input image Selected tokens Masked targets

'‘HNEEE EEEE B

yllll TIT 1IN

ﬂﬂﬂﬂ .ﬂ.. ﬂ Line?r
‘0 an-m @

24x24x300

]
]
O
N
—> Decoder
—
[
n

U

£

dA80\. B E

S AEE g
HEEEE o

192x192x3 \_ )

Figure 3. Overview of our Bimodal Masked Autoencoder (BIMAE) architecture

» Scalable & efficient ViT » ViT-Small backbone
o dual masking strategy [3, 4] » Epochs: 300

o shallow decoders [3] » Batch size: 512
» Multimodal VIiT

o Cross-Attention for cross-modal token prediction
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2. Experiments & Results

2.1 Finetuning using two modalities
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» Evaluate the performance of pretrained BIMAE,

finetuning (FT) it on RGB and multispectral data
» (Compare results with BIMAE trained from

scratch (TFS) using both RGB and multispectral
data

(Visible, NIR, VNIR)
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» For MS data select equidistant spectral band
subset from HS with Step30 and Step60 (10 and &
spectral bands respectively)
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Figure 4. Single-Label Image Classification
with BIMAE using bimodal data.

Modalities Loss | Acc. 1(%)
FT RGB+MS 0,018 99.55
TFS RGB+MS 0,030 09.28

Table 1. Comparison of finetuning (FT) with training from scratch (TFS) performance of BIMAE,
trained for 50 epochs using two modalities

CVPR

----- Y PEEY JUNE 17-21, 2024

A 'E. s W\"n

IIMMM‘%I SEATTLE, WA

i

2.2 Finetuning using one modality

» Evaluate the performance of pretrained BIMAE, finetuning (FT) it on one of RGB,

multispectral or hyperspectral modalities
» Compare results with BIMAE trained from scratch (TFS)

Mode Modality BSS Loss | Acc. 1(%)
FT RGB - 0,074 08.27
RGB - 0,093 07.73
MS 0,079 98.50
MS 0,137 97.45
MS 0,039 99.06
MS 0,085 08.32
FT HS - 0,057 08.41
TFS HS - 0,084 97.93

Table 2. Comparison of finetuning (FT) with training from scratch (TFS) performance of BIMAE,
trained for 50 epochs using one modality only

3. Conclusions

» Proposed novel self-supervised flexible approach for multiple modalities such as

RGB, multispectral and hyperspectral data
» Demonstrated efficiency and versatility of BIMAE architecture on Single Lable

Hyperspectral Image Classification
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