Mechanizing Sunflower Seed Count and Insect-damage Detection
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* Red seed weevils most damaging pest
* Up to 76, 90% damage in 2021, 2023

Accelerate development of insect resistant « SD = 3X times damage in ND
cultivars and management strategies S S

Challenge: Insect damage is causing
economic losses

Approach:

* |Insectresistant cultivars

» Effective management strategies

Breeding trials and field experiments
* Acquiring x-ray images of seed samples

* Manual counting requires labor hours and
prone to human bias

Objective: Automate to reduce labor
hours and eliminate human bias

Mathanker and Prasifka [unpublished data]



Available methods to automate insect-damage detection

requires positioning of seeds /00[VNg[alo V)i
. L a0oncuanNga
« Sample preparation (seed positioning) UUUUOKLUOLEL

negates the benefit the automation offered

° ObjeCtiVGS: Pearson et al. 2014
» Count seeds in an x-ray image of a seed [doi:10.13031/aea.30.9942]
sample of 200 sunflower seeds that has
» randomly oriented seeds,

» overlapping seeds, and
» unevenly distributed seeds.

* Detectinsect-damaged seeds

Mathanker and Prasifka [unpublished data]



Characteristics of sunflower seeds damaged by the insects

Red SF Seed Banded SF Moth
Weevil SF Moth
Table |. Characteristscs of schenes miested by red sanflower seed weevil, handed sunflower moth
ansd sun Bower moth.
I fmect Perscurs Errmad
Red sanflower An exl hale on the laveral ade. % o Part of the kernel exten. Distal end of
sced weevil Y2 af the detance from the broad, the kernel remaining. Frass always
durital e o the provumal end. Edg- preseml on the kbernel surface (Fig.
e ol the holes arregular (Fig. la) IdL
Banded sunfower A feoding hode on oF near the distal Par or all of the kernel consamed.
moih end. Edges of the holes smooth and [hatal end of the kernel always ab-
ithe boles lasger than those of the semi. IF the kermeed only partially
red suniflower seed weeval (Fag. Ig) oonsumed, frass esmlly absent (Fig
Silken sheets usually aroend the lel. If the kernel entirely comsumed,
hale (Fig. 1gL frass sometimes present.

Sunflower moth & foeding crack exiending from the Par or all of the kernel conmamed.
distal o the proximal end (Fig. leb Part of the kermnel consumed vars-
abde (Fig. 2e

Peng and Brewer (1995)  https://digitalcommons.unl.edu/entomologyfacpub/231



Characteristics of
sunflower seeds
damaged by the
Insects

Good seed

(A)

Red Sunflower Seed
Weevil damaged seed

(B)

Banded Sunflower
Moth damaged seed

(C)

Under-
developed seed

(D)

Unfilled seed

(E)
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Peng and Brewer (1995)
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Mathanker and Prasifka [unpublished data]



Machine Learning Model: Trained on 15 seed-
sample images (3,000 sunflower seeds)

GOOd: Good Seeds =
More kernel area

All 15 images
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https://www.krasamo.com/machine-learning-models/

Damaged:
Less kernel area

Mathanker and Prasifka Mathanker and Prasifka [unpublished data]
[unpublished data]



Counting seeds in a seed sample of 200 seeds:
Good image contrast and Limited overlap (touching pericarp)

® Seed Count Overlap Index
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Counting seeds in a seed sample of 200 seeds:
Undercount (Poor image contrast)

® Seed Count Overlap Index
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Counting seeds in a seed sample of 200 seeds:
Slight Overcount/Undercount (unique damage/seed types)

® Seed Count @ Overlap Index

Seed count
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Counting seeds in a seed sample of 200 seeds:
Slight Undercount (Excessive Overlap: touching kernels)
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Machine Learning Model: Trained on 15 seed-
sample images (3,000 sunflower seeds)

GOOd: Good Seeds =
More kernel area

All 15 images
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https://www.krasamo.com/machine-learning-models/

Damaged:
Less kernel area

Mathanker and Prasifka Mathanker and Prasifka [unpublished data]
[unpublished data]



Machine Learning Model: Trained on 15 seed
sample images (2,996 seed images)

Good (0):
More kernel area

All 15 images

https://www.krasamo.com/machine-learning-models/

Damaged (1):
Less kernel area

Mathanker and Prasifka [unpublished data]




Machine Learning Model:

Trained on 2023 experiment to predict

Insect-damage for 2024 experiments

Good (0):
More kernel area DLRF2024

DLRF2023
(5 images)

24SturgisWRRF

Damaged (1):
Less kernel area

Mathanker and Prasifka [unpublished data]




Machine Learning Model: Model trained on one
dataset to predict insect-damage in unseen images

Good:

More kernel area
All mDLRF2023 DLRF2024 m24SturgisWRRF
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15 orvarious 5 images

% Classification Error
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https://www.krasamo.com/machine-learning-models/

Mathanker and Prasifka [unpublished data]
Damaged:
Less kernel area



Machine Learning Model: Developed model predicted
Insect-damaged seeds with comparable accuracy
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Faster R-CNN YOLOvS

® Undamaged ®=Damaged

Damaged:
Hamady et al. 2024

Less kernel area



Conclusions

* A Machine Learning Model to predict insect-damaged seeds
Is developed that can use a seed-sample x-ray image with
* randomly oriented seeds,
* overlapping seeds, and
* unevenly distributed seeds.
* Preliminary results shows promising results
* Future work:
* Reduce Missed and Part counts
* Improve seed count: + 2 seeds per 100 seeds
* Train the Machine Learning Model: more than 75 seed-
sample images (15,000 seeds)
* Reduce classification error: less than 5%
* Develop Deep Learning Model.
* Pro: more accurate, may predict the insect that

damaged the seed Mathanker and Prasifka [unpublished data]
* Cons: thousands of images needed for training
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