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What’s the challenge ?

( Input images )

Traditional image processing

[ Threshold based method ] [ Contour based method ] [ Region based method ]

[ Clustering based method J

[ Model growth based method J

Deep learning

Encoder-decoder based model

(FCN, U-Net, DeepLab, SegNet, etc.)
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([ Output results )
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Global Wheat Head Dataset (GWHD)
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Wheat head detection using close-up Images M2

Detected heads using YOLO5
Cropped from the main image Accuracy: up to 95%
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Can we make It on-the-og?

Spring wheat head counting (YT)

Counting barley heads
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file:///C:/Users/sahamsha/OneDrive - Norwegian University of Life Sciences/Desktop/2. Wheat Phenocrop 20240815.mkv
https://www.youtube.com/watch?v=CTG0Cp6ucjs
https://www.youtube.com/watch?v=jSsLb1gjIRw

How about using drone images?

Best Accuracy = 69%
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Can we add another layer? FHB detection?

Initial approach (Drone images)




FHB Data collection B

Alternate approach (Robot images)




Data annotation & preparation T

 Coco annotator to annotate the images
« Total of 700 images in the dataset
(25706 instance of wheat heads,

10866 instance of diseased parts)

« Splitting the dataset to train, validate and test (70%, 20%, 10%)
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Yolov5 performance in training & validation
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Recall

train/cls_loss metrics/precision metrics/recall
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—— diseasedPart 0.268
—— wheatHead 0.828
= 3l classes 0,548 MAP@0.5

Accuracy

82% for wheat heads detection
26% for FHB detection
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Yolov8 performance In training & validation el
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Accuracy
* 92% for wheat heads detection
« 549% for FHB detection

Recall




Testing both models' performance gt
on the same image
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