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Abstract Globally, potato is one of the major crops and contributes greatly to the farmers' income. Also,
the importance of precision agriculture has been growing in recent years. Notably, yield monitoring is
an important precision agricultural technology of increasing interest that can be used in variable
fertilization, supply/demand control, etc. However, yield monitoring research is not conducted actively
in South Korea compared to other countries, such as the United States and Japan. Hence, this research
developed a potato yield monitoring system to count the potatoes harvested by a potato harvester. In
particular, this system used machine vision and a deep learning algorithm. First, the YOLOv5 object
detection model identified the potatoes and other substances, such as stone, soil, and potato plant stem,
on the potato harvester's conveyor. Further, each harvested potato identified by the YOLOv5 object
detection model was assigned a unique ID by the DeepSORT deep learning algorithm to trace the
harvested potatoes. Finally, these harvested potatoes were counted when they arrived at a certain point
on the potato harvester's conveyor. A performance test on this potato yield monitoring system's YOLOv5
object detection model showed that this model had a precision, recall, mAP, and F1 score of 0.9997,
0.9994, 0.9872, and 0.9996, respectively. Hence, this research demonstrated machine vision and deep
learning in a potato yield monitoring system. However, further research on the potato yield monitoring
system developed by this research is necessary to create potato yield maps based on potato weight
estimation and GPS.
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Fig. 2. View of installed camera on potatoes
harvester
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Table 1. Specifications of potato harvester

Items Specification
LxWxH(mm) 3,750 x 2,210 x 1,375
Weight(kg) 1,100
Effective working width(mm) 900
Collecting capacity(kg) 500
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Fig. 3. Schematic diagram of potato yield monitoring
system
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Fig. 4. Labeling area in image
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Fig. 5. Classification of materials in image for deep
learning
(a) potato (b) debris (c) stem (d) body
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Where, de

denotes Cosine distance, A denotes hyperparameter

dm denotes Mahalanobis distance,
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Fig. 6. Count line(yellow) and end line(green) in
image
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AREE JATolEl = SEHlolEE &3 9E 94T
A W AT B9 gttt
L True Positive @)
precision True Positive + Fualse Positive
vecall — True Positive 3)

True Positive + False Negative
Where, True Positive denotes an outcome where
the model correctly predicts the positive class,
False Positive denotes an outcome where the
model incorrectly predicts the positive class,
True Negative denotes an outcome where the
model correctly predicts the negative class, False
Negative denotes an outcome where the model

incorrectly predicts the negative class.

Precision* Recall

F1 Score =2 X — 4
Precision + Recall @
Table 2. Performance of training model
mAPl)

epoch Precision Recall 0.5:0.95 F1 Score

1 0.8608 0.7793 0.5770 0.8180

100 0.9959 0.9966 0.9692 0.9827

200 0.9968 0.9979 0.9796 0.9974

300 0.9997 0.9994 0.9872 0.9996
PmAP(mean Average Precision) : The mAP compares the

gound-truth bounding box to the detected box and returns a
score. mAP 0.5:0.95 is the average of this score over different
IoU thresholds from 0.5 to 0.95 using step-size 0.05.

Fig. 8. Result of classification
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