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Study on the method for interoperability of AI model to improve usability
of artificial intelligence models in agricultural field
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ABSTRACT

With the development of artificial infeligence technology. various studies are being actively conducted to apply it to agriculture.
In South Korea, Al training datasets are being produced for research on artificial intelligence technology. In various fields, including the
agricultural and livestock sectors, datasets are posted through the site Al HUB. However, since Al models can be developed in multiple
artificial inteligence leamning frameworks, more things can inferfere with the Al model os framework compatibility is considered in terms
of serving the Al model. For system design, we derive requirements and propose the overall sfructure of the system. In addition, we
show examples of the feasibility of implementing each component. To verify the feasibility of the proposed method, we trained a tfotal
of four eggplant disease classification models through fransfer leaming. We built a model with the best accuracy of 99% and converted
it fo ONNX, confirming that there was no difference in performance compared to the existing model. In future research, we plan fo
apply the model-sharing method verified in this paper to a data platform.
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(Figure 1) Data Structure of an Al training dataset
management system
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converting to ONNX

QIFA|S ks Zellel=
Caffe MATLAB
Caffe2 ML.NET
Chainer MXNet (Apache)
Cognitive Toolkit (CNTK) [PyTorch
CoreML (Apple) SciKit-Learn
Keras SINGA . !
(Apache)-Github(experimental)
LibSVM TensorFlow
LightGBM

©xnet
»
» Multi Model Server ‘ 0

inference -

(a3l 2) MXNET cEE2E M| =2 oflx|
(Figure 2) An example of inference of MXNET multi
model server
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(Table 2) Artificial intelligence data set and models
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