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Abstract

The objective of this research is to create a soil health prediction model at present by simulating the environmental
conditions for growing yellow beans in four different environments. These environments involve three pots each,
representing the following conditions: environment 1: watering and chemical fertilizer application, environment 2:
watering and organic fertilizer application, environment 3: watering only, and environment 4: no watering or fertilization.
Additionally, an Internet of Things (loT) system was developed to collect soil health data over 2 months, resulting in
a total of 475 data points. The collected data was then grouped to assign the most suitable number of clusters using
the K-means algorithm. This process yielded three clusters that best fit the soil health data, each corresponding to
different levels of soil health: Suitable, Moderate, and Improvement. Labels were assigned to each data point within
the clusters, indicating the corresponding soil health level. Subsequently, the data was utilized to create a soil health
prediction model using deep-learning neural network algorithms. Through experimentation, the model achieved 98%

accuracy in predicting soil health.
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Figure 1 System architecture of the soil health
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Table 1 Examples raw data of soil health
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Figure 10 Interpretation of accuracy using DNN
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