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Abstract

This research aims to develop an automatic Centella asiatica (L.) Urb. greenhouse control
system using loT technology and Centella asiatica (L.) Urb. leaf classification using deep learning.
The objectives are divided into two parts: 1) This part of developing an automatic control system
using loT technology, This involves creating a system using loT technology to monitor and control
various environmental parameters. The system includes temperature sensors, humidity sensors for
both air and soil, and N, P, K element sensors. Data from these sensors is sent to the NetPie server,
which integrates with images from CCTV cameras in the greenhouse and an Al server to manage the
operation of the sprinkler and mist systems. The greenhouse can be controlled locally or via the
internet, with automated control provided by artificial intelligence. 2) This part focuses on studying
the classification of Centella asiatica (L.) Urb leaves of different sizes (small, medium, and large)
using deep learning techniques. A classification model is developed using Convolutional
Neural Networks (CNNs) with pre-trained models such as VGG16, ResNet50, and InceptionV3,
along with transfer learning techniques. The evaluation of the system’s efficiency was excellent
(x = 4.16, S.D. = 0.74). The VGG16 model was found to be the most efficient, with an accuracy of
0.82, followed by InceptionV3 at 0.73 and ResNet50 at 0.60. The VGG16 model performed well in
classifying 83 small-sized leaves correctly and 19 incorrectly, 82 medium-sized leaves correctly and

18 incorrectly, and 80 large-sized leaves correctly and 18 incorrectly, out of 300 test images.
Keywords: Centella asiatica (L.) Urb., Deep learning, Knowledge transfer, loT
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