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Abstract

The purpose of this study is to develop and evaluate a multi-modal fusion model that integrates image and
environmental data collected from a vertical farm to accurately predict crop growth stages and growth rates. RGB
images and key environmental parameters, including CO, concentration, temperature, relative humidity, and light
intensity, were synchronously collected over a defined period at a vertical farm test site, and a multi-modal training
dataset was constructed through preprocessing and feature extraction. Leaf area, greenness, shape indices, and
proxy VI were extracted from the image data, while the temporal variations of the environmental sensor data were
modeled using a long short-term memory (LSTM) network. These were then merged with convolutional neural
network (CNN) -based image features to perform simultaneous growth stage classification and growth rate prediction.

The multi-modal fusion model outperformed single-modal models (CNN or LSTM alone) in both growth stage
classification accuracy and growth rate prediction error (accuracy 91.3%, RMSE 0.028). Confusion matrix analysis
also showed high classification rates for each growth stage, and the comparison between predicted and actual
growth rates confirmed consistent performance. Feature importance analysis revealed that leaf area and proxy VI
were the most influential variables, while CO, concentration and light intensity contributed to improved predictive
power. This study presents a modeling framework for accurately diagnosing and predicting crop growth status in
vertical farming environments using multi-modal data, demonstrating its potential to enhance data-driven
decision—-making and control technologies in smart vertical farms.

B keywords : Multi-modal Fusion Model ; Vertical Farm ; Growth Stage ; Growth Rate Prediction ; Data Integration
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