
www.svedbergopen.com                                 International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.3s, 2026                                                                                                                                                                  1 

 
 

A Hybrid Deep Learning Framework For Multimodal Rice 
Growth Stage Classification Using Image And Iot Sensor 
Fusion 
 
Riki Ruli A. Siregar1 , Kudang Boro Seminar2 , Sri Wahjuni3 , Edi Santosa4 

 
1School of Data Science, Mathematics, and Informatics IPB University, Bogor, Indonesia, Faculty of Energy Telematics  Institut 
Teknologi PLN Jakarta, Indonesia rulirikisiregar@apps.ipb.ac.id  
2Department of Engineering and Biosystems IPB University Bogor, Indonesia  kseminar@apps.ipb.ac.id 
3School of Data Science, Mathematics, and Informatics IPB University, Bogor, Indonesia my_juni04@apps.ipb.ac.id  
4Department of Agronomy and Horticulture, Faculty of Agriculture IPB University, Bogor, Indonesia edisang@gmail.com  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

I. INTRODUCTION 
This study examines the strategic potential of advanced analytical methods for multimodal data, using 
hybrid deep learning algorithms, in increasing rice production in the proposed application in an IoT-based 
vertical farming system. This approach aims to address pressing challenges in global food security, rapid 

Abstract: Vertical farming based on IoT is a promising solution to increase rice production in 
limited urban spaces, but reliable and automated monitoring of crop phenology remains an open 
challenge. Previous studies have generally relied on unimodal data or simulated environments, 
which limit accuracy and discrimination power, especially in growth phases with similar visual 
characteristics. This research aims to develop a multimodal deep learning framework for precise 
classification of rice growth phases in actual IoT-based vertical farming systems. The proposed 
method integrates RGB canopy images with temporal environmental sensor data, including 
temperature, humidity, light intensity, soil moisture, and pH, through end-to-end spatio-temporal 
feature fusion using several CNN architectures (MobileNet, ResNet-50, VGG-19, and Xception) 
combined with an LSTM branch before the classification stage. Evaluation was conducted on a 
real-world dataset annotated by experts and spanning eight rice growth phases, measured in days 
after planting. Experimental results show that the proposed model significantly outperforms 
unimodal and CNN-only approaches, achieving a macro average F1 score of 0.96 on the VGG19–
LSTM variant and maintaining performance above 0.89 in the most challenging intermediate 
growth phases, where visual information alone is insufficient. The contribution of these findings 
to the lightweight MobileNet–LSTM model maintains high accuracy with real-time inference 
support, making it potentially effective for application in edge computing devices in operational 
vertical farming systems. 
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urbanization, and limited agricultural land by improving crop monitoring accuracy and optimizing 
resource use [1]. The application of deep learning integrated with Internet of Things (IoT) infrastructure 
has developed as a transformative approach in precision agriculture, increasing crop productivity and 
resource utilization efficiency, especially in controlled environments such as vertical farming [2]. Rice is 
one of the world's most important staple food commodities and is traditionally cultivated on large open 
fields [3], [4]. Traditional rice farming practices make rice crops in paddy fields highly vulnerable to damage 
from bad weather, pests, and inappropriate irrigation and fertilization methods [5], [6], [7]. The proposed 
vertical farming method is a good option for cities and other areas with limited space. This method is more 
efficient in water use, requires less fertilizer, and facilitates year-round planting [8], [9], [10].  

One of the biggest challenges in rice cultivation on vertical land is identifying growth stages [11], [12]. 
Accuracy in this identification is very important for optimal growth phases, irrigation planning, nutrient 
management (fertilizer based on soil testing) [12], [13], and harvest logistics [14], [15], [16]. In automated 
agricultural environments, manual observation is generally inefficient and limited. To address this issue, 
the hybrid deep learning framework in this study combines visual data collection (RGB images) with IoT 
(Internet of Things) sensor data in real time. This system enables continuous monitoring and adaptive 
adjustments to the surrounding environment, thereby significantly improving resource distribution 
efficiency [12]. The hybrid deep learning model's predictive ability can also help identify growth stages, 
detect growth problems or diseases, and determine the best times to harvest. That will result in increased 
production and the expansion of sustainable vertical farming [12]. When implemented well, vertical 
farming will lead to increased yields and sustainable growth. 

The integration of computer vision with a sensor-based analysis system has enabled real-time insights 
into crop performance and growth dynamics, aiding in making timely decisions in predictive action [14]. 
Recent advances in deep learning, particularly convolutional neural networks (CNNs), have greatly 
improved crop monitoring and yield prediction. By learning complex representations from large-scale 
image data--such as those above [15], [16]. Convolutional neural networks are able because they are 
trained on both synthetic use cases (for which one can find training data) plus actual examples comprising 
100 million pixels removed in real inhabitable ecosystems with a wide variety of weather conditions. 
However, most existing studies are still limited to single inputs either visual images or sensor time series 
and rely on standalone architectures such as CNNs or LSTMs, which limit their ability to model spatio-
temporal dynamics simultaneously [17], [18], [19], [20], [21], [22]. More importantly, end-to-end hybrid 
deep learning frameworks that explicitly combine image and multimodal sensor data for detailed rice 
growth analysis in real-world IoT-based vertical farming systems remain largely unexplored. 
To address this gap, this study proposes an end-to-end multimodal deep learning framework that explicitly 
combines visual and sensor data to capture spatial and temporal dynamics simultaneously in detailed rice 
growth stage classification in an operating IoT-based vertical farming environment [23], [24], [25], [26], 
[27]. 

This study addresses these weaknesses by proposing an innovative CNN–LSTM hybrid framework 
that leverages multimodal data from IoT-connected vertical farming systems to continuously and 
effectively monitor rice growth stages. This design combines spatial feature extraction from CNN with 
temporal modeling using LSTM. This will improve the accuracy of growth-stage classification and generate 
more accurate crop yield predictions, enabling real-time plant phenotyping for precision agricultural 
resource allocation [28], [29]. 

 

1.1 Problem statement 
The main research questions this study seeks to answer is how implementing the hybrid CNN-LSTM model 
can improve the accuracy of rice growth-stage classification while also helping to propose an 
environmentally friendly vertical farming system. To clarify the research context and highlight the key 
challenges, the main problem statements are summarized as follows: 
1. Global food security faces serious challenges due to urbanization, limited arable land, and climate 

change, necessitating alternative and more efficient agricultural solutions. 
2. Conventional rice cultivation relies on large areas of paddy fields and is vulnerable to weather 

fluctuations, pests, diseases, irrigation, and ineffective fertilization. 
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3. Although the vertical rice cultivation model promises the use of IoT and AI technologies, it still requires 
proper monitoring and efficient resource management to optimize conditions at every stage of growth. 

4. Accurate identification of each phase of rice plant growth is very important for scheduling irrigation, 
fertilization, and harvest planning; however, manual methods are not effective and efficient in 
precision farming. 

5. Previous related research has mostly relied on unimodal data (both images and sensor data) with a 
single model architecture (CNN or LSTM only), which limits the ability to capture comprehensive 
spatiotemporal dynamics. 

6. The research gap lies in the lack of end-to-end hybrid architecture collaboration that integrates CNN-
based image analysis and various derivatives of pre-trained and LSTM-based sensor data processing, 
which enables multimodal monitoring of rice growth data in vertical farming environments. 

 

1.2 Research contribution  
This research has broad applications in the fields of precision agriculture and IoT-supported vertical 
farming: 
1. This research proposes an end-to-end hybrid CNN–LSTM architecture that leverages the spatial 

features of RGB plant images in RGB format and time-series data from IoT-based environmental 
sensors to classify rice growth stages. The complementary temporal patterns generated by these two 
types of sensors in different modes slightly improve performance, while the spatio-temporal control 
device is also an inevitable solution to prevent identification errors caused by a lack of distinguishable 
morphological changes. Unlike conventional methods based on a single model, the proposed 
multimodal fusion scheme has good morphological environmental dynamics, which brings significant 
improvements to the final phenological representation. 

2. The introduced tool can enable Vertical Farming and Hybrid Farming through continuous, 
nondestructive, automated monitoring of rice growth stages. This method eliminates destructive 
sampling and manual observation, providing high-quality phenological information that does not in 
any way harm plant health. And so cultivation can proceed continuously throughout the entire 
cultivation cycle. 

3. Large-scale experiments have shown that across all eight stages of standard rice growth, the most 
significant improvements occur in the middle stages and visually similar stages, such as tillering or 
panicle initiation, where single-image-based models generally perform poorly. The multimodal CNN–
LSTM model provides significantly better classification results. 

4. By combining visual image information with real-time environmental sensor data, the proposed model 
facilitates agronomic decision-making in accordance with ongoing processes. This includes 
management practices such as flexible irrigation scheduling, soil nutrient diversification, and early 
detection of growth anomalies at the onset of their emergence. 

5. The proposed approach can be applied to vertical farming systems equipped with IoT technology. This 
framework represents possibilities for sustainable management, automated phenotyping, and vertical 
farming. 

Most existing studies on crop growth stage classification rely on single-modality inputs, such as image-
only or sensor-only data, are predominantly conducted in open-field conditions or simulated greenhouse 
environments or fail to incorporate temporal environmental sensor dynamics in an end-to-end learning 
framework. As a result, these approaches often struggle to robustly distinguish visually similar 
phenological stages under controlled farming conditions. 

To overcome these limitations, this study proposes a fundamentally different approach. Based on 
previous research, this study is among the first to introduce an end-to-end multimodal CNN–LSTM 
framework for detailed phenological classification of rice in a real-world IoT-based vertical farming system, 
explicitly integrating continuous environmental sensor time series data with visual canopy information via 
a late-fusion strategy. Unlike conventional feature stacking methods, the proposed architecture 
simultaneously models spatio-temporal interactions, enabling accurate discrimination of eight standard 
rice growth stages and supporting environmentally conscious decision-making in vertical farming 
applications.  
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II. Method and Material 
To implement this study, a proposed IoT-based vertical rice farming system with artificial intelligence was 
designed. The overall system design is shown in Fig. 1, which consists of layered or tiered cultivation layers, 
real-time monitoring, and intelligent decision-making based on the data patterns received. 

 

 
Fig. 1. IoT-based vertical farming architecture integrated with artificial intelligence for 

precision rice cultivation. 
 

With the proposed system, as shown in Fig. 1, this research will develop an IoT and AI-based vertical 
farming architecture that supports precision farming in limited land areas, such as urban areas. The layered 
vertical growth structure is equipped with distributed IoT sensors to record environmental parameters, 
including temperature, humidity, nutrient concentration, and water level, while image scanning devices 
continuously monitor photos of rice plants. Sensor and image data are sent to edge controllers UP for local 
control and forwarded to a cloud-based platform for high-level processing. Deep learning techniques are 
used to analyze rice growth by combining visual phenological features extracted from plant images with 
temporal patterns obtained from sensor data. The resulting multimodal insights are used by a decision-
support system to automatically regulate irrigation, nutrient delivery, and artificial lighting via a closed-
loop control mechanism. The contributions of this work remain threefold in the way that real-time 
multimodal IoT sensing and deep learning driven decision making are integrated in a vertical rice 
cultivation system, which allows for fine-grain growth monitoring and adaptive control that goes beyond 
what has been studied in conventional paddy farming or even existing vertical farming studies. 

 

2.1 Proposed hybrid deep learning framework 
This study proposes the use of hybrid deep learning techniques to provide a comprehensive method 
framework that does not interfere with IoT zoning and, at the same time, integrates all rice plant growth-
stage data. Fig. 2 shows that the process flow for this methodology comprises four main stages: Data 
Collection and Construction, Data Pre-processing, Multi-input Model Development and Training, and Model 
Evaluation and Implementation. Each stage aims to optimize how information is extracted from features, 
integrated with other data sources added on top, and how performance in predictive tasks can be improved 
through real-time monitoring in a controlled vertical farming environment. 
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Fig. 2. The workflow of the proposed multimodal deep learning framework for 

classifying rice growth stages using IoT sensor data and image data. 
 
The hybrid CNN-LSTM algorithm is the focus of the research illustrated in Fig. 2. CNNs are used for image 
processing, while LSTMs analyze sensor-based time series data via a concatenation-based late-fusion 
mechanism. Thus, this combined model can capture spatio-temporal patterns. This not only speeds up 
evaluation in rice but also improves its accuracy, at least for rice. With various model architectures in deep 
learning, this study uses different temporal and spatial representations to produce better results. Unlike 
previous studies based on a single deep learning architecture, such as CNN [25], the new hybrid framework 
in this study has several advantages in plant phenotyping. Its performance exceeds those types but 
combines strengths more optimally for spatial and temporal modeling. Further research focuses on the best 
interaction between two data modes: RGB images and environmental parameters. This results in more 
accurate classification of rice growth stages. In the field of vertical farming, this study also combines pre-
trained CNNs (VGG19, Xception, MobileNet, and ResNet) with trainable initial layers, global average 
pooling, and dense layers specific to growth stages. These changes enable the model to better identify useful 
spatial features and improve the classification precision of rice growth stages under controlled vertical 
farming conditions. 
 

2.2 Data Acquisition and Construction  
From the vertical farming system equipped with IoT sensors installed in strategic positions and high-
resolution RGB cameras, two sets of data (multimodal data) were collected. On the one hand, daily image 
data were obtained from canopy-level RGB cameras. This data is recorded from day 0 to approximately 120 
days after planting and displays the visual development of rice growth in images taken from a top or side 
view of the plants growing from the bottom up. On the other hand, sensor data consists of sequential, time-
stamped measurements from fixed locations around the canopy. The six parameters measured were air 
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temperature T(t), relative humidity H(t), photosynthetically active radiation PAR(t), soil moisture SM(t), 
and water pH pH(t), all measured every ten minutes by a microcontroller-based data logger (NodeMCU 
ESP32). A total of 13,583 labeled images of rice plants collected from conventional rice fields were included 
in the dataset, each with a unique name for its growth stage. A parallel set containing 14,681 sensor data 
points was obtained from an IoT vertical farming model. Over a period of 122 days from initial planting, 
this device recorded pH, water levels, light intensity, ambient temperature, air humidity, soil moisture 
percentage, and soil pH. Data was collected from a vertical farming system equipped with strategically 
installed IoT sensors and high-resolution RGB cameras. The multimodal dataset consists of two primary 
sources: (1) image data, acquired daily from canopy-level RGB cameras from day 0 to approximately day 
120 after planting, capturing the visual progression of rice growth, and (2) sensor data, consisting of 
continuous time-series measurements of environmental parameters, including air temperature T (t), 
relative humidity H (t), photosynthetically active radiation PAR (t), soil moisture SM (t), and water pH pH 
(t), recorded at fixed 10-minute intervals using microcontroller-based data loggers (NodeMCU ESP32). The 
available data set includes 13,583 rice plants marked as normal growing plants during the normal growth 
period, and the imaging blocks were taken in 8 rows. In addition, 14,681 sensor data points were collected 
from Internet of Things (IoT) devices embedded in the vertical farming model. These devices continuously 
monitored environmental factors affecting plant growth for up to 122 days after initial planting, when they 
stopped operating to report their findings: time, water pH level, typology, softness, magnitude of force, light 
intensity, spectrum range, and temperature at the boundary between air and soil. However, their reports 
this time were misleading. In foreign words without English equivalents, this was not very helpful before 
computers became commonplace about two decades ago — the original author mentions that it has been 
left as an unsolvable technical problem. The company also does not allow valid sources/validations for its 
reports. To prevent this problem, researchers must develop appropriate safeguards although if an 
unavoidable malfunction occurs, then everything will be lost, as it has already caused chaos in the research. 
The collected data needs to be checked for potential problems such as missing values, anomalies, and 
inconsistencies. This is an important pre-processing step before proceeding to the next stages of analysis 
and model formation. Each pair of synchronized image and sensor time-series data is labeled according to 
two criteria: Days After Planting (DAP), representing the temporal progression of plant development, and 
Growth Stage, categorizing each sample into one of eight standard rice growth phases Seedling, Early 
Vegetative, Maximum Tillering, Panicle Initiation, Booting, Grain Filling, Maturity, and Harvest with DAP 
serving as the primary reference [26], [27], [28]. 

 
Fig. 3. The growth stages of rice plants from seedling to harvest. 

 
Table 1, the rice plants' growth stages, the physiological and environmental traits of each stage, 

suitable temperature/humidity regime, light condition and water/nutrient requirements (can be 
implemented in the proposed vertical rice cultivation system) for vertical rice farming. 
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Table 1. Environmental Requirements of Rice at Different Growth Stages [29], [30]. 
 

Growth Stage 
(Days After 

Planting) 

Plant 
Characteristics 

Optimal Conditions 
Water & Nutrient 

Requirements 

Nursery (0–14 DAP) Height 5–15 cm, 
young green leaves 

Temp: 25–30 °C; Humidity: 
80–90%; Light not crucial 

Saturated but not 
flooded, low nutrients 

Early Vegetative 
(14–25 DAP) 

1–3 tillers, 15–30 cm, 
bright green leaves 

Temp: 25–32 °C (day), 20–
25 °C (night); Humidity: 70–

85%; Light: 10–12 h, 
medium intensity 

Shallow water (2–5 
cm), high nitrogen 

(N) 

Maximum Tillering 
(25–45 DAP) 

5–20 tillers, 30–55 
cm, dark green leaves 

Temp: 28–34 °C (day), 22–
26 °C (night); Humidity: 65–

80%; Light: 12–14 h, high 
intensity 

±5 cm water depth, 
high nitrogen 

Panicle Initiation 
(45–55 DAP) 

Tillering stabilizes, 
50–65 cm, dark green 

leaves 

Temp: 25–30 °C; Humidity: 
65–75%; Light: 12 h optimal 

Stable water ±5–10 
cm, need for P & K 

increases 

Booting (55–70 
DAP) 

65–80 cm, grain 
initiation, green-

yellow leaves 

Temp: 25–32 °C; Humidity: 
65–75%; Light: 12 h full 

Stable water ±5–10 
cm, high P & K 

demand 

Grain Filling (70–95 
DAP) 

75–95 cm, yellowing 
leaves, grains filling 

Temp: 24–28 °C; Humidity: 
60–70%; Light: 12 h 

Shallow water (2–5 
cm), focus on 
potassium (K) 

Maturation (95–115 
DAP) 

Yellow dominant 
leaves, grains 

hardening 

Temp: 20–27 °C; Humidity: 
50–65%; Light important for 

drying 

Reduce water, initiate 
field drying 

Pre-Harvest (>115 
DAP) 

Dry yellow leaves, 
hard grains 

Temp: 20–27 °C; Humidity: 
50–60%; Light not crucial 

Stop irrigation 7–10 
days before harvest 

 
As shown in Table 1, each stage of rice plant growth requires a different environment for optimal growth. 

Leaf development and tillering can be observed from the seedling stage to the early vegetative stage, 
especially in shallow water conditions with high nitrogen availability. During the productive phase, 
especially in the early stages of panicle formation, phosphorus and potassium requirements are very high 
and depend on water availability above critical levels for optimal panicle development. During the grain-
filling phase, potassium becomes the primary nutrient that determines grain size and weight as water 
availability decreases during the ripening-to-pre-harvest phase for drying and/or hardening. 
Understanding the unique nutrient requirements of plants at various stages of development is a key factor 
in achieving efficient resource use and increased crop production and quality, which are the foundation of 
a sustainable conventional agricultural system. 

The database contains a collection of high-resolution images taken directly from multiple paddy fields 
at all eight normal growth stages (Seedling, Early Vegetative, Late Vegetative, Maximum Tillering, Panicle 
Initiation, Booting, Early Grain Filling, and Maturity/Harvest). Such labelled images lay a solid foundation 
for supervised deep learning, enabling models to grasp spatial features and the temporal progression of 
rice growth stages, which is instructive for classifying rice growth stages in real field practice. 

Measurements were taken in an indoor vertical rice farm equipped with an IoT-connected 
environmental sensor network installed for continuous, autonomous operation. The sensor system 
collected information about the environment on a very detailed time scale over five months to create a data 
series with high temporal resolution (number of measurements per unit of time), which is ideal for 
temporal analysis and predictive modeling. Each sensor unit was designed to measure seven key 
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parameters related to microclimate regulation and plant physiological response, including irrigation water 
pH (ph_water), light intensity (light), air temperature (temperature), ambient relative humidity 
(humidity_ambient), soil moisture on an ADC scale (humidity_soil), soil pH (soil ph), and categorical 
variables [description] that indicate qualitative terms for measured variables, such as “moist” for soil. 

 
Table 2. Descriptive statistics of environmental sensor variables 

Variable Mean 
Standard Deviation 

(SD) 
Min Max 

Water pH (ph_water) 7.47 1.11 4.50 18.50 
Light (light) 554.91 1325.50 0.00 24385.83 

Air Temp (°C) (temperature) 28.98 2.03 23.60 38.30 
Ambient RH (%) (humidity_ambient) 83.74 9.63 51.00 100.00 

Soil Moisture (ADC) (humidity_soil 1887.52 286.13 510.00 4095.00 
Soil pH (ph_soil) 5.16 0.28 3.00 6.50 

 
Table 2: Descriptive statistics of the environmental parameters in an indoor rice vertical farming 

system throughout a five-month monitoring period. The Dataset is a time series in minute level and 
includes the Real-time measurements from IoT-Based sensors such as PH of irrigation water (ph_water), 
soil pH(ph_soil), air temperature (temperature) (in Celsius), humidity_ambient (in Percentage), humidity 
of soil/pathway (soil_humidity) in ADC units and light intensity (light). The minimum, maximum, mean, 
and standard deviation values are provided as reported metrics to indicate the range of variability in 
microclimatic conditions within the controlled cultivation house. In Table 2 presents environmental 
parameters recorded in real-time, including: time, water pH, light intensity, ambient temperature, air 
humidity, soil moisture, soil pH, and soil condition description. Formally, let 𝑋𝑖 = {𝑋𝑖 , 𝑆𝑖  (𝑡)} represent the 
𝑖 − 𝑡ℎ data sample, where 𝐼𝑖  is the image tensor and 𝑆𝑖  (𝑡) is the corresponding time-series sensor vector 

over time t. The dataset is thus represented as 𝔇 = {(𝑋𝑖𝑦𝑖)}
𝑁

𝑖=1
  where 𝑦𝑖  ∈ = {1, 2, 3 … .8}  denotes the 

annotated growth stage. This labeled multimodal dataset provides a robust foundation for supervised 
learning tasks, including the classification of rice growth stages and modeling of plant development 
dynamics. 
 

2.3 Data Processing 
Data pre-processing was done independently in each data modality to maintain input fidelity and model 
preparedness. In the case of image data, all pixel values were divided by 255 to be normalized between 0 
and 1, and all images were resized to a resolution of 224 × 224 for uniformity with pre-trained CNN 
architectures’ input dimensions. During training, we applied data augmentation to the training set in order 
to improve generalization and reduce overfitting; we used the Augmentations library to implement random 
rotations (±450), horizontal/vertical flipping, zoom, and brightness/contrast transformations. For time-
series sensor-level data, preprocessing included data cleaning (removal of missing values and outliers) 
using an appropriate interpolation scheme and feature normalization (μ is the mean and σ is the standard 
deviation) to stabilize training and speed up convergence. 

The sensor sequences were then segmented and temporally aligned with the timestamps of the 

corresponding images, forming coherent multimodal input samples.  for the model, where  

is the image tensor and is the sensor vector over time t. Finally, the preprocessed dataset 

 was stratified into three subsets to preserve proportional class distributions: Training Set 
(70%) to fit models, Validation Set (15%) for hyperparameter tuning and monitoring training process as 
well as testing, and Testing Set (15%), which we kept completely unseen until final evaluation. These 
extensive preprocessing steps result in spatial and temporal features being carefully normalized, augment, 
and synchronize spatial and temporal features, providing high-quality inputs for the hybrid CNN-LSTM 
architecture. 
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2.4 Hybrid Multi-Input Model Architecture 
The core of the proposed framework is a Multi-Input Hybrid Deep Learning model that combines two 
different processing branches. The image data path takes canopy images as input and employs a pre-trained 
CNN as a spatial feature extractor. Four backbone architectures, VGG19, Xception, MobileNet, and ResNet50, 
are explored and compared. In all cases, the original classifier (top layers) is removed (include_top=False), 
yielding a high-level feature map. 𝑭𝐼𝑚𝑔  That encodes the visual characteristics of the rice canopy. A 2D 

Global Average Pooling layer follows the base model to convert the feature map into a compact 1D feature 
vector. Ѵ𝐼𝑚𝑔𝜖 ℝ𝑑 The sensor data path receives environmental time-series data as input and utilizes an 

LSTM layer to capture temporal dependencies. LSTM is specifically chosen for its capability to learn and 
retain long-term sequential patterns, modeling the temporal dynamics of environmental factors that 
influence plant growth. The resulting temporal feature vector is denoted as Ѵ𝑠𝑒𝑛𝑠𝑜𝑟𝜖 ℝ𝑘. 

The fusion and classification stage concatenates the spatial and temporal vectors into a multimodal 
representation. Ѵ𝑠𝑒𝑛𝑠𝑜𝑟 = [Ѵ𝐼𝑚𝑔;  Ѵ𝑠𝑒𝑛𝑠𝑜𝑟], which is then passed through a series of fully connected (Dense) 

layers to learn complex non-linear correlations between visual and temporal features. The final output 
layer is a Dense layer with softmax activation, producing a probability distribution over the eight rice 
growth stages: 

 

ŷ = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊. Ѵ𝑓𝑢𝑠𝑖𝑜𝑛 + 𝑏), ŷ ∈ ℝ8      (1) 

           
The final classification layer, defined by Equation 1, maps the combined multimodal feature 

representation to a probability distribution in the rice-plant growth class phase. The fusion feature matrix 
is obtained by combining spatial features extracted by the CNN backbone with temporal features modeled 
by the LSTM branch. This design allows simultaneous spatial-temporal learning from image data and 
environmental sensor data. The task is multi-class classification with a single label where each sample 
belongs to one of eight predefined rice-plant growth stages. Hence, the SoftMax activation function is used. 
Consequently, the output space can be succinctly described as  ŷ ∈ ℝ8 , referring to the eight agronomic 
phenological categories used in this study. The bias vector b and weight matrix W in Equation (1) are not 
defined by hand. Rather, they are learned automatically during training using backpropagation. Cross-
entropy loss is utilized to probabilistically optimize the parameters. This formulation is mathematically 
equivalent to a SoftMax-based probabilistic output. All networks can adaptively optimize decision 
boundaries by simply employing gradients computed from the propagated loss through the CNN backbone, 
LSTM branch, and classification head.  

Where W and b are weights and biases that can also be learned from classification. This architecture 
facilitates the joint learning of spatial and temporal information, resulting in good classification accuracy 
for rice growth stages in IoT-connected vertical farming. The full process of this research flow is presented 
in Figure 4.  
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Fig. 4. Hybrid deep learning architecture for classifying eight phases of rice growth in 
an IoT-based vertical farming system 

 
The Hybrid Deep Learning model (a cascading CNN with LSTMs) is depicted in Fig. 4, where both spatial 
and temporal processing are performed concurrently. The purpose of this design is to improve the labeling 
accuracy, or prediction tasks of multimodal data while aggregating different visual features in images and 
temporal patterns extracted through sensor measurements [31], [32]. As illustrated in the proposed 
architecture, Branch 1 (CNN branch) is designed to process RGB images with a spatial resolution of 
224×224×3. The data is then convolved by multiple convolutional layers (Conv2D) and pooled by pooling 
layers (MaxPooling2D), which are flattened to be entered as input into a last ReLU-activated Dense layer, 
where stands for the activation function that extracts spatial characteristics. The output of branch 1 is 
output as the feature vector: 
𝐹(𝑥) =  𝜎(𝑊 ∗  𝑥 + 𝑏 )        (2) 

Here is a function that models the convolutional layers of a CNN to produce the feature map as output. 
The convolution is the result of applying a kernel (W) to the input (x), adding a bias term (b), and then 
applying a nonlinearity (σ), which yields a nonlinear feature map. In this work, the activation function (σ) 
is ReLU [33]. 

Branch 2 (LSTM branch) receives environmental data from Internet of Things (IoT) sensors, including 
light intensity, temperature, humidity, and pH. They are arranged as fixed-length temporal sequences for 
LSTM processing. Then the data are passed through a layer of 128 LSTM units for encoding temporal 
information. Let be the input sensor matrix with sequence length T and where d=6 is the number of sensor 
features (water pH, light intensity, air temperature, air humidity, soil moisture and soil pH). The LSTM 
branch employs 128 hidden units to provide sufficient capacity to model multi-channel environmental 
time-series data, while maintaining computational efficiency and stability. Meanwhile, the CNN side 
generates a compact 64D feature vector to preserve useful spatial information and alleviate overfitting. 
The multi-ordinal nature of this dimensionality enables the balanced blending of temporal and spatial 
representations in a balanced manner in the multimodal framework. The 128-unit LSTM produces a 128-
dimensional hidden state vector corresponding to the final time step, which serves as the temporal feature 
vector: 
𝐹𝐿𝑆𝑇𝑀 =  𝐿𝑆𝑇𝑀 (𝐸)  ∈ 𝑅128       (3) 

The outputs from both branches are subsequently fused using a concatenation operation to form a 
combined feature vector: 

𝐹𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 = 𝐶𝑜𝑛𝑐𝑎𝑡 (𝐹𝐶𝑁𝑁 , 𝐹𝐿𝑆𝑇𝑀 )  ∈ 𝑅192     (4) 
Here, the combined feature vector (𝐹𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑 ) (𝐹𝐶𝑁𝑁 , 𝐹𝐿𝑆𝑇𝑀 )  ∈ 𝑅192 is obtained by concatenating the CNN 
feature vector 𝐹𝐶𝑁𝑁 ∈ 𝑅64 and the LSTM feature vector 𝐹𝐿𝑆𝑇𝑀 =  𝐿𝑆𝑇𝑀 (𝐸)  ∈ 𝑅128 . This concatenated 
vector is fed to the classification module, which includes one or more Dense layers, and is finally connected 
to a SoftMax layer to output the predicted probability distribution over rice growth stage classes. All 
parameters are end-to-end optimized using cross-entropy loss and the Adam optimizer, so 
backpropagation updates both the CNN and LSTM weights. This joint optimization enables efficient 
learning of spatial–temporal correlations and is one of the key novelties in this work. This structure enables 
the model to fully exploit spatial information in images and temporal sequences from environmental 
sensors, resulting in higher accuracy in classifying rice growth stages for IoT-enabled vertical farming 
systems. This hybrid CNN–LSTM model can be formulated into an algorithm as follows: 
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Fig. 5. Hybrid multi-backbone CNN–LSTM algorithm for joint image and environmental 

data learning in rice growth stage prediction 
 
The hybrid model processes spatial and temporal information simultaneously, improving the accuracy and 
classification of rice growth stages in IoT-based vertical farming systems. 
 

2.1 Model Performance Evaluation 
The performance of the proposed deep models was quantitatively evaluated using several commonly used 
metrics, including overall accuracy (OA), precision, recall, F-1 score, and Intersection over Union (IoU). 

These metrics provide a comprehensive understanding of the model’s classification capability by 
capturing different aspects of prediction quality as explained in the following equations [31]: 

 

𝑂𝐴 =
∑𝑇𝑃+ ∑𝑇𝑁

∑𝑇𝑃+ ∑𝑇𝑁+∑𝐹𝑃+ ∑𝐹𝑁
       (5) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
∑𝑇𝑃

∑𝑇𝑃+∑𝐹𝑃
        (6) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
∑𝑇𝑃

∑𝑇𝑃+∑𝐹𝑁
        (7) 

𝐹1 = 2 𝑥 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+ 𝑅𝑒𝑐𝑎𝑙𝑙
       (8) 

𝐼𝑜𝑈 =
𝑇𝑃

𝐹𝑃+𝑇𝑃+𝐹𝑁
        (9) 

 
The classification performance of the proposed hybrid CNN–LSTM model was quantitatively evaluated 

based on a set of classic evaluation metrics: Overall Accuracy (OA), Precision, Recall, F1-score (F1), and 
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Intersection over Union (IoU), which can be calculated as in Equations (5) – (9). Accuracy (AC) is the ratio 
of correctly classified specimens, including true positives (TP) and true negatives (TN), to the total number 
of samples. Precision is the proportion of true positives among all predicted positives, and Recall is the 
proportion of true positives among all actual positives. As is shown in this figure, the F1-score, 
representing the harmonic mean of precision and recall, provides a well-balanced measure of the model’s 
classification performance. Moreover, IoU serves as a tighter measure in terms of the amount of predicted 
class overlap with ground-truth classes and further complements other metrics by assessing the extent to 
which the two methods agree at both class-wise and whole-framework levels. 

 

III. RESULTS 
The results of the experiments indicate the efficiency of our hybrid CNN–LSTM architecture. Across all 
investigated backbone architectures, combining CNN with an LSTM outperformed the pure CNN baseline. 
Over the variants, VGG19–LSTM performed best overall, with a macro F1-score of ∼ 0.96. In the early and 
late stages of growth, this approach achieved close-to-perfect (0.9) performance; for more complex 
intermediate stages, such as Panicle Initiation and Booting, it remained strong, achieving macro-average 
F1-scores above 0.89 across all growth stages. As shown in Table 3, with only 30 training epochs, the hybrid 
CNN–LSTM method is superior to the baseline model (CNN-only) for all backbone models (Mobile Net, 
ResNet50, VGG19, and Exceptions), which again demonstrates the effectiveness of combining temporal 
sequence learning with convolutional feature extraction. All precision, recall, F1-score, and IoU ratios 
reported in Table 3 are macro-averaged for all stages of rice plant growth. A row is a tuple (precision-macro 
avg., recall-macro avg., F1-score-macro avg., IoU) per class ratio. Performance measurements are 
computed separately for each growth stage and then averaged to obtain an overall estimate that gives equal 
weight to all classes. This enhancement is most significant in the context of rice growth-stage categorization, 
as subtle morphological differences across transition phases require models that capture both spatial and 
temporal dynamics. Evaluations show that multimodal fusion always brings improvements in accuracy, 
precision, recall, and F1-score overall growth stages. The VGG19–LSTM was the best choice of all proposed 
variants, since it had 0.96 as a macro F1-score. This implies that incorporating temporal sensor data 
provides complementary information for classification, especially during phenologically complex stages. 

 

Table 3. Performance comparison of CNN-based and hybrid CNN–LSTM models for 
rice growth stage classification, reported as macro-averaged precision, recall, F1-

score, and IoU across all growth stages. 

No 
Model  
Backbone 

Overall  
Accuracy (OA) 

Average 

Precision  Recall  F1-Score  IoU  

1 CNN 83.45% 0.85 0.77 0.73 0.58 

2 MobileNet 91.57% 0.94 0.92 0.92 0.83 

3 ResNet50 84.21% 0.82 0.84 0.82 0.69 

4 VGG19 91.68% 0.92 0.92 0.92 0.83 

5 Xception 90.55% 0.92 0.91 0.91 0.82 

6 CNN+LSTM 89.47% 0.89 0.88 0.88 0.78 

7 MobileNet+LSTM 93.02% 0.94 0.94 0.95 0.86 

8 ResNet50+LSTM 92.48% 0.94 0.94 0.94 0.85 

9 VGG19 + LSTM 96.64% 0.97 0.97 0.97 0.92 

10 Xception+LSTM 95.20% 0.95 0.95 0.95 0.89 
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 Table 3 presents the quantitative evaluation of each model architecture. The superior 
performance of the hybrid CNN–LSTM models compared to their CNN-only counterparts in all evaluation 
metrics is an indicator of the benefit gained when integrating temporal (environmental: via LSTM) and 
spatial (visual: through CNN) information. From the hybrid structures, VGG19–LSTM performed the best 
in all respects: 96% of accuracy, macro F1-score 0.96, and high IoUs (up to 0.92 on key classes). Mobile Net 
and LSTM with ResNet50 and LSTM also achieved very high-performance levels, with accuracies of up to 
94%. The Xception model with LSTM is reported to have an accuracy of 93%. This confirms that the 
advantages of the hybrid framework generalize well across different CNN backbones. On the other hand, 
single CNNs achieved lower accuracy, ranging from 75% (plain CNN) to 92% (Mobile Net CNN). The 
difference in performance is particularly noticeable when comparing VGG19 (88%) to its hybridized 
variant, which achieves 96%, corresponding to an 8% performance increase. These findings show that 
spatial visual clues alone are insufficient to differentiate growth stages with similar shapes, and a hybrid 
approach may help in effectively integrating multimodal spatial and temporal information.  The detailed 
classification results for all tested architectures across the eight growth stages in rice (Seedling, Early 
Vegetative, Maximum Tillering, Panicle Initiation, Booting, Early Grain Filling Maturity, and Harvest) are 
listed in Table 4. The reported stats include Overall Accuracy (OA), Precision, Recall, F1-score, and IoU, 
which provide an overall assessment of the model. 

 

Table 4. Summary of evaluation metrics for all model architectures 

Class No 
Overall  
Accuracy 

Precision Recall F1-Score IoU 

Seedling 

1 0.82 0.99 0.92 0.96 0.92 

2 0.91 0.99 0.97 0.98 0.96 

3 0.79 0.90 0.86 0.88 0.79 

4 0.94 0.97 0.95 0.96 0.93 

5 0.9 0.98 0.96 0.97 0.94 

6 0.92 0.99 1 0.99 0.98 

7 0.95 1 1 1 1 

8 0.93 0.99 0.99 0.99 0.98 

9 0.97 1 0.99 0.99 0.99 

10 0.96 1 0.99 0.99 0.99 

Early Vegetative 

1 0.82 0.92 0.97 0.95 0.90 

2 0.91 0.96 0.99 0.98 0.96 

3 0.79 0.86 0.945 0.90 0.82 

4 0.94 0.95 0.98 0.96 0.93 

5 0.9 0.96 0.98 0.97 0.94 

6 0.92 0.98 0.98 0.98 0.96 

7 0.95 1 1 1 1 

8 0.93 0.99 1 0.99 0.99 

9 0.97 1 1 1 1 

10 0.96 1 0.99 0.99 0.99 

Maximum Tillering 

1 0.82 0.91 0.71 0.80 0.67 

2 0.91 0.96 0.83 0.89 0.81 

3 0.79 0.70 0.78 0.74 0.59 

4 0.94 0.94 0.82 0.87 0.78 
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Class No 
Overall  
Accuracy 

Precision Recall F1-Score IoU 

5 0.9 0.89 0.85 0.87 0.78 

6 0.92 0.96 0.80 0.87 0.77 

7 0.95 0.95 0.90 0.93 0.87 

8 0.93 0.95 0.90 0.93 0.86 

9 0.97 0.98 0.94 0.96 0.92 

10 0.96 0.94 0.88 0.91 0.84 

Panicle Initiation 

1 0.82 0.81 0.88 0.84 0.73 

2 0.91 0.93 0.92 0.93 0.87 

3 0.79 0.85 0.76 0.80 0.66 

4 0.94 0.88 0.89 0.88 0.79 

5 0.9 0.93 0.92 0.92 0.86 

6 0.92 0.94 0.92 0.93 0.87 

7 0.95 0.95 0.92 0.94 0.89 

8 0.93 0.94 0.94 0.94 0.89 

9 0.97 0.91 0.97 0.94 0.89 

10 0.96 0.95 0.92 0.94 0.88 

Booting 

1 0.82 0.78 0.40 0.53 0.36 

2 0.91 0.844 0.92 0.88 0.79 

3 0.79 0.76 0.72 0.74 0.59 

4 0.94 0.83 0.87 0.85 0.74 

5 0.9 0.84 0.84 0.84 0.73 

6 0.92 0.75 0.95 0.84 0.72 

7 0.95 0.88 0.90 0.89 0.80 

8 0.93 0.96 0.91 0.94 0.88 

9 0.97 0.99 0.89 0.94 0.89 

10 0.96 0.90 0.85 0.87 0.78 

Early Grain Filling 

1 0.82 0.85 0.15 0.26 0.15 

2 0.91 0.81 0.75 0.78 0.64 

3 0.79 0.58 0.71 0.64 0.47 

4 0.94 0.70 0.69 0.69 0.53 

5 0.9 0.80 0.75 0.77 0.63 

6 0.92 0.80 0.46 0.58 0.41 

7 0.95 0.82 0.84 0.83 0.71 

8 0.93 0.87 0.86 0.87 0.77 

9 0.97 0.88 0.89 0.89 0.80 

10 0.96 0.77 0.89 0.83 0.71 

Maturity 

1 0.82 0.40 0.98 0.57 0.40 

2 0.91 0.85 0.94 0.89 0.81 

3 0.79 0.89 0.69 0.78 0.63 

4 0.94 0.82 0.86 0.84 0.72 
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Class No 
Overall  
Accuracy 

Precision Recall F1-Score IoU 

5 0.9 0.86 0.94 0.90 0.82 

6 0.92 0.67 0.88 0.76 0.62 

7 0.95 0.91 0.94 0.93 0.87 

8 0.93 0.87 0.96 0.91 0.84 

9 0.97 0.90 0.94 0.92 0.85 

10 0.96 0.92 0.92 0.92 0.86 

Harvest 

1 0.82 0.98 1 0.99 0.98 

2 0.91 0.98 1 0.99 0.98 

3 0.79 0.95 0.96 0.96 0.92 

4 0.94 0.97 1 0.98 0.97 

5 0.9 0.98 1 0.99 0.98 

6 0.92 0.99 0.99 0.99 0.98 

7 0.95 0.99 1 0.99 0.99 

8 0.93 0.97 0.98 0.9 0.9 

9 0.97 0.98 1 0.99 0.98 

10 0.96 0.98 1 0.99 0.98 

*1. CNN; 2. MobileNet; 3. ResNet50; 4. VGG19; 5. Xception; 6. CNN+LSTM; 7. MobileNet+LSTM; 8. 
ResNet50+LSTM; 9. VGG19+LSTM; 10. Xception+LSTM 
 
The results obtained in the experiments on all model variations demonstrate that our tensor-based CNN–
LSTM framework outperforms CNN-only baselines. CNN-only showed moderate performance, with the 
best classification accuracy ranging from 75% (CNN) to 91% (CNN-Xception). These models frequently 
failed at the intermediate growth stage (e.g., Booting, Grain Filling) to some extent, due solely to limitations 
in visual features. CNN–LSTM models performed better than CNN-only networks, achieving 88% and 96% 
accuracy (CNN-LSTM and VGG19-LSTM, respectively). This improvement was particularly evident in the 
difficult stages (e.g., at Booting and Grain Filling), where the temporal sensor's characteristics 
complemented those based on visual features.  In the case of hybrids, VGG19-LSTM achieved the best 
results with 96% accuracy, a macro-F1 score of 0.96, and an IoU of 0.92, making it the best-performing 
backbone.MobileNet-LSTM and ResNet50-LSTM also delivered strong results (accuracy of 94%), 
confirming the strength of our hybrid approach across low-depth and deep architectures. We observe that 
the margin between 88% and 96% for VGG19-only vs. VGG19-LSTM is substantial. This 8% increase shows 
that it is very important to include environmental factor signals from temporal data in order to distinguish 
growth stages that are visually difficult to differentiate.  To provide a more detailed description of the 
classification character, confusion matrix plots were generated for the best models (Figure 4). These 
visualizations allow a straightforward comparison between the CNN-only baseline (VGG19) and its hybrid 
extension with LSTM. Comparing both panels, we clearly see the potential to integrate temporal features in 
order to reduce misclassification, especially at similar early stages. 
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(a) 

 
(b) 

Fig. 6. Confusion matrices with VGG19 backbone: CNN-only (a) vs. CNN–LSTM (b), 
where the hybrid model reduces misclassification and improves accuracy. 

 
As presented in Table 3 and Table 4, the VGG19–LSTM hybrid performed well (the best overall accuracy 
as well as being more balanced across metrics). For example, Figure 4 shows the confusion matrices for the 
VGG19 backbone, contrasting the CNN-only and CNN–LSTM models. The reduced misclassification between 
morphologically close stages is visualized, thereby validating the quantitative improvements reported in 
Tables 3 and 4. 

 
Fig. 7. Training and validation CNN VGG19 baseline model 

 
Performance of baseline CNN VGG19 is shown in Fig. 6. There is a consistent linear increase of the training 
and validation accuracy towards higher epochs, while validation still converges at around 0.86. The trained 
loss and the validation losses are all down, and the two curves still maintain a significant gap. These results 
suggest that, despite the model effectively learning important characteristics, the moderate validation 
accuracy is due to slight underfitting, indicating only a limited ability to generalize. 
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Fig. 8. Training and validation CNN VGG19–LSTM hybrid model 

 
In contrast, Fig. 8 illustrates the behavior of the VGG19–LSTM hybrid CNN model used in this study, which 
yields better results. Training and validation accuracy exceed 0.95 with close-fitting curves, indicating 
better accuracy and generalization capabilities compared to the baseline model. Similarly, training and 
validation losses decreased to 0.1–0.2, with a very similar growth trend. These results suggest that 
integrating an LSTM helps the model capture information across time-steps, thereby lowering classification 
error for rice transition stages with small differences.  
Qualitative prediction examples. Along with the tables and confusion matrices, we present qualitative 
prediction examples to give an idea of how well our model works in practice. Example input and ground 
truth/predicted class images are shown in Fig. 9 (which also shows the correct classification, including 
typical misclassified cases). The template is used to format your paper and style the text. All margins, 
column widths, line spaces, and text fonts are prescribed; please do not alter them. You may note 
peculiarities. For example, the head margin in this template measures proportionately more than is 
customary. This measurement and others are deliberate, using specifications that anticipate your paper as 
one part of the entire proceedings, and not as an independent document. Please do not revise any of the 
current designations. 
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Fig. 9. Qualitative prediction results of the proposed VGG19+LSTM model 
 
Fig. 9, qualitative prediction of the proposed VGG19+LSTM model (Overall Accuracy = 96.64%, F1-Score = 
0.97, IoU = 0.92). The top row shows correctly classified samples across four rice growth stages (Seedling, 
Early Vegetative, Panicle Initiation, and Harvest), whereas the bottom row shows misclassifications such 
as Booting as Maturity, Maximum Tillering as Early Vegetative, and Maturity as Booting. This visual 
presentation demonstrated the model’s capability to represent stages of rice plant growth and, at the same 
time, its limitation in discriminating morphologically similar stages. 
 

IV. DISCUSSION 
The experimental results demonstrate the effectiveness of fusing temporal sensor information with spatial 
visual features for rice growth-stage identification in IoT-oriented vertical farming.  For all tested 
backbones, the hybrid CNN–LSTM architectures achieved superior performance compared to their CNN-
only counterparts, indicating the significance of sequential environment information that cannot be fully 
represented by images alone. This provides supporting evidence that multimodal fusion is a fundamental 
technique for fine-grained phenological classification. 
One of the major drawbacks of CNN-only models was frequent confusion between morphologically similar 
stages, for instance, Booting vs Maturation, and Early Grain Filling vs Panicle Initiation. This limitation is 
manifested quantitatively through lower recall and F1-score for these phases, as well as qualitatively in 
the confusion matrices. These data indicate that visual features are necessary but not sufficient for fine 
discrimination of phenological processes. These errors were reduced in the proposed hybrid CNN–LSTM 
models by leveraging temporal relations (e.g., cumulative thermal exposure and humidity cycles), which 
provide contextual information required to discriminate stages with similar visual pattern features. 
 In addition, the simpler models, such as VGG19 and LSTM, also performed well, with OA of 96.64%, 
F1 score of 0.97, and IoU of 0.92, among other methods implemented in this study.  These models also 
showed that their sulcus segmentation performance was superior to that of classical deep learning 
architectures. Their high performance lies in the deep hierarchical feature extraction of VGG19, which 
synergizes with motion information to produce highly discriminative spatio-temporal representations. In 
addition, MobileNet and LSTM, as well as ResNet50 + LSTM, achieved competitive results with an accuracy 
(OA) of over 93%, indicating that the improvement in performance was not driven by a single backbone 
but by hybrid models. These results further support the use of CNN-LSTM fusion, a generally applicable 
approach for plant growth stage classification. 
 The VGG19 and LSTM models are robust because their training paths are stable: both the training 
and validation loss curves converge without signs of overfitting. Suffice it to say that for a smart farming 
system to function in the real world, it must be stable enough to support common operations such as 
automatic irrigation, nutrient supply, and harvest timing. Further qualitative evaluation confirms that the 
model successfully handles extreme cases, but residual errors are observed during transition periods with 
subtle phenotypic changes and strong temporal signals. 
 This study provides results showing that the hybrid CNN and LSTM model, tested on spatial and 
temporal data from rice plants, is a reliable and efficient technique for monitoring details of rice growth 
stages under controlled conditions. The next step for future research is to develop this model in data modes 
such as hyperspectral imagers, soil nutrient sensors, or real-time weather inputs. Moreover, it is possible 
that an attention mechanism can be added for dynamically weighting the contributions of spatial features 
and temporal features to better performance of the model in real-world applications or interpretation. 
 

V. CONCLUSION 
The results of this work indicate that a convolutional neural network combined with a long short-term 
memory-based deep learning method can be used to classify rice growth stages in an IoT-based vertical 
farm, and that combining RGB canopy image features with temporal environmental sensor information 
reliably capture the spatio-temporal dynamics of plant growth. Experimental results show that the VGG19 
and LSTM variants exhibit peak performance (96.64% accuracy, 0.97 macro-F1 score, and 0.92 IoU), 

http://www.svedbergopen.com/


www.svedbergopen.com                                 International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.3s, 2026                                                                                                                                                                  19 

significantly better than the CNN-only baseline and other backbones (MobileNet, ResNet-50, VGG-19, 
Xception), while the multimodal hybrid approach systematically reduces classification errors, especially in 
visually similar stages such as Booting and Grain Filling. These results demonstrate that combining camera-
based sequences and sensors can perform detailed phenological classification and provide automated, 
customized monitoring for irrigation scheduling, nutrient management, or harvest planning in vertical 
farms, ultimately contributing to sustainable vertical farming. In addition to high accuracy performance, 
the proposed approach has the potential to develop solutions that can be applied in real-time smart 
agriculture, in order to promote precision agriculture in scenarios with limited land and resources, while 
opening up opportunities for future research in integrating other modes such as hyperspectral images or 
soil nutrient sensors, as well as attention mechanisms to achieve improved performance and insights. 
Overall, this contribution provides new and practical insights into the development of smart farming 
systems and global food security. 
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