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Abstract: The study presents a system framework by which cloud resources are utilized to analyze 

crop germination status in a 2U CubeSat. The research aims to address the onboard computing 

constraints in nanosatellite missions to boost space agricultural practices. Through the ESP-NOW 

technology, communications between ESP-32 modules were established. The corresponding sensor 

readings and image data were securely streamed through AWS IoT to an ESP-NOW receiver and 

Roboflow. Real-time plant growth predictor monitoring was implemented through the web 

application provisioned at the receiver end. On the other hand, sprouts on germination bed were 

determined through the custom-trained Roboflow computer vision model. The feasibility of remote 

data computational analysis and monitoring for a 2U CubeSat, given its minute form factor, was 

successfully demonstrated through the proposed cloud framework. The germination detection model 

resulted to an mAP, precision, and recall of 99.5%, 99.9%, and 100.0% respectively. The temperature, 

humidity, heat index, LED and Fogger states, and bed sprouts data were shown in real-time through 

a web dashboard. With this use case, immediate actions can be done accordingly when abnormalities 

occur. The scalability nature of the framework allows adaptation to various crops to support 

sustainable agricultural activities in extreme environments such as space farming. 

Keywords: cloud computing; computer vision; crop germination; CubeSat; Internet of Space Things; 

microgravity; space farming 

 

1. Introduction 

The rapid expansion of space exploration into new areas has created a growing need for new 

technologies and methods that can support human life in space. In the past, space exploration was 

mostly controlled by big government agencies like NASA and the European Space Agency (ESA). 

However, this is changing. The development of small, affordable satellites called CubeSats has played 

a big role in this shift. CubeSats are small, typically measuring 10x10x10 cm, and its simple and 

modular design makes it accessible to a wide range of groups, including universities, private 

companies, and even smaller countries. This has opened up space research to more people, allowing 

a wider variety of participants to contribute to space science and exploration [1]. 

One of the most promising applications of CubeSats lies in astrobiology, specifically the study 

of plant biology in microgravity. As humanity looks towards long-term space missions, including 

potential inhabitation on the Moon, Mars, and beyond, understanding the biological responses of 

plants in space environments is critical. Plants are fundamental to life support systems in space, 

providing oxygen, food, and psychological benefits to astronauts [2]. However, microgravity has 

been shown to influence various physiological processes in plants, including seed germination, 

growth, and reproduction. Research conducted on the International Space Station (ISS) has 

demonstrated that while seeds can germinate in microgravity, the absence of gravity affects the 

orientation, root growth, and overall morphology of the plants, raising questions about how best to 

support plant life in space [3]. To advance our understanding of seed germination in microgravity, it 

is essential to develop sophisticated experimental platforms that can replicate the environmental 
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conditions of space while providing the necessary support for biological studies. CubeSats, with their 

small size and modular design, offer an ideal platform for such experiments [4,5]. However, its 

payload standard attributes constrain onboard computing and storage functions. Thus, restraining 

precise and real-time control of environmental factors such as temperature, humidity, and light to 

sustain plant growth. To address this, there is a need to establish a framework that will minimize 

data handling tasks onboard while maximizing the satellite data that can be obtained for crop 

germination nanosatellite mission. Figure 1 illustrates the exploded view of a standard CubeSat 

subsystems [6] and its communications system structure to Earth through the ground stations [7]. 

Ground stations are physical infrastructures housing the necessary communications subsystems for 

transmitting, receiving, and decoding signals. Base or controller facilities are often stationed to 

perform more specific tasks according to their primary designation such as security, network, and 

weather monitoring. 

 

            (a)                                         (b) 

Figure 1. CubeSat (a) physical subsystems and (b) data communications to ground stations. 

In this study, tasks specific to crop growth status and predictors condition monitoring are 

proposed to be neither on the payload nor the base stations, but on the cyberspace. Effectively, 

implementing a space-to-edge-to-cloud solution framework with provision to a potential Internet of 

Space Things application. This will be discussed further in the next section. The ARCHER 

(Agricultural CubeSat for Horticulture Experiments and Research) as shown in Figure 2 was used as 

the CubeSat for the experimental setup. 

 

Figure 2. ARCHER (Agricultural CubeSat for Horticulture Experiments and Research) version 1. 

Each specific objective listed below contributes strategically to bridge terrestrial and space-based 

monitoring systems for the reinforcement of the agricultural sector: 

• Development of a webserver as a monitoring hub 

• Establishment of edge-to-cloud communications using AWS IoT Core 

• Data collection and transmission from 2U CubeSat using the ESP-NOW technology 
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• Development and deployment of a machine vision model for germination detection using 

Roboflow 

Furthermore, the extension of the proposed framework to space-based applications underscores 

its potential to contribute to interdisciplinary research areas, including sustainable precision 

agriculture, environmental monitoring, and space science. By combining advanced technological 

solutions with practical utility, the study represents a significant contribution to the evolving 

landscape of smart monitoring systems. 

1.1. Review of Related Studies 

The convergence of Internet of Things (IoT) technologies with agricultural and space research 

has driven significant advancements in real-time monitoring and data collection. In agriculture, IoT 

systems enable precise tracking of environmental parameters such as temperature, humidity, and soil 

conditions, improving resource management and crop productivity [8]. Similarly, in space research, 

IoT technologies have become indispensable for managing experiments under the constraints of 

harsh conditions, limited access, and the need for real-time data transmission [9]. Innovations such 

as low-cost microcontrollers, cloud-based platforms, and machine learning models have expanded 

the potential for automation, accessibility, and data-driven insights [10–12]. This review explores the 

application of IoT systems in agricultural and space-based research, with a focus on CubeSat missions 

and the development of solutions for studying seed germination in microgravity. In agricultural 

settings, the adoption of low-cost and versatile microcontrollers, such as ESP32, has facilitated the 

development of robust, real-time monitoring systems [13]. Studies have shown that these systems 

efficiently collect and transmit environmental data, making them ideal for use in remote or resource-

constrained environments [14,15]. Furthermore, the integration of remote access solutions like 

NGROK has expanded the accessibility of such systems, allowing users to retrieve data from any 

location with minimal infrastructure requirements [16]. The application of IoT in space science 

further underscores its versatility. CubeSat missions often rely on IoT-based systems to monitor 

internal conditions such as temperature, humidity, and light, ensuring that experiments onboard 

remain within operational parameters [17]. These systems also support the collection of biological 

data, such as plant growth metrics, enabling detailed analysis of processes like seed germination 

under microgravity conditions [18]. Cloud-based platforms such as AWS IoT have become 

instrumental in managing the large volumes of data generated by IoT devices [19]. These platforms 

provide secure storage, scalable data processing, and user-friendly real-time visualization and 

analysis dashboards. This capability benefits agricultural and space applications, where consistent 

data monitoring and secure storage are essential [20,21]. 

The development of CubeSats for space-based research presents significant opportunities and 

notable challenges, particularly in studying biological processes like seed germination in 

microgravity [22]. CubeSats, small, modular satellites that typically measure 10x10x10 cm per unit, 

offer a unique platform for conducting scientific experiments in space [23]. Their cost-effective, 

scalable design has opened doors for a wider range of organizations, including universities and 

private companies, to contribute to space research [23]. However, the limitations of CubeSat 

platforms must be carefully considered when it comes to biological research, such as studying plant 

growth and seed germination in microgravity. Microgravity significantly affects plant development, 

including seed germination, root growth, and overall morphology [24]. Without gravity, plants 

struggle to orient themselves, leading to altered root growth and nutrient and water distribution 

changes. The challenge is to design a system that can manage environmental factors such as 

temperature, humidity, and light and even simulate gravity or microgravity conditions. The 2U 

CubeSat, twice the size of the standard 1U CubeSat, offers more space for research payloads [25]. 

However, it is still limited in terms of overall volume and power capacity, making it difficult to 

incorporate comprehensive environmental controls and sensors. Despite these constraints, CubeSats 

remain valuable due to their small size, low cost, and ability to perform targeted experiments in space 

[26]. Yet, the harsh space environment—characterized by radiation, extreme temperatures, and 
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vacuum conditions—poses additional challenges to payload design [27]. These factors require that 

CubeSats be designed with durable materials and efficient power systems to ensure their 

functionality during long-duration missions. Advanced monitoring systems and power management 

techniques are critical to overcoming these limitations. For instance, integrating sensors for real-time 

data collection allows researchers to monitor plants’ growth conditions during experiments [28]. 

With effective power management, it is possible to optimize the use of CubeSat resources and 

maintain the payload’s functionality. These technologies enable continuous data collection despite 

the limited payload size and power. Understanding how plants behave in microgravity is essential 

for long-term space missions and technical considerations [24]. The insights gained from seed 

germination studies in microgravity can inform strategies for supporting space agriculture and 

ensuring food sustainability during extended space missions [29]. Furthermore, these findings can 

enhance agricultural practices on Earth, particularly in extreme or resource-limited environments. 

Machine learning and vision models are vital in improving data analysis in CubeSat-based 

biological research [30]. These technologies can automate the analysis of large datasets generated 

from plant growth monitoring, making it easier to identify trends and anomalies that would 

otherwise be difficult to detect. Machine learning models can be trained to recognize subtle changes 

in plant health, while vision models can provide real-time visual assessments of seed germination 

and growth [31,32]. This approach increases the efficiency of data processing and enables more 

accurate and actionable insights. Machine learning (ML) and computer vision (CV) models, 

combined with cloud-based platforms like Roboflow, are increasingly used for crop germination 

detection and classification [33]. Roboflow enables the development of custom object detection 

models by training on labeled image datasets, allowing researchers to monitor and classify plant 

growth stages, including seed germination, using visual data. This is especially beneficial for space 

applications, where traditional monitoring methods are impractical, such as with CubeSat payloads 

in microgravity environments [34]. Roboflow’s platform supports image analysis techniques like 

object detection and image segmentation, ideal for identifying subtle differences in germination 

stages [35]. By integrating this with CubeSat technology, real-time monitoring of plant growth in 

space becomes possible, providing essential data on seed behavior in microgravity. The cloud-based 

system offers remote monitoring and real-time feedback, allowing researchers to analyze plant health 

remotely [36]. As new images are collected, the detection models can continuously improve through 

adaptive learning, enhancing accuracy over time [37]. Additionally, the scalability of cloud-based 

platforms allows for easy application across different crops or growth conditions, making them 

versatile for space-based agriculture. 

In conclusion, this review underscores the critical role of integrating IoT technologies, cloud-

based platforms, and machine learning in overcoming the challenges inherent in space farming 

research. CubeSat missions, constrained by limitations in size, power, and accessibility, demand 

innovative approaches to facilitate real-time monitoring and analysis of biological experiments. By 

leveraging tools such as AWS IoT, NGROK, and Roboflow, researchers can implement scalable and 

efficient systems for automated germination detection and environmental control. These 

advancements not only enhance the functionality of CubeSat payloads for studying seed germination 

in microgravity but also contribute to the broader field of sustainable agricultural practices in extreme 

environments. Collectively, this research provides a robust framework for addressing current gaps 

in space-based biological studies, offering valuable insights for future explorations in space farming. 

1.2. Proposed Framework for Space Farming Data Analysis 

To achieve the objective of performing advanced crop growth monitoring on nanosatellites 

considering the payload constraints, the framework illustrated in Figure 3 is proposed. The 

framework is composed of four segments represented by a green dashed-line boxes with blue box 

identifier labeled: CubeSat, ground station, cloud services, and end user. These are end blocks 

utilizing different technologies with different purposes interconnected through IoT running on the 

cloud platform. The corresponding technology per block is marked in red box. The first two blocks 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 January 2025 doi:10.20944/preprints202501.0120.v1

https://doi.org/10.20944/preprints202501.0120.v1


 5 of 18 

 

use ESP-NOW while the remaining blocks use HTTP. The orange boxes denote the functions of these 

blocks. 

 

Figure 3. Space Farming Data Analysis using Cloud Computing Framework. 

CubeSat block covers the nanosatellite mission standard subsystems such as imaging, power, 

and communications. The components specific to space farming are further explained in Chapter 2. 

The block does the transmission function wherein data captured through the onboard sensors are 

sent to the receiver end through the satellite dish at the ground station. The data is decoded in a way 

that the receiver will understand on a transport layer using ESP-NOW protocol. The ground station 

block covers the receiving antenna and its communications subsystems to convert RF signals into 

data format readable in the data link layer. For simplicity purposes, the block was labeled ground, 

but it also signifies other stations such as base, access gateway, or customer premise which physically 

situated on the ground to perform various functions. The block does the receiving and preliminary 

decoding functions. It uses the ESP-NOW protocol for basic sensor reading and image store-and-

forward tasks and http protocol for in-house web server that will allow connection with http client 

requests from the end user block. 

The data from the ground station block is passed onto the cloud where the IoT technology 

resides. It does internetwork or interconnectivity of devices from all end blocks using IP protocol. 

Depending on the data type, TCP or UDP can be utilized. Cloud services block does the storing and 

computing functions. It also does application programming interfacing between different cloud 

service providers and applications. In this case, the Roboflow which houses the computer vision 

model-related tasks as discussed further in the next Chapter. End user block does the http request to 

the web server to access and to visualize the crop germination monitoring application. Both the cloud 

service and end user blocks have two-way communication with the IoT block. 

The proposed framework can be further reconfigured to advance the nanosatellite mission 

further into an IoST (Internet of Space Things) structure such that multiple CubeSat with different 

missions can be deployed in space communicate with each other. In essence, converting these to 

active satellites with the ability to do decision making and control onboard. See Figure 4 for the 

illustration. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 January 2025 doi:10.20944/preprints202501.0120.v1

https://doi.org/10.20944/preprints202501.0120.v1


 6 of 18 

 

 

Figure 4. Proposed Framework Expanded to IoST architecture. 

The first two blocks in the initial framework were now replaced with the IoST framework as 

introduced in an existing study [38] which explores bringing the cyber physical system into the space 

to realize true global connectivity. In this hybrid scenario, multiple CubeSats can be deployed either 

in homogenous setup performing similar mission [39,40] and serve as a repeater or in heterogenous 

form [41] designated with unique missions and act with a server-client relationship in space. 

The study addresses significant gaps in space-based agricultural research, particularly the need 

for real-time remote monitoring systems for seed germination experiments in CubeSat missions. By 

developing an integrated system using AWS IoT for data collection, storage, and remote access, the 

research ensures efficient and accessible monitoring of space-based plant experiments. Additionally, 

it advances the field by incorporating deep learning and cloud-based platforms like Roboflow for 

automated germination detection, providing a scalable solution for space research. The study also 

contributes to the design of a 2U CubeSat capable of supporting plant growth experiments in 

microgravity, highlighting the importance of environmental control in CubeSat payloads. By 

combining cloud-based image detection and automated biological analysis, this research fills critical 

gaps in space farming, offering a practical and sustainable framework for future experiments in 

space-based biological research. 

2. Materials and Methods 

This chapter details the development of an ESP32-based system for efficient data collection, 

monitoring, and transmission in a controlled agricultural setting. Leveraging ESPNOW protocol for 

device communication and advanced libraries for data handling, the system integrates sensor data 

acquisition, real-time monitoring, and cloud-based access via AWS IoT Core. Additionally, it 

incorporates cloud-based machine vision modeling [42] for detecting crop germination using images 

captured by the ESP32-Cam, enabling automated analysis and insights. Each component ensures 

reliability, scalability, and precision, supporting agricultural applications in a CubeSat environment 

through seamless data management and accessibility. 

2.1. Data Collection Using the ESP32-Based System Simulation 

Using two ESP32-based microcontrollers, data collection from the DHT11 sensor with the ESP32 

and the ESP32-Cam are temporarily stored in the microSD memory card inserted in the ESP32-Cam 

microcontroller. The process is illustrated in Figure 5. This uses the ESPNOW technology where the 

ESP32 is used to broadcast a structure of data to the ESP32-Cam over a local router. This simulates 

the data transfer from the 1st two blocks in the proposed framework. 
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Figure 5. Process of data transfer using ESPNOW Technology. 

The ESP32 microcontroller was used to be the main clock of the whole system by internally 

setting the time with the method of using the header, <ESP32Time.h>. This method doesn’t use 

internet connection in accessing the real-time and date but starts with the given date in the Arduino 

code. In practice, the date input is the same date of the starting day of data collection and the time is 

set to 00:00:00 in hr:min:sec format. The next data in the ESP32 is the data from the DHT11. This 

includes temperature, humidity, heat index in units of degrees Celsius (°C), percentage (%) of relative 

humidity, and degrees Celsius (°C), respectively. This is made possible using the header, <DHT.h>. 

Since the ESP32 also controls the lighting system and irrigation system of the CubeSat, the last two 

information to be transferred are the status of the LED light, on or off, and the status of the pump if 

it is on or off also. Figure 6 shows the corresponding code snippet. 

 

Figure 6. Arduino Code Snippet for Initializations of Data Structure and Transmitting Data via ESP-NOW. 

This study effectively leverages ESP-NOW for wireless communication between ESP32 devices. 

By initializing ESP-NOW, defining a data structure, and establishing a peer-to-peer connection, the 

code enables the transmission of sensor data, LED control commands, and Fogger state updates. ESP-

NOW’s simplicity and low-latency characteristics make it suitable for this application. The code 

efficiently transmits data without the complexity over the local network via Wi-Fi technology. After 

this, the data structure as in Figure 7 is received at the ESP32-Cam, which captures the images of the 

current situation of the plant bed in the ARCHER CubeSat in JPEG format and named according to 

the data number. In addition, information such as data number was also generated in the ESP32-Cam 

and was added in the data structure. 
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Figure 7. Data Structure in the SD Card with filename ARCHER_dataLog.log. 

Using the built-in SD card module in the ESP32-Cam, the numerical and text data were each 

saved as a string in a comma-separated values (CSV) format. Each row corresponds to a single 

reading and includes the following columns: ID, Date, Time, Temperature, Humidity, Heat Index, 

LED State, and Fogger State. The use of an SD card for data saving is an integral part of the 

methodology in this study, ensuring secure and accessible storage of sensor and image data. This 

approach is designed to facilitate the systematic collection, organization, and retrieval of information 

critical to evaluating crop health and environmental parameters. The process begins with SD card 

initialization, which is carried out using the SD_MMC library. Headers such as <Arduino.h>, <FS.h>, 

and <SD_MMC.h> enable core functionality for handling data storage operations, while 

<Arduino_JSON.h> was utilized for formatting data into JSON strings when needed. Each entry in 

the data file is uniquely identified using an ID and timestamp, ensuring traceability and chronological 

organization. For the image data, high-resolution images captured by the hyperspectral or thermal 

imaging system are stored separately on the SD card in a compressed format, such as JPEG. The files 

are dynamically named using a combination of a unique identifier and the timestamp of capture. 

These filenames are cross-referenced in the sensor data logs to maintain a cohesive relationship 

between the numerical data and corresponding visual or spectral information. 

2.2. Development of the Asynchronous Local Webserver on ESP32 

The development of the ESP32-based web server integrates advanced functionalities such as live 

data updates as shown in Figure 8. It includes a live image upload feature, enabled by the ESP32-

CAM module, which allows real-time monitoring through camera feeds. Images are dynamically 

captured and displayed on the web interface, offering users the ability to visually monitor the 

germination environment. Complementing this, the server provides live sensor readings, showcasing 

critical environmental parameters such as temperature, humidity, and heat index. This real-time data 

aids in making informed decisions based on the monitored conditions. Additionally, the inclusion of 

a live date and time update feature ensures temporal accuracy in all data interactions that the web 

server tracks and displays, which is crucial for time-sensitive applications. This is accompanied by 

the current data ID and image filename saved on the microSD card, providing transparency and ease 

of access to historical data. This feature simplifies data management and retrieval, especially in 

scenarios where large datasets are generated over extended periods. The entire system was 

developed using PlatformIO within Visual Studio Code, leveraging the Arduino framework for the 

ESP32. The key libraries used are in Table 1 with their corresponding function. 

 

Figure 8. Framework of Asynchronous Live Updates in the local web server using WebSocket. 

Table 1. Key Libraries used in Web Server Setup. 

Library Header Function 

WiFi.h 
Provides functions to connect the ESP32 to a Wi-Fi 

network, enabling network communication. 

WebServer.h 
Allows the ESP32 to act as a web server, handling HTTP 

requests and serving web pages and files. 

WebSocketsServer.h 
Enables real-time, bidirectional communication between 

the ESP32 and the client via WebSockets. 
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FS.h 
Provides file system functionality for managing files on the 

ESP32’s internal flash memory. 

LittleFS.h 
A lightweight file system is used for storing files (e.g., 

images) on the ESP32’s internal storage. 

ArduinoJson.h 
Used to format and parse JSON data for easy transmission 

between the ESP32 and the client. 

To manage the web server’s interface, an index.html file was designed and uploaded to the 

ESP32-CAM as a filesystem image. This process utilized the LittleFS file system, with the LittleFS.h 

library enabling the ESP32 to access and serve the uploaded web page. After which, the ESP32 

microcontroller facilitates both Wi-Fi-based web server functionality and device-to-device 

communication via ESP-NOW. The use of WebSocket technology within the web server allows for 

real-time, bidirectional communication, enabling instantaneous updates of sensor readings, image 

feeds, and system states without requiring repeated HTTP requests. This reduces latency and 

optimizes bandwidth, making the system suitable for applications demanding high responsiveness. 

Numeric and string data, such as sensor readings, current date and time, data IDs, and image 

filenames, are sent to the client in structured JSON format. The client-side JavaScript listens for 

WebSocket messages and dynamically updates the HTML elements using the Document Object 

Model (DOM). Captured images from the ESP32-CAM are stored with unique filenames on the 

microSD card or the ESP32’s memory. The images are then encoded in Base64 format and made 

accessible via WebSocket connections, enabling remote monitoring and analysis. The index.html file 

dynamically requests the latest image, which is served over HTTP and displayed on the web page. 

To avoid caching issues, the image URL includes a timestamp, ensuring the browser fetches the most 

recent capture. The image filename is updated through WebSocket alongside other data. 

2.3. Establishment of Data Monitoring and Saving using AWS IoT 

This part of the methodology aims to connect the ESP32-Cam microcontroller to Amazon AWS 

IoT Core via the MQTT protocol, which provides a structured approach to integrating IoT devices 

with cloud services. This allows device integration with cloud-based solutions for remote monitoring 

outside the local network, enables data transmission, and facilitates bidirectional communication 

securely and efficiently. 

The first step involves configuring the AWS IoT Core to recognize the ESP32-Cam as a device, 

referred to as a “Thing.” This representation serves as the bridge between the hardware and cloud 

services. By generating the required certificates and private keys for SSL/TLS encryption, the process 

ensures the creation of a secure environment where data integrity and secure communication 

between the ESP32-Cam and AWS IoT Core are established. After which, the setup involves defining 

MQTT topics that act as channels for data exchange. In the Arduino code in PlatformIO, two 

important libraries are included, which are <PubSubClient.h> for MQTT and <ArduinoJSON.h> for 

data formatting. This also uses the library <WiFi.h> to connect to the internet. After connecting to the 

internet, the next step is configuring the MQTT client with AWS IoT Core endpoint details and the 

generated security credentials in a created file header named, <secrets.h>. Functions for publishing 

sensor data and subscribing to topics are implemented to enable bidirectional communication. The 

inclusion of SSL/TLS settings ensures secure data transmission. Once the sketch is uploaded to the 

ESP32-Cam, the serial monitor in VS Code will confirm if the device’s serial output of successful Wi-

Fi and MQTT connections. Next is the validation in the AWS IoT Console, where the MQTT Test 

Client is used to verify that the ESP32-Cam can receive data messages by subscribing to a topic, 

“dlsuARCHER/pub.” Once subscribed to the topic, the MQTT test client will receive the data from 

the CubeSat in JSON format such as variables named data_id, date_time, image_id, temperature, 

humidity, heat_index, ledState, and foggerState. Publishing real-time sensor data to AWS IoT Core 

enables remote access, even outside the local network, to the data and monitoring that the CubeSat 

is still working. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 January 2025 doi:10.20944/preprints202501.0120.v1

https://doi.org/10.20944/preprints202501.0120.v1


 10 of 18 

 

2.4. Development of Roboflow Model for Germination Detection 

The development of a Roboflow-based model for detecting seed germination represents an 

innovative approach to advancing the monitoring system inside a CubeSat. See Figure 9 for the actual 

germination bed setup in 2U CubeSat. The model enabled efficient and non-invasive method for real-

time monitoring of germination, with the objective of counting the number of germinated seeds as 

an input for quantifying the growth rate. 

 

Figure 9. Germinating bed for the ARCHER CubeSat with the ESP32-CAM placed on top and the DHT11 sensor 

at the back. 

Images from the ARCHER’s SD card mounted in the ESP32-Cam were retrieved and used as the 

image data for annotation. Manual annotation was implemented in the Roboflow application for 

placing bounding boxes on the germinated seeds in the plant bed as shown in Figure 10. 

 

Figure 10. Manual annotation performed in Roboflow where germinated crops are labeled as “Seedling” with 

three different light conditions such as (a) no light, and two different levels of exposure as in (b) and (c). 

The image dataset contains 95 images that were annotated. The germinated crops were labeled 

as “seedling.” After this, preprocessing and augmentations were performed, which generated more 

versions of the original image dataset, resulting in 162 images. The list of preprocessing and 

augmentations are listed in Table 2. 

Table 2. Preprocessing and Augmentation Parameters for the Germination Detection Model. 

Category Parameter Details 

Preprocessing 
Auto-Orient Applied 

Resize Stretch to 640x640 

Augmentations 
Outputs per Training Example 2 

Grayscale Apply to 100% of images 
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Saturation Between -72% and +72% 

Brightness Between -38% and +38% 

Blur Up to 2.1px 

Noise Up to 1.6% of pixels 

The 162 images were divided into train, validation, and test datasets by 83%, 12%, and 6%, 

respectively. The ARCHER germination detection model was trained using the Roboflow 3.0 object 

detection framework to achieve efficient and accurate germination stage detection. The selected 

checkpoint, COCO, provides a robust foundation, as it is pre-trained on a large, diverse dataset of 

objects. This was evaluated with the evaluation metrics such as mean average precision (mAP), 

precision, and recall. The mAP metric provides a comprehensive measure of the model’s ability to 

correctly identify germination stages across varying levels of overlap between predicted and actual 

bounding boxes, ensuring both localization and classification accuracy. Precision highlights the 

proportion of correctly identified germinating seeds out of all positive predictions, minimizing false 

positives and ensuring reliability in practical applications. Conversely, recall measures the 

proportion of actual germinating seeds correctly detected, reflecting the model’s sensitivity and 

ability to minimize false negatives. In addition, training graphs such as mAP, box loss, class loss, and 

object loss provided insights into the model’s performance during the training process. The mAP 

curve tracks the model’s accuracy in detecting and classifying germination stages across training 

epochs, with a steady upward trend indicating improved learning and convergence. The box loss 

graph evaluates the precision of bounding box predictions, with a declining trend reflecting 

enhanced localization of germinating seeds. Similarly, the class loss graph measures errors in 

classification, and its reduction signifies improved differentiation between germination stages and 

other objects. Lastly, the object loss graph monitors the model’s confidence in identifying objects, 

with decreasing values showcasing growing reliability in distinguishing germinating seeds from 

background noise. 

3. Results and Discussions 

This chapter analyzes the outcomes of implementing the crop germination detection and remote 

monitoring system within the 2U CubeSat using the proposed framework. It presents data from 

various methodologies, including local web server performance, AWS IoT Core effectiveness for data 

management and remote monitoring, and deep learning model evaluation for seedling detection. 

This analysis emphasizes the significance of agricultural innovation and space research, 

demonstrating how advanced technologies can assist in real-time monitoring [43] and data collection. 

3.1. Local Webserver Based on ESP32 

After building the Arduino code in PlatformIO using VS Code to transfer information data, 

sensor data, and image data to update dynamically the local web server and uploading the HTML 

file as an image to the ESP32-CAM system, the local server can be accessed using the server name 

“archerserver.local” to be typed as a browser URL. The capability to use a unique DNS was enabled 

by adding a multicast DNS (mDNS) protocol in the Arduino code. This removes the need to manually 

access and type the dynamic IP address that usually changes as you restart the router where the 

ESP32 devices are connected, enabling zero-configuration networking. 

Using the WebSocket communication protocol, dynamic updates from ESP32-CAM to the web 

server were successfully established. This protocol enabled real-time, bidirectional communication 

between a client, a web browser, and a server over a single, persistent TCP connection going to the 

microcontroller. This surpasses the capability of a traditional HTTP request-response model where 

both parties need to refresh their connections just to send and receive messages simultaneously. This 

provided the capability to have real-time remote data updates such as date, time, data ID number, 

filename of the latest saved image, sensor readings for temperature, humidity and heat index, LED 

and fogger states, and an image of the current situation of the germination bed. The image transfer 
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through the WebSocket protocol was made possible by encoding the image file in Base64 format. The 

web server automatically decodes the Base64 format to display the image. An example output of the 

web application is presented in Figure 11. 

 

Figure 11. The web application for remote monitoring of the ARCHER CubeSat. 

3.2. Secure Remote Monitoring Using AWS IoT 

The establishment of data monitoring and saving using AWS IoT Core was effectively 

implemented by enabling a comprehensive framework for remote monitoring and data management 

through the ESP32-CAM. The system facilitated bidirectional communication by setting up MQTT 

topics for publishing sensor data, such as temperature and humidity, while also subscribing to 

relevant topics for receiving updates from the cloud. This capability ensures that users can both send 

and receive critical information in real-time. However, the feature of sending back data or commands 

to the microcontroller still has no use with the current configuration. The objective of data 

management and accessibility is also met, as real-time sensor data is stored in the cloud, making it 

readily accessible for monitoring and analysis from any location. A snippet of the publishing of the 

topic and a sample of received data in JSON format are exhibited in Figure 12. 
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Figure 12. The AWS IoT Core console where a user subscribes to the “dlsuARCHER/pub” MQTT topic, 

displaying real-time sensor data in JSON format. 

By connecting the device to AWS IoT Core via the MQTT protocol, users can achieve remote 

monitoring and data transmission, allowing for secure and efficient data transfer beyond local 

networks. This is complemented by the secure device integration objective, where the ESP32-Cam is 

configured as a “Thing” in AWS IoT Core, utilizing SSL/TLS encryption to ensure that all 

communications maintain data integrity and security. 

3.3. Performance and Evaluation of the Roboflow 3.0 Model for Germination Detection 

The evaluation of the Roboflow model for crop germination detection begins with analyzing the 

training graphs, which offer valuable insights into the model’s learning process. These graphs track 

the progression of key loss metrics and demonstrate how well the model improves over time. 

The mAP graph shown in Figure 13 (a) shows a steady increase over training epochs, indicating 

the model’s growing accuracy in detecting germinating seeds. The stabilization of the mAP curve at 

a high value during training indicates that the model has effectively converged, successfully 

distinguishing between germinated and non-germinated seeds. Further training likely yields 

minimal improvements. The model achieves an impressive mAP of 99.5%, which is a strong 

indication of its ability to correctly predict germinations across multiple overlap thresholds between 

predicted and actual bounding boxes. 
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Figure 13. Training graphs for the Roboflow 3.0 seeding detection model: (a) mAP Graph, (b) Box Loss Graph, 

(c) Class Loss Graph, (d) Object Loss Graph. 

The box loss graph in Figure 13 (b) exhibits fluctuations in the early stages of training, showing 

that the model is refining its ability to localize germinating seeds by adjusting the bounding boxes. 

The fluctuations reflect the model’s exploration of optimal bounding box placements. The decline 

indicates that the model is progressively improving, ensuring that the detected bounding boxes 

closely match the actual seed locations. 

The class loss graph shown in Figure 13 (c) exhibited a rapid decrease in the early epochs, 

suggesting that the model quickly learns to detect the germinated seeds. This sharp reduction in class 

loss indicates that the model is efficiently learning the classification task. The stable low value nearing 

the end implies that the model has reached a strong understanding of the class distinctions. 

The object loss graph presented in Figure 13 (d) shows initial fluctuations as the model learns to 

detect germinated seeds and adjusts its predictions. These fluctuations occur as the model refines its 

understanding of localization and classification. As training progressed, the object loss decreased 

steadily, signaling that the model was becoming increasingly proficient in detecting seedlings. 

After the training process, validation, and testing, the Roboflow model is evaluated by analyzing 

key performance metrics such [44] as mean average precision (mAP), precision, and recall. These 

metrics are instrumental in understanding the resulting model’s efficacy in detecting and classifying 

germinated seeds accurately. The model achieves an outstanding mAP of 99.5%, reflecting its high 

detection accuracy across various overlap thresholds between predicted and actual bounding boxes. 

This is further supported by a precision of 99.9%, which indicates a minimal false positive rate, 

ensuring that almost every prediction of germination is correct. The model’s recall of 100.0% 

highlights its perfect sensitivity, capturing every instance of seed germination without missing any 

true positives. These metrics establish the model’s robustness and reliability in accurately identifying 

germinated seeds, providing a highly accurate tool for crop germination detection. This is 

demonstrated in Figure 14, which is one of the images used in the testing phase of the objection 

detection model. In using the model for detection with a video of the images, the confidence threshold 

of the detection was set at 70% to accurately distinguish the germinated seeds. While the overlap 

threshold was maintained at the default level of 50%. 
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Figure 14. Detection of seedlings using the developed Roboflow 3.0 model exhibiting a confidence level of 

detection from 74% up to 98%. 

4. Conclusion and Recommendations 

In conclusion, this study successfully developed a cloud-based crop germination detection and 

real-time remote monitoring system tailored for a 2U CubeSat environment following the proposed 

framework. By integrating IoT technologies, deep learning, and cloud platforms such as AWS IoT 

and Roboflow, the research addresses critical challenges in space agricultural practices, particularly 

the need for efficient monitoring solutions [45–47]. The implementation of an ESP32-based system 

for data collection and the potential for deploying a machine vision model for automated germination 

detection demonstrated significant advancements in real-time monitoring capabilities. These 

innovations not only enhance the functionality of CubeSat missions, on-Earth simulations, or in space 

but also contribute to the broader field of sustainable agriculture in extreme environments. Overall, 

this research highlights the potential of combining advanced technologies to facilitate the growth of 

plants in microgravity, ultimately supporting long-term human habitation in space. 

Given the promising results, future research should focus on expanding the system’s 

capabilities, such as integrating additional sensors, and implementing using the proposed hybrid 

framework to advance nanosatellite mission into IoST architecture. Moreover, further optimization 

and actual deployment of the machine vision model could enhance its adaptability to different crop 

stages, types, and environmental conditions, thereby increasing its applicability across various space 

missions. It is also recommended to explore the integration of autonomous data collection and 

decision-making systems, enabling greater operational efficiency in remote or resource-limited 

settings. Lastly, conducting field tests in simulated microgravity environments on Earth could 

provide additional insights into the system’s performance and reliability in space-like conditions, 

further solidifying its potential for space farming applications. 
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