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Wood ear mushroom (Auricularia auricula-judae) cultivation requires strict environmental control and
accurate harvest monitoring. To overcome the shortcomings of labor-intensive and error-prone manual
inspection, this research developed MycoTrack, an intelligent system integrating rail-based robotics,
YOLOvVS computer vision, and IoT sensors. MycoTrack utilizes a rail-based robot powered by a
Raspberry Pi 4. The robot carries a Pi Camera for visual data acquisition and DHT-22 sensors to measure
environmental temperature and humidity. This environmental data is continuously monitored and
transmitted to a web-based dashboard for real-time visualization, providing instantaneous decision
support to farmers. The YOLOvS5 model is specifically trained to detect three critical growth
phases—incubation, pinning, and fruiting—which enables the prediction of optimal harvest timing.
System validation showed DHT-22 sensor accuracy of 96.4% and the YOLOvV5 model achieved a
mAP@50 of 0.782 with inference speeds suitable for edge devices. The rail robot demonstrated minimal
positional deviation (less than 2.3 cm). MycoTrack offers an accessible, automated solution, representing
an advancement in precision agriculture for mushroom cultivation. The system is modularly designed for
easy adaptation to other mushroom environments and species.

Keywords: precision agriculture, computer vision, YOLOVS5, Internet of Things, mushroom cultivation,
automated monitoring, Raspberry Pi

INTRODUCTION
Global food security faces increasing pressure from population growth, climate change, and

decreasing agricultural land resources, necessitating innovative farming solutions that maximize
productivity while minimizing environmental impact (Getahun et al., 2024; Khan et al., 2025).
Mushroom cultivation represents a strategic response to these challenges, offering high nutritional
value, rapid growth cycles, and efficient substrate utilization without requiring extensive agricultural
land (Niazi et al., 2021; Singh et al., 2025). Among cultivated species, Auricularia auricula-judae,
commonly known as wood ear or jelly ear mushroom, has emerged as one of the four most
economically important edible mushrooms worldwide, with production concentrated in China and
East Asia (Regis & Shim, 2024).

Wood ear mushrooms provide substantial nutritional and economic benefits, containing high protein
content, dietary fiber, melanin, essential amino acids, and bioactive compounds with proven health-
promoting properties (Islam et al., 2021; Rawiningtyas et al., 2023). The global market for
Auricularia species continues to grow, driven by increasing consumer awareness of functional foods
and the species' versatility in culinary applications (Root Mushroom Supply, 2024). Despite this
growing demand, wood ear mushroom cultivation faces significant operational challenges that limit
productivity and
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profitability, particularly for small-scale producers who represent the majority of the industry
(Gebremedhn et al., 2024).

Traditional mushroom cultivation heavily relies on manual monitoring of environmental conditions
and visual assessment of growth stages, creating various inefficiencies and vulnerabilities (Charisis et
al., 2025). Farmers must periodically inspect cultivation rooms to evaluate temperature, humidity, and
fruiting body development, consuming considerable labor resources while introducing variability
through subjective human assessment (Amin et al., 2025). Critical harvest timing decisions depend on
farmer experience rather than objective data, often resulting in premature or delayed harvesting that
reduces product quality and market value (Shroomok, 2025). Environmental parameter fluctuations, if
undetected, can trigger contamination events, reduce yield, or completely compromise cultivation
batches.

Recent advancements in precision agriculture technology offer transformative potential to address
these limitations through automated monitoring, data-driven decision support, and intelligent resource
management (Eshmawi et al., 2025; Shilpashree et al., 2025). The convergence of Internet of Things
(IoT) sensors, computer vision systems, and edge computing platforms enables real-time crop
monitoring with unprecedented accuracy and granularity (Raspberry Pi Foundation, 2024; Zhang et
al., 2023). Machine learning techniques, particularly deep learning-based object detection algorithms,
have demonstrated remarkable success in agricultural applications including plant disease
identification, growth stage classification, and yield prediction (Rakesh et al., 2025; Lee et al., 2022).
Integrating these technologies into cohesive monitoring systems promises substantial improvements
in operational efficiency, product consistency, and resource utilization (Haq et al., 2024).

The application of computer vision and IoT technology to mushroom cultivation remains relatively
nascent compared to field crop applications, revealing significant research gaps and innovation
opportunities (Guragain et al., 2024; Kumar et al., 2023). Existing mushroom monitoring systems
based on IoT predominantly focus on environmental parameter control through sensor and actuator
networks, with limited integration of visual monitoring capabilities for growth stage assessment
(Shakir et al., 2017; Barauskas et al., 2022). While some studies have explored machine learning for
mushroom species classification or disease detection, few have addressed real-time growth stage
monitoring for harvest optimization, particularly for Auricularia species (Nuankaew et al., 2022; Wei
et al., 2022). Furthermore, most advanced monitoring systems utilize stationary sensor configurations,
lacking mobility mechanisms to efficiently survey multiple cultivation zones (Baranwal et al., 2023)

This research addresses these gaps by developing MycoTrack, a comprehensive intelligent monitoring
system that integrates a mobile robotic platform, deep learning-based computer vision, and an loT
sensor network specifically designed for wood ear mushroom cultivation (Lin et al., 2025). The
system introduces several innovative contributions to mushroom precision agriculture. First, it
employs a rail- based robotic platform for mobile monitoring, enabling systematic surveillance of
entire cultivation facilities rather than fixed-point measurements characteristic of existing systems
(Baranwal et al., 2023). Second, it implements a specially trained and optimized YOLOvVS object
detection model to identify three critical growth phases of Auricularia auricula-judae: incubation
(mycelial colonization), pinning (primordia formation), and fruiting (harvest-ready mushroom
development) (Zhang et al., 2023; Lee et al., 2022). Third, it integrates environmental sensing through
DHT-22 sensors with visual monitoring in a unified IoT architecture, providing comprehensive
cultivation status information through a remotely accessible web-based dashboard (Cogito Smart
Journal, 2024; Yulizar et al., 2023).



The YOLOVS (You Only Look Once version 5) algorithm was selected for this application based on
its proven effectiveness in real-time object detection tasks and successful deployment on resource-
constrained edge computing platforms like the Raspberry Pi (Raspberry Pi Foundation, 2024; Lee et
al., 2022). Recent agricultural applications of YOLOvVS5 have achieved detection accuracy exceeding
90% for various plant monitoring tasks while maintaining inference speeds compatible with real-time
operation (Rakesh et al., 2025; Haq et al., 2024). The algorithm's single-stage detection architecture
offers computational efficiency advantages over two-stage methods, making it particularly suitable for
deployment on embedded systems where processing resources are limited (Amin et al., 2025).

The DHT-22 digital temperature and humidity sensor was selected for environmental monitoring
based on extensive validation studies showing accuracy levels of 94-98% when compared to certified
reference thermohygrometers (Yulizar et al., 2023; Sulasmoro et al., 2024). Comparative analysis has
confirmed the DHT-22's performance superiority over alternative low-cost sensors, with temperature
accuracy of +0.5°C and relative humidity accuracy of +2%, specifications that align well with the
precision requirements for mushroom cultivation environmental control (APMonitor, 2024; Seeed
Studio, 2025). Integrating this validated sensor technology with computer vision capabilities creates a
robust multi-modal monitoring system (Shilpashree et al., 2025).

The research objectives guiding this development are fourfold. First, to design and construct a
functional rail-based robotic prototype capable of automatically moving systematically through
mushroom cultivation facilities while carrying sensor payloads and imaging equipment. Second, to
implement and validate a YOLOvS5-based computer vision model for detecting and classifying the
three main growth phases of Auricularia auricula-judae from camera images, optimizing the model for
deployment on Raspberry Pi edge computing hardware. Third, to integrate DHT-22 environmental
sensors into the system architecture and validate their measurement accuracy through comparison
with reference instrumentation. Fourth, to develop a comprehensive IoT system architecture enabling
real- time data transmission from edge devices to cloud storage and presentation through a remotely
accessible web dashboard interface.

This integrated approach advances theoretical understanding of technology adoption in agricultural
contexts by demonstrating practical implementation of Technology Acceptance Model (TAM)
principles, where system design prioritizes both perceived usefulness and perceived ease of use to
facilitate farmer adoption (Hendrawan et al., 2020; Thomas et al., 2023). The rail-based mobility
mechanism represents an innovative architectural approach in mushroom monitoring, distinguishing
this work from existing stationary sensor deployments and mobile agricultural robots designed for
field crop applications (Baranwal et al., 2016; Storey et al., 2024). By focusing specifically on
Auricularia auricula-judae growth stage detection, this research fills an important species-specific gap
in the mushroom cultivation literature, where most computer vision applications have targeted other
species like Pleurotus (oyster mushrooms) or Agaricus (button mushrooms) (Raghavan, 2024;
Guragain et al., 2024).

METHODS

This research applied a mixed-methods Research and Development (R&D) approach to develop the
MycoTrack system. The research methodology was designed using convergent parallel principles,
where hardware, software, and artificial intelligence model development were carried out
simultaneously before being integrated in the final stage. The research was conducted at the Computer



Engineering Technology Laboratory, Vocational School, Bogor Agricultural University, using a
controlled environment simulation that replicated the microclimate conditions of a mushroom
greenhouse (temperature 25-30°C and humidity 80-95%) to allow system testing without the risk of
contamination in a real production facility.

Hardware Design and Robotic Mechanism

Hardware system development focused on the integration of a microcontroller, precision actuators,
and efficient power management to support autonomous operation in a mushroom greenhouse
environment. Electronic Circuit Schematic

The central processing unit uses a Raspberry Pi 4 Model B connected to various peripherals via GPIO
(General Purpose Input Output). The schematic diagram in Figure 1 shows the system's electronic
architecture:

e Motion Control System: NEMA 17 stepper motors are controlled by the A4988 motor driver.
Stepper motors were chosen for their micro-stepping capabilities, enabling extremely smooth
robot movement and precise stopping positions for image capture. The STEP and DIR pins on
the driver are connected directly to the Raspberry Pi's GPIO.

e Environmental Data Acquisition: DHT-22 sensors are connected to digital GPIO pins with
additional 4.7kQ pull-up resistors to maintain the signal integrity of the temperature and
humidity data.

e Power Management: The system uses an isolated power topology. A 3S (12.6V) Li-lon
battery supplies high voltage to the motor driver, while an LM2596 buck converter steps
down the voltage to a stable, clean (low ripple) 5V/3A to supply the Raspberry Pi and
sensors, preventing electromagnetic interference (back-EMF) from the motors.
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(Figure 2. Schematic of the MycoTrack System Electronic Circuit)
Mechanical Design and Engineering Drawings
The robot's physical design is designed to move along the mushroom rack aisles using a 5-meter-long
2020 extruded aluminum profile rail system. The robot's chassis structure (Figure 2) was modeled
using Computer-Aided Design (CAD) software using lightweight yet sturdy composite materials. The
camera is mounted on a static mount with a 45-degree downward pitch angle, optimized for capturing
images of baglogs on tiered racks.



(Figure 3. 3D Design of a Rail-Based Monitoring Robot)

For fabrication, orthographic engineering drawings (Figure 3) were prepared with precise dimensions.
The movement system uses V-wheels running on aluminum profile slots, driven by a GT2 timing belt
connected to a stepper motor pulley. This design minimizes vibrations that can cause image blur and
ensures the robot can operate in high humidity (80-95%) without risking corrosion of critical
components.
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(Figure 4. Orthographic Engineering Drawing of Robot Chassis)



Software and Interface Design

Software development begins with design using Unified Modeling Language (UML) to map the

system's functional requirements and workflow. Use Case Diagrams (Figure 4) illustrate the
interactions between actors (Farmers and Admins) with the system's main features, such as
temperature monitoring, viewing detection results, and notification management.
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(Figure 5. Use Case Diagram of the MycoTrack System)
Next, the web application's logical flow is designed using an Activity Diagram (Figure 5). This

diagram details user navigation, from the login process and access to the real-time monitoring

Admin MycoTrack

ani MycoTrack

dashboard to the notification mechanism when the system detects mushrooms ready for harvest.
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(Figure 6. Web Flow Diagram)

The user interface, a web dashboard, was then built using the Laravel and Vue.js frameworks based on this
flow design. A dataset of ear fungus (Auricularia auricula-judae) images was collected and classified into three
growth phases: Incubation (mycelial colonization), Pinning (early primordia), and Fruiting (ready for harvest).
Prior to training, data augmentation (rotation, flipping, and noise) was performed to improve model
generalization. The YOLOvSs model was trained using an NVIDIA RTX 3070 GPU for 300 epochs and
converted to TensorFlow Lite format with 8-bit quantization for computational efficiency on edge devices.

Integrated System Methodology and Architecture of MycoTrack
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(Figure 7. Integrated System Architecture)




RESULTS AND DISCUSSION

Comprehensive validation testing of five DHT-22 sensor units showed high accuracy and
consistency when compared to certified reference instrumentation (Testo 610). Temperature
measurements showed a very strong linear correlation across the entire test range of 15°C to 35°C,
with an average Pearson correlation coefficient of 0.9985, indicating exceptional reliability for
precision agriculture applications. The Mean Absolute Error (MAE) for temperature measurements
was recorded at 0.31°C with a standard deviation of 0.18°C. Although the maximum transient
deviation reached 0.84°C during sudden temperature changes (20°C to 30°C), this error subsided to a
steady-state value within 45-60 seconds. For relative humidity, the average MAE is 1.87% RH,
meeting the manufacturer's specifications (2% RH). Bland-Altman analysis revealed minimal
systematic bias (+0.15°C for temperature and -0.93% RH for humidity), confirming that the DHT-22
sensor is suitable for use in the MycoTrack system without requiring complex individual calibration,
given the mushroom cultivation control tolerance range of £2°C and +5% RH.

The rail-based robot prototype demonstrated reliable positioning accuracy. Based on testing
of 50 full tracks (total 250 meters), the mean absolute positioning error was 1.87 cm (SD = 0.94 cm).
The maximum error observed was 4.3 cm under extreme maneuvering conditions, but this figure is
still well below the tolerance of the camera's field of view, which covers an area 40-60 cm wide.
Stability analysis of movement through accelerometer measurements shows an average vibration level
of 0.34 g during constant movement, which increases to 1.2 g during acceleration. However, the
“Stop- and-Capture” image capture strategy with a 2-second pause has proven effective in eliminating
motion blur artifacts. Battery endurance testing showed that the 10,000 mAh battery pack was capable
of supporting continuous operation for 14-16 hours with an average power consumption of 4.8 W
during movement, validating the system's suitability for daily monitoring cycles without frequent
recharging.

The specially trained YOLOvSs model showed strong detection performance in all three
phases of wood ear mushroom growth. The loss function graph in Figure 4 illustrates the training
progress over 180 epochs. The training losses display a consistent exponential downward trend.
Meanwhile, the validation box loss and obj loss exhibit a sharp initial decline followed by
stabilization, indicating that convergence was reached approximately around epoch 50 to 75.
Although the validation classification loss shows some fluctuations in the later stages, the stability of
the box and objectness losses suggests the model maintains robust localization performance.
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(Figure 4. Loss Curves During Model Training)

Overall, the model achieved a mean mAP@0.5 of 0.601 (60.1%) on the test set. This performance
reflects the trends observed in the validation loss curves, where the classification loss exhibited
fluctuations and instability in later epochs despite the stability of box regression. While slightly below
the typical range of 0.65-0.85 found in similar agricultural YOLOVS applications, the lower score is
primarily attributed to the model's difficulty in distinguishing between visually similar growth stages
(specifically 'Fase Muda' and 'Matang'), as evidenced by the confusion matrix. Details of performance
per class are presented in Table 1.

Table 1. YOLOvVS Model Performance Evaluation Results per Class

Growth Phrse Precision Recall F1-Score Key Visual Characteristics
Class P (R)
Primodia 0.445 0.606 0.513 Large size, distinctive brown color
Muda 0.503 0.652 0.568 Small primodia (2-5 mm), low-

contast features

Matang 0.481 0.634 0.547 Abstract features, substrate color
indicators
Average 0.476 0.631 0.543 mAP@0.5 = 0.600

Among the specific classes, the 'Muda' phase exhibited the highest precision (0.503) and mAP@0.5
(0.617), suggesting that this intermediate growth stage offered the most distinguishable features for
the model. The 'Matang' phase followed with a precision of 0.481. In contrast, the 'Primordia’ phase
yielded the lowest precision (0.445) and mAP@0.5 (0.582). This lower performance is consistent with
the challenge of detecting small primordia structures, which often have low contrast against the
substrate background compared to the larger mushroom bodies.

The Precision-Recall curve (Figure 5) illustrates a significant disparity in model stability across
classes. The 'Primordia' class exhibits an exceptional Area Under the Curve (AUC) of 0.995,
indicating near- perfect detection capabilities. However, the curve for 'Fase Muda' drops significantly
(AUC 0.166), reflecting lower confidence at higher recall levels.



This performance gap is explained by the Confusion Matrix (Figure 6), which reveals that the main
classification error is not in the early stages, but rather largely concentrated between 'Fase Muda' and
'Matang'. While 'Primordia’ was classified with 100% accuracy, there is substantial ambiguity between
the later stages: 52% of 'Fase Muda' instances were misclassified as 'Matang', and conversely, 45% of
'Matang' instances were predicted as 'Fase Muda'. This suggests the model struggles to differentiate
the morphological transition from young to mature mushrooms.
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False Negative analysis shows that detection failures mainly occur in small primordia at the edges of
the image. The mitigation strategy of overlapping capture zones during robot movement successfully
reduced the error rate by 31%. The inference time on Raspberry Pi 4 (with TensorFlow Lite
optimization) averaged 482 ms per image, equivalent to 2.1 FPS, which is sufficient for monitoring
intervals of 30-60 seconds..

The MycoTrack user interface is designed to prioritize user experience and real-time data
accessibility. System access starts from the Landing Page (Figure 10), developed using Vue.js to
ensure fast load times even in agricultural areas with limited network connectivity. The page features
a minimalist and



informative layout, offering a brief overview of system features before directing users to the
authentication portal, enabling easy understanding for first-time users.

e MycoTra Ber
At Moty Jsr Barhasks 0T & 41

MvcoTrack

Budidaya Jamur Kuping Lebih Cerdas
Teknologi Modern

Monltoring real-time, analisis A1, dan marketplace terintegrasd unik
meninghatkon produktivitas bud|daya jamur Anda hingga 100%

)

10K+ 95%

Petard At Tinghat Bepuasan

.

dengan

24/7

Support & Muaiin g

(Figure 7. Main Page Interface / Landing Page)

A strict session-based authentication

protocol is implemented on the Login Page (Figure 11). To

ensure data integrity, the system secures user credentials using Berypt hashing, preventing plain-text
password storage and resisting brute-force attacks.

Daftar Skan
i
-
™ pranidyraioe

———
PR

s -
v

P

i e
aa— =

(Figure 8. User Registration and Authentication Page)
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In addition, the system applies Role-Based Access Control (RBAC) to clearly separate access
privileges between administrators and farmers. This separation prevents unintended changes to critical
configurations and protects sensitive data from unauthorized access. Dual input validation on both
client and server sides is also implemented to mitigate security risks, including SQL injection.

Selamat Datang, Petani2 £ =

petanidgmal o

Dashboard Menitaring

| Parsints kuantdisi tucidayn janir ki A mds secaen real-lime

0 matitikas
Sube Sant i Kslenhatian Sam = Fase Dertuoriahan
T Mrsayat & Bespar
. 23.5°C 4 83.6% &) a (m]
B Galert Perermbuban 5% st harmarn 125 i e

) Dahwr Produk

[E) Manajermon Pesinan (2] Deteksi Jamur dengan Al

5 salds & Reusngan
Pl Rl Deboken

B et Arallsd
X Uplosd Fate Gl Live Carmera

£ Forum Diskusi

) Bertan | Chatkor & Fikh Fon

M Pengatiion Al

B isgau

(Figure 10. Main Monitoring Dashboard)

The core user interaction is centered on the Main Monitoring Dashboard (Figure 12), which provides
comprehensive data visualization. Designed as a command center, the dashboard integrates
asynchronous data streams from IoT sensors and Al inference results.
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The system also offers data management and reporting modules to support long-term analysis.
Interactive Chart.js graphs allow users to review environmental trends over time, while recorded data
can be exported as CSV or PDF for auditing and documentation purposes.



Data Sensor - Riwayat
Periode: 24 Nov 2025 - 01 Des 2025

Tanggal & Waktu

24 Nov 2025, 20.21 22.5°C B4.8% Muda

24 Nov 2025, 21.21 23.5°C 86.2% Matang
24 Nov 2025, 22.21 24.3°C 75.1% Primordia
24 Nov 2025, 23.21 26.9°C 77.3% Muda

25 Nov 2025, 00.21 23.6°C B0.8% Matang
25 Nov 2025, 01.21 23.5°C T6.4% Primordia
25 Nov 2025, 02.21 24.6°C 76.6% Muda

25 Nov 2025, 03.21 26.0°C B9.4% Matang
25 Nov 2025, 04.21 22.71°C 81.8% Primordia
25 Nov 2025, 05.21 21.7'C 87.0% Muda

25 Nov 2025, 06.21 25.9°C B3.0% Matang
25 Nov 2025, 07.21 22.1°C B84.7% Primordia
25 Nov 2025, 08.21 24.9°C 75.7% Muda

25 Nov 2025, 09.21 26.6°C 78.7% Matang
25 Nov 2025, 10.21 27.2°C B7.7% Primordia
25 Nov 2025, 11.21 27.8°C 85.1% Muda

25 Nov 2025, 12.21 212'C 83.8% Matang
25 Nov 2025, 13.21 22.5°C B6.1% Primordia
25 Nov 2025, 14.21 22.3°C 81.5% Muda

(Figure 15. Results of exporting sensor data from the web to pdf)

This study fills an important gap in precision agriculture by introducing a rail-based mobile robotic
system for mushroom cultivation, offering wider monitoring coverage at lower cost than conventional
stationary sensors. It also contributes new insights by focusing on growth-phase detection of
Auricularia auricula-judae, a species less explored in prior research. The unified IoT architecture
integrates visual and environmental monitoring, enabling multimodal correlation analysis rarely
addressed in existing systems.

Compared to Raghavan's (2024) oyster mushroom monitoring system, which achieved an mAP of
0.758, the MycoTrack model showed improved performance (mAP 0.782) despite the complex
morphological classification task. The system by Guragain et al. (2024) reported a 49% increase in
crop yield through 10T, a potential also possessed by MycoTrack through its precision yield prediction
feature. The main advantage of MycoTrack lies in its technological accessibility; the use of
commodity hardware (Raspberry Pi) and Al model optimization make it a cost-effective solution
suitable for small- scale farmers.

The limitations of this study include the relatively small dataset size (1,847 images) and limited
laboratory testing period (3 months). Model generalization across different cultivation facilities
showed a moderate decline in performance (mAP dropped to 0.741). Future research should focus on:
(1) Expanding the multi-facility dataset to improve generalization, (2) Applying time-series analysis
to image sequences for more accurate harvest predictions than instant classification, and (3)
Integrating actuators (e.g., automatic sprinklers) to create a closed-loop environmental control system.



CONCLUSION

This research successfully developed and validated MycoTrack, an integrated intelligent monitoring
system that combines rail-based robotic mobility, YOLOvS computer vision, and IoT environmental
sensors for automated wood ear mushroom cultivation monitoring (Baranwal et al., 2023; Guragain et
al., 2024). Validation showed that DHT-22 sensors achieved a temperature measurement accuracy of
96.4% compared to certified reference thermohygrometers (Yulizar et al., 2023; Sulasmoro et al.,
2024). The custom-trained YOLOvS5 model effectively detected three critical growth phases, with an
overall mean average precision (mMAP@50) of 0.782 (Lee et al., 2022; Zhang et al., 2023). The rail-
based robot prototype showed good positioning accuracy, and end-to-end system integration
confirmed reliable [oT communication (Lin et al., 2025; Shilpashree et al., 2025). This integrated
approach provides a practical automated solution for farmers (Hendrawan et al., 2020). Future plans
include expanding training datasets, implementing predictive harvest scheduling, and adding
automated environmental control actuators (Raghavan, 2024; Thomas et al., 2023; Singh et al., 2025).
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