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Highlights

What this paper is about: Presents a deep learning—based computer vision framework for automated
harvesting of Lentinula edodes (shiitake) mushrooms using RGB-D imaging. Provides a comparative
evaluation of YOLOv8-seg and Detectron2 Mask R-CNN architectures for instance segmentation and
keypoint-based cut-point estimation.

What the reader can gain: Demonstrates that modern deep learning models can achieve accurate
segmentation and localisation of mushrooms in cluttered environments, supporting robotic
manipulation. Offers a validated methodology for integrating machine vision and Al-based
perception into autonomous harvesting systems, contributing to intelligent agricultural automation.

What are the main findings?

Deep learning-based computer vision models, particularly YOLOvS8-seg and Detectron2 Mask R-
CNN, can accurately detect and segment shiitake mushrooms in dense, cluttered growing
environments, achieving mean average precision (mAP) values up to 67.9.

Colour (RGB) imagery alone delivered comparable performance to depth-enhanced (RG-D) data,
demonstrating that high-resolution visual features are sufficient for robust segmentation and
localisation.

Proof-of-concept keypoint detection demonstrated the feasibility of identifying stem cut-points for
robotic manipulation, confirming the potential for fully automated harvesting systems.

What are the implications of the main findings?

Reliable vision-based perception enables the development of autonomous mushroom harvesting
robots capable of identifying and targeting individual fruiting bodies without manual oversight.

The demonstrated performance of modern deep learning models provides a practical pathway
toward scalable, intelligent agricultural automation that can reduce labour dependency and
increase production efficiency.

Abstract

Automation and computer vision are increasingly vital in modern agriculture, yet mushroom
harvesting remains largely manual due to complex morphology and occluded growing
environments. This study investigates the application of deep learning—based instance segmentation
and keypoint detection to enable robotic harvesting of Lentinula edodes (shiitake) mushrooms. A
dedicated RGB-D image dataset, the first open-access RGB-D dataset for mushroom harvesting, was
created using a Microsoft Azure DK 3D camera under varied lighting and backgrounds. Two state-
of-the-art segmentation models, YOLOvS8-seg and Detectron2 Mask R-CNN, were trained and
evaluated under identical conditions to compare accuracy, inference speed, and robustness. YOLOVS8
achieved higher mean average precision (mAP = 67.9) and significantly faster inference, while
Detectron2 offered comparable qualitative performance and greater flexibility for integration into
downstream robotic systems. Experiments comparing RGB and RG-D inputs revealed minimal
accuracy differences, suggesting that colour cues alone provide sufficient information for reliable
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segmentation. A proof-of-concept keypoint-detection model demonstrated the feasibility of
identifying stem cut-points for robotic manipulation. These findings confirm that deep learning—
based vision systems can accurately detect and localise mushrooms in complex environments,
forming a foundation for fully automated harvesting. Future work will focus on expanding datasets,
incorporating true four-channel RGB-D networks, and integrating perception with robotic actuation
for intelligent agricultural automation.

Keywords: deep learning; instance segmentation; robotic harvesting; YOLOVS; Detectron2; computer
vision; agricultural automation; RGB-D

1. Introduction

1.1 Background and Motivation

Automation and artificial intelligence are increasingly central to modern agriculture, addressing
the global demand for sustainable and efficient food production. A combination of population
growth, labour shortages, and environmental pressures has accelerated the development of
intelligent robotic systems capable of operating with precision and adaptability in complex natural
environments [1,2]. Agricultural robotics has evolved from early mechanisation to advanced systems
integrating computer vision, deep learning, and sensor fusion. These technologies aim to replicate or
augment human perception and dexterity in diverse agricultural contexts [3-5].

Among the various domains of agricultural automation, robotic harvesting presents one of the
most technically demanding challenges. While significant progress has been achieved in crops such
as apples, strawberries, and tomatoes [6-8], the extension of these technologies to high-value niche
crops like Lentinula edodes (shiitake) mushrooms, introduces unique difficulties. Mushrooms are
typically cultivated indoors on stacked logs or substrates under controlled environmental conditions.
The compact, cluttered growing environment and variable morphology of fruiting bodies impose
strict constraints on perception, path planning, and manipulation [9,10]. Harvesting remains a
manual, labour-intensive process requiring skilled workers to identify mature mushrooms and
detach them carefully without damaging adjacent growths. Rising labour costs, workforce shortages,
and the need for hygienic, consistent harvesting practices have driven increasing interest in
automated systems [11].

Recent advances in computer vision—particularly convolutional neural networks (CNNs) and
deep learning-based segmentation—have substantially improved object detection and localisation
under variable conditions [12-14]. Vision-based perception now underpins most autonomous
harvesting systems, providing essential input for robotic actuation. However, their success depends
on precise visual segmentation in cluttered, low-contrast environments typical of gourmet
mushroom cultivation, where caps overlap and lighting conditions vary [15]. Deep-learning models
such as Mask R-CNN and YOLOvS8-seg [16,17] have demonstrated strong potential for object
detection and instance segmentation in related agricultural applications, suggesting similar viability
for mushroom harvesting.

1.2. The Challenge of Mushroom Harvesting

Despite advances in agricultural robotics, mushroom harvesting remains underexplored. Early
studies employed classical image-processing methods—such as colour thresholding and circular
edge detection—to identify contrast between mushroom caps and substrates [18,19]. These
approaches performed adequately in controlled conditions but failed under real-world variability,
where illumination changes, surface reflections, and occlusion caused unstable segmentation.
Subsequent systems incorporated RGB-D depth sensors to improve spatial perception [18]. However,
circular Hough transforms on colour images was employed for locating the mushrooms, so dense
clustering, irregular geometries, and specular surfaces of mushrooms may limit the reliability of
object differentiation.
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A second major limitation concerns dataset quality and availability. Earlier models were trained
on homogeneous and relatively small datasets captured under fixed lighting or camera
configurations [20]. These lacked diversity and generalisation capability, leading to poor
performance in new conditions. Moreover, annotation inconsistency and the absence of standardised
datasets have hindered benchmarking and thus have slowed progress toward deployable systems.
Mechanical design has also restricted perception. Prototype harvesters often used fixed-angle
cameras and rigid end-effectors, limiting their ability to perceive occluded regions and adjust
dynamically during picking, although some use of a compliant gripper for mushroom harvesting has
been reported [19]. To achieve reliable performance, perception, planning, and manipulation must
be developed as an integrated, adaptive system rather than as isolated modules.

1.3 Research Context

This study addresses these challenges by developing a unified deep-learning and computer-
vision framework to support fully automated shiitake mushroom harvesting. The system introduces
a multi-stage perception pipeline that leverages RGB-D imagery for three-dimensional
understanding and applies advanced segmentation architectures—principally YOLOvVS-seg and
Mask R-CNN—for instance-level identification of mature mushrooms. As such, this is the first
comparative evaluation of YOLOvS8-seg and Mask R-CNN for mushroom harvesting using RGB-D
imagery. The models were trained and validated on a curated dataset encompassing diverse lighting,
viewpoint, and background conditions, thereby mitigating dataset bias identified in earlier research.
In addition, post-processing algorithms were explored for extracting geometric features such as stem
position and curvature, to guide robotic manipulation along collision-free trajectories. By coupling
high-precision visual perception with robotic control, the proposed framework aims to enable
consistent, efficient, and gentle harvesting without human intervention.

1.4 Objectives and Contributions

The objectives of this research are to:

- Construct a novel RGB-D dataset of shiitake mushrooms containing pixel-level annotations for deep-
learning training.

- Compare YOLOVS-seg and Mask R-CNN in terms of accuracy, speed, and robustness under variable
conditions.

- Evaluate the effect of depth data on model performance.

- Demonstrate proof-of-concept keypoint-based cut-point localisation for robotic harvesting.

The study’s principal contributions are:

- Creation of the first open-access RGB-D dataset dedicated to mushroom-harvesting research.

- A comparative quantitative and qualitative evaluation of two state-of-the-art segmentation
frameworks, highlighting trade-offs between real-time efficiency and detection accuracy.

- Experimental demonstration of a multi-stage perception framework suitable for integration with a
robotic harvesting system.

Collectively, these contributions advance the application of deep learning and computer vision
in precision horticulture and establish a foundation for autonomous harvesting of dense crops such
as oyster and enoki mushrooms. The work aligns with the broader goals of Industry 4.0, contributing
to sustainable, intelligent food-production systems [21,22].

1.5 Paper Organization

The remainder of this paper is organised as follows.

Section 2 describes the dataset, materials, and training methodology.

Section 3 presents quantitative and qualitative results.

Section 4 discusses the results and their implications for agricultural automation.

Section 5 outlines directions for future research.

Section 6 comprises the conclusion of the work.

2. Materials and Methods
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2.1 Initial Hypothesis

The experiments were designed to evaluate the performance of current state-of-the-art computer
vision methods for automated shiitake mushroom harvesting and to explore approaches for
improving detection accuracy. It was hypothesised that modern deep-learning-based vision systems
would provide sufficient precision for robotic harvesting applications. Furthermore, incorporating
depth information was expected to enhance accuracy by enabling better differentiation between
mushrooms and the visually similar fruiting block.

2.2 Dataset

Deep learning models require extensive annotated datasets to learn discriminative features for
accurate prediction. A diverse dataset mitigates bias and enhances model generalisation to varying
conditions such as background complexity. No open-source 2D or 3D datasets of shiitake mushrooms
on fruiting blocks were identified in existing literature or repositories. Consequently, new 2D and 3D
datasets were curated to support this study’s objectives.

2.2.1 Choice of Sensor

Two 3D cameras—the Asus Xtion Pro and Microsoft Azure DK [23], [24] —were evaluated. The
Xtion Pro, designed for general consumer use, employs infrared (IR) structured-light projection
within a 0.8-3.5 m range via the OpenNI SDK [25]. The Azure DK, developed for research and
commercial applications, uses time-of-flight (ToF) IR depth sensing over 0.5-3.8 m and is supported
by the Microsoft SDK [26]. Figures 1 and 2 show examples of the test.

Figure 1. 3D and colour from the Xtion Pro Live camera of an immature shiitake mushroom fruiting block as
viewed with the OpenNI SDK.

Both devices provided adequate depth precision, though the Azure DK demonstrated superior
performance, yielding higher-resolution colour images and more stable depth data with reduced
noise and data loss. Accordingly, the Azure DK was selected for the remainder of this study.

2.2.2 Data Collection

Two shiitake fruiting blocks were obtained for image acquisition. The Azure DK’s four depth
configurations—Narrow-FOV Unbinned, Narrow-FOV 2x2 Binned, Wide-FOV Unbinned, and
Wide-FOV 2x2 Binned —were evaluated, with the Wide-FOV Unbinned setting providing optimal
granularity.

Figure 2. Examples of the colour and 3D outputs from the Azure DK 3D camera, viewed with the Azure Kinect
Viewer which is part of the SDK.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Due to the mushrooms’ rapid growth rate and project time constraints, data diversity was
maximised by capturing each block under two background conditions (simple and cluttered) and
from three camera angles: level, slightly below, and slightly above. Since harvesting occurs from
beneath the cap, most usable images were from level and lower perspectives. Figure 3 shows these
fruiting blocks from 2 of the perspectives and each background. Each block, containing
approximately 200 mushrooms, was rotated during acquisition to increase variability.

(a) Plain background looking underneath (b) Busy background looking level.

Figure 3. Two examples of the colour images from different viewpoints with different backgrounds.

Comparative 15 recording length = 60s, colour resolution = 1440p). The fruiting blocks were
rotated slightly by hand and left to pause at each point for a second or two. The 60s video allowed
for several full rotations of the block with each mushroom being viewed from slightly different
angles. Python scripts were used to separate the .mkv recordings into 900 colour frames and 900
depth frames that will appear black and are of type uintl6. Each of the video frame folders was
reduced by only keeping every 20th image, ensuring that both the colour frames and depth frames
were still matched correctly.

2.3. Model Choice and Annotation

The harvesting model must accurately detect shiitake mushrooms within images of fruiting
blocks, providing precise localisation and potential yield estimation. Standard object detection
algorithms such as Faster R-CNN [27], SSD [28], or YOLOvVS [29] can identify object locations using
bounding boxes. However, due to the close proximity and irregular shapes of mushrooms, instance
segmentation was more appropriate. Algorithms such as Mask R-CNN [16] and YOLOvS8-seg [17]
extend detection models by adding polygonal segmentation masks, enabling more accurate
separation of overlapping instances.

2.3.1. Data Annotation

Roboflow was selected for segmentation annotation due to its user-friendly interface and dataset
management tools. Instance segmentation requires detailed polygonal masks outlining each object’s
visible boundaries. Roboflow’s Smart Polygon tool assisted annotation but required manual
correction because mushrooms often overlap or obscure one another, complicating automated edge
detection. An example of the Roboflow user interface and the smart polygon feature is shown in
Figure 4.
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Figure 4. An example of the Roboflow user interface and annotating with the ‘Smart Polygon’ feature.

Annotation rules ensured consistency:
e  Objects were outlined as accurately as possible.
e Very small or unclear mushrooms were omitted.
e Only visible portions were annotated.
e In occluded cases, the portion including the cap was annotated.

Each image contained up to 75 annotated mushrooms; Figure 5 shows a fully annotated image,
where 73 individual shiitake mushrooms are annotated. In total, 92 images were annotated,
producing 5,802 instances (~63 per frame). Datasets were divided into training, validation, and test
sets. Data augmentation was applied via horizontal flipping to maintain realistic examples while
increasing diversity. Increasing the training set size from 67 images to 118, gave a final training,
validation and test split of 118:15:10.

Figure 5. A fully annotated shiitake mushroom fruiting block from the dataset.

2.3.2. Instance Segmentation Algorithms

Two state-of-the-art segmentation frameworks were evaluated:

1. Mask R-CNN (Detectron2 implementation), long regarded as an instance segmentation
benchmark.

2. YOLOv8-seg, the recent YOLO variant supporting detection, segmentation, classification, and
pose estimation.

2.3.3. YOLOv8

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Released by Ultralytics in January 2023 [17], YOLOvS8 extends YOLOVS5, offering models of
varying complexity (YOLOv8n-x; 3.2-68.2 million parameters). It is a single-stage detector capable
of segmentation and pose estimation, optimised for both performance and accessibility.

2.3.4. Detectron2

Detectron2, developed by Facebook AI Research (FAIR), reimplements Mask R-CNN [16] in
PyTorch and includes a modular architecture and pre-trained “model zoo”. The Mask R-CNN used
here employed a ResNet-50 backbone pre-trained on Microsoft COCO [30]. This configuration
enables high-quality feature extraction and supports classification, segmentation, object detection,
and keypoint detection.

2.3.5. Pre-training

Both YOLOvVS8 and Mask R-CNN were pre-trained on the Microsoft COCO dataset, which
contains 328k annotated images spanning numerous object classes. Pre-training provides feature
generalisation, reducing computational cost and improving convergence when fine-tuning on
smaller, domain-specific datasets such as this one.

2.4. Model Training

Model training was conducted using Google Colaboratory (Colab)[31], which provides GPU-
accelerated (NVIDIA A100) environments for efficient deep learning experimentation. Colab’s
integration with Jupyter Notebook [32] allowed modular execution of Python code for setup, training,
and evaluation. GPU and TPU resources were utilised to accelerate training due to the high
computational demands of deep neural networks.

2.4.1. Hyperparameters

Most hyperparameters were retained at their default values within the Ultralytics and
Detectron2 frameworks for fine-tuning to prioritise methodological clarity over extensive tuning.
Selected adjustments were made for batch size and epochs to balance computational constraints with
model convergence.

2.4.2. YOLOVS8 Training

YOLOVS-seg was implemented from the Ultralytics repository using Colab. The model was
initialised with COCO pre-trained weights, and the dataset was imported using a Roboflow API code.
Model training on the base and horizontally flipped training dataset followed the defined
hyperparameters, with validation conducted on the held-out validation subset and inference
performed on the test set. Preliminary runs confirmed that the model could effectively learn from a
dataset with numerous small instances despite limited image diversity. The batch size was set to 2 to
accommodate hardware limits, and epochs were fixed at 50 based on training log observations. Model
learning curves indicated satisfactory convergence, and further tuning was reserved for future work.

2.4.3. Detectron2 Mask R-CNN

The Detectron2 implementation required more detailed configuration. The repository was
imported and the Mask R-CNN pre-trained model (ResNet-50 backbone) was loaded from the
Detectron2 model zoo. The dataset, downloaded via Roboflow, was registered in COCO format, with
visualisation used to verify annotations.

Training utilised the COCOEvaluator for validation and testing. Key hyperparameters were
kept near default values, except for training iterations, defined as:

Max Iterations=N x E /B 1)

where N is the total number of samples, B is batch size, and E is the number of epochs.
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Training employed a batch size of 2, a maximum of 3,000 iterations, and 118 augmented training
images, equating to approximately 50 epochs.

2.5. Depth Model Training

To test the hypothesis that incorporating depth data enhances detection accuracy, depth
information was integrated into the dataset. Direct modification of the network architecture to accept
four-channel RGB-D input was found to exceed the project’s scope. Instead, a practical proxy solution
was implemented; colour channel variance measurements identified that the least informative
channel was blue, and this was substituted with the depth channel, producing RG-D images.

2.5.1. Depth Frame Matching and Integration

Since the dataset had been reduced from the original collection, an automated script was created
to match corresponding depth and RGB frames based on filenames. Alignment verification was
critical, as the Azure DK camera captures depth and colour data from separate sensors spaced 32 mm
apart. Depth frames were stored as single-channel 16-bit unsigned integer images, which appear
black to the human eye. To visualise and validate them, a Python script employing OpenCV [33]
normalised pixel values for display. This conversion confirmed integrity and allowed inspection for
data distortion.

Figure 6 shows the colour frame next to the depth image converted from the single-channel
depth frame, and in the latter the colour represents the depth. Subsequent blending of the RGB and
depth frames demonstrated adequate alignment for model training, as shown in Figure 7.

\Q"’ ‘,» : ]

(a) | (b)

Figure 6. Corresponding RGB and Depth image after conversion: (a) Example RGB image used for checking
the camera alignment, (b) Depth image converted from a single-channel depth frame.

Figure 7. The result of blending the RGB and Depth images to check for alignment.

2.5.2. RG-D Training

After confirming alignment, the blue channel in each RGB image was replaced with the depth
channel to generate the RG-D dataset. The new dataset, identical in structure to the original, retained
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the same annotations and was uploaded to Roboflow. Training followed the same procedure and
hyperparameters as the RGB dataset using YOLOvV8 and Detectron2. This enabled a direct
performance comparison between RGB and RG-D models to evaluate the influence of depth data on
segmentation accuracy.

2.6. Depth Reconstruction

Following evaluation of the RGB and RG-D models, additional experiments were conducted to
explore further applications of depth data. It was hypothesised that combining segmentation masks
with depth information and point-cloud reconstruction could provide geometric insights into
mushroom morphology, potentially enabling estimation of parameters such as size, orientation,
ripeness, and weight.

2.6.1. Mushroom Segmentation and Point-Cloud Reconstruction

Segmentation was performed using the trained Detectron2 Mask R-CNN model. The colour
inference masks were applied to the corresponding depth images to isolate mushroom instances.
Each masked depth image was saved for further analysis. Depth manipulation and reconstruction
were implemented using the Open3D library [34], which facilitates creation and rendering of point
clouds from depth data. The resulting point clouds allowed qualitative assessment of object geometry
and alignment accuracy.

3.7. Cut-Point Estimation

Once the mushrooms were detected and localised, the next step for autonomous harvesting was
to determine a suitable cut-point along the stem for robotic removal. Multiple strategies exist for this;
however, given the mushroom morphology, keypoint detection was identified as the most effective
method.

3.7.1. Keypoint Annotation

Keypoints were annotated to represent optimal stem cut locations. Unlike typical human pose
estimation tasks using multi-point skeletons, each mushroom required only a two-point “cutpoint”
skeleton located on opposite sides of the stem base. Due to project time constraints, a smaller dataset
was created specifically for this purpose. Because Roboflow does not support keypoint annotation,
CVAT (Computer Vision Annotation Tool) [35] was used. Early trials attempting to use segmented
outputs for keypoint labelling proved inefficient, as stem visibility was often limited by occlusion
and image resolution. Therefore, cut-points were annotated directly on full fruiting block images,
using only images captured from below to maximise stem visibility. Annotation rules were
intentionally relaxed to accommodate occlusion; any clearly visible stem was marked at its lowest
observable point, assuming a bottom-up harvesting strategy. The final dataset contained 18 images
with 344 annotated cut-points. After an 80/20 train-test split, 14 training images (272 instances) and 4
test images were retained. Both YOLOv8-Pose and Detectron2 keypoint detection frameworks were
employed, leveraging pre-trained MS COCO keypoint weights [31]. Figure 8 shows an example of
the annotations on CVAT, enlarged for clarity.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 8. An example of the cut-point dataset with 2 point keypoint annotations.

2.7.2. YOLOv8-Pose

For YOLOvS8-Pose, annotation files were converted from COCO JSON to the Ultralytics YOLO
format. Each image was associated with a corresponding text file containing keypoint coordinates. A
YAML configuration file defined dataset parameters and model settings as per Ultralytics
documentation [17]. Training followed the standard YOLOVS8 pipeline, maintaining default
hyperparameters. Visualisations confirmed correct loading of images and annotations.

2.7.3. Detectron2

Keypoint detection using Detectron2 followed a similar workflow to instance segmentation but
required additional dataset registration. Detectron2 was configured in Colab, with the dataset stored
in Google Drive and registered as separate training and testing sets. Visual verification confirmed
correct annotation parsing in COCO format. Hyperparameters included 4,000 training iterations
(=571 epochs for 14 images), a batch size of 2, and a learning rate ramping from 0 to 0.00025 over the
first 1,000 iterations. Evaluation was conducted using four test images after model convergence.

2.8. Evaluation Metrics

To quantitatively assess model performance, consistent evaluation metrics were employed
across experiments. For comparability, both YOLOvS8 and Detectron2 models were trained and tested
on identical train-validation-test splits. Metrics were derived from standard object detection and
segmentation evaluation protocols, adapted for single-class (shiitake mushroom) analysis. Model
accuracy was first evaluated using Intersection over Union (IoU), performance was further
characterised by Precision (P) and Recall (R). Precision reflects detection accuracy, while Recall
measures completeness. Because either metric alone may be misleading, the Fl-score was also

computed to balance both:

FL.S o Precision X Recall 5
mocore = Precision + Recall @)

The Fl-score provides a robust single measure of model performance, especially for unbalanced

datasets. Average Precision and Mean Average Precision were employed, with COCO metrics [31]
applied to assess model robustness at multiple IoU thresholds and object sizes.

3. Results
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3.1. Colour Instance Segmentation

The first objective of this study was to evaluate the capability of deep learning-based instance
segmentation methods for identifying shiitake mushrooms growing on fruiting blocks. Both
models —Detectron2 Mask R-CNN and YOLOv8m-seg—were pre-trained on the Microsoft COCO
[18] dataset and trained under identical conditions (epochs and batch size). Each model successfully
converged on the newly created shiitake dataset, achieving stable optimisation of network weights.
Table 1 presents quantitative results for selected evaluation metrics discussed in Section 2.8. For
AP@[IoU = 50] a prediction is correct if the prediction overlaps the ground truth by at least 50%.
AP@[IoU = 50:95] reports the mean AP across IoU thresholds from 0.50 to 0.95 (in steps of 0.05),
requiring increasingly precise overlaps for a positive detection.

Table 1. Comparison between Detectron 2 Mask R-CNN and YOLOv8m-seg.

Metric Detectron 2 Mask R-CNN YOLOv8m-seg
AP@[IoU = 0.50:0.95] 55.5 67.9
AP@[IoU = 0.50] 77.7 94.9
Total Inference Time (ms) 420.5 60.2
Pure Compute Time (ms) 77.5 6.0

Quantitatively, YOLOvV8 achieved superior accuracy and markedly faster inference than Mask
R-CNN. Qualitatively, however, both models performed comparably. Figure 9 illustrates
representative inference results. Detectron2 generally produced accurate segmentations, occasionally
missing smaller or partially occluded mushrooms, while YOLOVS yielded cleaner boundaries and
fewer missed detections.

Figure 9. Comparison of YOLOv8-seg (a) and Detectron2 (b) inference.
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Despite YOLOVS8's higher quantitative performance, Detectron2 Mask R-CNN was selected for
subsequent stages due to its flexibility, extensive documentation, and suitability for downstream
processing and experimentation. Nevertheless, YOLOv8 remains a strong candidate for future
deployment owing to its superior speed and precision.

3.2. RG-D Instance Segmentation

To evaluate the hypothesis outlined in Section 2.1, the RGB dataset was compared with the RG-
D dataset—constructed by replacing the blue channel with depth data—to assess whether depth
information improved segmentation performance. Both datasets contained identical images and
annotations, and were trained under the same conditions using the Detectron2 Mask R-CNN model.

Table 2. Evaluation Metrics for Bounding Box and Segmentation.

Metric AP AP@.50 AP@.50 AR
Bounding Box (RGB) 52.442 77.379 58.416 57.400
Bounding Box (RG-D) 51.410 76.259 59.554 56.300
Segmentation (RGB) 55.446 77.653 64.246 59.700
Segmentation (RG-D) 53.653 75.596 63.339 58.100

As shown in Table 2, accuracy was comparable across both datasets, with RGB data achieving
marginally higher scores in all metrics. These results suggest that the inclusion of depth information
did not provide a measurable performance advantage under the tested conditions.

"\ﬁ

Figure 10. Detectron 2 Mask R-CNN inference on an RG-D image.

Figure 10 shows an example of the detection and segmentation on the RG-D image.
Qualitatively, the RG-D images exhibited a yellow hue due to the absence of the blue channel;
nonetheless, the model maintained stable detection and segmentation. Overall, while depth
integration proved feasible, it did not yield a significant accuracy improvement for this dataset.

3.3 Cut-Point Estimation

Following segmentation, the final objective was to determine potential cut-points for automated
harvesting using keypoint detection models. As with segmentation, YOLOv8-Pose was trained first
due to its streamlined implementation, followed by Detectron2 for comparison.

Early YOLOvS8-Pose experiments revealed difficulty in learning keypoint positions. After 150
epochs, the mean Average Precision (mAP) for both bounding boxes and keypoints remained near
zero, indicating a lack of convergence. Gradual improvement occurred with extended training, but
overall detection performance remained poor. Table 3 shows the results from running the trained
models on the validation set of 4 images.

Table 3. Keypoint detection results for each model on the validation set.

Metric AP50 AP50:95
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YOLOv8-pose Bounding box 8.29 0.02
Keypoint 0.44 0.26
Detectron Bounding box 14.22 0.02
Keypoint 0.40 0.00

The small dataset (18 images, 344 annotated cut-points) and subtle visual cues for stem bases,
limited model learning. Nevertheless, both YOLOv8 and Detectron2 produced qualitatively
reasonable predictions, correctly identifying several plausible cut-points at mushroom stem bases.

Detectron2 exhibited superior learning stability, with accuracy increasing consistently within
the first 30 of 4,000 training iterations. Visual inspection of inference results confirmed more frequent
and accurately positioned predictions compared with YOLOVS.

Although quantitative metrics remained low, these results demonstrate the feasibility of using
deep learning-based keypoint detection for identifying mushroom cut-points. With a larger
annotated dataset and further optimisation, model performance is expected to improve substantially.
The Google Drive link below provides the training scripts, README files, and datasets.

https://drive.google.com/drive/folders/16qup3jJyWnyLnNjVDfG8yUrh7wYTVK8y?usp=drive_link
4. Discussion

4.1. Colour Instance Segmentation

YOLO has evolved rapidly through multiple iterations to become a leading object-detection
framework, combining high accuracy with simple implementation. Its accessibility has expanded the
reach of computer vision to a wide range of developers and researchers. Given its recent
improvements and popularity, YOLOv8 was expected to outperform Detectron2 Mask R-CNN in
instance segmentation. Quantitative results confirmed YOLOv8’s higher precision and faster
inference, yet qualitative analysis revealed that Detectron2 achieved comparable segmentation
quality for shiitake mushrooms. Owing to its mature documentation, modular design, and flexibility
for downstream integration, Detectron2 was selected for subsequent stages. However, in time-critical
or resource-limited applications, YOLOvS8 may offer a practical advantage due to its speed.

Implications for agricultural automation:

These findings demonstrate that both architectures are viable for real-time perception in
harvesting systems. YOLOv8’s low latency suits embedded applications or mobile robots with
limited computational resources, whereas Detectron2’s flexibility and feature-rich outputs make it
well-suited for integration into multi-stage pipelines combining perception, planning, and
manipulation. The capability to segment dense mushroom clusters accurately represents a key
enabling step toward autonomous picking.

4.2. RGB vs RG-D

The cluttered structure of shiitake fruiting blocks was initially expected to hinder colour-only
segmentation, suggesting that depth input would be essential for improved accuracy. Contrary to
this expectation, the RGB model performed remarkably well, achieving strong segmentation despite
complex backgrounds. A direct comparison between RGB and RG-D datasets—created by
substituting the blue channel with depth —showed minimal difference in accuracy. This suggests that
colour cues alone captured sufficient spatial information. Blue-channel values in shiitake imagery,
although low, may encode weak depth cues that networks exploit implicitly.

Implications for agricultural automation:

This outcome indicates that reliable object segmentation for harvesting can be achieved without
dedicated depth sensing, simplifying system design and reducing computational load. Depth data,
while valuable for manipulation planning, may not be essential for initial fruit detection. This insight
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can inform the design of low-cost perception systems deployable in commercial farms where
hardware simplicity and robustness are critical.

4.3. Depth Reconstruction

Although not included in the quantitative results, depth-based 3D reconstruction experiments
confirmed that segmentation outputs could be successfully converted into accurate spatial models.
These reconstructions verified that colour instance segmentation alone provides sufficient geometric
fidelity for downstream processing. Preliminary tests explored whether 3D point clouds could yield
additional crop information, such as mushroom size, maturity, and pose. These appear feasible but
were constrained by limited data and the high density of fruiting blocks, which frequently caused
occlusion. In such cases, partial reconstructions lacked clarity without the wider scene context.

Implications for agricultural automation:

Accurate 3D reconstruction from 2D segmentation supports advanced robotic behaviours such
as adaptive grasp planning and yield estimation. The demonstrated feasibility suggests that future
agricultural robots could integrate perception and manipulation more tightly leveraging depth cues
for collision-free trajectory generation and dynamic adjustment to occlusion. This integration
represents a step toward intelligent, perception-driven harvesting systems. The depth cues also have
the potential to help automate measurements for determining phenotypes.

4.4. Cut-Point Estimation

At the outset, it was uncertain whether keypoint detection could be adapted for identifying
mushroom stem cut-points, as most prior work focuses on human pose estimation. Limited precedent
required a trial-and-error approach. Initial attempts to annotate and train on individually segmented
mushrooms proved impractical due to severe occlusion within dense fruiting blocks. A more effective
strategy involved annotating all visible cut-points directly in full images, enabling detection in
realistic harvesting contexts. Despite dataset limitations and occasional ambiguity caused by lighting
or stem occlusion, both YOLOvVS8-Pose and Detectron2 generated plausible predictions. Detectron2
produced particularly accurate bounding boxes and keypoints near stem bases, confirming the
feasibility of deep-learning-based cut-point estimation.

Implications for agricultural automation:

Reliable identification of stem cut-points is a crucial capability for robotic harvesting. Even with
limited training data, the models demonstrated potential to provide spatial coordinates usable by
robotic arms for precision cutting. This establishes a foundation for end-to-end autonomous
harvesting, where perception directly informs actuation. Future development with larger datasets
and refined pose-estimation networks could yield operational systems capable of selective, damage-
free picking in dense environments.

5. Further Work

5.1. Dataset and Model Development

A larger and more varied dataset is essential for improving model generalisation. Future
collection campaigns will include multiple fruiting blocks captured under different lighting
conditions, camera angles, and growth stages. These data will enable the training of robust, domain-
adaptive models capable of handling variability in commercial production environments.

Segmentation frameworks such as Detectron2 and YOLOv8-seg should be modified to accept
true four-channel RGB-D input. This will allow a quantitative assessment of depth information and
its computational cost. Hyperparameter optimisation —including learning-rate scheduling, batch
size, and augmentation strategy —should be systematically explored to maximise model accuracy
within the constraints of embedded hardware.
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Keypoint annotations should be extended across the entire dataset so that a unified Detectron2
model can perform both segmentation and cut-point detection in a single inference pass. This multi-
output design would simplify the perception pipeline and reduce inference latency.

5.2. Integration with Robotic Harvesting Systems

Future work will focus on embedding the trained vision models into a robotic harvesting
platform capable of closed-loop operation. A feasible implementation could follow a multi-stage
workflow:

Perception: A fixed or articulated RGB-D camera captures images of the fruiting block. The deep-
learning model performs real-time instance segmentation to identify all visible mushrooms and
estimate their maturity based on cap morphology.

Cut-Point Localisation: The keypoint-detection module identifies optimal stem cut-points for
each detected mushroom, producing three-dimensional coordinates in the robot’s workspace.

Planning and Control: A motion-planning algorithm uses the spatial data to generate collision-
free trajectories for the end-effector. Depth data can refine approach angles to avoid contact with
adjacent fruiting bodies.

Actuation: A lightweight gripper with a blade, mounted on a robotic arm, performs precision
cutting and transfers the mushroom to a collection container.

Feedback and Tracking: Post-cut images update a tracking module to record harvested
mushrooms and estimate yield over time.

This integrated approach would transform the current perception framework into a fully
operational harvesting subsystem. Using the same deep-learning models for both detection and cut-
point localisation ensures perception continuity, while sensor fusion and tracking provide spatial
awareness for continuous operation.

5.3. Broader Applications and Research Directions

Future work will also explore:

Cross-crop adaptation: Applying the developed perception pipeline to other clustered crops
such as oyster mushrooms, beans, or berries to evaluate scalability and model transferability.

Real-time deployment: Porting the trained models to embedded GPUs (e.g., NVIDIA Jetson) and
testing on-farm under variable illumination and humidity.

Yield estimation and phenotyping: Using reconstructed 3D models to monitor crop growth,
maturity, and spatial distribution for precision-agriculture analytics.

Collaborative robotics: Integrating perception modules with cooperative robotic systems
capable of operating simultaneously on shared fruiting blocks to increase throughput.

By progressing toward a fully integrated perception—-manipulation platform, deep learning and
computer vision will enable robots to identify, localise, and harvest mushrooms autonomously with
the same delicacy and precision as human pickers. Such systems would reduce labour dependency,
enhance productivity, and promote sustainable indoor cultivation practices aligned with the
objectives of Industry 4.0 and smart agriculture.

6. Conclusions

This study has demonstrated that advanced machine vision and deep learning can provide the
perceptual foundation required for robotic harvesting of shiitake mushrooms. By developing and
evaluating dedicated instance-segmentation and keypoint-detection models, the research established
that modern architectures such as YOLOv8-seg and Detectron2 Mask R-CNN can accurately identify
and delineate individual fruiting bodies in complex, cluttered environments. Despite the visual
challenges posed by occlusion, texture similarity, and lighting variability, the models achieved robust
segmentation performance, confirming the suitability of deep-learning-based vision for this task.
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The results also indicate that colour imagery alone can capture sufficient spatial information for
effective mushroom detection, potentially reducing the need for costly depth sensors in early
perception stages. Nevertheless, the study demonstrated that depth data and 3D reconstruction can
enhance geometric understanding, laying the groundwork for advanced spatial reasoning and
manipulation. The proof-of-concept keypoint detection further confirmed that deep-learning models
can approximate stem cut-point positions, a critical step toward fully autonomous harvesting.

Collectively, these findings represent a significant step toward intelligent, vision-driven
automation in indoor agriculture. The integration of computer vision, deep learning, and robotic
manipulation holds the promise of achieving precise, gentle, and scalable mushroom harvesting —
tasks traditionally dependent on skilled manual labour.

Future developments will focus on dataset expansion, full RGB-D integration, and embedding
the perception models into real robotic platforms capable of closed-loop operation. Once integrated
with motion planning and adaptive control, such systems will allow robots to identify, localise, and
harvest mushrooms autonomously with minimal supervision.

The broader implication extends beyond mushroom cultivation. The methodologies and
architectures presented here can be adapted to other dense-crop scenarios such as berry, bean, or
flower harvesting, contributing to the wider transformation of agricultural production. As machine
vision and deep learning continue to evolve, their synergy with robotics will play a defining role in
the next generation of sustainable, high-efficiency farming systems — realising the objectives of smart
agriculture and the Industry 4.0 paradigm.

Supplementary Materials: The following supporting information can be downloaded at:
https://github.com/trow-land/Machine-Vision-and-Deep-Learning-for-Robotic-Harvesting-of-Shiitake-
Mushrooms

This is the GitHub repository for the project; with links to training scripts, datasets and additional
resources. https://universe.roboflow.com/shiitake-harvest/shiitake-harvest

Roboflow is where the dataset is stored for open source access.
https://drive.google.com/drive/folders/16qup3jJyWnyLnNjVD{G8yUrh7wYTVK8y?usp=drive_link

The Google Drive link above provides the training scripts, README files, and datasets.
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Abbreviations

The following abbreviations are used in this manuscript:

IoU Intersection over UnionAP Average Precision
RGB-D Red, green, blue and depth (3D camera)
RGB Red, green and blue.

RG-D Reg, green and depth (with blue channel removed).
Convolutional Neural Network
CNN

Appendix A

Appendix A.1

The appendix is an optional section that can contain details and data supplemental to the main
text—for example, explanations of experimental details that would disrupt the flow of the main text
but nonetheless remain crucial to understanding and reproducing the research shown; figures of
replicates for experiments of which representative data is shown in the main text can be added here
if brief, or as Supplementary data. Mathematical proofs of results not central to the paper can be

added as an appendix.
Table A1. This is a table caption.
Title 1 Title 2 Title 3
entry 1 data data
entry 2 data data
Appendix B

All appendix sections must be cited in the main text. In the appendices, Figures, Tables, etc.
should be labeled starting with “A” —e.g., Figure A1, Figure A2, etc.
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