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In automated tomato harvesting, it is essential to distinguish between the main stem of the plant and the stem with the fruit,
which was the aim of this research. We hypothesised that instance segmentation can recognise the main stem and the stem
with the fruit in tomato images, even with unbalanced data, with a precision better than 0.7 and an inference speed better than
3 fps. The tomato variety Merlice was used. From the measurement, 399 images were extracted concerning three conditions.
The training, testing, and validating sets were randomly divided in an 80 : 10 : 10 ratio, with 10% of the training set allocated as
the validation set for cross-validation during model training. We propose to use the YOLO-v8 model for recognition. With image
size 800 x 800 pixels and model YOLO-v8m-seg, precision was 0.736, recall 0.738, mAP50 0.712 and mAP50-95 0.301. Inference
speed was 6.34 fps. When using the YOLO-v8I-seg model, precision achieved was 0.761, recall 0.673, mAP50 0.689 and mAP50-95
0.308. Interference speed was 3.92 fps. Using integrated GPU, the inference can reach the speeds of up to 10 fps. Experimental
results demonstrate usable overall recognition performance for unbalanced samples. The findings of this work provide a technical

foundation for developing tomato harvesting robots.
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Fully automated harvesting of tomatoes in greenhouses has
many positive effects. At present, when labour is a problem
in the agro-industry, it provides an alternative with
the potential for high economic efficiency (Arad et al., 2020;
McAllister et al., 2019). Vision systems are an integral part
of an agricultural robot. Their task is to recognise and locate
plant organs. Plant stem recognition is of great importance
with high application value in automatic fertilisation,
spraying (Wang et al,, 2012), and harvesting fruit (Ma et al.,
2021; Sun et al, 2021).

To control the robotic arm, it is essential to know
information about the position of fruits and their maturity.
Tomato bushes are harvested by cutting off the bush
of plants at junction with the main stem. Many works
have been published (Xiao et al., 2023; Li et al., 2021; Liu
et al,, 2024) using the machine vision technology to detect
the ripeness status.

In 2015, the YOLO (You Only Look Once) real-time
object detection system was published and has rapidly
grown in the number of iterations with the latest version
YOLO-v11in 2024 (Aliand Zhang, 2024). YOLO achieves high
detection accuracy and inference time with a single-stage
detector (Vijayakumar and Vairavasundaram, 2024). Many
applications readily adopt the versions of YOLO due to their
high inference speed (Ju and Cai, 2023; Solimani et al., 2024;
Song et al., 2024; Yue et al., 2023). Also, for these reasons,
individual plant stems identification is currently partially
handled using YOLO models (He et al., 2022; Li et al., 2025;
Lyu et al,, 2023; Li et al., 2023; Wang et al., 2023).

Li et al. (2025) addressed the detection of ripe tomato
fruits and stems in their work. They solved the problem
of poor recognition due to occlusion, overlapping, sample
imbalance, and large differences in the extent of fruit
stems. The loss function in the YOLOX model was replaced
by the GloU loss function due to improved accuracy.
In the experiment, the mAP of the YOLOX-SE-GloU model
reached 92.17%. The incorporation of the SE module
improved the accuracy of unbalanced sample recognition.
However, the results are not applicable in practice because it
requires further research to optimise the model complexity
and the efficiency of algorithms to ensure integration with
robotic harvesting systems. Xiang et al. (2022) compared
DEM (Deep Embedding Model) and the cascaded neural
network with Mask R-CNN (Regions with Convolutional
Neural Networks) in recognising tomato plant stems.
The average precision, recall, and F1-score for the three
models - DEM, Mask R-CNN, and the cascaded neural
network combining DEM and Mask R-CNN - were as follows:

- DEM: 33.0% precision, 59.0% recall, and 42.3%
F1-score;

- Mask R-CNN: 66.2% precision, 50.0% recall, and
57.0% F1-score;

- Cascaded DEM + Mask R-CNN: 60.2% precision,
50.5% recall, and 55.2% F1-score.

These results showed that the recall rate of DEM was
better than that of Mask R-CNN, and the average precision
rate of Mask R-CNN was better than that of DEM. DEM
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performs well in the detection of thin and long objects,
even if objects have similar colours to their backgrounds.
The cascaded neural network has better performance
than that of DEM after combining the advantages of DEM
and Mask R-CNN, but its performance is still poorer than
that of Mask R-CNN due to its less pixel-level recall rate
(Xiang et al., 2022). Wang et al. (2024) used a point cloud
model of tomato plants at different growth days with
a proposed method of stem and leaf segmentation with
the measurement of phenotypic parameters. The average
accuracy, average recall, and average F1 score of stem and
leaf segmentation were 0.88, 0.80, and 0.84, respectively,
compared with the manual segmentation results. Compared
with the segmentation methods based on the skeleton,
the normal differential difference method, the regional
growth method, and the segmentation method based on
concavity, the stem and leaf segmentation was successful
(Wang et al., 2024).

Most of the above studies focused on the detection
of objects without differentiating the main stem from the side
stem with fruit. To solve these problems, this experiment
proposes the use of the YOLO-v8m-seg and YOLO-v8l-seg
models, which have the advantage of detecting objects with
low computational power requirements. YOLO-v8m-seg
represents a medium size neural network with 78.9 GFLOPs,
and YOLO-v8l-seq is a large size neural network with 165.2
GFLOPs (Ultralytics, 2024).

Selected image samples of the tomato image dataset
(@) Image of tomato plants in the morning; (b) Image of tomato plants with large shadows; (c) Image of tomato plants under direct
sunlight; (d) Image of tomato plants in the middle of the day; (e) Image of tomato plants in the evening; (f) Image of tomato plants
in the evening with shadows
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Based on previous research, we propose the following
hypothesis. Instance segmentation can recognise the main
stem and stem with the fruit in tomato images, even
with unbalanced data. We expect the model to achieve
a precision better than 0.7 and an inference speed better
than 3 fps. This achieves the ability of the system to operate
on platforms with lower computational power in real time.

Material and methods

The tomato image dataset used in this experiment was
collected from September to December 2024 at Oremus
Farm, a tomato grower, Podhajska, Slovakia. The tomato
variety Merlice was used. The image data was collected
manually by a human, using Xiaomi Redmi Note 9 Pro
with a resolution of 3472 x 4640. The standard resolution
of a smartphone camera was used; however, lower
resolutions down to 800 x 800 pixels can also be utilised
without compromising the model's performance. To
ensure the diversity of fruit stem identification in complex
environments and the authenticity of the planting
scene, different time periods (8:00 am to 6:00 pm) and
different shooting angles, different light, different degrees
of shading, and different distances from plants were used.
A total of 10,000 images were created. The image samples
for tomato plants in different scenes are shown in Fig. 1.




The following rules have been set for images:
1. theimage must contain at least one main stem plus
secondary stem pair;
2. the point where the main and secondary stems are
separated must not be overlapped;
3. the image has met the quality characteristics — it is
not blurred or otherwise distorted.

From the measurement, 905 images satisfying condition
3 were extracted, while 399 images satisfied conditions 1
and 2 (i.e. 319 : 40 : 40 images). The training, testing, and
validating sets were randomly divided inan 80:10: 10 ratio,
with 10% of the training set allocated as the validation set for
cross-validation during model training. The 80 : 10 : 10 split
isa commonly used standard that ensures sufficient data for
training the model (Nazarkar et al., 2023). The training set
consisted of 319 images, the test set contained 40 images,
and the validation set contained 40 images.

The experiment is complemented by five-fold
cross-validation to reduce the influence of random data
distribution on the results.

Given the dataset size, we applied data augmentation
techniques, specifically changes in brightness, saturation,
image scaling, flipping (left to right), and mosaic (combining
four images into one). These techniques help to improve
model generalisation and enhance robustness to varying
image conditions (Xu, 2023).

In the early stages of the research, we distinguished
3 classes — main stem, side stem with fruit and tomato.
Experiments on a small number of images showed several
problems with the tomato class. It created a disproportion
to the other classes and impaired the detection of the other
classes. Therefore, we decided to focus exclusively on
the main stem and side stem with fruit classes.

Due to strict image selection rules, the dataset was
relatively balanced, i.e. 885 instances of main stem and 699
instances of side stem with fruit. This ensured that both
classes had sufficient representation for effective model
training and reduced the risk of bias toward the dominant
class. We manually annotated the dataset composed of 399
images (Fig. 2). We used Semantic Segmentation with
Polygons to accurately label relevant objects. The method
was chosen due to the need for the most accurate pixel-level

segmentation. Instance segmentation is a promising deep
learning technique that builds upon object detection to
perform the pixel-level segmentation of individual instances,
effectively tackling pattern recognition challenges (Charisis
and Argyropoulos, 2024).

YOLOisasingle-stage objectdetection networkdesigned
for high-speed, real-time detection. YOLOv8 (Jocher et al,,
2023) improves on its predecessor with several innovative
features and performance enhancements. In the backbone,
YOLOvV8 replaces the C3 and SPP modules from YOLOvV5
(Jocher, 2020) with the C2f and SPPF modules, respectively.
The C2f module optimises convolution and feature fusion,
reducing computational layers and improving processing
speed, while the SPPF module simplifies multi-scale pooling
with a single pooling layer, enhancing feature extraction.
YOLOv8's head structure (Lin et al, 2017) combines top-
down semantic information with bottom-up detail, further
improving feature fusion (Wang et al., 2025). For main and
side stems with fruit detection, YOLO-v8m-seg and YOLO-
v8l-seg are ideal due to their multi-task inference capability
and instance segmentation within a single model. These
models were selected due to their demonstrated advantages
in balancing detection accuracy, computational efficiency,
and integrated instance segmentation capabilities, making
them particularly well-suited for complex tasks such as main
and side stem detection with associated fruit instances.

The architecture of the YOLOv8 model consists of three
main components: the backbone for feature extraction,
the neck for feature fusion, and a decoupled head, as shown
in Fig. 3.

For the backbone, a modified convolutional neural
network CSPDarknet53 is used. The neck utilises C2f
blocks. There are three detection heads, each focusing on
a different object size. Predictions are aggregated to obtain
the final output.

Conv block performs convolution operations followed by
batch normalisation and SiLU activation function. C2f block
enhances the model’s ability to retain important gradient
details. It consists of 2 Conv blocks and DarknetBottleneck
blocks. The Spatial Pyramid Pooling Fast (SPPF) module
converts varying-size feature maps into feature vectors with
fixed size.

Fig. 2

Selected image samples with labels
(red — main stem; blue - side stem with fruit) of the tomato image dataset: (a) A long shot with multiple stem instances; (b) A close-up

shot; (c) A side stem with a more complex branching pattern
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Fig.3 Detailed illustration of YOLOv8 model architecture
Source: github.com, 2023




The model comes in several variants: n, s, m, | and xI. As
the model size increases, so does its computational demand.
All variants are available pre-trained on the COCO (Common
Objects in Context) dataset, offering significant benefits,
especially for small datasets. With a pre-trained model,
the network has already learned to extract useful low-level
features, such as edges and textures, as well as high-level
features like object parts. This knowledge is transferred,
and during training, weights are fine-tuned to our specific
problem. The main modification is in the final layer to match
the class count.

In Conv block, a SiLU activation function (Eq. 2) is used.
This stands for Sigmoid Linear Unit, also known as Swish.
SiLU allows for smooth gradients, which avoids issues with
vanishing gradients that pose an obstacle to training deep
neural networks (Yang et al., 2024). This issue typically arises
when using the traditional sigmoid activation function (see
Eqg. 1).

M

—X

sigmoid (x) = ]

)

—X

silu (x) = sigmoid (x) = x1

where: x - logit real number from R (R is the set of real

numbers)

The loss function used is Binary Cross Entropy, which
is calculated pixel-wise in the case of segmentation task.
The loss is normalised by object area to prevent large
objects from dominating the loss. Single loss is defined as:

Iy, p) =-[y-log (p) + (1-y) - log (1 - p)] (3)

SiLU Activation Function

where: y — ground truth label (0 or 1); p — the predicted
probability of model. This is calculated as o(z)
(sigmoid function), z — raw logit real number

fromR

To address class imbalance, weighted loss can be used
instead. The total loss is calculated by averaging the sum
of losses over several instances. The comparison of activation
functions is shown in Fig. 4.

The training and evaluation were conducted on different
hardware configurations to assess both training efficiency
and real-world deployment feasibility. Training and fine-
tuning were performed on a machine with a Windows
10 operating system, AMD Ryzen 7 7800X3D CPU, and
NVIDIA RTX 4090 GPU. For testing and validation, Intel NUC
BOXNUCS8i7HNK2 with Windows 10, Intel Core i7-8705G CPU,
and Radeon RX Vega M GPU were used, which represents an
edge-computing environment.

To identify the optimal parameters for model training, we
performed hyperparameter tuning, focusing on those
outlined in the Material and Methods section, along
with learning rate and weight decay. Each training round
involved running a YOLO-v8I-seg model for 30 epochs with
an image size of 800 px, a batch size of 8, and the AdamW
optimiser. The best results were achieved at iteration 208,
where the model reached its highest mAP, prompting an
early stop after 270 iterations.

The final training parameters were 1000 training epochs,
image size 800 px, batch size 8, and hyperparameters
obtained during hyperparameter tuning. To prevent
overfitting, an early stopping criterion was set for 150 epochs
based on prior experimentation. The training concluded at
epoch 413, meaning the best model was observed at epoch

Sigmoid Activation Function

4 —— SiLU (Swish)
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Fig.4 Comparison of activation functions
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263. The same model was used for subsequent validation.
The sample outputs of this model are shown in Fig 5.
During validation, the best model was validated against
an unseen test dataset. We considered two models with two
image sizes (640 and 800 px) to balance model accuracy
and computational efficiency. The larger model achieved
a precision of 0.761, recall 0.673, mAP50 0.689, and mAP50-
95 0.308. As seen in the confusion matrix shown in Fig. 6,
a notable success was no confusion of the main stem and
side stem. The confusion between the two classes and
background suggests that an advanced preprocessing
technique dealing with image background might improve
the results. Upon manual inspection, it was found that

id;526 MainStem 0.97
oua
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there were numerous instances where the model correctly
labelled the main stems; however, these were not part
of the labelled dataset as they were isolated (without side
stems with fruit). The smaller model achieved a precision
of 0.736, recall 0.738, mAP50 0.712, and mAP50-95 0.301.
Compared to the larger model, there are improvements
in recall and mAP50; however, mAP50-95 and precision
are worse. As seen in Fig. 7a, b, the model has a better
performance on the main stem class.

Another part of the experiment was 5-fold cross-
validation. This resulted in a mean value of mAP50-95 0.284
(mAP50 0.647) with a standard deviation of std = 0.0287
(0.0394). These results indicate robust model performance

id:739 MainStem 0.93

L

RN

id"1 809 MainStem 0.95

4 3

id: 1825 MainStem 0.73

Fig.5 Examples of successful instance segmentation

The “SideStem” label represents the actual class “side stem with fruit” for brevity. (a) Image of tomato plants in the morning; (b) Image
of tomato plants with large shadows; (c) Image of tomato plants under direct sunlight; (d) Image of tomato plants in the middle of the day;
(e) Image of tomato plants in the evening; (f) Image of tomato plants in the evening with shadows
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with small variability between individual samples. It
confirms that the dataset splits were not biased towards
achieving artificially high performance. All five folds are
visualised in Fig 8.

Regarding real-time performance, CPU inference is on
average 651 ms per image using openvino int8 and 1035 ms
per image using native PyTorch models for the larger model.
With the smaller model being approximately twice as fast,
this is still not a satisfactory result. The training experiments
were conducted using Python version 3.13.1 and PyTorch
version 2.6.0. For inference testing on an Intel NUC device,
ONNX version 1.19 and OpenVINO toolkit version 2025.1.0
were employed.

However, using the integrated GPU instead, the inference
can reach the speeds of up to 10 fps, depending on
the model, which is significantly faster than CPU-based
processing. A comparison is shown in Fig. 9.

Conclusion

The use of the YOLO-v8m-seg and YOLO-v8l-seg models
effectively addresses the challenge of differentiating
the main stem from the side stems with fruit. By leveraging
these models, the system can segment the instances of both
classes efficiently while requiring low computational power,
making it suitable for real-time operation on platforms with
lower processing capabilities. With an image size of 800x800
pixels on Intel NUC, we achieved the following results:
— The YOLO-v8m-seg model achieved precision, recall,
mAP50 and mAP50-95 of 0.736, 0.738, 0.712, and
0.301 respectively. The inference speed is 6.34 fps.
— The YOLO-v8l-seg model achieved precision, recall,
mAP50 and mAP50-95 of 0.761, 0.673, 0.689, and
0.308 respectively. The inference speed is 3.92 fps.

The stated hypothesis was confirmed, i.e., it is possible
to recognise the main and secondary stem of tomato from
image information with a precision better than 0.7 and an
inference speed better than 3 fps. In future work, research
will be focused on dataset expansion and preprocessing
enhancements. Adding more images can further refine
segmentation quality, and the trained model can assist

in annotating new data. Implementing background removal
techniques could mitigate misclassifications.

Experimental results demonstrate usable overall
recognition performance for unbalanced samples.
The findings of this work provide a technical foundation
for developing tomato harvesting robots. Low computing
power requirements, usable accuracy and processing speed
on low-power platforms create conditions for real-world
greenhouse applications.
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