Detection of Cucumber Fruit on Plant in a Greenhouse Environment Using the
YOLOvV8 Object Detection Algorithm

A. Soleimanipour®”

1- Department of Biosystem Engineering, Gorgan University of Agricultural Sciences and Natural Resources, Gorgan,
Iran

(*- Corresponding Author Email: asoleimani@gau.ac.ir)

https://doi.org/10.22067/jam.2025.92068.1339

Introduction

The increasing demand for automation in agriculture, particularly for repetitive and labor-intensive tasks, has
driven the development of robotic harvesting systems. Recent advances in computer vision, deep learning, and
the availability of large image datasets have made it possible to create robust object detection models for
agricultural applications. Traditional harvesting methods, such as bulk harvesting, often lead to fruit damage and
loss owing to non-selective picking. Selective harvesting, particularly with the use of robotic systems, offers a
promising alternative by combining the precision of human labor with the efficiency of automation. This study
presents a deep learning-based model for detecting cucumber fruits on plants in a real greenhouse environment,
which is an essential step towards developing autonomous harvesting robots that selectively pick ripe
cucumbers.

Materials and Methods

A dedicated image dataset was curated in a commercial greenhouse, comprising 300 images of cucumber
plants captured under various lighting conditions (morning, noon, and evening), to ensure robustness against
real-world variability. Images were manually labeled to identify the cucumber fruits and their pedicels. To
enhance the model training and prevent overfitting, data augmentation techniques were applied to the training
set. Several architectures of the YOLO (You Only Look Once) object detection algorithm were evaluated,
including the nano-scale versions YOLOv5n and YOLOvS8n, and the small-scale YOLOVSs, in addition to the
RT-DETR model.

The YOLOVS algorithm is known as one of the state-of-the-art algorithms in computer vision because of its
high speed, detection accuracy, and adaptability. The YOLOvV8 architecture consists of three main parts:
backbone, neck, and head, which are responsible for extracting image features, combining and enriching
features, and predicting bounding boxes and object classes, respectively.

These models were trained, and their performances were compared based on the detection accuracy and
inference time metrics. Training and evaluation were conducted using a suitable computational platform.

Results and Discussion

The performances of different YOLO models and RT-DETR were rigorously evaluated. The results
demonstrated that the YOLOv8n model achieved the highest detection accuracy of 87.5%, surpassing the
performances of the other tested models. Importantly, the YOLOv8n model also exhibited a favorable balance
between the accuracy and inference time, making it suitable for real-time applications. The analysis considered
the trade-off between the number of parameters and detection speed, highlighting the efficiency of YOLOv8n.

The YOLOv8n model demonstrated superior performance in terms of pedicel detection accuracy compared
to YOLOV5n, achieving a fitness score of 91.08% (calculated as a weighted average of mAP@50 and mAP@50-
95). While exhibiting strong performance in fruit and pedicel detection (Figure 6), the sensitivity of the model
for pedicel detection (88.0%) was comparatively lower than that for fruit detection (96.1%). The highest F1
score (0.89) was observed at a confidence level of 39.5%, indicating the effectiveness of the model in balancing
the precision and recall for pedicel detection. Overall, YOLOv8n outperformed the other tested models in
identifying the class and location of the fruit pedicel. The superior performance of YOLOV8n can be attributed to
its architectural advancements and optimized training processes.

Conclusion

This study successfully developed a deep learning-based model for accurate and efficient cucumber fruit
detection in a greenhouse environment. The YOLOv8n model demonstrated superior performance compared
with the other evaluated architectures, achieving a detection accuracy of 87.5% while maintaining a good
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processing speed. These findings suggest that the YOLOv8n model has significant potential for integration into
autonomous vegetable harvesting robots, contributing to the automation of agricultural processes and increased
efficiency in greenhouse operations. Future works should explore further optimization and testing under diverse
environmental conditions.
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Table 1- Type of operations and specifications performed for image dataset augmentation
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1- Enhanced path aggregation network
2- Decoupled detection head

3- Bounding box

4- Instance segmentation

5- Pose detection
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Table 2- Hyperparameters used in training different YOLOv8 models

NN RCE oy
Hyperparameter Value Description
epochs 200 Number of epochs to train for
patience 50 Epochs to wait for no observable improvement for early stopping of training
Batch 4 Number of images per batch (-1 for AutoBatch)
Imgsz 640 Size of input images as integer
device gpu Device to run on, i.e. cuda device = 0 or device =0, 1, 2, 3 or device = cpu
optimizer ‘auto’ Optimizer to use, choices = [SGD, Adam, Adamax, AdamW, NAdam, RAdam, RMSProp]
Freeze None  Freeze the first n layers (int or list, optional), or freeze the list of layer indices during training
Ir0 0.01 Initial learning rate (i.e. SGD = 1E-2, Adam = 1E-3)
Lrf 0.01 Final learning rate (Ir0 * Irf)
momentum 0.937 SGD momentum/Adam betal
weight_decay 0.0005 Optimizer weight decay 5E-4
warmup_epochs 3.0 Warmup epochs (fractions ok)
warmup_momentum 0.8 Warmup initial momentum
warmup_bias_Ir 0.1 Warmup initial bias Ir
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Fig. 4. Trends in (a) bounding box loss, (b) classification loss, (c) precision, and (d) sensitivity during YOLOv8n model
training
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Table 3- Performance comparison of different models used in detecting the class and location of the objects

s Cowlus %0+ CBd Sl A0 U0 Cdd (1Sibe
BEVIY Precision Recall mAPS50 mAPS50-95 SNl
Model (el 25yl OSjeel byl il 2l oejeel byl Fitness
Train Test Train Test Train Test Train Test
YOLOv5n 0.9039 0.8841 0.8902 0.8748 0.9082 0.9024 0.5598 0.5603 0.5945
YOLOv8n 0.8990 0.8887 0.9073 0.8922 0.9240 0.9207 0.5780 0.5787 0.6129
YOLOv8s 0.8989 0.8835 0.9153 0.8878 0.9239 0.9224 0.5638 0.5633 0.5992
RT-DETR 0.9102 0.8853 0.9622 0.8801 0.9325 0.9075 0.5640 0.5642 0.5985
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Table 4- Performance of the YOLOv8n model in terms of precision, recall, mAP50, and mAP50-95
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Train Test Train Test Train Test Train Test
m"iﬁw 90 367 0.899 0.889 0.907 0.892 0.924 0.921 0.578 0.579
Ls
> 90 222 0.921 0.905 0.964 0.95 0.973 0.968 0.797 0.796
Cucumber
o L.a.uo 5l
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Table 5- Inference time and size of trained models
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Model Layers No. Parameters No. Training time (hr) Epochs Inference (ms)  Volume (MB)
YOLOvV5n 193 2503334 7.1 0.948 200 4.1 5.3
YOLOv8n 168 3006038 8.1 0.502 200 7.7 6.3
YOLOV8s 168 11126358 28.4 0.316 123 5.7 225
RT-DETR 498 31987850 86.28 0.775 80 9.2 66.1
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