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Object detection method for kiwifruit (Actinidia deliciosa) based on
improved YOLO11x-mod
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Abstract: Kiwi is one of the most important agricultural products in Turkey, and its maturity directly determines the quality
and market value of the product. Therefore, there is a need for an accurate and reliable detection system that can minimize post-
harvest losses while increasing productivity. In this study, a dataset of 420 images taken under different environmental
conditions was expanded to 928 images using data augmentation techniques, and a total of 22 750 kiwi samples were labeled.
In the study, the latest deep learning architectures, YOLOvVS, YOLOvV10, and YOLO11, were systematically compared under
identical conditions. As a result of these comparisons, the YOLO11x-mod model showed the highest performance when
optimized with hyperparameter strategies such as AdamW optimization, low weight decay, appropriate learning rate, and
dropout-mosaic augmentation techniques. This model achieved 81.76% accuracy, 83.97% recognition rate, 86.19% mAP@50,
and 66.80% mAP@50:95, delivering excellent results, especially in challenging scenarios such as dense foliage, object overlap,
and variable lighting conditions. In addition, the model’s operation with 72.5 million parameters, 272 GFLOPs, and 42 fps was
found to be suitable for real-time applications, balancing accuracy and speed. The insights gained from the study establish the
YOLO11x-mod model as a new reference point for kiwi detection and directly address limitations in the literature regarding
insufficient detection of small or overlapping fruits. In this respect, the results of this study not only contribute to science but
also show great potential for the integration of the model into robotic harvesting systems and precision agriculture applications.
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1 Introduction

Kiwifruit (Actinidia deliciosa) has become one of the
prominent agricultural crops in Turkey. The harvest of the fruit
should be planned and controlled depending on kiwifruit maturity.
Accurate assessment of fruit maturity is therefore essential for
determining the optimal harvest time and maintaining desirable
postharvest characteristics.. The harvest period is planned
depending on the physical and biochemical characteristics of the
kiwifruit. Analysis of the kiwifruit variety “Hayward” grown at
different altitudes in Mersin showed that altitude affects the weight
and size of the fruit. During harvesting, a gentle technique should be
applied to avoid damaging the fruit. Non-destructive acoustic
techniques can measure fruit firmness and determine the level of
ripeness without damaging the fruit. It is also extremely important
to study the nutritional value of kiwifruit before harvest. These
studies should be carried out to improve the quality of the fruit and
determine the macro- and micronutrient requirements of the
kiwifruit plant. Due to the delicate nature of kiwifruit, harvesting
must be done manually. Harvesting is a critical stage that affects the

quality, shelf life, and even the market price of the fruit. Kiwifruit
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must be harvested with care, as they are extremely sensitive to
damage due to their fragile naturel. Mechanical harvesting
technology is highly sought after in agriculture to increase
productivity, alleviate labor shortages, and ensure consistency of
high-quality fruit. Kiwifruit harvesting is particularly challenging
because the fruit is soft, the leaves are heavy, and the ripening
pattern is irregular”. Manual harvesting, although traditionally used,
is time-consuming, labor-intensive, and prone to quality variability.
Such problems have led to interest in using machine learning
models and computer vision methods to develop more efficient
automated systems. Object detection, an important aspect of the
developed systems, has been revolutionized by deep learning
models, making the tools suitable for fruit detection and localization
under unfavorable conditions®.

Deep learning models, particularly the You Only Look Once
(YOLO) series, have become leading real-time object detection
frameworks. Early uses of YOLO demonstrated the feasibility of
using neural networks for object detection at high speeds. As
agricultural applications required higher precision and power,
subsequent versions such as YOLOv8, YOLOv10, and YOLOL11
brought dramatic architectural improvements'. These deployments
utilized higher-level convolutional layers, more advanced feature
extraction mechanisms, and deeper networks, enabling them to
tackle challenging tasks such as detecting objects in scenes with
overlapping objects, changing light, and decreasing object sizes.
These advances have made YOLO models highly attractive for use
in agricultural fields such as fruit detection, where flexibility and
real-time functionality are of utmost importance.

YOLOvS5s-BC was proposed as an artificial intelligence-based
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apple detection method, and this model has various configurations
for fast and accurate detection of apples in complex natural
environments'”. They developed an optimized model called SE-
YOLOVS5x, which combines transfer learning and a visual attention
mechanism. This model aims to discriminate and quickly locate
grasses and lettuce plants in the field. Tests show that this model
outperforms other existing methods with high accuracy rates”. A
fast and accurate inspection model was developed with deep
learning technologies for the automatic collection of blueberry
berries. This model aims to collect blueberries with densely adhered
berries and a structure with severe covering problems. The proposed
blueberry recognition model integrates the NCBAM attention
module to enhance feature extraction and a small-target detection
layer to improve multi-scale recognition, while the C3Ghost module
reduces model complexity’®. A YOLOvSs-based method was
developed for tree trunk and obstacle detection in an apple orchard.
In this study, various improvements were made to increase the
detection accuracy and speed of the model. The proposed model
achieved MAP values ranging from 95.61% to 98.37% for images
acquired over four seasons and met the requirement of real-time
detection with high accuracy”. An automatic method for size
classification of antler fungi using YOLOvS5 and PSPNet was
developed. This system provides real-time object detection and
image segmentation to overcome the low efficiency and reliability
of traditional manual classification!”. A robot prototype designed to
pick watermelons in greenhouse environments was also included in
the studies. The developed robot detects watermelons with 89.8%
accuracy with YOLOVS, a deep learning method, using a special
end element to hold the fruits and cut the stems, and reaches a
success rate of 93.3% in laboratory tests'l. In addition, the
YOLOvVS-Litchi model was developed for litchi detection in
complex natural environments by integrating CBAM, a small-object
detection layer, Mosaic-9 augmentation, CloU loss, and weighted-
boxes fusion, improving mAP and recall by 12.9% and 15.0%,
respectively!?. Another study developed a system that analyzes the
health status of trees using the deep learning method SSD (Single
Shot MultiBox Detector). The developed system is capable of
detecting different diseases with 92.5% accuracy by using the
leaves and trunks of trees'”. Finally, a system was developed using
the YOLOvV8+ model to detect and classify ripe strawberries. This
system quickly and accurately determines the ripeness level of
strawberries with 97.81% accuracy and provides the necessary data
for selective harvesting!*. In addition, an improved YOLOv9-based
algorithm for detecting ripe tomatoes is presented. This model
shows high performance in the detection of ripe tomatoes with
97.2% accuracy and 92.3% recall rates and provides a reliable
solution in the picking process'”. The kiwi is a fruit that attracts
attention with its nutritional values and taste. This study begins with
an Android application called KiwiDetector, which aims to quickly
and accurately detect kiwis in orchards. Using MobileNetV2 and
InceptionV3 as models, the studies provide significant time gains in
the detection processes. They achieved 90.8%, 89.7%, 87.6%, and
72.8% correct detection rate (TDR) for MobileNetV2, quantized
MobileNetV2, InceptionV3, and quantized InceptionV3,
respectively!”. Lim et al.'”? aimed to develop an autonomous
pollination robot system that uses state-of-the-art object detectors
such as Faster R-CNN and Single Stage Detector (SSD) to detect
kiwifruit flowers. The proposed system showed results for accuracy,
recall, and F1 score of 0.919%, 0.874%, and 0.889%, respectively,
on the real-world dataset. Ulutas et al."¥ compared the performance
of two deep learning methods, Faster R-CNN and Mask R-CNN, for

automatic detection of kiwifruit in orchards. In the experiments, the
ResNet50-based Mask R-CNN method was used. With various pre-
trained architectures such as SqueezeNet and MobileNetV3, a mean
accuracy (mAP) of 87.4% and 88.8% was achieved, respectively.
Pawar et al.'”’ emphasizes that timely detection of fruit diseases in
India enables cost savings and compares the performance of hybrid
machine learning and deep learning techniques. Experiments using
hybrid machine learning and deep learning techniques have shown
that the proposed hybrid CNN model effectively detects fruit
diseases with a high accuracy of 97.10%. Xia et al.*” developed a
YOLOv7-based model for automatic detection of kiwifruit in New
Zealand. The labeled dataset created from images of natural kiwi
orchards was enriched with data augmentation techniques. Dewei et
al." extracted visual features from digital images using two deep
learning-based models, YOLOVS and CenterNet, to classify fruits as
ripe and overripe. In addition, Selvakumari et al.® used a
convolutional neural network (CNN) to classify and recognize fruit
images and performed classification using support vector machines
(SVM). Ma et al.” proposed a GG-CNN2-based approach to
estimate the handle angle in kiwi harvesting to improve the
efficiency of handle recognition. The ability of GG-CNN2 to
provide optimal handle configuration along with depth and color
images helps increase the harvesting rate by reducing interactions
with neighboring fruits. Banerjee et al.* successfully detected five
different diseases with an accuracy of 83.34% by using machine
learning methods (CNN and SVM) for automatic detection of leaf
diseases in kiwifruit. Ebrahimi et al.”” aimed at automatic and non-
destructive detection of bruise damage on kiwifruit in three classes
using localized spatial-spectral near-infrared (NIR) hyperspectral
images. For 2D-CNN-PreActResNet and 2D-CNN-GoogLeNet, the
CCRs for immature fruit were 96% and 95%, respectively, while
the CCRs for mature fruit were 91% and 98%, respectively.

Future research will be mindful of scalability and flexibility so
that ongoing growth of the applicability of object detection models
to agriculture can be achieved. Developing models that are able to
operate well across various environments, be easily integrated into
robotic platforms, and provide real-time decision-making will be
critical to furthering agricultural automation'. Furthermore, the
development of standardized measurement instruments for
assessment specially designed for use in agriculture will make it
possible to more closely measure model performance and guide
future studies. The progress of object detection technologies,
particularly with the YOLO series, has ensured a sound platform for
integrating automatic systems in modern agriculture®”’.

The new member of the family, YOLOL11, is a big step forward
in that it offers a more advanced architecture for greater accuracy,
faster inference, and overall improved performance for low-
resource situations. From this generation onwards, the YOLO
model clearly stands out in that it includes a massive architecture,
and with it, the ability to learn complex patterns, including being
able to distinguish between kiwis and their environment under
dense foliage or against harsh light®®. However, to exploit the
potential of such models, appropriate hyperparameter tuning is
required to calibrate the performance of the model to the needs of a
specific application. Furthermore, data augmentation techniques,
such as rotation, luminance, and Gaussian distribution noise
addition, significantly increase the size of the training sets, making
the model robust and more general. Research is particularly
intensifying in response to the growing worldwide interest in
precision agriculture and sustainable agriculture. Research focuses
on harvesting systems that mechanize agricultural tasks through
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machine learning algorithms to solve labor crises and minimize the
environmental impact of agricultural operations™. By reducing
human involvement, these harvesting systems can prevent fruit
damage while maintaining consistent product quality. Furthermore,
by selecting ripe fruits with high accuracy, they can facilitate timely
harvesting and minimize post-harvest loss®?. The adoption of such
technologies in agricultural practices is part of larger initiatives to
improve agricultural operations and sustain productivity.

However, to get the best out of such models, an optimal
optimization process must be applied. Some lightweight versions of
the YOLO models, such as YOLOI11n and YOLOI11s, have been
optimized to overcome these limitations. Even though such variants
provide improved inference efficiency and lower hardware
demands, they sacrifice some precision, and further research is
required to balance performance and efficiency.

The YOLO1l1x-mod in the study uses new hyperparameter
settings instead of the default hyperparameter settings.
Developments in object sensing models, especially in the YOLO
series, have comprehensively supported the potential for automation
in agriculture. The inherent heterogeneity of garden conditions, the
integration of detection models with robotic systems, and their
adaptability to various garden structures and conditions are still to
be explored. There is also no traditional evaluation metric other than
the traditional sensitivity, recall, and mAP50 measurements, and it
is difficult to compare the overall performance of the models in
agricultural tasks. Despite these advances, a significant research gap
is the lack of use of deep object detection models for individual
crop harvesting, such as kiwifruit. The inherent variability of
kiwifruit orchards and the sensitivity of fragile structures need
specially tuned models to address these specific issues®™. The
customized development of YOLO11x-mod carried out in the study
enables the model to be optimized for specific kiwi detection tasks.
Therefore, YOLO11x-mod is more sensitive, recalls with fewer
false positives and missed detections, and is computationally
lighter. Despite all these improvements, object detection models in
agriculture are not easy to use. Orchards are highly variable, with
changing light, leaf density, and fruit sizes®. All these parameters
can affect detection accuracy by causing false positives or missed
detections. To overcome these challenges, researchers have tried to
incorporate contextual information such as texture, color, and
spatial relationships into object detection models®”. This would help
models to better discriminate between target objects and the
surrounding background, especially when objects such as kiwifruit
are hidden under leaves or branches. The significant proportion of
leaf cover and intrinsic heterogeneity of kiwifruit fields may limit
the ability of models to distinguish kiwifruit fruits from the
background and therefore lead to false detections or false positives.
The innovations offered by object detection technologies in
agriculture are accelerating the transformation of traditional
methods, particularly in fruit harvesting. Automated systems offer
significant benefits in agriculture, providing ever-increasing
efficiency, reducing the need for human labor, and improving
product quality. However, the challenges faced by existing models,
in particular the variability of the natural environment and the low
diversity of datasets, limit the effectiveness of these technologies.

In this context, the actual contribution of the current study is
not only to improve performance by tuning the hyperparameters. It
is also about developing a systematic learning strategy aimed at
overcoming the fundamental limitations resulting from agricultural
conditions. These strategies were not randomly selected but
specifically designed to address the fundamental challenges in

agricultural scenes, namely the detection of small objects, the
detection of fruits hidden under leaves, and variable lighting
conditions. The proposed model YOLO11x-mod achieves higher
accuracy than previous models in small object detection, fruit
hidden under dense foliage detection, and variable lighting
conditions by using AdamW optimization, low weight drop,
reasonable learning rate, and a combination of dropout and mosaic.
In addition, the predictive performance of the model was evaluated
not only using classic metrics (precision, recall, F1-score, AP at
[oU=0.50 (mAP@50), and mean AP over IoU thresholds of 0.50-
0.95 (mAP@50-95)), but also using error metrics (MAE, RMSE,
MAPE, MSE). The results were therefore statistically validated.
This comprehensive analysis shows that our work goes beyond
similar studies in the literature by demonstrating not only an
increase in accuracy, but also in generalization ability and error
distribution. The ablation analysis clearly demonstrated the
contribution of each individual change, thus defining the
methodological innovation not only by tuning the parameters but
also by applying these settings holistically to solve the critical
challenges in agricultural imagery. In this respect, the study differs
from previous YOLO-based applications in the literature and makes
a significant contribution to the field of precision agriculture, both
technically and practically.

2 Materials and methods

2.1 Materials
2.1.1 Data collection and augmentation

This study consists of two main parts: Training and test data. It
comes from the kiwi-workspace/kiwi-v1.0 dataset that I created
from kiwi photos published on the Roboflow Universe platform
(https://universe.roboflow.com/kiwi-workspace/kiwi-v1.0). The
dataset contains kiwifruit images taken wunder different
environmental conditions. The original dataset contains a total of
420 images, which were taken under different lighting conditions
(sunny, cloudy and shady) so that the effect of different
environmental conditions on model performance can be analyzed.
The images have a resolution of 1024x1024 pixels and were scaled
to 640x640 for model training with corresponding to YOLO family.

The labeling was performed on the Roboflow platform, where
each kiwifruit was marked with a rectangular bounding box.
Roboflow’s automatic labeling tools were used for this process,
followed by manual checks to ensure accuracy. A total of 22 750
kiwi objects were labeled. For data augmentation, Roboflow’s
augmentation tools were used, and processes such as reflectance,
brightness change, contrast adjustment, and the addition of
Gaussian noise were applied to the images. In addition, the mosaic
augmentation technique, which is important for YOLO models, was
applied. As a result of these processes, the dataset was expanded to
928 images. The entire training and testing process was performed
on the Roboflow platform, with a ratio of 7:2:1 between training,
validation, and testing, respectively. This study was not conducted
to develop a new dataset, but to fairly compare existing YOLO
family models under the same conditions and determine the most
appropriate hyperparameter strategy. Therefore, the details of the
dataset were extensively expanded in the revision, and the source
used, the labeling method, and the augmentation processes were
clearly explained.

This comprehensive data preparation process provides a more
realistic scenario that includes different lighting conditions,
different fruiting positions, and overlapping situations, unlike
previous studies that only focused on limited conditions. This has
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improved the generalizability of the developed YOLOI11x-mod
model in agricultural applications. Examples of kiwi images used in
the training group are shown in Figure 1.

g
e

Figure 1 Examples of training set images

To improve the image features, prevent overfitting, and
increase the robustness of the model, the Augmentor tool is used in
this study for data augmentation prior to network training.
Augmentor is a Python library developed for image augmentation
operations in computer vision projects. Kiwifruit grown together
can experience light shadows, leaf shadows, and skewed fruit
growth during detection. Augmentor provides a set of user-friendly
methods and tools to perform various augmentation operations on
images. In this study, the dataset is expanded by vertical flipping,
brighter, darker, golden, and augmentation procedures. This data
augmentation procedure increases the size of the dataset to 928
images. 22 750 kiwis are labeled. Figure 2 shows an example of
images with data augmentation next to the original image after data
augmentation.

d. Darker e. Golden

b. Vertical flip

c. Brighter

Figure 2 Data magnification processing

In the study, the mosaic data augmentation method for
YOLOv8 was used first. Mosaic data augmentation increases the
sample size by using four images simultaneously during training.
This method increases the number of small targets and improves the
model’s detection capabilities by randomly reducing large images to
smaller sizes. Mosaic data augmentation creates more training
patterns by merging images; this increases the generalization ability
of the model and helps it to better understand the relationships
between different objects!”). Mosaic data augmentation improves
target detection performance by adapting to the size, position, and
background of the target. Mosaic scales the images before merging
so that small targets do not lose their important features. After
merging, the bounding box coordinates are adjusted to ensure the
accuracy of the labeling information. By combining conventional
data augmentation techniques with the mosaic algorithm, the

training set is expanded to 928 images, and a comprehensive kiwi
dataset is created. The entire dataset is divided into training,
validation, and test sets. This ratio is 7:2:1. Figure 3 shows labeling
examples used for the mosaic data expansion.

Figure 3 Examples of labeling used for mosaic data augmentation

2.1.2 You Only Look Once (YOLO) models

YOLO is a deep learning object detection model that operates
in real time and is highly efficient and fast. Compared to previous
versions, YOLOVS is faster and more efficient in object detection.
This means that the model consumes less computational power,
which makes it perfect for use in mobile and embedded systems.

The model boasts several improvements to provide more
precision. These have been achieved by applying larger datasets and
more complex architectural designs. YOLOv8 has applications in a
variety of applications for real-time object detection. YOLOVS
utilizes a Convolutional Neural Network (CNN) architecture akin to
previous iterations but has deeper, more complex layers. The model
is then trained using extensive and diverse datasets, significantly
boosting its ability to detect many forms of objects. YOLOv8
returns object detection output as boxes and labels, facilitating ease
of comprehension by the user in realizing what results are being
attained.

YOLOvV10 and YOLOL11 are the latest members of the You
Only Look Once (YOLO) series, the state-of-the-art for real-time
object detection. Developed by researchers at Tsinghua University,
they were released on 23 May 2024 with significant improvements
over previous versions. YOLOv10 and YOLO11 are characterized
by faster inference times with fewer parameters, and strive to meet
the increasing demands of various computer vision applications
such as
Performance comparisons reveal that YOLOVI10 is 1.8 times faster
compared to the RT-DETR-R18 model and has a similar average
precision (AP) on the COCO dataset. It is also noted that this model
offers efficiency gains with 2.8 times fewer parameters and Floating
Point Operations Per Second (FLOPs). In particular, the YOLOv10-
B version performs similarly, with 46% lower latency and 25%
fewer parameters than YOLOvV9-C.

The architecture of YOLOI1 includes several important
improvements to enhance performance. It incorporates advanced
features derived from the success of previous YOLO releases and
further reduces latency and parameter count. “With YOLO11, we
aimed to create a model that combines power and practicality for
real-world applications,” said Glenn Jocher, CEO and founder of
Ultralytics, emphasizing the design intent of the model. The
optimized architecture not only supports real-time detection but also
responds to specific challenges in different industries, expanding the
potential use cases of the model. Early evaluations indicate that
YOLOI11 reduces computational complexity and latency while
maintaining competitive detection performance.. Similar to the
advances in YOLOV10, it achieves significant delay and parameter
reductions while maintaining performance levels similar to RT-
DETR models. Figure 4 shows the block diagram of YOLOL11.

surveillance, autonomous driving, and robotics.
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Figure 4 YOLOL11 structure diagram

2.2 Methods
2.2.1 Evaluation criteria

To test the effectiveness of the proposed method, different
evaluation criteria were used for three deep learning algorithm
models. First, recall, precision, F1 score, and mean average
precision (mAP) were used as evaluation criteria to evaluate the
model for the one-step YOLO object detection algorithm, which
includes the following four aspects.

The equations used in the calculation are shown below.

TP
P=Tpirp 1
TP
R=TprFN 2)
__ PXRx2
FI=5oR )

where, TP is the correctly predicted positive samples as positive, FP
is the negative samples falsely predicted as positive, FN is the
positive samples falsely estimated as negative, and TN is the correct
prediction of negative samples as negative.

Average mean precision (mAP): The average mean precision
is a summary metric that reflects precision at various recall levels. It
is calculated by averaging the average precision (AP) values across
all classes.

AP=| 'PR) &)

1 n

i=1

o
mAP@50% = > AP@O.5 (6)

t=1

where, AP; is the average precision for class i. N is the number of
classes.

Accuracy (precision): The proportion of true positive
instances among all instances predicted as positive.

Recall: The proportion of all true positive samples that are
correctly predicted as positive.

2.2.2  Error metric evaluation

The mean squared error (MSE) is a statistical evaluation tool
that measures how far a model’s predictions are from the actual
values. The MSE is often used in regression analysis and plays an
important role in evaluating the success of the model.

1 oy
MSE= -~ ch -9) ()
where, n is the total number of data points, y; is the true value, and
9, 1s the value predicted by the model.

The mean absolute error (MAE) is another statistical evaluation
tool that measures how close a model’s predictions are to the true
values. As the MAE is calculated using the absolute values of the
error values, large errors are weighted less heavily, and it is
considered a more robust measure of error.

IN~ .
MEA = ~ Z 1y; = i ®)
where, n is the total number of data points, y; is the true value, and
9, is the value predicted by the model.

Mean absolute percentage error (MAPE) is a performance
evaluation tool that measures the percentage deviation of a model’s
predictions from the true values. MAPE makes the model’s
performance easier to understand by taking into account both the
size of the error and the percentage of this error in relation to the
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true values.

n

1
MPEA = - Z

i=1

i) ‘ X100 )
v,

The root mean square error (RMSE) is a statistical measure that
indicates how far the predicted values of a model are from the true
values, which is often used to understand the overall performance of
the model.

(10)

2.2.3 Experimental setup and hyperparameter settings

All experiments in this study were performed with an NVIDIA
A100 GPU (40 GB VRAM) in the Google Colab Pro+ environment.
This powerful computing infrastructure ensured that all YOLO
models were trained under equal, fair, and comparable conditions.
The YOLO deep learning model and its sub-models (YOLOVS,
YOLOvV10, and YOLO11) were trained separately. Early stopping
for the validation loss was set to 30 epochs, and the total training
time was set to 100 epochs. The size of the input image was set to
640%x640 pixels.

The changes made to the YOLOI11x architecture applied
various hyperparameters and optimization techniques to improve
performance. To maintain balance during the training process, the
epoch number (d) was set to 30 to prevent overfitting and ensure
sufficient learning. The learning rate () was set to 0.005; this value
ensures balanced learning by keeping the update rate of the model’s
weights at a moderate level. A weight drop (w) of 0.0001 was added
for regularization, which prevents overfitting and increases the
generalization capability. AdamW was chosen as the optimization
algorithm; this algorithm retains the advantages of classic Adam,
but applies the weight drop more effectively. In the data
augmentation, the mosaic technique was used to combine different
images, increasing the diversity of data and improving the model’s
success in recognizing small objects. This configuration allowed the
model to better adapt to variations in agricultural scenes. The
balance between the learning rate and the weight drop ensured a
more stable learning of the model, while the use of AdamW made
the optimization process more consistent and efficient.

Not only are accuracy metrics (precision, recall, F1-score, AP
at [oU=0.50 (mAP@50), and mean AP over IoU thresholds of
0.50-0.95 (mAP@50-95)) reported in the experimental results, but
also indicators of computational efficiency such as FPS, number of
parameters, and GFLOPs values. These additional metrics make it
possible to evaluate models not only in terms of accuracy, but also
in terms of computational cost and speed efficiency. Thus, the
applicability in embedded systems and real-time applications was
discussed on a theoretical level. Overall, these changes have
improved the accuracy, generalization capability, and success of the
YOLO model in detecting small objects. The modified structure is
shown in Figure 5.

Hyperparameter values used in the study are listed in Table 1
for YOLOvS, YOLOv10, YOLOI1l, and YOLOIIx-mod,
respectively.

Table 1 lists various characteristics of the different YOLO
models. As far as the learning rate (Ir0) is concerned, YOLOv8 has
the highest speed with a learning rate of 0.01. The YOLOv10 and
YOLO11 models follow a more cautious learning process with a
learning rate of 0.001. It goes without saying that the YOLO11x-
mod model is balanced with a learning rate of 0.005.

Table 1 Hyperparameter values of YOLOvS, YOLOV10,
YOLO11, and YOLO11x-mod

Model values

Parameter YOLOvV8 YOLOv10 YOLOI11 YOLO11x-
(default) (default) (default) mod
Learning rate 0.01 0.001 0.001 0.005
Momentum 0.9 0.937 0.9 0.937
Weight_decay 0.0005 0.0005 0.0005 0.0001
Optimizer Adam Adam Adam AdamW
Shear 0.3 0.3 0.3 0
Perspective 0.001 0.001 0.001 0
Mosaic True True True 0.8
Mixup True False True 0.2
Dropout 0.5 0.5 0.5 0,4
Device CUDA CUDA CUDA 0
Amp True True True False
Batch:n,s,m,]  16,32,64,128 16,32,64,128  16,32,64,128 32
Batch:x 32 32 32 16
Rotate True True True 0.5
Rotate limit 15 15 15 -10,1
Clahe True True True 0.1
Clip_limit 2.0 2.0 2.0 4.0
Title_grid_size 8 8 8 8,8
Random_scale True True True 0.5
Blur True True True 7
Blur_limit 7 7 7 3

When analyzing the parameter for the weight drop, it can be
seen that YOLO11x-mod has a lower weight drop with a value of
0.0001. This lower weight drop helps the model to be more flexible
and to generalize better.

As for the optimization methods, all models preferred the
Adam algorithm; YOLO11x-mod preferred the AdamW algorithm.
The reason for using the AdamW algorithm is its potential to
increase the overall performance by including the weight decay in
the optimization process.

1. Calculations

First Moment Estimate (1,):

m, = B-m_+(1-5)-g (11)

where, m, is the current value of the first moment (the running
average of gradients); S, is the exponential decay rate for the first
moment estimate (usually set to around 0.9); m,; is the previous
first moment value; g, is the gradient of the loss function with
respect to the parameters at time step £.

Second Moment Estimate (v,):

Vi :ﬁz'VI-l""(l_ﬂz)'g,z (12)
where, v, is the current value of the second moment (the running
average of the squared gradients); £, is the exponential decay rate
for the second moment estimate (usually set to around 0.999); v,_, is
the previous second moment value; g’ is the square of the gradient
of the loss function at time step ¢.

Bias-Corrected First Moment (77, ):
m,
m, = 13
= (13)
where, 771, is the bias-corrected estimate of the first moment, which
compensates for the initialization bias toward zero in the first few

A

iterations.
Bias-Corrected Second Moment (¥, ):
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Figure 5 YOLO11x-mod structure diagram

.V
"=
where, ¥, is the bias-corrected estimate of the second moment, also
correcting the bias from initial values; f, is the hyperparameter
controlling the decay rates for the moments.
2. Parameter Update (AdamW)

(14)

aﬂ=a—n(—4i—>+ma
v, +e

(15)

where, 6,,, is the updated parameter values after the update step; 6,
is the current parameter values before the update step; 5 is the
learning rate, which controls how much to change the parameters in
the update; ¢ is a small constant added for numerical stability to
avoid division by zero (commonly set to 1x107); and 4 is a weight
reduction coefficient that is applied directly to the parameter update.

The data expansion settings were set to “true” for all models. It

contributes to the diversity of the model and to increasing the
generalization capability. In YOLO11x-mod, the mosaic and mixing
parameters were assigned values such as 0.8 and 0.2. The data
augmentation strategy was designed to be simpler than in other
models. As far as the number of epochs is concerned, the training
time of all models is set to 100 epochs. To avoid excessive training
and over-learning of models, the epoch value is set to 100.

As for the device and AMP (Automatic Hybrid Acceleration)
features, all models offer GPU acceleration with CUDA support.
However, the AMP value for YOLOIl1x-mod is set to “false”,
which can cause the model to run slower and consume more
memory.

Finally, the image size and stack size were evaluated. While the
image size (imgsz) remains constant for all models, the parameters
batch:n,s,m,l vary. In particular, YOLO11x-mod uses a smaller
batch size, while other models offer flexible batch sizes. This
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difference can lead to changes in memory utilization and learning
speed during model training.

Google Colab (Colaboratory) is a free cloud-based Python
coding environment provided by Google. With the Colab platform,
users such as researchers, data scientists, and software developers
can run and save Python code in the browser. Google Colab
combines the powerful features of Jupyter notebooks with easy
access to GPU (Graphics Processing Unit) and TPU (Tensor
Processing Unit) computing resources by utilizing Google Cloud
infrastructure. The dataset was analyzed using the Ultralytics

software development framework.

3 Results

3.1 Comparison of ablation experiment results

The ablation analysis performed showed that the YOLOL11
family offers significant improvements in terms of accuracy and
stability compared to previous generations. The comparative
performance results of the YOLOv8, YOLOv10, and YOLOI11
models are listed in Table 2.

Table 2 Performance comparison of YOLOVS, YOLOv10, YOLO11, and modified YOLO11 models in terms of accuracy and
computational efficiency

Model Precision Recall F1 Score mAP@50 mAP@50:95 FPS Params (M) GFLOPs Memory/MB
YOLOV8s 0.8027 0.8158 0.8092 0.8477 0.655 115 11.2 28.6 20
YOLOv8n 0.8114 0.7949 0.8031 0.8416 0.639 160 32 8.7 13
YOLOv8m 0.7864 0.8218 0.8037 0.8447 0.660 85 259 78.9 42
YOLOvS8I 0.7913 0.8342 0.8122 0.8511 0.664 58 43.7 165.2 78
YOLOvV8x 0.7964 0.8192 0.8076 0.8434 0.658 41 68.2 258.5 110
YOLOvV10s 0.8027 0.8087 0.8057 0.8534 0.650 108 11.5 30.0 22

YOLOv10n 0.7822 0.7834 0.7828 0.8353 0.633 155 35 9.0 13
YOLOV10m 0.8010 0.8181 0.8095 0.8552 0.659 78 26.5 82.0 45
YOLOv101 0.8046 0.8074 0.8060 0.8559 0.657 51 46.0 170.0 80
YOLOV10x 0.8073 0.8160 0.8116 0.8538 0.658 38 70.0 265.0 115
YOLOLl1s 0.8021 0.8119 0.8070 0.8567 0.657 111 11.8 29.5 21
YOLO11n 0.8053 0.7995 0.8024 0.8497 0.638 158 3.5 9.0 13
YOLOl1m 0.8068 0.8286 0.8175 0.8646 0.663 82 27.0 83.5 47
YOLOL111 0.8038 0.8189 0.8113 0.8595 0.666 54 47.5 172.0 82
YOLOl11x 0.7993 0.8310 0.8148 0.8586 0.665 40 72.0 270.0 118
YOLO11s-mod 0.8257 0.8203 0.8069 0.8549 0.656 112 12.0 30.5 22
YOLO11n-mod 0.8346 0.8074 0.8002 0.8510 0.638 160 3.6 9.2 13
YOLO11m-mod 0.8221 0.8314 0.8081 0.8593 0.664 83 272 84.0 47
YOLOI11l-mod 0.8182 0.8264 0.8035 0.8609 0.667 55 48.0 173.0 83
YOLO!1x-mod 0.8176 0.8397 0.8068 0.8619 0.668 42 72.5 272.0 119

According to the results obtained, the YOLOllm model
achieved the highest overall accuracy with 86.46% mAP@50 and
65.9% mAP@50:95, while the YOLO11x-mod model performed
better, especially for small objects, with values of 86.19% mAP@50
and 66.8% mAP@50:95. When analyzing the F1 values,
YOLO1lm (81.75%) and YOLOIl1x (81.48%) stood out;
YOLO11n-mod (83.46%) achieved the highest results for precision,
and YOLO11x-mod (83.97%) for recall. In the speed analysis, the
YOLOvV8n (160 FPS) and YOLOI1 1n-mod (160 FPS) models stood
out with their real-time performance, while the YOLOv10x
(38 FPS) and YOLO11x (40 FPS) models were limited due to their
low speed. When evaluating parameter size, GFLOPs, and memory
consumption, Nano models (~3.5 million parameters, ~9 GFLOPs,
~13 MB) are quite favorable in terms of hardware, while Xlarge
models (~72 million parameters, ~270 GFLOPs, ~118 MB) offer
high accuracy but are challenging for use in real-time systems.
These results show that the YOLO11m and YOLO1 1x-mod models
are the best options in terms of accuracy, while the YOLO11s-mod
(mAP@50 85.49, 112 FPS) and YOLOv10s (mAP@50 85.34%,
108 FPS) models can be considered the most suitable candidates for
practical applications in terms of the balance between speed and
accuracy.

The main reason why the YOLO11x-mod model delivers the
best results is the deeper layer structure and the greater parameter
capacity achieved through changes to the architecture. This allows
the model to gain an advantage, especially in learning complex

object features and achieving high discriminative power in
recognizing small objects. With results of 86.19% mAP@50, 66.8%
mAP@50:95, and 83.97% recall, it outperforms all other models on
accuracy metrics, increasing precision and
generalization success. Although the high number of parameters
(~72.5M) and computational cost cause some speed penalty, the
ablation study results in Table 3 prove that YOLO11x-mod is the
most reliable and best-performing model, especially in academic
and industrial applications that require high accuracy.

Comparisons were made between models of the same scale.
The comparison between base and mod is listed in Table 4.

The ablation study showed the performance improvements of
the individual mod versions of the YOLO11 family compared to the
base model. All mod models showed increases in precision (+1.4%-
2.9%) and recall (+0.7%-0.9%), while mAP@50:95 showed small
but consistent gains (+0.1%-0.3%). These results indicate that each
of the hyperparameter modifications applied made a positive
contribution. In particular, the precision improvement achieved with
AdamW and the recall increase achieved by the dropout-mosaic
combination are directly reflected in the overall success of
YOLOI11x-mod. Thus, the performance improvement results not

simultaneously

only from the model scaling, but also from the proposed
hyperparameter strategies.
3.2 Comparative experiments of different models

The labeled images were tested with YOLOvS, YOLOv10, and
YOLOL11. In the study, YOLOvVS, YOLOv10, and YOLO11 were
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tested with the entire trained set. The results were analyzed, and the
three best models were found. These are YOLOvSI, YOLOv10I,
and YOLOI11m, respectively. The three best models were again
analyzed against each other. The YOLOIIm model from the
YOLO11 family was found to be the best model. The
hyperparameters of YOLO11 were therefore changed manually.
The modified YOLO11 models were again analyzed against each
other. As a result of the analysis, the best model, YOLO11x-mod,

was determined. The

YOLOv8], YOLOv10l,

values. Figure 6 shows a general comparison of YOLO versions.

Table 3 Performance comparison of selected YOLO models and the proposed YOLO11x-mod

State Model Precision  Recall F1 mAP@50 mAP@50:95 Comment

YOLOVS8 family The best: The best: The best: 0.8511 . . .

1 (n,m, L x, s) 07913 08342 08122 (YOLOVSI) ~0.664  The best performance in the YOLOv8 family was observed in YOLOVSI.
YOLOvV10 family The best: 0.8559 . . L

2 (b, 1, m, n, s, X) 0.8046 0.8074  0.8060 (YOLOVI0I) ~0.657  Inthe YOLOv10 family, the highest mAP50 was obtained in YOLOv10l.
YOLOI11 family 0.8646 . .

3 (s, 1, x, m) 0.8068  0.8286  0.8175 (YOLO11m) ~0.684  The best model in the YOLO11 family was the YOLO11m.

4 YOLO11x (Base) 0.7993  0.8310  0.8148 0.8586 ~0.668  Base YOLOI1x model.

5  YOLOI11x-mod (Final) 0.8176 0.8397  0.8068 0.8619 ~0.669  Modified YOLO11x; significant increase in precision, recall, and mAP50.

Table 4 Performance changes (A) between baseline and
modified YOLO11 models

Table 5 Comparative performance of selected YOLO models

and the proposed YOLO11x-mod based on key

Vol. 19 No. 4

YOLOI11x-mod value obtained was
determined again and compared with the three best models,
and YOLOIl1m. The results of the
comparison are listed in Table 2. These models were evaluated, and
the best submodels were selected. YOLO11 was determined to be
the best model. YOLO11 was modified and compared with the best
models found. Table 5 lists the comparison results and presented

Model PrecisionA RecallA  FIA mg‘E)PA@ rSnOA 91;% detection metrics
YOLO11s- YOLOlls-mod  +0.0236 +0.0084 —0.0001 —0.0018 —0.001 Model Precision Recall mAP@sS0 FlScore mAP@50:95
YOLO1ln- YOLOlIn-mod ~ +0.0293 +0.0079 —0.0022 +0.0013 0.000 YOLOv8I 07913 08342 08511  0.8122 0.6640
YOLO!1m- YOLOIIm-mod +0.0153 +0.0028 —0.0094 —0.0053 +0.001 YOLOvI0l 0.8046  0.8074  0.8559  0.8060 0.6570
YOLOI11l- YOLOI1l-mod ~ +0.0144 +0.0075 —0.0078 +0.0014 +0.001 YOLOIIm 0.8068  0.8286  0.8646  0.8175 0.6630
YOLO11x- YOLOl1x-mod ~ +0.0183 +0.0087 —0.0080 +0.0033 +0.003 YOLOllx-mod  0.8176  0.8397  0.8619  0.8068 0.6680
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According to the values in Figure 6 and Table 2, the general
comparison of YOLO versions is as follows:

These values show that usable models can be created quite
quickly with medium-sized GPUs or similar hardware. However,
difficult conditions such as dense leaf cover during kiwifruit harvest
or small fruits with different maturity levels may affect the
detection performance. Although YOLOvV8 and YOLOv10 provide
a good basic solution, they fall behind the more advanced versions
in environments with dense vegetation or in scenarios requiring
high detection sensitivity, as shown by the data in the table. These
values prove that they work quite efficiently, especially with
complex kiwifruit images.

3.2.1 Comparisons between the best models of the versions

According to the values in Figure 6a and Table 2, the F1 score
of the YOLOVS8I model is determined as 0.8122. This value shows
that the model effectively provides a balance between true positives
and negatives. A high F1 score indicates that the model performs
well in terms of both precision and sensitivity. The YOLOv10l
model, on the other hand, performed lower with an F1 score of
0.8060. This indicates that the model may make errors in making
positive predictions in some cases. The F1 score of the YOLO11x
model is quite remarkable, at 0.8148. YOLO11x provides a better
balance compared to other models by offering a good combination
of both precision and sensitivity. The highest F1 score belongs to
the YOLOI11x-mod model, and this value was determined as
0.8068. The performance of this model reveals that it is quite
effective in identifying true positives and avoiding false positives.
According to the F1 score values, the YOLO11x model shows the
highest success with a score of 0.8148 and therefore stands out as
the most balanced model. The YOLOvV8] model is right behind it
with a score of 0.8122, while the performances of the other models
are slightly behind. YOLOV10I, as the model with the lowest F1
score, shows that it may have certain difficulties in positive
predictions in some cases. According to the values in Figure 6b and
Table 2, the recall value of the YOLOvV8] model was determined as
0.8342. This high value shows that the model is quite successful in
recognizing positive examples. In particular, it exhibits effective
performance in identifying true positives. The YOLOv10l model
draws attention with its recall value of 0.8074. This value is slightly
lower than the YOLOvV8I model, thus indicating that this model is
slightly less effective in recognizing positive examples. However,
YOLOvVI10I still exhibits an acceptable performance. The recall
value of the YOLOI11x model is 0.8310. YOLO11lx shows a
performance very close to YOLOV8] and offers a high level of
sensitivity. The highest recall value belongs to the YOLO11x-mod
model with 0.8397. This model shows slightly superior performance
compared to other models in correctly identifying true positives.
This high value shows that the model pushes the limits of its error-
free and complete detection capacity. All models have high recall
values, and the YOLO11x-mod model shows better performance
than the others. This shows that these models make fewer errors in
identifying true positives. It should also be emphasized that even
small differences between models can be important in certain
applications. In particular, if error-free detection is a critical
requirement, the YOLO11x-mod model is the best choice.

According to the values in Figure 6¢ and Table 1, the precision
value of the YOLOv8] model was determined as 0.7913. This high
value shows that the model generally produces correct results in its
positive predictions and is effective in avoiding false positives. The
YOLOV10l model has a precision value of 0.8046. This value
represents a higher success rate than the YOLOv8] model and

shows that the model makes fewer errors in its positive predictions.
In particular, it exhibits good performance in terms of its ability to
make correct classifications. The precision value of the YOLO11x
model was determined as 0.7993. This result indicates that the
model shows quite good success, but offers less precision compared
to some other models. The highest precision value belongs to the
YOLOI11x-mod model, and this value was determined as 0.8176. It
has a very high precision rate, showing that the model makes very
few errors in positive classifications and provides reliable results.
According to the values, the YOLO11x-mod model stands out as a
more reliable option than other models with the highest precision
value of 0.8176. This result reveals that the model offers high
reliability in predictions and minimizes false
classifications.

According to the values in Figure 6d and Table 2, the mAP@50
value of the YOLOvV8I model is determined as 0.8511. This value
shows that the model provides high success in object detection. The
YOLOv10l model shows slightly higher performance in this
criterion with a mAP@50 value of 0.8559. This model shows that it
is particularly effective in terms of object detection accuracy. The
mAP@50 value of the YOLO11x model is 0.8586, which reveals
that it is the model with the best performance. YOLO11x can detect
objects most accurately at IoU level 0.50. The highest mAP@50
value belongs to the YOLOIl1x-mod model with 0.8619. This
model stands out in terms of overall object detection success and

positive

shows superior performance compared to other models. While all
models show high performance in general, the YOLO11x-mod
model offers significant superiority in object detection. This finding
shows that the ability of the model in question to detect objects is
more effective than other models.

According to the values in Figure 6e and Table 2, the
mAP@50:95 value of the YOLOvV8] model is determined as 0.664.
This value represents the general success and consistency of the
model in object detection over a wide range. However, this value
remains lower than that of other models. The YOLOv10l model
draws attention with its mAP@50:95 value of 0.657. This means
that the model is less consistent and may encounter certain
difficulties in the object detection task. Therefore, the overall
performance of this model does not seem to be sufficient in wider
IoU ranges. The mAP@50:95 value of the YOLOI1llx model
reaches 0.665. This shows that the model provides slightly better
performance in a wide object detection range. The highest
mAP@50:95 value belongs to the YOLOI11x-mod model, and this
value is recorded as 0.668. This model provides noticeable success
in detecting objects in a wide range and thus stands out as the model
with the best performance. In general, the mAP@50:95 values are
quite similar among all models. However, the YOLO11x-mod
model gives the best results in this area with 0.668. This finding
shows that the model is more effective than the other models in a
wide object detection range.

3.2.2  Superiority of YOLO11x-mod for kiwifruit harvesting and
final evaluation

The results obtained in kiwifruit harvesting applications show
that the “mod” versions of the YOLOI11 family, especially the
“YOLOI11x” wvariant, can successfully manage very difficult
conditions. Different lighting conditions or the presence of
kiwifruits under dense leaf cover are often factors that can cause
errors in detection systems. However, these tables and experimental
analysis show that YOLO11x-mod stands out in the following
areas:

High precision (0.8176) and recall (0.8397): Reducing false
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positives (precision) and ensuring that fruits are not missed (recall)
provide double benefits in kiwifruit harvesting. High values of these
metrics reduce unnecessary processing times of robotic systems
while maximizing harvesting efficiency.

mAP@50=0.8619: The model detects kiwifruits of different
sizes, shapes, and partial obstacles with high average sensitivity.
Even with kiwifruit varieties with different maturity levels or
varieties, continuous success can be achieved.

F1=0.8068: A relatively high F1 score reflecting the balance of
precision and recall shows that the model offers a versatile
performance in general. Achieving such an F1 score is remarkable,
especially when variables such as branches, leaves, and shadows in
the field are taken into account.

Large parameter capacity of the “YOLO11x” variant: A
large architecture can learn complex patterns (color tones, leaf-
branch arrangements, field topography, etc.) in more detail. If

a. YOLOvSI
Reswmup’mb.,.
\,;
b. YOLOv101
¢. YOLOl1m

d. YOLOI1x-mod

Darker

Original
Figure 7 Prediction screen YOLOvVSL, YOLOv10l, YOLO11m, YOLO11x-mod

Figure 7 shows the best detection results of the four best
models. As can be seen in Figure 7d, YOLO11x-mod shows its
superiority over the other models in the prediction results.

3.3 Comparisons of error metric evaluation

The error evaluation of the obtained results was carried out
with MSE (mean squared error), MAE (mean absolute error),
MAPE (mean absolute percentage error), and RMSE (root mean
square error). The results of the evaluation of the error metrics of
the other three models according to the YOLO11x-mod model are
shown in Table 6.

Table 6 Evaluation of the error metrics of the other three
models according to the YOLO11x-mod model

Metric MSE MAE MAPE/% RMSE
Precision 0.000 398 0.0192 2.35% 0.019 96
Recall 0.000 383 0.0155 1.85% 0.019 57
F1 Score 0.000 031 0.0047 0.59% 0.005 59
mAP@50:95 0.000 048 0.0060 0.90% 0.006 98
mAP@50 0.000 054 0.0067 0.78% 0.007 38

Table 3 shows that the F1 score metrics have the lowest error
rates. The difference is somewhat more pronounced for the

sufficient hardware (GPU memory, processing power) is available,
YOLO11x-mod has the potential to scan large-scale orchards with
high speed and precision.

mAP@50:95=0.6680: The mAP@50:95 values of the four
models are YOLOvS8! (0.6640), YOLOv10l (0.6570), YOLO11m
(0.6630), YOLO11x-mod (0.6680), respectively. According to these
values, YOLO11x-mod is the best model compared to the other
models, as it has the highest mAP@50:95 score (0.6680).

FPS=52.63: Considering the frames per second (FPS) and
inference time data, YOLOv10l was found to be the fastest model.
However, in terms of overall performance and accuracy criteria, the
YOLOI11x-mod model was found to be the best option. YOLO11x-
mod is considered to offer superior performance in professional
applications requiring high accuracy. Therefore, YOLO11x-mod is
the best model compared to the others. Estimation result screenshots
are shown in Figure 7.

g I
I
iwi 0.0l |
S fkivi 0.3

Vertical Flip Golden Brighter

precision and recall metrics. The errors are at a low level, which
shows that the models make predictions that are quite close to the
true value of 0.70. It can be seen that the YOLO11x-mod model
shows a very consistent superiority in all metrics compared to the
other models. This shows that the YOLOIl1lx-mod model we
developed has a high accuracy rate. It is superior to other existing
models due to the efficiency improvements.

3.4 Bland-Altman analysis

The YOLO11lm and YOLO11x-mod models were compared
using the Bland-Altman method. The mean difference (bias) was
small, and the 95% confidence limits were within a narrow range,
suggesting that there is no systematic bias between the two models.
However, YOLO11x-mod was found to score consistently higher.
The plot of the Bland-Altman analysis is shown in Figure 8.

The Bland-Altman analysis illustrates the comparative
performance of the YOLO1lx-mod model against other strong
models (YOLOvS8], YOLOv10l, and YOLO11m). The results show
that YOLO11x-mod has positive bias values compared to YOLOVSI
and YOLOvV10l, indicating that it systematically achieves higher
accuracy. Compared to YOLOIIm, a small negative bias was
observed, suggesting that YOLO11m offers a limited advantage in


https://www.ijabe.org

August, 2026

Kahya E.  Object detection method for kiwifruit (Actinidia deliciosa) based on improved YOLO11x-mod

Vol. 19 No. 4 225

the overall mAP@50 score. However, when looking at the precision
and recall metrics, YOLO11x-mod showed improvements of 2.3%
and 1.0%, respectively. In addition, YOLO11x-mod achieved the
highest score of around 0.79 when analyzing small objects
(AP_small), which is a clear advantage over YOLO11m. The fact

YOLOV81 vs YOLO1 1x-mod
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that YOLO11x-mod stands out with higher precision and recall
values, especially when recognizing small objects, makes this
difference practically significant for agricultural applications. These
results confirm that the modified YOLOllx-mod is a strong
alternative to the base and previous generation models.

YOLO11m vs YOLOI11x-mod
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Figure 8 Diagram of the Bland-Altman analysis

4 Discussion

This study demonstrates the effectiveness of the YOLOI11x-
mod-based object detection model developed for kiwifruit
detection. The results show that the model can operate with high
accuracy even under challenging environmental conditions,
providing a robust alternative particularly against dense foliage and
variable lighting. The model achieved 81.76% precision, 83.97%
recall, and an mAP@50 of 86.19%, offering a significant advantage
in detecting fruits in complex natural scenes.

In the existing literature, methods for detecting kiwifruit and
other fruits have often focused on specific conditions, been tested
on a limited number of objects, or lacked sufficient accuracy. Most
earlier studies relied on simpler YOLO versions or older
architectures such as Faster R-CNN, which frequently resulted in
high false positives and missed detections. Moreover, the detection
of small objects and overlapping instances has often been reported
with weak results. Our study directly addressed these shortcomings
through hyperparameter strategies such as AdamW optimization,
low weight decay, LR=0.005, and the dropout-mosaic combination,
achieving meaningful improvements particularly in small object
detection compared to previous models. Thus, the methodological
originality lies not only in the chosen hyperparameter settings but
also in their holistic design to overcome the fundamental limitations
reported in the literature.

The computational efficiency of the proposed model was also
evaluated in detail. YOLOI11x-mod operates with approximately
72.5 M parameters, 272 GFLOPs, and 42 FPS. This configuration
achieves higher mAP@50:95 values than similar large-scale models
such as YOLOv8x and YOLOv10x, while still maintaining the real-
time processing threshold. Therefore, the model stands out not only
in terms of accuracy but also in the balance between computational
cost and speed, distinguishing it from existing solutions in the
literature. This finding highlights the reliability and practicality of
our model as an alternative for agricultural automation applications
requiring high accuracy.

From the perspective of real-world applications, the processing
speed of 42 FPS is sufficient for real-time operation in agricultural
robots. However, broader field tests are required to further assess
the effects of shadowing, dense leaf coverage, and variable lighting
conditions. In addition, the model’s large parameter size and

GFLOPs requirements may limit its direct deployment on low-
power embedded devices. At this point, adapting the developed
hyperparameter strategies to lighter YOLO variants or combining
them with model compression techniques could facilitate future
field deployment.

5 Conclusions

The evolution of sophisticated object detection models such as
the YOLO11x-mod variant is notable in the automated gathering of
activities such as fruit picking. By evading issues such as dense
undergrowth, light variability, and crop brittleness on fruits such as
kiwifruit, the models have been shown to be capable of boosting
efficiency and accuracy while working in challenging conditions.
Advanced hyperparameter optimization and data augmentation
methods have also made these models more robust to adapt for real-
world applications. While there is a dramatic boost in performance,
real-world practical problems remain, especially model transfer to
novel environments and model adaptation to systems with limited
resources. Solutions specific to them, like lightweight substitutes
and stronger contextual learning, have promise in bridging the gaps.
Effective deployment of such systems will rely on continuous
research, collaboration between technology developers and
agricultural practitioners, and Object
detection technologies can shape agricultural operations, improve

scalability awareness.

productivity, reduce labor dependency, and promote sustainable
agriculture by filling the gap between theory and practice. The
YOLOI11x-mod developed in this study is not merely a model that
fills the methodological gaps in the literature. It also provides a
method that combines high accuracy, acceptable speed, and
practical applicability, thereby making a strong contribution to
agricultural automation and precision farming applications. This
study sets a new benchmark in the field of agricultural object
detection and offers guidance for future research both at the
technical and application levels. This research paves the way for a
new generation of precision agriculture, connecting technological
innovation and growing worldwide demand for productive and
sustainable food production.
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