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Abstract

This study presents a comprehensive evaluation of recent YOLO architectures, YOLOvVSs,
YOLOv9s, YOLOv10s, YOLO11s, and YOLO12s, for the detection of red, yellow, and
purple raspberry fruits under field conditions. Images were collected using an smart-
phone camera under varying illumination, weather, and occlusion conditions. Each
model was trained and evaluated using standard object detection metrics (Precision, Recall,
mAPsg, mAPsg.95, F1-score), while inference performance was benchmarked on both high-
performance (NVIDIA RTX 5080) and embedded (NVIDIA Jetson Orin NX) platforms. All
models achieved high and consistent detection accuracy across fruits of different colors,
confirming the robustness of the YOLO algorithm design. Compact variants provided
the best trade-off between accuracy and computational cost, whereas deeper architectures
yielded marginal improvements at higher Latency. TensorRT optimization on the Jetson
device further enhanced real-time inference, particularly for embedded deployment. The
results indicate that modern YOLO architectures have reached a level of architectural
maturity, where advances are driven by optimization and specialization rather than struc-
tural redesign. These findings underline the strong potential of YOLO-based detectors
as core components of intelligent, edge-deployable systems for precision agriculture and
automated fruit detection.

Keywords: convolutional neural networks; CNN; machine vision; Rubus; You Only
Look Once

1. Introduction

Species of the genus Rubus L. are among the most widely cultivated berry crops
worldwide [1] and exhibit a high level of genetic diversity [2]. They are valued not
only for their desirable flavor qualities but also as an important source of nutrients and
health-promoting compounds [3,4]. Raspberries are harvested both manually, as fresh
dessert fruits intended for the retail market, and either mechanically or manually for
processing purposes. Given the increasing labor costs and the decreasing availability of
seasonal workers, which vary by cultivation region, the development of robotic systems for
raspberry harvesting is highly desirable.

As various sectors of society and the economy move toward automation and au-
tonomous solutions, robotic systems are increasingly being employed to perform complex
tasks. In recent years, such systems have been widely implemented in agriculture, where
they replace human labor traditionally regarded as highly time-consuming [5], and, in
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particular, research on the optimization of agronomic practices in raspberry production is
of great importance [6-8].

Moreover, mass harvesting methods carry the risk of crop damage; therefore, selective
harvesting where a robotic system identifies and picks only ripe fruits is increasingly being
adopted. However, fruit detection and automated harvesting remain challenging tasks due
to occlusions, variable lighting conditions, and color similarities. Automated agriculture,
particularly in the domain of autonomous harvesting, continues to represent an open field
of research requiring further development and refinement [9]. With the advancement of
science and technology, automated fruit harvesting integrates solutions from computer
science, perception, control, and robotics, contributing to labor cost reduction and the
development of modern, intelligent agriculture. Machine vision technology plays a particu-
larly important role, as it is fundamental to the advancement of intelligent perception in
agricultural systems. It is anticipated that continued technological progress, along with
support from public policy, will significantly accelerate the development of automatic
fruit harvesting systems [10]. Visual perception technology is of fundamental importance
in fruit-harvesting robots, enabling precise recognition, localization, and grasping of the
fruits [11]. In addition, key components include autonomous navigation, motion planning,
and control, which constitute integral elements of the software architecture in robotic
harvesting systems [12]. Fruit and vegetable harvesting robots play a key role in the mod-
ernization of agriculture through their efficiency and precision. The rapid advancement of
deep learning technologies has significantly stimulated research on robotic systems for fruit
and vegetable harvesting; however, their practical implementation still faces numerous
technical challenges. The variability and complexity of agricultural environments demand
high robustness and strong generalization capabilities from detection algorithms [13]. Deep
learning, a branch of machine learning and artificial intelligence (AI), began to gain promi-
nence in the early twenty-first century with the growing popularity of artificial neural
networks, multilayer perceptrons, and support vector machines [14].

The application of deep learning to fruit recognition has become one of the main
directions of technological advancement in agriculture. These methods have significantly
improved the accuracy of fruit identification under complex conditions, including variable
illumination and partial occlusions [15]. Among the various types of deep neural networks,
convolutional neural networks (CNN) have been the most extensively studied. Although
they have achieved remarkable success in experimental evaluations, many research chal-
lenges remain unresolved. The increasing complexity of contemporary CNN models entails
the need for large-scale datasets and substantial computational power during training [16].
A convolutional neural network is a deep, hierarchical feed-forward architecture based on
the principles of local neuron connectivity, weight sharing, and dimensionality reduction,
inspired by the concept of receptive fields in biological vision. As a deep learning model,
it enables end-to-end learning, wherein features of the input data are progressively trans-
formed into increasingly complex representations used for classification or other tasks. As
the complexity of computer vision problems continues to grow, there is a rising demand for
CNN models with higher performance and computational efficiency [17,18]. The YOLO
(You Only Look Once) algorithm, developed in 2015, rapidly gained popularity due to its
high efficiency. Unlike two-stage detectors, it performs object detection within a single
neural network, formulating the task as a regression problem [19]. It directly transforms
the input image into bounding box coordinates and their corresponding class probabilities.
The network divides the image into an S x S grid, where each cell predicts bounding boxes
along with the associated class probabilities. As a result, the entire detection process is
performed within a single convolutional neural network, enabling end-to-end optimization
and achieving high processing speed while maintaining high accuracy [20]. The YOLO
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algorithm has rapidly gained popularity in agriculture due to its high accuracy, operational
speed, and compact network architecture. It has been applied to a wide range of tasks,
including monitoring, detection, automation, and the robotization of agricultural processes.
Although research on its applications in this field is developing dynamically, it remains
fragmented and spans multiple scientific disciplines [21].

The implementation of convolutional neural networks in raspberry cultivation remains
very limited, clearly indicating the need for further research aimed at optimizing this
technology for use in these crops. For this reason, the aim of our study was to evaluate the
effectiveness of recent YOLO architectures for detecting raspberry fruits of red, yellow, and
purple color varieties under field conditions. In addition to assessing detection accuracy,
the study also compares the performance of these models to clarify how architectural
differences influence detection capability and computational efficiency.

2. Materials and Methods

2.1. Data Collection
2.1.1. Overview of the Research Area

The experimental raspberry plantation was located in eastern Poland at coordinates
51.194325° N, 21.816613° E. The experimental area comprised approximately 1520 m of
plantation rows, containing around 3800 raspberry bushes planted at 40 cm spacing.

The red fruit images included the following floricane raspberry varieties: Glen Ample,
Glen Carron, Glen Mor, and Przehyba. The dataset also comprised the pri-mocane varieties
Polana, Polesie, Poemat, Polonez, Poranek, Delniwa, Enrosadira, and Husaria. All of these
varieties belong to the Rubus idaeus L. species. The yellow raspberries, which also belong
to this species, included the primocane varieties Poranna Rosa, Jantar, and Promyk. For
purple raspberries, the fruit images were taken of a single primocane variety, Heban, which
belongs to the species Rubus x neglectus Peck.

2.1.2. Image Acquisition Procedure

Data was collected using a Samsung Galaxy S25 smartphone (Samsung Electron-
ics Co., Ltd., Suwon-si, Republic of Korea) equipped with RGB main camera (50 MP,
8160 x 6120 px F/1.8 aperture, sensor size 1/1.56 inches and 24 mm lens) [22], stabilized
by a Hohem iSteady M7 gimbal (Shenzhen Hohem Technology Co., Ltd., Shenzhen Guang-
dong, China) [23]. Photographs were taken from viewpoints at distances not exceeding
50 cm from the bushes, reflecting typical conditions encountered during routine fruit har-
vesting and bushes inspection, and naturally included both frontal and oblique angles.
Images were collected in the open-field conditions, between 20 June and 20 September 2025,
covering the full fruiting period of each evaluated raspberry variety. In total, 10,115 images
were captured for red raspberries, 2319 for yellow raspberries, and 1125 for purple rasp-
berries. Images were collected across the active harvesting sections of each cultivar rather
than from individually tracked plants. This strategy was intentional, as the objective of the
study was to capture the full visual variability of fruit appearance under field conditions.

The difference in the number of photos resulted from the varying availability of
research material; red raspberries dominate raspberry cultivation in Poland, while yellow
and purple raspberries have not yet been introduced into mass production.

In order to improve the generalization performance of the trained object detection
models, image data were collected under diverse agricultural, illumination, and weather
conditions. The dataset includes photographs taken from different viewing angles during
daylight hours, covering a wide range of times of day, cloud coverage levels, sunlight
intensities, and plant surface moisture states, from dry to wet, due to rainfall or dew
formation. This variability captures natural fluctuations in image contrast and specular
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reflection, both of which significantly affect the robustness and operational accuracy of
computer vision systems in real-world environments.

2.2. Data Preprocessing
2.2.1. Image Scaling

Original high-resolution images (8160 x 6120 px) were captured to preserve the native
sensor output and avoid device-side processing typical of low-resolution modes. All images
were then downscaled to 640 x 480 px while preserving the native 4:3 aspect ratio, using
a reproducible Python preprocessing script. During models training the input images
(640 x 480 px) were resized to 640 x 640 px via letterbox padding in the YOLO data loader,
maintaining the native aspect ratio and avoiding shape distortion of the fruit targets. The
640-pixel input matches the standard YOLO training pipeline and ensures consistency
across the dataset. All preprocessing, training, and evaluation scripts are publicly available
in the project repository [24].

2.2.2. Images Labeling

During annotation in the Labellmg tool [25], fruits at full harvest maturity were
labeled, including both fully visible and partially occluded ones. This approach aimed to
better reflect real harvesting conditions, where not all fruits are entirely visible. In the case
of red raspberries, a total of 83,162 objects were annotated; additionally, 18,376 objects were
labeled for yellow raspberries and 8901 for purple raspberries.

2.2.3. Preparing Datasets

Each raspberry image series was stored in a separate top-level folder corresponding
to a single data-collection session. The sessions were conducted on different days and
under varying field conditions, including changes in natural illumination, cloud coverage,
humidity, plant appearance, and camera—plant distance. Each folder therefore represents a
coherent set of images acquired under a specific set of environmental conditions.

For each single-color dataset, the division into the training, validation, and test subsets
was performed using a deterministic random sampling procedure with a fixed random seed
of 42. Within each acquisition folder, the image list was shuffled using a seeded pseudo-
random generator and assigned to the three subsets according to an approximate 80:10:10 ra-
tio. This procedure ensures full reproducibility of the split while maintaining proportional
representation of all acquisition sessions—and thus all environmental conditions—across
the training, validation, and test partitions. Because each single-color dataset contains only
one object class (red, yellow, or purple raspberries), stratified sampling was not required,
and uniform deterministic random sampling was sufficient. Table 1 presents a detailed
breakdown of the number of images and annotated objects for each subset.

Table 1. Number of images and annotated objects for each dataset.

Set Red Yellow Purple
Train Photos 8092 1855 900
Tagged objects 66,561 14,629 7187
_ Photos 1011 232 113
Valid Tagged objects 8329 1956 888
Photos 1012 232 112
Test Tagged objects 8272 1791 826

In addition to the three single-color datasets, a dedicated multi-class dataset was
constructed, containing images of red, yellow, and purple raspberry fruits annotated as
separate classes. For this dataset, the same train/validation/test split policy was applied
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as in the single-class scenarios. Equal numbers of images from each color category were
selected for the training and validation subsets to ensure balanced class representation,
while the full test partitions were kept unchanged. In total, the mixed-color dataset com-
prised 4395 images and 35,122 annotated raspberry instances. The number of images and
annotations contributed by each color class to the mixed dataset is summarized in Table 2.

Table 2. Number of images and annotated objects for each class.

Set Red Yellow Purple

, Photos 900 900 900
Train T .

agged objects 7313 7023 7187
Valid Photos 113 113 113
at Tagged objects 917 905 888
Test Photos 1012 232 112
©s Tagged objects 8272 1791 826

2.3. Models Training
2.3.1. YOLO Models

The selection of YOLOvS8s, YOLOv9s, YOLOv10s, YOLO11s, and YOLO12s [26] was
guided by the objective of capturing the architectural evolution of the YOLO family in its
most recent development stages. These models represent successive design iterations that
progressively refine convolutional backbones, feature aggregation strategies, and training
dynamics while maintaining a unified design philosophy focused on real-time detection.

Including the lightweight “s” variants ensured a consistent comparison under equiva-
lent parameter scales, allowing for a direct assessment of how architectural modifications
rather than model size affect accuracy, inference speed, and generalization. YOLOv8s was
chosen as the reference baseline due to its maturity and extensive adoption in applied
computer vision tasks. Subsequent versions, from YOLOv9s to YOLO12s, were selected to
evaluate how incremental refinements in feature representation, attention mechanisms, and
optimization strategies translate into real-world detection performance and computational
efficiency. This sequential approach provides a structured view of model progression across
generations. It enables analysis not only of performance gains but also of the diminishing
returns that accompany increasingly complex architectures.

2.3.2. Training Settings

Training was executed for 200 epochs with a batch size of 32 and an image resolution
of 640 x 640 pixels. The stochastic gradient descent (SGD) optimizer was employed with
an initial learning rate of 0.01, a final learning-rate factor of 0.01, a momentum coefficient of
0.937, and a weight decay of 0.0005. The learning rate was governed by the default Ultralyt-
ics cosine-annealing schedule, which incorporates a brief linear warm-up phase followed
by a smooth cosine decay from the initial to the final value. No custom modifications to the
scheduler were introduced, ensuring full reproducibility of the training procedure. Data
augmentation followed the default Ultralytics YOLO pipeline enabled during training. The
augmentation procedure included horizontal flipping (p = 0.5), random scaling, translation
and shear transformations (affine augmentation), HSV adjustments to hue, saturation and
value, and random brightness and contrast modifications. Additionally, stochastic sharpen-
ing and blurring were applied by the dataloader. Mosaic and MixUp augmentations were
not used. These techniques are intended for large, highly diverse datasets and can degrade
performance on small-object detection tasks such as raspberry localization. The training
therefore relied solely on the standard YOLO augmentations, which were applied on-the-fly
during data loading to maintain consistent and reproducible preprocessing. Early stopping
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was deactivated (patience = 0) to allow complete convergence. A fixed seed (seed = 0)
ensured reproducible results. All experiments were carried out on an NVIDIA GPU with
CUDA support (Figure 1).

Epochs 200
Batch 32
Imgsz 640

Optimizer 'SGD'
Momentum 0.937
Weight_decay 0.0005
Ir, 0.01
Ir; 0.01
Seed 0
Augment True
Workers 8

Patience 0

Device ‘cuda’

Figure 1. Training hyperparameter settings.

2.4. Evaluation of Trained Models

Model evaluation was performed using standard object detection metrics, namely
Precision, Recall, mean Average Precision at an IoU threshold of 0.5 (mAPsg), mean Average
Precision averaged over loU thresholds ranging from 0.5 to 0.95 (mAPsg.95), and the F;-score.
The computation of these metrics was automated via lightweight Python utilities developed
upon the official YOLO evaluation framework, ensuring reproducibility and consistency
across models and datasets. All reported detection metrics were computed only on the
independent test set, which was not used during training.

Precision and Recall were employed to measure the correctness and completeness of
the detections, respectively, as expressed in Equations (1) and (2), where TP, FP, and FN
denote the numbers of true positives, false positives, and false negatives.

TP

Precision = TP L EP 1)
TP
Recall = TPLEN 2)

The mean Average Precision (mAP) metric measures the area under the Precision—Recall
curve, expressing the relationship between detection confidence and accuracy over varying
threshold levels. The mAPs5 value corresponds to evaluation at a fixed IoU threshold of 0.5,
whereas mAPs).95 represents the average performance computed over IoU thresholds from
0.5 to 0.95 in 0.05 increments, as formulated in Equations (3) and (4).

1 N
mAPsy = 3 AP;(loll = 05) 3)
i=1
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1818
APs50.05 = — — ) AP;(IoU = 0.5+ 0.05k 4
mAPs0.95 Ni;<10kz(:) i(Io + )) (4)
The Fq-score (Equation (5)) defines the harmonic mean between Precision and Recall,
providing a unified measure of detection accuracy and completeness. In conjunction, these
metrics yield a comprehensive evaluation of model performance, encompassing localization
precision, confidence calibration, and robustness across all image modalities.

Precision - Recall
Precision + Recall

(5)

F; — score =2

Inference efficiency was analyzed within a controlled benchmarking setup that em-
ployed synthetic input data to decouple computational performance from dataset-induced
variability. This approach ensured consistent evaluation of frame rate and Latency across all
model architectures, independent of accuracy-related or data-specific factors.

Model inference was assessed across two computational platforms: a desktop worksta-
tion equipped with an NVIDIA RTX 5080 GPU (ASUSTek Computer Inc., Taipei, Taiwan)
and an embedded device based on the Jetson Orin NX 16 GB module (Seeed Technology
Co., Ltd., Shenzhen, China). Both environments utilized the same benchmarking procedure
implemented within the Ultralytics YOLO framework, operating in FP16 precision and
CUDA-accelerated inference mode. Evaluations were performed using the optimal model
checkpoint (best.pt).

For the RTX 5080 platform, inference testing was carried out in PyTorch (CUDA)
using input tensors of dimensions (1 x 3 x 640 x 640). Each model was benchmarked in
three consecutive sessions, with 50 warm-up iterations preceding and 200 timed iterations
following per session. To ensure statistical reliability, five independent measurement cycles
were executed for each model. Between sessions, a 90 s idle period was introduced
to maintain consistent GPU temperature and clock frequency. Final throughput and
Latency values were calculated as the mean after discarding results outside the 10th-90th
percentile range, thereby minimizing transient variability and ensuring stable FPS and
Latency estimates.

On the Jetson Orin NX platform, the same benchmarking methodology was employed
with a reduced iteration schedule—20 warm-up iterations followed by 60 timed inferences—
and an additional 10 s stabilization interval before each run to ensure GPU readiness.
Models were evaluated in groups of three, with a 150 s cooldown period between sessions to
mitigate potential thermal throttling effects. Two inference back-ends were examined under
identical experimental conditions: PyTorch (using the best-performing checkpoint, best.pt)
and TensorRT (using the optimized engine, best.engine). Each configuration was executed
across five independent trials, and results were post-processed by excluding values outside
the 20th-80th percentile range to improve statistical consistency and measurement stability.

For deployment on the Jetson Orin platform, all trained PyTorch models were exported
to TensorRT using the Ultralytics conversion pipeline. The engines were built in FP16
precision, with a batch size of 1 and a static input resolution of 640 x 640 pixels. Engine
construction used a 2 GB workspace, enabled graph simplification, and disabled dynamic
shapes, allowing TensorRT to perform full kernel fusion and memory optimization. No
INTS calibration or post-training quantization was applied. All models were exported
using the same configuration to ensure a fair and reproducible comparison of edge-device
performance.

In addjition to detection accuracy, evaluating the computational efficiency of the models
is critical, especially for deployment on platforms with constrained hardware capabilities.
Consistent with the performance assessment principles adopted in recent YOLO frame-
works, three complementary indicators were employed to characterize the balance between
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accuracy and real-time inference capability. All performance measurements were obtained
using dedicated Python utilities developed specifically for this study.

The Frames Per Second (FPS) metric represents the rate at which images are processed
during inference. It is defined as the ratio between the number of forward passes N¢
and the total inference time t. Higher FPS values indicate faster inference speeds and,
consequently, improved suitability for real-time applications (Equation (6)).

N
FPS = Tf ©6)

Latency quantifies the mean processing time required to analyze a single image, ex-
pressed in milliseconds. It is mathematically the reciprocal of the FPS metric and serves as
a direct indicator of model responsiveness. Low Latency is particularly critical for onboard
device inference scenarios, where timely decision-making relies on minimal computational
delay (Equation (7)).

1
Latency = TPS - 1000 (7)

The Accuracy—Speed Ratio provides a unified scalar measure that combines detection
performance with computational efficiency. It expresses the amount of detection accuracy
(mAPsp.95) achieved per unit of inference speed (FPS). Higher values of this metric denote a
more optimal trade-off between predictive accuracy and runtime performance, serving as a
compact indicator of overall model efficiency (Equation (8)).

mAPs0.95

Accuracy speed ratio (ASR) = £pS

(®)

Performance indicators, including FPS, Latency, and the Accuracy—Speed Ratio, were
calculated as the mean + standard deviation over five independent inference trials for
each model. This evaluation procedure reflects both the central tendency of computa-
tional performance and its variability across repeated measurements, ensuring a reliable
characterization of model efficiency.

2.5. Hardware Configuration

Figure 2 provides an overview of the computational setup employed for model training
and evaluation. All YOLO architectures were trained on a high-performance workstation
equipped with an AMD Ryzen 9 9950X processor and an NVIDIA GeForce RTX 5080
graphics unit (16 GB VRAM). The system was configured to maintain stable multi-GPU
operation and consistent batch throughput throughout all training sessions. The software
environment comprised Microsoft Windows 11 Pro, Python 3.11, PyTorch 2.8, and CUDA
12.8, ensuring seamless integration with the Ultralytics YOLO framework. This configu-
ration delivered reproducible training results and served as the benchmark reference for
inference performance in subsequent embedded experiments.

The reComputer J4012 platform (Seeed Studio) [27] is powered by the NVIDIA Jetson
Orin NX 16 GB module, which integrates an 8-core Arm® Cortex-A78AE v8.2 processor
and a 1024-core NVIDIA Ampere GPU with 32 Tensor Cores. The system operated on
Ubuntu 22.04.5 LTS (aarch64) with JetPack 6.1, providing CUDA 12.6, cuDNN 9.3, and
TensorRT 10.3 support, as summarized in Figure 3. This configuration was dedicated to
inference benchmarking, facilitating evaluation of model efficiency in embedded hardware
environments.
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Component Specification
Processor AMD Ryzen 9 9950X
Graphics Processing Unit ASUS GeForce RTX 5080 PRIME OC, 16 GB
Motherboard Gigabyte B850 AORUS ELITE WIFI7 AM5
Memory Corsair Vengeance, DDR5 2 x 32GB (64 GB)
Storage SSD Lexar NM790 2TB
Software Version
Microsoft Windows 11 Pro (build 26200, 64-bit)
Python 3.11.13
PyTorch 2.8.0
CUDA 12.8
cuDNN 9.1.0.2 (NVIDIA build 91002)
Ultralytics 8.3.13
Figure 2. Setup of primary workstation.
Component Specification
Processor 8-core Arm® Cortex®-A78AE v8.2
) ) ) 1024-core NVIDIA Ampere architecture
CraphitS Erocessing Uik GPU with 32 Tensor Cores
Memory 16GB 128-bit LPDDR5
Storage NVMe SSD Foresee XP1000F128G
Software Version
Ubuntu 22.04.5 LTS (aarch64)
Jetpack/(L4T) 6.1 (R36.4.0, kernel 5.15.148-tegra)
Python 3.10.12
PyTorch 2.5.0a0+872d972e41.nv24.08
CUDA Toolkit 12.6
cuDNN 9.3.0
TensortRT 10.3.0.30-1 + CUDA 12.5
Ultralytics 8.3.221

Figure 3. Setup of the edge device.

3. Results

All YOLO architectures achieved consistently high and closely aligned results in the
raspberry fruit detection task. Precision, Recall, and overall detection accuracy remained
highly stable across generations, reflecting the maturity of the underlying feature extraction
designs. The smallest YOLOvS8s variant already provided strong predictive balance, while
subsequent versions offered only marginal fluctuations in performance. Among the models,
the YOLOv9s and YOLO12s generations slightly improved Recall, resulting in a marginal
increase in the Fi-score, whereas other architectures maintained nearly identical outcomes.
The mAP values at both lenient and strict thresholds confirmed that all models localized
raspberry fruits with comparable reliability and robustness (Table 3). Figure 4 shows
examples of red raspberry fruit detection using the trained YOLO12s model. Blue bounding
boxes indicate detected fruits, and the numeric values represent confidence scores. All
images were processed at 640 x 480 resolution (letterboxed to 640 x 640 during inference).
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Table 3. Evaluation of red raspberry fruits detection.
Model Precision Recall mAPs mAPs.95 F1-Score
YOLOvS8s 0.902 0.909 0.959 0.672 0.906
YOLOvV9s 0.900 0.921 0.962 0.680 0.910
YOLOvV10s 0.899 0.905 0.959 0.674 0.902
YOLO11s 0.906 0.909 0.960 0.677 0.907
YOLO12s 0.906 0.919 0.962 0.679 0.912
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Figure 4. Red raspberry fruit detection example by the trained YOLO12s model.

Across all evaluated models, detection performance for yellow raspberry fruits re-
mained high and consistent, although with slightly greater variability between architectures,
reflected in a wider spread of Precision, Recall, F1-score and mAP values compared with the
red raspberry dataset.

The YOLOL11s and YOLO12s variants achieved a balanced trade-off between Precision,
Recall, mean average precision and F1-Score, yielding the most consistent overall performance.
Earlier architectures preserved strong generalization with negligible degradation in detec-
tion quality (Table 4). Figure 5 shows examples of yellow raspberry fruit detection using
the trained YOLO12s model. Blue bounding boxes indicate detected fruits, and the numeric
values represent confidence scores. All images were processed at 640 x 480 resolution
(letterboxed to 640 x 640 during inference).

Table 4. Evaluation of yellow raspberry fruit detection.

Model Precision Recall mAPs, mAPsg.95 F1-Score
YOLOvS8s 0.915 0.871 0.949 0.692 0.893
YOLOv9s 0.911 0.886 0.951 0.701 0.898

YOLOv10s 0.875 0.896 0.940 0.680 0.885
YOLO11s 0.900 0.902 0.948 0.692 0.901

YOLO12s 0.891 0.912 0.954 0.698 0.901
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Figure 5. Yellow raspberry fruit detection example by the trained YOLO12s model.

The detection of purple raspberry fruits produced slightly lower and more variable
results across models, reflected in a wider spread of Precision, Recall, F1-score and mAP
values compared with the red and yellow datasets.

All architectures maintained strong overall accuracy, yet Precision and Recall values
revealed subtle trade-offs between sensitivity and selectivity. The YOLOvS8s and the newest
YOLO12s model achieved the most balanced predictions, while intermediate architectures
exhibited minor fluctuations in performance stability. The mAP metrics confirmed con-
sistent detection accuracy, with only slight differences observed among the models. The
stricter mAP threshold values suggested a marginal decline in fine localization precision
(Table 5). Figure 6 shows examples of purple raspberry fruit detection using the trained
YOLO12s model. Blue bounding boxes indicate detected fruits, and the numeric values
represent confidence scores. All images were processed at 640 x 480 resolution (letterboxed
to 640 x 640 during inference).

Table 5. Evaluation of purple raspberry fruit detection.

Model Precision Recall mAPs, mAPsg.95 F1-Score
YOLOvS8s 0.876 0.851 0.923 0.645 0.863
YOLOvV9s 0.898 0.815 0.925 0.650 0.855
YOLOvV10s 0.847 0.864 0.916 0.635 0.856
YOLO11s 0.842 0.869 0.923 0.654 0.855

YOLO12s 0.909 0.855 0.924 0.655 0.881
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Figure 6. Purple raspberry fruit detection example by the trained YOLO12s model.

The multi-class evaluation encompassing red, yellow, and purple raspberry fruits re-
vealed highly consistent detection performance across all YOLO architectures. Differences
between fruit classes were minor, indicating that the models maintained stable general-
ization across varying color distributions. Yellow and red fruits achieved closely aligned
Precision and Recall values, with neither class showing a clear advantage. Purple fruits
exhibited slightly lower scores overall, suggesting a modest increase in detection difficulty
likely related to lower color contrast and higher spectral similarity with background foliage.
Across generations, performance fluctuations were minimal and did not follow a strict
upward trend, indicating that all tested architectures have reached a maturity level where
further architectural modifications yield only marginal changes in detection accuracy. The
observed uniformity across classes confirms that the multi-class training strategy effectively
balances feature representation among fruit types, enabling consistent detection without
significant class bias or degradation in localization precision. Among the evaluated architec-
tures, the YOLO12s model achieved the highest average precision and Fi-score, indicating a
slight overall advantage in balanced detection performance. YOLO11s followed closely,
showing strong consistency across all metrics and maintaining particularly stable Recall.
Earlier architectures such as YOLOv9s achieved competitive Recall and localization accu-
racy but exhibited marginally lower precision, while YOLOv8s and YOLOv10s maintained
balanced yet slightly lower average scores. These trends suggest that the most recent YOLO
generations deliver modest but measurable improvements in detection quality, primarily
reflected in enhanced precision and class stability (Table 6).

Table 7 presents the performance results of the models obtained using an RTX and
the PyTorch framework. Across all fruit color datasets, inference speed and Latency values
followed consistent trends. The smallest YOLOv8s model achieved the highest frame rate
and the lowest Latency, confirming its strong computational efficiency on high-performance
GPU hardware. In contrast, the YOLOvV9s variant consistently exhibited the slowest
processing speeds and the highest Latency, which directly translated into the least favorable
Accuracy—speed ratio among the evaluated models.



Agriculture 2025, 15, 2530 13 of 24

Table 6. Evaluation of mixed-color raspberry fruit detection.

Model Fruit Color Precision Recall mAPs mAPsg.95 F1-Score
Red 0.891 0.856 0.936 0.643 0.873
Yellow 0.866 0.871 0.925 0.666 0.868
YOLOv8s Purple 0.842 0.867 0.912 0.633 0.854
Average 0.866 0.865 0.924 0.647 0.865
Red 0.884 0.885 0.937 0.644 0.884
Yellow 0.910 0.869 0.941 0.677 0.889
YOLOVIs Purple 0.851 0.882 0.934 0.658 0.866
Average 0.882 0.879 0.938 0.660 0.880
Red 0.848 0.887 0.931 0.636 0.867
Yellow 0.877 0.858 0.931 0.670 0.868
YOLOV10s Purple 0.830 0.872 0.920 0.645 0.850
Average 0.852 0.872 0.927 0.650 0.862
Red 0.903 0.864 0.942 0.644 0.883
Yellow 0.898 0.877 0.942 0.678 0.887
YOLOl1s Purple 0.866 0.878 0.925 0.646 0.872
Average 0.889 0.873 0.936 0.656 0.881
Red 0.888 0.883 0.944 0.650 0.886
Yellow 0.926 0.868 0.948 0.687 0.896
YOLO12s Purple 0.875 0.871 0.933 0.652 0.873
Average 0.896 0.874 0.942 0.663 0.885

Table 7. YOLO models performance on RTX (PyTorch).

Fruits Color Model FPS Latency (ns) Accuracy Speed Ratio
YOLOVSs 246.63 + 0.87 4.05 + 0.01 0.0027 4 0.00001
YOLOV9s 99.08 + 0.17 10.09 + 0.02 0.0069 & 0.00001
Red YOLOV10s 209.62 + 0.60 477 £ 0.01 0.0032 = 0.00001
YOLOI11s 196.69 + 1.51 5.08 + 0.04 0.0034 = 0.00003
YOLO12s 144.69 + 0.99 6.91 + 0.05 0.0047 4 0.00003
YOLOVSs 243.96 + 1.32 410 +0.02 0.0028 = 0.00002
YOLOV9s 98.44 + 0.18 10.16 + 0.02 0.0071 = 0.00001
Yellow YOLOV10s 208.29 + 0.77 4.80 + 0.02 0.0033 = 0.00001
YOLOI11s 199.01 + 0.54 5.02 £ 0.01 0.0035 = 0.00001
YOLO12s 146.89 + 0.51 6.81 + 0.02 0.0048 + 0.00002
YOLOVSs 247.19 + 1.08 4.05 + 0.02 0.0026 4 0.00001
YOLOV9s 98.69 + 0.17 10.13 + 0.02 0.0066 = 0.00001
Purple YOLOV10s 207.21 + 156 4.83 £ 0.04 0.0031 = 0.00002
YOLOI11s 200.65 + 1.12 4.98 +0.03 0.0033 = 0.00002
YOLO12s 148.64 + 0.62 6.73 + 0.03 0.0044 = 0.00002
YOLOVSs 245.99 + 0.81 4.07 4 0.01 0.0026 + 0.00001
YOLOV9s 98.72 + 0.15 10.13 + 0.01 0.0067 4 0.00001
Mix Colors YOLOV10s 208.16 + 1.16 4.80 4 0.03 0.0031 = 0.00002
YOLOI11s 200.61 + 031 4.98 £ 0.01 0.0033 = 0.00001
YOLO12s 14838 + 0.22 6.74 £ 0.01 0.0045 = 0.00001

Architectures such as YOLOv10s and YOLO11s maintained stable throughput with
only moderate increases in Latency compared to YOLOvVSs, offering balanced efficiency
between inference speed and predictive accuracy. The most recent YOLO12s model demon-
strated a noticeable reduction in frame rate accompanied by a rise in Latency and accuracy-
speed ratio, indicating a moderate computational overhead associated with its deeper
architecture and refined feature extraction layers.
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When considering dataset variations, all models demonstrated nearly identical per-
formance across red, yellow, purple, and mixed-color subsets. The stability of FPS and
Latency metrics across these subsets indicates that color variability within the fruit datasets
had negligible influence on computational efficiency. Overall, YOLOv8s remained the
fastest and most resource-efficient model, while YOLOv9s achieved the slowest execution,
confirming a clear trade-off between architectural sophistication and inference speed.

Table 8 presents the performance results of the models obtained using an Jetson Orin
and the PyTorch framework.

Table 8. YOLO models performance on Orin (PyTorch).

Fruits Color Model EPS Latency (ins) Accuracy Speed Ratio
YOLOvV8s 53.74 £+ 0.38 18.61 £ 0.13 0.0125 £ 0.00009
YOLOV9s 24.05 £+ 0.06 41.59 +£0.10 0.0283 + 0.00007
Red YOLOv10s 48.63 £ 0.26 20.57 £0.11 0.0139 + 0.00007
YOLOL11s 46.97 +0.11 21.29 £ 0.05 0.0144 £ 0.00003
YOLO12s 32.58 £ 0.08 30.70 4 0.07 0.0208 =+ 0.00005
YOLOv8s 53.57 4+ 0.37 18.67 £ 0.13 0.0129 =+ 0.00009
YOLOV9s 23.84 £0.04 41.95 4+ 0.07 0.0294 £ 0.00005
Yellow YOLOvV10s 48.23 £0.19 20.73 £ 0.08 0.0141 £ 0.00005
YOLOL11s 46.62 +0.27 21.45 +0.12 0.0148 £ 0.00009
YOLO12s 32.34 £+ 0.06 30.93 £+ 0.05 0.0216 =+ 0.00004
YOLOv8s 53.74 £+ 0.08 18.61 £ 0.03 0.0120 =+ 0.00002
YOLOv9s 23.80 £+ 0.03 42.01 +0.06 0.0273 £ 0.00004
Purple YOLOvV10s 48.30 £ 0.15 20.71 £ 0.06 0.0131 £ 0.00004
YOLO11s 46.83 £ 0.12 21.36 £ 0.06 0.0140 £ 0.00004
YOLO12s 32.20 £+ 0.03 31.05 £ 0.02 0.0203 =+ 0.00002
YOLOv8s 53.26 +0.26 18.77 £ 0.09 0.0121 =+ 0.00006
YOLOV9s 23.65 £ 0.02 42.29 4 0.04 0.0279 =+ 0.00003
Mix Colors YOLOvV10s 48.16 £+ 0.14 20.77 £ 0.06 0.0135 £ 0.00004
YOLO11s 46.55 £ 0.13 21.48 £ 0.06 0.0141 £ 0.00004
YOLO12s 32.20 £ 0.04 31.06 £ 0.04 0.0206 =+ 0.00003

Among the evaluated architectures, YOLOVS8s consistently achieved the highest frame
rate and the lowest Latency across all fruit color subsets, confirming its superior computa-
tional efficiency and suitability for real-time edge deployment.

YOLOV9s again represented the least efficient configuration, recording the lowest
throughput and the highest Latency across every dataset. This translated directly into
the highest Accuracy—speed ratio values, emphasizing the significant computational cost
associated with this generation. In contrast, YOLOv10s and YOLO11s maintained sta-
ble performance, with only moderate increases in Latency relative to YOLOVSs, offering
a balanced compromise between processing speed and architectural complexity. The
YOLO12s model demonstrated a noticeable slowdown accompanied by a higher Latency
and less favorable efficiency ratios, consistent with its deeper backbone and extended
feature extraction stages.

Performance trends remained stable across all color datasets, with negligible variation
in inference metrics between red, yellow, purple, and mixed-color subsets. This consistency
suggests that spectral diversity in the input data did not significantly influence computa-
tional demands. Overall, the hierarchy of efficiency observed on RTX was preserved on
Orin, but with reduced absolute performance, underscoring the trade-off between model
depth and runtime efficiency under embedded hardware constraints.

Table 9 presents the performance results of the models obtained using an Orin and
the TensorRT framework. Under TensorRT, YOLOv10s delivered the highest throughput
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and the lowest Latency across all fruit subsets, yielding the most favorable accuracy-speed
trade-off. YOLOv8s and YOLO11s formed a tight cluster with slightly lower frame rates
and marginally higher Latency, maintaining solid real-time behavior. YOLOvV9s trailed these
models with reduced speed and less efficient trade-offs, while YOLO12s was the slowest,
reflecting the overhead of its deeper architecture on embedded hardware. Performance
patterns were consistent across red, yellow, purple, and mixed-color data, indicating that
input color variation did not materially affect computational efficiency.

Table 9. YOLO models performance on Orin (TensorRT).

Fruits Color Model FPS Latency (ns) Accuracy Speed Ratio
YOLOvVS8s 65.60 + 0.21 15.24 4+ 0.05 0.0102 =+ 0.00003
YOLOV9s 55.09 £ 0.30 18.15 + 0.10 0.0123 + 0.00007
Red YOLOvV10s 75.14 £0.34 13.31 £ 0.06 0.0090 =+ 0.00004
YOLO11s 65.81 £0.23 15.20 + 0.05 0.0103 =+ 0.00003
YOLO12s 48.44 +£0.31 20.65 £0.13 0.0140 =+ 0.00009
YOLOvVS8s 65.76 £ 0.23 15.21 +0.05 0.0105 =+ 0.00004
YOLOV9s 54.74 + 0.42 18.27 £ 0.14 0.0128 £ 0.00010
Yellow YOLOvV10s 75.31 £0.93 13.28 £ 0.16 0.0090 + 0.00011
YOLO11s 66.01 + 0.24 15.15 + 0.06 0.0105 + 0.00004
YOLO12s 48.35 £0.23 20.68 £ 0.10 0.0144 -+ 0.00007
YOLOvVS8s 65.72 + 0.22 15.22 +0.05 0.0098 =+ 0.00003
YOLOV9s 54.81 + 0.41 18.25 £ 0.14 0.0119 =+ 0.00009
Purple YOLOvV10s 75.18 £0.39 13.30 £+ 0.07 0.0084 + 0.00004
YOLO11s 65.82 +0.20 15.19 £ 0.05 0.0099 £ 0.00003
YOLO12s 48.15+£0.12 20.77 £ 0.05 0.0136 + 0.00003
YOLOvV8s 65.69 +0.24 15.22 4+ 0.06 0.0098 =+ 0.00004
YOLOV9s 55.02 £ 0.45 18.18 £ 0.15 0.0120 =+ 0.00010
Mix Colors YOLOv10s 77.52 £ 0.46 12.90 £+ 0.08 0.0084 + 0.00005
YOLO11s 65.67 £+ 0.22 1523 + 0.05 0.0100 =+ 0.00003
YOLO12s 48.21 £0.21 20.74 £ 0.09 0.0138 + 0.00006

Table 10 presents the improvement in model performance on the Orin using the Ten-
sorRT framework compared to the PyTorch framework. TensorRT optimization led to
consistent performance gains across all evaluated YOLO models. The most pronounced
acceleration was observed for the YOLOV9s architecture, which achieved an exceptional
increase in frame rate and the largest proportional reduction in Latency. The subsequent
group of models—YOLOv10s, YOLO11s, and YOLO12s also exhibited substantial improve-
ments, though to a slightly lesser extent. Similar hierarchical patterns were observed across
all evaluated metrics. The reduction in Latency and the decrease in the Accuracy-speed ratio
followed the same progression as FPS improvements. The results remained uniform across
all fruit color datasets, indicating that performance gains were driven by framework-level
optimization rather than dataset characteristics.

Table 10. Comparison of models optimized with TensorRT and the PyTorch framework on the Orin.

Fruits Color Model +AFPS —ALatency (ms) —AAccuracy Speed Ratio
YOLOVS8s 11.86 22.07% 3.37 18.11% 0.0023 18.40%
YOLOvV9s 31.04 129.06% 23.44 56.36% 0.0160 56.54%
Red YOLOvV10s 26.51 54.51% 7.26 35.29% 0.0049 35.25%
YOLO11s 18.84 40.11% 6.09 28.60% 0.0041 28.47%
YOLO12s 15.86 48.68% 10.05 32.74% 0.0068 32.69%
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Table 10. Cont.
Fruits Color Model +AFPS —ALatency (ms) —AAccuracy Speed Ratio

YOLOvSs 12.19 22.76% 3.46 18.53% 0.0024 18.60%

YOLOv9s 30.90 129.61% 23.68 56.45% 0.0166 56.46%

Yellow YOLOV10s 27.08 56.15% 7.45 35.94% 0.0051 36.17%
YOLOL11s 19.39 41.59% 6.30 29.37% 0.0043 29.05%

YOLO12s 16.01 49.51% 10.25 33.14% 0.0072 33.33%

YOLOvSs 11.98 22.29% 3.39 18.22% 0.0022 18.33%

YOLOV9s 31.01 130.29% 23.76 56.56% 0.0154 56.41%

Purple YOLOvV10s 26.88 55.65% 7.41 35.78% 0.0047 35.88%
YOLO11s 18.99 40.55% 6.17 28.89% 0.0041 29.29%

YOLO12s 15.95 49.53% 10.28 33.11% 0.0067 33.00%

YOLOvSs 12.43 23.34% 3.55 18.91% 0.0023 19.01%

YOLOvV9s 31.37 132.64% 2411 57.01% 0.0159 56.99%

MixColors YOLOvV10s 29.36 60.96% 7.87 37.89% 0.0051 37.78%
YOLO11s 19.12 41.07% 6.25 29.10% 0.0041 29.08%

YOLO12s 16.01 49.72% 10.32 33.23% 0.0068 33.01%

4. Discussion

Fruit detection represents one of the most challenging applications of computer vision
in agriculture. The appearance of fruits varies substantially across species and cultivars,
driven by differences in color, morphology, surface texture, and growth structure. Illumi-
nation changes, occlusions caused by leaves and shoots, and background heterogeneity
further increase visual complexity. As a result, developing reliable detectors requires large
and diverse datasets, as well as architectures capable of capturing fine-grained features
under variable outdoor conditions. At the same time, robust fruit detection is a fundamen-
tal prerequisite for automated harvesting and yield monitoring, making the evaluation of
modern detectors based on convolutional neural networks in this context both technically
and practically relevant.

Raspberry fruits represent one of the more demanding cases within this domain.
Their small size, soft structure, and color similarity to surrounding foliage combined with
frequent occlusion by leaves, shoots, and overlapping fruits, create conditions that are par-
ticularly challenging for object detectors. These characteristics make raspberries a suitable
benchmark for assessing the maturity and robustness of modern YOLO architectures.

The publicly available datasets for training models designed for raspberry fruit detec-
tion are also very limited. One of the available datasets contains images of red raspberries
captured under field conditions [28], while another is intended for the automatic quality
assessment of red raspberries in industrial applications [29]. These collections cover only
a narrow subset of red raspberry varieties and reflect a limited range of cultivation and
industrial processing systems. As a consequence, they represent only a fraction of the
visual variability encountered in commercial and small-scale raspberry production. Such
constraints substantially limit the ability to train models with strong generalization capa-
bility, particularly given the wide diversity of red raspberry cultivars grown worldwide.
Moreover, to the best of our knowledge, no publicly accessible datasets exist for yellow,
purple, or black raspberries. The absence of such resources restricts current model develop-
ment to a narrow subset of phenotypes and highlights the need for broader, multi-variety
datasets that capture the full spectrum of fruit colors and field conditions. Given the
significant morphological variability within Rubus species, such limitations constitute a
significant barrier to training models with sufficient detection ability across species of this
genus.The comparative analysis of YOLO architectures demonstrated that all evaluated
models achieved consistently high and stable performance in raspberry fruit detection.
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The close alignment of Precision, Recall, and mAP metrics across generations indicates that
the feature extraction mechanisms of recent YOLO designs have reached a high level of
maturity. The smallest YOLOvVS8s variant already provided a strong balance between detec-
tion accuracy and localization precision, suggesting that compact architectures can achieve
competitive performance without extensive structural complexity. Successive generations
introduced only marginal variations in predictive behavior. The consistency of mAP values
under both lenient and strict overlap thresholds further highlights the robustness of all
models in localizing raspberry fruits.

When evaluated across fruit color subsets, detection remained uniformly strong. Yel-
low and red raspberries yielded nearly identical Precision—Recall characteristics, indicating
reliable generalization across varying color distributions. Detection of purple fruits was
slightly more challenging, showing minor decreases in Precision and Recall, likely due to
reduced visual separability from background elements. Nevertheless, all models main-
tained high localization accuracy, with only small fluctuations in fine-grained detection
performance.

The multi-class experiments confirmed the stability of YOLO detectors under shared
training across fruit types. Performance differences between classes and model generations
were minimal, suggesting that the current YOLO architectures effectively balance feature
representation without introducing class-specific bias. The newest models, particularly
YOLO12s and YOLO11s, exhibited the most uniform and balanced performance profiles,
while earlier generations sustained competitive accuracy with only negligible degradation.
Overall, the results indicate that the YOLO family has reached a performance plateau in
this detection domain, where future improvements are likely to be incremental and driven
by efficiency-oriented refinements rather than major architectural redesigns.

Species of the genus Rubus, including raspberries, remain poorly studied in terms of
the performance of CNN-based algorithms, such as YOLO, in the context of fruit detection.

A few publications have confirmed the applicability of YOLOV5 and its improved
version, HSA-YOLOVS5, for detecting unripe, nearly ripe, and fully ripe raspberry fruits,
demonstrating their effectiveness in this task [30]. Given the limited harvesting periods
for individual fruit species during each growing season, the ability to test models under
simulated conditions is also important. Under such conditions, high detection accuracy of
artificial fruits using YOLO algorithms has likewise been achieved [31].

More recently, an enhanced YOLOv11n architecture has also been shown to accurately
detect both unripe and ripe raspberry fruits, achieving improved overall performance
compared with its baseline variant [32]. Although fruit-ripeness classification is important
in automated harvesting systems, its operational relevance depends on the harvesting
strategy. In many practical scenarios, only fully mature fruits are candidates for picking;
therefore, detecting unripe fruits may introduce additional computational load without
providing functional benefit. For this reason, the present study focuses on the detection of
harvest-ready fruits, while ripeness-stage classification remains a complementary direction
for future work.

In the case of blackberries, the feasibility of detecting and evaluating three maturity
levels of the fruits was confirmed by testing nine YOLO models, which demonstrated their
effectiveness as real-time detection tools [33]. High detection accuracy for blackberries at
different ripeness stages was also achieved using YOLOV7 [34].

The collective findings from previous studies on raspberries and blackberries illustrate
that computer-vision research within the genus Rubus is still in its early stages. Existing
models demonstrate promising performance, yet their development is constrained by
limited datasets and the substantial phenotypic diversity that characterizes this genus.
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These factors highlight the need for broader, systematically collected image resources and
further methodological work to advance robust fruit-detection systems for Rubus species.

The literature reports high effectiveness of YOLO-based methods in the detection
of numerous fruit species belonging to genera other than Rubus, confirming the broad
adaptability of these approaches. promising results were obtained for blueberries [35-37],
citrus fruits [38], macauba [39], tomatoes [40,41], dragon fruit [42,43], pomegranates [44,45],
apples [46,47], strawberries [48-51], grapes [52-54], mangoes [55-57], kiwifruit [58,59],
cherries [60,61], plums [62], avocados [63], bananas [64] and pears [65]. In the case of
Japanese apricots, the application of R-CNN, EfficientDet, RetinaNet, and SSD MobileNet
models—based on convolutional neural networks—demonstrated their effectiveness as
reliable methods for detecting fruits of this species [66].

The successful application of CNN-based algorithms to fruit species exhibiting sub-
stantial variability in morphology, color, and surface characteristics indicates their strong
generalization capability and confirms their potential as a universal framework for agricul-
tural vision systems.

The evaluation of computational performance across hardware platforms and frame-
works revealed consistent trends in inference efficiency among YOLO architectures. The
results demonstrated a clear hierarchy of runtime performance that correlated with archi-
tectural complexity. Compact models maintained superior frame rates and minimal Latency,
while deeper networks introduced measurable computational overhead.

On high-performance GPU hardware, the smallest YOLOv8s variant achieved the
highest throughput and lowest Latency, confirming its efficiency in environments without
strict computational constraints. The YOLOV9s architecture consistently represented the
least efficient configuration, characterized by reduced frame rates and increased Latency
that resulted in the highest accuracy-speed ratios. Intermediate models such as YOLOv10s
and YOLO11s sustained balanced efficiency, maintaining strong throughput with moderate
Latency growth. The latest YOLO12s model produced a noticeable slowdown, reflecting the
processing cost associated with its extended feature extraction design.

The comparative analysis of YOLO architectures confirmed convergent trends with
those reported in the literature. Recent YOLO generations revealed consistent efficiency pat-
terns. YOLOV9 achieved high accuracy but struggled with small objects and computational
overhead. YOLOv10 traded minor accuracy for notably faster inference and better handling
of overlapping targets. The YOLO11s family maintained the best accuracy—efficiency bal-
ance, while YOLO12 introduced additional complexity without meaningful performance
gain, confirming predictable scaling of computational cost across architectures [67].

On the Orin platform, all models exhibited substantially reduced inference speed
and increased Latency compared to desktop GPU execution, which is expected given the
hardware constraints of embedded systems, but still based on our results, this type of
device can also be deployed for real-time tasks. The overall performance decreased, but
the relative hierarchy between models remained unchanged. This stability indicates that
computational efficiency scales predictably across hardware classes.

TensorRT deployment further improved inference efficiency across all evaluated mod-
els; however, the magnitude of acceleration differed markedly between architectures. The
largest proportional improvement was achieved by YOLOv9s, which exhibited the highest
increase in frame rate and the greatest reduction in latency. This behavior reflects the
architectural properties of YOLOv9, whose GELAN-based feature aggregation and deeper
convolutional pathways form longer operator chains that TensorRT can fuse into highly
optimized computational kernels.

Subsequent model generations—YOLOv10s, YOLO11s, and YOLO12s—also demon-
strated substantial acceleration gains, though slightly smaller than those observed for
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YOLOV9s. Their computational graphs still offer considerable opportunities for kernel
fusion and memory-reuse optimization, yet their more streamlined operator layouts leave
marginally less headroom for further acceleration.

In contrast, the YOLOvVS8s architecture showed the smallest relative benefit from
TensorRT optimization. As one of the lightest models in the series, YOLOvVSs attains high
baseline efficiency in PyTorch, with limited potential for additional fusion or arithmetic-
utilization improvements. A larger share of its total inference time is associated with
lightweight layers and post-processing operations, such as non-maximum suppression,
which TensorRT accelerates only modestly.

These findings align with the publicly documented architectural distinctions among
YOLOv8s-YOLO12s in the Ultralytics model specifications, which report variations in block
depth, feature-aggregation strategies, operator-path length, and overall computational
complexity. The consistent decrease in Latency and Accuracy—speed ratio followed the same
hierarchical order as the improvements in FPS, confirming that TensorRT optimization
enhanced inference speed without disrupting the relative performance structure among
architectures.

A recent benchmarking study of five deep-learning inference frameworks on the
NVIDIA Jetson AGX Orin also provides a relevant reference point for interpreting the
performance differences observed in this work. Evaluating pretrained models spanning
both convolutional and transformer architectures including ResNet-152, MobileNetV2,
SqueezeNet, EfficientNet-BO, VGG16, Swin Transformer, and YOLOv5s. The authors
reported that TensorRT consistently achieved the lowest inference latency and highest
throughput. These gains were enabled by its statically compiled execution engine, FP16
computation, and extensive operator fusion, albeit at the cost of increased power consump-
tion. PyTorch, in contrast, offered a balanced trade-off between efficiency and usability,
maintaining low latency and strong throughput through its cuDNN-accelerated dynamic
computation graph [68]. The behavior observed in our experiments aligns with these find-
ings. TensorRT provided substantial acceleration on the Orin especially for architectures
with deeper operator chains while PyTorch remained competitive as a general-purpose
and portable deployment optionPrevious studies have shown that inference is consistently
faster with TensorRT than with the native PyTorch runtime, and this difference becomes
more pronounced for complex models or constrained hardware. Embedded NVIDIA Jetson
devices enable real-time detection but must be matched to the computational demands of
the specific YOLO variant [69].

Opverall, the findings demonstrate that YOLO architectures maintain predictable com-
putational behavior across hardware environments. Framework-level optimization sig-
nificantly enhances runtime efficiency, while architectural scaling continues to impose
proportional computational costs. These results emphasize that efficiency improvements
are increasingly governed by optimization techniques rather than fundamental model
redesigns.

Beyond architectural comparisons, the practical value of deploying YOLO models
in their out-of-the-box form also merits attention. Although recent research frequently
pursues domain-specific modifications such as attention mechanisms, enhanced feature
fusion, or redesigned neck and head structures standard YOLO implementations provide
several advantages that are highly relevant for agricultural and robotic systems. These
include rapid deployment without the need for architectural tuning, stable and predictable
inference behavior across hardware platforms, broad compatibility with existing software
ecosystems, and reduced engineering overhead during system integration. Our results
show that even unmodified YOLO architectures deliver high detection accuracy and strong
generalization across fruit colors, indicating that off-the-shelf models already meet the



Agriculture 2025, 15, 2530

20 of 24

operational requirements of many field-level applications. For end users and technology
implementers, this reliability and ease of deployment make baseline YOLO models an
effective and practical foundation for real-world agricultural vision pipelines.

The results also highlight practical implications for deployment. The RTX offered the
highest inference speed, but its size, power requirements, and need for work environmental
protection limit its suitability for field use. The Orin, although slower, provides a compact
and energy-efficient platform designed for edge applications and can be integrated into
ruggedized housings. These characteristics make Jetson-class devices a more realistic
choice for in-field agricultural systems, where mobility, environmental exposure, and
limited power availability are key constraints.

This study also has several limitations. Our analysis focused solely on 2D object
detection; emerging directions such as 3D localization and depth-aware fruit modeling
were not examined. The 525 smartphone and handheld gimbal were used exclusively for
data acquisition rather than as a deployment platform, serving only to provide consistent
field imagery. Accordingly, the conclusions of this work refer to the performance of the
evaluated neural-network models and hardware accelerators not to the suitability of the
acquisition device for real-world operation. We also did not address ripeness classification,
which remains an active research topic. Finally, all experiments were conducted using a
single RGB camera. Other sensing configurations, such as stereo or multispectral cameras,
may further improve robustness in occluded or visually complex field environments. The
balance between high detection accuracy and processing speed is particularly important in
robotic implementations, where computational resources are often limited. In parallel with
the progress of machine vision algorithms for fruit detection, robotic harvesting systems
leveraging these advances are rapidly evolving. Recent studies have also explored their
application to raspberry harvesting tasks.

At present, robotic platforms for automated fruit harvesting are under active devel-
opment. Their success will also depend on robust and efficient machine vision systems,
capable of detecting and localizing fruits under complex field conditions, including rasp-
berries.

Automated agriculture, particularly autonomous harvesting using robotic systems,
remains an open and evolving research domain that presents numerous challenges and
opportunities for the development of novel solutions [9].

In the case of raspberries, considerable attention has been devoted to the design of
end-effectors intended for their harvesting, as the delicate structure of the fruit poses a
major challenge in the development of robots designed for this purpose [70,71]. This
confirms the need to develop solutions that enable highly effective and accurate detection
of raspberry fruits, which will help minimize damage during harvesting and reduce the
number of missed fruits. Ultimately, this can also prevent delayed harvesting that might
otherwise render the fruits unsuitable for consumption.

5. Conclusions

The conducted experiments demonstrated that modern YOLO architectures deliver
highly reliable and consistent performance in red, yellow and purple raspberry fruits across
varied visual conditions.

Across all evaluated configurations, compact YOLO models provided the best trade-
off between detection accuracy and computational efficiency, whereas deeper variants
delivered only marginal accuracy gains at a substantially higher processing cost. Results
from both the high-performance GPU and the Orin platform confirmed that inference speed
decreases systematically with increasing model complexity. Moreover, framework-level
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optimization particularly with TensorRT significantly improved inference speed compared
with the native PyTorch runtime on both platforms.

Due to the limited number of studies addressing the implementation of machine vision
solutions based on convolutional neural networks for raspberries, further research on this
topic is essential. Equally important is the development of comprehensive datasets that
enable the training of models specialized for specific harvesting-related tasks. These models
should be fast, accurate, and computationally efficient to meet the highest harvesting
standards while remaining suitable for deployment on edge-based robotic systems with
limited processing capabilities.
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