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Abstract

Accurate fruit detection and counting are fundamental requirements in the development
of reliable computer vision applications for yield estimation. This work was conceived to
provide farmers with a farmer-friendly approach for automatic grape bunch detection.
This study exploits the free demo version of the Roboflow 3.0 platform to train five state-
of-the-art computer vision models with RGB images of white and red grape bunches, ac-
quired with a smartphone in the field, and compares their performance. The results were
evaluated both quantitatively, in terms of precision, recall, and AP@50 calculated on the
validation set, and qualitatively on the test set. The models that achieved the best perfor-
mances, also in the presence of overlapping clusters, were Roboflow 3.0 Object Detection
and YOLOv11, reaching precisions of 86.6% and 88%, respectively, for the detection of
white bunches, and of 85.7% and 89.9% for red bunches. This study highlights the possi-
bility of developing highly accurate computer vision models for table grape bunch detec-
tion using the Roboflow platform, offering an accessible and user-friendly tool for non-
expert users, including farmers.

Keywords: bunch detection; table grape; computer vision models; Roboflow platform;
supervised learning; farmer-friendly approach

1. Introduction

According to the report drawn up by the Institute of Services for the Agricultural and
Food Market (ISMEA), Italy is the leading European producer and exporter of table grape,
with approximately 47,700 hectares covered in 2024 [1]. Its cultivation is concentrated in
the southern regions, particularly in Apulia region, which accounts for around 60% of the
national production, followed by Sicily (35%) and Basilicata (5%) [1]. The Italian table
grape supply chain provides a product availability of approximately 800,000 tons, with
exports generating around 820 million euros in annual revenue, driving the economy of
fruit sector in southern Italy [1,2]. Nowadays, there is an always increasing interest among
the farmers for accurate table grape yield estimation, since traditional methods based on
visual inspection and manual counting are time consuming, labour-intensive, prone to
error, and do not capture spatial variability [3]. For these reasons, there is the need to
develop digital tools based on computer vision models that can reliably estimate table
grape yield. Computer vision can provide affordable and versatile solutions for fruit
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detection and counting, ensuring great accuracy [4]. According to Clingeleffer et al. [5],
approximately 70% of grape yield is explained by the number of clusters per vine; thus,
reliable fruit detection and counting are fundamental requirements in the development of
computer vision models for accurate yield estimation. Unlike other fruits such as apples
or oranges, which are typically easier to detect individually, grape bunches often suffer
from occlusion by canopy foliage, overlapping each other, and exhibit important variabil-
ity in colour, size, and shape [6]. It is important to note that fruit detection using bounding
boxes provides a reliable estimation of fruit shape and spatial occupancy for fruits with
regular shapes, such as oranges and apples; however, this approach may be insufficient
for grape clusters [7]. These characteristics make it challenging to accurately identify and
count grape clusters.

In very recent years, the spread of deep learning techniques in the agricultural sector
has made possible the development of increasingly accurate object detection models for
different applications [8-11]. Deep learning-based object detection techniques can be
mainly divided into two families: the Faster Region-based Convolutional Neural Network
(R-CNN) architecture and the Single-Shot Detector (SSD) meta-architecture [12]. Faster R-
CNN performs object detection in two stages; in the first stage, a region proposal network
generates candidate regions, and in the second stage, bounding box regression and object
classification are performed. Bargoti et al. [13] and Rahnemoonfar et al. [14], using Faster
R-CNNs, achieved accurate results in the detection of a wide set of fruits, including pep-
pers, melons, oranges, apples, mangoes, avocados, strawberries, and almonds. In contrast,
the SSD meta-architecture uses single feed-forward Convolutional Neural Networks
(CNNs) to simultaneously predict classes and bounding boxes in a single stage. Sa et al.
[15] perform tomato counting using a single CNN. Chen et al. [16] presented a deep learn-
ing pipeline for counting apples and oranges. Chen et al. [17] showed that multi-layer
SSDs can effectively handle the detection of fruits in different poses, shapes, and illumi-
nation conditions, confirming the robustness of this approach in outdoor environments.
The You Only Look Once (YOLO) architecture belongs to the SSD family and addresses
object detection as a single regression problem [18]. Using YOLO, the input images are
resized to a lower resolution and processed by a single CNN, providing detection results
according to a predefined confidence threshold. Since its development in 2016, several
new versions of YOLO have been released, always improving the detection performance
of the algorithm [19,20]. Nowadays, YOLO is the most employed architecture in the agri-
cultural sector, including applications in fruit detection [21-23] and weed and pest disease
identification [24,25].

One of the main advantages of deep learning techniques is their ability to generalize,
which is expressed in the concept of transfer learning. It is a widely employed machine
learning approach in which a model pre-trained on a large and generic dataset, like COCO
or ImageN, is successively fine-tuned on a task-specific dataset [26]. The underlying idea
is that the pre-trained model has already learned general features, such as edges, textures,
and shapes, that can be effectively reused for a new task.

Despite the rapid progress in the development of accurate computer vision models
for fruit detection and counting, their adoption in operational agricultural contexts is very
limited. This is due to several factors, including the limited technological background and
the low level of digital skills of farmers and field technicians, the advanced average age of
farmers, and the lack of technological infrastructures in agricultural settings capable of
supporting the computational burden required by complex computer vision algorithms
[27]. In general, scientific studies conducted on grape cluster detection and counting have
been performed with the aim of developing highly accurate computer vision models using
very sophisticated deep learning techniques and high-quality datasets, which must be
pre-processed using advanced techniques to improve model performance and robustness
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[28]. Such conditions are difficult to achieve in real field conditions and, as a result, the
development of these models usually remains confined to academic research. In this con-
text, simple applicability and accessibility are key requirements for the adoption of com-
puter vision models in field applications carried out directly by farmers. The novelty of
this study lies in the adopted methodological paradigm, as it was conceived from the per-
spective of a farmer with no experience with computer vision models and having only a
smartphone to acquire medium-quality RGB images. This approach was carried out to
provide farmers with a farmer-friendly solution for automatic grape detection, overcom-
ing the high costs and complexity of use of advanced technologies. Following this para-
digm, this study focuses on comparing the performance of five pretrained computer vi-
sion models for the automatic detection of red and white table grape bunches. The models
took as input the RGB images captured in the field with the smartphone and were trained
using the free demo version of the Roboflow 3.0 platform. The results obtained in study
point out that even when medium-quality RGB images and free software for models’
training, it is possible to develop accurate computer vision models for table grape bunch
detection, offering an affordable and accessible tool for farmers.

2. Materials and Methods
2.1. Roboflow 3.0 Platform and Employed Object Detection Models

The workflow presented in this study was entirely carried out using the Roboflow
3.0 platform [29], a full-stack computer vision infrastructure that helps developers of all
skill levels in the development of computer vision applications. This platform is particu-
larly adapted for non-expert users, since it aims to simplify the workflow by providing
tools for Al-assisted labelling, data preprocessing, model training, and deployment. In
this study, the free demo version of Roboflow 3.0 was used to demonstrate that reliable
results can also be obtained using pre-trained models, showing the feasibility of develop-
ing computer vision-based applications for free. The computer vision models developed
in this study are based on the supervised learning paradigm, in which the model is trained
on a dataset containing labelled target objects. This approach provides the model with the
necessary informative content to learn during the training process. After the training, the
model can identify the target object in unseen images.

In this study, five state-of-the-art object detection models were trained and their per-
formance compared for grape bunch detection. The models employed were: Roboflow 3.0
Object Detection [30], YOLOv12 [31], YOLOv11 [32], YOLO-NAS (Neural Architecture
Search) [33], and RF-DETR (Roboflow DETR) [34]. Roboflow 3.0 Object Detection is the
latest free model developed by Roboflow and is optimized for small and low-quality da-
tasets. YOLOV12 is the latest release of the YOLO family. It has demonstrated a higher
accuracy over the COCO (Common Object in Context) dataset compared to YOLOv11
[35], representing a good compromise between accuracy and speed. YOLOv11 is recog-
nized for its robustness and stability in real-world applications [36]. YOLO-NAS is opti-
mized for deploying hardware and is very stable and fast on large datasets [37]. RE-DETR
has a transformer-based design developed by Roboflow [38]; it is an optimized version of
the DETR architecture and generalizes well on small datasets, offering very robust perfor-
mance in applications involving occlusions, numerous objects, and small objects.

The hyperparameters employed by the models, such as the learning rate, epochs,
number of layers, and the optimizer, were automatically set by the Roboflow platform.
All the tested models were trained using the COCOn checkpoint, which provides pre-
trained weights from the COCO dataset, enhancing the models’ ability to quickly adapt
to specific detection and achieve improved performance [39]. Both the confidence thresh-
old and the overlap threshold were set to 50% for all the tested models.
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2.2. Workflow in the Roboflow 3.0 Platform

The models received as input a set of RGB images containing table grape bunches.
They were manually labelled and used for the training. At the end of the process, the
model was able to correctly detect grape bunches in new images given as input. The work-
flow followed in this study is composed of several steps: data collection, image labelling,
dataset splitting, preprocessing and data augmentation, model training, and performance
evaluation.

2.2.1. Dataset Definition

The RGB images of table grape bunches taken of white and red cultivars (Italia, Alli-
son, Millenium) at different phenological stages were collected in several vineyards lo-
cated in the countryside of Noicattaro (41°02" N, 16°59" E), Apulia region, Southern Italy.
The initial dataset included 150 images acquired in July and August 2025, and it is publicly
available online [40]. Some examples of images captured in the field and included in the
dataset are shown in Figure 1. The vine training system typically employed in the Apulia
region for table grape production is the “pergolato” or “tendone”. It is characterized by a
continuous horizontal overhead canopy plane, sustained by a trellis system consisting of
wooden stakes placed near each vine and two orthogonal steel wires attached 1.7-1.8 m
above ground level, along with a grid of steel wires that supports the shoots. The structure
is covered with anti-hail nets and plastic films to protect the grapes and control ripening
time, optimizing both yield and fruit quality [41]. The standard vine spacing is 2.5 m x 2.5
m. In tendone-trained vineyards, the canopy is located at approximately 1.90 m above the
soil surface and is divided by a horizontal grid of steel wires into two distinct layers: an
upper layer consisting mainly of leaves and a lower one with the grape clusters [42]. Con-
sequently, in tendone-trained vineyards, bunch occlusion caused by the presence of leaves
is reduced; however, the issue of overlapping bunches remains a significant challenge.

Figure 1. RGB images of table grape bunches of different varieties and at different ripening stages
captured in the field with Xiaomi Redmi Note 11 Pro (Xiaomi Inc., Beijing, China) smartphone in-
cluded in the dataset.

A Xiaomi Redmi Note 11 Pro smartphone was used to take pictures of grape bunches.
This device has a 108 MP RGB main camera with a focal distance of 9 mm and a field of
view of 118°. The acquired images had a resolution of 3082 x 4096 pixels. The camera fea-
tures digital image stabilization and an autofocus function. It features a bright /1.9 aper-
ture paired with a 1/1.52” sensor, allowing the acquisition of detailed images even in chal-
lenging low-light conditions.

The images were captured in the morning under varying lighting conditions and
from different points of view. The camera-to-bunch distance was variable in the range 0.4
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m-1.0 m. The dataset consists of 150 images, of which 65 contain red grape varieties, and
85 contain white grape varieties.

The assessment of the dataset image quality has been performed using different met-
rics. Overall, the dataset exhibited a good illumination quality, with an average brightness
value of 116, indicating that the images are slightly underexposed but still within the suit-
able range for the development of robust computer vision applications. The low bright-
ness standard deviation (std = 11.9) suggests uniform lighting conditions across images,
which is highly beneficial for object detection tasks. The mean contrast level of the dataset
was 45, which represents a satisfactory value that allows the distinction of local details
and edges. Furthermore, the low contrast variability (std = 6.5) indicates a homogeneous
dataset, which contributes to more stable and reliable model training.

For the evaluation of the sharpness, the Variance of Laplacian (VoL) and the Tenen-
grad measures have been used. The VoL of the dataset is 406.4 + 247.8, and the Tenengrad
is 4.0 x 10° + 1.9 x 10, reflecting the average sharpness level of the images. These values
are generally adequate for computer vision applications, indicating that the images are
sufficiently sharp, although not exceptionally detailed. The relatively high standard devi-
ation indicates the heterogeneity of the dataset. The non-exceptional image quality metrics
obtained were expected, as no standardized acquisition approach was followed to capture
the images. This choice was intentionally made to realistically reproduce the typical con-
ditions of real field environments.

2.2.2. Image Labelling

This step is crucial for the accuracy of the trained computer vision models [43]. Each
grape bunch was manually annotated in the Roboflow 3.0 platform and assigned a unique
label “Bunch”. The Roboflow platform provides a user-friendly annotation interface,
named Roboflow Annotate, in which users can choose among different annotation meth-
ods, including manual bounding boxes, manual polygons, and semi-automatic ap-
proaches based on Al techniques such as Segment Anything Models (SAM). In this study,
manual polygon annotation was selected as an annotation method since it provides the
highest fidelity for complex object boundaries, such as those of grape bunches. The num-
ber of annotated bunches in the entire dataset was 366. A representative example of the

grape bunches labelling process using the Roboflow Annotate interface is shown in Figure
2.

(a)

Figure 2. (a) Example of an original image included in the dataset; (b) Example of the grape bunches
labelling process using the Roboflow Annotate interface. The polygon was manually drawn and

labelled as “Bunch”. The white squares represent the points manually drawn.

The polygon was manually drawn around each bunch and then saved. Although this
approach is time-consuming, it provides the differences among the bunches in size and
shape as well as their overlapping, defining a reliable ground truth for the supervised
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learning process. Figure 3a reports two annotated “Bunches” outlined with a yellow con-
tour line, while Figure 3b presents the corresponding segmentation masks.

(b)

Figure 3. (a) Image labelled with the two “Bunches”; (b) The yellow areas represent the corre-

sponding segmentation masks.

The segmentation masks can be employed to retrieve the actual size of the clusters,
knowing the camera-to-bunch distance. In this study, the size of the cluster was not as-
sessed because the images were acquired at a variable distance.

The annotation heat map reports the spatial distribution of the annotated bunches in
the images of the dataset. The areas depicted in red indicate the presence of more bunches’
annotations, while blue areas represent the ones with few annotations.

Figure 4 highlights that the annotated bunches are almost uniformly distributed
within the images of the dataset. The number of bunches annotated per image is reported
in the bar plots presented in Figure 5.

Figure 4. Annotation heat map reporting the spatial distribution of the annotated bunches within
the images of the dataset. Red areas indicate the presence of more bunches” annotations, while blue

areas represent the ones with few annotations.

72

Frequency

8-10

2-4 5-7
Number of Annotations per Image

Figure 5. Distribution of the number of annotated bunches per image in the dataset.
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As shown in Figure 5, in most images of the dataset, the number of annotated
bunches was one (40%) or between two and four (48%). Only a few images were included
between five and seven (10%) or more (2%).

2.2.3. Dataset Preparation

To properly train a computer vision model, it is necessary to split the dataset into
three distinct subsets named the training set, validation set, and test set, respectively. This
ensures a correct evaluation of the model performance and prevents overfitting phenom-
ena [44]. The training set includes the images used directly for the training process, ena-
bling the model to learn and extract relevant features of the target object to detect. The
validation set is used during training to monitor the model’s performance, tune hyperpa-
rameters, and prevent overfitting. The test set consists of images excluded from training
and validation phases and is used at the end of the training to assess the model’s capability
to generalize to unseen data given as input to the model. In this study, for all the consid-
ered models, the dataset was divided as follows: 70% of the images were assigned to the
training set, 20% to the validation set, and 10% to the test set. The original dataset was
normalized, standardized, and expanded using pre-processing and data augmentation
techniques to improve the robustness of the model [45]. During the pre-processing step,
images were resized to a uniform resolution, eliminating inhomogeneities in image size.
In particular, the images were resized to 640 x 640 pixels, except for the RF-DETR model,
which required input images of dimension 512 x 512 pixels. Moreover, since some images
were not perfectly vertically aligned, an automatic auto-orientation process of pixel data
was applied. Successively, data augmentation was performed to artificially increase the
dataset dimension and its richness, simulating different acquisition conditions. New im-
ages were generated through 90° clockwise and counterclockwise rotations, and the scale
of the original images was included in the dataset. An example of an image generated in
the data augmentation step through 90° counterclockwise rotation, scaling, and a 90°
counterclockwise rotation is shown in Figure 6.

Figure 6. (a) Example of an original image present in the dataset (on the (left)) and corresponding
image generated in the data augmentation step through 90° counterclockwise rotation (on the
(right)); (b) Example of an original image present in the dataset (on the (left)) and corresponding
image generated in the data augmentation step through a scale and a 90° counterclockwise rotation
(on the (right)). Thanks to data augmentation, the dataset reached a total of 320 images. The trans-

formed images aim to improve the predictive capacity of the model and its ability to generalize.
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2.2.4. Models’ Performance Evaluation

To assess the overall performance of the trained computer vision models, the most
widely adopted metrics in object detection were used, i.e., precision, recall, and Average
Precision (AP) [46]. Precision quantifies the proportion of correctly predicted instances
among all the instances detected by the model. This metric assesses the model’s ability to
avoid false positives. Recall measures the proportion of correctly detected bunches with
respect to the number of annotated bunches present in the image. This metric assesses the
model’s ability to successfully identify most of the grapes present in the image. The AP is
a robust indicator that synthesizes both accuracy and completeness of predictions. The AP
can be calculated considering the Intersection over Union (IoU). This parameter quantifies
the overlap between a predicted bounding box and the corresponding ground-truth an-
notation. The AP@50 represents the average accuracy considering an IoU threshold of
0.50; instead, the AP@50:95 measures the average accuracy calculated across multiple IoU
thresholds, ranging from 0.50 to 0.95. The latter is a more stringent metric compared to
the AP@50, as it requires greater accuracy in predicting bounding box localization.

Beyond quantitative metrics computed on the validation set, a qualitative analysis
has been conducted on the test set. The number of the predicted bounding boxes was
compared with the ground-truth annotations to assess the detection accuracy of the
trained models.

3. Results

Table 1 summarizes the detection performance metrics (Precision, Recall, AP@50, and
inference time) obtained on the validation set by the five object detection models em-
ployed in this study (Roboflow 3.0 Object Detection, RF-DETR, YOLOv12, YOLOv11,
YOLO-NAS), considering white and red grape varieties, after a training process of 300
epochs.

Table 1. Performance metrics achieved by the considered computer vision models on white and red

bunches.

Model Variety  Precision [%] Recall [%] AP@50[%] Inference Time
Roboflow 3.0 WI;IEISE Zg? 2;1(8) 2;2 25 min
o MAE M mm
oo 2w w
oom HTE w0 e e
YOLONS Teint s 7sa sy 2h

Table 1 highlights that all the models achieve acceptable performance; however, no-
table differences emerge among them to balance the metrics across the two varieties. Ro-
boflow 3.0 Object Detection provided stable and balanced performance across both grape
varieties, achieving a great precision (86.6% for white bunches and 85.7% for red bunches)
and the highest recall for white bunches (84.0%), indicating few missed detections. RF-
DETR performed better on red bunches, reaching a high precision (83.2%) and AP@50
(84.7%). YOLOvV12 model showed competitive performance, especially for red grapes,
reaching the highest recall (87.7%) and AP@50 (88.9%). However, its precision is slightly
lower compared to the Robflow 3.0 Object Detection model, suggesting a higher rate of
false positives. YOLOv11 achieved the best precision for both varieties (88% for white
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bunches and 89.9% for red bunches). However, the recall dropped to 76.9% for red
bunches, indicating a tendency to miss a portion of the target. Lastly, the YOLO-NAS
model exhibited the lowest performance for both white and red bunch detection (preci-
sion of 76.8% and 73.5%, respectively), highlighting the limited suitability of this architec-
ture for grape cluster detection in the presence of small datasets. All the object detection
models investigated have inference times of about 30 min, except for YOLO-NAS, which
takes four times longer. YOLO-NAS has a high computational complexity and a heavy
and complex backbone, with a lot of parameters. Compared with newer architectures,
such as YOLOv11/12 and the Roboflow-developed models, which are optimized for ob-
taining short inference time, it is not optimized for lightweight applications and suffers
from prolonged inference time. The trend of Precision, Recall, AP@50, and AP@50:95 dur-
ing the training process of the Roboflow 3.0 Object Detection model on white bunches is
reported in Figure 7. In each graph, the blue solid line indicates the obtained results, and
the orange dashed line represents the smoothed curve.

Precision Recall

—e— results
smooth

o 200 o 200

AP@50:95

0 200 0 200

Figure 7. Precision, Recall, AP@50, and AP@50:95 obtained during the training process of the Ro-
boflow 3.0 Object Detection model.

The performance of the Roboflow 3.0 Object Detection model tends to settle after
about 100 epochs, stabilizing at ~0.86 for precision and ~0.81 for recall. The concurrent rise
in precision and recall and their convergence to high values demonstrated the model’s
effective quick learning process for grape bunch detection. After 100 epochs, the AP@50
gradually converged to about ~0.87, indicating a high accuracy in bounding box localiza-
tion. As expected, the AP@50:95 reached a lower value (~0.69), reflecting the more strin-
gent requirement. The simultaneous and monotonic improvements of all the considered
metrics demonstrated a stable, well-balanced, and robust learning process. These results
highlight the quality of the training process and the ability of the model to generalize to
new input images. Moreover, Box Loss, Class Loss, and Distribution Focal Loss (DFL)
were evaluated for the Roboflow 3.0 Object Detection model [47]. Box Loss measures dis-
tance and overlap between the predicted bounding box and the ground-truth box, quan-
tifying the error in position, size, and shape. Class Loss evaluates the model’s accuracy to
correctly classify the detected objects, and it is usually computed using a probabilistic ap-
proach based on Cross-Entropy. Distribution Focal Loss (DFL) is used to refine bounding
box predictions, particularly for objects that are difficult to discriminate, obtaining sub-
pixel precision. The trends of these three loss components for both training and validation
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sets are reported in Figure 8. In each graph, the blue solid line indicates the obtained re-
sults during training, and the orange dashed line represents the smoothed curve.

BOX CLASS DFL
LOSS LOSS LOSS

—e— results

smooth 1.2 12 —e— results 14
’ smooth 1318
TRAINING ** 18
0.8 0.8
SET
0.6 0.6
1.0
0.4 0.4 09
0.2 0.2 0.8
o 200 0o 200
3.5 10 4.0
—e— results .
smooth 3.0 35
25 25 3.0
VALIDATION 20 25
2.0
SET 15 f 15 20
1.0 10 15 I
T v 104 T
0 200 0 100 200 0 200

Figure 8. Box Loss, Class Loss, and DFL of the train and validation sets obtained during the training

process of the Roboflow 3.0 Object Detection model.

Figure 8 shows that a convergent monotonic decrease was obtained for the Box Loss,
Class Loss, and DFL for the training set, indicating effective optimization and the model’s
continuous learning capability. Box Loss decreased from 1.2 to 0.3, indicating progressive
improvements in bounding box accuracy. At the same time, Class Loss decreased from
1.2 to 0.3, highlighting a strong enhancement in classification accuracy during training.
Finally, DFL was reduced from 1.4 to 0.9, confirming increased precision in predicting
bounding box boundaries. Concerning the validation set, as expected, a significant initial
variance was observed in the first 50 epochs for all the losses, due to the small size of the
dataset. However, during the training, all losses showed decreasing trends, demonstrat-
ing the model’s ability to generalize well to unseen input images. The Box Loss and Class
Loss on the validation set converged to 0.9, while the DFL stabilizes at 1.2, suggesting that
most generalization errors stem from classification rather than localization. The conver-
gence of losses, both in the training and validation sets, highlights the effectiveness and
stability of the training process, as well as the absence of overfitting, since both sets show
similar trends.

Furthermore, a qualitative analysis to assess the detection accuracy of the trained
models has been carried out on some images included in the test set, comparing the num-
ber of predicted bounding boxes with the ground-truth annotations. An example of the
predictions after training the Roboflow 3.0 Object Detection model, in case of clearly visi-
ble and non-overlapping white and red bunches, is presented in Figure 9b,c, together with
the corresponding ground truth measurement (Figure 9a).

https://doi.org/10.3390/agriculture16020218
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"allPredictions": [

: "bunches",
6.9649353027344,
329.9784240722656,
4.64324951171875,
"height": 480.55731201171875,
“"confidence": ©.9647819399833679

: "bunches”,
9813232421875,

A 3 8116455078125,
“"confidence": ©.908187985420227

[

bunches

": "bunches",
6165466308594,
40899658203125,

: 143.3463134765625,

"height": 223.4046630859375,
"confidence": ©.9308068156242371

"label": "bunches”,

428.15464782714844,
0.82102966308594,

Figure 9. (a,d) Annotated images of the test set; (b,e) predictions of the Roboflow 3.0 Object Detec-

tion model; (¢,f) output information about the predictions.

Figure 9b shows that the Roboflow 3.0 Object Detection model correctly detects the
two white bunches annotated in the test set image (panel (a)) with a high confidence level
(over 0.90). Figure 9d shows the labelled test image containing two red bunches, and panel
(e) shows the predicted red bunches. Panels (c) and (f) report the x and y position, as well
as the width and height of the predicted bunches in pixels. It is important to note that, in
case of clearly visible and non-overlapping bunches (as the case presented in Figure 9),
Roboflow 3.0 Object Detection, YOLOv11, YOLOv12, and YOLO-NAS models correctly
detect the bunches for both the white and red varieties. Due to the Roboflow platform’s
limitation, it is not possible to visualize the predictions generated by the RF-DETR model
in the web-based preview interface.

The accuracy of detection of the trained computer vision models has also been ana-
lyzed in the challenging case of overlapping clusters. The recognition effect graph for each
trained model in the detection and counting of white bunches is presented in Figure 10.
Due to the Roboflow platform’s limitation, it is not possible to visualize the predictions
generated by the RE-DETR model in the web-based preview interface.

Figure 10 highlights that in the ground-truth image of the test set, five different grape
clusters have been annotated. Four central bunches heavily overlap each other, and the
fifth is partially visible on the right. The Roboflow 3.0 Object Detection mode and
YOLOV11 models effectively recognize all five bunches, with a confidence level over 0.90
for all five bunches, suggesting that these models also exploit contextual information and
confirming the obtained high metrics. The YOLOv12 model recognizes the four overlap-
ping bunches, but it fails to detect the partially visible grape, indicating that the model is
less robust to truncated objects. This result is in line with the lower recall obtained for this
model (81.6%). The YOLO-NAS model produces multiple bounding boxes in the same
regions, which leads to incorrect bunch separation and detection. This is confirmed by the
low precision and AP@50 of this model.
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Figure 10. Recognition effect graph of each trained model for the detection and counting of white

bunches.

The recognition effect graph for each trained model in the detection and counting of
red bunches is presented in Figure 11.

GROUND TRUTH ROBOFLOW 3.0

bunches bunches

2objects detected

YOLOv11 YOLOv12 YOLO-NAS

bunches

bunches  bunches bunches

2 objects detected 1 object detected

object detected

Figure 11. Recognition effect graph of each trained model for the detection and counting of red

bunches.

Figure 11 shows that two overlapping grape clusters have been annotated in the
ground truth image included in the test set. Also in this case, the Roboflow 3.0 Object
Detection mode and YOLOv11 models successfully detect the two overlapping bunches,
producing two separate bounding boxes. In particular, YOLOv11 achieves a confidence
level of over 0.93, indicating the model’s suitability in these challenging conditions. In
contrast, the YOLOv12 model fails to distinguish between the two overlapping bunches
and identifies one big cluster containing both. Similarly, the YOLO-NAS model incor-
rectly identifies only one of the two annotated bunches.

https://doi.org/10.3390/agriculture16020218



Agriculture 2026, 16, 218

13 of 17

4. Discussion
4.1. Comparison of the Obtained Results with the Literature

The metrics adopted in this study to evaluate the performance of the tested models
are widely used in computer vision. The metrics obtained were compared with those re-
ported in the literature using several object detection models. In 2021, Sozzi et al. [22]
evaluated the automatic detection of white grape varieties on a dataset of 2985 images
using different YOLO models. The best performance was obtained using the YOLOv5x
model, reaching a precision and a recall of 77% and 72%, respectively. In 2023, Shen et al.
[48] used a lightweight version of YOLOVS5 to detect overlapping white grape clusters
starting from videos captured directly in the field and achieving a mAP@50 of 82.3%.
Aguilar et al. [49] compared the performance of several models of Single Shot Detectors
(SSD) on a dataset of 1929 images containing white grape bunches at different phenolog-
ical stages. They found that the best model for medium and big bunch detection was SSD
MobileNet-V1, which reached a precision of 61.7% and a recall of 87%. Santos et al. [50]
developed an R-CNN and obtained a precision of 87% and a recall of 83%, considering an
IoU of 0.5. Li et al. [51] compared different object detection models (YOLO, CNN, and
SSD300) on white and purple-red grape images. They found that SSD300 performed better
on purple-red grapes (precision of 88% and recall of 89%), while YOLOv4 performed bet-
ter (precision of 89% and recall of 93%) on white grapes. To the authors” knowledge, no
scientific studies are present in the literature in which the latest models developed by Ro-
boflow (Roboflow 3.0 Object Detection and RF-DETR) and YOLO (YOLOv11, YOLOV12,
and YOLO-NAS) have been used for grape bunch detection. Sapkota et al. [52] evaluated
the performance of RF-DETR and YOLOv12 models for the detection of green fruits using
RGB images collected by an autonomous rover, obtaining very similar results in terms of
precision and recall (86% and 88%, respectively). The results obtained in this study using
the considered models are consistent with those presented in the literature. The Roboflow
3.0 Object Detection model achieved stable and well-balanced results across both grape
varieties, with high precision and recall. In particular, the Roboflow 3.0 Object Detection
model was able to correctly detect the bunches even in overlapping conditions. In contrast,
RF-DETR performed better on red bunches, achieving high precision (83.2%) and AP@50
(84.7%). The YOLO family exhibited strong performances as well. YOLOv12 achieved the
best results for red bunches detection, reaching the highest recall (87.7%) and AP@50
(88.9%); however, in the case of overlapping bunches, it failed to correctly separate them.
YOLOV11 reached the highest precision for both grape varieties (88% for white bunches
and 89.9% for red bunches) but a slightly lower recall (82.6% for white bunches and 76.9%
for red bunches); it performs particularly well in the presence of overlapping bunches. In
contrast, YOLO-NAS exhibited the lowest performance for both white and red bunch de-
tection (precision of 76.8% and 73.5%, respectively) and was unable to correctly identify
overlapping bunches. Overall, the results obtained in this study highlight the superior
performance of the Roboflow 3.0 Object Detection and YOLOv11 models under challeng-
ing conditions, which are the most representative of real operating conditions. It is worth
noting that, although the dataset used in this study is much smaller compared to [22], the
performance obtained by the YOLO-based models considered in this study is considera-
bly higher compared to [22], thanks to the improved overall accuracy achieved by the
latest YOLO models.

4.2. Applicability of the Proposed Approach in Real Operating Conditions

The computer vision models trained in this study using the Roboflow 3.0 platform
can be deployed in various computing platforms, including smartphones and edge de-
vices such as NVIDIA Jetson systems or Raspberry Pi, for real-time and in-field
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applications. The deployment can be performed using two strategies: execute the model
locally on the device, ensuring low latency and offline features, or leverage cloud-based
inference via the Roboflow REST API, which transmits data to a remote server for pro-
cessing [53]. The first strategy requires deep knowledge, instead the second one is simpler
and can also be performed by non-expert users. The choice of deployment strategy de-
pends on operational constraints, such as latency, connectivity, and computational re-
sources. A simplified scheme of the deployment using the cloud-based inference via the
hosted inference API is reported in Figure 12.

OBJECT DETECTION
MODEL SELECTION

HOSTED INFERENCE API
SMARTPHONE IMAGE
ACQUISITION

DATA TRANSMISSION TO THE
ROBOFLOW ENDPOINT

| IN REAL-TIME

!

BOUNDING BOX & LABEL VISUALIZATION COUNTING OF THE BUNCHES
|

VISUALIZATION ON SMARTPHONE SCREEN

Figure 12. Simplified scheme of deployment using the cloud-based inference via a hosted inference
APL

The images captured using a smartphone are transmitted in real time to the cloud for
inference. Bunch counting, along with bounding box and label visualization, is displayed
to the user on the smartphone. The main operational difficulty that a farmer can encounter
in deployment is related to the APl integration; however, in the new update, the Roboflow
platform provides a QR code feature that allows a trained model to be used directly on a
mobile device without manual API integration. Other barriers to successful deployment
include the need for a stable internet connection, to avoid failed inference requests and
non-real-time behaviour; image acquisition consistency, in terms of motion blur and cam-
era-to-bunch distance; and correct result interpretation.

In the author's opinion, this study points out that the Roboflow platform represents
a viable solution for non-expert users, including farmers, since it is intuitive and user-
friendly. The platform can be used for semi-automatic labelling, training pre-trained mod-
els, and for their subsequent deployment on mobile devices for fruit detection tasks. In
this work, the free demo version of the Roboflow 3.0 platform was used, highlighting that
the development of accurate fruit detection models can be performed at no cost by lever-
aging pre-trained models. This approach allows the implementation of a farmer-friendly
solution for automatic grape detection.

Testing real-world operating scenarios of the computer vision models trained in this
study and their deployment on a mobile device will be carried out in the next vineyard
vegetative season, which in Apulia takes place from the end of July to the end of Septem-
ber. During these tests, varying operating environmental conditions will be considered,
including different times of acquisition, light conditions, distance from the bunch and
viewpoint, and background, to evaluate models’ detection stability and accuracy. Further-
more, field tests will be carried out to evaluate the detection accuracy of the trained mod-
els by counting the grape clusters within a sample area.
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5. Conclusions

This study compared five state-of-the-art computer vision models trained using the
free demo version of the Roboflow 3.0 platform, with the aim of automatically detecting
white and red table grape bunches. The images used to train and test the models were
acquired directly in the field using a smartphone. The results obtained in this study con-
firm the robustness and reliability of the computer vision-based approach for grape bunch
detection, even when trained with a small dataset that includes medium-quality RGB im-
ages. High detection accuracy was reached on the test set, including the challenging sce-
nario with overlapping grape bunches, especially with the Roboflow 3.0 Object Detection,
YOLOv11, and YOLOV12. This points out the suitability of these architectures for the de-
tection of white and red table grape bunches during training. Overall, this study demon-
strates the feasibility of developing accurate computer vision models for free in the Ro-
boflow platform, offering a simple and accessible solution for non-expert users, including
farmers. Future research will focus on the deployment of the trained models on a mobile
device and on the evaluation of their performance under operating field conditions.
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