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Abstract

Reliable early-stage yield forecasts are essential in precision viticulture, enabling timely in-
terventions such as harvest planning, canopy management, and crop load regulation. Since
grape yield is directly related to the number and size of bunches, the early detection of inflo-
rescences and bunches, carried out even before flowering, provides a valuable foundation
for estimating potential yield far in advance of veraison. Traditional yield prediction meth-
ods are labor-intensive, subjective, and often restricted to advanced phenological stages.
This study presents a deep learning-based approach for detecting grapevine inflorescences
and bunches during early development, assessing how phenological stage and illumination
conditions influence detection performance using the YOLOv11 architecture under com-
mercial field conditions. A total of 436 RGB images were collected across two phenological
stages (pre-bloom and fruit-set), two lighting conditions (daylight and artificial night-time
illumination), and six grapevine cultivars. All images were manually annotated following
a consistent protocol, and models were trained using data augmentation to improve gener-
alization. Five models were developed: four specific to each condition and one combining
all scenarios. The results show that the fruit-set stage under daylight provided the best
performance (F1 = 0.77, R? = 0.97), while for inflorescences, night-time imaging yielded the
most accurate results (F1 = 0.71, R? = 0.76), confirming the benefits of artificial lighting in
early stages. These findings define optimal scenarios for early-stage organ detection and
support the integration of automated detection models into vineyard management systems.
Future work will address scalability and robustness under diverse conditions.

Keywords: yield prediction; inflorescence; grape bunch; precision viticulture; deep learning;
object detection; yolov11
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1. Introduction

Accurate and timely yield estimation plays a crucial role in vineyard management,
guiding decisions ranging from irrigation and fertilization to harvest logistics and winery
operations. Early insights into grape yield potential enable winemakers and vineyard
managers to optimize agricultural practices and streamline winemaking processes [1].
Traditionally, yield forecasting has relied on manual bunch counting, destructive sampling,
or empirical models based on historical data [2,3]. While these methods offer a baseline,
they are labor-intensive, subjective, and often fail to capture the spatial and temporal
variability characteristic of vineyards, particularly in heterogeneous terrains or when
managing large estates [4,5]. Moreover, their limited temporal resolution impedes early-
season interventions, reducing their usefulness for proactive crop management. Even non-
invasive approaches that rely on proximal sensing or manual visual assessments still face
scalability issues and depend on well-developed bunches for reliable measurements [6,7].

Conventional methods generally require significant bunch development, limiting
their applicability to late phenological stages such as veraison or ripening. This temporal
delay constrains their utility for management decisions such as green thinning, canopy
adjustment, or irrigation scheduling. To overcome these limitations, there is growing
interest in early-stage yield estimation, ideally during flowering or fruit set, when the
grapevine reproductive potential is first revealed [8,9].

Detecting inflorescences at these early stages allows for yield prediction months in
advance, supporting timely interventions such as crop thinning, nutrient adjustments,
and pest control [4,10]. This is especially valuable in cool climates or for cultivars with
erratic flowering, where fruit set can be strongly influenced by environmental stressors [9].
Previous studies have shown that pre-veraison phenotyping enables more flexible and
targeted management, aligning with sustainability goals in viticulture [11].

Advancements in remote sensing, computer vision, and artificial intelligence have
opened new avenues for automating yield estimation in viticulture. Precision agriculture
technologies such as UAV imaging, multispectral sensors, and LiDAR have been explored
in various crops to assess biomass, count fruits, or estimate productivity [12,13]. In orchards,
vision-based systems are now widely used for flower and fruit detection in apples, cherries,
and citrus, showcasing high accuracy in structured plantation systems [14]. In vineyards,
however, the application of such systems presents unique challenges. Grapevine canopies
are highly variable and often contain complex arrangements of leaves, shoots, tendrils,
and fruiting structures. Occlusions caused by foliage and trellis wires, irregular lighting,
and varying object sizes complicate the segmentation and detection of grape bunches or
inflorescences, particularly in field conditions [15,16]. These constraints are even more
critical when attempting to detect yield-forming organs before veraison, when visual
contrast is low and object morphology is less distinct [17,18].

These challenges are further compounded by environmental factors. Variations in
illumination conditions have a critical influence on image quality and, consequently, on
the performance of automated detection systems in agricultural environments. While
natural daylight is readily available, it introduces challenges such as shadows, reflections,
and inconsistent ambient light, all of which can hinder the visibility of small structures
like grapevine inflorescences [19]. In contrast, the use of controlled artificial illumination,
such as LED lighting during night-time imaging, allows for more uniform scene lighting,
improved contrast of regions of interest, and reduced visual noise [20]. Field-based studies
have shown that computer vision systems operating under artificial lighting achieve higher
detection consistency, particularly for floral structures and fruits in early phenological
stages [21]. In addition to lighting conditions, cultivar-specific characteristics such as
canopy architecture, flowering density, and bunch morphology introduce considerable
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visual variability. These traits play a significant role in model performance, especially
during early growth stages when reproductive structures may be occluded or poorly
exposed [22]. For instance, cultivars with denser foliage or compact inflorescences pose
higher occlusion levels, which can reduce detection accuracy [23]. Incorporating multiple
grapevine cultivars during model development contributes to improving robustness and
ensures applicability across diverse vineyard scenarios [24].

To mitigate these limitations, computer vision methods increasingly integrate auxiliary
sensors and unsupervised segmentation algorithms, as well as geometry-based filters and
temporal tracking [18,25]. Geometry-based filters leverage prior knowledge about the
expected shapes, sizes, and spatial arrangements of target structures, such as the compact,
roughly conical form of grape bunches or the linear patterns of inflorescences, to improve
detection accuracy in cluttered environments. These enhancements contribute to robustness
in real-world environments, but challenges such as occlusion, background clutter, and
phenotypic variability remain active areas of research [7,26]. Computer vision approaches
based on deep learning have become particularly prominent in this context. Convolutional
Neural Networks (CNNs) have demonstrated remarkable capabilities in feature extraction
and object localization under complex visual contexts [27]. In viticulture, specific CNN
architectures such as SegNet with a VGG19 encoder have been successfully applied for
tasks like grapevine flower and inflorescence detection, achieving F1 scores of 0.93 and
0.73, respectively, and a determination coefficient (R?) of 0.91 with respect to manual
counts [28]. CNN-based systems have also been employed to segment berries and detect
grape bunches [29], and recent works have explored hybrid CNN-Transformer architectures
for adaptive learning in heterogeneous vineyard conditions [25]. Moreover, CNNs have
been used for disease detection in vineyards, including downy mildew through binary
segmentation approaches [30], black rot using super-resolution enhancement and deep
learning classification [31], and other foliar symptoms via real-time CNN detectors [32].
These methods often rely on semantic segmentation or classification pipelines and have
demonstrated promising accuracy levels for early detection and disease management.

Among deep learning architectures, the YOLO (You Only Look Once) family stands
out for its balance between speed and accuracy in object detection [33]. Earlier versions
have been applied in viticulture for bunch detection under variable lighting and occlusion
conditions [34,35]. Recent models incorporate architectural improvements like transformer
blocks, spatial attention modules, and enhanced feature fusion, which boost performance
for small or occluded targets [36-38]. Despite these advances, most applications focus on
late stages such as harvest, when bunches are large and visible [39,40], although early-stage
detection during flowering is gaining attention for its potential to reduce occlusion and
improve prediction accuracy [10,41].

In this context, the present work proposes a novel methodology for determining
the number of grapevine inflorescences and bunches under real, open-field conditions.
This study focuses on early developmental stages and considers two key factors that may
influence detection performance: the phenological stage (pre-bloom vs. fruit-set) and
the illumination conditions (daylight vs. night-time with artificial lighting). To this end,
we implement the YOLOvV11 architecture, a state-of-the-art deep learning model, and
apply both classification and regression-based evaluation metrics. The dataset comprises
RGB images acquired across six cultivars under varied vineyard conditions, enabling a
comprehensive assessment of model performance and its potential application in early-
season yield forecasting and precision viticulture.



Agriculture 2025, 15, 1495

4 0f22

A. Pre-bloom Day -~ B. Pre-bloom Night

2. Materials and Methods
2.1. Experimental Sites

The experiment was conducted during the 2018 season in a commercial vineyard
located in Vergalijo, Navarra, Spain (latitude 42°27'46.0” N, longitude 1°48'13.1” W).
Images were acquired at two key phenological stages according to the Baillod and Baggiolini
scale [42]: pre-bloom (stage H), corresponding to separated floral buttons during flowering
(Figure 1); and fruit-set (stage K), when green berries reach approximately 7 mm in diameter
(Figure 2). Images were collected under two distinct lighting conditions: during the day,
using uncontrolled natural sunlight; and at night, using an artificial LED spotlight.

Figure 1. Representative RGB images of a single vine at the pre-bloom stage captured under daylight
(A) and night-time artificial lighting (B).

B. Fruit-set Night

Figure 2. Representative RGB images of a single vine at the fruit-set stage captured under daylight
(A) and night-time artificial lighting (B).

A total of six grapevine cultivars were evaluated (Figure 3): three red varieties (Tem-
pranillo, Syrah, and Cabernet Sauvignon) and three white varieties (Malvasia, Moscatel,
and Verdejo). The vines were trained on a Vertical Shoot Positioning (VSP) system with
2 m row spacing and 1 m vine spacing. All vines were managed following standard viticul-
tural practices throughout the growing season. In some cases, leaf removal was performed
around the fruiting zone, following common viticultural practices in the region, particularly
at the berry development stage.
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Figure 3. Representative canopy images of the six grapevine cultivars evaluated in this study. The
top row shows the red varieties (Tempranillo, Syrah, and Cabernet Sauvignon), while the bottom row
displays the white varieties (Malvasia, Moscatel, and Verdejo).

2.2. Image Acquisition

RGB canopy images were acquired using a mobile sensing platform developed at
the University of La Rioja. The platform consisted of a modified all-terrain vehicle (ATV)
(Trail Boss 330, Polaris Industries, Medina, MN, USA) equipped with a custom aluminium
structure integrating a Canon EOS 5D Mark IV RGB camera (Canon Inc., Tokyo, Japan)
configured for the native resolution of the sensor at 6720 x 4480 pixels (30.1 MP) and an
artificial LED illumination system for night-time operation. The camera was mounted at a
height of 1.0 m from the ground and at a distance of 0.80 to 1.80 m perpendicular to the
canopy, depending on the campaign. Image acquisition was performed while the vehicle
moved along the vineyard rows at a speed of 5 km/h.

Images were taken at two different phenological stages: pre-bloom (corresponding to
Baillod and Baggiolini stage H), 109 days before harvest, and fruit-set (stage K, pea-size
berries), 66 days before harvest. For both stages, image acquisition was carried out on
the go, under both natural daylight and night-time conditions, using artificial LED illumi-
nation. This setup enabled the evaluation of model performance across varying lighting
environments. Each image typically captured multiple vines along the row, although in
some cases, the framing corresponded to a single plant. Since the objective was to detect
all visible bunches within each frame, the number of vines per image was not considered
a limiting factor. The artificial lighting provided homogeneous illumination and reduced
interference from adjacent rows, thereby facilitating image segmentation and object anno-
tation tasks. All vines included in the image acquisition underwent a partial defoliation
prior to flowering, consisting of the manual removal of three basal leaves per shoot in the
fruiting zone. This operation, performed uniformly across cultivars, aimed to enhance
cluster visibility and reduce occlusions during both pre-bloom and fruit-set imaging stages.

Camera settings were manually fixed at the beginning of each acquisition session and
remained constant throughout. Typical parameters included an exposure time of 1/1600 s
in order to avoid blur caused by the motion and vibrations of the vehicle, ISO between
2000 and 5000, and an f-number between £/5.6 and /8, depending on ambient lighting.
Images were acquired using a Canon EF 35 mm f/2 IS USM lens.

This acquisition strategy ensured consistent, high-resolution images for model training,
aligned with previous protocols described in [28,29].
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2.3. Dataset

A new dataset was compiled to support the training, validation, and evaluation of
object detection models for identifying grapevine inflorescences and bunches at early
developmental stages. The dataset consisted of 436 RGB images acquired under real
field conditions using the mobile sensing platform described in Section 2.2. Images were
captured at two distinct phenological stages, namely, pre-bloom and fruit-set, under both
day and night illumination conditions. This variability ensured robustness in different light
environments and canopy configurations.

Table 1 summarizes the distribution of images according to cultivar, phenological stage,
and illumination condition. A total of six grapevine cultivars were included: Cabernet
Sauvignon, Malvasia, Moscatel, Syrah, Tempranillo, and Verdejo.

Table 1. Distribution of RGB canopy images by grapevine cultivar, phenological stage (pre-bloom
and fruit-set), and illumination condition (daylight and night-time with artificial lighting). The table
summarizes the number of annotated images used for model training, validation, and testing across

the six cultivars and four experimental conditions.

Pre-Bloom Pre-Bloom Fruit-Set Fruit-Set
Cultivar Day Night Day Night
Cabernet Sauvignon 16 30 10 10
Malvasia 18 32 10 10
Moscatel 6 32 10 10
Syrah 20 32 10 10
Tempranillo 19 38 10 10
Verdejo 35 38 10 10
Total 114 202 60 60

The full dataset was subsequently divided with a stratified 70/20/10% split into
subsets for training, validation, and testing, ensuring representation across phenological
stages, illumination conditions, and cultivars for each one of the splits. Table 2 reports
the exact number of images allocated to each subset for every experimental condition,
as well as the total per partition “Combined”. The training subset was used to fit the
models by optimizing their parameters based on annotated data, while the validation
subset was employed to monitor performance during training and guide hyperparameter
tuning. The testing subset was reserved exclusively for evaluating model performance
on previously unseen data, providing a robust framework for model comparison under
heterogeneous conditions.

Table 2. Distribution of RGB canopy images across the training, validation, and testing subsets.
Values are given for each experimental condition (Pre-bloom Day, Fruit-set Day, Pre-bloom Night,
Fruit-set Night); the “Combined” column indicates the total number of images per partition.

Pre-Bloom Pre-Bloom  Fruit-Set Fruit-Set

Combined
Partition Day Night Day Night
Training (70%) 78 142 42 42 304
Validation (20%) 21 40 12 12 85
Testing (10%) 15 20 6 6 47
Total 114 202 60 60 436

Although the dataset was designed to ensure balanced representation across cultivars,
phenological stages, and lighting conditions, an overrepresentation of pre-bloom images
was observed, particularly under night-time illumination. This was primarily due to
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variability in image framing and spacing during acquisition: pre-bloom images were
captured at closer range, resulting in a higher number of individual images per vine.
In contrast, fruit-set images were often taken from greater distances, covering multiple
vines per frame and thus generating fewer usable samples. Additionally, some images,
especially under challenging lighting, were discarded due to motion blur or a lack of focus.
Despite these factors, the final dataset ensured adequate representation across conditions,
supporting robust and realistic model training and evaluation.

2.4. Labeling

All images were manually annotated following a consistent protocol to ensure high-
quality ground truth data for supervised training (Figure 4). The annotation focused on
identifying visible grapevine organs, either inflorescences or bunches, depending on the
phenological stage, and delineating them with bounding boxes. “Visible” elements were
defined as those that could be directly observed and clearly identified in the image without
severe occlusion or obstruction by leaves or neighboring structures.

Original RGB canopy image Manually annotated image

gy

Figure 4. Example of manual annotation process used for model training. The left panel shows the
original RGB canopy image, while the right panel displays the corresponding manually annotated
version. Red bounding boxes indicate visible grapevine inflorescences or bunches.

The annotation process was carried out using the open-source software Labellmg [43],
which enabled efficient and precise abelling. All annotations were carefully reviewed to
maintain consistency across the dataset and ensure reliability during the model training
and evaluation phases.

2.5. Computational Setup

The training of deep learning models was performed on a high-performance comput-
ing server equipped with an AMD Ryzen Threadripper 3970X 32-core CPU (Santa Clara,
CA, USA), 256 GB of ECC DDR4 RAM, and multiple NVIDIA GeForce RTX 4090 GPUs
(24 GB of VRAM each). For this experiment, a virtual machine was configured with
16 CPU cores, 100 GB of RAM, and access to a single NVIDIA RTX 4090 GPU (Santa Clara,
CA, USA). This hardware configuration ensured efficient processing and training of the
YOLOV11 object detection models without computational bottlenecks. Model development
was conducted using Python 3.10 and the PyTorch 2.2.2 deep learning framework. The
YOLOv11 implementation was provided by Ultralytics, and training was accelerated using
CUDA-enabled GPU support.
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2.6. Model Architecture and Training Strategy

The object detection architecture selected for this study was YOLOv11, a state-of-the-
art deep learning model recognized for its balance between accuracy and computational
efficiency [37]. YOLOv11 incorporates advanced modules for feature extraction and spatial
reasoning, enabling it to detect small and partially occluded inflorescences under highly
variable vineyard conditions [33].

The model was initialized with pretrained weights available from the official Ultralyt-
ics repository and fine-tuned on the annotated grapevine dataset using transfer learning.
All layers of the network were retrained to adapt the model specifically to inflorescence
detection in RGB images taken under field conditions [44]. Transfer learning has proven
effective in agricultural image analysis by allowing models to leverage previously learned
features and adapt them to specific tasks with limited domain data [45].

Model training was optimized using the AdamW optimizer, with an initial learning
rate of 0.0001 dynamically adjusted according to validation performance [46]. The key
training parameters were

Batch size: 32;

Image resolution: 800 x 800 pixels;

Maximum epochs: 200;

Loss function: Objectness + Classification + Bounding Box regression (YOLOv11 default).

This configuration was selected to maximize the model’s ability to learn complex
spatial patterns and object boundaries while maintaining training efficiency [47].

To evaluate detection performance under different phenological and lighting condi-
tions, five independent YOLOv11 models were fine-tuned, each corresponding to a specific
experimental scenario. Four of them were trained separately using images from the Pre-
bloom Day, Pre-bloom Night, Fruit-set Day, and Fruit-set Night subsets. A fifth model,
referred to as the Combined model, was trained on a pooled dataset including all conditions.
This strategy enabled a comparative analysis of condition-specific specialization versus
generalization capacity across heterogeneous scenarios.

Each model used the same hyper-parameters listed above, with weights re-initialized
from the base checkpoint provided by Ultralytics, which is pretrained on the COCO 2017
dataset. Training was conducted independently for each case, and performance was
evaluated using the corresponding held-out test subset to ensure an unbiased assessment.

2.7. Data Augmentation

To enhance model generalization and improve robustness under diverse field condi-
tions, data augmentation techniques were applied during training. The YOLOv11 training
pipeline includes a series of online augmentations that are automatically applied to each
image batch in real time. These transformations help prevent overfitting and allow the
model to learn from a wider range of scenarios without the need to expand the original
dataset [48,49].

The main augmentation methods included the following:

e  Mosaic augmentation, which combines four images into one during training to im-
prove detection of small and densely clustered objects [50].

e Random horizontal flipping, to introduce variability in canopy orientation.

e  Color space augmentations (hue, saturation, and brightness), to simulate differences
in natural lighting.

e  Affine transformations, such as scaling, translation, and rotation, to account for camera
perspective and positioning variability in mobile acquisition.
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These augmentations were performed dynamically at each training iteration using the
default augmentation settings provided in the Ultralytics YOLOv11 repository. This ensured
that the model was exposed to a constantly changing set of visual patterns, thereby enhancing
its capacity to detect inflorescences or bunches across a wide range of vineyard conditions.

2.8. Statistical Tools for Model Evaluation

The statistical methods used for evaluation are described to support reproducibility.
All analyses were conducted using Python, combining the scikit-learn (v1.4.2), NumPy
(v1.26.4), and Seaborn (v0.13.2) libraries. Standard object detection metrics, consisting
of mean Average Precision (mAP), mean Average Precision at IoU = 0.50 (mAP@0.50),
precision, recall, and Fl-score were computed at the image level. Specifically, mAP repre-
sents the average of the Average Precision values calculated across multiple Intersection
over Union (IoU) thresholds, ranging from 0.50 to 0.95 in increments of 0.05, following
the COCO evaluation protocol. The mAP@0.50 metric corresponds to the Average Preci-
sion computed at a single IoU threshold of 0.50, providing a more permissive measure
of detection performance. Precision quantifies the proportion of true positive detections
among all positive predictions, recall measures the proportion of true positives relative to
all ground truth instances, and the F1-score is the harmonic mean of precision and recall,
summarizing their balance in a single value. All metrics were calculated independently for
the validation and test splits to ensure an unbiased assessment of model generalization.
These metrics were based on Intersection over Union (IoU) thresholds consistent with
common benchmarking practices.

In addition to detection metrics, further regression-based analyses were conducted
to provide a deeper understanding of model performance. These included scatter plots
comparing predicted versus annotated object counts, and the calculation of regression
metrics such as coefficient of determination (R?), root mean square error (RMSE), and
mean absolute error (MAE) by comparing the number of predicted and annotated object
counts per image. This combination of classification and regression metrics enabled a
comprehensive evaluation of model accuracy, consistency, and error distribution across
varying phenological stages and lighting conditions.

Importantly, object detection models such as YOLO rely on two key threshold pa-
rameters during inference: the confidence threshold and the Intersection over Union
(IoU) threshold.

e  The confidence threshold defines the minimum probability required for the model to
consider a detected object as valid. Lower thresholds may increase sensitivity but also
introduce more false positives.

e  The IoU threshold determines the minimum overlap between a predicted bounding
box and a ground truth annotation for the prediction to be considered correct. A higher
IoU enforces stricter spatial agreement but may penalize slightly off-center detections.

Optimizing these thresholds is essential to balance detection accuracy and counting
reliability. In this analysis, we performed a grid search across five values for each parameter
(0.10, 0.25, 0.30, 0.50, and 0.75), resulting in 25 threshold combinations per model. For each
combination, we computed three regression metrics to quantify counting performance:

e Coefficient of determination (R?): reflects the consistency of predictions relative to
ground truth counts.

e  Root mean square error (RMSE): quantifies the average magnitude of prediction errors.

e  Mean absolute error (MAE): captures the average absolute deviation from ground truth.
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3. Results and Discussion
3.1. Sample Distribution Analysis

To better understand the object distribution across conditions, a descriptive statistical
analysis was performed on the number of annotated grapevine organs (inflorescences
or bunches) per image. Table 3 summarizes the key distribution metrics for each subset
corresponding to the four experimental conditions.

Table 3. Descriptive statistics of the number of inflorescences or bunches per image across experi-
mental conditions.

Subset Mean Median SD Min Max CV (%) Skew Kurt
Pre-bloom Day 7.46 7 3.74 1 18 50.15 0.61 -0.19
Pre-bloom Night 5.29 5 2.7 0 15 51.07 0.79 0.43
Fruit-set Day 8.35 8 3.52 1 16 42.12 0.16 —0.93
Fruit-set Night 7.53 7 3.7 1 17 49.15 0.81 0.16

SD: standard deviation; Min: minimum; Max: maximum; CV: coefficient of variation; Skew: skewness; Kurt: kurtosis.

The results reveal that fruit-set images tend to contain a higher number of annotated
objects per image, with mean values of 8.35 (day) and 7.53 (night). In contrast, pre-
bloom subsets, especially under night-time conditions, show lower mean object counts and
greater rightward skewness, indicating a larger proportion of images with few detectable
inflorescences. The coefficient of variation (CV) is also highest in Pre-bloom Night (51.07%),
reflecting greater relative variability. Skewness and kurtosis values suggest that most
subsets exhibit light-tailed, moderately asymmetric distributions, with Fruit-set Day being
closest to a normal distribution (kurtosis = —0.93, skewness = 0.16).

These patterns are further illustrated in the grouped histogram (Figure 5), which
reveals distinct trends in the frequency of object counts across subsets grouped into five
classes: 0-2, 3-5, 6-8, 9-11, and 12+. The distribution shows that most images from the
Fruit-set Day condition fall into the intermediate to high object count classes (6-8 and 9-11),
while Pre-bloom Night images are more concentrated in the 3-5 range.

60 Pre-bloom Day
I Pre-bloom Night
Bl Fruit-set Day
I Fruit-set Night
50

I
o

Number of images
w
o

N
1=

10

3-5 6-8 9-11
Amount of inflorescences or bunches per image

Figure 5. Grouped histogram showing the frequency of images grouped by number of annotated
inflorescences or bunches per image across the four experimental conditions. Each group of bars
corresponds to a range of object counts (0-2, 3-5, 6-8, 9-11, and 12+), with individual bars representing
pre-bloom and fruit-set stages under day and night conditions.

In contrast, the Pre-bloom Night subset shows a relatively high proportion of images
with fewer than six objects, confirming the lower mean and higher skewness previously
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observed. Conversely, fruit-set images, particularly under daylight, show more images
with high object counts, reflecting the increased visibility and compact structure of bunches
at this developmental stage.

Despite these differences, all conditions display a similar overall range, typically
between 1 and 17 objects per image, confirming that the dataset includes both sparse and
dense canopy configurations. These distributional characteristics reinforce the need for
training models on diverse image subsets, as the varying object densities and visibility
levels observed across conditions (e.g., lower object counts and higher skewness in Pre-
Bloom Night) may influence detection consistency and model generalization.

3.2. Performance of YOLOv11 Models Across Conditions

To evaluate detection performance under different phenological and lighting condi-
tions, five object detection models were trained using the YOLOv11 architecture. Four mod-
els were trained independently using images from each specific subset: Pre-bloom Day,
Pre-bloom Night, Fruit-set Day, and Fruit-set Night. In addition, a fifth model was trained
on the Combined dataset (hereafter referred to as the “Combined” model), which integrated
all images regardless of condition. This allowed us to compare both condition-specific
specialization and generalization capacity across subsets.

The results of the validation phase are presented in Table 4, which shows the detection
metrics for each model.

Table 4. Model performance on the validation dataset. Detection metrics were calculated for each
model trained on a specific subset, as well as the combined model.

Metric Pre-Bloom Day Fruit-Set Day Pre-Bloom Night  Fruit-Set Night Combined
mAP50 0.50 0.81 0.73 0.83 0.71
mAP 0.20 0.52 0.37 0.55 0.38
Precision 0.64 0.82 0.75 0.85 0.82
Recall 0.53 0.78 0.69 0.78 0.63
F1 Score 0.58 0.80 0.72 0.81 0.72

The Fruit-set Night model achieved the highest validation scores overall, with an
mAP50 of 0.83, F1 Score of 0.81, and strong balance between precision and recall. Similarly,
the Fruit-set Day model performed very well (mAP50 = 0.81, F1 = 0.80), confirming that
bunches at this stage are more easily detected, likely due to their greater size, compactness,
and visibility.

The pre-bloom models showed lower performance, particularly the Pre-bloom Day
model, which had the lowest values across all metrics (mAP = 0.20, F1 = 0.58). This is
consistent with the visual complexity and high occlusion in inflorescences under daylight
conditions. The Combined model achieved intermediate performance, showing strong
precision (0.82) but lower recall (0.63), indicating it was more conservative but less sensitive
across diverse conditions.

The performance on the test dataset (evaluating each model on new, unseen images)
is summarized in Table 5.

The test results confirm the trends observed during validation. The fruit-set models
remained the best-performing across all metrics, showing strong generalization ability.
Notably, the Fruit-set Day model achieved the highest precision (0.89), while the Fruit-set
Night model maintained high recall (0.69) and F1 score (0.76).
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Table 5. Model performance on the test dataset. Detection metrics were obtained on the unseen test
set for each trained model.

Metric Pre-Bloom Day Fruit-Set Day Pre-Bloom Night  Fruit-Set Night Combined
mAP50 0.50 0.81 0.68 0.82 0.66
mAP 0.24 0.50 0.35 0.54 0.36
Precision 0.66 0.89 0.71 0.84 0.75
Recall 0.52 0.68 0.72 0.69 0.63
F1 Score 0.58 0.77 0.71 0.76 0.68

The Pre-bloom Night model performed reasonably well in testing, with a similar F1
score (0.71) compared to validation, suggesting robustness despite lower image quality.
In contrast, the Pre-bloom Day model yielded the lowest F1 score (0.58) and mAP (0.24),
which may reflect the complexity of detecting small and partially occluded inflorescences
under heterogeneous natural illumination.

The Combined model showed a more balanced performance across conditions, but
with slightly lower recall and F1 compared to the best individual models. This suggests
that while generalist models are useful in heterogeneous environments, condition-specific
training may yield better performance in more focused applications.

The overall performance of the YOLOv11 models highlights their suitability for detect-
ing grapevine organs across heterogeneous field conditions. While some performance drop
was observed between validation and test sets, especially in the Pre-bloom Day condition,
several models maintained high F1 scores and precision values, confirming their robustness
under previously unseen scenarios. These results are in line with similar YOLO-based
applications in viticulture, where generalization is often challenged by canopy variability
and fluctuating illumination [34].

Moreover, training times remained relatively short across all models. The combined
model required approximately 23.8 min to complete training, while the condition-specific
models ranged from 9 to 12 min. This efficiency is particularly advantageous in precision
agriculture scenarios that demand rapid model updates for in-season decision making. As
noted in recent studies [38], YOLO-based models offer an effective compromise between
detection accuracy and computational cost, making them practical tools for dynamic
vineyard monitoring.

These results emphasize the relevance of selecting both the phenological stage and the
lighting conditions when implementing automated yield estimation systems in vineyards.
The superior performance of models trained on fruit-set images under daylight highlights
this stage as the most favorable window for accurate bunch detection, which can be
leveraged to support critical vineyard tasks such as early yield forecasting or selective
thinning. Conversely, the challenges observed in detecting inflorescences during pre-bloom
daylight conditions suggest that early-season monitoring may benefit from night-time
imaging or targeted lighting control.

Beyond standard detection metrics, we also aimed to evaluate the quantitative ac-
curacy of each model in estimating the number of grapevine organs (inflorescences or
bunches) per image. In practical applications, such as early yield estimation or develop-
mental monitoring, accurate object counts are often more critical than precise localization.
To this end, we conducted a regression-based analysis comparing predicted object counts
to manually annotated ground truth values.

These metrics were calculated for both the validation and test datasets to evaluate
model performance and generalization. The best-performing threshold pair for each model
was selected based on validation results, and the final outcomes for both datasets are
summarized in Table 6.
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Table 6. Optimal performance metrics (R?, RMSE, and MAE) for each model on validation and testing
datasets, based on the best combination of confidence and IoU thresholds.

Model IoU Confidence R? RMSE MAE
Validation Testing  Validation Testing Validation Testing
Pre-bloom Day 0.10 0.10 0.77 0.72 1.76 2.02 1.36 1.61
Pre-bloom Night 0.30 0.50 0.88 0.76 0.96 1.09 0.69 0.82
Fruit-set Day 0.10 0.25 0.83 0.97 1.09 0.83 0.96 0.78
Fruit-set Night 0.50 0.50 0.80 0.79 1.68 1.97 1.18 1.77
Combined 0.25 0.30 0.81 0.71 1.50 2.08 1.11 1.39

The best validation performance was achieved by the Pre-bloom Night model, with
an R? of 0.88 and the lowest error metrics (RMSE = 0.96, MAE = 0.69). The Fruit-set Day
model also performed exceptionally well (R? = 0.83, RMSE = 1.09), confirming that bunch
detection is more consistent and accurate at this developmental stage. Interestingly, even
the Combined model achieved a solid R? of 0.81 with moderate errors, indicating that joint
training across conditions did not drastically compromise counting performance.

The Pre-bloom Day model showed comparatively lower performance (R? = 0.77),
which is consistent with its weaker object detection results and the challenges associated
with detecting inflorescences under daylight. The Fruit-set Night model also presented
slightly higher RMSE and MAE values despite a respectable R?, suggesting more variability
in detection consistency.

The test results confirm the strong generalization capacity of the Fruit-set Day model,
which achieved a remarkably high R2 0f 0.97, along with the lowest RMSE and MAE values
of all models (0.83 and 0.78, respectively). This indicates that the model was able to count
bunches with high accuracy even on previously unseen images.

The Pre-bloom Night model showed stable generalization, with an R? 0f 0.76 and low
error values, consistent with its validation performance. Conversely, the Pre-bloom Day
and Fruit-set Night models experienced higher errors in the test set, possibly due to greater
variability in lighting or occlusion effects that were not fully captured during training.

The Combined model again delivered intermediate results (R? = 0.71), suggesting
that although it does not outperform specialized models in any condition, it maintains
acceptable accuracy across all environments, which may be advantageous in operational
settings with unpredictable field conditions.

The regression-based evaluation provides critical insight into the reliability of auto-
mated yield estimation during early phenological stages. The outstanding performance of
the Fruit-set Day model confirms that this stage, characterized by more compact and distin-
guishable bunches, is optimal for obtaining accurate object counts, which can be directly
translated into early-season yield forecasts. Conversely, the reduced accuracy observed
under daylight pre-bloom conditions highlights the challenges posed by inflorescence
morphology and natural illumination variability. Notably, the consistent performance
of the Pre-bloom Night model suggests that controlled lighting may serve as a practical
solution to enhance early detection.

To better understand the quantitative reliability of the models beyond aggregated
performance metrics, a regression-based scatter analysis was performed. This analysis com-
pares the number of predicted objects per image (i.e., the number of detected inflorescences
or bunches) against the manually annotated ground truth, offering a visual and statistical
assessment of estimation accuracy. These scatter plots include a linear regression trendline,
confidence intervals, and a 1:1 reference line representing perfect agreement.

This type of evaluation is particularly valuable in vineyard environments, where dense
canopy structures, partial occlusions, and lighting variability can lead to systematic over-
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or underestimation that may be masked by global metrics such as RMSE or F1 score. As
noted in [51], scatter-based regression analysis provides critical insights for agricultural
object detection tasks, especially when ground truth counts carry practical significance in
early yield estimation.

Figure 6 presents the prediction results under daylight conditions for both validation
and testing datasets. The left-hand panels show results for the pre-bloom models, while
the right-hand panels correspond to the fruit-set models.
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Figure 6. Regression-based scatter plots comparing predicted versus manually annotated inflo-
rescences (left) and bunches (right) under daylight conditions. Results are shown separately for
validation (top) and testing (bottom) datasets. The shaded area represents the confidence interval of
the linear trendline.

During validation, the inflorescence model under daylight achieved an R? of 0.77, with
an RMSE of 1.76 and MAE of 1.36. These results indicate moderate accuracy, although there
is noticeable dispersion among individual data points. In contrast, the bunch detection
model for fruit-set under daylight performed more consistently (R? = 0.76, RMSE = 1.29,
MAE = 1.16), with tighter clustering around the regression line.

In the testing dataset, performance trends were preserved. The Fruit-set Day model
showed excellent generalization, with an R? of 0.97, RMSE = 0.83, and MAE = 0.78, demon-
strating high reliability across images with different bunch densities. The Pre-bloom Day
model showed a lower generalization capacity (R? = 0.72), reflecting the known difficulty
of inflorescence detection in natural lighting and variable canopy conditions.
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Figure 7 shows the same regression analysis under night-time conditions, where
artificial LED illumination was used to normalize lighting and minimize interference from
adjacent rows.
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Figure 7. Regression-based scatter plots comparing predicted versus manually annotated inflores-
cences (left) and bunches (right) under night-time conditions. Results are shown separately for
validation (top) and testing (bottom) datasets.

Both night-time models demonstrated robust validation performance. The Pre-bloom
Night model achieved an R? of 0.88 and the lowest overall RMSE (0.96), highlighting the
benefit of controlled illumination in early-stage detection. Similarly, the Fruit-set Night
model achieved an R? of 0.80, with reasonable error margins (RMSE = 1.68, MAE = 1.18).

On the test dataset, the Pre-bloom Night model continued to perform well (R? = 0.76,
RMSE = 1.09, MAE = 0.82), while the Fruit-set Night model experienced more variability
(R? = 0.79, RMSE = 1.97), suggesting that bunch visibility under artificial lighting may vary
depending on orientation or occlusion.

Overall, the scatter plots confirm the trends observed in the quantitative evaluation
(Table 6. Most predictions align closely with the 1:1 reference line, especially in the mid-
range of object counts. Greater dispersion is observed at the extremes, typically at high
bunch densities, an expected phenomenon in agricultural detection systems with lim-
ited training examples for extreme cases [52]. However, the narrow confidence bands
in most plots reinforce the consistency and reliability of the models under both day and
night conditions.



Agriculture 2025, 15, 1495

16 of 22

A. Pre-bloom Day

These findings support the practicality of YOLOv11-based detection systems for early-
stage yield estimation in viticulture. As emphasized in [53], regression-based indicators
such as RMSE and MAE are often more informative in agricultural contexts than strict
per-object matching, especially when the ultimate goal is to estimate counts at the canopy
or plot level.

These results demonstrate the potential of deep learning models to provide accurate and
scalable estimations of reproductive structures under field conditions. The high agreement be-
tween predicted and annotated counts, particularly under night-time illumination, reinforces
the value of standardized imaging protocols for early-season vineyard monitoring.

3.3. Visual Assessment of Predictions

In addition to the quantitative metrics discussed above, a visual evaluation was
conducted to qualitatively assess the detection performance of the YOLOv11l models.
Representative test images were selected for each of the four experimental conditions (Pre-
bloom Day, Pre-bloom Night, Fruit-set Day, and Fruit-set Night) to illustrate the model’s
capacity to localize grapevine organs in real-world vineyard scenarios. Figure 8 displays
representative visual results for all four experimental conditions. Ground truth annotations
are marked with red bounding boxes, while model predictions appear in blue.

B. Pre-bloom Night

By

7

Figure 8. Visual examples of YOLOv11 detection results under all four experimental conditions.
Each panel shows one test sample representative of the (A) Pre-bloom Day, (B) Pre-bloom Night,
(C) Fruit-set Day, and (D) Fruit-set Night subsets. Red bounding boxes indicate manual annotations
(ground truth), while blue boxes represent model predictions.

Visual inspection of the samples in Figure 8 confirms that the model performs robustly
across all conditions, with particularly strong agreement observed in fruit-set images under
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daylight. In these cases, the predicted bounding boxes show excellent spatial overlap with
the manual annotations, reflecting the high precision and recall previously reported in both
detection and regression analyses.

These observations are consistent with known challenges in agricultural computer
vision. As highlighted in [54], natural vineyard environments often feature complex
canopy structures and non-uniform backgrounds, which complicate object localization. In
grapevines, these challenges are magnified during early phenological stages due to the
small size and sparse distribution of floral structures. Similar findings were reported by [15],
who noted a marked drop in detection reliability under such conditions, particularly when
occlusion from leaves or trellis wires was present.

Several strategies have been proposed to mitigate these limitations. For instance, [51]
advocates the use of 3D reconstruction and multi-angle data acquisition to improve object
visibility in complex canopies. Similarly, [55] demonstrated that integrating RGB-D sensing
and multi-object tracking significantly improves flower detection under occlusion-prone
conditions. Although our current study focuses solely on 2D RGB images, the consistency
of model predictions, especially under night-time illumination, suggests that controlled
lighting can partially compensate for these challenges.

Dataset diversity also plays a key role in model robustness. The authors of [56] found
that exposure to a wide range of canopy complexities and visibility conditions during training
significantly improved generalization. This is in line with our findings: while the combined
model did not reach the top performance scores of condition-specific models, it still achieved
consistent results across all subsets, indicating resilience in heterogeneous environments.

Opverall, this visual analysis reinforces the conclusions drawn from quantitative evalu-
ations. YOLOv11 demonstrates a strong capacity to detect grapevine inflorescences and
bunches under varying field conditions, though performance is notably influenced by
lighting and phenological stage. Future work should explore depth-enhanced imaging,
occlusion-aware labeling, and mobile multi-angle acquisition platforms to further improve
detection robustness and deployment potential in precision viticulture.

The visual evaluation of detection outcomes highlights the practical relevance of de-
ploying object detection models in diverse vineyard conditions. The ability to correctly
identify grapevine inflorescences and bunches, even in complex canopy environments, is
essential for tasks such as early yield estimation, selective thinning, and spatial variability
analysis. In particular, the effectiveness observed under artificial night-time illumination
offers promising avenues for routine scouting during low-light hours, minimizing op-
erational disruption. Furthermore, the variable performance across phenological stages
reinforces the need to align phenotyping strategies with crop development cycles, tailoring
technological solutions to the specific challenges of each stage.

3.4. Optimal Detection Conditions

After evaluating multiple models under diverse experimental conditions, this section
aims to synthesize all detection and regression results to determine the most reliable
scenarios for detecting grapevine inflorescences and bunches. The five models developed,
each trained under specific lighting and phenological conditions, plus a combined model,
have been assessed using both object detection metrics (mAP, precision, recall, and F1
score) and regression-based analysis (RZ, RMSE, and MAE), providing a comprehensive
framework for identifying optimal detection strategies in vineyard environments.

3.4.1. Influence of Phenological Stage

Across all models and conditions, bunch detection at the fruit-set stage proved more
robust and accurate than inflorescence detection during pre-bloom. This was reflected in
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consistently higher F1 scores, lower RMSE and MAE values, and tighter clustering around
the ideal regression line. For instance, the best fruit-set model (Fruit-set Day) achieved an
RMSE of 0.83 and MAE of 0.78, whereas the best pre-bloom model (Pre-bloom Night) had
higher errors (RMSE = 1.09, MAE = 0.82).

Among the models targeting pre-bloom detection, the Pre-bloom Night model consis-
tently outperformed its daytime counterpart. It achieved the highest R? during validation
(0.88) and maintained strong generalization in testing (R% = 0.76, RMSE = 1.09, MAE = 0.82),
alongside solid detection metrics (F1 = 0.72 in validation; 0.71 in testing). The improved
performance under night-time conditions can be attributed to the uniform artificial illumi-
nation, which reduces visual noise and enhances the visibility of small, low-contrast floral
structures. These findings align with previous studies in vineyard environments, where
night-time imaging with artificial lighting has consistently improved detection accuracy
of early-stage reproductive structures due to enhanced contrast and reduced background
interference [4,28,57].

In contrast, the Pre-bloom Day model yielded the lowest overall performance across
nearly all indicators (R? = 0.72 in test, F1 = 0.58, RMSE = 2.02, MAE = 1.61). Several factors
may explain this outcome, including increased occlusions, variable natural lighting, and
the inherent morphological complexity of inflorescences at this stage. Additionally, images
captured under daylight were often taken at closer range, occasionally including elements
from adjacent rows or trellis structures within the frame. This may have introduced
background clutter and reduced the visual separation between the target structures and
their surroundings, subtly impacting the model’s detection capabilities.

3.4.2. Influence of Illumination Conditions

In terms of lighting, the effect varied depending on the phenological stage. For inflo-
rescences, night-time imaging clearly improved detection outcomes. As discussed above,
the Pre-bloom Night model outperformed the Pre-bloom Day model across all metrics. The
uniformity of artificial lighting and reduced visual noise appear to be key factors enabling
better visibility and localization of small floral structures under night conditions.

In contrast, for bunch detection during the fruit-set stage, the best-performing
model was Fruit-set Day. It achieved exceptional test performance (R? = 0.97, F1 = 0.77,
precision = 0.89, RMSE = 0.83, MAE = 0.78), outperforming all other configurations. The
validation metrics were also high (R% = 0.83, RMSE = 1.09, MAE = 0.96), indicating excellent
model calibration and generalization. Interestingly, this result contrasts with the expec-
tation that night-time imaging would yield better quality due to controlled illumination.
However, it is plausible that the greater structural definition and size of developing bunches,
combined with favorable natural daylight, enabled more effective detection during the
day. This outcome is consistent with findings from previous work suggesting that the
benefits of artificial illumination become less pronounced as target structures grow in size
and contrast, allowing natural daylight to offer comparable or even superior detection
conditions under certain phenological stages [40,51].

The Fruit-set Night model, while still effective, showed slightly lower regression and
detection scores (R2 =0.79 in test, F1 = 0.76, RMSE = 1.97, MAE = 1.77) and more variability
in high-density regions. These results suggest that while night-time lighting enhances
performance in challenging early phenological stages, daylight may be sufficient or even
advantageous in later stages when bunches are larger and more visible.

The model trained on the full dataset, combining all conditions, showed intermediate
performance across all metrics. It did not outperform any of the condition-specific models,
but still delivered acceptable accuracy in both validation (R? = 0.80, F1 = 0.72, RMSE = 1.5,
MAE =1.11) and testing (R% =0.71, F1 = 0.68, RMSE = 2.08, MAE = 1.39). This model may
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be suitable in operational scenarios where environmental variability is high and phenolog-
ical uniformity cannot be ensured. Nevertheless, when conditions can be standardized,
specialized models clearly provide superior results for both detection and counting tasks.

Therefore, the most reliable scenario for detecting grapevine reproductive structures
varies depending on the developmental stage. For inflorescence detection during pre-
bloom, the use of night-time artificial illumination provides the highest accuracy, likely due
to improved contrast and reduced background interference. In contrast, for bunch detection
at the fruit-set stage, daylight imaging yields superior results, benefiting from the larger and
more defined morphology of bunches under favorable natural light. These findings suggest
that Pre-bloom Night and Fruit-set Day represent the optimal acquisition conditions for
early-stage monitoring, balancing detection precision and operational feasibility under
field conditions.

Future research should aim to increase robustness and adaptability across diverse
field scenarios. Key directions include maintaining a fixed camera-to-canopy distance,
avoiding the inclusion of adjacent rows to reduce visual clutter, and refining optical settings
to improve depth separation in daylight images. Additionally, it will be important to
assess detection performance without prior defoliation, expand data acquisition to multiple
cultivars and phenological windows, and evaluate model transferability to other vineyard
architectures and growing seasons. While the dataset was curated to ensure representation
across cultivars, phenological stages, and illumination conditions, its size and balance
remain constrained by the practical challenges of field acquisition. These aspects should be
considered when interpreting the results and motivate future efforts toward expanding
and further homogenizing the dataset.

Future work should focus on expanding the dataset to enhance model generalization
and balance across conditions, particularly in underrepresented scenarios such as night-
time fruit-set. Increasing the number of annotated images per condition and including a
wider diversity of cultivars, vineyard layouts, and lighting environments will improve the
robustness and applicability of the models. In addition, the proposed approach could be
extended to predict harvest yield by integrating morphological descriptors with empirical
models that relate these traits to final weight. This would allow early-stage estimations
of yield potential based on visual organ detection. From an applied perspective, further
steps are needed to integrate this method into vineyard management systems. These may
include coupling the detection algorithm with georeferenced imaging platforms (e.g., UAVs
or tractor-mounted systems), incorporating outputs into spatial decision support tools, and
validating performance under operational field conditions.

4. Conclusions

This study presents a robust deep learning-based approach for detecting grapevine
inflorescences and bunches at early developmental stages under real field conditions. The
methodology relies on YOLOv11 models trained on RGB images acquired across two
phenological stages (pre-bloom and fruit-set) and under contrasting illumination scenarios
(natural daylight and night-time artificial lighting).

The results demonstrate that the phenological stage is a critical factor, with bunch
detection at fruit-set consistently outperforming inflorescence detection at pre-bloom. The
greater size and structural definition of bunches during fruit-set enable more reliable
identification, supporting the use of this stage for early yield forecasting. Illumination
conditions also played a key role. While daylight imaging was sufficient for fruit-set
detection, artificial night-time lighting substantially improved accuracy in pre-bloom
images by providing homogeneous illumination and reducing visual interference. These
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findings suggest that the combination of fruit-set stage and daylight is optimal for bunch
detection, while pre-bloom detection benefits from night-time acquisition.

Beyond detection metrics, this work highlights the practical potential of integrating
early-stage organ detection into vineyard management workflows. The ability to estimate
yield months in advance enables timely decisions regarding crop thinning, irrigation
scheduling, and harvest logistics. These early interventions contribute to more sustainable,
efficient, and data-driven viticulture practices.
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