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Abstract

In machine learning—driven plant phenotyping, well-annotated image datasets
are essential for developing robust models capable of capturing phenological vari-
ability across environments. Here, we introduce DeepPhenoTree — Apple Edition,
a multi-site, multi-variety RGB image dataset dedicated to the detection of key
phenological stages in apple trees. The dataset comprises 48,320 time-stamped
RGB images acquired across four European orchards of the Apple REFPOP con-
sortium under contrasting climatic conditions. From this large corpus, a carefully
curated subset of 808 representative images was manually annotated. It includes
241,600 expert annotations covering developmental stages from dormant bud to
fruit maturity.

Images were acquired using a standardized tractor-mounted phenotyping plat-
form equipped with active flash illumination, ensuring consistent lighting condi-
tions across sites and acquisition dates. Phenological structures were annotated
following the BBCH scale, with bounding boxes adapted to organ visibility and
developmental stage. In addition to the dataset, we provide baseline deep learning
experiments to illustrate detection performance and assess model generalization
across locations.

Keywords: Apple phenology, multi-site dataset, deep learning, RGB imaging, growth
stages, dataset paper

1 Background

Apple (Malus domestica) is a perennial crop that characterized by a succession of
phenological stages, strongly influenced by climatic variability. Accurate monitoring
of these stages is essential for orchard management, pest and disease forecasting,
irrigation scheduling, and yield prediction.

Phenological monitoring in orchards is traditionally performed through manual
field scoring based on standardized scales such as the extended Biologische Bunde-
sanstalt, Bundessortenamt et CHemische Industrie (BBCH) scale (Meier et al., 1994),
Correspondence with the historical Fleckinger scale (Fleckinger, 1948), or North
American USDA descriptors (Ferree and Warrington, 2003). While these approaches
are well established, they are time-consuming and provide limited temporal resolution.

As a result, they are poorly suited to large-scale or high-frequency phenotyping.



In recent years, advances in machine learning and computer vision have enabled
automated phenotyping approaches, particularly in annual crops. However, publicly
available image datasets for perennial crop phenotyping—especially in orchard envi-
ronments—remain limited. The scarcity is even more pronounced for datasets that
simultaneously encompass multi-site acquisitions, real-world environmental variabil-
ity, fine-grained organ-level annotations, and dense temporal monitoring.

To address these limitations, we introduce DeepPhenoTree — Apple Edition, a
multi-site RGB image dataset dedicated to apple tree phenology. The dataset was
acquired under open field conditions and annotated by experts following BBCH scale
(Meier et al., 1994). It is designed to support the development and evaluation of
computer vision models for phenological stage detection, tree-level phenotyping, and

orchard-scale analysis.

2 Construction and content

2.1 Orchard site and material

The dataset consists of RGB images acquired at multiple time points during the 2025
different phenological phases across four European apple orchards, using the same
tractor-mounted phenotyping platform.

Apple REFPOP orchard (Jung et al., 2020) is an European network, which spans
six locations in total across the European continent and represents diverse climatic
regions. Each site hosts the same Apple REFPOP core collection, comprising 534
apple genotypes, with two trees per genotype arranged in a vertically trained trel-
lis system. The network was established to support genomic and phenotypic research
on apple trees, with particular emphasis on genotype—environment interactions, cli-
mate response, genomic prediction, and cultivar evaluation. Within each orchard, two
management regimes are implemented to assess genotypic responses to contrasting

agricultural practices. One regime follows conventional regional management, while
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the second applies alternative practices, such as low-input systems. At the time of
data acquisition in 2025, trees were nine years old.

DeepPhenoTree was collected at Apple REFPOP orchards : Institute of Research
and Technology in Agro-Food in Gimenells, Spain; the Research Centre Laimburg
(RCL) in Auer, Ttaly; Agroscope in Wadenswil, Switzerland; and Better3fruit N.V. in

Aarschot, Belgium.

Fig. 1 PhenoMobile mounted on tractor at Auer, Italy, in December 2024. The platform integrates
two RGB cameras, two GNSS antennas, two flash units, and one LiDAR sensor.

Each site was equipped with a mobile tractor-based phenotyping platform, referred
to as the PhenoMobile (Fig. 1). The PhenoMobile consists of a sensor head mounted on
an adjustable pole and integrates four types of sensors: two high-resolution RGB cam-
eras arranged in a stereovision configuration, two xenon flash units, a two-dimensional
Light Detection and Ranging (LiDAR) sensor, and a dual-antenna Global Navigation
Satellite System (GNSS) receiver. A detailed technical specification of each sensor is
provided in table 1.

Data acquisition was controlled through scripted sensor activation based on a

georeferenced orchard map. This map is composed of microplots covering both sides



of the orchard rows. Each microplot corresponds to a spatial unit containing two
adjacent trees, which define the boundaries of the microplot. For each microplot, a
LiDAR point cloud was acquired, and a color image was captured at the center of the
microplot.

Color image acquisition was synchronized with flash activation within 200 us,
ensuring controlled illumination and complete visibility of the two trees within the field
of view. Flash units were configured to emit 100 J per trigger, effectively suppressing
ambient sunlight and standardizing lighting conditions across all images. As a result,
image brightness was homogenized across microplots and acquisition dates.

Due to flash recharge constraints, the tractor speed was limited around 2 km h—!.
Figure 2 illustrates the georeferenced microplot map at Italy, with the PhenoMobile
positioned at the center of each microplot during data acquisition.

Inter-row spacing varied across sites, and camera height was therefore adapted to
maximize canopy visibility, particularly in the middle canopy where apple reproductive
structures predominantly occur. Inter-row distances are 4.0 m at Spain, 2.5 m at Italy,
and 3.5 m at both Switzerland and Belgium, while inter-tree spacing ranges from 0.7
to 1.3 m depending on the location.. In Spain, Belgium, and Switzerland, inter-row
spacing was sufficiently large to capture both the trunk and upper canopy, whereas in
Italy, narrower inter-row spacing limited visibility primarily to the middle and upper
canopy.

Camera field of view (FOV) and mounting height were adjusted at each site accord-
ing to the distance between the cameras and the tractor center, as well as to ensure
optimal visibility of the two target trees. Although the FOV differed among sites,
image resolution varied accordingly, with dimensions of 3088 x 5120 pixels in Switzer-
land, 3560 x 5120 pixels in Belgium, 3656 x 5120 pixels in Spain, and 5120 x 5120

pixels in Italy.
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Table 1 List of the main sensors integrated into the PhenoMobile.

Sensor Model Number Details
Colour camera  HIKRobot MV-CH250-90GC 2 5120 (H) x 5120 (W) px =
25Mpx

Genicam interface
Electrical triggering of image
capture
Global shutter trigger
Pixel size: 2.5 ym
Focal length: 8.5 mm (FOV 77°
X 77°)

LIDAR Sick LMS 4000 LiDAR 1 Scanning frequency: 600 Hz
Operating area: 0.5 m ... 5.5 m
Opening angle: 70°

Flash Phoxene SxIP type Xenon 2 Lighting field: 80° x 50°
Adjustable energy per trigger:
20-120 J

The acquisition protocol was designed to collect data for monitoring apple tree
phenology as well as fruit growth, fruit color, quality, and health status. Based on
these objectives, data collection was organized into three main phenological periods:
flowering, fruitlet development, and fruit maturity. Together, these periods encompass
five principal BBCH growth stages: bud development (BBCH 00), inflorescence emer-
gence (BBCH 51-59), flowering (BBCH 61-69), fruit development (BBCH 71-77), and
fruit and seed maturity (BBCH 81-89).

Data were collected under open field orchard conditions. As a result, the main
sources of variability included fluctuations in ambient light due to changing weather
conditions (e.g., cloud cover) and variations in tree visibility caused by overlapping
canopies and branch movement.

The acquisition schedule was adapted to the site-specific timing of phenological
development, as climatic differences among locations resulted in asynchronous pheno-
logical responses across orchards. Phenological data acquisition depended on seasonal
timing, weather conditions, and field staff availability. Data were typically acquired on

a weekly basis, although acquisition frequency varied depending on local constraints.



The acquisition strategy was designed to ensure sufficient coverage of three key 277

278

phenological datasets: Flowering related to BBCH 00-69, Fruitlet related to BBCH 71- o7
77, and Fruit related to BBCH 81-89. During each acquisition, the PhenoMobile ;Z(l)
captured images from both sides of the tree rows under both management regimes. 282
283

Each acquisition covered the entire orchard and generated more than 2,000 images — 9gy
associated with individual microplots. ;Zg
During data acquisition, the platform control interface of PhenoMobile indicated — 287
288

sensor activation but did not provide real-time feedback on data quality. A summary  9gq
of the BBCH stages included in the dataset and the number of acquisition rides 33(1)
conducted at each location is provided in Table 2. 292
293

Table 2 Summary of orchard acquisition rides 294

per phenological period during 2025 season. 295

296

Period Location Ride Period 297

Switzerland 5 14-04 to 30-04 298

Flowering  Italy 7 02-04 to 22-04 299

Belgium 4 08-04 to 22-04 28(1)

Spain 8 24-03 to 22-04 302

Switzerland 2 25-06 to 09-07 303

Fruitlet Italy 1 11-06 304

Belgium 1 1405 305

Spain 4 27-05 to 02-07 ggg

Switzerland 3 02-08 to 26-08 308

Fruit Ttaly 10 07-08 to 01-10 309

Belgium 4 26-08 to 18-09 310

Spain 4 31-07 to 01-10 311

312

313

L L " : o 314
Illumination variability was mitigated through synchronized activation of the RGB 315
cameras and flash units. However, effective flash triggering was not guaranteed at g}g
higher vehicle speeds. Speeds exceeding 2-4 km h~! resulted in underexposed images 318
319

due to incomplete flash activation. When the flash was properly triggered, image 390
321

322



323
324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368

brightness was standardized across microplots, and background visibility beyond the
target rows was largely suppressed.

After each acquisition ride, data were downloaded and securely stored. Sensor
data associated with each microplot were compressed and stored in HDF5 format. A
single acquisition ride consisting solely of RGB images generated approximately 1 TB
of data. Due to the large data volume, data transfer from the PhenoMobile to local
servers was performed manually using SD cards, which was time-consuming.

Once stored on local servers, data were uploaded via command-line tools to a
secure virtual server hosted by the European Grid Infrastructure (EGI). Within the
virtual server, data were organized hierarchically by acquisition year, phenological
period (flowering, fruitlet, and fruit), and site. For each site, individual subdirectories

corresponded to acquisition rides and contained the associated HDF5 data files.

QQﬁZAIMBURG

RESEARCH CENTRE

® Tree A Camera direction

- Microplot Route taken ) Sensors ON OFF

Lidar camera ’—‘ Live recording
" Activation based on
- Phenoverger Direction RIS * trigger
- -

Fig. 2 Orchard map of the Apple REFPOP plot at Laimburg Research Centre. Figure a. shows data
acquisition by the PhenoMobile at the microplot level. Figure b. shows the microplots covering the
orchard, each corresponding to a pair of trees. The map illustrates the division of the orchard into
two management regimes, with Management 1 located on the right and Management 2 on the left.



2.2 Data description

Although the acquisition campaign generated 48,320 images, manual annotation of
the entire dataset was not feasible due to time and resource constraints. Therefore,
a curated subset of 808 images was selected to ensure the coverage of phenological
variability, genotypes and locations representation.

The dataset combines RGB images acquired at four FEuropean orchard sites.
Figure 3 illustrates representative images collected in Spain, spanning phenological
stages from flowering to harvest. The initial raw dataset was imbalanced both in the
number of images per site and in terms of color variability.

To reduce inter-site and intra-site color variability, a manual white-balance nor-
malization was applied to all images. Gray reference objects visible in the scenes were
used as calibration targets, including poles in Italy and Spain, small poles in Switzer-
land, and protective nets in Belgium. For each acquisition ride, a reference target
was manually selected, and a rectangular region of interest (ROI) was defined on the
target using ImageJ 1.54p (Schneider et al., 2012).

The RGB distribution within each ROI was extracted, and mean R, G, and B
values were used to compute per-channel correction factors (fr, fg, and fp), where
fr = R/G, fe = 1, and fp = B/G. These factors were applied to the full image
to match predefined reference RGB values. Because flash power was fixed during
acquisition, lighting conditions remained stable over time, enabling consistent per-ride
color normalization.

In parallel, a preprocessing step was implemented to balance the number of images
across sites, resulting in a curated dataset that is homogeneous with respect to loca-
tion. Images were selected based on genotype visibility under flash illumination and
with the objective of maximizing genotype coverage. The curated selection includes
images covering at least 15 genotypes per acquisition ride, with the aim of representing

all genotypes at least once in the final dataset.
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To limit annotation time and cost, the number of images retained per curated
dataset was deliberately restricted between 15 and 150 images per site and phenolog-

ical period, while ensuring that all sites and genotypes were represented.

’ Flowering » Fruitlet

Fruitlet » Fruit

Fig. 3 Representative images covering the three acquisition periods, captured with the PhenoMobile
in Spain.

Annotation was performed by Human-in-the-loop, a private European annotation
company, following detailed annotation guidelines developed by Université d’Angers.
These guidelines were derived from established manual phenotyping protocols used
within the Apple REFPOP framework. Figure 4 shows representatives samples of
each location with ground truth annotations.

Annotations consist of bounding boxes drawn around phenological structures
corresponding to BBCH stages, as summarized in Table 3. Figure 5 illustrates
representative BBCH stages as observed in the dataset.

In the Flowering dataset, bounding boxes individually enclose flowering from
BBCH 00 to BBCH 59. From BBCH stages 61 to 69, leaf emergence and flower

opening resulted in substantial object overlap. In these cases, annotators enclosed

10



Belgium Switzerland Italy Spain

Flowering

Fruitlet

Fruit

Fig. 4 Sample images with ground-truth bounding boxes in green.

flower clusters rather than individual organs, provided that the clusters were clearly
distinguishable from the background.

In the Fruitlet dataset, bounding boxes enclose fruit clusters for stages BBCH 71
and 72, and subsequently enclose individual fruits for stages BBCH 74 to 77. In the
Fruit dataset, fruits are annotated individually, including in cases of partial overlap.
For BBCH stages 81 to 89, fruit instances are annotated only when at least two char-
acteristic apple features—a rounded shape and characteristic coloration—are clearly

visible, either against the foliage or on the ground.
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Growth stage  Bud Inflorescence emergence

BBCH Code

BBCH Code 85  87-89

Images

Fig. 5 Phenological growth stages and corresponding BBCH codes of pome fruit observed in images
acquired in Switzerland and Spain.

The label schema and the definition of the annotation unit for each dataset are
summarized in Table 4.

Quality control was performed in two stages. During the initial annotation phase,
30% of the images from each location were manually reviewed to assess annotation
consistency. Feedback and corrections were provided to ensure that the guidelines were
correctly understood and applied. After validation of the annotation procedure, the
remaining 70% of the dataset was annotated and subsequently manually re-checked.

Final annotations consist of bounding boxes associated with each detected object.
Labels are stored in YOLO format as class_id x_center y_center width height,
with coordinates normalized by image width and height. A summary of the dataset
composition, including the number of images and annotated bounding boxes per
location, is provided in Table 5. The overall experimental and technical workflow is
illustrated in Figure 7.

The dataset described in Table 5 is publicly available through the DATA INRAE

repository Metuarea et al. (2026) (will be open after acceptance). The corresponding

12



Table 3 BBCH stages (Meier et al., 1994) included in each dataset.

Dataset Principal growth stage BBCH
Code Description Code Description
0 Bud development 00 Dormancy
51 Inflorescence buds swelling
53 Bud burst
54 Mouse-ear stage
5 Inflorescence emergence 56 Green bud stage
Flowering 57 Pink bud stage
59 Most flowers with petals
forming a hollow ball
61 About 10% of flowers open
65 Full flowering : at least 50%
6 Flowering of flowers open
67 Flowers fading
69 All petals fallen
71 Fruit size up to 10mm
Fruitlet 7 Development 72 Fruit size up to 20mm
of fruit 74 Fruit size up to 40mm
7 Fruit about 70% of final size
81 Beginning of ripening
Fruit 8 Maturity of 85 Advanced ripening
fruit and seed 87-89 Fruit ripe

Table 4 Label schema and annotation unit definition. All annotations use a single YOLO class.

Class ID Class name Subset

Annotated instance definition

0 item Flowering

Bounding box around a visible phenological

structure. From BBCH 00-59, items are
annotated individually when separable; from

BBCH 61-69, annotators enclose a cluster of flowers

when individual organs overlap.

0 item Fruitlet

BBCH 71-72: bounding boxes enclose

fruit clusters; BBCH 74-77:
fruits are annotated individually.

0 item Fruit

Individual mature fruits are annotated

(regardless of size) when the

rounded fruit contour is

clearly visible.
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599 Table 5 Synthesis of dataset per location during 2025 season.

600

601 Raw data Curated data
602 Dataset Location Images Bounding Images Bounding
603 box box
604 Switzerland 98 13383 94 12985
282 Flowering  Italy 135 21181 94 14815
607 Belgium 94 17824 94 17824
608 Spain 186 44733 94 24832
609 Switzerland 90 7620 56 5038
610 Fruitlet Ttaly 56 6499 56 6499
g}; Belgium 63 10230 56 9387
613 Spain 248 42296 56 8988
614 Switzerland 52 2538 52 2538
615 Fruit Italy 120 6596 52 4284
616 Belgium 107 14327 52 9618
g}; Spain 189 37883 52 20996
619

620 Digital Object Identifier (DOI) is https://doi.org/10.57745/NORPF1. The overall file
g;; structure of the repository is summarized in Figure 6.

623

624 Data Repository

625 |- Dataset.zip Compressed dataset folder (Flowering, Fruitlet, Fruit)

626 images Folder containing colour images

627 Etrain Folder containing colour images in train set

628 val Folder containing colour images in val set

629 labels Folder containing bounding box coordinates per site

630 Etrain Folder containing labels in train set

631 val Folder containing labels in val set

632 I— Flowering.csv Synthesis table of data in flowering dataset

633 I— Fruitlet.csv Synthesis table of data in fruitlet dataset

634 — Fruit.csv Synthesis table of data in fruit dataset

635 L— Readme.md General information on the data

636

637

638 Fig. 6 Data repository structure in the DATA INRAE repository, DOI: https://doi.org/10.57745/
639 NORPF1 (the data set will be open upon acceptance) .

640
641

642 This dataset is proposed to be positioned within the context of existing literature

643
644 on orchard imaging datasets. In order to position our dataset relative to existing

14
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datasets, we comparatively assess previously published datasets and highlight their
main limitations.

Most publicly available datasets related to apple orchards focus primarily on the
fruit ripening stage (Miranda, 2024; Gené-Mola et al., 2020; Chu et al., 2023; Johanson
et al., 2024; Héni et al., 2020; Gené-Mola et al., 2019; Bargoti and Underwood, 2017;
Sun et al., 2021; James et al., 2024; Yuan, 2024; Koirala et al., 2019; Santos et al.,
2020; Gremes et al., 2023; Yuan, 2024). These datasets are mainly designed to address
fruit detection, counting, or tracking tasks in orchard environments. In particular,
they emphasize robustness to occlusion of fruits (Chu et al., 2023), detection of small
fruits under low-contrast conditions (Johanson et al., 2024), low contrast imagery
(Gremes et al., 2023), or variability in illumination and complex backgrounds (Héni
et al., 2020).

In most cases, the images capture only portions of the tree rather than the entire
canopy. Moreover, these datasets are not explicitly intended for detailed biological
or phenological analysis, as they typically rely on low-resolution imagery and uncon-
trolled lighting conditions. More recently, von Hirschhausen et al. (2025) introduced a
dataset that includes temporal BBCH tracking and apple counting under real orchard
conditions, with a slightly broader BBCH coverage (stages 0 to 9). However, the lack
of controlled illumination in this dataset limits fine-scale visual analysis at the organ
level and restricts phenological assessment primarily to coarse tree-level stages.

Overall, the widespread use of low-resolution images and uncontrolled lighting
conditions in existing orchard datasets substantially limits their suitability for fine-
grained phenological phenotyping. A summary of the key characteristics of publicly

available fruit datasets is provided in Table 6.
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691 1 — Field acquisition

692 a. REFPOP sites c. Mobile phenotyping platform
693
694
695
696
697
698
699
700 b. Georeferenced microplot map at Laimburg Research Centre
701
702
703
704
705

706 ] _
707 2 — Curation & preprocessing

Two GNSS
antennas

Xenon flash

Two color cameras

One Lidar sensor

Xenon flash

708 a. Individual site white b. Dataset balancing &
709 balance normalization selection

710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727 Fig. 7 Experimental and technical workflow of the DeepPhenoTree—Apple Edition dataset.
728
729
730
731
732 sition under controlled lighting conditions, covering the main developmental stages

733
734 of apple trees as summarized in Table 3. This design enables detailed observation

735
736

186

135

3 — Annotation & release
a. Annotation b. Annotation QC c. Export & repository release

Quality check

In contrast, the proposed dataset is characterized by high-resolution image acqui-



of phenological transitions, including early developmental stages, and supports the
extraction of precise morphological and visual traits.

In addition, the multi-site acquisition protocol allows the assessment of model
robustness across locations and environmental conditions. Each site includes a high
level of genetic diversity, comprising more than 534 genotypes distributed across mul-
tiple locations throughout the European continent. Together, these features provide
a robust framework for longitudinal and comparative phenotyping studies.

The multi-site design further enables the analysis of phenological traits across

diverse genotypes under four distinct soil and climatic conditions.

3 Utility and discussion

This section evaluates the practical utility of the DeepPhenoTree—Apple Edition
dataset for automated phenological analysis. We first establish a baseline performance
for phenological object detection to quantify its immediate applicability. We then
explore broader research opportunities enabled by the dataset, particularly in the

context of fine-grained phenotyping and cross-site generalization.

3.1 Baseline: phenological object detection

We provide a coarse baseline in which BBCH sub-stages are merged into broader
phenological categories; however, the released annotations retain sufficient detail to
support future fine-grained BBCH sub-stage modeling. Each dataset enables the
development of automated detection of phenological stages within an image, without
explicitly distinguishing individual BBCH sub-stages at inference time.

Real-Time Detection Transformer (RT-DETR) architecture proposed by Zhao
et al. (2023), which has been shown to outperform You Only Look Once (YOLO)-
based detectors in terms of average precision. Prior to training, images from the

combined training and validation sets were divided into smaller tiles of 640 x 640
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Table 6 Fruit dataset comparison considering image resolution, lighting conditions, BBCH stage
coverage, varietal diversity, and country coverage. The symbol “—” indicates that the corresponding
information is not reported in the referenced study.

Reference Fruit High CL BBCH Multi- Multi-
Reso- Varty Ctry
lution

DeepPhenoTree - Apple Yes Yes 00-89 Yes Yes

Apple Edition (Our)

von Hirschhausen et al. Apple Yes No 00-91 - No

(2025)

Miranda (2024) Apple No No 87-89 Yes No

Gené-Mola et al. (2020) Apple No No 87-89 Single No

Chu et al. (2023) Apple No No 87-89 - No

Johanson et al. (2024) Apple No No 87-89 - No

Héni et al. (2020) Apple No No 87-89 - No

Gené-Mola et al. (2019) Apple No No 87-89 Single No

Bargoti and Underwood Apple No No 87-89 Yes No

(2017)

Mango No

Almond No

Sun et al. (2021) Apple No No 65 - No
Peach No

James et al. (2024) Citrus No No 87-89 - No

Yuan (2024) Peach No Yes 81-89 - No

Koirala et al. (2019) Mango No No 81-89 - No

Santos et al. (2020) Grape No No 81-89 Yes No

Gremes et al. (2023) Orange No No 81-89 — No

Yuan (2024) Apple No No 51-69 - No

CL: Controlled Light; Multi-Varty: Multi-variety; Multi-Ctry: Multi-Country.

pixels with 30% overlapping, strides equal to 448 pixels and filtering of tiles without
annotation. Given the high spatial resolution of the original images, each tile preserves
sufficient visual detail to capture phenological structures.

Visual inspection of the training data revealed substantial variability in object
appearance, including differences in color, illumination, spatial position, and degrees
of occlusion. To increase robustness to this variability, data augmentation techniques
were applied during training, including color transformations in HSV space, mosaic

augmentation, horizontal and vertical flipping, translation, scaling, and rotation.
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The RT-DETR Zhao et al. (2023) is an end-to-end real-time object detector based
on a Transformer architecture. It combines a convolutional neural network back-
bone with a hybrid encoder to extract multi-scale features while incorporating global
contextual information. A Transformer decoder then processes a fixed set of object
queries, each corresponding to a potential object instance. During training, predicted
objects are matched to ground-truth annotations using Hungarian assignment.

In this study, RT-DETR is used as a baseline detection framework. For each object
query, the model predicts a bounding box (z, y, w, h), an object class, and a confidence
score. Training relies on global bipartite matching using the Hungarian algorithm,
with a loss composed of classification, L; bounding box regression, and IoU-based
localization terms, following the original implementation.

The model was trained for a maximum of 100 epochs on a subset of the dataset,
using a batch size of 8. Data loading was accelerated using eight worker threads.
Optimization was performed using the Adam optimizer with an initial learning rate
of 1 x 1074, combined with a final learning rate factor of 0.01 to progressively reduce
the learning rate and stabilize convergence. A weight decay of 0.05 was applied to
regularize the model and mitigate overfitting.

Early stopping was implemented with a patience of 10 epochs, such that training
was automatically terminated if no improvement was observed for 10 consecutive
epochs following the best-performing model. For evaluation, the trained model was
combined with the Slicing Aided Hyper Inference (SAHI) framework (Akyon et al.,
2022) to perform object detection on full-resolution images, enabling performance
assessment at the image level. We used SAHI with a 640x640 sliding window and a
0.4x0.4 overlap, then merged the detections using GreedyNMS.

Detection performance on the test set was quantified using Average Precision (AP),

which jointly accounts for precision (the proportion of correct predictions among all
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predicted bounding boxes) and recall (the proportion of ground-truth objects cor-
rectly detected). We report AP at an Intersection over Union (IoU) threshold of 0.5
(AP@O.5), as well as mean AP computed across IoU thresholds from 0.5 to 0.95
in increments of 0.05 (AP@[0.5:0.95]). Experiments were conducted with Python
3.10.18, PyTorch 2.7.1, SAHI 0.11.36, and Ultralytics 8.3.214 on 4x NVIDIA
H100 GPUs. For practical usability, the trained models were embedded into a napari
plugin DeepPhenoTree (https://napari-hub.org/plugins/deepphenotree), providing
an end-to-end framework for model inference. In addition, we provide representative
test images for flowering, fruitlet, and fruit stages from each acquisition site.

This experiment does not aim to propose a new detection architecture, but to
establish a reference benchmark for object detection on the DeepPhenoTree—Apple
Edition dataset. In particular, a reference benchmark for the detection of all BBCH 00-
69 merged into Flowering; all BBCH 71-77 into Fruitlet and all BBCH 81-89 into Fruit.
As a result, each bounding box corresponds to a phenological object instance (flower,
fruitlet, or fruit), without distinguishing its exact BBCH sub-stage. This simplified
setup allows the benchmark to assess object detectability and visual consistency across
phenological phases, while leaving fine-grained BBCH classification to future studies.

The results reported in Table 7 primarily reflect intrinsic differences in visual com-
plexity among phenological stages rather than limitations of the detection model itself.
For fruit detection, performance is most stable at Belgium, with low variability across
all evaluation metrics and the highest average mAP@Q.5. Italy achieves the strongest
localization performance, yielding the highest mean mAP@0.5:0.95. In contrast, Spain
exhibits lower recall and reduced mAP values, indicating more challenging detection
conditions. Switzerland shows intermediate but consistent performance across folds,
with limited variability and balanced precision-recall behavior.

Overall, fruitlet detection demonstrates robust performance and good general-

ization across locations. Precision and recall are consistently high across sites, with
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Table 7 Average performance of trained RT-DETR on test set for each dataset. Standard
deviation is applied on 5-fold.

Dataset Location Precision Recall mAPQ@.5 mAP®@.5:.95
Overall (4 sites) 0.69 & 0.01 0.58 £0.02 0.65 = 0.02 0.37 £ 0.02
Switzerland 0.73+0.02 0.60+£0.04 0.68+£0.03 0.40£0.04
Flowering  Belgium 0.72+£0.02 0.63+0.03 0.69+0.03 0.40+0.03
Spain 0.66 £0.01 0.53+0.05 0.60+0.03 0.30+0.02
Italy 0.69£0.04 0.614+0.03 0.67+£0.04 0.4040.04
Overall (4 sites) 0.85 +£0.02 0.73 £0.02 0.82 +£0.02 0.53 £ 0.01
Switzerland 0.86 £0.04 0.78+0.04 0.84+0.06 0.56+0.04
Fruitlet Belgium 0.83 £0.03 0.65 £0.04 0.77 £ 0.04 0.52+0.14
Spain 0.86 £0.02 0.724+0.03 0.81+£0.03 0.5240.03
Italy 0.88+0.01 0.80+0.01 0.88+0.01 0.61+0.01
Overall (4 sites) 0.87 £0.01 0.79 £0.01 0.86 £ 0.01 0.57 £ 0.01
Switzerland 0.86 £0.03 0.80+0.02 0.87+£0.02 0.59£0.01
Fruit Belgium 0.90£0.01 0.844+0.01 0.90+£0.01 0.63+0.02
Spain 0.86 £0.02 0.754+0.02 0.84+0.02 0.514+0.03
Italy 0.88£0.02 0.844+0.03 0.90£0.02 0.66 &+ 0.02

Overall (4 sites) denotes the aggregated evaluation across the four experimental sites (Switzerland,
Belgium, Spain, and Italy).

mAP@Q.5 values ranging from 0.77 to 0.88 depending on the location. This stability
can be attributed to the relatively homogeneous morphology and improved visibility
of fruitlets, which is further reflected in sustained performance at stricter localization
thresholds, as indicated by high mAP@0.5:0.95 values.

In contrast, flowering stage detection is more challenging, as evidenced by a
pronounced drop between mAP@(0.5 and mAP@Q0.5:0.95, indicating difficulties in
accurately localizing detected objects. This degradation is particularly pronounced
at certain sites, notably Spain with mAP@0.5 equal to 0.60 and mAP@0.5:0.95
equal to 0.30 in means. Flowering structures are highly context-dependent: flowers
often appear partially occluded, clustered, and visually intertwined with surrounding
foliage, branches, and background elements. Their appearance also varies substantially

with respect to color, illumination, and phenological progression.
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By comparison, fruitlet and fruit detection are more object-centric tasks. These
structures exhibit more compact and homogeneous morphologies, clearer boundaries,
and improved visual separability from the background, facilitating more consistent
localization across acquisition conditions. Collectively, these observations indicate that
the dataset is well suited for fruitlet and fruit detection using standard object detection
approaches, whereas flowering stage detection likely requires more advanced strategies
to better capture visual and phenological variability, such as multi-scale learning as
introduced in Liu et al. (2025); Aldubaikhi (2025), domain adaptation as explored by
Mohamadi (2024); Yao et al. (2025), or segmentation-based methods as proposed by
Li et al. (2023).

Furthermore, figure 8 presents qualitative examples comparing ground-truth anno-
tations and RT-DETR predictions across the three dataset (Flowering, Fruitlet, and
Fruit). For the Flowering dataset, flowers are accurately detected with good spatial
alignment to the ground truth. A similar behavior is observed for the Fruitlet sub-
set, where fruitlets are consistently and correctly localized. In the Fruit subset, fruits
are reliably detected both on the trees and on the ground, demonstrating the model’s

ability to generalize across varying spatial configurations and object contexts.
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RT-DETR

Flowering

Fruitlet

Fig. 8 Illustration of ground truth annotations and predicted bounding boxes in each dataset.

Bounding box in red (resp. green) means predicted (resp. ground truth) bounding box

Figure 9,10 and 11 provide a qualitative analysis of representative detection out-
comes across the three dataset (Flowering, Fruitlet, Fruit), highlighting intrinsic
ambiguities in the annotations and challenging visual patterns present in the dataset.

In particular, figure 11-b shows the presence of fruitlets within the Fruit subset. The
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1059 acquisition dates were determined by agronomic experts to capture periods where the

1060
1061 majority of genotypes reached a similar phenological stage. However, due to intrinsic

1823 differences in developmental dynamics between genotypes, slight phenological asyn-

1064 chronies may occur within the same acquisition session. Consequently, images acquired
1822 at a given time point may contain trees exhibiting minor stage shifts relative to the
1067
1068
1069 validity of the dataset.
1070
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1092 Fig. 9 Qualitative analysis in flowering dataset showing several sources of discrepancy : (a) flu-

majority. This variability reflects realistic field conditions and enhances the ecological

1093 orescence emergence during flowering leads to systematic over-detection, as these visual cues are
1094
1095

1096 remain undetected due to their small size and low visual contrast; and (c) buds are correctly detected

consistently detected by the model but not annotated in the ground truth; (b) some annotated buds

1097 by the model but not seen by manual annotator. Color : ground truth in green, prediction in red.
1098
1099
1100
1101
1102
1103
1104
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Fig. 10 Qualitative analysis in fruitlet dataset showing challenges for fruit detection : over-detections
arise from unannotated fruitlets (a), while strong spatial overlap between foliage and fruitlets, as well

as fruitlet—fruitlet interactions (b). Color :

Fig. 11 Qualitative analysis in fruit dataset : severe fruit—foliage overlap (a); the presence of fruitlets
within the Fruit subset (b) indicating phenological asynchrony between genotypes. We notice some

detections of background fruits not included in the ground-truth annotations (c). Color : ground truth

in green, prediction in red.

ground truth in green, prediction in red.
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1151 3.2 Exploring Research Trends

1152

ﬂgi Beyond BBCH stage recognition, the DeepPhenoTree—Apple Edition dataset supports
1155 a wide range of emerging research directions in computer vision—based orchard phe-
1156
1157
ﬂgg dense temporal sampling, and multi-site acquisition makes it particularly well suited
1160 for investigating model robustness, generalization, and biological relevance.

1161
1162
ﬂgi studies, allowing researchers to quantify how phenological models trained under one
1165 set of climatic and agronomic conditions perform when applied to different orchard
1166
1167
ﬂgg environments vary widely in climate, training systems, canopy architecture, and
1170 background complexity. In this respect, the Apple REFPOP network design further
1171
1172
ﬂ;i Second, the dataset provides a foundation for temporal phenology modeling,
1175 in which sequential observations of the same genotypes across BBCH stages can be
1176
1177
ﬂ;g logical transitions, estimate developmental rates, or align phenological timelines across
1180 sites, for example by combining object detection outputs with time-series models or
1181
1182

1183 Third, DeepPhenoTree-Apple Edition is well suited for multi-task and rep-
1184

1185 resentation learning approaches, where a single model jointly addresses multiple

11
1123 phenotyping tasks such as phenological stage detection, organ counting, size estima-

1188 tion, or visual trait extraction (e.g., color and shape descriptors). The availability
1189

1190 of fine-grained annotations across both early and late developmental stages is par-
1191
1192
1193 fruit-centric datasets.
1194

1195

1196

notyping. Its combination of high-resolution RGB imagery, controlled illumination,

First, the dataset enables cross-site and cross-environment generalization

contexts. This remains a key challenge for operational phenotyping systems, as orchard

supports genotype-by-environment interaction analyses based on vision-derived traits.

exploited to model phenological dynamics. Such approaches may aim to predict pheno-

biologically informed constraints.

ticularly valuable for learning transferable visual representations that extend beyond
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Finally, the dataset can serve as a reference benchmark for annotation-efficient
learning strategies, including semi-supervised learning, weak supervision, and
active learning. Given the high cost and expertise required for phenological annota-
tion, such strategies are essential for scaling phenotyping pipelines to larger spatial and
temporal domains. By providing a curated, diverse, and openly accessible dataset, this
work aims to foster methodological advances at the interface between plant science

and computer vision.

4 Future extensions and perspectives

The current release of DeepPhenoTree—Apple Edition has been designed as a modular
phenotyping resource that can be incrementally enriched in subsequent releases. A first
axis of extension concerns phenological annotation refinement. While the dataset
already supports phenology-oriented analyses, future work may provide additional
expert-derived BBCH labels at increased granularity (e.g., finer macro-/micro-stage
delineations) and harmonization guidelines across sites and seasons. Such refinements
would strengthen biological interpretability, enable more consistent longitudinal com-
parisons, and facilitate methodological benchmarking. Comparable phenology-focused
resources and stage-recognition pipelines have recently been developed in other fruit
systems, including grapevine growth-stage recognition at BBCH micro-levels and
curated image datasets for viticulture Schieck et al. (2023), as well as phenology-
labelled detection/segmentation benchmarks in berry crops such as raspberry Jafary
et al. (2024).

A second major direction is the integration of 3D sensing and multimodal
RGB-3D learning. The availability of complementary LiDAR acquisitions offers
the possibility to release co-registered point clouds (or derived structural descriptors)
alongside RGB imagery, thereby enabling the extraction of architectural traits (e.g.,

crown volume, branch-related descriptors) and more robust inference under occlusion.
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1243 Recent work in orchard phenotyping illustrates the value of fusing LiDAR geometry
1244

1245 With colour information to quantify canopy and floral traits at scale in pear and apple
1246
1247
1248 shown to correlate with key biophysical variables such as leaf area across pome-fruit
1249

1250 orchards and vineyards, supporting the biological relevance of 3D structural measure-
1251
1252
1253 scope of DeepPhenoTree—Apple Edition beyond 2D phenological recognition toward
1254

1255 integrated structural-functional phenotyping.

1256
1257
1258 incorporating auxiliary data layers (when available) would support genotype-by-
1259

1260 environment analyses, quantify inter-annual phenological plasticity, and improve
1261
1262
1263 developments in other perennial fruit systems, including multi-view fruit detec-

1264
1265 tion/tracking for yield estimation in commercial citrus orchards Santos et al.

orchards Xia et al. (2025). In addition, LiDAR-derived canopy descriptors have been

ments Sanz et al. (2018). Making such 3D information available would broaden the

Finally, extending the dataset over multiple growing seasons and potentially

model robustness under climatic variability. This perspective is aligned with ongoing

ggg (2023), and UAV-driven phenology/health/yield modelling frameworks developed for

1268 mango orchards Afsar et al. (2025). Altogether, these envisioned extensions position
1269

1270 DeepPheno Tree—Apple Edition as an evolving benchmark that can progressively inte-
1271
1272
1273 the interface between agronomy, plant science, and computer vision.

1274

1275

1276 5 Conclusion

1277

1278

1279 This data paper introduces DeepPhenoTree — Apple Edition, a large-scale, multi-site,
1280
1281
1282 ing key BBCH stages from dormancy to fruit maturity under controlled illumination
1283

1284 and real orchard conditions, the dataset fills an important gap in publicly available
1285
1286
1287
1288

grate richer phenological, structural, and temporal information, fostering advances at

and expertly annotated RGB dataset dedicated to apple tree phenology. By cover-

resources for perennial crop phenotyping.

28



The dataset is distinguished by its high spatial resolution, standardized acquisition
protocol, and genetic and environmental diversity across four European countries. The
inclusion of baseline deep learning experiments demonstrates its immediate usability
for phenological stage recognition while highlighting remaining challenges related to
occlusion, inter-site variability, and class imbalance.

Beyond the baseline results, DeepPhenoTree — Apple FEdition is intended as a
long-term reference resource for developing robust, biologically meaningful, and trans-
ferable computer vision models in orchards. It supports a wide range of applications,
from phenology monitoring and yield-related trait extraction to genotype evaluation
and climate adaptation studies.

By making this dataset openly available, we aim to foster reproducibility, cross-
study comparisons, and interdisciplinary collaboration between plant scientists,
agronomists, and computer vision researchers. Future extensions may include addi-
tional years, modalities (e.g., LIDAR or multispectral data), and phenological traits,
further strengthening the role of vision-based phenotyping in sustainable orchard

management.
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