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Abstract. The global rose cultivation industry has experienced contin-
ued expansion in recent years. There has been a set of value evalua-
tion criteria covering multiple dimensions for roses. However, the evalu-
ations are mainly conducted by human experts after harvesting, which
is time-consuming and labor-intensive. 3D computer vision technologies
are promising to automate the process before harvesting, but the lack
of large-scale datasets with localization annotations that capture plant
architecture hinders the progress. To bridge this gap, we propose Rose-
tum3D, which is a large-scale 3D vision dataset for preharvest roses.
The dataset is constructed via occlusion-robust multi-view RGB-D cap-
ture protocols in commercial greenhouses. We provide fine-grained 2D
localization labels using bounding boxes and botanically defined key-
points, and then obtain the 3D structures recovered through depth back-
projection. Rosetum3D contains 21,114 images and 46,848 annotated
rose objects. Models trained on Rosetum3D have achieved 2D /3D rose
localization, which is a crucial step for automated preharvest quality
grading and growth monitoring. Beyond localization, Rosetum3D serves
as a benchmark for agricultural vision tasks, including 2D rose object
detection, local feature matching, depth estimation, and instance re-
identification. By enabling data-driven precision agriculture, Rosetum3D
paves the way for robotic harvesting systems and Al-driven yield pre-
diction in protected cultivation. The dataset are available at https:
//huggingface.co/datasets/WaterMelon2333/Rosetum3D/tree/main.

Keywords: Rosetum3D - Preharvest rose localization - Dataset for com-
puter vision tasks

1 Introduction

The global rose industry has witnessed substantial expansion in recent years,
precipitated by escalating demand for both ornamental and commercial appli-
cations. Nowadays, there has been a set of value evaluation criteria covering
multiple dimensions for roses, including the number of petals, the shape of the
flower, the length of the stem, etc. Meanwhile, the evaluation of these criteria
is predominantly conducted by human experts after harvesting, which requires
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Fig. 1: Illustration of the collection procedure of Rosetum3D. The data collectors walk
parallel to the plant rows at a constant speed and take RGB-D sequences of the pre-
harvest roses. After collection, the annotators mark the bounding boxes and keypoints
on the 2D images, and the annotations are backprojected to the 3D space to compute
the 3D coordinates. The 3D keypoints are shown in the top-right corner.

more time and manpower. As a result, it is valuable to automate the process
before harvesting, and 3D computer vision technologies provide a promising so-
lution. However, existing flower datasets mainly focus on variety classification
and 2D object detection |]§|,7 which is helpless for locating the preharvest roses
in 3D space and measuring the length of the stem.

To address this gap, this paper introduces Rosetum3D, a dataset curated
using structured-light RGB-D cameras deployed in operational rose greenhouses,
the data collection process is as illustrated in Fig. [I] and some examples of
images are shown in the Supplementary Materials. Structured-light sensors are
prioritized over alternative 3D sensing modalities, such as LiDAR, owing to their
cost-effectiveness and robustness under typical greenhouse lighting conditions.
Multi-view RGB-D sequences are captured across a heterogeneous range of rose
varieties and growth stages, ensuring comprehensive representation of variations
in plant geometry and occlusion patterns.

Despite significant advances in 3D vision, existing public datasets, includ-
ing KITTT , nuScenes , ScanNet , and SUN RGB-D , predomi-
nantly target autonomous driving or indoor scenes. In these contexts, LIDAR or
photogrammetric 3D reconstructions facilitate direct annotations within point
clouds or triangular meshes. Conversely, these methodologies are inadequate
within rose cultivation settings as a consequence of severe inter-plant occlu-
sions, the morphological fragility of petals prone to deformation, and highly
variable lighting conditions. Consequently, the semantic annotations for Rose-
tum3D are produced via a hybrid 2D-to-3D pipeline. Initially, 2D bounding boxes
and semantic keypoints, encompassing the corolla center, sepal-pedicel junction,
stem-pedicel transition, and soil-emergence point, are manually labeled on RGB
images. These 2D primitives are subsequently back-projected into 3D space uti-
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lizing depth maps derived from synchronized RGB-D frames. This methodology
circumvents the requirement for error-prone 3D reconstruction while maintaining
geometric consistency across multiple viewpoints.

Parallel to the introduction of the Rosetum3D dataset, this study bench-
marks existing computer vision models across several tasks, including 2D object
detection, 2D keypoint localization, monocular depth estimation, local feature
matching, and instance re-identification. Leveraging these tasks, this work pro-
poses a novel model for 3D rose localization, which establishes a robust baseline
for future research.

In summary, the contributions of this work are as follows:

— The introduction of Rosetum3D, the first large-scale 3D visual dataset specif-
ically developed for rose cultivation scenarios, featuring synchronized multi-
view RGB-D sequences and semantic 2D/3D labels (including bounding
boxes and keypoints) for unharvested roses.

— A comprehensive empirical evaluation demonstrating that Rosetum3D estab-
lishes a novel benchmark for various vision tasks, spanning 2D object detec-
tion, 2D keypoint localization, local feature matching, plant re-identification,
and depth estimation within occluded agricultural environments.

— The development of a novel method for identifying the 3D location of pre-
harvested roses, leveraging fundamental vision models.

2 Related Work

2.1 3D Vision Dataset

The acquisition of accurate depth supervision remains a cornerstone of 3D com-
puter vision, given that monocular images inherently lack intrinsic depth infor-
mation. Consequently, 3D datasets typically integrate specialized sensors, such
as LIDAR and RGB-D cameras, to capture high-fidelity ground-truth geometry.
This reliance on specific sensors has precipitated the development of domain-
specific dataset paradigms.

Indoor scene datasets primarily leverage RGB-D sensors to facilitate dense
depth estimation. The NYU Depth Dataset V2 [38] provides aligned RGB-D
frames, facilitating 3D segmentation and object recognition. Building upon these
efforts, the SUN RGB-D Dataset [39] comprises over 10,000 RGB-D images an-
notated with 146,617 2D polygons and 58,657 3D bounding boxes, thereby sup-
porting the classification, detection, and semantic segmentation of indoor scenes.
ScanNet [11] represented a significant advancement in indoor reconstruction,
featuring over 1,500 scenes and 2.5 million views, which support tasks such as
camera pose estimation, surface reconstruction, and semantic instance segmen-
tation. Its enhanced successor, ScanNet++ [47], provides further improvements
in data quality and visual diversity, optimizing it for novel view synthesis and
holistic 3D understanding. Additionally, complementary efforts include motion-
capture-driven human datasets, such as Human3.6M [22|, which provide precise
3D keypoints for articulated poses.
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Outdoor scenes, particularly those focused on autonomous driving, pre-
dominantly utilize LiDAR for long-range depth acquisition. The seminal KITTI
dataset [19], featuring multi-sensor data (stereo cameras, LiDAR, GPS) col-
lected from vehicle-mounted platforms, functions as a standard benchmark for
stereo matching, optical flow, odometry, and integrated 2D /3D object detection
and tracking. Despite KITTI’s foundational role, subsequent large-scale datasets
have emerged; specifically, nuScenes [2}/18|, comprises 1,000 driving scenes across
Boston and Singapore, incorporating 23-class 3D bounding boxes. Furthermore,
PandaSet [43] provides over 48,000 camera images and 16,000 LiDAR sweeps
with comprehensive 28-class detection and 37-class segmentation labels.

2.2 3D Vision in Agriculture

Contrasting with general indoor and outdoor environments, agricultural applica-
tions encounter unique challenges, namely small object scales, severe occlusions,
and variable lighting, which necessitate diverse sensor strategies.

There have been several 3D vision datasets in agriculture scenes. For
example, Plant3D [7H9] contains a total of 714 3D laser scans of tomato, tobacco,
sorghum, and Arabidopsis plants obtained within a 20-to-30-day developmental
window. However, these 3D models lack chromatic information. The ROSE-X
dataset [14] comprises 3D models of 11 rosebush plants acquired through X-ray
computed tomography. Within these volumetric models, the voxels are catego-
rized into three semantic classes: leaf, stem, and flower. Pheno4D [35] constitutes
a dataset of 3D point clouds representing seven maize plants and seven tomato
plants. These plants are scanned using a laser scanner at various growth stages,
yielding a total of 244 point clouds. Of these, 126 specimens are manually an-
notated with semantic and instance-level labels. The Soybean-MVS dataset [41]
diverges significantly from previous works in terms of data acquisition modal-
ity. The plants are imaged using an RGB camera within a controlled setup,
subsequently generating point clouds through multi-view stereo (MVS) recon-
struction. The Crops3D dataset [52] integrates terrestrial laser scanning with
structured light, fused via structure-from-motion (SfM) and multi-view stereo
(MVS), to reconstruct eight crop types under field conditions.

When it comes to the recognition models, Xiao et al. [44] utilize drone-
based cross-orbit imaging to reconstruct organ-scale 3D models of crops spanning
sugar beet and wheat. PlantGaussian [37] utilizes 3D Gaussian splatting for the
spatio-temporal reconstruction of wheat and tobacco within both indoor and
outdoor settings.

Despite these advances, large-scale 3D datasets remain scarce in the agricul-
tural sector compared to general indoor and outdoor domains. Existing datasets
and methodologies often focus on small-scale reconstruction or demonstrate lim-
ited efficacy in environments characterized by significant occlusion. Critically,
there is a notable absence of large-scale, dedicated datasets for floriculture ap-
plications, particularly rose cultivation, where intricate botanical structures and
dense foliage necessitate specialized 3D representation. This study addresses this
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lacuna by introducing a large-scale, occlusion-robust dataset tailored to rose phe-
notyping and robotic harvesting.

3 Rosetum3D Dataset

This section provides a comprehensive overview of the Rosetum3D dataset, fo-
cusing on its construction, specifically the data collection protocol, annotation
methodology, and associated statistics.

3.1 Data Collection

Data Collection Equipment The Orbbec Gemini 335L [31] or 336L [32]
are employed to collect RGB-D sequences; these sensing units are stereo vision
3D cameras that integrate active and passive stereo technologies to facilitate
operation under diverse indoor and outdoor conditions. The sensor is mounted
to the chest via a shoulder strap and interfaced with an Android smartphone
or tablet computer, as shown in Fig. 2] enabling synchronized depth and color
acquisition at a frequency of 30 Hz. Both depth and color frames are captured
at a resolution of 1280 x 800 pixels. Automatic white balance and auto exposure
are enabled by default.

Calibration Accurate camera calibration is essential to reproduce the 3D loca-
tions of the roses reliably. Following the protocol established in ScanNet [11], a
checkerboard pattern is utilized for calibration. The operator records an RGB-D
sequence of the pattern placed on a large, flat surface, capturing views across
various distances. Subsequently, a calibration procedure derived from existing
methods [13|42], is executed to obtain intrinsic parameters for both depth and
color sensors, along with the extrinsic transformation matrix aligning depth to
color.

Data Collection RGB-D data collection is conducted in operational rose green-
houses, adhering to a systematic protocol to ensure temporal consistency and
the coverage of diverse growth stages. As illustrated in Fig.[I} operators maintain
a trajectory parallel to the plant rows at a constant speed of 0.3-0.5 m/s, pre-
serving a fixed distance of 0.8-1.2 m from the roses during data acquisition. The
camera orientation is fixed at a tilt angle of downward from the horizontal plane
to optimize the capture of both upper floral regions and lower stem structures.

3.2 Data Annotation

The annotation pipeline utilizes a structured approach modeled after human pose
estimation keypoint frameworks, refined to characterize the specific morphology
of preharvested roses. Each rose instance is subjected to manual 2D annotation
followed by automated 3D reconstruction.
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Corolla Center
Sepal-Pedicel Junction
Additional Inter-Point 1
Stem-Pedicel Transition
Additional Inter-Point 2

Median Point
Additional Inter-Point 3

Additional Inter-Point 4

Soil-Emergence Point

Fig. 3: Illustration of 2D Annotation. The
main 5 points are as described in the main
body. Besides those 5 points, we design
4 additional inter-points as follows: Addi-
tional Inter-Point 1 is the midpoint be-
tween Sepal-Pedicel Junction and Stem-
Pedicel Transition; Additional Inter-Point

Fig.2: Illustration of the data 2 is the midpoint between Stem-Pedicel

collection equipment. We fix the Transition and Median Point; Additional

RGB-D sensor to the chest with a Inter-Point 8 and Additional Inter-Point

shoulder strap and attach it to an are the upper and lower third points be-

Android smartphone. tween Median Point and Soil-Emergence
Point.

2D Annotation Annotators initially define a bounding box enclosing the com-
plete rose specimen within the RGB frames. Subsequently, the following five
biologically significant keypoints are manually annotated:

— Corolla Center: The geometric centroid of the floral corolla, identifying
the visual center of the flower.

— Sepal-Pedicel Junction: The specific point where the basal whorl of sepals
converges at the proximal terminus of the pedicel, marking the flower-to-stem
connection.

— Stem-Pedicel Transition: The locus where the primary stem diameter
undergoes a significant reduction, transitioning to the flower stalk.

— Median Point: The spatial midpoint along the vertical axis of the complete
above-ground botanical structure.

— Soil-Emergence Point: The precise coordinate where the plant stem ini-
tially penetrates the soil surface, also referred to as the crown interface.

In addition to these five primary landmarks, auxiliary points are annotated
between distant keypoints to facilitate reliable spatial interpolation, as detailed
in Fig. [3] During the annotation procedure, visually occluded points are flagged
with an "invisible" attribute; consequently, such points are excluded from subse-
quent accuracy evaluations. Furthermore, rose objects with dimensions smaller
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Table 1: Data Statistics of Annotation Validation.

Error(cm) 0.00 - 0.15 0.15 - 0.30 0.30 - 0.45
Num(instance) 85 45 7

than 32 x 32 pixels are excluded from annotation owing to the impracticality of
keypoint measurement at minor scales, adhering to the established data quality
protocol.

3D Reconstruction Utilizing synchronized depth maps from RGB-D frames,
all 2D keypoints are projected back into 3D camera coordinates via standard
perspective geometry:

Psp =K ' [u,v,1]" - D(u,v), (1)

where K denotes the camera intrinsic matrix, (u,v) the 2D keypoint position,
and D(u,v) the corresponding depth value.

Annotation Validation To verify that the inter-keypoint distances of rose
stems, derived from 2D annotations and depth backprojection, correspond to
physical measurements, supplementary RGB-D sequences are captured during
data acquisition. Each sequence featured a calibration tape measure positioned
parallel to the primary stem axis at distances ranging from 0.5 to 1.0 m from
the camera, guaranteeing the clear visibility of metric markings. Representative
examples of these RGB images are provided in Fig. [l Adhering to the standard
annotation protocol, two precise 10 cm interval ticks are annotated on each
tape. The 3D Euclidean distance between these coordinates is computed via
depth-based backprojection. Results demonstrate a mean absolute error (MAE)
of 0.14 ¢cm across 137 measurements; specific details are itemized in Table [T}
This outcome validates the efficacy of the annotation framework in maintaining
the precision of the Rosetum3D labels.

3.3 Data Statistics

In total, 20 scenes are collected, featuring a diverse array of rose varieties. The re-
sulting dataset includes 46,848 rose objects characterized by 2D bounding boxes
and comprehensive 2D /3D keypoint annotations. The dataset is partitioned into
17 scenes for training and 3 scenes for testing; comprehensive dataset statistics
are itemized in Table 2] Furthermore, a comparative analysis between Rose-
tum3D and existing public 3D vision datasets is presented in Table

4 Tasks and Benchmarks

Rosetum3D functions as a multi-task benchmark for agricultural perception chal-
lenges, encompassing: (1) 2D object detection, (2) 2D rose keypoint localization,
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Fig. 4: Some samples of annotation validation with tape measures.

Table 2: Data Statistics of the Rosetum3D dataset.

Set  Scenes Images Objects Keypoints Visible-k Occluded-k Invisible-k

Train 17 17,924 40,759 366,831 281,779 1,758 83,294
Test 3 3,190 6,089 54,801 42,728 610 11,463

Total 20 21,114 46,848 421,632 324,507 2,368 94,757

Table 3: Comparison between Rosetum3D and Other Public 3D Vision Datasets,
including NYU Depth V2 , SUN RGB-D , ScanNet , ScanNet++ , Hu-
man3.6M , KITTI , nuScenes , and PandaSet .

Dataset Year  Scene Type Size Acquisition Method Modality

NYU Depth V2 2012 Indoor scenes 0.5k scenes RGB-D sensor RGB-D

SUN RGB-D 2015 Indoor scenes 10k images RGB-D sensor RGB-D
ScanNet 2017 Indoor scenes 2,500k frames RGB-D sensor RGB-D
ScanNet++ 2023 Indoor scenes  3,000k+ frames RGB-D sensor RGB-D
Human3.6M 2014 Human 3,600k frames Multi-view RGB + MoCap RGB + 3D keypoints
KITTI 2012 Vehicle (driving) 200k frames Stereo RGB + LiDAR + GPS RGB + LiDAR
nuScenes 2019 Vehicle (driving) 1,400k frames RGB + LiDAR + Radar RGB + LiDAR + Radar
PandaSet 2021 Vehicle (driving) | Gﬁgﬁg’ﬁ{g?‘wﬁm RGB + LiDAR RGB + LiDAR
Rosetum3D 20k+ images & .
(ours) 2026  Rose scenes 20k-+ depth maps RGB-D sensor RGB-D + 3D keypoints

(3) depth estimation, (4) local feature matching, (5) instance re-identification,
and (6) 3D rose keypoint localization. Regarding the last five tasks, experiments
are performed utilizing existing methods, with comparative results tabulated
accordingly. For the 3D rose keypoint localization task, we design two meth-
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Table 4: Experimental 2D object detection results on the Rosetum3D dataset.

Algorithm Backbone AP APs9 AP75 APv AP
Faster R-CNN [34] ResNet50  31.0 66.8 24.7 13.1 32.1
DETR |3] ResNet50 33.0 66.5 28.8 14.2 34.3
YOLOVS5 |28] CSPDarkNet53 35.0 67.1 32.4 19.1 35.9
RT-DETR |50] ResNet50 33.6 64.8 30.7 13.8 34.7

Table 5: Experimental 2D rose keypoint localization results on the Rosetum3D
dataset. All top-down methods utilize a YOLOv5 detector, which achieves the best
results in Table 4l DEKR' is an internal design inspired by recent decoupled keypoint
regression strategies [20|. [talic indicates the best results without extra information.
Bold indicates the best results by introducing extra information (the ground-truth
detection boxes).

Method Backbone  Detector AP APs50 AP75 AR AR50 AR7s

Top-down RTMPose |23] CSPNeXt-L YOLOv) 16.6 452 8.6 27.1 54.9 22.9
Ground Truth 37.2 82.2 289 48.0 86.5 44.4

Top-down ViTPose [45] ViT-L YOLOvV5 21.9 485 17.2 32.0 56.9 31.2
Ground Truth 42.1 85.8 37.2 53.6 90.7 53.7

Bottom-up YOLOXPose |29 CSPDarknet - 25.0 60.3 19.3 53.7 88.7 55.2
Bottom-up DEKR' + HRNet [40] HRNet - 24.9 57.8 18.6 439 81.2 41.8

ods in Section [5| Baselines are established using domain-relevant models, inte-
grating both general state-of-the-art architectures and agriculturally-specialized
networks, to assess performance under zero-shot and fine-tuning protocols.

4.1 2D Rose Object Detection

Several representative object detectors are evaluated on the Rosetum3D dataset
to establish a comprehensive benchmark. Evaluated models include: (1) CNN-
based detectors, such as Faster R-CNN [34] (two-stage detector), and YOLOv5 |28]
(one-stage detector); and (2) Transformer-based detectors, notably DETR [3].
Experimental results are summarized in Table [4] Following the protocols of the
MSCOCO dataset |27], evaluation indices are computed for objects of heteroge-
neous sizes. Notably, small rose objects are not annotated, given their significant
distance from the sensor, which precludes precise keypoint measurement. Con-
sequently, performance metrics APy and APy, are reported in Table [4] Here,
APy characterizes detection performance on medium-sized objects (area be-
tween 32 x 32 and 96 x 96 pixels), while APy, assesses performance on large
objects (area > 96 x 96 pixels).

4.2 2D Rose Keypoint Localization

To establish a benchmark for 2D rose keypoint localization, the proposed dataset
is evaluated using the MMPose framework [10]. Several high-performing archi-
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Original Image Ground Truth RTMPose ViTPose YOLOXPose DEKR + HRNet

Fig. 5: Comparison of 2D Rose Localization Results. The evaluation encompasses two
top-down approaches (RTMPose and ViTPose ) and two bottom-up approaches
(DEKR + HRNet and YOLOXPose [29])

tectures originally developed for human pose estimation were adapted for the
rose target, including: (1) top-down approaches, such as RTMPose and ViT-
Pose . Within the top-down pipeline, all detectors leverage YOLOv5 . (2)
bottom-up approaches, notably HRNet . Experimental results are presented
in Table [5} Qualitative comparison results are illustrated in Fig. [}

Notably, the performance of top-down approaches appears inferior to that of
bottom-up methodologies (e.g., 21.9 AP for VitPose vs. 24.9 AP for DEKR
+ HRNet). This disparity is primarily attributable to detector-related con-
straints that limit top-down performance. Upon substituting detector results
with ground-truth bounding boxes, the performance of top-down approaches
exceeds that of bottom-up architectures significantly (42.1 AP vs. 24.9 AP).

4.3 Monocular Depth Estimation

Leveraging structured-light depth sensors during multi-scene data acquisition,
this study curates 33,019 precisely aligned RGB-D image pairs to establish a
comprehensive dataset for monocular depth estimation. To benchmark agricul-
tural depth perception challenges, state-of-the-art monocular depth estimation
methods are evaluated using dual protocols: zero-shot inference on pre-trained
models and fine-tuning with the designated training split. Quantitative results
across key metrics, including AbsRel, RMSE, and § < 1.25, are systematically
compared in Table [f] supplemented by qualitative comparison results illustrated
in Supplementary Materials. Experimental results demonstrate that the fine-
tuning procedure yields significant performance enhancements.

4.4 Local Feature Matching

Each scene is represented using its RGB images as the primary data source; these
are processed independently with COLMAP for 3D reconstruction, adhering
to a methodology analogous to MegaDepth . The resulting reconstructions
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Table 6: The results of the monocular depth estimation task on the Rosetum3D
dataset. For zero-shot evaluation, the models are trained on NYU Depth V2 [38] and
tested on the Rosetum3D dataset without fine-tuning.

Method Encoder Lower is better |  Higher is better 1
AbsRel RMSE log,, &1 02 03

Zero-shot

IEBins [36] Swin-Large 0.554 1.655 0.211 0.241 0.476 0.716
ZoeDepth [1] ViT-L 0.591 2.186 0.270 0.266 0.468 0.618
Depth Anything |46] ViT-L 0.498 1.092 0.163 0.373 0.664 0.831
With-Train

DPT [33] VIT-B 0.211 0.825 0.081 0.738 0.930 0.970
DepthFormer [25]  Swin-Large 0.181 0.688 0.067 0.797 0.950 0.978
BinsFormer [26| Swin-Large 0.165 0.734 0.066 0.822 0.946 0.974

Table 7: The results of the local feature matching task on Rosetum3D-1800 with zero-
shot evaluation. Measured in AUC (higher is better).

Method AUC@ — 5° 1 10° 1 20° 1

DeDoDe [16] 62.3 75.5 84.9
DKM [15| 71.1 80.6 87.5
PMatch [53] 70.7 80.9 88.0
RoMa [17] 72.3 81.4 87.8

serve as ground-truth references for feature matching. Leveraging this pipeline,
Rosetum3D-1800 is established as a benchmark comprising 1,800 image pairs
curated to facilitate the zero-shot evaluation of existing feature matching meth-
ods. Quantitative results are itemized in Table[7]and qualitative results are listed
in Supplementary Materials. All models undergo zero-shot evaluation, preserv-
ing raw outputs to maintain unbiased performance assessment. Despite being
comparable in scale to existing benchmarks, Rosetum3D-1800 presents distinct
challenges as a result of the high similarity among local features inherent in
agricultural environments.

4.5 Instance Re-Identification

Identity labels are assigned to a subset of individuals in Rosetum3D to evaluate
the performance of existing person re-identification models within the proposed
plant cultivation scenario; results are detailed in Table [§] A total of 1,923 in-
dividuals are annotated, comprising 36,712 images. The partitioning of training
and test sets adheres to the protocol used in the 2D rose object detection task.
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Table 8: The results of instance re-identification task. Given the limited number of
images per identity, we report Recall@1 and Recall@3 instead of higher-rank metrics.
“CAJ” denotes the CA-Jaccard distance. CC + CAJ is an unsupervised method.

Method backbone mAP (%) Rank-1 (%) Rank-3 (%)
OSNet [51] OSNet 758 95.5 97.9
TransRelD [21] ViT-B 80.6 95.7 96.8
SOLIDER {4 | Swin-B  80.7 96.0 97.3
CC [12]+CAJ [5]| ResNet50  70.9 93.9 96.3

5 3D Rose Localization

The primary objective of Rosetum3D is to establish a customized 3D keypoint
dataset for roses and to investigate methodologies for attaining precise 3D lo-
calization. Two methodologies are employed for 3D rose keypoint localization:
depth-inferencer-based localization and multi-frame 3D localization.

5.1 Depth-Inferencer-Based Localization

Within the depth-inferencer-based localization framework, 3D keypoints are re-
constructed by combining inferred 2D keypoints with depth estimates derived
from a depth prediction model. Evaluation is performed against ground-truth 3D
keypoint data, comprising manual annotations and corresponding ground-truth
depth maps. A top-down keypoint detection model is utilized in conjunction
with the DETR object detector; subsequently, keypoint prediction results are
evaluated on a per-instance basis. Depth inference leverages both zero-shot and
fine-tuned depth models.

In addition to utilizing predicted depth maps, this study evaluates results
obtained using ground-truth depth maps acquired from RGB-D sensors. Perfor-
mance evaluation utilizes the mean per joint position error (MPJPE) [48.49)/54],
a standard metric within human pose estimation (HPE). During the assessment,
the predicted instance with the highest confidence score is matched with its cor-
responding ground-truth instance; quantitative results are presented in Table 9]

5.2 Multi-Frame 3D Localization

Under the multi-frame framework, 3D keypoint positions for both the current
and neighboring frames are first recovered by integrating inferred 2D bounding
boxes and keypoints with depth information. Subsequently, a re-identification
(Re-ID) model is employed to match identical instances across frames based on
2D appearance cues. Finally, the matching results from adjacent frames are used
as temporal constraints to optimize the 3D positions in the current frame.
Here, the framework undergoes the following optimization: Within a three-
frame sequence, a temporal-consistency-based optimization strategy is adopted
to enhance the stability and robustness of 3D keypoints in the intervening frame.
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Table 9: 3D rose localization results obtained by integrating the 2D keypoint inference
model with the depth estimation model. Measured in MPJPE (lower is better). DEKR!
is an internal design inspired by recent decoupled keypoint regression strategies |20].
Italic indicates the best results without extra information. Bold indicates the best
results by introducing extra information (the ground-truth depth map).

2D Keypoint Inferencer Detector Depth Inferencer Encoder MPJPE(mm) |

ViTPose [45] DETR Depth Anything  ViT-L 656.9
BinsFormer  Swin-Large 647.2

Ground Truth - 556.8

RTMPose [23| DETR Depth Anything  ViT-L 650.6
BinsFormer  Swin-Large 644.5

Ground Truth - 558.4

DEKR' + HRNet [40| - Depth Anything  ViT-L 669.4
BinsFormer  Swin-Large 654.3

Ground Truth - 522.8

YOLOXPose [29] - Depth Anything  ViT-L 653.2
BinsFormer  Swin-Large 645.1

Ground Truth - 589.3

Table 10: Comparison of whether to use the multi-frame 3D localization framework.
Here we use OSNet-based [51] Re-ID model. MPJPE is reported, where lower values
indicate better performance. v and X denote whether the multi-frame framework is
used.

2D Keypoint Inferencer Detector Multi-Frame MPJPE(mm) |

ViTPose [45| DETR X 556.8
v 539.1
RTMPose [23] DETR X 558.4
v 542.2

This strategy fuses the intervening frame measurement with the priors inferred
from adjacent frames. Let the 3D keypoints of frames t—1, ¢, and t+1 be denoted
by P;_1, P;, and P;11, respectively. Initially, a temporal prior for the intervening
frame is constructed via linear interpolation:

1
Pinterp = 5 (Ptfl + PtJrl) . (2>

Subsequently, the optimized 3D position for each keypoint is computed by weighted
fusion between the intervening frame observation and the temporal prior.

The weight of the intervening frame observation is modulated by its 2D
keypoint confidence (i.e., wg = Waeptn - conf), while the temporal prior weight
is defined as a constant w; = Wiemp. The final optimized 3D keypoints are
formulated as:
det + wtjjinterp

wg + Wy '

P = (3)
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This strategy effectively suppresses significant depth errors precipitated by inac-
curate 2D localization or absent depth measurements, consequently enhancing
the temporal smoothness and accuracy of the estimated 3D keypoints.

Compared with the Depth-inferencer-based Localization method, the pro-
posed multi-frame framework achieves improved accuracy under the same 2D
inference model; however, it does not attain the best overall performance, as
shown in Table This approach is only applicable when a top-down model
is adopted as the 2D inferencer. Under our data acquisition setup (i.e., a cam-
era moving horizontally at a constant speed), the optimization process does not
account for errors introduced by changes in camera pose.

6 Conclusion

This paper introduces Rosetum3D, a pioneering large-scale RGB-D dataset de-
signed to overcome the critical data scarcity in floriculture automation by cap-
turing occlusion-heavy rose cultivation scenes across diverse varieties and growth
stages using structured-light depth sensors, which enables biologically relevant
annotations through our hybrid 2D-to-3D framework. We first manually label 2D
bounding boxes and several semantic keypoints per rose and subsequently lever-
age depth maps to reconstruct their 3D positions, achieving accurate measure-
ments. The Rosetum3D dataset establishes the first agricultural benchmark for
occlusion-invariant vision tasks, including 2D object detection, 2D /3D rose local-
ization, local feature matching, depth estimation, and instance re-identification.
We propose two different frameworks for 3D rose localization; however, the ac-
curacy errors remain relatively large, and the methods exhibit certain limita-
tions. We believe that Rosetum3D can boost the intelligence and automation of
agriculture. We will release Rosetum3D openly to bridge the computer vision
algorithms and agriculture.
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