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Abstract

Automated and selective harvesting of fruits is increasingly vital due to high costs and seasonal labor shortages especially in
advanced economies. This paper focuses on 6D pose estimation of strawberries using purely synthetic data generated through a
procedural pipeline for photorealistic rendering. We employ the single-shot YOLOX-6D-Pose algorithm that leverages the YOLOX
backbone (i.e., a specific deep convolution network that extracts hierarchical image features used for object detection), known for its
balance between speed and accuracy, and support for edge inference. To address the lacking availability of training data, we present
a flexible pipeline for generating realistic synthetic data from various 3D strawberry models via the procedural Blender pipeline,
enhancing its value for training pose estimation algorithms. Quantitative evaluations show YOLOX-6D-Pose algorithm achieve
comparable accuracy on both the NVIDIA RTX 3090 and Jetson Orin Nano, measured by several ADD-S metrics, which measure
6D object pose estimation accuracy by computing the average closest-point distance between model points under predicted and
ground-truth poses (for symmetric objects) and evaluating it against chosen thresholds. The RTX 3090 offers superior processing
speed, while the Jetson Orin Nano is ideal for resource-constrained environments, suitable for agricultural robotics. Qualitative
results confirm the model’s ability to accurately infer poses of ripe and partially ripe strawberries, though challenges remain with
unripe specimens. This indicates potential for future enhancements, particularly in detecting unripe strawberries by exploring
color variations. The methodology can also be adapted for other fruits like apples, peaches, and plums, broadening its impact in
agricultural automation.

1. Introduction

In the rapidly advancing world of smart farming, the use of
robotic systems is revolutionizing fruit harvesting (Duckett et
al., 2018). These cutting-edge technologies enhance production
quality by automating various steps during harvesting. With
their ability to perform selective color picking, robots can effi-
ciently identify and harvest only the ripest fruits, ensuring that
consumers receive fruits of better quality. Operating continu-
ously, these systems boost efficiency and reduce reliance on
seasonal labor, leading to significant cost savings for agricul-
tural operations. Their agile design and user-friendly interfaces
make them easy to operate, allowing farmers to integrate them
smoothly into existing workflows. Hence, the selective harvest-
ing of fruits through robotic technology offers a promising solu-
tion to the societal and economic issues related to agricultural
labor shortages especially in advanced economies, supporting
the long-term viability and resilience of farming.

Strawberries rank among the most popular fruits globally, with
the strawberry industry’s annual retail value surpassing $17 bil-
lion (Parsa et al., 2023). However, the economic sustainability
of this sector is jeopardized by substantial labor costs, which ex-
ceed $1 billion (Parsa et al., 2023) dedicated solely to the select-
ive harvesting process each year. Thereby, strawberries offer
significant commercial value in the agricultural sector. How-
ever, their harvesting remains a labor-intensive process, with
labor costs accounting for approximately 40% of total produc-
tion expenses (Li and Kasaei, 2024). The reliance on seasonal
labor in strawberry harvesting leads to increased costs and chal-
lenges, especially during peak seasons when labor shortages are

common. The COVID-19 pandemic has further highlighted the
urgent need for automated solutions that can improve efficiency
and reduce costs in the strawberry market. Hence, there is a
need for automated harvesting of strawberries. Companies like
Organifarms (Organifarms, 2025) and Tevel (Tevel, 2025) are
actively developing automated technologies for picking various
fruits, including strawberries, plums, apricots, etc. Most ex-
isting robotic vision methods for strawberry picking utilize a
2D to 3D transformation approach (Organifarms, 2025, Tevel,
2025, Montoya-Cavero et al., 2022). These methods typically
employ either traditional image processing algorithms or ma-
chine learning techniques to first determine the 2D coordinates
of strawberries in an image. This data is then correlated with
depth information from specialized depth sensors to create ap-
proximate 3D coordinates. However, despite advancements in
designing fault-tolerant end-effectors, the overall performance
of these robotic systems remains suboptimal due to the incom-
plete 3D pose information of the target strawberries. A com-
prehensive understanding of the 6 degrees of freedom (6DoF)
pose of each strawberry is crucial for a robotic arm to effect-
ively and safely separate the target fruit especially in a highly
cluttered environment. The detection and picking of strawber-
ries is challenging due to their varying shapes and colors. Addi-
tionally, the assessment of their ripeness can be inaccurate and
many ripe strawberries may not become correctly detected as
ripe fruits. This variability complicates the harvesting process,
making it difficult for robotic systems to effectively identify and
select the optimal fruit. Synthetic data generation can help us
simulate these environments for effective pose estimation.
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Figure 1. Pipeline for generating synthetic data and then training on it for 6D pose estimation (utilizing the YOLO-6D-Pose (Maji et
al., 2024) model) of strawberries. The trained model can also be used for inference on edge devices.

A recent approach using synthetic data generation (Li and Ka-
saei, 2024) enables the detection of poses through simulation
software that explicitly models strawberry scenes. However,
the dataset generation process does not simulate different back-
grounds or distractors in a scene limiting robustness in real-
world, heterogeneous settings. It also omits any exploration of
edge-AI optimizations and evaluations—crucial for resource-
constrained robotic platforms. Inspired by this approach, we
utilize 3D strawberry models with various shapes and colors,
placing them in the scene using BlenderProc (Denninger et al.,
2023), a procedural pipeline that is free and accessible to the
community. This choice enhances our ability to simulate real-
istic strawberry appearance. Furthermore building on physics-
based body simulation, we can accurately position the objects
within the scene, allowing for more effective training of our
model, while also introducing scene complexity in terms of
adding occluding distractor objects. Additionally, we integ-
rate the recent YOLOX 6D pose single-shot (Maji et al., 2024)
model, which improves the detection capabilities for our spe-
cific application. Furthermore, we support inference on edge
devices, specifically the Jetson Orin Nano, and rigorously eval-
uate our results on these platforms. This aspect sets our ap-
proach apart, as to the best of our knowledge no previous stud-
ies utilizing synthetic data for pose estimation of strawber-
ries have addressed the performance of their models on edge
devices. By demonstrating the feasibility of running our model
on such hardware, we enhance the practicality and accessibility
of our solution in real-world agricultural settings. This focus
on edge device compatibility helps in developing efficient and
deployable technologies for strawberry harvesting on robotic
system which often have limited GPU resources. In light of
these advancements, the main contributions of this paper are as
follows:

• We present a collection of digitized 3D models of straw-
berries that are specifically designed (various colors and
shapes) for synthetic data generation. These models can
serve as a foundational resource for developing more ac-
curate and realistic datasets for training pose estimation
algorithms.

• We introduce a procedural pipeline (see Figure 1) utilizing
BlenderProc (Denninger et al., 2023) to generate synthetic
data based solely on various strawberry models. This ap-
proach not only facilitates the creation of diverse datasets
but also allows for easy extensions, such as incorporating
different types of distractors and varying environmental
conditions to enhance the realism of the simulations. Our
6D strawberry pose synthetic dataset can be accessed un-
der following link: strawberry-6D-pose-synthetic-dataset

• Our methodology includes support for inference on edge
devices, specifically the Jetson Orin Nano. We provide a

thorough evaluation of the model’s performance on these
platforms, demonstrating its practicality and efficiency for
real-time applications in agricultural settings. Inference on
edge devices enables deployment across a variety of ro-
botic systems, which typically operate with limited com-
putational resources.

2. Related works

Monocular 6D pose estimation can be categorized into two
primary approaches. One approach involves directly regress-
ing the final 6D pose, while the other relies on establishing
2D-3D correspondences using techniques such as onthe Ran-
dom Sample Consensus (RANSAC) based Perspective-n-Point
(PnP) algorithm. Both methodologies can incorporate refine-
ment techniques to enhance the accuracy of the initially estim-
ated pose.

Indirect pose estimation approaches: The most widely ad-
opted approach for 6D pose estimation involves establishing
2D-3D correspondences prior to applying the RANSAC-based
PnP algorithm to solve for the pose (Rad and Lepetit, 2017,
Tekin et al., 2018, Peng et al., 2019, Hu et al., 2019). Initial
methods (Rad and Lepetit, 2017, Tekin et al., 2018) focused on
computing 2D projections of the corners of a 3D bounding box,
which serves as a foundational step in the pose estimation pro-
cess. Subsequently, Peng et al. (Peng et al., 2019) highlighted
an important aspect of pose estimation by demonstrating that
utilizing keypoints positioned away from the object’s surface
can lead to significant errors in the pose estimation results. To
address this issue, they proposed a method that samples mul-
tiple keypoints directly on the object model, thereby improving
the accuracy of the estimates. To further enhance the robustness
of the pose estimation process segmentation techniques com-
bined with a voting mechanism for each correspondence (Peng
et al., 2019, Hu et al., 2019). This approach helps ensure that
the estimated pose is less sensitive to noise and inaccuracies in
the detected keypoints.

Direct pose estimation approaches: Indirect pose estimation
approaches cannot be applied for many tasks which require the
pose estimation to be differentiable (Wang et al., 2020b) and
this issue is addressed by employing direct pose estimation ap-
proaches. Direct pose estimation methods focus on directly
regressing a representation of the 6D pose. The single Shot
Detector (SSD) framework by Liu et al. (Liu et al., 2016) was
extended by Kehl et al. (Kehl et al., 2017) to estimate the 6D
object pose by discretizations of the pose space and employ-
ing a classification approach instead of traditional regression
methods. PoseCNN (Xiang et al., 2018) exemplifies a straight-
forward approach to 6D pose estimation using a convolutional
neural network (CNN). It takes a different approach by regress-
ing depth information, the projected 2D center, and a quaternion
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for each region of interest within a custom detection pipeline.
This method incorporates a Hough voting layer to accurately
localize the object’s center within the image. DeepIM (Li et
al., 2018) introduced an innovative iterative refinement tech-
nique that regresses the difference between the pose hypothesis
rendered image and the actual input image. This approach
aims to improve the accuracy of pose estimation by continu-
ally adjusting the pose based on the discrepancies observed.
CosyPose (Labbé et al., 2020) further enhances the DeepIM
framework by incorporating a continuous rotation parameteriz-
ation and leveraging more modern neural network architectures,
thereby improving the robustness and accuracy of pose estim-
ation. EfficientPose (Bukschat and Vetter, 2020) proposed an
enhancement to the EfficientDet (Tan et al., 2020) object de-
tection model to facilitate pose estimation. GDR-Net (Wang et
al., 2021) further enhances 6D pose estimation by addressing
the limitations of both indirect and direct regression methods,
ultimately proposing the Geometry-guided Direct Regression
Network (GDR-Net) for improved performance. However, this
method faces challenges due to the lack of proper parameteriz-
ation for the pose parameters. Additionally, the reliance on the
vanilla ADD(S) loss function, combined with aggressive scale
augmentation techniques, can lead to instability during train-
ing, particularly when applied to large datasets such as YCB-
V (Xiang et al., 2018). This challenge is effectively addressed
by the YOLO-6D-Pose (Maji et al., 2024), which not only im-
proves robustness but also supports inference on edge devices
through the use of the small or tiny backbone of YOLOX. Con-
sequently, we have chosen this method for estimating the 6D
pose of strawberries.

Pose estimation for agricultural robotics: In the realm of
agricultural robotics, particularly in fruit picking, various 2D
detection methods have been deployed effectively. For in-
stance, the YOLO-v4 model has been applied to detect cherry
fruits (Gai et al., 2023), successfully addressing challenges
posed by environmental factors such as shadows and achiev-
ing superior performance compared to the standard YOLO-v4
model. Additionally, the YOLO-v4 model has proven effect-
ive for detecting oranges (Mirhaji et al., 2021) and multiple
fruit types simultaneously (Dexiao et al., 2021). Recently, ad-
vancements have been made with the introduction of YOLOv9
and YOLOv10 models for real-time detection of strawberry
stalks (Meng et al., 2025). However, all of these methods rely
on 2D detection techniques, which often necessitate a 3D trans-
formation scheme. A more recent approach has employed syn-
thetic data alongside a YOLO-based architecture for the pose
estimation of strawberries (Li and Kasaei, 2024). However, this
method is focused on strawberries positioned within a specific
scene and the provided data does not contain 3D data and re-
spective annotations. To effectively simulate diverse real-world
environments, it is essential to utilize physics-based body sim-
ulations in conjunction with various distractors, backgrounds,
and scenes. To overcome these challenges, we employ different
strawberry models along with a procedural rendering pipeline
from BlenderProc. This pipeline not only facilitates the cre-
ation of realistic simulations but can also be utilized by the
community for further development. Additionally, we plan to
release our models and the dataset used for this study to to con-
tribute to ongoing research and advancements in this field.

3. Methodology

In the following sections, we will detail the methodology em-
ployed for synthetic data generation and pose estimation (see

Figure 2. Blending the noise texture with a gradient texture
along with slight tint of yellow enhances the strawberry’s color

by emphasizing variations at the top (left) and transitioning from
red to a subtle yellow hue (middle). Finally, some subsurface
scattering is applied to get the final output (right). The leaves

were modified and a stem was also added (bottom).

Figure 1). This includes an overview of the techniques used to
create realistic strawberry models and the implementation of the
YOLO-6D-Pose network (Maji et al., 2024) for accurate pose
estimation from RGB images.

3.1 Synthetic data generation

In this section, we describe our workflow for synthetic data gen-
eration utilizing 3D digitization techniques and simulation us-
ing procedural pipelines.

3D digitization: We used a base model created by a de-
signer and freely available under a CC-BY license from Sketch-
fab (de Arte, 2025). In our approach, we initiated various modi-
fications to make the rendering of the strawberries more real-
istic to bridge the reality gap with real strawberries and allow
a better generalization to data captured in the wild. First, we
utilized Blender’s built-in procedural Perlin Noise texture to in-
troduce a less uniform appearance to the red colour of the straw-
berry’s surface. This effect was achieved by first subtracting the
Noise texture from a Gradient Texture. The blending was de-
signed such that the noise is more pronounced at the upper por-
tion of the strawberry, simulating the natural variations found in
real fruit. Finally, this modified texture was employed to blend
the vibrant red hue with a subtle yellow (see Figure 2) tint to
have more variations in the hue using the “add” blend mode.
Furthermore, we also modified the leaves to better reflect the
variance encountered for real-world strawberries by manually
changing the mesh giving them more random directions. We
did this by using Blenders proportional editing, which allows
one to edit meshes or polygons so that nearby ones are also af-
fected. This effect tapers off with the distance to the original
selections which makes our leaves more natural. Additionally,
we added a stem, which is just a simple cylinder with a nat-
ural curve and some added irregularities (see Figure 2). It uses
the same texture as the leaves. To create different strawberries
with variations in shape, we used proportional editing again to
slightly change the shape of each strawberry (see Figure 3).

Simulation for dataset generation: The six strawberry mod-
els (see Figure 3) were utilized in a simulation process using
Blender’s procedural pipeline, known as BlenderProc (Den-
ninger et al., 2023). This method enabled the generation of real-
istic synthetic strawberry data under a variety of lighting condi-
tions and material settings. The final output consisted of a com-
prehensive pose estimation dataset, which included RGB im-
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Figure 3. Variations in different shapes of the strawberries used
for creating the synthetic data

ages, depth maps, segmentation masks, and annotations format-
ted according to the BOP standard (Hodan et al., 2018).

To enhance realism, we built our simulation on physically-
based rendering (PBR) techniques, which involved modifying
the materials, colors, and lighting of the objects within the scene
(see Figure 4). Each strawberry was assigned unique textures
and colors to capture the variety as encountered in real-world
environments. Cameras were strategically positioned around
the scene, sampling multiple viewpoints that focused on the
strawberries while maintaining a safe distance to avoid being
thrown out of the scene. Additionally, the use of a physics
simulation allowed both the strawberries and distractor objects
to settle realistically on a surface, mimicking their natural in-
teractions (see Figure 4). In this context, distractors refer to
additional 3D objects included in the scene to create a more
complex and realistic environment. These objects help simu-
late a cluttered setting, which is commonly encountered in real-
world scenarios, and they serve to model occlusion effects (see
Figure 4e). By incorporating distractors, the generated dataset
becomes more challenging and diverse, thereby enhancing the
robustness of learning-based approaches trained on it. For this
dataset, distractors were sourced from the YCB-Video (YCBV)
dataset (Xiang et al., 2018), which contains a wide variety of
3D models. By incorporating a wide range of distractor mod-
els—not just leaves—we force the detector to learn more dis-
criminative features, which improves its generalizability and
leads to more reliable strawberry detection across diverse, real-
world scenes.

Diverse backgrounds were also simulated by utilizing various
textures from the BlenderProc utility (Denninger et al., 2023)
known as CCTextures (see Figure 4e and Figure 4f). This re-
source provided a wide range of high-quality, realistic textures
that were applied to the environment, enhancing the overall
visual diversity of the scenes. By incorporating different back-
grounds, the synthetic dataset better mimicked real-world scen-
arios, where objects are often placed against a variety of sur-
faces and settings.

3.2 Pose estimation

The objective of our approach is to estimate the 6D pose P =
[R|t] for each object O in an RGB image I , where R repres-
ents 3D rotation and t denotes 3D translation. We utilize the
YOLO-6D-Pose network (Maji et al., 2024) to perform end-
to-end pose-estimation as it supports edge inference, making it
suitable for deployment in resource-constrained environments.
YOLOX, in particular, is a premier algorithm that balances both
efficiency and accuracy, allowing for real-time object detection
and pose estimation. This makes it an ideal choice for our 6D
pose estimation framework, as we aim to detect strawberries in

real time using a robotic arm that operates under limited com-
putational resources.

Pose Parameterization: YOLO-6D-Pose (Maji et al., 2024)
utilizes a 6-dimensional representation R6d for rotation, defined
as the first two columns of the rotation matrix R. This avoids
discontinuities present in traditional representations such as
quaternions. For translation, it decouples the 3D translation into
2D projected coordinates and depth, ensuring scale and location
invariance.

Network Architecture: The YOLOX-6D-Pose architec-
ture (Maji et al., 2024) extends the YOLOX (Ge et al., 2021)
base model by integrating object detection with pose estima-
tion. The entire network is built upon the CSPDarknet53 (Wang
et al., 2020a) backbone coupled with PANet-based feature ag-
gregation (Liu et al., 2018). It consists of a rotation head that
predicts the R6d representation and a translation head (t) that
predicts the normalized translation parameters. This unification
allows the model to learn both tasks simultaneously, enabling
efficient pose estimation from a single forward pass.

Augmentation Techniques: A variety of augmentation
strategies are employed by the YOLOX-6D-Pose model (Maji
et al., 2024) to improve the robustness and accuracy of the
model. These techniques include end-to-end 6D augmenta-
tion, where images are transformed alongside the correspond-
ing poses of all objects. This approach ensures that any modi-
fications applied to the image accurately reflect the changes in
the 3D poses of the objects, facilitating better model training.

The YOLOX-6D-Pose architecture (Maji et al., 2024) integ-
rates translation, rotation, and scale augmentations into its data
augmentation pipeline, applying the same geometric transform-
ations to both the input image and the 6D poses of all ob-
jects present in the image. These augmentations helps maintain
alignment between the projected CAD models and the real ob-
jects in the image, allowing the model to learn from varied ori-
entations effectively. In addition, the architecture also utilizes
scale augmentation, which rescales the images while propor-
tionally adjusting the translation component of the object poses.
This aspect is managed carefully to mitigate potential misalign-
ments caused by occlusion or significant rotation angles. By
ensuring that scaling is applied judiciously, we maintain the in-
tegrity of the pose predictions.

Furthermore, the approach (Maji et al., 2024) applies transla-
tion augmentation, where images are randomly translated ho-
rizontally and vertically. This adjustment is coupled with cor-
responding modifications to the pose parameters, allowing the
model to learn how to handle variations in object positioning
within the scene. The final augmentation strategy systematic-
ally combines various transformations: rotation randomly se-
lected from (0, 10) degrees, translation randomly selected from
(0, 10)%, and scaling with a factor chosen from (0.9, 1.1). By
refining the scale augmentation based on observed discrepan-
cies, the model remains robust against misalignments. Addi-
tionally, random color-space augmentations are applied, which
do not require any transformations of pose parameters, further
enhancing the diversity of our training dataset.

Loss Function: To optimize the pose parameters, a combin-
ation of various loss functions is used by the YOLOX-6D-
Pose model (Maji et al., 2024), focusing on the ADD(-S) met-
ric (Hinterstoisser et al., 2013), which couples rotation and
translation. This approach not only aims to enhance the overall
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Figure 4. Examples of the synthetic dataset generated using Blender’s procedural pipeline (Denninger et al., 2023). The images
illustrate variations in materials and lighting conditions (a and b), along with occlusion effects (c). Additionally, the dataset features

occlusions created by distractors (d, e, and f) and showcases diverse backgrounds (e and f).

pose estimation accuracy but also to optimize each compon-
ent of the pose independently to address the limitations of the
ADD(-S) loss.

ADD(-S) Loss: The ADD(-S) loss is designed to evaluate the
accuracy of the estimated poses based on the distance between
projected points of the predicted and ground-truth poses. It is
defined as follows:

LADD(−S) =

{
Lasym = 1

m

∑
x∈m ∥(Rpx+ tp)− (Rgx+ tg)∥2d

Lsym = 1
m

∑
x1∈m minx2∈m ∥(Rpx1 + tp)− (Rgx2 + tg)∥2d

(1)
where, Rg and tg denote the ground-truth pose, while Rp and
tp represent the predicted pose. The set M consists of the ob-
ject’s 3D model points, m is the number of points in the model,
and dm is the object diameter. While Lasym computes the dis-
tance directly between corresponding points, Lsym considers
the minimum distance from each point in the predicted set to
any point in the ground-truth set. However, Lsym can be re-
laxed, particularly for symmetric objects.

Translation Loss: The network predicts the projection of the
translation components [tx, ty] in the image space, an additional
loss term is used to enforce the accuracy of these 2D predic-
tions. This is achieved by using a simplified version of the ob-
ject keypoint similarity (OKS) loss (Maji et al., 2022) defined
as:

LOKS = 1− OKS = 1− exp

(
− d2

2s2
1

b2k

)
(2)

where, d is the Euclidean distance between the predicted and
ground-truth centroids, sb is the area of the object, and k is a
keypoint-specific weight set empirically to 0.1. For the tz com-
ponent of the loss, we employ the Absolute Relative Difference
(ARD) loss, defined as:

LARD = 1− tzp
tzg

(3)

Here, tzp and tzg are the predicted and ground-truth values for
tz , respectively.

Rotation Loss: The rotation loss follows the YOLO-6D (Maji
et al., 2024) approach, first introduced in (Zhou et al., 2018)

where 3D rotations are represented using a continuous 6D rep-
resentation derived from the first two columns of the rotation
matrix. We compute the L1 loss between the predicted and
ground truth 6D rotation vectors, which provides a smooth,
discontinuity-free optimization landscape compared to altern-
ative rotation parameterizations such as Euler angles or qua-
ternions. Finally, the overall pose loss is formulated as follows:

Lpose = λADD(−S)LADD(−S) + λrotLrot + λOKSLOKS + λARDLARD

(4)
where, λADD(−S), λrot, λOKS , and λARD are empirically
chosen weights for each respective loss term, allowing for bal-
anced optimization across all components of the pose.

Implementation details: The weights λADD(−S), λrot, λOKS ,
and λARD (see Equation 4) were all set to 1. The training of our
model was conducted using four NVIDIA A100 GPUs with a
batch size of 32. We employed the Stochastic Gradient Des-
cent (SGD) optimizer, utilizing a cosine learning rate scheduler.
The base learning rate was set to 1× 10−2, and the model was
trained for a total of 300 epochs. We utilized the YOLOX-S
backbone for training, as it supports inference on edge devices
and all results are presented using this backbone. Addition-
ally, the training process took into account the symmetry of the
strawberries.

4. Evaluation

In this section, we will provide a detailed evaluation of our
6D pose inference method. We will start with a quantitative
assessment, presenting performance metrics such as average
processing times for both high-performance and edge devices,
along with comparisons of ADD-S metric, rotation and transla-
tion errors. Following this, we will showcase qualitative results
from our model applied to synthetic test data and real-world
strawberries from a dataset. Through this evaluation, we illus-
trate both the strengths and areas for improvement in our ap-
proach.

4.1 Quantitative evaluation

Metrics: We evaluate our method based on the BOP chal-
lenge (Hodan et al., 2018) and the ADD(-S) 0.1d metrics (Hin-
terstoisser et al., 2013). The ADD metric evaluates the average
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Figure 5. The figure illustrates the output of the YOLO-6D-Pose (Maji et al., 2024) trained using our synthetic data. It outputs the
pose, the 2D detections and the corresponding mask.

Table 1. Quantitative analysis of pose inference performance:
average forward time, non-maximum suppression (NMS) time,

and total average inference time

Metric NVIDIA RTX 3090 Jetson Orin Nano

Average Forward Time 22.30 ms 35.57 ms

Average NMS Time 2.21 ms 14.02 ms

Average Inference Time 24.51 ms 49.59 ms

distance of 3D model points between the ground truth pose and
the predicted pose, with a pose deemed correct if this average
distance is less than 10% of the object’s diameter. In contrast,
the ADD-S metric computes the average distance from the pre-
dicted pose to the nearest points of the ground truth. For sym-
metric objects, the ADD-S metric is employed, while for non-
symmetric objects, the standard ADD metric is used. Addition-
ally, we compute the rotation error using the formula rotation
error = arccos

(
trace(RT R̂)−1

2

)
(in degrees), where R is the ac-

tual rotation and R̂ is the predicted rotation. The translation er-
ror is calculated as translation error = ||t− t̂||, where t is the ac-
tual translation and t̂ is the predicted translation. Furthermore,
we conduct a performance analysis based on the average non-
maximum suppression time, average forward time, and total av-
erage time of the network on both the RTX 3090 and the Jetson
Orin Nano. This analysis compares edge devices, such as the
Jetson Orin Nano, and non-edge devices, like the RTX 3090,
highlighting the performance characteristics relevant for vari-
ous application scenarios. The Jetson Orin Nano was chosen
for its excellent performance-to-power efficiency, compatibility
with NVIDIA’s ecosystem, and cost-effectiveness for edge AI
applications, surpassing other edge devices.

Performance analysis: The quantitative analysis of pose infer-
ence performance shows that there is no significant differences
between the NVIDIA RTX 3090 and the Jetson Orin Nano (see
Table 1). The RTX 3090 demonstrates a faster average forward
time and non-maximum suppression (NMS) time compared to
the Jetson Orin Nano (see Table 1). This difference is expected,
as the Jetson Orin Nano, being an edge device, has lower com-
putational performance than the high-performance RTX 3090.
Additionally, the Jetson Orin Nano is much less costly, making
it a more budget-friendly option for certain applications. How-
ever, its processing times are still acceptable for use in edge
devices, which is crucial for robotic applications.

Accuracy of pose estimation: In terms of accuracy, both
devices perform similarly across various ADD-S metrics (Hin-
terstoisser et al., 2013), which evaluate the precision of 6D ob-
ject pose estimation (see Table 2). The metrics ADD-S 0p1,
ADD-S 0p2, ADD-S 0p3, ADD-S 0p4, and ADD-S 0p5 rep-

Figure 6. Qualitative analysis of the synthetic dataset,
showcasing the accuracy of our model on unseen test data. The
results indicate that the model is plausibly capable of inferring

the 6D pose of the strawberries.

Table 2. Comparison of ADD-S metrics, rotation error, and
translation error between high-performance and edge devices

Metric NVIDIA RTX 3090 Jetson Orin Nano
ADD-S 0p1 avg 0.7228 0.7231
ADD-S 0p2 avg 0.7599 0.7594
ADD-S 0p3 avg 0.7716 0.7716
ADD-S 0p4 avg 0.7791 0.7791
ADD-S 0p5 avg 0.7831 0.7832

rotation error avg (in degrees) 17.31° 17.70°

translation error avg (in mm) 23.10 23.15

resent the average distances between the estimated and ground
truth poses, with thresholds of 0.1, 0.2, 0.3, 0.4, and 0.5 units,
respectively. These thresholds indicate the maximum allowable
distance for a successful pose estimation. Across these metrics,
the results for the RTX 3090 and the Jetson Orin Nano are al-
most similar in most cases. Specifically, the average rotation
error is slightly lower at 17.31° for the RTX 3090 compared to
17.70° for the Jetson Orin Nano. Similarly, the translation error
(see Table 2) is comparable, with values of 23.10 mm for the
RTX 3090 and 23.15 mm for the Jetson Orin Nano.

Overall, these results indicate that while both devices can
achieve similar accuracy, the RTX 3090 excels in speed, mak-
ing it the preferred choice for applications that require rapid
and precise pose inference. In contrast, the Jetson Orin Nano is
an excellent option for scenarios where inference is needed in
resource-limited environments or on low-power devices.

4.2 Qualitative evaluation

Figure 5 shows the output of the YOLO-6D-Pose model (Maji
et al., 2024) trained on our synthetic data, illustrating its abil-
ity to effectively generate pose estimations, 2D detections, and
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(a) (b) (c) (d)

(e) (f) (g) (h)

Figure 7. Qualitative analysis of 6D pose inference results on real strawberries from the Strawberry Pose Computer Vision
Dataset (Strawberry, 2025). The results indicate effective detection of ripened and partially ripened strawberries (see (b), (d), and (h)).

However, detection of completely unripe strawberries is inconsistent, as shown in images (e), (f), and (g).

corresponding masks. The qualitative analysis of our model’s
performance is presented through two datasets: our synthetic
dataset (only test data that has not been used in training) and a
real-world dataset from the Strawberry Pose Computer Vision
Dataset (Strawberry, 2025). We trained the model with each
variation in shape and color as individual classes and the dif-
ferent colors of the bounding boxes indicate the respectively
detected class.

In Figure 6, we showcase the accuracy of our model on unseen
synthetic test data. The results demonstrate the model’s capab-
ility to reliably infer the 6D pose of strawberries, indicating its
robust performance in controlled conditions.

Figure 7 presents the qualitative analysis of 6D pose infer-
ence results on real strawberries. The model effectively detects
ripened and partially ripened strawberries, as evidenced in im-
ages (b), (d), and (h). However, the detection of completely
unripe strawberries proves to be inconsistent, as illustrated in
images (e), (f), and (g). This inconsistency highlights the chal-
lenges faced by the model when dealing with varying degrees of
ripeness, suggesting areas for further improvement in detection
accuracy for unripe strawberries.

5. Conclusion and Future Work

In this work, we successfully demonstrated the effectiveness of
the YOLO-6D-Pose model for 6D pose inference of strawber-
ries using both synthetic and real-world datasets. We created
a flexible pipeline and approach for generating synthetic straw-
berry data from different 3D models using a procedural Blender
pipeline. The quantitative evaluation revealed that the NVIDIA
RTX 3090 and Jetson Orin Nano achieve virtually identical ac-
curacy across various ADD-S metrics, with slight variations in
rotation and translation errors. Notably, the RTX 3090 signi-
ficantly outperforms the Jetson Orin Nano in terms of speed,
making it the preferred choice for applications requiring rapid
pose estimation. However, the Jetson Orin Nano remains an
excellent option for use in resource-constrained environments,
demonstrating that our model is well-suited for robotic applic-
ations across different performance tiers. Overall, our results
indicate that the model offers flexibility for future implementa-
tions in agricultural settings. However, to achieve reliable pose

estimation for industrial applications, our method requires im-
provements in rotation and translation accuracy. Currently, it
can be used to support model-based tracking systems that need
an initial approximate pose.

The qualitative analysis further supports our findings, show-
casing the model’s capability to accurately infer the poses of
ripened and partially ripened strawberries while identifying
areas for improvement in detecting unripe strawberries by con-
sidering more color variations which can be addressed in future
work. However, if the use-case is to exclude detection of unripe
strawberries, we can incorporate them as distractors to improve
the model’s robustness. Additionally, our approach can also be
used for other fruits like apples, peaches, nectarines, apricots,
plums, etc. Finally, our new dataset can be used for training
diverse detectors to benchmark their performance.
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