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DexFruit: Dexterous Manipulation and Gaussian
Splatting Inspection of Fruit
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Abstract—Dexfruit is a robotic manipulation framework that
enables gentle, autonomous handling of fragile fruit and precise
evaluation of damage. Soft fruits have long faced an issue of
produce loss in both the harvesting and post-harvesting processes
due to their extreme fragility and susceptibility to bruising,
making them one of the hardest produce type to manipulate with
automation. In this work, we demonstrate by using optical tactile
sensing, autonomous manipulation of fruit with minimal damage
can be achieved. We show that our tactile informed diffusion
policies outperform baselines in both reduced bruising and pick-
and-place success rate across three fruits: strawberries, tomatoes,
and blackberries. In addition, we introduce FruitSplat, a novel
technique to represent and quantify visual damage in a high-
resolution 3D representation via 3D Gaussian Splatting (3DGS).
Existing metrics for measuring damage lack quantitative rigor
or require expensive equipment. With FruitSplat, we distill a 2D
fruit mask as well as a 2D bruise segmentation mask into the
3DGS representation from just a web-cam video. Furthermore,
this representation is modular and general, compatible with any
relevant 2D model. Overall, we demonstrate a 92% grasping
policy success rate, up to a 15% reduction in visual bruising, and
up to a 31% improvement in grasp success rate on challenging
fruit compared to our baselines across our three tested fruits.
We rigorously evaluate this result with over 630 trials. Please
checkout our website, which contains our code and datasets at
https://dex-fruit.github.io/.

Index Terms—Force and Tactile Sensing, Agricultural Automa-
tion, Dexterous Manipulation

I. INTRODUCTION

EMOGRAPHIC-DRIVEN labor shortages and a growing

population present significant challenges for the global
food supply [1-3]. To address these impending issues, the
agricultural industry has taken many strides into increased
applications of machinery and automation [4, 5]. While some
agricultural production is highly mechanized, such as grain and
cereal, automation for fruits and vegetables is comparatively
limited, often requiring workers to manually harvest produce
[1, 6]. Fruit production, in particular, requires a high level of
labor-intensive operations to be performed, primarily due to
the delicate handling required to preserve quality [6]. Fruits,
such as strawberries, demand significant human labor because
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Fig. 1: Our framework, DexFruit, enables safe manipulation of
fragile fruit using optical tactile feedback. We further present
FruitSplat, a method for accurate 3D reconstruction, automated
segmentation, and bruise localization in strawberries.

of their fragile structure and short post-harvest shelf life; they
are typically hand-picked to minimize bruising and decay
[6]. Although there are some mechanized solutions for fruit
harvesting, they often do not meet the quality standards of the
fresh market, damage fruit more than their human counterparts
[7], and still involve significant human labor in sorting. Soft
fruits in particular are especially challenging for robotic sys-
tems, as they require extra care and precision in harvesting and
manipulation not required for other produce [8—10], presenting
a clear need for dexterous robotic manipulation.

Beyond harvesting, the industry has also turned to robotics
and automation for the post-harvest process, which includes
sorting, quality control, packing, and shipping. These pro-
cesses incur substantial losses to farmers due to post-harvest
damage, accounting for almost a third of all of the world’s pro-
duce [11]. This significant loss of food compounded with high
process inefficiencies and labor costs have specifically driven
the industry to integrate robots into this post-harvesting down-
stream pipeline, applying soft-grippers and various computer
vision techniques for manipulation and damage assessment
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[12]. With automation introduced into the post-harvest process,
pick-and-place operations have become the most repetitive
robotic manipulation task [13]. In order for these pick-and-
place tasks to be successful, the robot must maintain a stable
but soft grasp on the target produce to ensure minimal damage.
Recent advances in imitation learning have allowed for tasks
like pick-and-place to be executed with ease, yet most of
these methods employ rigid grippers and target rigid objects,
neglecting damage mitigation. Moreover, these methods do not
address the question of post-manipulation damage, a crucial
step that must be tightly coupled with automated manipulation.
As of now, there is a lack of low-cost, automated methods for
assessing damage quantitatively for quality control. Practical
damage metrics are a pre-requisite to real-world robot policy
benchmarking and will facilitate continued development of
soft fruit manipulation.

To address these gaps, we introduce DexFruit, a novel
framework that integrates tactile-sensing into imitation
learning for careful manipulation of soft fruit and present
a stand-alone post-manipulation damage analysis method
FruitSplat, which offers a quantitative, 3D solution for bruise
detection. Our method employs DenseTact sensors [14] to
manipulate strawberries, cherry tomatoes, and blackberries
with minimal bruising or damage. We implement Diffusion
Policy with tactile feedback from DenseTact sensors,
which are mounted on simple general-purpose parallel
jaw-grippers. FruitSplat is a 3D Gaussian Splatting method
that integrates 2D bruising information from a fine-tuned
YOLO [15] segmentation model into a 3D representation,
providing both a qualitative and quantitative measurement
of post-manipulation damage. Using only a simple webcam,
FruitSplat bridges the gap between high-fidelity scanning
techniques and traditional deep learning methods. Our
framework aims to address the crucial need for dexterous
manipulation with soft fruit using state of the art imitation
learning methods infused with tactile feedback, as well
as providing a simple but effective approach to damage
assessment for post-harvest quality control.

Our key contributions are as follows:

+ We demonstrate the integration of optical tactile sensing
into diffusion-based imitation learning policies for soft
body manipulation.

« We demonstrate quantitative and qualitative reductions in
bruising and improvements in success rate compared to
our baselines while using tactile sensing. We show fruit
remains damage free after up to 50 repeated grasps.

o We introduce FruitSplat, a novel method for qualitative
and quantitative damage analysis for strawberries.

II. RELATED WORK

A. Robotic Fruit Manipulation

Robotic fruit manipulation is still relatively underexplored
in literature, with most applications targeting harvesting as
opposed to the post-harvest processes. Previous works include
robotic fruit picking of apples, strawberries, blackberries, and

peppers [16-20]. These works typically involve the construc-
tion of a novel soft gripper, which is unique to a specific
fruit or berry. In [16] they focus on apples, and [17, 19] on
blackberries. While these grippers generally perform well, they
are limited to a single type of fruit. They typically prevent
damage through modality specific designs [18, 19, 21] and
low dimensional sensing [20] or by not touching the fruit at
all [22]. In this work, we focus on a general gripper capable
of manipulating arbitrary fruit. Rather than relying solely on
soft robotics techniques or complex designs, we utilize optical
tactile sensing.

Some recent studies have explored the utility of optical
tactile sensing in agricultural applications, particularly for
fruit manipulation and evaluation. For instance, [23] employs
optical tactile sensing to facilitate fruit manipulation; however,
their approach is limited to hard fruits such as apples and
lemons, which restricts its applicability across a diverse range
of produce. Furthermore, they do not quantify the damage over
repeated grasping. In [24] the authors utilize a vision-based
tactile sensor, to determine the stiffness of cherry tomatoes.
While our current work does not incorporate direct stiffness
measurements, the underlying principles of this approach
could be integrated into our pipeline. Furthermore, we focus
on the manipulation task while preventing damage.

B. Bruise and Metrics

Current approaches to bruise detection largely rely on
qualitative assessments, with little emphasis on quantitative
metrics. For example, [20] employs a visual classification
system for raspberries, classifying them as undamaged, mildly
damaged, or damaged, which suffers from subjectivity and
limited resolution in damage assessment. As quality control
of fruit on the market is commonly conducted through visual
inspection, allowable fruit quality varies based on inspector
[25]. This system is inherently subjective and is in need of a
standardized method to quantify damage.

There are a number of quantitative methods for damage
detection for agricultural products. [26] provides a comprehen-
sive survey of high-precision methods currently in use. Tech-
niques such as spectroscopy, optical coherence tomography
(OCT), magnetic resonance imaging (MRI), and x-ray imaging
offer detailed insights into 3D tissue damage, yet their reliance
on expensive and complex setups restricts their practical use
in robotics. While these techniques offer high resolution and
rich information about the quality of a fruit, this is often un-
necessary to determine if a fruit should be brought to market.
Multi-spectral imaging has also been used [26], however this
can also require specialized hardware. A broad body of work
has quantified fruit damage using stiffness-based metrics using
direct contact force measurements [27, 28]. While informative,
these metrics generally fall short of providing fine-grained
analyses.

Deep learning has also been explored to overcome some
of these limitations. For example, [29] demonstrated bruise
detection on red apples using convolutional models, while [30]
addressed strawberry bruise detection aided by UV light. Al-
though these methods enhance detection capabilities compared
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to purely visual grading, they do not fully leverage the three-
dimensional metric information of the fruit.

C. Imitation Learning and Tactile Sensing

Recent advances have significantly improved the perfor-
mance of imitation learning through the use of Denoising Dif-
fusion Probabilistic Models (DDPM) [31]. These approaches
learn observation conditioned, high-dimensional policies with
relatively few demonstrations. In [32] the authors survey the
landscape of imitation learning for agriculture. While there are
many examples of agricultural tasks like peeling bananas and
identifying fruit, none rely on tactile sensing or use Diffusion
Policies. Simple tactile sensing through force conditioning is
used in [33] to pick up fragile grapes and placing them on a
plate. However, DexFruit not only safely grasps diverse fragile
fruit using expressive tactile sensing, but also quantitatively
measures the damage done to the fruit across hundreds of
trials providing a rigorous and necessary analysis of the fruit
after manipulation.

Recently, several studies have explored incorporating tac-
tile sensing into imitation learning policies, utilizing diverse
modalities such as audio [34], low-resolution capacitive sens-
ing [33, 35], and optical tactile sensing [36, 37]. Reacti-
vate Diffusion Policy (RDP) [37] delivers impressive dex-
terity (e.g., cucumber peeling) via a two-tier tactile scheme,
yet reduces tactile input to an optical deformation field.
DexSkin [35] completes blueberry manipulation tasks with
low-resolution capacitive sensing and reports no rigorous
quantitative damage analysis; however, their qualitative exam-
ples show visible damage in over 40% of fruit after a single
move, whereas in our work we manipulate the same piece of
fruit up to 50 times without significant damage. Although these
studies demonstrate impressive performance, our work is the
first to rigorously validate tactile-feedback-based manipulation
of delicate, soft fruits over hundreds of experimental trials.

III. PRELIMINARIES
A. Diffusion Policies

Given an observation O, which corresponds to external
camera images and robot state, and an action A in the space
of robot positions, we seek to learn a policy 7 : O — P(A).
Instead of learning this policy directly, we model our policy
as a Denoising Diffusion Implicit Model (DDIM) and instead
learn a noise predictor network following [31]:

ér = co(AF, Oy, k) (1)

Where A% is a sequence of noisy actions, O is the observation
and denoising iteration k. Given a dataset D = {{O;, A;}}7,
we train this denoising function by applying noise € to data
A; and minimizing the following loss:

£ = MSE (e, 29(AF, 0., 1)) )

During training we sample random actions AX and perform
denoising using a DDIM scheduler [38].

B. 3D Gaussian Splatting

3D Gaussian Splatting (3DGS) is an explicit 3D visual
representation for robotics. Given a series of 100-200 images,
3DGS constructs a visually accurate representation that can be
rendered at high FPS on a GPU. 3DGS utilizes a set of 3D
Gaussian primitives g; with learnable parameters, including
3D mean position x € R3, 3D covariance matrix ¥ € R33,
opacity a € R, and spherical harmonic (SH) coefficients to
represent color. Each Gaussian can be defined as:

G(z) = e~ 3@ ) 3)

The 3D scene gets initialized typically from a sparse point
cloud, which is computed via Structure-from-Motion (SfM)
[39]. Images are rendered by projecting the 3D Gaussians onto
the image plane using an affine approximation of projective
transformation. The final pixel color C' is computed as follows:

i—1
C=> co [J1-ay) (4)
iEN j=1

where «; is given by evaluating a 2D projection of a Gaussian
with covariance 3. The loss used to supervise the Gaussian
Splat is a weighted combination of the L1 and Structural
Dissimilarity Index Measure (D-SSIM) loss between each
ground truth (GT) image and volumetric rendered image.

L=(1-NL + ANp_ss1M 4)

IV. METHOD

DexFruit combines a robust manipulation policy and ad-
vanced 3D vision techniques to address the challenges of
handling delicate fruits in agricultural robotics. We utilize
Diffusion Policy trained on expert demonstrations with op-
tical tactile sensing. To quantify fruit damage, we develop
FruitSplat, a novel 3D Gaussian Splatting-based analysis tool
that accurately reconstructs and compares fruit models before
and after manipulation to quantify damage caused during
manipulation.

A. Fruit Manipulation Policy

Safely handling fruit in agricultural robotic manipulation
requires policies that balance two critical aspects: robustness,
to reliably pick and deposit fruits, and sensitivity, to prevent
damage during handling. These factors inherently conflict,
as robustness encourages a firm grip, whereas damage pre-
vention demands minimal contact. To meet these conflicting
demands, we leverage a Diffusion Policy (see Section III),
known for smooth and safe execution in complex real-world
scenarios. While many existing approaches achieve gentleness
through soft gripper hardware, our standard parallel-jaw grip-
per equipped with DenseTact implicitly achieves softness via
the learned policy, successfully minimizing fruit damage.

For this task, our action space consists of the end-effector
pose (3D position + 6D rotation [40]) and the width of
the gripper normalized between [0,1]. The observation space
consists of one RGB camera mounted on the robot arm wrist
and RGB images from two DenseTacts. We perform data
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collection and inference at approximately 10hz. To accentuate
the changes in the gripper state during contact, the average
channel image difference is computed for each sensor. In
addition, we include the current robot state as an observation
in the same format as the action. The RGB images are down-
sampled to (224x224) and encoded into 512-dimensional latent
vectors using ResNet-34 [41], while the DenseTact images
are processed with ResNet-18 [41]. Both ResNets are trained
from scratch and implemented from PyTorch Image Models
(TIMM) [42]. We train the model for 1000 epochs using a
DDIM noise scheduler [38] with 50 train steps and 16 infer-
ence steps. We train with a batch size of 128 and a learning
rate of 3e-4 across 4 L40 GPUs. Expert demonstrations are
collected via teleoperation, varying the robot’s starting position
and individual fruit to ensure the policy conditions on the fruit
itself. To ensure consistency across methods and enable a fair
comparison with a purely tactile sensing baseline, we fix the
initial location of the strawberry. Since diffusion policies have
already shown strong capabilities in identifying and grasping
objects from diverse positions, we focus exclusively on gentle
grasping rather than localization in this work.

During testing, we observed that raw DenseTact images
alone provided insufficient signal strength for the policy to
effectively leverage tactile information. This was due to mini-
mal variation in the raw images upon contact, making learning
challenging. We compute the image difference relative to the
undeformed sensor and find that the resulting grayscale image
contains sufficient information. Additionally, we noticed that
straightforwardly combining vision and tactile images led to
worse performance than using either modality individually,
likely caused by the model overfitting to the visual inputs.
Inspired by human tactile exploration, we resolved this issue
by adaptively switching off visual input when tactile contact
occurs, which proved essential for high-performing policies.
Contact detection is implemented by computing the sum of
squared pixel differences (after converting to grayscale), and
triggering the visual—tactile switch when this energy exceeds
a predefined threshold 7.

B. FruitSplat

For this work, we chose to implement FruitSplat only
for strawberries and discuss the reasons for this decision
in Section VII. To quantify damage made to strawberries,
we leverage 3D Gaussian Splatting to accurately construct
strawberries models before and after manipulation. FruitSplat
has the following pipeline:

1) Data Pre-Processing: Videos of the entire target straw-
berry are first collected using a web-cam mounted on a
turntable. To ensure good coverage of the entire surface the
strawberry is suspended on two pieces of fishing line as shown
in Fig. 3. These images are then fed directly through COLMAP
[43] to obtain sparse points and camera poses of each frame.
We then pass each frame into our custom fine-tuned YOLOv12
[44] bruising segmentation model for predicted bruise masks.
We fine-tuned the model on two thousand hand-labeled images
of store-bought strawberries, with bruise masks manually
annotated using open-source data labeling tools. The final

Labeled Strawberry
Bruise Data >

3DGS

Bruise

Fig. 2: Here we show the FruitSplat pipeline. Prior to training,
the 3D Gaussian Splat the images are processed through 2
models. YOLO segments the bruising, while SAM2 segments
the strawberry. These two additional masks are used to super-
vise additional Gaussian parameters.

segmentation model utilized in experiments achieved 94.2%
precision, 89.5% recall, and 84.7% Intersection Over Union
(IoU) for our evaluation dataset of 162 images. We also apply
SAM 2 [45] to retrieve segmented strawberry masks.

2) 3D Gaussian Splatting: Our custom method directly in-
herits from Nerfstudio’s Splatfacto [46], however we augment
the Gaussian representation by adding additional parameters
s; and b; to each Gaussian primitive [47]. The parameters
s; € 10,1] and b; € [0,1] are probabilities that a Gaussian g;
is part of a strawberry and in a bruised region. Strawberry and
bruise mask ground-truth maps can be provided as 2D images
for supervision. b; and s; are rasterized similarly to color (4)
and are supervised using a binary cross entropy loss. Our
dataloader utilizes the pre-processed YOLO and SAM2 masks
as pseudo-ground truth for the supervised strawberry and
bruise mask learning. During training, bruise and strawberry
loss terms are simply added to the main loss. Additionally,
we gate the bruise losses on the strawberry mask as bruising
should only occur on the strawberry and nowhere else in the
scene. In order to improve training stability we use a stop-grad
in the rasterization of bruise and strawberry masks, which only
allows gradients with respect to the s; and b; parameters of
each Gaussian and does not allow gradients to flow to position
and shape parameters of the Gaussians.

3) Post-Processing and Damage Analysis: Once the Gaus-
sian Splat is fully trained after 10,000 steps, FruitSplat exports
the Gaussian means along with the learned Gaussian straw-
berry and Gaussian bruise parameters. It then self-filters the
point cloud based on the strawberry parameter using a fixed
probability threshold, leaving a high-resolution point cloud
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Fig. 3: On the left (a) is the experimental setup. The two
sensing modalities used are highlighted in red: the DenseTact
optical tactile sensor and IntelRealsense D435i. On the right
(b) is the force measuring apparatus which is used to quantify
internal damage in the fruit. (c) Shows that apparatus we utilize
for scanning the strawberries.

model of the strawberry. Each point is also exported with
an encoded bruise score learned from the previously trained
3DGS, which represents the probability of being a bruise.
FruitSplat then utilizes the per-point encoded bruise score to
calculate the percentage of bruised points within this filtered
strawberry point cloud that pass a preset confidence threshold,
and subsequently compares the difference in bruising between
pre-manipulation and post-manipulation strawberry. Due to the
fact that the point cloud points already represent only the
surface of the strawberry, this method can effectively repre-
sent visual surface bruising information. It should be noted
that damage analysis requires a pre-manipulation and post-
manipulation Gaussian Splat of the strawberry as an input;
thus, steps 1 and 2 for FruitSplat must be run independently
twice. However, both steps only require the use of a camera,
with no extra hardware necessary.

C. Internal Stiffness Metric

As discussed in Section II fruit stiffness can be correlated
with post harvest damage [27, 28]. Furthermore during testing,
we found that there were often instances where the internal
structure of the fruit was significantly compromised but did
not show observable visual changes. In order to measure this
internal damage, we assess fruit damage before and after
experimentation by measuring the fruits ability to resist an
external force. We developed a system that measures the
spring constant of the fruit surface under small deformations.
In practice, we find that this accurately measures internal
damage to the fruit. We calculate this metric by deforming
the fruit a known distance and measuring the associated force
required for the deformation. This setup can be seen in Fig.
3. We select equal spaced points along the circumference of
each fruit and position the fruit so that the point is normal
to a 3D-printed circular indenter. We measure the force in
the z-direction after a 1.25mm displacement of the z-axis
linear guide. The resulting force is measured using an ATI
F/T Sensor Nanol7. By averaging the spring constant of
the four points on each fruit, we compare the effectiveness
of the gripper with the DenseTact and its baselines before
and after gripping. This metric, % Stiffness, is the percent

of pre-interaction stiffness, which is maintained after the
experiment. 100% is the best possible value. Blackberries are
excluded from this metric due to their high susceptibility to
damage.

V. RESULTS

We demonstrate significant improvements over our baselines
in grasping success rate and damage reduction over 630 trials
across strawberries, tomatoes and blackberries. Strawberries
are fragile, vary greatly in size, and show clear bruising
on their surface after damage, making them an ideal chal-
lenge fruit for evaluating our method. Cherry tomatoes were
selected due to their firm yet delicate skin, which makes
them particularly sensitive to improper handling. Blackberries
present additional complexity with their soft, easily ruptured
structure, necessitating precise manipulation to avoid damage.
Together, these fruits provide diverse tactile challenges critical
for demonstrating the versatility of our approach.

A. Experimental Setup

The experimental setup is shown in Fig. 3. From a starting
position, our policy is able to move to the strawberry and a
grasp is attempted. The strawberry is then lifted and placed
on the green square (goal). Any strawberry that is moved
by the policy to the goal is labeled a success, otherwise
it is labeled a failure. Failure modalities include missing a
grasp of the strawberry completely or dropping the strawberry
before reaching the target zone. Following best practices, the
strawberries which are used for expert demonstrations are
discarded and new strawberries are used for testing. We used
the same two DenseTact sensors for the entire course of the
project, across thousands of demos and experimental roll-outs.

To clearly highlight differences between the evaluated meth-
ods, we conduct a series of pick-and-place trials on straw-
berries, tomatoes, and blackberries. Specifically, we perform
25 trials per each strawberry, 50 per each tomato, and 20
per each blackberry. By conducting such a large number of
trials, we both demonstrate the consistency of our method and
create a key point of distinction from prior work. For each
fruit type, we further vary the size categories: strawberries
are tested across three size ranges (small: <4 cm, medium:
4-6 cm, large: >6 cm), tomatoes across two sizes (small:
<3 cm, medium: >3 cm), and blackberries across three sizes
(small: <2.5 cm, medium: 2.5-3.5 cm, large: >3.5 cm). These
size categories are based on measured fruit length. For each
method and fruit size we perform all trials on the same fruit.
This allows subtle damage to build up and become apparent,
while showcasing the true delicacy of our method. To ensure
consistency, all fruit used in the experiment were sourced
on the same day from a single lot, ensuring similar ripeness
and quality. The fruit starts on a small 3D-printed pedestal
positioned in the center of the white start square. The gripper
starts 20 cm away from the strawberry and moves on average
20 cm to the goal region. We employ an Intel Realsense
D435i camera positioned on the robot wrist, angled toward the
gripper. We utilize the Ufactory xArm7 operating in position
control mode for the experiments.
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Fig. 4: We show the qualitative results of our method compared to the baselines. On the left, we show the same strawberries
before and after the experiments along with the corresponding bruise mask. All the strawberry images are rendered from
FruitSplat. Blackberries are shown on the right while tomatoes are not shown as they do not show visible damage.

Method Strawberry Tomato Blackberry
SuccessT  StiffnessT  Bruise | | SuccessT  Stiffness? SuccessT
Ours 95 % 80% 0.00% 100 % 95 % 80%
Touch 91% 78% -1.75% 100 % 93% 55%
Vision 67% 29% 14.61% 69% 77% 58%

TABLE I: Experimental results. Bold indicates best with margin.

Data collection is performed via a 3D Connexion space
mouse and a mouse-based slider to control gripper position.
Additionally, for our full method with tactile sensing, the
RGB images of the DenseTact sensors are displayed to the
teleoperator. We collect between 100 and 200 demos for each
fruit type, ensuring a wide range of variability in our dataset.
As our baselines are ablations of the full method, we use the
same set of demos for each. We take 360-degree videos of each
target fruit before and after the manipulations trials. These
videos are then fed into our FruitSplat pipeline to produce
quantitative damage results.

B. Baselines

In order to effectively evaluate our method, we compare our
results to a number of baselines and ablations. Vision is our
full gripper setup with the DenseTact sensors except the model
does not incorporate touch information and instead relies only
on the wrist-mounted camera. Likewise Touch relies only on

the tactile input. Finally we also test a naive combination of
vision and touch where both inputs are combined without any
natural switching labeled Vision+Touch*.

C. Experimental Results

We perform a rigorous experimental testing program to
effectively compare our method to the baselines of vision-only
and touch-only. The quantitative results are shown in Tab. I
and Fig. 5, while the qualitative images are shown in Fig. 4. To
emphasize the differences between methods we run the same
fruit with multiple grasps, 25 for strawberries, 50 for cherry
tomatoes and 20 for blackberries. Examining the results in Tab.
I, we see that our method outperforms or matches the baselines
in success rate across all three of the tested fruits, while
also achieving the least damage across our measured metrics.
Success is defined as moving the fruit from the start to the goal
and is independent from damage. Specifically for strawberries,
we found that post-manipulation bruise difference was almost
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zero, compared to the worst performing baseline of vision
only with 14.6% bruising. It should also be noted that the
negative percentage in strawberry bruising for touch only is
likely caused by slight inconsistencies in pseudo-ground truth
bruise mask detection by our YOLO model. We refer the
readers to Fig. 5 which includes our estimated error bars based
on the variance across trials.

Fig. 5 provides more detail showing the success rate across
the different fruit sizes. We can see that the vision only
methods struggle the most on small and medium fruit. We
hypothesize that the vision only failure is due to an overfitting
on size where the model fits to the average fruit size. While
this leads to good grasping success rate on large fruit, it causes
grasps which are far too loose on small and medium fruit.
Furthermore, this often leads to over-squeezing of larger sized
fruit causing more damage. This increased damage is clearly
visible on the bottom of Fig. 5. Here we show the % change
in stiffness relative to before the experiment. For comparison,
we also include both human where a human performs the
same action as the robot for each trial, and teleop where a
human teleoperator controls the robot. While ours and fouch
perform similar to the theoretical optimal of teleop and human
the vision policy causes a much greater amount of damage.
Furthermore, we see that the vision only policy leads to much
more external bruising.

We can also see in Fig. 5 an additional ablation labeled
vision+touch* which combines vision and touch without any
intelligent switching. As discussed in Section V-B this policy
performs poorly. We speculate this is due to the policy ignoring
the latent tactile vector and overfitting on visual information
even after contact has occurred. We can see that unlike the
vision or touch only policies, this policy is worse across all
three sizes of fruit indicating that it suffers from a different
mode of failure.

Finally Fig. 4 shows the qualitative results of our exper-
iments. We can see clear differences in bruising across our
method and baselines. The high quality visual accuracy of the
FruitSplat reconstructions of the strawberries are also visible.
Tomatoes are not shown as they exhibit nearly no visible
bruising when damaged.

VI. CONCLUSION

This work presents DexFruit, an optical tactile sensing
embedded diffusion policy for soft fruit manipulation. We
demonstrate that an intelligent switching between visual and
tactile inputs greatly improves soft handling of fragile fruits
such as strawberries, tomatoes, and blackberries compared to
utilizing pure vision or touch sensing. We also present Fruit-
Splat, a novel technique that harnesses the geometric accuracy
and photorealism of 3D Gaussian Splatting to qualitatively and
quantitatively represent fruit damage post-robot manipulation.
Experimentation across various policy ablations and fruit types
demonstrate DexFruit’s best performance in both policy grasp-
ing success rate and post-manipulation damage minimization,
demonstrating an average 92% grasping policy success rate,
up to a 14.6% reduction in visual bruising.
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Fig. 5: Above we show the success rates across methods and
fruit size. Below on the left we quantify the internal fruit
damage measured as a percent change in stiffness, while on the
right we show the results from FruitSplat representing external
damage.

VII. LIMITATIONS AND FUTURE WORK

While DexFruit presents improvements in dexterous ma-
nipulation of soft fruits, some limitations and several op-
portunities for future work exist. With regards to our fruit
selection for FruitSplat, we chose to restrict our initial scope
of work on strawberries chiefly due to the data-collection
and training time associated with implementing more fruits,
which is an inherent limitation of our method. In principle,
we expect our method can extend to any fruit that displays
visible bruising such as blackberries. This is also the reason
we did not implement tomatoes, due to the absence of visible
bruising. In our experience with manipulating tomatoes for the
baseline methods, we found that the best way to quantify any
damage was through our stiffness metric. Since the body of
the tomatoes are substantially less stiff than their outer layer of
skin, excessive gripping of tomatoes only resulted in internal
damage and was visually undetectable. For future work, we
hope to extend FruitSplat to other fruits through curating
an extensive database of labeled fruit damage. Additionally,
integrating multi-spectral data [48] into FruitSplat could fur-
ther increase its utility and robustness. Our experiments were
conducted in controlled laboratory settings rather than actual
field conditions. Further method evaluation should be done for
both the harvesting and post-harvest processes out in the field
and in produce warehouses. We believe that integrated ripeness
sensing could be achieved by leveraging soft optical tactile
sensing output. This system could simultaneously improve
yield by reducing damage and improving harvest ripeness. On
the policy side, the method for switching off vision and turning
on tactile in our method is conditioned on a contact heuristic.
While this is sufficient for this work, this could be extended
to a learned mode switch as the policy chooses actively which
input is more useful.
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