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Grasp Independent Indirect Tool Force Estimation
using Vision-based Tactile Sensors

Luchen Li', and Thomas George Thuruthel

Abstract—Humans possess the capability to seamlessly inte-
grate tools into their body schema, enabling precise and adaptive
interactions with the environment. This touch-mediated ability
allows us to dexterously use tools in everyday tasks, an ability
currently lacking in robotic systems. In this work, we propose a
novel method for indirect force estimation in robotic tool use, a
prerequisite for advanced tool use, leveraging vision-based tactile
sensing (VTS) and deep learning techniques. By capturing high-
resolution spatial deformations from tactile images, our model
implicitly infers force transmission dynamics without requiring
explicit knowledge of tool properties or material characteristics.
We validate our approach across multiple tool types using a single
trained machine learning model, demonstrating its generalization
capability. This work represents the first demonstration of
indirect force estimation for tool-mediated robotic interactions,
offering a pathway toward more dexterous and adaptive robotic
tool use in real-world applications.

Index Terms—Force and Tactile Sensing, Soft Sensors and
Actuators, Deep Learning in Grasping and Manipulation, Per-
ception for Grasping and Manipulation, Sensorimotor Learning.

I. INTRODUCTION

UMANS demonstrate an unparalleled ability among all

creatures to use in-hand tools effectively, which enables
us to extend the reach and capabilities of the physical body.
This remarkable skill allows the engagement in complex
interactions with the environment, ranging from daily utility
tasks such as writing, cutting, and wiping to professional
activities such as drawing, stitching, surgical procedures, etc.
[1]. Compared to the general manipulation tasks like grasp-
ing, moving, and arranging that involve direct contact and
straightforward dynamics, research has shown that during tool-
use actions, the brain integrates external tools into the body
schema, treating them as extensions of the body [2]. This
integration enhances precision and spatial awareness, enabling
more effective interaction with the environment. For instance,
when a blind person uses a walking stick to probe the ground,
vibrations and resistance felt at the tip of the stick are transmit-
ted to the hand, allowing the user to ”sense” the surface beyond
their physical reach. This perceptual extension relies on neural
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adaptation and tactile feedback, where mechanoreceptors relay
touch signals to somatosensory neurons for interpretation [3],
which enables the brain to treat tool-mediated sensations as
part of the body, facilitating seamless and intuitive tool use.

In robotics, enabling artificial agents to utilize tools in a
generalized manner is a fundamental challenge. While robots
are increasingly deployed across diverse domains, including
industrial automation and robot-assisted surgery, their tool-
use capabilities remain largely task-specific. These systems
typically rely on specialized end-effectors designed for pre-
defined applications or operate within highly structured en-
vironments [4]. Therefore, granting robots the ability to use
general-purpose tools designed for human hands can greatly
expand their applicability. Comprehensive skills in perception,
manipulation and cognition are required in robotic tool use
to achieve unique functions that differ from general robot-
object interaction [3]. For instance, pose adaptation becomes
inherently more complex, requiring the consideration of both
the gripper-tool and tool-object relationships. Moreover, unlike
in-hand manipulation, where contact forces are explicitly mea-
sured and controlled, indirect force estimation plays a key role
in achieving precise tool control, which involves the inference
of the forces applied at the tool tip rather than exerted by the
gripper.

In order to emulate human sense of touch, significant efforts
have been devoted to endowing robotic systems with tactile
sensing capabilities to provide rich contact information during
interaction, such as textures, contact forces, stiffness and
other invisible physical properties [5]. Recent advancements in
visuotactile sensing technology, exemplified by sensors such
as TacTip [6] and GelSight [7], have addressed the limita-
tions of traditional tactile sensors in terms of resolution and
modality compatibility. These sensors capture high-resolution,
fine-grained spatial deformations, making them highly effec-
tive for providing multi-modal contact force perception [8].
Both physical-based and deep learning approaches are utilized
by researchers to model the relationship between the tactile
imaging and the force measurement, achieving promising
estimation of normal force [9], [10], 3D force [11], [12] and
force distribution [13] across various measurement ranges.
However, these works mostly focus on retrieving the direct
contact force between the sensor and the object, and there
lacks sufficient study on estimating forces transmitted through
tools.

In this work, we address the challenge of force estimation
in tool-mediated robotic interactions using vision-based tactile
sensing (VTS) and data-driven techniques. Traditional force
control methods in tool use—such as drilling, cutting, or
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Fig. 1.

Humans integrate tools into their body schema using tactile perception, where cutaneous receptors relay touch information to the brain for adaptive

control. This work focuses on force estimation in tool-mediated interactions for robotics, leveraging vision-based tactile sensors and data-driven approaches.

hammering—rely on predefined interaction constraints and
complex physics-based modeling of tool properties and grasps
[14], [15]. However, these approaches lack adaptability and
generalization, struggling with variations in tool geometry, ma-
terial, and dynamic interaction poses. In contrast, leveraging
the high-resolution spatial perception of VTS and deep learn-
ing enables the extraction of meaningful representations that
implicitly capture tool properties and contact interactions [16],
allowing force transmission dynamics to be modeled without
explicit knowledge of contact mechanics. This enhances gen-
eralization across tools and interaction conditions, improving
robotic dexterity in real-world scenarios. We present the first
demonstration of indirect force estimation for tool-use applica-
tions using robotic systems. Our grasp-independent approach
relies solely on tactile sensing and is validated on multiple
tools with a single trained model. While focusing primarily
on normal force estimation, we also extend our study to shear
forces to demonstrate the broader applicability and robustness
of the proposed method.

II. RELATED WORK
A. Vision-based Tuctile Sensing

Traditionally, resistive and capacitive sensors are widely
used in research to simulate tactile responses [17]. However,
they suffer from limited spatial resolution and require com-
plex circuitry, which constrains their integration into robotic
systems and hinders overall perception and operational per-
formance [18]. Recently, Vision-based tactile sensors (VBTS)
have emerged as a powerful alternative by leveraging camera-
based imaging techniques to high-resolution, spatially dense
contact information, which can be generally categorized into
two representative types: Tactip [6] and Gelsight [7]. The
TacTip sensors are based on biomimetic morphology that
features embedded pins within a black, deformable membrane,

utilizing an internal camera to track pin displacements. By
analyzing the marker movement, Tactip sensors have demon-
strated promising performance in object localization [19],
edge following [20] and shear estimation [21]. Alternatively,
GelSight sensors are more compact, which utilize a transparent
elastomer coated with a reflective surface, whose geometry and
deformations are captured with high spatial resolution using
an LED illumination system and an internal CCD camera
[22], enabling precise object recognition [23], contact force
prediction [24], pose estimation [25], etc. In this work, we
employ DIGIT, a Gelsight-like sensor known for its compact
size and cost-effectiveness. Its ease of integration into various
robotic systems facilitates human-inspired tactile perception in
tool-use scenarios.

B. Force Sensing and Estimation with Vision-based Tactile
Sensors

Achieving precise sensing and reasoning about contact
forces remains a fundamental challenge in robotic manipu-
lation and interaction. Vision-based tactile sensors (VBTS)
have attracted significant attention due to their high-resolution
contact representation and their ability to capture rich, multi-
modal tactile information. Force estimation techniques using
VBTS can be broadly categorized into physics-based models
and deep learning approaches. Physics-based models aim
to explicitly relate tactile image properties to force values,
leveraging elasticity theory and finite element methods to
derive forces from features such as marker displacement
[8], RGB variations [26], indentation area [27], and optical
flow vectors [28]. While these methods offer interpretability,
they require precise calibration and often struggle to model
complex deformations and interactions accurately.

Deep learning approaches, in contrast, construct nonlinear
input/output relationships by learning implicit representations
directly from tactile images [29]. For instance, MLPs have
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Fig. 2. Network Architecture. The network takes as input both the contact
tactile images T'1, T2 and the corresponding reference images under zero-
force conditions T(l), Tg. Features are extracted using CNN-based encoders,
followed by a Global Attention Mechanism to refine spatial and channel-wise
representations.

been applied to estimate contact forces and torques from
marker displacement features [30], while CNN-based U-Net
architectures achieve high-accuracy three-dimensional force
distribution estimation and generalize effectively across real-
world VBTS scenarios [31]. ResNet architectures, particularly
multiscale variants (MS ResNet), have addressed challenges
such as gradient vanishing and improved multi-axis force
estimation by capturing both local and global deformation
patterns. These models have demonstrated superior perfor-
mance compared to AlexNet, VGG, and DenseNet, achieving
accurate predictions over a large force range of up to 30 N
[12]. Incorporating reference images captured under zero-force
conditions further enhances precision by providing a baseline
for extracting contact-free displacement features [32]. Despite
these advances, the application of VBTS for indirect force
estimation, such as in tool-use scenarios, remains largely unex-
plored, representing a promising direction for future research.

III. METHODOLOGY
A. Problem formulation

Our objective is to estimate the force applied at the tool tip
during tool-mediated interactions, specifically the normal force
FZ + F2, using
only information from vision-based tactile sensors mounted on
a two-fingered end-effector that grasps the tool. To formalize
the problem, we assume the tool is rigid to ensure no delay
in force transmission. Additionally, we assume the tool is
securely grasped only by the tactile sensor, with no significant
slip between the tool and the end-effector.

At any time instant t, as the tool is grasped to apply force F'
on the external object, the contact features are captured by the
two tactile sensors as tactile image frames T} and T%. These
contact features reflect the interaction-specific deformation

F, and the shear force magnitude F; =

patterns for each combination of grasp pose and tool, encoding
information relevant to the applied force. Corresponding ref-
erence image frames T and T9 captured under zero-force
conditions are utilized to provide a baseline that provides
information about the grasp pose and tool type. The objective
is to learn a regression model that implements the desired
mapping I € RPM*wxd [ ¢ R:

Ft = f(10) )

I' = [T, T, T, T @)

where f(-) denotes the mapping function, and 6 represents
the parameters of the proposed estimation model. During
optimization, the Mean Squared Error (MSE) between the

predicted forces and the ground truth is minimized to enhance
estimation accuracy:

1
E—argmelnﬁ;

where F*' denotes the ground truth force value, and n
represents the total sample numbers.
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B. Tool Force Estimation Model

Fig. 2 illustrates the network architecture of the proposed
tool force estimation model, which consists of two main
components: Feature Extraction and Force Regression. The
input of the network contains both the contact tactile images
T, T and the reference images TY, T for each sensor.
Unlike the non-contact images with no deformation typically
used as references in direct contact force estimation, the
reference images in this work capture the initial deformations
caused by securely grasping the tool while applying zero force
to the external object, which provides a baseline that enables
the model to effectively isolate force-induced deformations
from those caused by the initial grasp.

During the feature extraction stage, the concatenated pairs
of tactile and reference images from both sensors are pro-
cessed by the corresponding CNN-based encoders F; and
F5 to extract latent features. Each encoder consists of three
convolutional layers with 64,128, and 256 kernels, respec-
tively, followed by batch normalization to stabilize train-
ing and mitigate the effects of internal covariate shift. The
Global Attention Mechanism (GAM) is applied both to the
extracted representations of each sensor individually and to
the comprehensive feature vector that integrates information
from both fingers, serving distinct functions at these two
levels [33]. At the level of individual sensor representations,
the GAM focuses on enhancing salient spatial and channel-
specific features. This allows the model to capture fine-grained
deformation patterns that reflect the local contact conditions at
each grasping point, prioritizing informative features indicative
of force transmission. Additionally, the GAM refines the joint
representation by focusing on cross-sensor correlations and
global deformation patterns that arise from the integration
of tactile information from both sensors, which enables the
model to capture coordinated force transmission characteristics
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Fig. 3. Experiment setup. (a) A two-fingered end-effector equipped with
DIGIT vision-based tactile sensors grasps the tool and presses it against a
Nano17 force-torque sensor to collect data. Force readings are synchronized
with tactile images using an Arduino Mega 2560 and a DAQ adaptor. (b) A
variety of tools with different sizes, weights, and surface textures are used
to evaluate model generalization. (c) left: Nanol7 6-axis force-torque sensor.
right: DIGIT tactile sensor.

during tool-mediated interactions that cannot be inferred from
individual sensors alone.

The combined representations are subsequently fed into a
regressor built on a ResNet-101 backbone, which is able to
capture deep hierarchical features efficiently and to address
challenges such as gradient vanishing and exploding through
its residual connections. In order to perform regression, the last
softmax layer of the ResNet is removed and replaced with a
series of fully connected layers with ReL U activation functions
to obtain the predicted force.

IV. DATA COLLECTION AND IMPLEMENTATION

A URS robot arm is equipped with a custom two-finger end-
effector, each mounted with a DIGIT vision-based tactile sen-
sor. The tool is pressed against a Nanol7 force-torque sensor
to provide ground-truth force measurements. Data acquisition
is handled via an Arduino Mega 2560 and a DAQ adaptor.

A. Experiment Settings and data collection

As illustrated in Fig. 3, the setup in our experiments consists
of a custom two-fingered end-effector, each finger of which is
mounted with a flexible vision-based tactile sensor DIGIT. The
DIGIT sensor features a high spatial resolution of 640 x 480
pixels with a sensing area of 19 x 16mm? and operates at
a frame rate of 30 frames per second (FPS), allowing it to
capture fine-grained contact deformations in real-time [34].
During data collection, the end-effector is utilized to grasp
the tool securely to apply vertical pressure onto a Nanol7
six-axis force sensor, which provides the ground-truth force
measurement. The raw force signals are acquired using an
Arduino Mega 2560 microcontroller connected to the PC via
a DAQ adaptor, which are synchronously sampled with the
tactile images at a frame rate of 15 FPS. A set of daily
life tools, as displayed in Fig. 3 (b) are used to improve
the model’s generalizability, which differ in weight, size,
and surface texture. In human life, effective tool use often
involves dynamically adjusting the contact pose between the
end-effector and the tool to accommodate different tasks and

force requirements. Therefore, multiple grasping poses are
implemented for each tool, which are manually configured by
varying the orientation and insertion depth of the tool within
the gripper, as shown in Fig. 4 (b). This variation introduces
diversity in the grasp configuration and contact geometry,
aiming to cover a diverse range of interaction scenarios.

B. Dataset Overview

The collected dataset comprises a total of 39,197 pairs of
tactile frames captured by the two sensors, along with the
corresponding calibrated force values ranging from 0 N to 30
N. The characteristics of the dataset are illustrated in Fig. 4.

Fig. 4 (b) shows the time series data of the applied force
values during multiple pressing actions, alongside the root
mean square difference (RMSE) between the corresponding
tactile images and the reference image obtained under zero-
force conditions for both sensors. The consistent correlation
between the tactile information and the force variations sug-
gests that the deformations captured by the tactile sensors
effectively reflect the tool force during interactions, which
establishes a rough foundation for the proposed approach to
indirectly estimate the tool-tip force based on the observed
tactile feedback patterns. Additionally, the progression of
tactile images is displayed in Fig. 4, covering the phases of
initial contact, pressing, peak force, lifting and restoration.

In Fig. 4 (d), the force profiles for various tools and
grasp poses are displayed during a single pressing action. The
horizontal gray lines represent cross-sections of specific force
values across different interaction scenarios, as visualized in
Fig. 4 (c), which illustrates that the same force value can
correspond to different tool types and grasping poses, resulting
in a variety of tactile patterns. This finding highlights the
non-uniqueness of the tactile responses to the applied force,
posing the real challenge in estimating tool force estimation
for arbitrary grasp poses and tools.

C. Implementation Details

In the proposed method, the reference images are selected
as the tactile images from both sensors that correspond to
the zero-force condition, providing a baseline for capturing
force-induced deformations. This baseline is consistent across
tactile frames obtained within the same trial. All tactile images
are converted to greyscale and resized to 224 x 224 pixels
before being fed into the model. Additionally, the calibrated
force values are normalized to ensure numerical stability
during the regression process and later denormalized for error
calculation. Unless otherwise specified, mean absolute error
(MAE) is used as the primary evaluation metric in Section
V. Additionally, root mean square error (RMSE) and the
coefficient of determination (R?) are employed to further
assess the model’s performance. The input dataset, consisting
of paired reference and tactile images along with force labels,
is split into training, validation, and test sets with a ratio of
0.7:0.15:0.15. The model is trained using the Adam optimizer
with a learning rate of 0.0002 and the L1 loss criterion. A
batch size of 64 is used for training, and all experiments are
conducted on an NVIDIA RTX 4090 GPU.
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Fig. 4. Overview of the raw data. (a) Example tactile image sequences from both fingers during a pressing cycle, showing key phases: initial contact, pressing,
peak force, lifting, and restoration. (b) Tactile RMSE compared with ground-truth force over time, demonstrating consistency and responsiveness of tactile
signals to applied force (c) Tactile images and corresponding grasp poses for different tools. (d) Force signals for multiple tools and grasp poses. The same
force magnitude (e.g., at the horizontal line) corresponds to different tactile responses, highlighting the non-uniqueness of the tactile signal and the challenge

in generalizing force estimation across tool types and poses.

V. RESULTS

In this section, we assess the effectiveness of the proposed
indirect tool force estimation method by analyzing its per-
formance across various model configurations and interaction
scenarios. Specifically, we present the predictions in both data
and feature space to qualitatively evaluate the alignment be-
tween the estimated forces and the ground truth. Additionally,
a series of baseline models is introduced to examine the impact
of incorporating reference images, dual sensor information,
and the attention mechanism on force prediction accuracy
across different force ranges and tool types. Furthermore,
a linear regression analysis is conducted to quantify the
correlation between the predicted and actual forces for each
model, providing a comprehensive evaluation of the model’s
ability to accurately capture the underlying force transmission
dynamics. Finally, we include an extension study on shear
force estimation to further assess the generalizability of the
proposed framework.

A. Qualitative Assessment of Tool Force Estimation

Fig. 5 presents the predicted tool force values plotted against
the real forces, sorted in ascending order, on the test set.
Overall, the model effectively captures the underlying force
transmissions across different magnitudes, demonstrating a
strong alignment between the predictions and ground truth
forces. Given the inherent skewness in the dataset’s force dis-
tribution, the model exhibits slightly greater deviation at force
values exceeding 10 N while maintaining overall consistency
across most of the force range. This behavior is expected as the
imbalance in the dataset limits the model’s ability to generalize
to underrepresented force ranges.
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Fig. 5. Raw Prediction Result: Predicted normal forces (scatter plot) are
shown against the sorted ground-truth values (black dashed line).

The model’s performance is further examined through a
time-series analysis across multiple pressing actions, as illus-
trated in Figure 6. This comparison across different model
architectures provides general insights into the contribution
of various model components. The proposed model, which
integrates tactile information from both sensors along with
a reference image capturing the initial contact state, demon-
strates better stability and accuracy over time compared to the
baseline models. This enhancement is particularly significant
for downstream force control tasks in robotic tool use, where
precise and consistent force estimation is crucial for reliable
manipulation. Notably, when the model is deprived of either
dual-sensor information or the initial reference frame, higher
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Fig. 6. Comparison of prediction performance across model variants: Force
predictions over time are shown for three model configurations: Model with
single sensor information (darker blue), Model with dual sensors without
initial frame (lighter blue), and the proposed model combining dual sensor
information with initial frame (red).

fluctuations and deviations are observed in the predicted
forces, especially at peak values, which suggests that both
components are essential for providing a more comprehensive
representation of interaction dynamics.

B. Generalization across Tool type

As discussed in Section IV-B, although different tools may
stimulate distinct tactile responses, they can correspond to
equivalent force values. Consequently, a robust tool force
estimation model is supposed to generalize effectively across
diverse tool types to emulate the adaptability observed in
human tool use. As shown in Figure. 7, the proposed model
demonstrates consistent performance across different tools,
achieving relatively low mean prediction errors of 0.57 N,
1.89 N, and 1.30 N for Screwdriver 1, Screwdriver 2, and the
paper knife, respectively. The differences in error magnitudes
suggest that prediction accuracy is influenced by tool-specific
characteristics, such as size, weight, and surface texture.
Notably, Screwdriver 2, the heaviest and largest tool, exhibits
the highest variability in prediction error, with a standard
deviation of 3.49 N, which contrasts with Screwdriver 1, which
features a lighter weight and thinner handle size. In terms of
model architecture, the absence of dual-sensor combination
drastically deteriorates the prediction performance across all
three tools, producing a peak mean of 2.4IN and a standard
deviation of 4.55 N for screw driver 2.

C. Quantitative Assessment of Tool Force Estimation

The prediction error is broken down into various force range
windows to investigate the error distribution. As illustrated in
Fig. 8, the full model consistently yields the lowest error across
all force intervals, remaining MAE below 1.5 N. Notably, the
model without the initial frame exhibits increased error in the
mid-to-high force ranges(above 9 N), reaching an error of 1.86
N in the 12-15 N window. The single-sensor model performs
the worst, with the performance deteriorating significantly as
force magnitude increases, peaking at 5.54 N for forces above
21 N.

Fig. 9 further examines the prediction accuracy through
a linear regression analysis. The proposed model achieves
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Fig. 7. Prediction Performance across different tools: The bar plot shows the
tool force prediction error for three model variants evaluated on three daily
household tools: screwdrivers of two sizes and the paper knife. The error bars
indicate the standard deviation. The proposed model (dark gray) consistently
achieves the lowest error and variance.
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Fig. 8. Evaluation of prediction error across force ranges: The heatmap shows
the error of predicted forces across different real force intervals (x-axis) for
three model configurations (y-axis). The proposed model consistently achieves
the best performance across all force ranges, maintaining MAE below 1.5 N.

the highest coefficient of determination R? of 0.9743 and
MAE of 0.5964 N, indicating a strong correlation between
the estimation and the ground truth. The high R? close to
1 value indicates that 97.43% of the variance in real force
values is effectively captured by the model, highlighting its
reliability and robustness across different force magnitudes.
Additionally, removing the GAM attention mechanism de-
grades the performance, suggesting that the employment of
the attention mechanism enhances the representation of force-
related patterns as well as facilitates the feature fusion of the
two sensors.

Given the nature of tool-mediated interactions in this study,
where the tool is held at a downward angle during pressing,
force transmission is inherently asymmetrical between the
two tactile sensors, with this asymmetry becoming more pro-
nounced as greater force is applied. Due to momentum effects
and the non-uniform distribution of force through the tool,
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Fig. 9. Linear regression of prediction against real forces across model
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values, with the diagonal line indicating perfect prediction. The proposed
model (top-left) achieves the highest accuracy, with an R? of 0.9743 and
a MAE of 0.5964 N. Performance degrades in models using only a single
sensor or lacking an initial reference frame.

each finger perceives distinct contact dynamics. Consequently,
relying on a single sensor limits the model’s ability to fully
capture force-induced deformations, resulting in incomplete
or less accurate estimations. This limitation is evident in the
regression results, where the single-sensor model demonstrates
the worst performance, with increasing deviations as the
applied force magnitude rises.

In human tool use, tactile feedback provides the first cues
about a tool’s weight, stiffness, and texture before any exter-
nal forces are applied. This initial haptic perception enables
humans to understand a tool’s physical characteristics and
adapt their manipulation strategy accordingly. For instance,
the flexible bristles of a paintbrush versus the rigid body of
a crayon demand different grip adjustments and force appli-
cations. Before beginning a task, humans instinctively explore
and refine their grasp using this early tactile information to
optimize control and precision. Similarly, in robotic tool use,
establishing an initial force-free reference state forms a crucial
basis for accurate force estimation and adaptive manipulation.
As shown in Fig. 9, omitting this reference frame leads
to a greater drop in precision than removing the attention
mechanism, indicating that the absence of a force-free baseline
more strongly impairs prediction accuracy. While attention
enhances feature extraction, it cannot compensate for the lack
of a reference state, emphasizing the importance of contextual
information in effective tool-use behavior.

D. Shear Force Estimation

Since real-world tool use often involves diverse force con-
ditions such as shear and torque, we further evaluate the
generalizability of the proposed approach through shear force

Two sensors w/ initial frame Two sensors w/o initial frame Single Sensor w/ initial frame

175 R2 = 0.8417 75 R? = 0.7602 73 R? = 0.8088
MAE = 0.0675 N MAE = 0.0831 N MAE = 0.0748 N
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Fig. 10. Linear regression of prediction against real forces in shear force
estimation.

estimation. To this end, a new dataset was collected by sliding
tools across the force sensor surface to induce shear-dominant
interactions. Using the same model architecture and training
protocol, the model was retrained to predict the shear force
F2 + F2.

Fig.10 demonstrates that the proposed model maintains
strong effectiveness under shear force conditions, with the
full configuration achieving the best results across all three
metrics. The decline in accuracy when omitting the initial ref-
erence frame further emphasizes the importance of context in
force interpretation. Notably, in shear-based tool interactions,
deformation tends to concentrate on the finger opposite the
direction of motion. Despite this asymmetry, the inclusion of
both tactile sensors improves estimation, suggesting that even
the less-deformed sensor contributes contextual information,
such as relative motion cues or grasp stability. This reflects a
parallel in human tool use, where two fingers jointly gather
complementary tactile information that helps disambiguate
contact conditions and guide force modulation. These findings
demonstrate the adaptability of our framework to alternative
force directions and interaction modalities, further supporting
its applicability to a wider range of tool-use scenarios.

magnitude F =

VI. CONCLUSION

Humans exhibit a remarkable ability to seamlessly integrate
tools into their actions, effectively extending their sensory and
motor capabilities. This skill enables precise force control
in complex, tool-mediated tasks, where tactile feedback is
essential for interpreting force transmission through the tool.
Inspired by this capability, our work demonstrates indirect
tool force estimation for robotics, leveraging vision-based
tactile sensing (VTS) and deep learning to infer applied forces
without direct measurement at the tool tip. Through both
qualitative and quantitative evaluations, our model effectively
captures force transmission dynamics, achieving promising
results with a mean absolute error (MAE) of 0.5964 N across
a force range of 0 N to 24 N. Moreover, the proposed
model generalizes across tools with varying sizes, weights, and
surface properties, maintaining consistent performance despite
differences in tool characteristics and grasping poses. This
demonstrates robustness to diverse force transmission patterns.

Through a comparative study of model components, we
identify key factors influencing tool force estimation accuracy,
grounded in the nature of tool-use behavior and its biological
inspiration. Results show that dual-sensor input is critical
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for capturing asymmetric force perception, while an initial
zero-force reference frame provides essential context to dis-
tinguish grasp-induced from externally applied deformations.
The attention mechanism further enhances feature extraction
and estimation accuracy. Finally, successful extension to shear
force estimation confirms the generalizability and flexibility of
our framework across diverse force modalities encountered in
real-world tool use.

While this study confirms the feasibility of indirect tool
force estimation through VTS, several areas remain open
for future research. One key challenge is slippage detection,
as unintended tool motion relative to the sensor or exter-
nal object can affect estimation accuracy. In addition, force
transmission in tool use involving torsional forces remains
insufficiently explored. Future work will therefore address
more complex interaction conditions, including slip, torsion,
and combined loading scenarios. The proposed model also
provides a promising perception module that can be integrated
with advanced control strategies, enabling robots to perform
a broader range of tool-mediated manipulation tasks. Overall,
this work represents a significant step toward robotic systems
with dexterity and adaptability comparable to human tool
users.
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