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Fig. 1: Sensors from a five-fingered robot hand equipped with vision-based tactile sensors (VBTS) are used to evaluate
TacViT and CNN models. Three experiments are conducted to assess model performance: training and testing on the same
sensor (Tr1–Te1), training on all sensors and testing on one seen during training (Tr5–Te1), and training on four sensors and
testing on an unseen sensor (Tr4–TeU). These experiments reveal that TacViT generalizes to new sensors without retraining.

Abstract— Rapid deployment of new tactile sensors is es-
sential for scalable robotic manipulation, especially in multi-
fingered hands equipped with vision-based tactile sensors.
However, current methods for inferring contact properties
rely heavily on convolutional neural networks (CNNs), which,
while effective on known sensors, require large, sensor-specific
datasets. Furthermore, they require retraining for each new
sensor due to differences in lens properties, illumination, and
sensor wear. Here we introduce TacViT, a novel tactile percep-
tion model based on Vision Transformers, designed to generalize
on new sensor data. TacViT leverages global self-attention
mechanisms to extract robust features from tactile images,
enabling accurate contact property inference even on previously
unseen sensors. This capability significantly reduces the need
for data collection and retraining, accelerating the deployment
of new sensors. We evaluate TacViT on sensors for a five-
fingered robot hand and demonstrate its superior generalization
performance compared to CNNs. Our results highlight TacViT’s
potential to make tactile sensing more scalable and practical
for real-world robotic applications.

I. INTRODUCTION

The use of artificial tactile sensing is crucial in achiev-
ing intelligent robotic manipulation [1], gaining increasing
attention in recent years as contact-rich information cannot
be acquired by solely vision sensing due to occlusions or
varying lighting conditions [2]. Vision-based tactile sensors
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(VBTS), like the TacTip [3], provide high-resolution images
of contact interactions, enabling the use of vision-based
methods to estimate contact pose, which may then be used
for tactile-driven robot control [4]. TacTip sensors are low-
cost and easily customisable as they are 3D printed, but
their manufacturing process can introduce sensor-specific
variations such as changes in lens properties, illumination
conditions, and sensor wear over time.

Current state-of-the-art methods for estimating contact
pose from TacTip use convolutional neural networks (CNNs)
to extract features from tactile images and use supervised
deep learning to train a model to accurately predict con-
tact variables [5]. While CNNs have demonstrated strong
performance on known sensors (trained on data from a
single sensor), their ability to transfer knowledge to unseen
sensor data is limited, even if the new sensor is of the
same form factor. This is due to CNN’s reliance on local
spatial hierarchies, which does not generalize well to sensor
variations, even if these variations are minor. This is quite
limiting when working on multi-fingered robot hands with
tactile fingertips, where adding a new sensor would require
collection of new data and training of a new model. In
contrast, Vision Transformers (ViTs) [6] use self-attention
mechanisms to model long-range dependencies, making them
well-suited for generalising across multiple sensors. Unlike
CNNs, which extract features in a hierarchical manner, ViTs
process entire input images as sequences of patches, enabling
more flexible feature learning. Recent work has demonstrated
the potential of ViTs in various perception tasks [7], [8],
however, their application in tactile sensing remains largely
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unexplored. Given the significant variants in different tactile
images from TacTips of the same design (as shown in Fig. 2),
an approach for estimating contact variables which is robust
to new unseen sensor data would be highly beneficial.

To address the challenge of deploying new tactile sensors
without retraining, this paper introduces TacViT, a Vision
Transformer-based model designed for tactile perception.
TacViT uses a pre-trained ViT model fine-tuned on tactile
images and labels for prediction of contact pose and force.
Its performance is evaluated by testing it on sensors from a
five-fingered robot hand, including an unseen new sensor to
assess its generalisation capability (Fig. 1). Our contributions
are:

1) We propose TacViT, a ViT-based tactile perception
model that generalizes to new, unseen sensors, main-
taining accuracy and consistency.

2) By reducing the need for sensor-specific data collection
and retraining, TacViT enables faster and more scalable
deployment of new tactile sensors in multi-fingered
robotic hands.

3) We validate TacViT’s performance through a series
of experiments on tactile sensors from a five-fingered
robot hand, comparing its accuracy and robustness
against CNNs across multiple sensor configurations.

Fig. 2: Examples of tactile images from different sensors:
Evident variation in the tactile images collected from differ-
ent TacTip-style sensors.

II. BACKGROUND AND RELATED WORK

Tactile sensing in robotics has evolved from single-point
force sensors capable of providing basic contact information
[9] to high-resolution, vision-based sensors [10], [11]. This
transition has enabled access to richer contact information,
but has also introduced new challenges related to process-
ing this data to extract relevant information accurately and
efficiently.

The Bristol Robotics Laboratory (BRL) TacTip (shown
in Fig. 2) is an artificial visuotactile sensor [3]. The sensor
is biomimetic to human touch, featuring an opaque rubber
skin, on the underside of which is an array of contrasting
markers cantilevered on pins. These pins are analogous to
the subdermal papillae central to human tactile sensing [10],
[12]. The volume beneath the skin is divided by an acrylic
window and encapsulated by clear silicone gel. A camera is
then used to observe the marker array, which shifts under
deformation of the skin. The resulting tactile images may

then be fed through various vision algorithms to extract
contact information [3].

Earlier works with the TacTip focused on statistical and
feature based methods for tactile perception [13]. As GPU-
accelerated methods became more widely available, the focus
shifted to use of CNNs and supervised deep learning [4].
Whilst CNN-based approaches are able to output highly
accurate contact pose predictions, they require thousands
of domain-specific training data points for each new sen-
sor configuration [4]. This is because minor differences in
camera angles, lighting conditions, and sensor materials can
introduce distribution shifts that significantly degrade CNN
performance due to their focus on learning from localized
features. This introduces a bottleneck, making large-scale
deployment impractical. [4], [14].

On the other hand, Vision Transformers (ViTs) offer a
promising solution by learning more generalizable feature
representations, reducing the dependency on domain-specific
training data [6]. Whilst they do require large amounts of
data for pre-training, they are able to be fine tuned on a
much smaller, task specific dataset. They were originally
developed for image classification tasks, where they demon-
strated superior performance compared to CNNs on large-
scale datasets such as ImageNet. By leveraging self-attention
mechanisms, ViTs can model long-range dependencies with-
out the constraints of local receptive fields. This enables them
to generalize better across domains, as they are not biased
towards specific spatial hierarchies.

Following their success in classification, ViTs have been
extended to various regression-based tasks, including depth
estimation [15], global object pose estimation [16], and
robotic perception [17]. These applications demonstrate the
flexibility of ViTs in tasks beyond classification, where pre-
cise spatial relationships between input features are crucial.
Our work builds on this foundation by applying ViTs to
VBTS, specifically for predicting depth and orientation from
tactile images.

Our ViT for tactile perception (TacViT) builds upon re-
cent advances in ViTs to improve tactile perception across
multiple sensor domains. By leveraging self-attention mech-
anisms, TacViT captures global dependencies within tactile
images, enabling it to generalize well to sensor domains
unseen during training. This eliminates the need for extensive
retraining when deploying new sensors, making tactile sens-
ing more scalable for real-world applications. Our approach
is particularly relevant as robotic manipulation systems move
towards multi-fingered hands with distributed tactile sensing
[18]. Instead of training separate models for each sensor,
TacViT provides a unified framework that can adapt to new
sensor domains with minimal additional training.

III. METHODOLOGY

A. Model Architecture

The architecture of TacViT (shown in Fig. 3) is divided
into two distinct stages. First, a ViT model pre-trained
on images from ImageNet (Google’s vit-base-patch16-224)
extracts feature embeddings from tactile images taken from
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Fig. 3: TacViT pipeline: a tactile image is divided into patches which are linearized and fed through a transformer encoder.
The transformer extracts feature embeddings from the image, which is then passed through a regression head consisting of
several fully connected (FC) layers to output pose predictions.

multiple sensors in batches. These feature embeddings are
then fed into a regression head along with pose and force
labels corresponding to each sample in the batch, outputting
predicted pose and force values. Training loss is then cal-
culated by comparing the predicted values with the ground
truth, which is backpropagated through the network to tune
the weights. Details of the experiments, data collection
process and training pipeline are provided in the following
subsections.

B. Evaluation Experiments

To evaluate TacViT’s ability to generalize to new sensors,
we design experiments that simulate real-world deployment
scenarios where a new sensor is introduced without prior
training data. Three experiments were performed across
multiple (five) fingertip tactile sensors using two model
architectures, the TacViT model and a standard CNN model
for comparison:

1) Tr1-Te1: Model Performance on Single Sensors (base-
line): To establish baseline performance, we first evaluate the
architectures on data from a single sensor for five different
fingertip sensors. This is done by training a model on tactile
images from one sensor and testing it on tactile images from
the same sensor (Tr1-Te1).

2) Tr5-Te1: Model Performance on Multiple Known Sen-
sors: Once baseline performance is established, we evaluate
the two model architectures on data across all five different
fingertip sensors. This is done by training a model on tactile
images from all five sensors and testing it on tactile images
from one of the sensors seen in training (Tr5-Te1).

3) Tr4-TeU: Model Performance on Unseen Sensors: In
the last experiment, we want to evaluate the ability of each
architecture to generalise to a new fingertip sensor unseen
during training. This is done by training a model on tactile
images from four sensors and testing it on tactile images
from a new sensor unseen during training (Tr4-TeU).

For each experiment, five models were trained to represent
all distinct sensor data combinations. Evaluating all combi-
nations highlights any underlying bias a model may have to

learning features from specific tactile sensors.
Performance is gauged on the average mean absolute

error (MAE) across all models trained using both TacViT
and CNN approaches, an established metric in evaluating
performance for these sensors [4], [5]. Additionally, the
spread of MAE across all models is computed to evaluate
the generalisation to a new unseen sensor.

C. Data Collection

The data collection was based on previous work with train-
ing convolutional neural networks with the TacTip family of
sensors [5]. Training data was collected by mounting each
tactile sensor to the wrist of a Universal Robots UR5 indus-
trial robot arm and contacting the sensor with a uniform flat
surface at pre-determined poses. 3000 six degree-of-freedom
Cartesian end-effector movements, which form the labels
used in training, are generated within the following ranges:
x, y ∈ [−2, 2]mm, z ∈ [0, 4]mm, Rx, Ry ∈ [−20◦, 20◦].
The force ranges derive from these pose ranges and are
approximately Fx, Fy ∈ [−3, 3]N and Fz ∈ [0, 10]N. The
robot is moved so that the sensor is brought into contact with
the surface at the specified poses. The sensor is then sheared
tangentially across the surface according to a displacement
(x, y), a practice that allows the model to ignore these
perturbations, making it more robust to surface-dependent
shear during servoing tasks [5]. Following a short pause, the
resultant tactile image is captured and stored.

D. Training

TacViT and CNN models were trained using a PC running
Windows 10 on an Nvidia 3070 GPU with CUDA 11.8. The
software was developed in Python 3.11, using PyTorch 2.6
for learning.

Both models are trained using a supervised learning
approach, where the model learns to predict depth (z),
orientation (Rx, Ry), and contact force (Fx, Fy, Fz) from
tactile images. In total, 15000 tactile images were used,
collected from 5 sensors (3000 per sensor). Data are used in a
80/20 split for training/validation, where 20% of the training
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data are held-out to prevent overfitting. The training process
for the TacViT model consists of the following stages:

1) Forward Pass: Given an input tactile image X , it is
first divided into non-overlapping patches of size P × P .
Each patch is linearly embedded into a fixed-dimensional
feature space: E = WpXp + bp, where Xp represents a
patch, Wp is the learnable weight matrix, and bp is the bias
term. These patch embeddings are then passed through the
Vision Transformer encoder, consisting of multiple layers of
self-attention and feedforward networks. The final output
representation is extracted and passed to the regression
head: ŷ = fθ(E), where ŷ represents the predicted depth
and orientation, and fθ denotes the transformer model with
learnable parameters θ.

2) Fine-tuning with LoRA: To improve computational
efficiency, we apply Low-Rank Adaptation (LoRA) during
fine-tuning [19], [20]. Instead of updating all transformer
weights, LoRA introduces low-rank matrices into the self-
attention layers: ∆W = WAWB , where WA ∈ Rd×r

and WB ∈ Rr×d are trainable low-rank matrices, with
r ≪ d. These matrices capture task-specific adaptations
while keeping the pre-trained ViT parameters mostly frozen,
allowing for more stable fine-tuning on tactile images.

Initially, only the regression head is trained while the trans-
former layers are kept frozen. After several epochs, selected
transformer layers are unfrozen, enabling the model to fine-
tune deeper representations. This gradual unfreezing strategy
prevents catastrophic forgetting and stabilizes training.

3) Loss Computation and Backpropagation: The model
is trained using Mean Squared Error (MSE) loss, calculating
the difference between the predicted and ground truth values:
L = 1

N

∑N
i=1(ŷi − yi)

2, where N is the batch size, yi is the
ground truth label, and ŷi is the model prediction.

To update model parameters, the gradients of the loss
function with respect to each parameter are backpropagated
through the transformer layers, adjusting the self-attention
weights, feedforward layers, and the regression head. The
parameters are updated using the Adam optimizer.

4) Validation Process: Experiments Tr1-Te1 and Tr5-Te1
use hold-out cross-validation where 20% of the data across
one or all tactile sensors is held back for testing. Experiment
Tr4-TeU uses a form of 5-fold cross-validation, where the
data from one of the five sensors is used to test and the
other 4 sensors used for training (permuting the test sensor
to find an average performance over all sensors).

The key hyperparameters and structural details of TacViT
and CNN are outlined in Tables I, and II respectively.

IV. RESULTS

Results are shown for all three evaluation methods and for
each of the five sensors. Table III shows the mean average
error (MAE) of all pose and force variable predictions for
the CNN and TacViT models. Table IV shows the overall
mean MAE across all predicted variables for both CNN and
TacVit models. Means are calculated from the distribution of
MAE across the models trained for each experiment, which
encompass all distinct combinations used in training.

TABLE I: TacViT Model Hyperparameters and Architecture

Parameter Value
Image Resolution 224× 224
Patch Size 16 ×16
Number of Patches 196
Embedding Dimension 768
Number of Transformer Layers 12
Number of Attention Heads 12
MLP Hidden Dimension 3072
Number of Regression Layers 4
Dropout coefficient 0
Activation Function ReLU
Optimizer Adam
Learning Rate 1e-4
Weight Decay 1e-5
Batch Size 16
Loss Function Mean Squared Error (MSE)

TABLE II: CNN Hyperparameters

Parameter Value
Number of convolutional hidden layers 4
Number of convolutional kernels 480
Number of fully connected layers 2
Number of dense hidden layer units 512
Hidden layer activation function ReLU
Dropout coefficient 0
Batch size 16
Adam decay 1× 10−6

Adam β1 0.9
Adam β2 0.999

A. Tr1-Te1: Train and test on single sensor

In the Tr1-Te1 experiments, where training and valida-
tion are performed on individual sensor data, performance
is generally comparable with TacViT performing slightly
worse overall. The performance of both approaches on this
experiment is good, exhibiting low MAE (high accuracy)
and low standard deviation (consistency across multiple
domain combinations). Previous studies have shown that
zMAE < 0.1mm, (Rx, Ry)MAE < 2.5◦ and FMAE < 1N
is considered to be acceptable [5].

B. Tr5-Te1: Train on five sensors and test on one seen sensor

In the Tr5-Te1 experiments, where the model is trained on
data from five sensors and tested on data from a single seen
sensor, performance is again generally comparable between
the two methods but it is better than the Tr1-Te1 experiment.

C. Tr4-TeU: Train on four sensors and test on one unseen
sensor

In the Tr4-TeU experiment (where models are tested on
data from an unseen sensor) the CNN performance is notice-
ably worse, exhibiting mean MAEs an order of magnitude
higher than seen at baseline, as well as distributions of MAE
up to 2.2 standard deviations from the mean. Conversely,
TacViT’s performance worsens but to a much lesser extent.
Mean MAEs are higher than at Tr5-Te1, but accuracy is still
good overall within the expected error values for robotics
applications. In addition, TacViT retains much lower standard
deviations than the CNN approach, showing better consis-
tency across domain combinations.
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TABLE III: MAE of predicted contact pose and force for all three evaluation experiments (Tr1-Te1, Tr5-Te1, Tr4-TeU)
tested on individual five sensors of the robot hand using the TacCNN and TacViT models.

CNN TacViT
Sensor # z (mm) Rx(◦) Ry(◦) Fx (N) Fy (N) Fz (N) z (mm) Rx(◦) Ry(◦) Fx (N) Fy (N) Fz (N)

#1 0.1251 1.1292 1.0961 0.1699 0.1688 0.4296 0.0675 1.5379 1.5292 0.1943 0.1970 0.4829
#2 0.1013 0.8702 0.8642 0.1110 0.1093 0.2585 0.0599 0.7189 0.7407 0.0953 0.0725 0.1945
#3 0.0959 0.7548 0.7464 0.1118 0.1071 0.2722 0.0542 0.6676 0.6163 0.0937 0.0992 0.2319
#4 0.0860 0.7934 0.7964 0.1145 0.1137 0.2549 0.0735 0.9455 0.8948 0.0974 0.1093 0.2207

Tr1-Te1

#5 0.0981 0.7263 0.7482 0.1208 0.1225 0.3010 0.0678 1.2899 0.6957 0.0939 0.1012 0.2931
#1 0.1111 1.0749 1.0635 0.2038 0.2063 0.5376 0.0637 3.6944 2.7510 0.1934 0.1725 0.5662
#2 0.0775 1.3379 1.4834 0.1279 0.1041 0.3422 0.0584 1.1625 0.8478 0.0822 0.0869 0.2104
#3 0.0630 0.9290 1.4435 0.0917 0.0961 0.2373 0.0634 1.0925 0.9822 0.0994 0.0778 0.2156
#4 0.0763 0.7292 0.7936 0.1207 0.1205 0.2747 0.0641 1.2412 1.1337 0.1047 0.0700 0.2333

Tr5-Te1

#5 0.0838 0.7499 0.7756 0.1184 0.1244 0.3453 0.0518 1.1398 1.2224 0.0962 0.0908 0.2810
#1 0.2455 8.9341 6.0919 0.5508 0.6224 1.2887 0.0821 6.9181 6.3864 0.3467 0.2811 0.8304
#2 0.1767 4.0040 3.3047 0.2643 0.2992 0.4982 0.0873 1.6298 1.9585 0.1483 0.1327 0.4179
#3 0.1855 3.3189 3.1848 0.3123 0.3071 0.5289 0.0572 1.3993 1.4604 0.0941 0.0925 0.2463
#4 0.1510 3.9860 4.1689 0.3220 0.4329 0.4769 0.0703 1.9415 1.6366 0.1649 0.1616 0.3364

Tr4-TeU

#5 0.2991 8.5944 6.7381 0.5083 0.4673 1.3176 0.1009 1.6814 1.8652 0.1690 0.1568 0.3381

TABLE IV: Comparison of Mean MAE of predicted contact pose and force for CNN and TacViT models.

CNN TacViT
z (mm) Rx (◦) Ry (◦) Fx (N) Fy (N) Fz (N) z (mm) Rx (◦) Ry (◦) Fx (N) Fy (N) Fz (N)

Tr1-Te1 Mean MAE 0.1013 0.8548 0.8503 0.1256 0.1243 0.3832 0.0646 1.0320 0.8953 0.1149 0.1158 0.2846
Tr5-Te1 Mean MAE 0.0823 0.9642 1.1119 0.1325 0.1303 0.3474 0.0625 1.6514 1.3855 0.1207 0.1065 0.3344
Tr4-TeU Mean MAE 0.2116 5.7675 4.6977 0.3915 0.4258 0.8221 0.0796 2.7140 1.8330 0.1846 0.1649 0.4338

Fig. 4: Strip plots showing the distribution of mean absolute error (MAE) using TacViT and CNN on the three evaluation
experiments. Each diamond point represents each model trained per method and per experiment (encompassing all distinct
training combinations).

The above results are further visualized in Fig. 4, which
shows strip plots of MAE for predicted pose and force
variables for all models trained for all three experiments Tr1-
Te1, Tr5-Te1 and Tr4-TeU. We see that in the Tr1-Te1 and
Tr5-Te1 experiments, points for both CNN and TacViT are
of low value and relatively tightly clustered. For the Tr4-
TeU experiment, the MAEs for the CNN approach are much
larger and exhibit a much larger spread. In contrast, points
for TacViT are higher than its Tr5-Te1 (as expected) but only
by a small amount and still remain clustered relative to the
equivalent CNN results.

Fig. 5 shows the difference in performance of each ar-
chitecture in practice. The figure shows typical examples
of predicted vs ground truth values for each experiment
for both CNN and TacViT approaches. The plots for both

methods in the Tr5-Te1 experiment are similar, as expected,
with slightly more noise evident in TacViT. The performance
degradation of the CNN approach on the Tr4-TeU is clear,
with predictions becoming significantly noisier, whilst also
failing to predict values in the correct range for z (prediction
value starts at 2mm rather than 1mm). Conversely, we see a
relatively small increase in noise for TacViT and prediction
ranges correct, indicating significantly greater robustness in
generalising to an unseen sensor than using a CNN.

V. DISCUSSION AND CONCLUSIONS

Our results confirm that TacViT enables generalization to
new, unseen sensors - an essential capability for scalable
tactile sensing in multi-fingered robot hands. This removes
the need for retraining models for each individual fin-
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Fig. 5: Example scatter plots displaying the predicted vs ground truth value for each pose and force parameter for each
experiment using TacViT and CNN. Significant performance degradation can be seen in the CNN, whereas TacViT adapts
better to data from an unseen domain.

gertip sensor, significantly reducing deployment time and
data collection effort. We have shown that ViTs general-
ize significantly better to new unseen sensors than CNNs
by evaluating performance across multiple TacTip sensors
mounted on a five-fingered robot hand. We attribute the
superior performance of ViTs over CNNs to two key factors.
Global attention mechanisms allow ViTs to better integrate
information across disparate regions of an image. In the
case of VBTS, this facilitates improved generalization across
different sensors when faced with sensor-specific variances
in tactile images such as artifacts, glare or brightness differ-
ences (Fig. 2). Hierarchical feature learning for VBTS makes
models more robust to noise or artifacts introduced into
tactile images by individual sensor variances. Studies have
shown that this capability leads to robustness against domain-

specific variances and allows for more effective adaptation
to new, unseen domains [21], [22].

Some issues include that ViTs typically require larger
datasets to fully exploit their self-attention mechanisms
[23]. Unlike CNNs, which can effectively learn hierarchical
features from relatively limited data due to their strong
inductive biases, ViTs rely on large-scale pre-training to
achieve competitive performance [6]. In this study, we were
able to get reasonable results using a ViT model pretrained
on a publicly available dataset of general images (ImageNet),
fine tuned on tactile images. This is possible due to the
global nature of ViT learning, making these large pre-trained
models excellent at extracting features from unseen domains.
Performance is likely to be improved if a ViT were trained
from scratch on a large dataset of many thousands of tactile
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images. Whilst resource intensive, the results of this paper
suggest this to be a worthwhile avenue for future work.
Another future direction would be to tailor the architecture
design to tactile-specific priors such as symmetry or surface
topology, which are particularly relevant in multi-fingered
hands with repetitive sensor geometries. While this study
focuses on TacTip sensors, which are widely used and rep-
resentative of vision-based tactile sensing, we acknowledge
that evaluating TacViT on other vision-based tactile sensor
types would be valuable to assess its broader applicability.

Overall, in this paper, we introduced TacViT: a vision
transformer-based architecture designed for generalising to
new unseen sensor data in pose and force prediction for
TacTip-style vision-based tactile sensors. We demonstrated
that TacViT enables robust inference on new, unseen sensors
without retraining, addressing a key challenge in deploying
vision-based tactile sensors at scale. This work represents a
step toward practical, plug-and-play tactile sensing in robotic
manipulation, particularly in multi-fingered hands where
sensor interchangeability is critical. Our work compares
to traditional convolutional neural networks by comparing
baseline performance of both approaches when tested on
data from sensors seen during training vs data from an
unseen sensor, evaluating mean absolute error and standard
deviation as performance metrics. These results highlight the
potential benefit of using ViTs in VBTS applications where
even minor variations between sensors can degrade CNN
model performance. Whilst TacViT outperformed the CNN
in this case, there is still room for improvement. Quickly
deploying new vision-based tactile sensors in multi-fingered
robot hands is a significant limiting factor in the field; this
work represents a step towards solving that problem and
closing the gap on mainstream adoption of high-resolution
tactile sensing in robotic manipulation.
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