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Abstract— Force estimation is crucial for robotics, human–
machine interaction, and industrial automation. However, tra-
ditional methods are often hindered by high cost, mechanical
wear, and limited accuracy in dynamic scenarios. Vision-based
tactile sensing provides a promising alternative, yet existing
approaches commonly rely on static calibration and degrade
under dynamic interactions such as slip. To overcome these
limitations, we present a novel force prediction framework
for TacTip sensors, termed as Frame-stack Force Prediction
Method (FFPM). The framework integrates a Dynamic Tactile
Flow Encoder to capture spatiotemporal features, enabling ac-
curate modeling of dynamic force variations. An Exponentially
Weighted Residual Correction strategy is further introduced
to refine predictions by leveraging historical residuals, yielding
smoother and more reliable force estimation. The predicted
forces are incorporated into a force-tracking impedance control
scheme, achieving precise tracking during slip interactions.
Experiments on our constructed dataset demonstrate state-of-
the-art performance, reducing MAPE to 12.54%, and further
validate the effectiveness of the proposed framework in real-
world dynamic force estimation and control.

I. INTRODUCTION

Force estimation aims to predict and quantify the inter-
action forces between robot and its environment to enable
precise and adaptive manipulation, which is a fundamental
technique in human-machine interaction and industrial au-
tomation. Traditional approaches generally rely on physical
force sensors, which suffer limitations of high cost and me-
chanical wear [1]. With the rapid development of embodied
intelligence and deep learning, vision-based methods [2]
could utilize object deformation, motion, or other visual cues
to predict forces, and hence have gained increasing attentions
due to their advantages of non-contact measurement, low
cost, and ease of deployment. However, they still face
challenges in dynamic scenarios, especially under lighting
variations, occlusions, fast interactions, or micro-deformed
and low-textured surfaces [3].
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Fig. 1. Illustration of tactile force estimation in dynamic slip movements.
(a) A tactile sensor mounted on a robot with a 6D force/torque sensor sliding
across rough surface. (b) The effect of different slip speeds (2%, 5%, 10%,
and 15% of maximum speed) on force data in Z, X , and Y -axes. The results
show minor variations in the Z-axis but significant changes in the X–Y
plane. (c) Structural similarity of force prediction at various slip speeds,
where prediction accuracy decreases as slip speed increases.

In contrast, optical tactile sensors provide a more direct
and robust means of inferring forces. These sensors employ
an internal camera to capture the deformation of a soft
surface through patterns of light propagation, reflection, or
scattering. The resulting tactile images can be processed,
typically using Finite Element Method (FEM) models or
advanced Neural Networks (NNs), to extract rich contact
information, including force, slip, texture, and pressure dis-
tribution [4], [5], [6]. A central research focus is the construc-
tion of stiffness matrices [7] or force calibration models [8]
to map tactile images to force measurements, which is crucial
for robotic manipulation. However, these calibration methods
are typically predefined under static conditions, limiting
their effectiveness in dynamic interactions, particularly when
tactile sensors such as TacTip undergo large deformations
during slip. As noted in [9], dynamic contact forces are often
smaller than static ones due to reduced friction coefficients,
further complicating accurate prediction.

To intuitively demonstrate these issues, we design an
experimental platform using a TacTip sensor mounted on
a robot equipped with a 6D force/torque sensor (Fig.1 a).
During experiments, the robot slides the sensor across rough
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Fig. 2. Overview of the proposed framework for force estimation. Step 1: a frame-stack force prediction method is developed to enhance prediction
accuracy under dynamic interactions. Step 2: an Exponentially Weighted Residual Correction strategy is applied to further refine the predictions. Step 3:
based on the corrected results, a force-tracking impedance control scheme is constructed for precise interaction.

surfaces while recording tactile images and ground-truth
forces. Results show that different slip speeds have only mi-
nor effects on Z-axis forces but cause significant variations
in the X–Y plane (Fig.1 b). In addition, a CNN is applied
to tactile images, achieving structural similarity greater than
95% at low slip speeds (Fig. 1 c). However, the accuracy
drops to approximately 60% at higher speeds, highlighting
the insufficiency of static, single-frame prediction.

These findings motivate the exploration of video-stream-
based tactile force estimation, which leverages temporal
continuity to provide smoother and more stable predic-
tions—similar to advances in visual object recognition. Nev-
ertheless, two primary challenges remain for tactile force
prediction using video streams:

• Prediction based on future frames. During training,
sequences centered on current frame can include both
past and future frames, enabling better averaging of
force estimates. However, in real applications, future
frames are unavailable, which limits predictive accuracy.

• Prediction–control integration. Predictive control re-
quires both forward-looking force prediction and back-
ward error correction. Historical data alone can not
support real-time force prediction or correct prediction
errors.

To address these challenges, we propose a novel frame-
stack force prediction method for TacTip sensors in dynamic
interactions. This framework leverages a tactile flow method
to process sequential tactile images and capture spatiotem-
poral features, and further incorporates an Exponentially
Weighted Residual Correction strategy to refine predictions
for smoother and more reliable force estimation. The overall
structure is illustrated in Fig. 2 and consists of three modules.
The main contributions of this work are summarized as
follows:

• We introduce a novel Frame-stack Force Prediction
Method that effectively models dynamic interaction
forces by processing sequential tactile images. This
method incorporates a dual-stream architecture featur-
ing a Dynamic Tactile Flow Encoder, enabling the

framework to decouple and capture both subtle spatial
deformations and complex spatiotemporal flow features.

• We propose an Exponentially Weighted Residual Cor-
rection mechanism to refine frame-stack predictions for
smoother and more reliable force estimation, which
is further integrated into a force-tracking impedance
control strategy to improve slip interaction accuracy.

• Extensive experiments demonstrate that the proposed
method achieves state-of-the-art performance on self-
constructed dataset, reducing the MAPE to 12.54%. Fur-
thermore, its effectiveness and robustness are validated
through real-world robotic force-tracking tasks.

II. RELATED WORKS

A. Conventional Force Estimation Methods

Conventional methods play a crucial role in force esti-
mation, particularly when combined with data-driven ap-
proaches. Peng et al. [10] developed a FEM-based modeling
approach that generates 3D contact force labels to train
regression models for dense force estimation. Lin et al. [11]
proposed a compact visuotactile sensor capable of recon-
structing 3D contact shape and estimating 6-DOF force. Shan
et al. [12] enhanced tactile image dimensionality by introduc-
ing magnetic markers to achieve high-precision non-contact
force estimation. Fan et al. [13] demonstrated the feasibility
and engineering advantages of rapid manufacturing for visuo-
tactile sensors. Andrussow et al. [14] developed a fingertip-
sized sensor that outputs high-resolution 3D contact force
maps at 60 Hz. However, conventional approaches often
suffer from limited scalability and adaptability to complex,
high-dimensional tactile data, making them less effective for
real-time force estimation in dynamic interactions.

B. Tactile Sensing with Deep Networks

Recent years have witnessed rapid progress in tactile
sensing and force estimation, with efforts spanning from
physics-inspired modeling to learning-based methods. Liu et
al. [15] proposed a contact state estimation method that ex-
plicitly models environment dynamics and constraints.Wang
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Fig. 3. Overview: The architecture consists of four components: data processing, dynamic tactile flow encoder, dual-stream feature fusion, temporal
modeling. The input sequence I is preprocessed to obtain I′, which is fed into two parallel branches: a CNN branch producing F seq

cnn and a tactile-flow
branch processing differential images to generate F seq

flow . After feature fusion, the final representation F t
final is obtained, which is further modeled by

LSTM for temporal dynamics and passed to the prediction head for frame-wise 3D force estimation {Fx, Fy , Fz}.

et al. [16] introduced TACTO, a simulator providing high-
fidelity tactile data and benchmarks for learning-based force
estimation. Gao et al. [17] developed a temporal-convolution-
based approach to capture dynamic tactile signals for real-
time slip detection. Hu et al. [18] estimated contact force
fields from tactile signals and utilized their entropy properties
for fine-grained slip detection. Komeno et al. [19] injected
vibrations into a soft sensor and analyzed temporal responses
to detect incipient slip. However, most existing learning-
based methods still rely on static tactile measurements or
offline calibration, lack temporal context modeling, and are
therefore limited in their applicability to dynamic interaction
scenarios.

III. METHOD

A. Frame-stack Force Prediction Overview

The overall architecture of the proposed method is illus-
trated in Fig. 3, which consists of four primary components.
First, in data processing stage, it takes a sequential RGB
input I = {i1, . . . , iT } ∈ RA×T×3×U×N , where A and
T denote the batch size and number of time steps, while
U and N represent the spatial height and width of the
images, respectively, and perform cropping operation to get
I ′ for mitigating the interference of neighboring regions. Sec-
ond, the dynamic tactile flow encoder employs an encoder-
attention architecture to capture spatiotemporal dynamic
features. Third, in dual-stream feature fusion phase, dual-
stream features are projected, concatenated, and fused via an
adaptive gating mechanism to form the final representation
F t
final. Finally, the temporal modeling stage utilizes a LSTM

to capture temporal dependencies, and the force prediction
head outputs frame-wise three-dimensional force estimations
{Fx, Fy, Fz}.

B. Dynamic Tactile Flow Encoder
The Dynamic Tactile Flow Encoder consists of two main

branches: 1) CNN branch, with MobileNetV3-Small as back-
bone, processes single-frame images to produce a sequence-
level feature F seq

cnn, 2) tactile flow branch extracts motion
dynamics from tactile sequences, which are encoded and
refined through temporal attention to obtain F seq

flow. Specif-
ically, tactile flow branch consists of three functional parts:
the flow feature extractor, the encoder, and the temporal
attention.

In the extractor part, the absolute difference between the
pixel values of the current frame it and its preceding frame
it−1 is computed to quantify the motion and variations across
adjacent frames, where it represents the t-th frame. The
formulation is given as follows:

∆t =


|i2 − i1|, if t = 0 and T > 1,

|it − it−1|, if t > 0,

0, if t = 0 and T = 1,

(1)

where ∆t denotes the frame-difference map at time step t,
and | · | indicates the element-wise absolute difference. Then,
a sequence of CBR (Convolution-Batch Normalization-
ReLU) modules encodes the frame-difference images into
high-level features. The final convolutional output M (L) ∈
Ru×n is compressed into channel-wise statistics Zc via
global average pooling, which is formulated as:

Zc =
1

u× n

u∑
i=1

n∑
j=1

M (L)
c (i, j), (2)

where Zc denotes the global average pooled feature of the
c-th channel.
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In encoder part, we perform the following transformation:

F t
flow = [Z1, Z2, . . . , Zc]

T ∈ RDflow , (3)

where Dflow is the dimension of the flow features. Then
flow features are encoded using a two-layer bottleneck fully
connected network, applied independently at each time step
to process F t

flow. This structure expands the dimension from
Dflow to 2 · Dflow and then compresses it back to Dflow,
thereby enhancing the non-linear representation capability.
The process is as follows:

F t
flow enc = σ(We2 · ReLU(We1 · F t

flow + be1) + be2), (4)

where We1 and We2 represent the weights of linear trans-
formations, and be1 and be2 are corresponding bias terms.

In temporal attention part, independent feature vectors
F t
flow enc are first aggregated to form a complete sequence:

Fflow = [F 0
flow enc, . . . , F

T−1
flow enc] ∈ RA×T×Dflow . (5)

Fflow is then linearly transformed using three different
sets of learnable weight matrices (WQ,WK ,WV ). After
computing the similarity, a weighted transformation is ap-
plied to the last dimension, followed by a weighted sum.

Fattn = Softmax

(
QKT√
Dflow

)
V, (6)

where Q = FflowWQ, K = FflowWK , and V = FflowWV .
This operation ensures that the features of each time step in-
corporate relevant information from historical frames within
the sequence. To facilitate fusion with F seq

cnn, Fattn is further
aggregated along temporal dimension to obtain F seq

flow.

C. Dual-stream Feature Fusion and Temporal Modeling

The Dual-stream Feature Fusion first projects F seq
cnn and

F seq
flow, into a latent space to obtain F proj

cnn and F proj
flow,

respectively. Subsequently, a gated mechanism powered by
a multi-layer perceptron is employed to adaptively fuse
these features, yielding the final representation F t

final. The
procedure is as follows:

Fconcat = F proj
cnn ||F proj

flow,

f(Fconcat) = W c
i+1 · ReLU(W c

i · Fconcat) + bci ,

F t
final = J ⊙ f(Fconcat) + (1− J)⊙ Fconcat, (7)

where || denotes feature concatenation, ⊙ represents
element-wise multiplication, W c

i and bci denote the weight
matrix and bias term used in the feature fusion process,
respectively, and J ∈ [0, 1] is the gating weight generated
by the Sigmoid function.

In the Temporal Modeling stage, we utilize a Long Short-
Term Memory (LSTM) network to process the temporal se-
quences and produce the per-frame three-dimensional forces
Fx, Fy, Fz:

st = LSTM(F t
final, st−1),

ŷt = W l
i+1 · st + bli ∈ RA×T×Dforce , (8)

where W l
i denotes the weight matrix of the i-th layer, in

which i ∈ Z, i = 1, 2, Dforce indicates the independent
output of a single sample, st and bli represent the hidden state
at time step t and the bias of the i-th layer, respectively.

D. Loss Function

We implement a multi-task loss function, which consists of
three components: the primary force prediction loss Lforce

that measures the discrepancy between the predicted and
ground-truth forces, the temporal consistency loss Ltemporal

that incorporates the prior knowledge of force smoothness in
the physical world, and the flow feature regularization loss
Lflow. Lforce is defined as:

Lforce =
1

A · T

A∑
i=1

T∑
t=1

ℓ
(
ŷ
(i)
t , y

(i)
t

)
, (9)

where ŷ
(i)
t and y

(i)
t denote the predicted and ground-truth

force of the i-th sample at time step t, respectively. ℓ is
defined as the squared L2 norm.

To capture the smoothness prior of forces in the physical
world, we define:

Ltemporal =
1

A · (T − 1)

∑
i,t

∥∥∥∆ŷ
(i)
t −∆y

(i)
t

∥∥∥2 , (10)

where ∆ŷt = ŷt − ŷt−1 denotes the temporal change of the
model prediction at time t, and ∆yt = yt−yt−1 denotes the
temporal change of the ground-truth label.

The flow feature regularization loss is formulated as:

Lflow =
1

A · (T − 1)

A∑
i=1

T∑
t=2

∥∥∥F (i)
flow,t − F

(i)
flow,t−1

∥∥∥
+ λ · 1

A · T

A∑
i=1

T∑
t=1

∥∥∥F (i)
flow,t

∥∥∥ , (11)

where F
(i)
flow,t denotes the flow characteristics of sample i,

and λ represents the sparsity regularization coefficient with
a fixed value of 0.1.

The total loss is expressed as:

Ltotal = Lforce + η · Ltemporal + θ · Lflow, (12)

where η and θ denote the weights of the temporal consistency
loss and the flow feature regularization, respectively, with
values of 0.001 and 0.005.

E. Exponentially Weighted Residual Correction for Force
Prediction

We assume the force estimated by FFPM as Fp, and the
corrected result as Fc, and the delayed real force as Fr, then
the force after correction is

Fc(t) = Fp(t) + α(Fr(t− 1)− Fp(t− 1)), (13)

where α is a coefficient and Fc is achieved based on the
frame-stack prediction Fp(t). Using Eq. 13, the current force
Fp(t) estimated from the images is corrected by the former
force prediction residue error. Defining e(t − 1) = Fr(t −
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1)− Fp(t− 1) as a force prediction error, we use historical
information for multi-step prediction:

Fc(t) = Fp(t) +

K+T∑
k=T

αk · e(t− k). (14)

Since 0 < α < 1, the earlier error e(t− k), k > 1 affects
the final prediction less than that at time t − 1. However,
it is helpful for the force prediction model from following
aspects.
Remark 1: Compared with Eq. 13, Eq. 14 is improved with
several differences. First, we use historical data instead of
former moment sampling error e(t− 1), for Fr(t− 1) may
not be acquired if T ̸= 1. We use the newest real force
measurement e(t − k), k ≥ K for force correction. Hence,
from time t − 1 to t − T , there are no correction terms
e(t − k). Therefore, if we use more historical data, having
a larger value of T , the prediction accuracy may decrease.
Instead, we extend the value of K to improve the prediction
effect and set T = 4 and K = 2 in this work.

Based on Eq. 14 and definition of a new error term ep(t−
1) = Fr(t−1)−Fp(t−1), we can correct the force estimation
error term as:

ep(t) = e(t) +

K+T∑
k=T

αk · e(t− k). (15)

According to the description in Section III.B, we know
that the prediction Fp(t) is acquired with a lag of T , and the
current real force prediction e(t) cannot be acquired. Instead,
we define êp(t) as the force error prediction, and develop the
EWRC mechanism that leverages the historical estimation
errors êp(t − P ), P ∈ N to predict future prediction errors.
Then, the P -step prediction error can be estimated as:

êp(t+P ) =

P−1∑
ε=0

βP−ε · êp(t+ε)+

K+T∑
k=T

αk ·e(t−k), (16)

where β is a coefficient, having similar function to α for
force prediction.
Remark 2: In Eq. 16, we use

∑P−1
ε=0 βP−ε · êp(t+ε) instead

of e(t) in Eq. 15 for prediction. If we set β = 1−α, Eq. 16
can be further expressed as:

êp(t+P ) = (1−α)P êp(t)+

P−1∑
ε=1

βε·êp(t+ε)+

K+T∑
k=T

αk·e(t−k).

(17)
Set P = 1 and êp(t) = ep(t) at time t, we have:

êp(t+ 1) = (1− α)ep(t) +

K+T∑
k=T

αk · e(t− k). (18)

If we add the real force at time t at both side of Eq. 18,

we have:

êp(t+ 1) + Fr(t) = (1− α)Fp(t) + αFr(t)+
K+T∑
k=T

αke(t− k) = (1− α)

[
Fc(t)−

K+T∑
k=T

αk · e(t− k)

]

+ αFr(t)−
K+T∑
k=T

αk · e(t− k). (19)

It is obvious that Fr(t) is unknown for current and future
predictions, we therefore use Fc to replace Fr in Eq. 19 as:

F̂p(t+ 1) = Fc(t)− (2− α)

K+T∑
k=T

αk · e(t− k). (20)

Similarly, we can deduce the following Eq. 21 for force
prediction:

F̂p(t+ P ) = Fc(t)−
P∑
i=0

(1− α)i
K+T∑
k=T

αk · e(t− k). (21)

Remark 3: If P = 0, Eq. 21 can be simplified as Eq. 14
to ensure the consistence of the expression. The prediction
model is useful for the robot control, since the image
processing and precision takes time and robot control has
a high-speed signal processing rate, so we can use Eq. 21
for forward force prediction. On the other hand, if the robot
is controlled with a higher rate that is much faster that the
image sampling and processing, we can improve Eq. 21 using
fractional-order residual prediction to achieve a higher rate
force control.

F. Force-prediction-based Impedance Control for Dynamic
Force Tracking

The robot interaction model can be described as:

H(x) ẍ+ C(x, ẋ) ẋ+G(x) = Fτ + Fext, (22)

where x represents the position of the robot end in the
Cartesian coordinate and H(x), C(x, ẋ) and G(x) denote
the inertia matrix, Coriolis and centrifugal matrix and gravity
vector, respectively. Fτ is the driving force term, and Fext

represents the external force term. The interaction with
the environment can be utilized to be encounted using an
impedance model with forward force control:

Fext = Fr +Bė+Ke, (23)

where Fr represents the force predicted by the frame-stack
method in Eq. 21, and B and K are the damping and stiffness
coefficients, respectively. The damping-stiffness term is used
for system stabilization under unknown disturbances and
force prediction errors. Here, e = x − xd denotes the error
between actual robot position x and desired position xd.

We set the desired force as Fd, then the force error is

∆F = Fext − Fd

= Fr +Bė+Ke− Fd

= ∆F +Bė+Ke. (24)
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TABLE I
ACCURACY AND EFFICIENCY COMPARISONS OF DIFFERENT METHODS

UNDER OUR DATASET.

Method Size Latency MAE↓ MSE↓ MAPE↓ R2 ↑

EfficientVit [20] 49.42 5.26 0.15 0.27 17.01% 0.92
CNN-ViT [21] 37.38 4.83 0.14 0.25 16.73% 0.94
CNN-GRU [22] 61.01 6.15 0.13 0.20 15.62% 0.95
Mamba-Sea [23] 8.59 3.98 0.09 0.03 13.20% 0.96

Ours 17.32 4.17 0.08 0.02 12.54% 0.99

TABLE II
IMPACT OF HISTORICAL FRAME LENGTH ON 3D FORCE ESTIMATION

PERFORMANCE AND INFERENCE EFFICIENCY.

Frames MAE↓ Infer. Time (ms)↓ FPS↑ Test Loss↓

1 0.29 3.57 ± 0.03 279.44 0.25
2 0.23 3.95 ± 0.05 252.84 0.12
3 0.28 4.08 ± 0.07 245.07 0.19
4 0.13 4.17 ± 0.02 239.65 0.03
5 0.14 4.30 ± 0.03 232.24 0.04
6 0.14 4.52 ± 0.03 221.00 0.04
7 0.16 4.80 ± 0.05 208.20 0.06
8 0.13 4.77 ± 0.04 209.61 0.04
12 0.12 4.85 ± 0.05 205.77 0.03
16 0.11 5.08 ± 0.02 196.72 0.02

Then set Kv = KKs

K+Ks
, where Kv is a variable stiffness

term that changes with the movement of the robot. If there
is no virtual impedance, Ks plays a compliance role.

The control law of Kv is designed as:

Kv = −
kp∆F + ki

∫ t

0
∆Fdt+ kd∆̇F

e
, (25)

where kp, ki, and kd are constant gains like PID. The
following variable admittance control law can be obtained
and discretized as:

ẋ(t) =
(kp + 1)∆F + ki∆t

∑t
i=0 ∆F + kd

d∆F
∆t + Fd(t)

B
,

(26)
where ∆t is the system sampling period, and d∆F =
∆F (t)− d∆F (t− 1) represents the force tracking error.

IV. EXPERIMENTS AND RESULTS

A. Dataset and Implementation Details

Dataset: We conduct experiments on our self-constructed
dataset, which includes two types of motions: linear motion
on an aluminum breadboard and circular motion with a
radius of 50mm. For each object, four different speeds are
considered, including 20, 50, 100, and 150mm/s.

Training Details: All algorithms are trained on a NVIDIA
RTX 3090 GPU with 24GB memory. We employ the
AdamW optimizer with an initial learning rate of 0.001. A
cosine annealing schedule is adopted to decay the learning
rate from 0.001 to 1 × 10−7 over 200 epochs. The weight
decay coefficient is set to 0.01.

Fig. 4. Comparison of prediction error, coefficient of determination, and
computational cost among different methods. The red circles represent MAE
values, while blue circles represent MSE values.

B. Force Estimation Results

Quantitative Results. Our method demonstrates accu-
rate three-dimensional force estimation on the constructed
dataset. Performance is evaluated using MAE, MSE, MAPE,
and the coefficient of determination (R2) to comprehensively
assess estimation accuracy and goodness-of-fit. To validate
the performance of FFPM, we select representative models as
baselines, including advanced vision-based architectures and
state-of-the-art temporal modeling methods, covering spatial
and temporal feature extraction capabilities. As summarized
in Table I, the proposed FFPM consistently outperforms
all competing methods across all metrics, achieving an R2

of 0.99 with low MAE (0.08), MSE (0.02), and MAPE
(12.54%). Compared with EfficientVit, FFPM reduces MSE
from 0.27 to 0.02. Despite its significantly smaller model
size, FFPM also surpasses CNN-GRU, yielding a 38.5%
reduction in MAE. In addition, FFPM achieves a 5% lower
MAPE than the lightweight Mamba-Sea. These results in-
dicate that FFPM achieves the best balance between model
efficiency and force estimation accuracy.

Table II analyzes the effect of historical frame length on
estimation accuracy and computational latency. Increasing
the frame length from 1 to 4 markedly improves perfor-
mance, reducing the test loss from 0.25 to 0.03, which
confirms the benefit of temporal context modeling. Further
increases yield only marginal gains while causing higher
inference latency and lower FPS (model inference frame
rate). This indicates redundant temporal information and
increased computational cost. Therefore, a four-frame input
is adopted in subsequent experiments.

Fig. 4 illustrates the trade-off among estimation accu-
racy, model complexity, and real-time feasibility, where our
method resides in the optimal upper-left region, achieving the
highest R2 values and the lowest estimation errors. These re-
sults demonstrate that the proposed approach attains superior
accuracy while maintaining a compact and computationally
efficient model structure.

Qualitative Analysis. Fig. 5 presents a comparison of
different methods across three consecutive frames in an
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Fig. 5. Comparative visualization of contact pressure and edge texture
of different methods across three consecutive frames in an arc motion.
“Conventional” denotes standard differencing computed between adjacent
frames.

TABLE III
PERFORMANCE COMPARISON OF THE DYNAMIC TACTILE FLOW

ENCODER CONFIGURATIONS.

Extractor Temporal Attention MAPE↓

✗ ✗ 15.39%
✓ ✗ 13.68%
✗ ✓ 14.25%
✓ ✓ 12.54%

arc trajectory with a speed of 15%. For contact pressure
visualization, standard differencing shows limited intensity
variation, whereas our method yields broader and more
continuous response regions, with higher responses indicated
by warmer colors. In edge texture maps, the proposed method
produces clearer and more localized boundary responses,
whereas conventional results in weak and diffuse contours.
The results indicate that tactile-flow-based differencing is
more sensitive to subtle variations in edge texture and contact
pressure, leading to higher force estimation accuracy.

Ablation Study. To assess the contribution of Dynamic
Tactile Flow Encoder, an ablation study is conducted in
Table III. The baseline model without the encoder achieves
a MAPE of 15.39%. Adding either Extractor or Temporal
Attention module individually reduces the MAPE to 13.68%
and 14.25% respectively, indicating the effectiveness of both
tactile feature extraction and temporal modeling. The full
model achieves the lowest MAPE of 12.54%, suggesting
that their combination most effectively exploits differential
information in tactile sequences for force prediction.

C. Force Correction Experiment

Based on the FFPM prediction, we apply the correction
model in Eq. 16 to compensate for estimation errors from
unobservable future images. As shown in Fig. 6, while the
current model’s estimated forces follow the ground truth, the
correction model further refines these values. Fig. 7 presents
the force estimation errors of FFPM, which are generally
below 0.5 N, except for certain special cases such as at
sampling times 83 and 171. The correction model leverages
historical estimation errors together with the current predic-
tion to adjust the force estimates. Consequently, the aver-
age estimation errors across three directions decrease from

Fig. 6. Comparison of ground-truth force values, initial estimations
obtained via FFPM, and corrected results using Eq. 16. The measured forces,
FFPM estimates, and corrected results are represented as blue, green, and
red lines, respectively.

Fig. 7. Comparison of force estimation errors between the original FFPM
and corrected model using Eq. 17.

[0.15, 0.12, 0.16] N to [0.13, 0.10, 0.15] N, demonstrating the
effectiveness of the proposed framework.

D. Force-prediction-based Impedance Control Experiment

The force-prediction-based admittance control is further
implemented to evaluate the performance of dynamic force
tracking. The robot, equipped with a TacTip sensor and a
6D force/torque sensor, is commanded to slide over a rough
porous plate. Two nuts are placed along the sliding trajectory
to serve as obstacles, allowing assessment of force tracking
under dynamic interactions. The desired tracking force is set
to 2N, indicated by the red dashed line in Fig. 8 (b).

The robot is evaluated at various sliding velocities along
a fixed trajectory on a horizontal plate, while its motion
perpendicular to the plate is actively controlled. At low
sliding speeds, the contact force remains relatively stable
around 2N, with a force tracking error of approximately
0.2N. The measured force (yellow line) confirms accurate
tracking during the plate-sliding phase. Upon encountering
the nuts, the robot slightly lifts after detecting force changes
to maintain the desired force, where a noticeable force drop
occurs. It can be attributed to the delayed control response
in vertical direction.
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Fig. 8. Force tracking using force-prediction-based impedance control at
different slipping speeds.

We subsequently increase the sliding speed to 5%, 10%,
and 15% of the maximum speed (1000mm/s), with the
results presented in Fig. 8 (c)–(e). Compared with the
lowest speed of 2%, the proposed model maintains high
prediction accuracy both before and after collisions with
the nuts. However, within the collision intervals (red dashed
regions), the contact force increases significantly due to less
effective control in vertical direction. A similar force-drop
phenomenon is observed across all tested speeds. These
results demonstrate the effectiveness of the proposed force-
prediction model for dynamic force estimation and tracking.

V. CONCLUSION

This work introduces the frame-stack force prediction
method for TacTip sensors to capture spatiotemporal dynam-
ics. By integrating a Dynamic Tactile Flow Encoder with
an Exponentially Weighted Residual Correction mechanism,
the framework achieves smooth and reliable force estima-
tion. Experimental results demonstrate that FFPM reduces
MAPE to 12.54% and enables high-precision force tracking
during complex slip interactions via an impedance control
strategy. These findings provide a robust, real-time solution
for dynamic tactile perception and robotic force control.
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