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ABSTRACT: In recent years, embodied intelligence has become an important research direction. Slip detection is a
critical challenge in dexterous robotic manipulation, especially in manipulating deformable objects such as soft fruits.
Visual-tactile fusion can provide rich sensory information, but it also introduces significant modality differences. We
propose STR-CMFNet, a novel network framework for visual-tactile slip detection. The framework adopts a two-stage
design. It consists of Spatio-Temporal Rectification (STR) and Cross-Modal Fusion (CMF). The STR applies temporal
attention weights to recalibrate key-frame features. It also refines spatial feature maps. Based on the corrected features,
the CMF module is further introduces. The global dependencies between visual and tactile features is modeled through
a cross-attention mechanism to achieve effective cross-modal interactions and allows complementary information.
Experiments are conducted on a public benchmark dataset and an extended fruit dataset. The results show that STR-
CMFNet outperforms existing methods. In particular, while ViViT achieves a classification accuracy of 78.5%, the
proposed method achieves 83.1% accuracy, showing a clear and consistent performance improvement. The ablation
study further validates the effectiveness of each module. Overall, we provide a practical solution for stable robotic
grasping of deformable objects, and demonstrate strong potential in complex interaction scenarios.

KEYWORDS: Slip detection; visual-tactile fusion; spatio-temporal rectification; cross-modal fusion; robotic grasping

1 Introduction

In recent years, embodied intelligence has become a important research focus in artificial intelligence.
As a core component of embodied intelligence, dexterous robotic manipulation at the end-effector level has
attracted increasing attention [1]. A key challenge is enabling robotic end-effectors to stably grasp soft and
fragile objects, such as fruits, eggs, and water-filled disposable paper cups. If the grasping force is too small,
the object may slip, and the grasp may fail. If the force is too large, it may damage the object. In addition,
the deformation of soft objects during grasping increases the uncertainty. Slip detection is essential for safe
manipulation. This allows the system to detect whether the object is slipping. This provides useful feedback
to the end-effector. The end-effector can then adjust the grasp in real time and improve force control.

Early research focused primarily on vision-based approaches to evaluate grasp stability [2]. Although
visual sensing offers global surface cues, it is often insensitive to local deformations at the contact region,
which can lead to mismatches between perceived and actual slip states. Inspired by the sensing mechanisms
of human skin, researchers introduced tactile-based methods for slip detection [3,4], which improved
sensitivity to small-scale motions and contact variations. However, tactile-only methods struggle when visual
context is needed to interpret ambiguous contact events.
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With the advancement of multimodal learning, recent studies have explored visual-tactile fusion
to leverage the strengths of both modalities. For example, Calandra et al. [5] demonstrated improved
grasp performance using a multimodal perception framework, while Li et al. [6] employed a CNN-LSTM
architecture to capture spatial and temporal slip features. The Vision-guided tactile frameworks [7] further
enabled effective interaction with transparent or visually challenging objects. These frameworks demonstrate
promising performance in complex grasping scenarios. However, most existing works adopt early fusion
strategies, combining raw features before higher-level processing. Visual and tactile data are inherently
heterogeneous. Early fusion often distorts the contribution of each modality, thereby limiting the overall
robustness of the system.

To address these limitations, late or hybrid fusion strategies have been explored. Gao et al. [8] proposed
a CNN-MSTCN model. The model learns visual and tactile representations separately before fusion.
Fusion is performed after modality-specific feature extraction. Other studies proposed more advanced
architectures, including Temporal Convolutional Networks (TCNs) [9], Transformer-based models [10],
hierarchical fusion [I1], and ViViT-based grasping frameworks [12]. These approaches further improve
multimodal reasoning and representation learning. In particular, Li et al. [13] introduced VITO-Transformer,
a Transformer-based fusion network for visual-tactile object recognition, which significantly improved
performance through a specialized fusion mechanism. These works collectively highlight the growing
importance of Transformer architectures in capturing cross-modal dependencies.

Recently, some researchers have shared robot grasping datasets [12,14,15]. Meanwhile, the development
of vision-based tactile sensors (VBTS) has promoted visual-tactile multimodal grasping research. Examples
include Gelsight [16], GelSim [17], and Digit [18]. However, tactile data acquisition and representation
depend heavily on the sensor type. It is difficult to generalize across different sensors. In this study, we use
the Digit tactile sensor and RealSense camera to conduct various pinch and lift experiments on common soft
fruits. We collect tactile and visual data from these experiments.

Although recent works have made significant progress in visual-tactile fusion, challenges remain. The
information gap between vision and touch modalities is large. Existing late fusion methods lack early
feature interaction mechanisms. Therefore, we proposes a cross-modal spatiotemporal feature interaction
module. This module calibrates bimodal features by leveraging spatial and temporal correlations. It helps
both modalities focus more on complementary cues from each other. It also reduces uncertainty and noise
from different modalities.

Transformer models have strong modeling abilities but lack inductive bias. This makes them prone to
overfitting [19]. Inspired by the large receptive field from self-attention [20], we integrates a cross-attention
mechanism. We enhance ViViT’s multi-head self-attention and develop a cross self-attention module. This
module captures effective features at different levels and establishes global dependencies.

Consequently, the main contributions of the study are summarized as follows:

1. Visual-Tactile Spatiotemporal Interaction Module: We propose a spatiotemporal feature interaction
module. The module enables early-stage fusion between visual and tactile modalities. It enhances the
richness of extracted features.

2. Cross-Attention Feature Extraction: We develop a visual-tactile cross-attention mechanism. It supports
global reasoning across modalities. It also enables mutual guidance between visual and tactile features.
The mechanism improves cross-modal feature alignment.

3. Soft Fruit Grasping Dataset: We construct a novel dataset of soft fruits grasping interactions. The dataset
reflects real-world robotic control tasks and practical manipulation challenges.
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The remainder of the paper is organized as follows: Section 2 reviews related work. Section 3 describes
the proposed model architecture and key components. Section 4 introduces the dataset and experimental
setup. Section 5 presents the experimental results and provides detailed analysis. Section 6 concludes the
paper and discusses future directions.

2 Related Work
2.1 Slip Detection

Grasp stability evaluation is a key prerequisite for achieving optimal grasp strategies, including
minimum-force grasping. Humans rely on slip-sensitive feedback to manipulate objects dexterously [21].
Without tactile feedback, maintaining a stable grasp is very challenging for humans. Similarly, tactile sensing
is critical for robotic manipulation. Slip occurs when the contact force is insufficient. Robots must adjust
their grasping plans automatically in these situations.

Traditional slip detection methods [22,23] use conventional numerical techniques and physical models
to estimate grasp stability. These methods rely heavily on accurate models and parameters. Machine learning
offers effective alternatives. Hyttinen et al. [24] discretized the graspable object space into prototype shapes
using data-driven clustering. They used kernel logistic regression to classify grasp stability based on tactile
data for each prototype. Zhao et al. [25] put forward a tactile-only slip detection framework. It monitors
friction-grip force ratio and tactile signal frequency shift from stable grasping to slipping, and adjusts finger
gripping current adaptively. The method realizes calibration-free slip recovery with force control, unaffected
by object shapes. Si et al. [26] and Xu et al. [27] trained CNN-LSTM models to predict grasp outcomes
from sequential tactile inputs, with the latter further enhancing real-time performance on dexterous hands
through dynamic force compensation by capturing spatiotemporal slip dynamics. Zapata-Impata et al. [28]
noted that simple stability detection fails to identify slip types and directions. They proposed a ConvLSTM
network to classify slip direction by analyzing spatiotemporal tactile features. Li et al. [29] introduced the
WACSAN model, which uses weight allocation and cross self-attention. Weight allocation assigns different
importance to regions of the feature map. Cross attention extracts local information from neighboring pixels.
This improves slip detection when objects move along the gripper edge.

2.2 Visual-Tactile Fusion Perception

In recent years, multimodal feature fusion networks have gained increasing attention. These methods
extract information separately from visual and tactile modalities, and then fuse the features to perform
slip detection.

Zhang et al. [30] proposed an attention-guided visual-tactile fusion architecture using a cross-modal
transformer. Their model processes visual and tactile inputs to predict grasp stability but handles only single-
frame data, ignoring temporal dynamics essential for slip detection. Yan et al. [9] proposed a CNN-TCN
network to fuse visual and tactile information for slip detection. Their experiments demonstrated that this
model outperformed CNN-LSTM when using various pre-trained visual networks. However, the feature
fusion design remains limited: visual and tactile features are extracted separately and concatenated without
explicit cross-modal learning. Huang et al. [31] proposed an attention-based visuo-tactile fusion model
using MS-TCN, achieving 98.98% accuracy in grasp tasks. Similarly, Zheng and Chen [32] introduced a
grasp stability prediction module that mimics human behavior, where tactile perception guides visual grasp
detection. Cui et al. [33] used a 3D CNN to extract spatiotemporal features from XELA tactile and RGB data,
achieving 99.97 accuracy. However, the increased parameters slow training and inference, complicating real-
time grasping. Han et al. [12] proposed a Transformer-based framework for rigid grippers using visual and
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tactile inputs to grasp deformable objects. Their model outperformed CNN+LSTM on a public dataset [6].
However, existing methods use basic feature-level fusion, limiting complementary information use and
ignoring modality interactions.

This paper proposes an attention-guided cross-modal fusion architecture. It aims to fully integrate visual
and tactile features for better grasp performance.

3 Proposed Model
3.1 Problem Statement

Our goal is to determine the final grasp state of flexible fruits—slip, safe grasp, or over-force—based on
visual-tactile modality fusion.

A

y=arg max Frc(Xfinar | Porce) (1)
ce{0,1,2}

where the class label ¢ = 0 denotes a slip event (Slip), ¢ = 1 represents a stable and secure hold (Safe Grasp),

and ¢ = 2 indicates excessive deformation or squeezing force (Over-force). A slip is explicitly triggered and

reported when y = 0.

First, a Feature Refinement Module (FRM) is used to exchange information between the two modalities
along temporal and spatial dimensions. This allows the model to capture complementary information.
Second, the Cross-Attn is applied during feature extraction to build global dependencies between visual
and tactile features. All low-level features are then concatenated. Finally, the concatenated features and force
control parameters are fed into a fully connected (FC) layer to produce the output. The output is defined as
a three-class classification: 0 for slip, 1 for safe grasp, and 2 for over-force.

3.2 Slip Detection Framework

As shown in Fig. 1, the slip detection framework consists of three main components: FRM, Cross-Attn,
and a prediction module.
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Figure 1: Overview of grasping framework. The robot first performs two explorative actions: 1). Pinching the fruit,
2). Sliding along the fruit surface in the optical axis. Visual and tactile features are extracted in parallel, then corrected
and fused via FRM and Cross-Attn. The fused features and force parameters are used to classify the grasping state into
slip, stable grasp, or over-force.



Comput Mater Contin. 2026;89(1):30 5

Two predefined actions are used. Each action employs two parallel branches to extract features from
visual and tactile inputs. A cross-branch interaction mechanism is introduced, where features from one
modality are corrected based on features from the other modality. Additionally, at each stage of the dual-
branch architecture, the corrected features from both modalities are exchanged to promote cross-modal
feature interaction.

This framework uses a dual-branch structure. It leverages the complementary nature of visual and tactile
modalities to enhance slip detection performance. Features from each modality may contain noise. The other
modality provides cues to calibrate and correct these errors.

As illustrated in Fig. 2, the FRM aligns and refines both visual and tactile features by leveraging inter-
modality correlations. It is inserted between adjacent network stages, allowing the corrected features to be
passed forward for deeper feature extraction.
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Figure 2: Structure of FRM. The FRM performs cross-modal feature correction along temporal and spatial dimensions.
Temporal-wise rectification learns complementary attention weights from the other modality across the time axis, while
spatial-wise rectification applies local feature calibration using 1 x 1 convolutions and sigmoid activation. The corrected
features are combined with the original input using weighted residual connections.

Furthermore, as shown in Fig. 3, we design Cross-Attn to fuse visual and tactile information. After
encoding, the input images are divided into patches and transformed into token sequences. These token
embeddings from both modalities are then processed by a multi-head cross-attention module to capture the
dependencies between the modalities.
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Figure 3: Cross-attn module. Both visual and tactile inputs are partitioned into uniform patches and embedded into
high-dimensional feature sequences. The Cross-Attn is then applied. visual queries attend to tactile keys-value pairs,
and tactile queries attend to visual key—value pairs. The updated features are concatenated and projected into a unified
representation.
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3.3 Cross-Modal Feature Rectification

As discussed above, visual and tactile modalities usually provide complementary information. Visual
data can help disambiguate tactile signals but often contains measurement noise. This noise can be filtered
and calibrated using features from the other modality.

To address this issue, we design a Cross-Modal Spatiotemporal Feature Rectification Module (FRM),
as shown in Fig. 2. This module performs feature alignment between the two parallel streams before each
stage of feature extraction. To reduce the effects of noise and uncertainty across modalities, the FRM operates
in two dimensions: temporal and spatial. This dual-axis calibration supports better multimodal feature
interaction and extraction.

3.3.1 Temporal-Wise Feature Rectification

To mitigate the inherent modal discrepancies and suppress measurement noise, the Feature Rectification
Module (FRM) establishes an early-stage spatiotemporal calibration mechanism. Formally, we embed the
dual-modal input features Vision;, € RT*¢*"*W and Tactile;, € RT*¢*#*W along the temporal axis. Unlike
previous attention-based temporal models that compress frames naively, our temporal FRM applies both
global max pooling (GMP) and global average pooling (GAP) along the temporal dimension to both streams
simultaneously. This dual-pooling strategy effectively preserves both the salient peak stimuli of transient slips
and the macro contextual continuity of the grasping process.

The four resulting feature vectors are flattened and concatenated to construct a joint spatiotemporal
descriptor Y € R*T. Subsequently, a multi-layer perceptron (MLP) processes Y to capture inter-modality
temporal correlations, which is then mapped through a sigmoid activation function to generate the rectified
temporal attention weights W' e R?T, Finally, a splitting operator divides W into distinct modality-specific
attention vectors:

ijzjsion’ Wt]c;ctile = Tsplit(Singid(TWIlp(Y))) (2)
where W, . eRT and W/ ., eR”. Using these mutually derived weights, the cross-modal temporal

rectified features are computed by modulating one modality with the temporal gating vector of the opposite
stream:

Vision”,, = W _,;;, ® Tactile; , 3)

Tactile’ = W . ® Vision;,

rec vision

where the operation ® denotes broadcasting temporal-wise element-wise multiplication applied sequentially
across all time frames.

3.3.2 Spatial-Wise Feature Rectification

While the temporal rectification branch aligns frame-level sequential correlations, local contact geome-
tries and micro-vibrations require precise spatial calibration. Therefore, a parallel spatial FRM is introduced.
The bimodal inputs Vision;, and Tactile;, are concatenated along the channel dimension and fed into a dual-
layer spatial embedding network. This embedding block comprises two 1 x 1 convolutional layers assembled
with a ReLU activation function to preserve local spatial configurations.

By passing the output through a sigmoid function, we obtain a structural embedded weight map
F e R®™*W>2 which encapsulates the local spatial boundaries of both object appearance and tactile contact
imprints. The splitting function then divides F into two separate spatial weight charts:
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F = Conv; (ReLU(Conviy (Vision;, || Tactile;,))) (4)
stision’ Wtsuctile = Tsplit(Singid(F)) (5)
where WS, e R"W and WS ¢ R"*W_ Symmetrical to the temporal branch, the spatial-wise feature

rectification applies the spatial map of one modality to calibrate the local feature representation of the other:

Vision®, =

rec tactile * Tactile;,

oS s . (6)
Tactile,,. = W,);,, * Vision;,

where * denotes spatial-wise element-wise multiplication. Finally, the temporal and spatial rectified streams
are aggregated with the original inputs via residual connections to yield the fully calibrated features Vision,,,
and Tactile,,;:

Vision,,; = Vision;, + L1 * Visioane c+tLsg* Visionfe c

(7)

Tactile,,; = Tactile;, + L1  Tactile”,, + Lg x Tactile’,,

where Lt and Lg are hyperparameters balancing the two rectification axes, both set to 0.5 by default to ensure
an equal contribution of time and space constraints.

3.4 Cross-Attention Mechanism for Feature Extraction and Fusion

To capture meaningful features from visual and tactile images, extract local structures, and provide rich
information for subsequent attention mechanisms, we employ a Uniform Patch Embedding method. The
method first divides each image frame into fixed-size patches, and then maps these patches into a high-
dimensional embedding space using convolution operations. The resulting representation is structured and
suitable for subsequent modules. Specifically, the input image has dimensions (B, C, T, H, W), where B is
the batch size, C is the number of channels, T is the number of frames, and H and W are the height and
width of image. Convolution operations divide the image into num-patches = P—h; X P—V‘: patches, where Ph and
Ph are the height and width of each patch. The patches are then flattened into a matrix of size (Be T, N, D),
where N is the number of patches, and D is the embedding dimension of each patch. The same processing
method is applied to tactile images, which also have dimensions (B, C, T, H, W). These are transformed
into corresponding feature representations through the same convolution operations. These features are then
fed into the cross-attention module, which enhances the correlation between visual and tactile features and
provides rich spatial and temporal information for downstream tasks:

Xy, X; = PatchEmbed(x,, x;). (8)

To better integrate visual and tactile modalities, we adopt a cross-attention mechanism. The design
places greater emphasis on tactile information. This mechanism enhances feature fusion by enabling inter-
action between visual and tactile features. Unlike traditional attention, which focuses on a single modality,
cross-attention uses visual features as queries and tactile features as keys and values. This allows the model
to perform attention computation across modalities and improves the quality of the fused representation.

First, visual and tactile features are transformed separately to generate queries (Q), keys (K), and
values (V) using linear projections. Specifically, the visual feature x, is passed through a linear layer to obtain
its Q, K, V. Similarly, the tactile feature x, is processed by another linear layer to produce its corresponding
Q, K, V. The process is formulated as follows:
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qv = quva kv = Wix,, v, =W,x,,

(9)
gr = Woxe, ke = Wixe,  ve= Woxy.

In the cross-attention mechanism, the query vector from the visual modality is matched with the key-
value vectors from the tactile modality. Specifically, the visual query g, and the tactile key k; are used to
compute the attention matrix via dot product. This matrix is then normalized using the softmax function to
obtain the attention weights:

kT
Attn, = softmax (qv—t , (10)
Vd
here, d is the dimension of the key vectors used for scaling. Then, the attention weights are multiplied by the
tactile value vectors v, to obtain the updated information for the visual modality:

X, pdated _ Attn,v,. (11)

Similarly, the cross-attention between the tactile query q; and the visual key k, is computed in a similar
manner:

thVT
Attn, = softmax W , (12)

then, the updated tactile feature is:

x‘;pdated = Attn;v,, (13)
finally, the updated visual and tactile features are fused through a projection layer. Specifically, the updated
visual and tactile features are concatenated and then passed through a linear transformation to restore the
original dimension:

dated dated
X = concat(xﬁp ate ,x?p ate )

= Xfinal = Wprojx- (14)
Through this cross-attention mechanism, visual and tactile information are better integrated. This
effectively improves the model’s performance in grasp force estimation.

4 Experimental Datasets and Setups
4.1 The Dataset Introduction

In this study, we use the publicly available vision-tactile grasping dataset introduced in [12], which
includes five types of fruits: apples, oranges, tomatoes, lemons, and plums, as shown in Fig. 4. Each fruit
is grasped under different force thresholds. Since tactile data requires direct contact with the object, the
dataset collects tactile signals through two predefined actions: pinching and sliding on the fruit surface. At
the same time, an external camera captures visual images in real time. The grasping outcomes are classified
into three types: slip, safe grasping, and damage. Due to differences in fruit hardness and surface texture,
force thresholds vary across fruit types. To maintain a balanced distribution of the three outcome categories,
the threshold ranges are determined empirically. For example, the force thresholds for apples are sampled as
integers from 4 to 16.

Due to the limited size of the public dataset and the poor generalization of data collected under different
experimental conditions, we expands the original dataset by including additional fruit types, as illustrated
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in the Fig. 4. In addition to force thresholds, we also consider the width of the gripper’s end-effector. The
model is first trained using the public dataset. Then, pretrained weights are loaded and updated using the
extended dataset.

Figure 4: Visual and tactile samples from public and extended fruit grasping datasets. Top row: RGB images from the
public dataset, showing (from left to right): apple, lemon, orange, plum, tomato. Second row: corresponding Gelsight
tactile images collected at the final pinching frame. Third row: RGB images from the extended dataset, showing (from
left to right): apple, orange, pear, persimmon, tangerine. Bottom row: corresponding tactile images collected using
Digit sensors. The visual and tactile differences reflect the diversity in fruit hardness, surface texture, and deformation
characteristics across datasets.

4.2 Experimental Setup

The visual-tactile dataset were collected using an Intel RealSense camera and a DIGIT tactile sensor,
operating at 60 and 30 Hz, respectively. The original resolutions were 640 x 480 for visual data and 200 x 150
for tactile data. The experimental setup is shown in the Fig. 5. To reduce computational cost, visual images
were resized to 160 x 120. For the patch embedding module, fixed patch sizes of 16 x 12 for visual images and
20 x 15 for tactile images were used.

The model consists of four layers with embedding dimensions of 64, 128, 256, and 512. The number
of layers is set to 8, and the number of attention heads is 16. During training on all datasets, we applied
data augmentation techniques, including random horizontal flipping, color jitter, and Gaussian blur, to both
visual and tactile data.

Training was conducted using the AdamW optimizer with a weight decay of 0.01 and an initial learning
rate of 1 x 1074, combined with a learning rate scheduler. The cross-entropy loss function was used for
optimization. To evaluate slip detection performance, we used success rate, Fl-score, recall, and inference
time as the main evaluation metrics.
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Figure 5: (a) Experimental setup: Franka robot arm and parallel gripper. One finger of the gripper is replaced with a
Digit sensor. An external camera (RealSense) is mounted on the outside of the arm. The gripper is holding a toy bear.
(b) Image captured by the external camera. (c) Image from the Digit sensor.

5 Experiment and Analysis of Results
5.1 Comparative Experiments

A series of baseline experiments were conducted to compare the proposed method with existing
approaches. These experiments were performed on both the public dataset and the extended dataset. For
each dataset, all methods were evaluated under the same experimental setup. The results are summarized
in Table 1. The results show that our proposed method demonstrates strong performance on both the
public and extended datasets. Compared to CNN+LSTM, TimeSformer, and ViViT, our model consistently
outperforms all baseline methods. In particular, our method reaches an accuracy of 83.1%, whereas ViViT
reaches 78.5%.

Table 1: Performance comparison of different models on both datasets.

Dataset Model Accuracy Precision Recall F1-Score
CNN + LSTM [26] 66.2% (0.3%) 0.70 0.65 0.66
Public Dataset TimeSformer [34] 70.7% (0.2%) 0.60 0.62 0.60
ViViT [12] 78.5% (0.4%) 0.73 0.72 0.72
ours 83.1% (0.3%) 0.75 0.76 0.75
CNN + LSTM [26] 74.8% (0.4%) 0.76 0.75 0.76
TimeSformer [34] 66.4% (0.2%) 0.65 0.64 0.63

Extended Dataset

xtended Datase ViViT [12] 76.6% (0.3%) 0.71 0.69 0.70
ours 80.4% (0.3%) 0.81 0.80 0.80

To evaluate the impact of the FRM and Cross-Attn module at different depths, we conducted a series
of controlled experiments under the same training settings. We constructed three model variants with two,
four, and six FRM with Cross-Attn layers. The experimental results are shown in Table 2. The corresponding
slip detection accuracies were 76.9%, 83.1%, and 83.0%.
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Table 2: Effect of FRM and Cross-Attn layer depth on slip detection accuracy.

Layer Configuration Accuracy (%)
2 layers of FRM + Cross-Attn 76.9
4 layers of FRM + Cross-Attn (Ours) 83.1
6 layers of FRM + Cross-Attn 83.0

The results show a clear performance improvement when the number of layers increases from two to
four. This indicates that deeper cross-modal interactions help fuse visual and tactile features more eftectively
and improve representation quality. However, when the number of layers increases to six, performance
slightly decreases. This may result from redundant features or optimization difficulties in deeper networks,
which can reduce generalization ability.

Based on these analysis, we selected the four-layer structure as the optimal configuration for the
FRM and Cross-Attn modules. The setting provides a balance between feature richness and computational
efficiency.

5.2 Ablation Experiment

We conducted a series of ablation experiments to investigate the impact of different architectural
components on slip detection performance. Unless otherwise specified, all experiments in this section are
performed on the public dataset.

5.2.1 Vision-Tactile Multimodal Ablation

To evaluate the effectiveness of multimodal fusion, we compared three configurations: a vision-only
baseline, a tactile-only baseline, and the proposed vision-tactile fusion model. To ensure a fair comparison,
all experiments use the same backbone architecture. The results demonstrate that fusing visual and tactile
information significantly improves slip detection performance compared to use either modality alone.

To investigate the contribution of each modality, we fine-tuned the proposed network using single-
modality inputs. The overall architecture remained largely unchanged. When input dimensions differed, we
applied simple resizing operations without altering the core parameters. This flexibility allows the model
to be easily adapted for fusion with different data modalities. Evaluation results, including accuracy, are
summarized in Table 3. Our multimodal fusion model consistently outperforms the single modal baseline
across all metrics.

Table 3: Accuracy (%) comparison under different modality configurations and models.

Modality CNN+LSTM ViVviT Ours
Vision-only 70.7% (0.4%) 76.4% (0.7%) 81.5% (1.2%)
Tactile-only 72.3% (0.8%) 55.3% (0.5%) 76.9% (0.5%)

Vision & Tactile 74.8% (0.3%) 78.5% (0.4%) 83.1% (0.3%)

Notably, the visual-only model consistently outperformed the tactile-only model. This is likely because
visual data captures most of the global appearance and contextual information of the object, while tactile
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data provides more subtle and local contact cues. These results demonstrate that the proposed multimodal
fusion framework effectively leverages the complementary strengths of visual and tactile modalities.

5.2.2 Without FRM

We designed the FRM to optimize features extracted from the visual and tactile branches. To evaluate its
impact, we conducted an ablation experiment by removing the FRM. As shown in Table 4, without the FRM,
feature extraction in each branch is performed independently and without rectification. Compared with
the No FRM and Cross-Attn only baselines, incorporating the FRM alone improves slip detection accuracy
by 4.6%.

Table 4: Ablation results on FRM and Cross-Attn modules (Accuracy %).

Model Variant Accuracy (%)
w/o FRM, w/o Cross-Attn 74.8
FRM only 78.5
FRM (Time-only) 73.2
FRM (Space-only) 72.6
Cross-Attn only 80.0
FRM + Cross-Attn (Ours) 83.1

The improvement is due to the complementary characteristics of visual and tactile information and the
time-sensitive nature of slip detection. The FRM emphasizes temporal information around slip events using
temporal correction. It also applies a spatial correction mechanism to enhance tactile features by referencing
cross-modal spatial patterns.

We attribute this gain to the complementary nature of visual and tactile information and the temporally
sensitive nature of slip detection. The FRM leverages temporal rectification to emphasize frames before and
after slip events and applies spatial rectification to enhance tactile features by referencing spatial patterns
across modalities.

We further analyzed two FRM variants. The Time-only variant applies only temporal rectification
(Ar =1, As = 0), and the Space-only variant uses only spatial rectification (A7 =0, Ag =1). As indicated
in Table 4, both variants lead to sub-optimal performance compared to the full FRM. This confirms
that the combination of temporal and spatial rectification is essential for robust multimodal alignment
and performance.

5.2.3 Without Cross-Extraction and Fusion (Cross-Attn)

To evaluate the contribution of the Cross-Attn module for multimodal feature interaction and fusion,
we removed it from the network architecture. After removing the Cross-Attn module, we used a standard
feature extraction process followed by simple feature concatenation. According to Table 4, the model with
Cross-Attn only, without the FRM, improves performance by 3.1% compared with the base model.

This improvement is attributed to the spatio-temporal cross-attention mechanism. It enables effective
alignment and interaction between visual and tactile modalities. It also helps the model capture cross-modal
dependencies and dynamic patterns, which are critical for accurate slip detection.
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5.3 Attention Analysis

To verify whether the model focuses on important spatio-temporal features for slip detection and to
evaluate the effectiveness of multimodal fusion, we visualize the attention mechanism. The visualization helps
determine whether the model attends to meaningful regions. It also reveals potential issues such as overfitting
and attention drift. In addition, it shows the contribution of each network layer to the final decision and
improves model interpretability.

The qualitative difference in attention landscapes between the two modalities carries clear physical
insights into the dynamic slip process. As visualized via the Attention Rollout method in Fig. 6, visual
attention patterns appear more dispersed across the frames. Physically, this dispersion occurs because the
external camera captures a complex background (e.g., the robotic gripper limbs, lighting shadows, and
macro object surfaces); hence, the visual stream naturally focuses on extracting global deformation context
and macro appearance changes. Conversely, the tactile attention patterns are tightly concentrated around
local contact sub-regions. Since the DIGIT sensor operates in an enclosed mechatronic space that isolates
external environmental noise, it yields a much higher signal-to-noise ratio. The sharp focus of tactile attention
reflects its physical role: capturing micro-scale shear displacements and local contact area boundaries that are
visually occluded. This bimodal variance demonstrates that STR-CMFNet successfully establishes a ‘global
semantic guidance’ and ‘local slip perception’ synergy.

Figure 6: Visualization of multimodal attention. The top rows show attention maps over 4 visual frames, while the
bottom correspond to 4 tactile frames. Red indicates higher attention weights. The model exhibits clear temporal focus
around key contact moments, such as before and after slippage. Visual attention is more dispersed due to complex
backgrounds, whereas tactile attention is concentrated around contact areas.

6 Conclusion

The paper proposes STR-CMFNet, a Visual-Tactile Spatio-Temporal Rectification and Cross-Modal
Fusion Network for slip detection during robotic grasping of soft fruits. By integrating a Spatio-Temporal
Rectification Module (STR) and a Cross-Modal Fusion Module (CMF), our method aligns visual and tactile
features in both space and temporal, enabling more accurate and robust slip prediction. Experiments show
that STR-CMFNet achieves a classification accuracy of 83.1% and an Fl-score of 0.75, outperforming existing
approaches on both public benchmarks and our newly collected soft fruit dataset. Despite these results, our
work has limitations. First, the proposed network has not yet been validated on a physical robotic system,
which is essential for assessing real-world robustness and deployment feasibility. Second, our model is trained
on data from a Digit tactile sensor and a RealSense camera, differences in sensor modalities may limit
generalization to other hardware setups. In line with the vision of embodied intelligence, our future work
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aims to extend the framework to multi-finger dexterous hands equipped with tactile feedback, enabling more
complex manipulation of deformable objects.
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