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Abstract

Robotic assembly, particularly peg-in-hole tasks, presents significant challenges in uncertain
environments where pose deviations, varying peg shapes, and environmental noise can
undermine performance. To address these issues, this paper proposes a novel approach
combining visual–tactile fusion with reinforcement learning. By integrating multimodal
data (RGB image, depth map, tactile force information, and robot body pose data) via a
fusion network based on the autoencoder, we provide the robot with a more comprehensive
perception of its environment. Furthermore, we enhance the robot’s assembly skill ability
by using the Soft Actor–Critic (SAC) reinforcement learning algorithm, which allows the
robot to adapt its actions to dynamic environments. We evaluate our method through
experiments, which showed clear improvements in three key aspects: higher assembly
success rates, reduced task completion times, and better generalization across diverse peg
shapes and environmental conditions. The results suggest that the combination of visual
and tactile feedback with SAC-based learning provides a viable and robust solution for
robotic assembly in uncertain environments, paving the way for scalable and adaptable
industrial robots.

Keywords: multimodal fusion; robot assembly; peg-in-hole

1. Introduction
Robotic assembly is a critical and integral part of modern industrial production, play-

ing a significant role in improving efficiency and ensuring product quality. In structured
environments, robotic assembly techniques have advanced to the point where they can han-
dle repetitive, high-precision tasks, replacing human labor and improving consistency [1].
However, when assembly tasks occur in unknown or dynamically changing environments,
traditional methods relying on exact pose control face significant challenges [2]. Specifically,
in tasks such as peg-in-hole assembly, the uncertainty associated with pose deviations,
environmental noise, and variations in object shape pose substantial barriers to achieving
high-performance robotic assembly in real-world applications [3].

One of the fundamental challenges in robotic peg-in-hole assembly tasks is the inherent
uncertainty present in the task’s environment [4]. In practical industrial settings, objects
to be assembled often vary in shape, size, and material properties, and the presence of
environmental noise further exacerbates the complexity. The conventional approach to
these assembly tasks often relies on precise motion control [5], assuming a known object
pose and a structured environment. However, when facing pose deviations or complex
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geometries, these traditional methods are no longer effective [6]. As such, there is a growing
need for more robust, adaptive robotic assembly systems capable of handling a wide variety
of assembly tasks, particularly in uncertain and dynamic environments.

A promising direction to address these challenges is the integration of multiple sensor
modalities [7], such as visual and tactile data, to enhance a robot’s environmental perception
and facilitate more informed decision-making during assembly tasks. Vision-based systems,
commonly used in robotic assembly, can provide high-resolution spatial information about
the assembly environment [8]. However, visual systems alone often struggle with tasks
requiring precise force control, especially when the robot is engaging with objects in
constrained or dynamic environments. Tactile sensors, on the other hand, offer valuable
feedback about contact forces and object interactions, providing essential information
for tasks that require fine force control, such as peg-in-hole assembly. Combining these
complementary sensory inputs—vision for spatial perception and tactile feedback for
force control—creates a powerful multimodal system that enhances the robot’s overall
understanding of the environment [9].

In this paper, we explore the concept of visual–tactile fusion, which involves inte-
grating RGB images, depth images, tactile force information, and pose data into a unified
representation. To achieve this, we propose a novel fusion network based on the autoen-
coder that is capable of processing and combining these multimodal inputs. This approach
allows the robot to create a more accurate and comprehensive perception of its environment,
significantly improving its ability to deal with uncertainties like pose deviations and envi-
ronmental changes. The network is designed to extract multimodal features that are then
fused to enhance the robot’s sensory capabilities, enabling better decision-making during
the assembly process. Furthermore, the effectiveness of the multimodal fusion network is
validated through extensive simulations, demonstrating its robustness in environments
with significant uncertainty.

Building upon this, we introduce the Soft Actor–Critic (SAC) algorithm for assembly
skill learning. Reinforcement learning (RL) [10,11], a branch of machine learning inspired
by behavioral psychology, enables agents to learn optimal policies by interacting with the
environment and receiving feedback in the form of rewards. Unlike supervised learning,
which relies on labeled data, RL focuses on trial-and-error experiences, making it particu-
larly well-suited for robotics tasks where labeled trajectories are expensive or infeasible
to obtain [12].

Among the various RL algorithms, SAC has emerged as one of the most effective off-
policy, model-free algorithms, especially for continuous control problems. SAC combines
the benefits of actor–critic architectures with the principle of maximum entropy, encour-
aging exploration while optimizing performance [13,14]. This leads to improved sample
efficiency and robust policy learning in high-dimensional, stochastic environments. In the
context of robotic peg-in-hole assembly, the task is characterized by contact-rich dynamics,
variable tolerances, and uncertain environmental factors such as deviations in peg position,
surface roughness, or unexpected collisions. These conditions pose significant challenges
for traditional control methods that rely on pre-defined trajectories or force thresholds.
SAC, however, can adapt to these uncertainties by learning policies that continuously refine
action selection based on real-time sensory feedback [15].

By integrating SAC with multimodal sensory inputs—including visual information,
force–torque signals, and proprioceptive data—our method enables the robot to learn
nuanced insertion strategies. The learned policy not only achieves accurate and stable
insertions but also demonstrates generalization across different peg shapes and hole con-
figurations. This adaptability is crucial for deployment in real-world industrial scenarios
where environmental conditions are rarely ideal or repeatable.
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We combine the visual–tactile fusion network with SAC-based learning to create a
powerful system for robot assembly. The system learns to adapt its actions based on
varying input states that include not only visual and tactile data but also pose information.
The SAC-based learning algorithm optimizes the robot’s decision-making process, ensuring
that it can adapt to a variety of initial conditions, such as different initial positions and
peg types. Through experiments, we show that this approach significantly enhances the
robot’s performance, achieving high success rates across different assembly scenarios and
demonstrating improved generalization capabilities when confronted with various peg
shapes and assembly tasks [16–20]. This is a key advantage of the SAC algorithm, as it
allows for the efficient exploration of different strategies without requiring a large amount
of pre-programmed task knowledge [21].

By combining visual and tactile feedback with reinforcement learning, this research
aims to advance the field of robotic assembly in uncertain environments. The proposed
multimodal fusion network enables robots to better perceive and adapt to complex envi-
ronments, while the SAC-based learning strategy improves the generalizability of assembly
tasks. The results of our experiments demonstrate the effectiveness of this approach in
simulation applications, proving that combining vision, tactile feedback, and reinforcement
learning provides a viable path toward achieving robust, adaptive, and scalable robotic
assembly systems. In this work, we define “uncertain environments” as operational set-
tings that include (1) random initial pose deviations of the peg, (2) variations in peg and
hole geometry, (3) force fluctuations due to contact, and (4) noise in visual and tactile
sensor readings. These factors collectively reflect the typical variability encountered in
real-world robotic assembly tasks and form the core perturbations under which our system
is evaluated.

In summary, the primary contributions of this work encompass the following:

• We propose a novel robot assembly framework that combines visual–tactile mul-
timodal perception with reinforcement learning. This fusion enables the robot to
perceive environmental uncertainties and object states more comprehensively, which
is critical for robust peg-in-hole operations.

• We develop a multimodal feature fusion network based on the convolutional autoen-
coder; this network can effectively extract and fuse multimodal information (RGB
image, depth map, force–torque signals, robot pose information). The fused features
provide rich context for decision-making during assembly tasks.

• We integrate the Soft Actor–Critic (SAC) algorithm into the robot control pipeline
for adaptive skill learning. By using fused sensory features as input, the SAC-based
policy learns to generate precise control actions that are robust to pose deviations and
variable contact conditions.

2. Materials and Methods
2.1. Visual–Tactile Fusion Network

Processing multimodal inputs is essential for achieving robust perception in robotic
assembly tasks, especially in uncertain or contact-rich environments. Vision-based meth-
ods alone often struggle with occlusion, poor lighting, or reflective surfaces, leading to
inaccurate pose estimation. Tactile sensing, while precise in capturing contact forces, lacks
spatial awareness and cannot predict global object position or orientation. In peg-in-hole
tasks, where both force control and precise spatial alignment are required, fusing visual and
tactile data allows the robot to compensate for deficiencies in either modality. For instance,
visual input helps guide the initial alignment, while tactile feedback assists in detecting
contact and guiding insertion even under visual uncertainty. The novelty of our proposed
fusion network lies in its autoencoder-based structure, which learns compact and stable
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latent representations across RGB, depth, tactile force, and robot pose. Unlike methods
that simply concatenate raw features, our design extracts modality-specific encodings
before performing learned fusion, enabling better generalization and noise resilience. The
first step in improving the robot’s performance is to enhance its perception capabilities.
In complex assembly tasks, a robot’s ability to understand its environment is critical to
making effective decisions.

In this study, we define environmental uncertainty in the peg-in-hole assembly process
as arising from multiple sources. These include: (1) initial pose deviations of the peg
relative to the hole in both position and orientation; (2) variations in contact force dynamics
due to surface friction, compliance, or unexpected collisions; (3) sensor noise in visual (RGB
and depth) and tactile data streams; and (4) differences in the geometric properties of pegs
and holes, such as shape and dimensional tolerance. These uncertainties reflect common
real-world scenarios in robotic assembly tasks and pose significant challenges for precise
alignment and insertion. Our proposed framework is explicitly designed to perceive and
adapt to such uncertainties using multimodal fusion and reinforcement learning.

In this work, we focus on solving the challenges of peg-in-hole assembly in uncertain
environments, specifically targeting issues such as pose deviations, environmental noise,
and varying peg shapes. The method we propose is based on integrating multimodal
perception through visual and tactile feedback and enhancing assembly skill ability via
the Soft Actor–Critic (SAC) algorithm. This combination enables the robot to not only
perceive its environment more effectively but also learn to perform robust assembly tasks
that generalize well across different conditions. Below, we detail the key components of
our methodology, including the visual–tactile fusion network, the SAC-based skill learning
approach, and the integration of these two elements to achieve robust assembly strategies.

2.2. Visual–Tactile Fusion Network

The first step in improving the robot’s performance is to enhance its perception
capabilities. In complex assembly tasks, a robot’s ability to understand its environment
is critical to making effective decisions. In typical robot assembly applications, visual
feedback from cameras (RGB and depth images) is often used to detect object positions
and orientations. However, in environments where precise force control is required, tactile
sensors become indispensable. These tactile sensors measure contact forces between the
robot and the object, providing real-time feedback that is crucial for tasks like peg-in-hole
assembly, where the robot must adjust its forces to avoid damaging the object or failing
the task.

To leverage both visual and tactile data, we design a visual–tactile fusion network
based on an autoencoder, which serves as the backbone for processing and combining
multimodal data. This network is trained to extract features from RGB images, depth
images, tactile force information, and robot pose data, then fuse these features into a
unified representation. The key challenges in this fusion process involve aligning the data
from these different modalities and dealing with the potentially high-dimensional nature
of the combined data. To address this, we use an autoencoder, which is well-suited for
dimensionality reduction and feature extraction, making it easier to combine these diverse
data sources.

In summary, this paper proposes a visual–touch fusion network based on an autoen-
coder, mainly consisting of three modules (as shown in Figure 1): feature extraction (the
green box part), feature fusion (the blue box part), and decoding prediction (the orange
box part). Among them, the purple part is the content of the downstream reinforcement
learning strategy.
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Figure 1. Multimodal assembly skill learning strategy based on SAC algorithm (The left half of the
upper part of this figure represents our multimodal fusion section, and the lower part of this figure
shows our multimodal fusion module).

2.2.1. Multimodal Feature Extraction

Each sensor modality provides valuable information, but it also comes with its own
challenges. For example, RGB image are great for capturing the visual appearance of objects,
but they do not provide depth information, which is critical for accurately positioning
objects in 3D space. Depth cameras, such as those using stereo vision or time-of-flight
sensors, provide accurate spatial information but lack the texture details that RGB cameras
can capture. Tactile sensors, on the other hand, provide valuable force feedback, essential
for controlling interactions between the robot and the assembly objects, but they cannot
directly inform the robot of the object’s position or shape.
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To handle these challenges, we propose a network architecture that integrates these
multimodal features in a way that maintains the integrity of each modality’s strengths.
Specifically, each sensor modality (RGB, depth, tactile, and pose data) is processed through
separate feature extraction modules, such as convolutional layers for visual data and fully
connected layers for tactile data. The features from these individual channels are then
fused using a multilayer perceptron (MLP) to create a unified feature space. This fusion
process allows the robot to have a more comprehensive understanding of its environment
by combining visual and tactile information, which improves its ability to perform precise
and robust assembly tasks.

In the peg-in-hole hole task, visual information is directly collected by the Kinect V2
camera (Microsoft Corp., Redmond, WA, USA), which is directly fixed in the world coordi-
nate system and is capable of capturing the complete operation space of the assembly task.
Visual information refers to RGB image and depth image, and the corresponding raw data
are collected by the camera at a rate of 30 frames per second. For the collected raw visual
data, image preprocessing operations are carried out first, including operations such as
cutting, normalization, smoothing processing, and noise removal to obtain RGB image data
of 128 × 128 × 3 and depth image data of 128 × 128 × 1. Then, the preprocessed image data
are input into the corresponding neural network for feature extraction. For the input data
of RGB images and depth images, this paper adopts a 6-layer convolutional neural network
for data encoding and processes the size changes of feature maps through the convolutional
layers instead of directly using the pooling layers for processing. Furthermore, in order to
further extract potential features, a fully connected layer is added at the end of the feature
extraction channels of both RGB images and depth images, converting the encoded feature
vectors into 2 × 128-dimensional RGB feature vectors and depth RGB feature vectors. The
RGB and depth branches each generate a 2 × 128 feature vector through their respective
convolutional encoders and fully connected layers. These vectors remain separate until the
fusion stage.

The pose information of the robot is directly read from the robot body, while the
pose information of the center at the end of the assembly axis is calculated through the
homogeneous transformation matrix, and the pose adjustment amount information is
the expected action given by the controller. For the pose information of the robot body,
in this paper, a 4-layer Multilayer Perceptron (MLP) is adopted to perform data encoding
and feature extraction on the position and pose (the pose is represented by Euler angles)
of the center at the end of the assembly axis at the current moment, finally generating
a 2 × 128-dimensional pose feature vector. For the pose adjustment information of the
robot, this paper adopts a 2-layer MLP to perform data encoding and feature extraction
on the current pose adjustment information, finally generating a 32-dimensional action
feature vector.

2.2.2. Multimodal Feature Fusion Model

Once the features from the different modalities are extracted, we need to fuse them
into a cohesive representation that the robot can use for decision-making. We achieve this
by utilizing a multimodal autoencoder. The autoencoder is a deep learning model designed
for unsupervised learning, which learns to compress input data into a lower-dimensional
latent space and then reconstruct it. This structure allows the autoencoder to capture the
essential features of the data while discarding noise.

The neural network method can learn the correlations and representations among
different modalities, thereby improving the performance and generalization ability of the
model, achieving great success in fields such as images, language, and sound. Therefore,
in this paper, the multimodal feature fusion module will be implemented by the neural
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network to process and fuse data feature vectors of different modalities. The RGB feature
vectors, depth feature vectors, and pose feature vectors output by the feature extraction
module are taken as inputs, and the latent representations of the feature data are learned
using the feature fusion module, thereby obtaining the final 128-dimensional multimodal
feature representation.

In the robot peg-in-hole assembly task for multimodal perception, RGB images, depth
images, and robot pose information constitute the input data, while the environmen-
tal feedback data at the next moment constitutes the supervision label, and the robot
pose adjustment amount constitutes the execution action. The above-mentioned input
data, supervision labels, and execution actions together constitute a multimodal dataset
D = (oi, yi, ai)|i = 1, ..., T. Therefore, in this paper, we adopt the deterministic model fusion
method based on the neural network. It uses multilayer neural networks to achieve feature
extraction and fusion of different modal information and is capable of learning complex
feature representations. In the research work of this paper, the feature extraction module,
namely the encoder, has completed the feature extraction of various modal data. Therefore,
the feature fusion module does not need to design an overly complex network structure.
In this paper, a two-layer multilayer perceptron is adopted as the feature fusion module to
complete the feature extraction and fusion of RGB, depth, and pose feature vectors, thereby
learning and obtaining a deterministic multimodal feature representation.

Different from the classic autoencoder structure, the decoder designed in this paper
does not reconstruct the original input data but accomplishes the prediction task. Dur-
ing the training process of multimodal networks, the 128-dimensional multimodal feature
representation and the action feature vector are concatenated, combined, and input into
the corresponding decoder to predict the environmental state data at the next moment.
The supervised learning objective is continuously optimized by predicting the loss value of
the task. The RGB and depth image decoding predictor adopts a 4-layer deconconvolu-
tional neural network and 4 skip connections, it uses the upsampling method to process
the action feature vectors, and it finally decodes and predicts the RGB and depth image
data at the next moment. The pose decoder is a 4-layer MLP used to predict the pose
information at the next moment at the end of the assembly axis. In the deterministic fusion
model, the network parameters are updated based on the prediction result loss of the
decoder. The endpoint error loss is used for the prediction results of RGB and depth images,
and the average processing is performed on all pixels. The mean square error is used as
the loss function for the prediction of the end pose information of the assembly axis. Af-
ter the training of the visual–tactile fusion network based on the autoencoder is completed,
the network model is frozen and not updated. The data input from different sensors is
fused using the feature extraction module and the feature fusion module to generate a
low-dimensional, effective, and stable multimodal feature representation (128-dimensional
multimodal feature vector). The combination of this 128-dimensional multimodal feature
vector and the contact force information will be used as the environmental state to describe
the peg-in-hole assembly process, thereby accelerating the training of the reinforcement
learning strategy and improving the stability and generalization of the operation strategy.

To address potential coupling effects between visual and tactile data, our model adopts
a modular architecture where each modality is first processed independently. Specifically,
RGB, depth, and pose data are passed through separate convolutional or MLP-based
encoders, while contact force data is handled separately at the reinforcement learning
stage. This separation ensures that low-level feature extraction is modality-specific and
not directly influenced by cross-modal noise. Only after independent feature extraction
are the encoded representations fused through a learned multilayer perceptron (MLP),
allowing the network to learn useful joint representations while avoiding early fusion
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conflicts. This design enables the model to preserve modality-specific characteristics and
mitigates issues arising from sensor synchronization delays or physical cross-talk between
vision and force signals.

2.2.3. Multimodal Data Collection Strategy

In order to obtain more efficient sample data to enhance the performance of the visual–
tactile fusion network, this paper designs a reward-based random exploration strategy,
which combines the concept of evaluation and reward for agent actions by the environment
in reinforcement learning algorithms. This random exploration strategy aims to enable
the system to extensively explore the environment or workspace and accumulate a series
of high-quality data samples by randomly selecting actions with high reward nature.
In this random exploration strategy, it mainly includes three parts: the action generator,
the evaluator, and the random number generator. The action generator is used to generate
a set of random action values, the evaluator generates the reward values corresponding
to the actions based on the designed reward function, and the random number generator
generates a random number to determine the method of action selection. In this random
strategy, each time the action generator is called, it generates a set of random action values
that fall within the limited range. The evaluator calculates the corresponding reward
values based on the current position and the random actions. The generated random action
values and reward values will be stored as action–reward pairs. During the exploration
process, each time an action selection is made, the system will generate an action–reward
library composed of 50 groups of random action–reward pairs, as well as a random number.
The choice of using 50 action–reward groups was made empirically. We found through
preliminary testing that 50 samples provided a good balance between exploration diversity
and computational efficiency. A larger number would increase processing time during
each selection round, while a smaller number could reduce the probability of including
high-reward actions in the candidate set. Therefore, 50 was selected as a practical trade-off,
and this remained consistent across all experiments to ensure comparability. By comparing
the random number with the preset threshold size, the system will determine which action
selection method to adopt: if the random number is greater than the set threshold, the action
with the highest reward will be selected; otherwise, an action will be extracted from the
action reward library with a uniform probability.

The random number threshold set in this paper is 0.65. The higher the threshold,
the stronger the randomness of the system’s exploration of the environment. Furthermore,
in this paper, the concept of experience pool is introduced during the exploration process to
record each executed action and the position reached after the execution of the action. To a
certain extent, it can avoid repetitive selective exploration of the same position and action,
thereby improving the exploration efficiency of the system in the environment. Based
on the proposed random exploration strategy, the system can explore the environment
or workspace to the greatest extent, collect sufficient and rich multimodal data samples,
and ensure the acquisition of a certain number of high-reward actions, thereby improving
the stability and generalization ability of the multimodal network. The random exploration
strategy designed in this paper is shown in Figure 2.

During the dataset collection process, the robot starts from any point in the workspace
and collects the multimodal dataset at each step based on the random exploration strategy,
including five kinds of modal data at the current moment—RGB images, depth images,
robot pose information, contact force information, and execution action information—
and four kinds of modal data for the new state reached after performing the action,
namely RGB images, depth images, robot pose information, and contact force information.
Among them, the resolution of the original RGB image and depth image is 640 × 480. Firstly,
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480 × 480 RGB images and depth images are obtained through cutting and extraction, then
128 × 128 RGB images and depth images are obtained through scaling for storage. The pose
information of the robot is directly collected from the controller, while the execution action
information is obtained by calculating the pose changes of the robot before and after the
movement to obtain the real motion information. The contact force information is the
true contact force fed back by the environment after gravity compensation. Furthermore,
in order to obtain more high-quality multimodal data samples, in addition to the random
exploration scenarios within the workspace, this paper also sets up two scenarios of adjust-
ment around the assembly hole and within the hole to increase the number of valid data
samples in the assembly task.

Strategy 

begins

Action reward library

50 groups?  

Random number generator

Greater than 

the threshold?  

The highest reward 

action

Uniform probability 

action

Greater than 

the threshold?  

Store in the experience 

pool
Output action

Strategy 

ends

Action generator

Evaluator

Y

Y

N

Y

N

Action

Action

Reward

Pose information

Figure 2. Single execution process of reward-based random exploration strategy. Note: The ’Pose
information’ in the figure is obtained from the robot’s internal state feedback at each time step and
is used as part of the multimodal input. It is not an external input but a measured signal during
task execution.

2.3. Sac-Based Assembly Skill Learning

Once the robot can perceive its environment effectively through multimodal fusion,
the next challenge is to enable the robot to learn an optimal assembly strategy. This is
particularly difficult in uncertain environments where the robot needs to adapt to dynamic
changes during assembly tasks. To achieve this, we use Soft Actor–Critic (SAC), a reinforce-
ment learning (RL) algorithm that is particularly well-suited for continuous action spaces
and environments with high uncertainty.
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2.3.1. Soft Actor–Critic (SAC) Algorithm Overview

The Soft Actor–Critic (SAC) algorithm is a reinforcement learning algorithm in the
continuous action space based on the maximum entropy theory. It enhances exploratory
and robust performance by maximizing the combination of the expected return of the
strategy and entropy, and it can better address the balance issue between exploration
and learning. Furthermore, as an offline learning strategy, the SAC algorithm has a high
sample efficiency and is capable of handling data from different sources and making
more effective use of the empirical data collected during the exploration process, thereby
accelerating the strategy learning process. Therefore, in this section, the SAC algorithm
is adopted as the reinforcement learning strategy to learn and acquire assembly skills.
The input state is the multimodal feature representation obtained by combining the contact
force/torque, and the output action is the robot pose adjustment quantity. For the peg-in-
hole assembly task, the pose adjustment amount output by the strategy is processed by the
trajectory generator and then input into the admittance controller to generate compliant
motion to the environmental contact force, ensuring the safety of the operation process. In
summary, this section proposes a robot assembly skills learning strategy that integrates
visual–tactile information, as shown in Figure 1.The visualization of the SAC algorithm is
shown in Figure 3.

Figure 3. Visualization process of SAC algorithm.

The SAC algorithm optimizes the strategy parameters by maximizing the combination
of the expected return and entropy of the strategy, which can improve the learning speed
while avoiding falling into local optimal solutions. Specifically, the learning objective of the
SAC algorithm is to maximize the objective function as shown in Formula (1) in order to
obtain the desired optimal strategy.

π∗ = arg max
π

E(st ,at)∼ρπ

[
∑

t
R(st, at) + wH(π(· | st))

]
(1)

In the formula, π∗ represents the optimal strategy; E represents mathematical expecta-
tion; st,at represent the state–action pairs of the agent at time t, respectively; ρπ represents
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the distribution of trajectories (st, at) under the strategy; R(st, at) indicates the reward
value taken at by the agent below st; and w represents the temperature coefficient, which
determines the proportion of the entropy value relative to the reward. H(π(· | st)) repre-
sents the entropy value of the strategy π. The calculation formula for the entropy value is
as follows:

H(π(· | st)) = −Ea∼π(·|st)[log π(a | st)] (2)

The magnitude of the entropy value reflects the randomness degree of the strategy π.
Its maximization can prevent the agent from converging too quickly to the local optimal
solution, increase the exploration rate of the agent, and maintain better robustness. The SAC
algorithm contains three neural network parameters, namely the policy network parameter
ϕ, the value network parameter θ, and the target value network parameter θ′. The update
strategy network parameters ϕ need to minimize the objective:

Jπ(ϕ) = Est∼D, at∼πϕ

[
log πϕ(at | st)−

1
w

Qθ(at | st)

]
(3)

In the formula, Jπ(ϕ) represents the minimization objective function of the network
parameter ϕ; D represents the experience replay pool; Qθ(at | st) represents the output
value of the value network; and πϕ(at | st) represents the probability of the policy network’s
state st output action at. Action at can be obtained through the reparameterization method:

at = fϕ(ϵt; st) = tanh
(

f µ
ϕ (st) + ϵt ⊙ f σ

ϕ (st)
)

(4)

In the formula, f µ
ϕ (st) represents the average value of the output of the policy net-

work; f σ
ϕ (st) represents the variance of the output of the value network; and ϵt represents

random noise sampled from the standard normal distribution. In the peg-in-hole task,
the agent action—that is, the robot pose adjustment amount—is usually limited within
a certain range. Therefore, the function tanh is used to map the action to the interval
(−1, 1). After reparameterization ϕ, the update of network parameters needs to minimize
the objective:

Jπ(ϕ) = Est∼D, at∼πϕ

[
α log πϕ( fϕ(ϵt; st) | st)−Qθ( fϕ(ϵt; st) | st)

]
(5)

For the parameter θ of the value network, the update is carried out by minimizing the
Bellman error:

JQ(θ) = E(st ,at ,st+1)∼D, at+1∼πϕ

[
1
2
(Qθ(st, at)− y)2

]
(6)

y = r(st, at) + γEat+1∼πϕ

[
Qθ′(st+1, at+1)− α log πϕ(st+1 | at+1)

]
(7)

In the formula, Jπ(ϕ) and y represent the update functions of the network parameter θ;
s(t+1) and a(t+1) represent the state–action pairs of the agent at moment t + 1, respectively;
r(st, at) indicates the reward value taken at by the agent below st; and Qθ′(st+1, at+1)

represent the output value of the target value network. For the parameter θ′ of the target
value network, a soft update is carried out based on Formula (4).

θ′ ← τθ + (1− τ)θ′ (8)

In the formula, τ represents the update coefficient. For the temperature coefficient w,
since the reward value of environmental feedback keeps changing, a changing temperature
coefficient is adopted to improve the stability of the training process. The loss function of
the temperature coefficient is as follows:
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J(w) = Eat∼πt [−w log πt(at | πt)− wH0] (9)

In the formula, J(w) represents the loss function of the temperature coefficient, and
πt(at | πt) represent the strategy of the agent at time t.

2.3.2. Learning Process with Multimodal Representations

At each step of the assembly process, four modal data types, namely RGB images,
depth images, pose information, and contact force information, are collected from the envi-
ronment. Among them, RGB images, depth images, and pose information are processed
using the deterministic fusion model to obtain a 128-dimensional multimodal feature rep-
resentation. Then, the 128-dimensional multimodal feature representation is connected
and combined with the 6-dimensional contact force/torque to form a 134-dimensional
multimodal representation vector, which is input as the observed state st of the environ-
ment into the SAC algorithm. In the SAC algorithm, the action output of the strategy is a
three-dimensional position adjustment quantity, defined as follows:

at = [∆x, ∆y, ∆z] (10)

In the formula, ∆x, ∆y, ∆z represent the expected adjustment amounts of the assembly
axis positions in the Cartesian coordinate system, respectively.

In the multimodal assembly skill learning process based on the SAC algorithm, the as-
sembly strategy will continuously output the position adjustment amount of the assembly
axis to control the continuous exploration of the environment by the assembly axis. Dur-
ing the exploration and training process, by maximizing the objective function shown
in Formula (1) to maximize the combination of the expected return and entropy of the
strategy, the problem between exploration and learning is balanced. The robot continuously
learns and optimizes assembly skills in the interaction with the environment, gradually
improving the assembly success rate and assembly efficiency through trial and error and
feedback, solving operational problems in an uncertain environment.

2.3.3. Robot Controller Design

In this paper, a 6-dimensional vector [x, y, z, r, p, q] is used to describe the pose informa-
tion of the end assembly axis in the Cartesian coordinate system. Here, [x, y, z] represents
the position of the center at the end of the assembly axis in the robot base coordinate system,
and [r, p, q] represents the rotation angles around each axis of the base coordinate system;
that is, the pose information. In this paper, the spatial position of the assembly peg is mainly
controlled, and its posture is kept consistent with that of the assembly hole. The controller
is divided into three parts: the trajectory generator, the admittance controller, and the action
selector. Firstly, the SAC strategy continuously outputs the position adjustment ∆x, ∆y, ∆z
amount of the end assembly axis in the Cartesian coordinate system at a certain frequency.
Secondly, the position adjustment amount is input into the trajectory generator to generate
the expected motion trajectory in order to compensate for the delay difference between
the output of the low-frequency strategy and the high-frequency motion control. Then,
the position adjustment amount is corrected by using the admittance control based on
the contact force information fed back in real time from the environment so that the robot
movement has compliance during the contact process [22–28]. Finally, position control or
attitude control is selected and executed through the action selector. Since the work in this
paper does not involve attitude deviations, position control is always executed in the loop.

In our framework, although the high-level control policy is learned through the SAC
reinforcement learning algorithm, the actual execution of motion still involves a trajectory
generator. This component smooths the discrete position adjustment outputs from the
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policy network to produce continuous motion profiles. Such post-processing is essential for
executing learned policies on real robotic systems, where abrupt movements may lead to
instability or hardware damage. Trajectory planning has traditionally been handled using
minimum-jerk or piecewise polynomial interpolation methods, which emphasize kinematic
smoothness and motion efficiency [29,30]. While our SAC-based method does not explicitly
optimize for jerk or smoothness in the reward function, it indirectly benefits from the
smoothing effect of the trajectory generator [31–36], thereby maintaining acceptable motion
efficiency during the assembly process.

2.4. Integration of Visual–Tactile Fusion and SAC Learning

The integration of the visual–tactile fusion network and SAC-based skill learning
forms the core of our methodology. The fusion network provides the robot with an accurate
and robust perception of its environment, while the SAC algorithm enables it to learn adap-
tive assembly skills. Together, these components allow the robot to perform peg-in-hole
assembly tasks with high success rates and strong adaptability in uncertain environments.

When applied, this integrated system enables robots to handle dynamic assembly
tasks efficiently, even in the presence of environmental uncertainty and variations in object
shape. The combination of vision and tactile feedback improves the robot’s sensitivity to
environmental changes, while SAC ensures that it can adapt to these changes and optimize
its actions in real time.

3. Results and Discussion
In this section, we present a comprehensive experimental setup and results analysis

to validate the effectiveness of the proposed visual–tactile fusion network and SAC-based
assembly skill learning approach. Our goal is to demonstrate that the integrated system can
improve robot performance in peg-in-hole assembly tasks under uncertain environments,
characterized by pose deviations, environmental noise, and various peg shapes.

3.1. Experimental Setup

Gazebo software (version 11) is a commonly used simulation platform. It can combine
Open Dynamics Engine (ODE) and Bullet to achieve highly realistic physical simulations,
making the built simulation environment and the executed operations closer to the real
scene, which is conducive to improving the reliability of the simulation results. In addition,
the Gazebo platform offers a rich API and plugin system, and it supports the addition of
various types of sensors (such as cameras, six-dimensional force sensors, etc.), capable of
simulating complex perceptual control tasks. Therefore, in this paper, the Gazebo platform
is chosen to build a set of simulation scenarios for the peg-in-hole assembly task oriented
to visual and tactile perception in order to complete the simulation test of the operation
task and verify the validity of the proposed network model.

(1) Task scene construction: During the process of scene construction, this paper uses
the ROS-Industrial Universal Robot function package officially provided by Universal
Robots as the basis, and it adopts XACRO files to describe the robot model. In the peg-in-
hole assembly scenario, the peg length is 46 mm, and the hole depth is 50 mm. A total of
four different shaped peg-in-hole assembly tasks, namely circular, triangular, square, and
hexagonal, were designed; the gap between each group of assembly pegs and assembly
holes was approximately 2 mm. The initial position of the assembly pegs was a random
point in the working space. The unidirectional deviation along the X, Y, and Z axes was
greater than 60 mm, and the posture remained fixed. On this basis, this paper expands the
robot model, mainly including three aspects: force/torque sensor, peg-in-hole components
for assembly tasks, and camera model. For the force/torque sensor and the peg-in-hole
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assembly components, in this paper, the SolidWorks software (version 2021) is used to draw
the model, and its STL file and physical parameters are exported for accurately describing
the model in the simulation environment. In the part of the camera model,we selected the
Kinect V1 camera model and fixed it in the simulation scene to comprehensively capture
the entire workspace without contacting or colliding with any components in the scene.

The dataset used in this study was generated entirely within the Gazebo simulation
environment under randomized initial conditions. Each episode began with a randomized
peg pose (position deviation > 60 mm along X/Y/Z axes) and randomly selected peg shape
(square, circle, triangle, hexagon). For each step, the robot collected a set of multimodal
sensory data: RGB images, depth images, 6-DOF pose, and contact force/torque feedback.
In total, we collected 110K samples, of which 80% were used for training and 20% for
testing. Data preprocessing included image cropping and resizing (to 128 × 128), force
normalization, and pose transformation from the robot base to end-effector frame. These
steps ensure consistent input dimensionality and training stability.

(2) Sensor Configuration: The ROS-Industrial Universal Robot function package is
a robot description file built for the Gazebo platform, containing basic information of
the robot and rich perception options, such as joint angle state, speed state, acceleration
state, joint force state, etc. Furthermore, the Gazebo platform provides a wide range of
sensor API interfaces. In this paper, visual sensors and six-dimensional force/torque
sensors are adopted to implement various modal environmental perception methods.
The visual sensor part publishes the original RGB information and depth map information
with a resolution of 640 × 480 at a frequency of 30 Hz, providing visual guidance and
feedback information for robot operation. The force/torque sensor is installed between
the center of the robot flange and the assembly peg, and it releases the contact force and
torque between the robot and the environment at a frequency of 1000 Hz, providing force
feedback information for the robot operation.

(3) Controller design: In the combination of the Gazebo platform and ROS, the ROS
controller plays a key role. It assigns a ROS controller to each moving joint and moving
platform component in the simulation model. These controllers are responsible for driving
the virtual motors defined in the model file, thereby achieving the control of the movement
of the robot model. This paper realizes the state perception and control of the robot body
based on the method of perceiving and controlling the joint angle in order to provide
stronger control flexibility and fully consider the contact force factor in the assembly
process. During the simulation process, Gazebo releases the joint angle state of the robot
in real time. In this paper, the current pose information is obtained through the solution
of forward kinematics, and the joint angle information under the expected pose state is
calculated based on kinematics. In terms of the underlying controller, this paper adopts the
joint angle control module in the ROS-Industrial Universal Robot function package and
realizes the motion control of the robot through topic release of joint angles.

(4) Evaluation Indicators: We collected the statistical data of four types of tasks in the
test round, including (1) Successful assembly: when the depth of the peg is greater than
30 mm and the contact force is less than 2 N; (2) Insertion into the hole: The assembly peg
is inserted into the hole but does not reach the bottom; (3) Contact assembly hole: The
assembly peg is close to the assembly hole and in contact with the worktable, but fails to
be inserted into the hole; and (4) Assembly failure: The assembly holes were not close to
the worktable and the assembly holes. In this section, the number of adjustment steps,
the depth of the peg, and the cumulative reward are used as three indicators to evaluate the
quality of the peg-in-hole assembly process. In summary, in this paper, the performance of
the assembly strategy is statistically analyzed based on seven types of data: the number
of successful assemblies, the number of insertable holes, the number of contacts with the
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worktable, the number of assembly failures, the number of adjustment steps, the insertion
depth, and the cumulative reward. The reward functions adopted in this chapter are
as follows:

r(s) =

v− d + h, if h < 0

v− d + 2× h, if h ≥ 0
(11)

d =
∥∥(Px, Py, Pz)− (Hx, Hy, Hz)

∥∥
2 (12)

h = Hz − Pz + 30 (13)

In the formula, v is the artificially given weight parameter to achieve the reward
classification; d represents the distance from the target point; and “h” represents the
insertion depth. (Px, Py, Pz) and (Hx, Hy, Hz) represent the position of the peg-in-hole
assembly and the target position in the assembly hole, respectively.

This reward formulation is designed to enhance robustness under uncertain conditions.
The term d captures the Euclidean distance between the current peg tip and the target hole
position, making the reward sensitive to positional perturbations caused by initialization
errors or sensor noise. The insertion depth h reflects the vertical progress of insertion
and penalizes shallow or misaligned attempts, which commonly occur under random
initial pose offsets. Therefore, although the reward function does not explicitly encode
disturbance terms, it indirectly penalizes misalignment and shallow insertion, which are
primary consequences of uncertain environment factors such as initial position deviation,
shape mismatch, and sensor noise. This encourages the policy to learn behavior that is
robust to such variations.

By continuously evaluating d and h, the reward function guides the policy to minimize
alignment errors and maximize insertion completeness, even in the presence of initial pose
deviations, shape mismatch, or depth noise. These variables serve as indirect yet consistent
indicators of system performance under perturbations.

Based on the above model description, sensor configuration, and controller design con-
tent, the simulation scene built on the Gazebo platform is shown in Figure 4. Furthermore,
in order to verify the effectiveness for the multimodal peg-in-hole assembly task scenario,
basic tests were conducted in the established simulation scenario, including tests such
as the control function of the robot, the perception function of different sensors, gravity
compensation, and the simulation of the contact state during the peg-in-hole process.

3.2. Experimental Verification

This section presents the verification results of the methods proposed in this paper,
including the multimodal fusion module and the robot peg-in-hole task.

3.2.1. Experimental Verification of Deterministic Model

To verify the effectiveness of the visual and tactile fusion network based on the au-
toencoder, in this section, a robot peg-in-hole assembly simulation platform for multimodal
perception will be built based on the Gazebo platform, and a multimodal dataset will
be constructed by adopting the reaction-based random exploration strategy proposed
in Section 2.2.3.

In the simulation platform, a total of 110K sets of multimodal data were collected
based on the reward random exploration strategy, among which 80% were used for network
training and 20% for network testing. Then, the network performances of the deterministic
model are analyzed on the constructed multimodal dataset.
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Force/torque sensor
Assembly peg

Assembly hole

Kinect camera

Assembly platform

Figure 4. Robot peg-in-hole assembly simulation platform based on visual and tactile perception.

The test result of the multimodal fusion network based on the deterministic model is
given as the prediction loss curve shown in Figure 5, which includes four loss situations:
total prediction loss, RGB prediction loss, depth prediction loss, and pose prediction loss.
Among them, the total prediction loss is the sum of the other losses. It can be observed
that with the increase in the number of training sessions, all the losses of the network
monotonically decrease, and convergence is achieved in the 10th episode. The loss values
after network convergence are stable as shown in Table 1. The total prediction loss is
1.5× 10−3 the RGB prediction loss is 8.7× 10−4, the depth prediction loss is 6.3× 10−4,
and the pose prediction loss is 1.05× 10−5. The test results prove the effectiveness of the
multimodal fusion network based on the deterministic model.

Episodes

lo
ss

310−

Total predicted loss

RGB image prediction loss

Depth image prediction loss

Pose prediction loss

Figure 5. Prediction loss of deterministic fusion model.



Machines 2025, 13, 605 17 of 24

Table 1. Prediction loss of deterministic fusion model.

Parameter Loss Value

Total predicted loss 1.5× 10−3

RGB prediction loss 8.7× 10−4

Depth prediction loss 6.3× 10−4

Pose prediction loss 1.05× 10−5

3.2.2. Training and Verification of Peg-in-Hole Strategies

To visualize the learning behavior of the SAC algorithm, we present training curves
that track reward accumulation, insertion accuracy, and adjustment step counts across
episodes (Figures 6 and 7). These curves demonstrate the progressive improvement and
convergence of the learned policy during reinforcement learning. The visualization of the
soft actor–critic algorithm is shown in Figure 3.

The multimodal assembly skill learning and training based on the SAC algorithm was
carried out in the simulation environment. The cumulative rewards, adjustment steps, and
insertion depth results of the training process are shown in Figure 6. During training, we
applied the standard SAC loss functions: a policy loss that maximizes expected Q-values
with entropy regularization, a critic loss that minimizes Bellman error, and a temperature
loss to tune the entropy coefficient. These losses are detailed in Equations (3)–(7) in
Section 2.3.1, and their optimization enables stable learning of insertion policies. Combining
the result curves of cumulative rewards and the insertion depth, it can be seen that the
assembly strategy successfully completed the assembly task for the first time in the 50th
episode. Subsequently, due to the random exploration actions, the test results showed a
fluctuating decline, but the low frequency had little impact on the learning process. Finally,
the strategy gradually converges after the 220th episode. Its cumulative reward stabilizes
around a fixed value, and the assembly task is completed with a relatively high success rate,
maintaining the continuous success of the operation task. By observing the adjustment step
curve, it can be found that the result curve of the adjustment steps fluctuates greatly. This
is caused by the large working space of the peg-in-hole assembly task and the inadequate
exploration of the environment. The farther the position is from the assembly hole, the more
adjustment steps are required.
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Figure 6. Learning process of peg-in-hole assembly skills based on deterministic model: (a) Cu-
mulative reward per episode; (b) Number of adjustment steps; (c) Insertion depth during training.

In order to verify the effectiveness of the multimodal assembly skills based on the
SAC algorithm, a random position was selected from the workspace as the initial position,
and 50 sets of repetitive assembly experiments were conducted at this initial position.
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The test results are shown in Figure 7. The cumulative rewards remain stable within a
certain range. The fastest step adjustment to complete the assembly task is around 50 steps,
and the slowest is around 150 steps. It can be seen from the the insertion depth curve
that all 50 test episodes reached the expected position and successfully completed the
assembly task, and the overall assembly success rate was 100%. Obviously, the assembly
skill learning strategy based on the SAC algorithm can effectively complete the peg-in-hole
assembly task.

(a) (c)(b)
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Figure 7. Assembly skill test results at the same initial position: (a) Cumulative reward curves;
(b) Number of adjustment steps; (c) Final insertion depth in each episode.

In addition to considering the cumulative rewards, adjustment steps, and the insertion
depth of the assembly process, we also recorded the contact force/torque of each step of
the assembly process to analyze the contact interaction state of the robot assembly process.
The experimental record of 1 episode was extracted from the above 50 test episodes.
The contact force and torque situation of the assembly process based on assembly skills is
shown in Figure 8.
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Figure 8. Contact force and torque conditions during peg-in-hole assembly: (a) Contact force over
steps; (b) Contact torque over steps.

It can be seen from the process curves of force and torque that in the first 45 steps
of this episode, it is in the hole search process, and the assembly peg does not come into
contact with the environment, so the values of force and torque are close to 0. At step
45, it reaches the edge of the assembly hole and starts to attempt alignment and contact,
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with a contact force of about 1 N. After alignment, the contact force becomes 0 and moves
downward to insert it into the hole. At step 57, contact occurs with the inner wall of the
assembly hole, with a contact force close to 1 N. After adjustment, it continues inserting the
assembly peg into the hole to complete the assembly task. The contact force and torque
during the assembly process are always at a relatively small value. The results show that
the assembly skill learning strategy based on the SAC algorithm can learn a relatively safe
operation trajectory.

To evaluate the efficiency of the proposed assembly strategy, we estimate the average
execution time per task episode based on the control cycle and number of adjustment steps.
In our simulation setup, each control action corresponds to a single adjustment step and
is executed at a frequency of 10 Hz, implying that each step takes approximately 0.1 s.
As shown in Figure 6, the number of adjustment steps required for successful assembly
ranges from 80 to 150 steps depending on the initial distance to the target. Consequently,
the estimated duration for completing a single peg-in-hole task falls between 8 and 15 s.
This estimation is consistent with other simulation-based robotic assembly works using
similar controllers and platforms [7,10]. Although real-world latency and mechanical
constraints may further affect timing, our results demonstrate that the proposed method
offers a reasonable balance between precision and speed.

3.2.3. Generalization Experiments at Different Initial Positions

In order to verify the generalization ability of the multimodal assembly skills based on
the SAC algorithm, 50 episodes of assembly experiments were carried out at different initial
positions to verify the performance of the proposed algorithm. Before the start of each
episode, an initial position was randomly selected from the workspace (to increase the test
difficulty, the selected initial positions were all far away from the assembly holes), and the
assembly task began from the randomly selected initial position to test the generalization
effect of the assembly skills. The results of the assembly skills generalization experiment at
different initial positions are shown in Figure 9. It can be seen that the cumulative reward
stabilized within a range, but its degree of fluctuation was greater than that of the test
results under the fixed position. This is due to the different distances from the random
initial position to the target point and the different number of adjustment steps required
for each episode, which led to fluctuation in reward. In terms of the number of adjustment
steps, the fastest one completed the assembly task in close to 40 steps, while the slowest one
took approximately 150 steps to complete the task. Furthermore, it can be seen from the
insertion depth curve that the 50 test episodes reached the target position and successfully
completed the assembly task, and the overall assembly success rate was 100%. The test
results show that the assembly skills learned based on the SAC algorithm can be effectively
generalized to different initial positions.
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Figure 9. Assembly skill generalization experiment under different initial positions: (a) Cumulative
rewards; (b) Number of adjustment steps; (c) Final insertion depth.



Machines 2025, 13, 605 20 of 24

3.2.4. Generalization Experiments for Different Types of Holes

In order to verify the generalization ability of the multimodal assembly skills based
on the SAC algorithm, the assembly skills learned from the square peg-in-hole assembly
scenario were applied to the assembly scenarios of different types of pegs-in-holes for
generalizability testing to verify the performance of the proposed algorithm. Meanwhile,
consistent with the generalization experiments at different initial positions, in each episode
of this experiment, a target point was randomly selected from the workspace as the initial
position. A total of 50 episodes of assembly tests were conducted, and the cumulative
rewards, adjustment steps, and insert depth results during the test process were recorded.

The generalization experiment results of the square peg-in-hole strategy applied to
the circular peg-in-hole assembly scenario are shown in Figure 10. It can be seen that
the cumulative reward was stable within a range, and the number of adjustment steps
fluctuated greatly due to the influence of the initial position deviation. However, the success
rate of 50 test episodes remained at 100%.
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Figure 10. Generalization experiment of square peg-in-hole strategy applied to circular hole assembly:
(a) Cumulative rewards; (b) Number of adjustment steps; (c) Final insertion depth.

The results of the generalization experiment of the square peg-in-hole strategy applied
to the triangular peg-in-hole assembly scenario are shown in Figure 11. It can be seen that
the cumulative reward can still remain stable within a range. However, in this experiment,
the assembly was not completed, with a success rate of 84%. Among them, the assembly
tasks were successfully completed in 42 episodes. Two episodes were inserted into the holes
(18 mm and 29 mm were inserted, respectively), and six episodes were in contact with the
assembly holes. No assembly failure occurred. The episodes of incomplete assembly tasks
and assembly failures were mainly due to the interruption of the assembly task caused by
the program after the adjustment steps reached 200.
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Figure 11. Generalization experiment of square peg-in-hole strategy applied to triangular hole
assembly: (a) Cumulative rewards; (b) Number of adjustment steps; (c) Final insertion depth.
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The generalization experimental results of the square peg-in-hole strategy applied to
the hexagonal peg-in-hole assembly scenario are shown in Figure 12. It can be seen that the
cumulative reward can still remain stable within a range. Moreover, in this experiment, all
the assembly tasks in all episodes were inserted into the holes. Among them, the assembly
tasks were successfully completed in 49 episodes, and 14 mm was inserted into the hole in
1 episode (the adjustment steps exceeded the limit). The success rate was 98%.
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Figure 12. Generalization experiment of square peg-in-hole strategy applied to hexagonal hole
assembly: (a) Cumulative rewards; (b) Number of adjustment steps; (c) Final insertion depth.

By analyzing the above test results, it can be seen that the multimodal assembly skills
based on the SAC algorithm can be effectively generalized to the assembly scenarios of
different types of peg-in-hole tasks. As for the episodes that failed to successfully complete
the assembly tasks, the fundamental reason might be insufficient training in operation
strategies and an incomplete understanding of the environment.

Compared to traditional model-based insertion methods or visual-only policies, our
framework achieves comparable or superior performance in terms of insertion accuracy.
For instance, prior visual-guided methods under similar conditions often report success
rates in the range of 80–95% [7]. In contrast, our SAC-based multimodal policy maintained
100% success in square and circular scenarios and over 98% in generalization tasks including
triangular and hexagonal peg types, as shown in Figure 12. This highlights the improved
robustness and generalization enabled by the proposed fusion strategy [37–40].

3.2.5. Comparison with Existing Approaches

Compared to conventional vision-only insertion strategies [7,8], our method signifi-
cantly improves robustness by incorporating real-time tactile feedback and proprioception.
While vision-based approaches offer good spatial awareness, they often fail under occlu-
sions, reflective surfaces, or minor pose deviations. Tactile-guided methods [9,41] improve
local contact control but lack global perception. In contrast, our multimodal fusion network
encodes RGB, depth, and pose signals into a unified latent representation, enabling the
policy to reason jointly over visual and tactile cues. Furthermore, by integrating the Soft
Actor–Critic (SAC) algorithm, the system learns adaptive control policies that generalize
across different shapes and initial conditions.

Recent works using reinforcement learning for peg-in-hole tasks [10,42] typically focus
on unimodal data or require extensive domain randomization. Our method stands out
by leveraging structured feature fusion, allowing for efficient policy training and strong
generalization without additional demonstrations or handcrafted controllers.
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4. Conclusions
This paper introduces an integrated approach combining visual–tactile fusion with the

Soft Actor–Critic (SAC) algorithm to improve the robustness and adaptability of robots per-
forming peg-in-hole assembly tasks in uncertain environments. The proposed multimodal
fusion network enhances the robot’s ability to perceive its environment by combining
visual, depth, tactile, and pose information, thus improving its accuracy in detecting object
alignments and adjusting forces during the assembly process. The SAC-based learning
model further empowers the robot to learn assembly strategies that generalize well across
different conditions, enabling the system to handle variations in peg shapes and environ-
mental factors.

Our experimental results highlight the effectiveness of the combined approach. The fu-
sion network improves the robot’s performance, reducing misalignments and enhancing
force control, while the SAC algorithm enables fast adaptation to new tasks and better
generalization to different peg shapes and poses. Additionally, the results indicate that the
integrated system performs robustly in the presence of environmental noise and dynamic
changes, providing a stable solution for industrial assembly operations. These experimental
results further validate the system’s robustness across uncertain conditions, including vari-
ations in initial pose, contact dynamics, shape diversity, and sensor noise. Such resilience is
essential for real-world deployment in dynamic industrial environments.

In summary, this work contributes to the field of robotic assembly by offering a
scalable, adaptive solution that leverages advanced perception and learning techniques.
Future work could explore further enhancements to the fusion network, improve learning
efficiency with more complex environments, and expand the application of this method to
other types of assembly tasks and industrial applications. The approach holds promise for
advancing automation in manufacturing and other industries.
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