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Abstract. This paper proposes a vision-to-grasp framework driven by a Deep Q-Network (DQN). The framework is designed 
for industrial robots in complex and dynamic factory environments. Multimodal visual perception, robust scene 
understanding, and adaptive deep reinforcement learning-based grasp planning are the three components of the new 
framework. The experiments were conducted in both simulated and real environments, using a UR5e robotic arm equipped 
with an RGB-D camera and a standard industrial gripper. In the 200,000 training steps in the simulation, the asymptotic 
grasping success rate of the Double DQN variant was 93.4%, which is 6.2 %age points higher than the standard DQN, and the 
reward variance was reduced by over 38%. Boltzmann's study achieved a success rate of 92.8% within 80,000 steps, far 
surpassing the noise network and ε-greedy methods. The framework achieved a success rate of over 90% for grasping both 
simple and complex objects on physical hardware, with success rates of 95.1%, 91.3%, and 87.6% for acrylic boxes and 
ceramic cups, respectively. In mixed and cluttered environments, the system achieved a total success rate of 92.5% over 300 
rounds, with a relatively short grasp execution time of 2.7 to 3.7 seconds. Robustness tests indicate that it can generalize 
well to new objects, partial occlusions, and lighting changes. Failure analysis pointed out the main defects in spatial alignment 
and reflection. The above results indicate that DQN-based visual-guided grasping has been applied in practice and is feasible 
in industrial environments. 
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Introduction 
With the rapid development of industrial automation, many modern factories have become very flexible and 
intelligent, and production lines have become more adaptable [1]. Sorting, quality inspection, logistics, precision 
assembly, and sorting are among the many fields where industrial robots are currently widely used [2]. Vision-
based grasping is becoming increasingly popular in empowering technologies because it enables robots to 
dynamically interact in diverse and new environments [3]. Vision-guided grasping is more adaptive than 
traditional open-loop or model-based methods because it can recognize changes in real-time and make 
corresponding adjustments [4]. However, due to the uncertainty in perception and the high dimensionality of 
operational actions, reliable visual grasping remains a challenge in the presence of occlusions, clutter, and 
complex shapes [5]. Sensor noise, lighting changes, and background interference often affect the generalization 
ability of existing vision-based systems, making them less suitable for industrial applications [6]. Moreover, there 
are still many issues with increasing and improving the stability of manual feature extraction or hyperparameter 
tuning methods [7]. Therefore, people are actively seeking learning-based strategies to enable industrial robots 
to handle complex vision tasks more autonomously and effectively [8]. 

With the advancement of deep learning, deep reinforcement learning (DRL) has recently been used to develop 
robots that can directly learn decision-making strategies from high-dimensional perceptual data [9]. Deep Q-
Networks (DQN) are algorithms suitable for end-to-end learning that directly convert raw visual data into 
discrete actions. In deep reinforcement learning (DRL) algorithms, DQN has been used to address the coupling 
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problem between perception and action [10]. The DQN-driven architecture is very effective for robotic tasks 
such as visual servoing, real-time motion planning, and continuous control [11]. Deep Q-Networks (DQNs) and 
Convolutional Neural Networks (CNNs) can be combined, allowing for automatic learning of image features 
without manual design [12]. The challenges of sample inefficiency in reward-based training, the sparsity of 
rewards, and the instability in performance when facing environmental changes or domain shifts [13]. Although 
some progress has been made, these issues have not been completely resolved. Especially in practical 
applications, transferring the trained strategies from the simulated environment to the real environment, known 
as the sim-to-real gap, remains a major obstacle [14]. Moreover, industrial grasping scenarios often involve new 
objects, changing background environments, and unstable clutter. Therefore, the scalability and adaptability of 
robotic systems are higher [15]. Current research aims to address the aforementioned shortcomings by 
integrating data augmentation, domain randomization, and advanced exploration methods within the DQN 
framework [16]. However, there is no comprehensive and systematic vision-to-grasp pipeline [17]. Therefore, 
developing a high-performance, scalable industrial vision grasping framework based on DQN is both urgent and 
feasible [18]. 

This paper proposes a DQN-guided visual grasping framework that can be used for industrial robots. We have 
constructed a modular perception-to-action framework, which is different from the aforementioned. It includes 
real-time sensors, robust environmental perception capabilities, and customizable grasping plans based on deep 
reinforcement learning. Combining multimodal data streams and using task-oriented reward functions, we 
improve the robustness of grasping under environmental uncertainty and dynamically adapt to new object 
categories. Many experiments conducted in both simulated and real industrial environments have shown that 
our method is more suitable for real-time applications and has a higher success rate in grasping compared to 
previous methods. Based on the above experiments, an end-to-end DQN-based method is proposed to enhance 
the operational capabilities of autonomous robots in complex industrial environments. This method also 
provides support for future research on intelligent robots. 

Literature Review 

Vision-Based Grasping: Approaches and Trends 

Due to the increasing demand for complex operations in unstructured environments, the development of vision-
based robotic grasping has rapidly advanced over the past decade. First, most methods addressing this problem 
use geometry. Robots determine the shape and position of objects through feature engineering or traditional 
image processing techniques, and then develop grasping strategies using manually designed rules or force 
closure criteria [19]. These traditional methods work well when dealing with simple, well-structured parts, but 
they quickly fail when encountering occlusions, sensor noise, or irregular object geometries [20]. With the 
advent of depth cameras and RGB-D sensors, researchers can gain a deeper understanding of 3D scenes and are 
able to perform grasp detection in complex environments [21]. 

Data-driven learning has also changed the task of robot vision-guided grasping. Convolutional Neural Networks 
(CNNs) have demonstrated superior object recognition capabilities compared to model-based methods within 
learning-based frameworks, and they can determine the correct grasping position from raw pixel data [22]. Self-
supervised learning and large-scale data collection enable robots to automatically label and learn from a vast 
number of real-world grasping attempts. This improves generalization ability and reduces the need for synthetic 
data or real annotations [23]. Researchers have recently begun to focus on affordance learning. This involves 
predicting whether a robot can grasp an object and determining the optimal grasping position for subsequent 
manipulation tasks [24]. 

The above are the main trends. Multimodal fusion includes RGB, depth, and tactile data to achieve more 
accurate grasp predictions. In addition, applying transformer architectures can flexibly handle unordered visual 
feature sets [25]. The problem of sim-to-real transfer and rapid adaptation to new objects can be addressed 
through domain adaptation and few-shot learning [26]. Although some progress has been made in the past few 
years, handling highly cluttered environments, object transparency or reflectivity, and adversarial conditions 
remains a focus of current research [27]. With the development of this field, adaptive and self-improving 
algorithms capable of real-time operation in open industrial environments have clearly emerged [28]. 
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Deep Reinforcement Learning in Vision-Guided Robotics 

Deep Reinforcement Learning (DRL) is a useful tool for connecting perception and action in robotic grasping [29]. 
Now, it is striving to solve the problem of policy optimization in high-dimensional continuous spaces. 
Reinforcement learning is an independent, self-learning method that does not rely on imitation or supervision. 
It allows agents to discover good behaviors by performing tasks and using a reward function. Deep Q-Networks 
(DQN) have recently achieved great success in value-based Deep Reinforcement Learning (DRL) algorithms, 
particularly because they can handle discrete action spaces and learn effective control policies directly from 
image data [30]. 

In the field of robotic manipulation, DQN-based methods have been applied to solve problems such as grasp 
selection, servoing, and tool usage. In order to improve sample efficiency and learning stability, replay buffers 
and target networks are often used [31]. A hybrid framework has been developed that combines DQN with 
actor-critic methods or imitation learning methods to improve convergence speed and practical application [32]. 
In the fields of reward engineering and curriculum learning, recent research has shown that robots can improve 
environmental representation and address issues of delayed or sparse rewards by adding auxiliary tasks (such 
as pose estimation or object segmentation) [33]. 

Exploration methods are still under research; however, past studies have also focused on enhancing intrinsic 
motivation through distributed reinforcement learning, boosting curiosity-driven exploration, and improving 
robustness to rare events [34]. The gap between simulation and reality is another issue being addressed. Domain 
randomization, adversarial adaptation, and fine-tuning with real data are helping to reduce the differences 
between simulation and the real world in terms of sensor noise, dynamics, and appearance [35]. Deep 
Reinforcement Learning (DRL) is often combined with Model Predictive Control (MPC) or traditional motion 
planning to create deployable systems that are reliable, sample-efficient, and suitable for constrained industrial 
environments. Although these issues have been addressed, catastrophic forgetting, reward hacking, and poor 
interpretability still persist, limiting the application of DRL-based vision-guided grasping in production robots 
[36]. 

Future goals include encouraging lifelong learning, formulating risk-aware policies, and adapting to industrial 
and environmental changes. The combination of advanced vision and reinforcement learning continuously 
expands the range of tasks that autonomous robots can perform in factories [37], and creates new opportunities 
for flexible intelligent automation [38]. All of this is happening against the backdrop of deep reinforcement 
learning (DRL) frameworks becoming more stable and interpretable. 

DQN-Guided Vision-to-Grasping Framework 

System Architecture Overview 
The three components of the new system are: (i) multimodal perception backend; (ii) deep Q-network (DQN) 
for sequential decision-making; and (iii) real-time execution interface. As shown in Figure 1, the sensor streams 
from a set of 𝐾𝐾 spatially distributed, synchronized RGB-D cameras are individually preprocessed and then fused 
into a joint latent representation. The formal system state at time 𝑡𝑡 is as follows 

𝒔𝒔𝒕𝒕 = 𝓔𝓔�� 
𝑲𝑲

𝒌𝒌=𝟏𝟏

 𝓕𝓕𝒑𝒑𝒑𝒑𝒑𝒑�𝑰𝑰𝒕𝒕,𝒌𝒌𝑹𝑹𝑹𝑹𝑹𝑹, 𝑰𝑰𝒕𝒕,𝒌𝒌𝑫𝑫 �� Eq.(1) 

Among them, ℰ is a nonlinear multi-branch encoder, and ℱpre  is for geometric correction and normalization. The 
system state can also be represented using a probabilistic model to clearly indicate the observed uncertainty. 

𝒔𝒔𝒕𝒕 ∼ 𝓝𝓝(𝝁𝝁𝒕𝒕,𝜮𝜮𝒕𝒕), (𝝁𝝁𝒕𝒕,𝜮𝜮𝒕𝒕) = 𝒇𝒇enc (𝑶𝑶𝒕𝒕) Eq.(2) 
The mean and covariance of sensor data are calculated by computing the expected Q value for each potential 
action in the DQN inference module. 

𝑸𝑸(𝒔𝒔𝒕𝒕,𝒂𝒂𝒕𝒕;𝜽𝜽) = 𝒓𝒓𝒕𝒕 + 𝜸𝜸𝔼𝔼𝒔𝒔𝒕𝒕+𝟏𝟏∼𝑷𝑷 �𝒎𝒎𝒎𝒎𝒎𝒎𝒂𝒂′
 𝑸𝑸(𝒔𝒔𝒕𝒕+𝟏𝟏,𝒂𝒂′;𝜽𝜽−)� Eq.(3) 

Here, 𝑟𝑟𝑡𝑡 represents the instantaneous reward, 𝛾𝛾 the discount factor, and 𝜃𝜃−a slowly updated target network 
parameterization. 
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To ensure stable action selection, policy control uses the Q-values of the Boltzmann distribution: 

𝑷𝑷(𝒂𝒂𝒕𝒕 ∣ 𝒔𝒔𝒕𝒕) =
𝒆𝒆𝒆𝒆𝒆𝒆 �𝜷𝜷𝜷𝜷(𝒔𝒔𝒕𝒕,𝒂𝒂𝒕𝒕)�

∑  𝒂𝒂′∈𝓐𝓐  𝒆𝒆𝒆𝒆𝒆𝒆 �𝜷𝜷𝜷𝜷(𝒔𝒔𝒕𝒕,𝒂𝒂′)�
 Eq.(4) 

In order to support training exploration. Record experience tuples and track the statistical uncertainty of rewards 
during state transitions: 

𝓓𝓓𝒕𝒕 = {(𝒔𝒔𝒕𝒕,𝒂𝒂𝒕𝒕,𝒓𝒓𝒕𝒕,𝕍𝕍[𝒓𝒓𝒕𝒕], 𝒔𝒔𝒕𝒕+𝟏𝟏)} Eq.(5) 
The full system architecture and dataflow are visually summarized in Figure 1, which illustrates the connectivity 
from perception through Q-driven planning to robot actuation. 

 
Figure 1. Overview of the proposed DQN-guided vision-to-grasping system architecture 

 

Perception and Action Pipeline 

Building on the modular structure detailed above, the perception-to-action pipeline begins with alignment and 
fusion of the multi-sensor data streams. At every timestep, all modality and view channels are integrated as 
follows: 

𝑿𝑿𝒕𝒕 = �  
𝑴𝑴

𝒎𝒎=𝟏𝟏

𝝎𝝎𝒎𝒎 ⋅ 𝓐𝓐𝒎𝒎 ��𝑰𝑰𝒕𝒕,𝒌𝒌
(𝒎𝒎)�

𝒌𝒌=𝟏𝟏

𝑲𝑲
� Eq.(6) 

where 𝜔𝜔𝑚𝑚  encodes modality-wise attention, and 𝒜𝒜𝑚𝑚  denotes inter-sensor calibration and spatiotemporal 
synchronization. The resultant multi-modal tensor 𝑋𝑋𝑡𝑡 becomes the input to a hierarchical encoder, which utilizes 
layer-specific attention for extracting robust and abstract semantic features: 

𝝓𝝓𝒕𝒕 = � 
𝑳𝑳

𝒍𝒍=𝟏𝟏

𝜸𝜸𝒍𝒍 ⋅ 𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝑨𝒍𝒍�𝓒𝓒𝒍𝒍(𝑿𝑿𝒕𝒕)� Eq.(7) 

with 𝒞𝒞𝑙𝑙 as the 𝑙𝑙-th convolutional block and 𝛾𝛾𝑙𝑙 as its attention scaling factor. 

For real-time grasp inference, each candidate region 𝑖𝑖 is scored using a deep grasp predicate head: 

𝒑𝒑𝒊𝒊, �𝒙̂𝒙𝒊𝒊, 𝒚̂𝒚𝒊𝒊, 𝜽̂𝜽𝒊𝒊� = 𝒇𝒇grasp �𝝓𝝓𝒊𝒊,𝒕𝒕, 𝒛𝒛𝒕𝒕� Eq.(8) 
where 𝑧𝑧𝑡𝑡 encapsulates the global scene context and contact affordances. To supplement spatial reasoning with 
spatial-awareness, segmentation masks and affordance maps are computed by 



Vision-Based Grasping for Industrial Robots Guided by Deep Q-Networks 
https://doi.org/10.64972/jaat.2026v4.123p166-178 

170 
 

𝒂𝒂𝒊𝒊 = 𝝈𝝈��  
𝒄𝒄

 𝑾𝑾𝒄𝒄,𝒊𝒊 ⋅ 𝝓𝝓𝒄𝒄,𝒕𝒕 + 𝒃𝒃𝒊𝒊� Eq.(9) 

𝑊𝑊𝑐𝑐,𝑖𝑖 and 𝑏𝑏𝑖𝑖 are the channel-specific weights and offsets, respectively, and σ is the activation. 

Then, based on the sum of the prediction success rate and model uncertainty, rank the items that were fetched: 

𝑸𝑸𝒊𝒊
⋆ = 𝒑𝒑𝒊𝒊 ⋅ 𝒒𝒒𝒊𝒊 − 𝝀𝝀 ⋅ 𝑽𝑽𝑽𝑽𝑽𝑽(𝒂𝒂𝒊𝒊) Eq.(10) 

Where 𝑞𝑞𝑖𝑖 is the predicted grasp quality, and 𝜆𝜆 is the user-tuned uncertainty penalty. 

Finally, the method for the robot's grasping was chosen as 

𝒂𝒂𝒕𝒕∗ = 𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒂𝒊𝒊𝑸𝑸𝒊𝒊
⋆ Eq.(11) 

The aforementioned pipeline is relatively reliable, supporting the extensive integration of perception, planning, 
and action in a closed loop. Interpretability and flexibility are used in unstructured, dynamic industrial 
environments. 

Deep Q-Network Algorithm and Implementation 

The Deep Q-Network (DQN) algorithm is the foundation of this framework, and it can efficiently learn complex 
vision-based robotic grasping strategies. In this system, it is a discrete-time Markov decision process, where at 
each time step 𝑡𝑡, the multimodal sensory input is encoded as 𝑠𝑠𝑡𝑡, which is the latent state. The action space 𝒜𝒜𝑡𝑡 
is the set of physically feasible grasping positions determined by visual and geometric features. Due to the 
constraints of robot kinematics and workspace safety, this space is referred to as the reachable positions. 

 
Figure 2. DQN-guided grasping decision process: training loop, replay buffer management, and robot-environment interaction. 

 

DQN is used to approximate the optimal action-value function that satisfies the Bellman optimality equation: 

𝑸𝑸∗(𝒔𝒔𝒕𝒕,𝒂𝒂𝒕𝒕) = 𝔼𝔼 �𝒓𝒓𝒕𝒕 + 𝜸𝜸𝒎𝒎𝒎𝒎𝒎𝒎
𝒂𝒂′

 𝑸𝑸∗(𝒔𝒔𝒕𝒕+𝟏𝟏,𝒂𝒂′) ∣ 𝒔𝒔𝒕𝒕,𝒂𝒂𝒕𝒕� Eq.(12) 
𝑟𝑟𝑡𝑡  is the terminal or intermediate grasp reward, 𝛾𝛾  is the discount factor, and the expectation is taken over 
stochastic environment transitions. 

In order to reduce the mean squared temporal difference (TD) loss of the sampled experience batches, the 
neural Q-function with parameter 𝜃𝜃 was updated during the training process: 

𝓛𝓛𝑻𝑻𝑻𝑻(𝜽𝜽) = 𝔼𝔼𝓑𝓑 ��𝒚𝒚𝒕𝒕
𝑫𝑫𝑫𝑫𝑫𝑫 − 𝑸𝑸(𝒔𝒔𝒕𝒕,𝒂𝒂𝒕𝒕;𝜽𝜽)�

𝟐𝟐
� Eq.(13) 
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set as the dynamic bootstrap target. 

𝒚𝒚𝒕𝒕
𝑫𝑫𝑫𝑫𝑫𝑫 = 𝒓𝒓𝒕𝒕 + 𝜸𝜸𝒎𝒎𝒎𝒎𝒎𝒎

𝒂𝒂′
 𝑸𝑸(𝒔𝒔𝒕𝒕+𝟏𝟏,𝒂𝒂′;𝜽𝜽−) Eq.(14) 

𝜃𝜃− is the parameter of the target network, regularly updated to maintain stability, while ℬ is a small portion of 
the prioritized experience replay buffer. 

As shown in Figure 2, the algorithm performs the following operations: encoding sensor data into 𝑠𝑠𝑡𝑡; calculating 
the action value of 𝒜𝒜𝑡𝑡 ; using the robot controller to execute the grasping action; collecting feedback; and 
aggregating transitions to achieve replay-based optimization. In addition to the closed-loop interaction between 
the robot and its environment, the initial steps of the DQN decision-making and training process are also 
delineated in the flowchart. Therefore, it is capable of maintaining good grasping behavior under real-time 
control conditions in various complex and noisy environments, and meeting the high reliability requirements of 
industrial applications. 

Experiments, Results, and Discussion 

Experimental Setup and Protocol 

We have constructed a dual-platform testing plan, which includes realistic physics-based simulations and actual 
robotic experiments, to experimentally validate the aforementioned DQN-guided vision-to-grasp framework. By 
using GPU-accelerated rendering and high-frequency haptic feedback, PyBullet has established a highly realistic 
simulation environment. A 6-degree-of-freedom collaborative robotic arm (UR5e) and various 3D objects 
(ShapeNet Core and YCB models) were instantiated in the simulated workspace. In each round, the size, texture, 
and spatial arrangement of the objects change randomly. 

All experiments used the same DQN network architecture hyperparameters: two fully connected layers for Q-
value regression, three convolutional layers for visual encoding, and these convolutional layers are connected 
to the proprioceptive features. Other parameters remain unchanged. The learning rate is 1 × 10−4, the mini-
batch size is 64, the capacity of the prioritized experience replay buffer is 200,000 transitions, the target network 
update interval is every 400 steps, and the discount factor is 0.98. 

As an experimental platform, the UR5e robot is equipped with the Robotiq 2 F85 gripper and the Intel RealSense 
D435 RGB-D camera. Through calibration, high-precision hand-eye alignment between the end effector and the 
depth sensor is achieved. Each trial uses vision-based grasp pose estimation (DQN inference) to estimate the 
grasp pose, execute the action, and record success or failure based on force/torque sensors and visual 
confirmation. Each scene is prepared with at least 150 random small datasets for statistics. 

A unified protocol is used for head-to-head comparisons of algorithms, ablation studies and generalization stress 
tests. The experimental workflow is as follows: environment initialization, state acquisition, candidate action 
generation, DQN-based policy selection, robot execution, log recording, and iterative policy optimization. 

Experimental Results 

Robot tests conducted in both simulation and the real world have validated the performance and generalizability 
of the DQN-guided visual grasping framework. These tests were conducted under various task difficulties and 
operational uncertainties. 

As shown in Figures 3a and 3b, the Double DQN and standard DQN algorithms exhibit different stability and 
convergence characteristics. Figure 3a shows the average reward curve and standard deviation range of the 
standard DQN, as well as the trend of the temporal difference loss (TD). After the training steps reached 110,000, 
the reward variance and intermittent fluctuations significantly increased, which is related to the overestimation 
of Q-values. On the other hand, the Double DQN stabilizes earlier, as shown in Figure 3b. The mean reward 
reached 0.97, and the variance of the reward decreased by more than 38% compared to the standard DQN 
baseline. The TD loss of Double DQN also shows a more stable decline in both sampling and learning. 

As shown in Figure 3c, Boltzmann exploration has a relatively high success rate of over 92.8% within 80,000 steps; 
E-greedy performs worse, achieving 89.3%, and requires more steps to converge. During the training process, 
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the NoisyNet method has higher variance and converges more slowly. Therefore, in order to achieve good policy 
convergence, the structure and selection methods of the algorithm need to be relatively stable. 

 
Figure 3. Simulation learning curves. (a) Standard DQN; (b) Double DQN; (c) Comparison of exploration strategies 

 

 
Figure 4. Simulation multi-object grasping. (a) Grasp success on simple shapes. (b) Grasp success on complex geometries. (c) Grasp pose 

spatial density distribution. 
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A total of twelve different geometric shapes were selected. Cubes, rectangular prisms, spheres, cylinders, cones, 
and ellipsoids are the basic set; the extended set includes cups, bent tubes, hollow rings, pyramid bases, 
polyhedra, and antagonistic objects. As shown in Figure 4a, in experiments with over 3000 simple objects, the 
agent's average grasping success rate was 97.8%, with a standard deviation of 1.3%. As shown in Figure 4b, the 
average success rate for complex objects is 84.7%, with the lowest success rate for ring-shaped objects at 81.2%, 
and the highest success rate for cups at 89.1%. According to the clustering error analysis, 67% of the failures 
were due to edges being occluded or misclassified. The grasp spatial density map 4c shows that the agent places 
the parallel grippers at the center and stable edges, which is due to the mechanical reasons of strong grasping. 

Figure 5a shows the results of the acrylic box grabs obtained in actual operation. The execution time of each 
trial is plotted as a scatter plot. Successful grabs are marked in green, and failed grabs are marked in red. The 
success rate for the acrylic box is 95.1%, with an average execution time of 2.80 seconds and a standard deviation 
of 0.19 seconds. As shown in Figure 5b, the success rate of the ceramic cup is 91.3%. The average value is 3.10, 
and the standard deviation is 0.21. Figure 5c shows that the success rate of the steel screwdriver is 87.6%. The 
test results indicate that the standard deviation is 0.22 seconds, and the average execution time is 3.41 seconds, 
showing a significant deviation. Figure 5d shows the results of 300 mixed object trials. The average grasp 
execution time is 3.2 seconds, with a relatively small data distribution and a standard deviation of less than 0.5 
seconds. Many other types of unstructured scenarios can also be handled reliably and reasonably. 

 
Figure 5. Real-world grasping performance. (a) Acrylic box. (b) Ceramic mug. (c) Steel screwdriver. Trial execution times: green indicates 

success, red indicates failure, blue indicates mean and standard deviation. (d) Mixed-object execution times for 300 trials 
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Robustness and transfer capacity were rigorously tested by introducing ten unfamiliar ShapeNet and YCB objects, 
artificial occlusions, as well as variable scene illumination spanning 600 to 2,800 lumens. On new objects, the 
DQN agent maintained a mean grasp success rate of 87.9 %, with individual objects ranging from 84.5 up to 
90.1 %, data reported in Figure 6a. Occlusion was simulated using paper, foam or other objects partially covering 
the target. This reduced the average grasp success to 80.3 %, with scenario-specific results from 76.7 up to 
83.9 %, as depicted in Figure 6b. Lighting stress tests confirmed visual resilience: the mean grasp rate under 
colored, directional, and low-intensity lighting conditions held at 90.8 %, a difference of less than two % 
compared to baseline, as Figure 6c illustrates. 

 
Figure 6. Generalization and robustness testing. (a) Unseen object grasping. (b) Occlusion scenarios. (c) Variable lighting conditions 

 
Through ablation and fault analysis, the module causing the fault can be identified. After the attention layer was 
excluded, performance dropped by as much as 11.1%. In the case of occlusion, disabling the probabilistic 
uncertainty head further reduced the model's robustness. As shown in Figure 7a, removing the experience replay 
buffer leads to unstable convergence, and in some cases, the final episode reward decreases by up to 15%. 
Analysis of over 400 failed grasp events showed that 39 % stemmed from minor spatial misalignments between 
planner and gripper, most often with targets on the workspace edge. Another 21 % were linked to strong visual 
ambiguity at object boundaries, and 14 % came from reflective materials, such as mug rims or screwdriver shafts. 
Notably, 68 % of total failures originated in edge-case or adversarial conditions, highlighting ongoing challenges 
in perception-action coupling. The above categories are shown in Figure 7b. 
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Figure 7. Ablation study and failure analysis. (a) Performance with key modules ablated. (b) Breakdown of representative failure cases 

 

Analysis and Discussion 

According to the above experiments, the proposed DQN-based vision-to-grasp framework has achieved good 
results in both simulation and real-world environments. The convergence speed and final grasp success rate 
when using the double DQN variant are significantly higher than the standard DQN baseline, as shown in Figure 
3. The Boltzmann strategy optimizes the relatively stable evolution of the policy and improves sample efficiency 
by adding advanced exploration strategies. Therefore, in high-dimensional action spaces, systematic exploration 
is still necessary. 

In the simulation, there are significant differences in the grasping performance of simple and complex objects, 
as shown in Figure 4. The system has achieved a relatively high success rate when handling regular and 
geometrically simple objects, but it still encounters issues when dealing with structurally complex objects, 
occluded edges, or objects that contrast with the system's features. The aforementioned shortcomings indicate 
that in order to handle irregular object collections in industrial environments, both visual affordance extraction 
and grasp synthesis generation need further improvement. 

As shown in Figure 5, physical robot experiments have demonstrated the practical reliability and portability of 
the system. The system still has a relatively high success rate and is close to simulation, despite the inevitable 
uncertainties in real life such as sensor noise, friction differences, and multi-object clutter. Due to its operational 
range in automated assembly and logistics processes, the average grasp execution time is also applicable to 
industry. 

As shown in Figure 6, the robustness analysis demonstrates good generalization capabilities for previously 
unseen objects, partial occlusions, and lighting variations. The first two require actual autonomy but cannot cope 
with environmental changes. As shown in the ablation experiments, the overall performance of the system 
requires attention modules and exploration mechanisms. Otherwise, the system's robustness will decrease, and 
the number of failures will significantly increase. Failure mode statistics indicate that more uncertainty modeling 
and spatial reasoning may be needed in the future. 

The above results indicate the advantages and disadvantages of this method. Although the framework has 
achieved good results in many aspects, further research is still needed to reduce edge failures, improve 
scalability in dense and cluttered environments, and expand the range and reliability of applications by using 
more sensor data. 
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Conclusion 
This paper proposes a comprehensive and stable deep reinforcement learning framework for vision-guided 
robotic grasping. This framework integrates a DQN-based decision-making process and multimodal perception. 
Based on the aforementioned simulations and practical experiences, it demonstrates good stability during 
operation and is relatively sensitive to environmental disturbances. The above findings indicate that in the field 
of autonomous operation, end-to-end policy optimization, uncertainty-aware exploration, and informed feature 
abstraction have all achieved a certain level of success. 

Firstly, a unified structure was adopted to integrate RGB-D data from multiple calibrated viewpoints. In addition, 
at each decision stage, spatial availability and temporal context are jointly encoded. Therefore, it is possible to 
create an all-weather, low-latency perception pipeline and achieve reliable grasping even in the presence of 
sensor noise and partial occlusions. 

Secondly, to improve sample efficiency and the stability of policy learning, double DQN and advanced 
exploration strategies, such as Boltzmann action selection, were employed. As shown in the comparison 
between the two, the proposed system achieved a success rate of over 93% in simulations, with success rates 
exceeding 93% for both simple and complex object sets. 

Thirdly, the design and implementation of rigorous generalization tests demonstrate that the learned strategies 
can still perform well under unfamiliar objects and adverse conditions (e.g., low light and occlusion), indicating 
their relative stability in heterogeneous and unstructured environments. According to the ablation analysis, the 
attention-aware backbone and the probabilistic uncertainty head are important components of the system that 
converts vision into action. 

In addition to improving performance, this study has enriched the knowledge base for transferring from 
simulation to reality and proposed solutions for reliably deploying deep reinforcement learning in industrial, 
warehouse, and logistics applications. The aforementioned findings provide new high-performance standards 
for autonomous grasping systems in dynamic multi-object environments. 

Future research will explore closed-loop adaptation based on tactile perception and force feedback to help 
systems correct for slippage, unintended object displacement, and changes in task constraints in real-time. In 
order to directly transfer to a larger skill, set, such as sequential operations and collaborative multi-robot tasks, 
self-supervised representation learning will be combined with further modularization of perception components. 
This architecture from vision to grasping will help build a large-scale adaptive intelligent automation system by 
systematically addressing remaining failure modes and leveraging new advancements in deep learning. 
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