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1. Introduction 

Bayesian Neural Network refers to the extension of the concept of neural network in such a way that the weights 

of the network can be regarded as a probability distribution [9]. Therefore, Bayesian neural networks have the 

capability of including reasoning with uncertainties [1]. In robotic applications, there should always be a need to 

account for the noise present in sensors, partially observed data, and an ever-changing environment [6] [10]. 

Uncertainty estimation, therefore, becomes essential for the safe operation of the robotic application. Since BNNs 

provide the capacity of accounting for both types of uncertainties, they become useful for decision-making. 

Robotic tasks such as path planning, object grasping, and sensor fusion using information provided by several 
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sensors may benefit from probabilistic predictions made by Bayesian neural networks [2][17]. Nevertheless, 

there are still some practical challenges. 

The main challenge that this research aims to address is the development of computationally efficient methods 

capable of providing reliable uncertainty quantification in high-dimensional, real-time robotic problems [7]. 

Current state-of-the-art techniques, such as Monte Carlo dropout, variational inference, and deep ensemble, 

generally have one of the following problems: they are computationally expensive, have an unstable convergence 

process, or cannot produce a calibrated output due to noise or sparsity of data. These methods cannot be 

employed in critical robotic problems, such as autonomous driving or cooperative robotics. Robust Bayesian 

neural network algorithms should be developed in order to provide a calibrated output [11][18]. 

Key Contribution  

1) A robust Bayesian neural network algorithm that combines variational inference with Gaussian weight 

regularization for delivering accurate and well-calibrated uncertainty estimates.  

2) A better performance of the approach in robotic tasks, where it achieves higher prediction accuracy, 

lower calibration error, and less computational latency than the standard neural networks, MC dropout, 

and deep ensembles.  

3) The applicability of the approach to real-time robotics, which includes autonomous navigation, sensor 

fusion, and manipulation tasks. 

Section I gives an overview of Bayesian Neural Networks as well as the importance of uncertainty quantification 

in Robotics, giving an idea about the problem statement of efficient and robust estimation. Section II provides an 

overview of background information along with existing methodologies and problems faced in the 

implementation of robust uncertainty quantification. Section III discusses the proposed methodology of robust 

Bayesian neural networks along with its mathematical formulation, computation, and experiment design. Section 

IV discusses the performance metrics along with experimental results and performance comparison. Section V 

is the conclusion of the paper. 

2. Background 

Bayesian neural networks (BNNs) differ from regular neural networks in that the former model the weight of 

every network parameter as a probability distribution, as opposed to a single value [3] [12]. The posterior 

distribution of the weight parameters is computed during training through methods such as variational inference 

and Monte Carlo sampling [14]. Since BNNs provide a probabilistic representation, they are capable of generating 

predictions through probability distributions. In the field of robotics, these types of predictions and associated 

uncertainties are important in making decisions. Some of the areas where BNNs are widely applied in robotics 

include motion prediction, sensor fusion, fault detection in industrial robots, and probabilistic grasping [8]. 

A number of methods have been proposed to quantify uncertainty in neural networks [4]. The Monte Carlo 

dropout technique uses stochastic dropout during testing to obtain several predictions, whose variance 

represents uncertainty. Deep ensembles learn a set of neural networks independently, and uncertainty is 

estimated as the variance of ensemble predictions [13][19]. In variational inference, the posterior distribution 

of network weights is estimated using a parameterized distribution by maximizing the evidence lower bound 

(ELBO) [5]. While these methods improve the reliability of prediction, they are usually computationally intensive 

and highly dependent on hyperparameter settings; therefore, their usage in real-time robotic applications is not 

possible [15]. 

Nevertheless, while improving uncertainty estimates, these methods face numerous difficulties in being 

implemented in robotics practice. Estimation of posterior in high-dimensional space becomes problematic, 

sampling leads to computational overhead, and predictions become unreliable when working with noisy or 

sparse data. In addition, variational methods may fail to estimate the optimal posterior without regularization. 

This literature review shows that while current methods improve uncertainty estimation significantly, new 

developments are required for robust and computationally efficient Bayesian neural networks. 
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3. Robust Bayesian Neural Network Algorithms 

3.1 Introduction to the proposed algorithms for reliable uncertainty quantification 

The proposed model uses variational inference along with weight regularization based on a Gaussian 

distribution, which creates a strong foundation for BNNs. The weight distribution is modeled as Gaussian, where 

the mean and variance can be learned. In the training process, not only the likelihood of the data but also a KL-

divergence term for regularization is optimized.  

3.2 Mathematical background and computational approaches used 

Let w denote the weights of the network. Posterior 𝑝(𝐷 ∣ w) for dataset D is approximated by a variational 

distribution 𝑞𝜃(w): 

ℒ = 𝔼qθ(𝐰)
[log⁡ p(D ∣ 𝐰)] − KL(qθ(𝐰) ∣∣ p(𝐰))  (1) 

In equation 1, the first part denotes the expected log-likelihood, which promotes accurate predictions, whereas 

the second term is the KL divergence that ensures closeness to the prior distribution 𝑝(𝐰). In prediction, the 

mean and variance are estimated by sampling from q_θ (w). 

3.3 Experimental Setup 

Experimental evaluations of the proposed robust Bayesian neural network are carried out using real-world data 

and simulation experiments on robotic tasks. In the case of navigation tasks, sensor data of autonomous robots 

working in indoor and outdoor environments were obtained from the TurtleBot2 Navigation Dataset. 

Manipulation tasks are simulated using PyBullet Robotics Suite, where the robot executes grasping and placing 

objects. The architecture of the neural network model is made up of three hidden layers, each with 256 neurons, 

with ReLU activation function and Gaussian distribution weights. The model is trained for 150 epochs using the 

Adam optimization algorithm with a batch size of 64. 

4. Result 

4.1 Evaluation metrics to evaluate the algorithms' performances 

In order to evaluate the robustness of the proposed Bayesian neural network model, different metrics have been 

employed, including accuracy (%) as the correctness metric, expected calibration error (ECE) as the calibration 

metric, negative log-likelihood (NLL) as the probabilistic predictions metric, and inference latency (seconds) as 

the computational efficiency metric. In Figure 1, a comparison between the proposed robust BNN and traditional 

neural networks, MC dropout, and deep ensemble models has been presented, clearly showing that the proposed 

model achieves the highest accuracy and the least calibration error. 
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Figure 1: Performance Comparison Across Algorithms Using Predictive Accuracy and Calibration 

Error 

4.2 Comparison with existing algorithms and advantages of the proposed approach 

There are some benefits that the robust Bayesian neural network method possesses when compared to other 

approaches. Firstly, the amount of calibration error that this model generates is less as compared to the MC 

dropout and the deep ensembles. Another advantage of this approach lies in the fact that it is computationally 

efficient as only a small number of samples are required. In addition to that, the predictive performance of the 

model has been enhanced significantly. These features are very useful in case of robotic applications. 

Table 1: Comparison of Uncertainty Quantification Methods 

Method Accuracy (%) Calibration Error Computational Time (s) 

Standard NN 87.3 0.12 12 

MC Dropout 88.5 0.08 28 

Deep Ensembles 89.2 0.07 45 

Proposed Robust BNN 90.5 0.04 22 

Comparison of the performances of the conventional neural network model, MC Dropout, deep ensemble, and 

the novel robust Bayesian neural network is presented in Table 1 below. The criteria used for the evaluation 

include accuracy, calibration error, and computational time. As one can see, the best result was obtained for the 

proposed method in terms of accuracy, calibration error, and computation time. 

4.3 Applications in Robotics 

In the usage of robust Bayesian Neural Networks for improving decision-making in robotics, one will observe the 

usage of probabilistic movement planning, sensor fusion with consideration of uncertainty, and success of grasp 

predictions in manipulation tasks. It is because the reliable uncertainty estimate enables the robot to move safely, 

perform under dynamically changing conditions, efficiently use computational resources and collaborate with 

humans on the basis of confidence measure. The some of the possible application areas of the proposed technique 

could be industrial robots, automated cars and healthcare robots. 

5. Conclusion 

The presented robust BNN framework allows obtaining accurate and calibrated uncertainty estimation with 

lower computational cost, thus becoming appropriate for real-time robotic applications. As a result of the 

experiment conducted for the purposes of navigation and manipulation tasks, it is revealed that the suggested 

BNN produces the highest prediction accuracy equal to 90.5%, the minimum expected calibration error of 0.04, 

and a computational time of 22 seconds. In this way, the suggested model outperforms other models, such as a 

standard neural network (87.3% accuracy, 0.12 calibration error), MC dropout (88.5% accuracy, 0.08 calibration 

error), and deep ensembles (89.2% accuracy, 0.07 calibration error). 

Potential directions for future work include the use of robust BNNs in combination with reinforcement learning 

for adaptive control, extending the approach to multiple robotic agents sharing uncertainty estimates, and the 

integration of online learning to deal with changes in the environment. The ability of the methods described to 

be extended to deal with complex sensory input, such as vision and LIDAR data, may improve their applicability 

to practical robotics applications. In general, the proposed approaches set the groundwork for autonomous 

systems that can properly deal with uncertainty. 
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