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Abstract 
Wireless robotic systems are increasingly deployed in complex and dynamic 
environments where uninterrupted operation is critical. Ensuring real-time fault 
detection is essential to maintain the safety, reliability, and autonomy of these systems. 
Traditional rule-based and statistical fault detection methods often fall short in 
capturing the intricate, non-linear behaviors inherent in modern robotic operations, 
particularly under wireless and resource-constrained conditions. This study 
investigates the application of deep learning for real-time fault detection in wireless 
robotic systems, aiming to develop a robust framework capable of identifying faults 
across sensors, actuators, and communication channels. The research integrates 
simulation tools such as ROS, Gazebo, and NS-3 to generate realistic robotic telemetry 
under controlled fault scenarios. Public datasets including the NASA C-MAPSS and 
bearing datasets are utilized alongside sensor logs from simulated robotic 
environments. Deep learning models—specifically Convolutional Neural Networks 
(CNNs), Long Short-Term Memory networks (LSTMs), and Autoencoders—are 
implemented and evaluated for fault classification and anomaly detection. 
Experimental results demonstrate that these models achieve high detection accuracy 
and low inference latency, outperforming traditional methods and proving suitable for 
real-time edge deployment. The findings underscore the potential of deep learning to 
enhance the resilience and intelligence of future autonomous robotic platforms, laying 
the groundwork for self-monitoring, adaptive, and fault-tolerant robotic systems. 
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1. Introduction 

Wireless robotic systems have witnessed significant advancements over the past decade, becoming integral components in 

diverse domains such as industrial automation, autonomous delivery services, search and rescue operations, healthcare robotics, 

and military surveillance (Zhang et al., 2021; Li et al., 2023) [39]. These systems typically consist of mobile or stationary robotic 

platforms equipped with sensors, actuators, and controllers, all interconnected through wireless communication networks. The 

shift from tethered to wireless architectures offers enhanced mobility, scalability, and operational flexibility, enabling robots to 

operate efficiently in dynamic and often inaccessible environments (Gupta & Kumar, 2020) [9]. The performance of such systems, 

however, heavily depends on the integrity of real-time data transmission and accurate sensor feedback, which are critical for 

effective decision-making and control execution. 

In this context, the reliability and safety of wireless robotic systems are paramount, particularly in applications where faults can 

have catastrophic consequences. Real-time fault detection plays a vital role in ensuring system resilience by identifying 

anomalies in sensors, actuators, or communication channels before they propagate into system-level failures (Bai et al., 2022) 

[1]. Faults in sensor readings, loss of wireless connectivity, or actuator malfunctions can severely degrade the robot’s 

performance, leading to inaccurate navigation, mission failures, or safety hazards, especially in autonomous or remote operations 

(Wang et al., 2021) [35]. 

http://www.futureengineeringjournal.com/
https://doi.org/10.54660/IJFEI.2025.2.4.19-28


International Journal of Future Engineering Innovations www.FutureEngineeringJournal.com 

 
    20 | P a g e  

 

Timely identification and mitigation of such faults not only 

enhance operational reliability but also reduce downtime, 

improve system maintainability, and extend the lifespan of 

robotic platforms. 

Traditional fault detection methods, such as rule-based 

systems, thresholding techniques, and statistical anomaly 

detection, often struggle to cope with the complexity and 

variability of real-world robotic environments (Chen & 

Patton, 2019) [3]. These methods typically rely on predefined 

rules and models that fail to generalize across different 

operating conditions or system configurations. In contrast, 

deep learning approaches offer a powerful alternative by 

automatically learning hierarchical representations of data, 

capturing both spatial and temporal dependencies inherent in 

sensor streams and control signals (Huang et al., 2020) [13]. 

Convolutional Neural Networks (CNNs) have shown 

effectiveness in extracting spatial features from sensor maps, 

while Recurrent Neural Networks (RNNs), especially Long 

Short-Term Memory (LSTM) networks, are adept at 

modeling temporal sequences for fault prediction (Khan et 

al., 2021) [16]. Autoencoders, on the other hand, are frequently 

employed for unsupervised anomaly detection by 

reconstructing input signals and identifying deviations 

indicative of faults. 

Moreover, with the advent of edge computing technologies, 

deep learning models can now be deployed directly on 

embedded systems or robot controllers, enabling low-latency 

inference suitable for real-time fault detection (Zhao et al., 

2023) [41]. This advancement mitigates the latency and 

reliability concerns associated with cloud-dependent 

architectures and allows for autonomous decision-making 

even in bandwidth-constrained environments. The 

integration of deep learning with real-time wireless robotic 

platforms thus presents a promising avenue for advancing 

fault detection capabilities, aligning with the growing need 

for intelligent and self-monitoring systems in mission-critical 

applications. 

The primary objective of this review paper is to explore and 

synthesize the current state-of-the-art in deep learning 

techniques for real-time fault detection within wireless 

robotic systems. Specifically, it aims to examine the 

underlying components of wireless robotic architectures, 

survey relevant deep learning methodologies, discuss 

available datasets and simulation tools, and analyze 

performance metrics used in contemporary studies. The 

review further identifies key challenges such as model 

interpretability, real-time constraints, and data scarcity, while 

proposing potential future directions including federated 

learning, transfer learning, and hybrid architectures. The 

remainder of this paper is structured as follows: Section 2 

provides an overview of wireless robotic systems and fault 

taxonomies; Section 3 reviews core deep learning models 

used in fault detection; Section 4 discusses benchmark 

datasets and tools; Section 5 evaluates recent advancements 

and research findings; Section 6 outlines prevailing 

challenges and limitations; Section 7 presents future research 

directions; and Section 8 concludes with a summary of 

insights and practical implications. 

 

2. Fundamentals of Wireless Robotic Systems 

Wireless robotic systems represent an evolution in 

autonomous and semi-autonomous robotic design, where 

core subsystems communicate and coordinate over wireless 

networks to perform mission-critical operations in real-time. 

These systems are built on an integrated framework of 

hardware and software components designed to sense, 

process, transmit, and actuate under dynamic environmental 

conditions. In fault-prone contexts such as search-and-rescue 

missions, industrial monitoring, and autonomous navigation, 

each component of the wireless robotic system plays a critical 

role in ensuring operational reliability and safety. 

At the hardware level, sensors serve as the primary interface 

between the robot and its environment. Commonly employed 

sensors include inertial measurement units (IMUs) for 

orientation and acceleration data, LiDAR for 3D mapping 

and obstacle detection, ultrasonic and infrared proximity 

sensors for short-range navigation, and vibration and 

temperature sensors for internal state monitoring (Zhou et al., 

2021) [42]. These sensors generate continuous data streams 

essential for situational awareness and decision-making. 

However, they are also vulnerable to faults such as drift, 

calibration loss, or hardware degradation, which can lead to 

erroneous perceptions of the environment. Actuators, 

including electric motors, servos, and hydraulic components, 

translate control signals into mechanical movement. Faults in 

actuators, such as motor stall or signal distortion, can result 

in imprecise or failed motion, severely impacting task 

execution (Khan et al., 2022) [16]. 

Central to wireless robotic systems are onboard controllers 

and embedded processors, which serve as the computational 

backbone. Platforms such as ARM Cortex processors, 

Raspberry Pi boards, and more advanced NVIDIA Jetson 

modules enable real-time data processing and decision-

making using machine learning models or control logic (Jain 

et al., 2023) [14]. These units also coordinate the data flow 

between sensors, actuators, and communication interfaces. 

Given their role in executing mission logic, any software bug, 

memory leak, or hardware overheating can result in critical 

failures or performance degradation. 

Wireless communication modules facilitate inter-module and 

remote connectivity, allowing robots to transmit telemetry 

data, receive commands, and cooperate with other agents. 

Common wireless standards include Wi-Fi (IEEE 802.11), 

Bluetooth (IEEE 802.15.1), ZigBee (IEEE 802.15.4), and 

cellular technologies such as 4G/5G. Each of these protocols 

presents unique trade-offs. Wi-Fi offers high bandwidth 

suitable for video streaming and high-volume sensor data but 

is susceptible to congestion and latency in dense 

environments. Bluetooth, while energy-efficient and reliable 

at short ranges, lacks the throughput and coverage needed for 

complex robotic operations. ZigBee provides mesh 

networking capabilities ideal for distributed sensor arrays, 

although it has lower data rates and is vulnerable to 

electromagnetic interference. In contrast, 5G delivers ultra-

low latency and enhanced bandwidth, making it a strong 

candidate for real-time, mobile, and remote robotic systems 

(Sun et al., 2023). However, 5G infrastructure may not be 

universally available, especially in remote or disaster-prone 

regions. 

These architectural elements together form a complex cyber-

physical system susceptible to multiple fault types. Hardware 

faults include sensor drift, connector wear, or actuator 

failures due to fatigue or overheating. Software faults may 

arise from logic errors, misconfigured control loops, or failed 

firmware updates, often resulting in unsafe behavior or 

complete system halts (Lee & Shi, 2020) [19]. Communication 

faults encompass packet loss, jitter, latency spikes, and signal 

degradation due to physical obstructions or frequency 
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interference. These faults can interrupt feedback loops or 

delay critical commands, rendering the robot unresponsive or 

erratic. Such issues are particularly critical in applications 

requiring high temporal precision, like drone swarming or 

autonomous driving, where any disruption can lead to 

collisions or mission failure. 

As shown in Figure 1 below , the architecture of a typical 

wireless robotic system includes interconnected modules for 

sensing, actuation, control, and wireless communication. The 

figure also highlights fault-prone areas such as sensor 

feedback loops, wireless data links, and embedded software 

layers. Understanding this foundational structure is essential 

for developing robust fault detection frameworks, especially 

those leveraging deep learning models capable of capturing 

complex temporal and spatial fault signatures. 

 

 
 

Fig 1: Architecture of a Wireless Robotic System with Fault-Prone 

Components 

 

By examining the interplay between these components, we 

establish a technical foundation for the deployment of 

intelligent fault detection systems. The ability to detect, 

diagnose, and respond to faults in real time is contingent on a 

thorough understanding of this architecture and the 

vulnerabilities it presents. Subsequent sections will build on 

this foundation to explore how deep learning techniques can 

be integrated into wireless robotic systems to achieve 

accurate, scalable, and low-latency fault detection in 

operational environments. 

 

3. Deep Learning in Fault Detection and The Core 

Techniques 

Deep learning has emerged as a transformative tool in the 

realm of fault detection for wireless robotic systems, offering 

the ability to learn complex, high-dimensional patterns 

directly from raw sensor and telemetry data. Unlike 

traditional rule-based or statistical techniques that rely on 

manually crafted features and thresholds, deep learning 

models can adaptively learn from data, enabling more 

accurate and scalable fault detection, particularly in systems 

characterized by noise, non-linearity, and temporal 

variability. This section presents a comprehensive overview 

of the core deep learning architectures relevant to fault 

detection in robotic systems, their application to time-series 

and multimodal sensor data, and the distinction between 

online and offline learning paradigms. 

Overview of Core Deep Learning Models 
Convolutional Neural Networks (CNNs) are deep learning 

models originally developed for image recognition tasks, but 

they have demonstrated effectiveness in processing spatially 

organized data such as sensor grids and time-series data 

visualized as 2D arrays (LeCun et al., 1998) [18]. In wireless 

robotic systems, CNNs are often used to detect spatial 

anomalies from pressure sensor arrays, temperature maps, or 

encoded vibration signals. Their ability to extract hierarchical 

spatial features makes them ideal for identifying localized 

patterns of fault signatures. However, their primary limitation 

lies in the assumption of spatial locality, making them less 

effective for capturing long-term temporal dependencies 

unless extended through hybrid architectures. 

Recurrent Neural Networks (RNNs) are designed to process 

sequential data by maintaining internal hidden states that 

evolve over time. This makes them particularly suitable for 

fault detection in time-series sensor streams, such as IMU 

data or voltage fluctuations, where the timing and order of 

events are crucial (Hochreiter & Schmidhuber, 1997) [11]. 

Nevertheless, traditional RNNs suffer from vanishing and 

exploding gradient problems, limiting their ability to capture 

long-term dependencies across time. 

To address this limitation, Long Short-Term Memory 

networks (LSTMs) and Gated Recurrent Units (GRUs) were 

introduced. These architectures employ gating mechanisms 

to regulate the flow of information across time steps, 

allowing them to retain relevant context over longer 

sequences (Cho et al., 2014) [4]. LSTMs have been widely 

adopted in robotic fault diagnosis due to their robust handling 

of variable-length sensor data, such as wireless signal quality 

or joint-angle sequences. GRUs, while functionally similar, 

are computationally lighter and thus better suited for 

deployment on edge computing platforms with limited 

processing power (Greff et al., 2017) [8]. 

Autoencoders represent another prominent deep learning 

architecture in fault detection, especially for unsupervised 

anomaly detection tasks. These models consist of an encoder 

that compresses input data into a low-dimensional latent 

representation and a decoder that reconstructs the input from 

this representation. During training, autoencoders learn to 

reconstruct fault-free data. During inference, significant 

reconstruction errors indicate deviations from normal 

behavior and hence, potential faults (Sakurada & Yairi, 2014) 

[28]. Variants such as denoising autoencoders and variational 

autoencoders (VAEs) have further improved fault detection 

performance in noisy or high-dimensional settings. 

More recently, Graph Neural Networks (GNNs) have gained 

attention for their ability to operate on structured data 

represented as graphs. In multi-robot systems or sensor 

networks where interconnections matter, GNNs can model 

communication topologies or physical interactions among 

robotic agents (Scarselli et al., 2009) [31]. By learning node-

level or edge-level features, GNNs enable fault detection that 

considers both local node states and global structural 

properties, which is particularly useful for swarm robotics or 

distributed control systems. 

 

Application to Time-Series and Sensor Data 
Deep learning models are applied to a wide range of input 

data in robotic fault detection. Sensor streams, including 

temperature, current, vibration, signal-to-noise ratio (SNR), 

and acceleration, are typically sampled at high frequency and 

fed into LSTM, GRU, or CNN architectures for pattern 
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recognition. System logs and telemetry data, containing 

structured diagnostic messages or numerical time-series 

entries, are preprocessed through parsing, normalization, and 

time-windowing techniques to create model-ready input 

sequences. 

Multimodal sensor fusion is another critical area where deep 

learning excels. By integrating diverse sensor types—such as 

combining LiDAR spatial scans with IMU motion data or 

visual feeds from onboard cameras—deep learning models 

can capture correlations and contextual cues that enhance 

fault discrimination. Fusion can be performed at the data 

level (early fusion), feature level (intermediate fusion), or 

decision level (late fusion), depending on the application 

constraints and model complexity. 

Prior to model ingestion, data is often preprocessed through 

sliding windows, where fixed-length time intervals are used 

to segment continuous streams, allowing for batch-based or 

sequential analysis. Normalization techniques, such as z-

score scaling or min-max scaling, are applied to remove 

magnitude disparities and stabilize training. The output of 

these models varies based on the application: classification 

models output fault type labels (e.g., sensor fault, actuator 

failure), while anomaly detection models may produce an 

anomaly score, thresholded to trigger alarms. 

 

Online vs. Offline Learning Approaches 

A key distinction in deploying deep learning for fault 

detection lies in the choice between offline (batch) learning 

and online (real-time or streaming) learning. Offline learning 

involves training models on historical datasets using batch 

optimization methods. These models are well-suited for high-

accuracy fault diagnosis in controlled environments but often 

lack adaptability to evolving operational conditions. 

In contrast, online learning supports incremental updates as 

new data arrives, making it better suited for real-time fault 

detection where the system’s behavior may shift due to wear, 

environmental changes, or task reconfiguration (Gama et al., 

2014) [5]. Online learning models—such as streaming 

autoencoders or lightweight LSTMs—enable continuous 

monitoring and adaptation but require efficient memory 

management and inference pipelines to operate within tight 

latency budgets. 

Real-time deployment also imposes constraints on inference 

latency and model update frequency, especially on edge 

devices such as NVIDIA Jetson Nano or ARM Cortex-M 

microcontrollers. Here, trade-offs emerge: deeper models 

may yield higher accuracy but introduce delay; compact 

models such as GRUs or quantized CNNs offer lower latency 

at the cost of precision. Techniques such as model pruning, 

quantization, and knowledge distillation are often employed 

to optimize performance on resource-constrained platforms 

(Han et al., 2016). 

Ultimately, the choice of model architecture and learning 

paradigm must be aligned with the system’s computational 

budget, fault criticality, and operational dynamics. As 

wireless robotic systems increasingly operate in complex, 

real-time environments, the integration of tailored deep 

learning models becomes essential for robust, adaptive, and 

intelligent fault detection. 

 

4. Review of Deep Learning Applications in Fault 

Detection 

The application of deep learning to fault detection in wireless 

robotic systems has garnered significant attention across 

multiple robotic subsystems. From the identification of 

abnormal sensor readings to the classification of actuator 

degradation and the detection of anomalies in wireless 

communication, deep learning provides a flexible and 

adaptive framework capable of recognizing complex patterns 

that elude traditional diagnostic tools. This section reviews 

recent developments in the application of deep learning to 

fault detection, categorized into four major domains: sensor 

faults, actuator and motor faults, communication faults, and 

cross-domain hybrid approaches. 

 

Sensor Fault Detection 
Sensor integrity is critical to robotic autonomy, as decisions 

are often grounded in real-time sensory feedback. Deep 

learning techniques have been effectively employed to detect 

faults in various sensors such as accelerometers, gyroscopes, 

thermocouples, and LiDAR. These sensors generate time-

series data streams that are prone to drift, noise, signal spikes, 

or frozen outputs. Convolutional Neural Networks (CNNs) 

have been utilized to spatially extract features from sensor 

grids, especially in applications involving LiDAR scans or 

thermal imaging (Zhang et al., 2020) [40]. Meanwhile, Long 

Short-Term Memory (LSTM) networks have been applied to 

learn the temporal patterns of IMU data, enabling the 

detection of anomalies such as gyroscope drift or 

accelerometer bias over time (Kang et al., 2021) [15]. 

Autoencoders, particularly denoising and variational 

variants, are frequently adopted for unsupervised detection of 

sensor faults, where models are trained on normal sensor 

behavior and high reconstruction errors indicate the presence 

of faults (Xie et al., 2022). These models are particularly 

suitable for edge deployment in robotic platforms due to their 

low inference latency and real-time performance capabilities. 

 

Actuator and Motor Fault Detection 
Actuators and motors represent the mechanical output layer 

of robotic systems and are vulnerable to a range of faults, 

including bearing wear, torque loss, overheating, and control 

signal mismatch. Faults in these components can result in 

unresponsive or unstable behavior, making their early 

detection vital. Deep learning methods have proven effective 

in learning discriminative patterns from physical signals such 

as vibration, torque, current, and angular velocity. One-

dimensional CNNs (1D-CNNs) have been successfully 

applied to raw vibration signals for early fault detection in 

electric motors and servo systems, capturing localized 

frequency-domain features (Wang et al., 2019) [36]. Hybrid 

architectures that combine CNNs with RNNs or LSTMs have 

also been explored to leverage both spatial and temporal 

patterns in the data. For example, CNN-LSTM models have 

shown robustness in detecting progressive degradation of 

actuator performance under varying operational loads (Li et 

al., 2021). These techniques allow for continuous, real-time 

monitoring of robotic joints and drive systems, enabling 

predictive maintenance and operational resilience. 

 

Wireless Communication Fault Detection 
Wireless communication is the backbone of networked 

robotic systems, particularly in applications involving 

distributed teams of drones or mobile robots. Faults such as 

packet loss, signal degradation, jamming, and delay spikes 

can compromise command execution and situational 

awareness. Deep learning approaches have been proposed to 

detect these anomalies by learning from network telemetry, 
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including RSSI (Received Signal Strength Indicator), signal-

to-noise ratio, and packet inter-arrival time (García-Martín et 

al., 2020) [6]. Recurrent architectures, such as GRUs and 

LSTMs, are particularly suited to this domain due to their 

ability to model temporal dependencies and transient 

communication patterns. Furthermore, CNNs have been 

employed to classify network traffic patterns by converting 

telemetry into 2D representations such as spectrograms or 

temporal heatmaps (Zhao et al., 2022) [41]. These models are 

trained to distinguish between normal and faulty transmission 

conditions, enabling proactive adaptation of communication 

strategies or failover mechanisms. Such capabilities are 

essential in dynamic environments where network conditions 

vary rapidly due to physical obstructions or electromagnetic 

interference. 

 

Cross-Domain Models and Hybrid Architectures 
While fault detection models targeting individual subsystems 

offer precision, a growing body of research supports the 

development of cross-domain models that integrate multi-

modal data from sensors, actuators, and communication 

modules to enhance context-awareness and detection 

accuracy. These models exploit the interdependencies 

between subsystems; for example, an actuator fault may also 

manifest as abnormal vibration signals and irregular control 

loop timing. Hybrid deep learning architectures have been 

designed to handle such complexity. Notably, CNN-LSTM 

models combine spatial and temporal representations, while 

Transformer-Autoencoder networks offer scalable attention 

mechanisms for large, multi-sensor datasets (Chakraborty et 

al., 2023) [2]. Graph Neural Networks (GNNs) have been 

employed to model relationships between nodes in a robotic 

network, particularly useful in multi-agent systems where 

faults can propagate across peers (Xu et al., 2022). Cross-

domain approaches have also leveraged transfer learning, 

enabling models trained on one robot or operational domain 

to generalize across platforms with minimal retraining. This 

is particularly beneficial in real-world deployments where 

annotated fault data is scarce or domain drift occurs due to 

environmental changes. 

Together, these applications reflect a trend toward holistic 

fault detection systems that not only identify isolated 

anomalies but also capture broader patterns of system 

degradation and emergent behavior. As wireless robotic 

systems continue to evolve, incorporating heterogeneous 

sensors and operating in unpredictable conditions, deep 

learning models that can reason across domains will play an 

increasingly central role in maintaining safety, reliability, and 

adaptability. 

 

5. Benchmark Datasets and Simulation Tools 

The development and validation of deep learning models for 

real-time fault detection in wireless robotic systems heavily 

rely on the availability of high-quality datasets and 

simulation platforms. These resources provide the 

foundational data necessary for training, testing, and 

benchmarking the performance of fault detection algorithms 

under a range of operational conditions. In this section, we 

review the most widely used benchmark datasets and 

simulation tools employed in this research domain, 

highlighting their roles, features, and limitations in 

supporting the design of intelligent diagnostic systems. 

 

 

Benchmark Datasets Used in Fault Detection Research 
A number of publicly available datasets have been 

extensively used in fault detection studies, particularly for 

learning signal patterns associated with mechanical and 

electromechanical failures. Among the most prominent is the 

NASA C-MAPSS (Commercial Modular Aero-Propulsion 

System Simulation) dataset, which has become a standard in 

predictive maintenance research. It provides multivariate 

time-series data simulating sensor measurements from 

turbofan engines, with fault progression labels corresponding 

to system degradation over time (Saxena & Goebel, 2008). 

Features include temperature, pressure, rotational speed, and 

fuel flow metrics—making it suitable for modeling actuator 

degradation and early failure prediction. 

Similarly, the NASA Bearing Data Center dataset focuses on 

vibration and acoustic signals collected from rotating 

bearings under varying load conditions. Faults such as outer 

race, inner race, and rolling element defects are included, 

offering valuable training data for 1D-CNNs and autoencoder 

models designed to detect anomalies in motors and actuators 

(Qiu et al., 2006) [24]. These datasets, while comprehensive, 

often suffer from data imbalance, where normal operation 

samples far outnumber fault states—posing challenges for 

training balanced classifiers. 

The Paderborn University Bearing Dataset is another key 

resource for fault classification, offering high-resolution 

vibration signals collected from healthy and faulty bearings 

in controlled laboratory conditions. This dataset is notable for 

including both artificially damaged and naturally degraded 

bearings, providing insights into the generalization of fault 

detection models across fault severities and time scales 

(Lessmeier et al., 2016) [20]. 

In the context of robotic systems, datasets generated from 

Gazebo-ROS environments have gained traction. These 

simulation-based datasets involve fault injection in robotic 

platforms—such as mobile robots or manipulators—by 

inducing sensor drift, wheel slippage, or actuator saturation 

while recording log data through the Robot Operating System 

(ROS). These logs often contain timestamped sensor readings 

(e.g., IMU, laser scans, joint states), control commands, and 

error messages, making them well-suited for training deep 

learning models that operate on structured telemetry (Ghosh 

et al., 2020) [7]. Additionally, datasets from commercial 

robotic platforms such as KUKA, FANUC, or ABB—when 

accessible—provide real-world telemetry, including joint 

torque, current, thermal readings, and communication status 

indicators. However, such datasets are often proprietary and 

limited in availability. 

A critical challenge in using real-world datasets lies in 

domain generalization—models trained on lab-generated or 

simulated data may not perform reliably under the dynamic 

and uncertain conditions of field deployments. Furthermore, 

synthetic vs. real-world data gaps must be addressed through 

data augmentation, transfer learning, or simulation-to-reality 

adaptation techniques. 

 

Simulation Environments and Tools 
Simulation platforms play a crucial role in fault detection 

research by enabling controlled experimentation and 

synthetic dataset generation, especially when real-world data 

is scarce or hazardous to obtain. ROS (Robot Operating 

System) serves as the backbone middleware for integrating 

various sensors, actuators, controllers, and communication 

nodes in robotic systems. It allows for seamless logging, 
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message passing, and modular integration of custom fault 

injection scripts, making it indispensable for real-time robotic 

simulation and data acquisition (Quigley et al., 2009) [25]. 

Gazebo and Webots are physics-based robotic simulation 

environments commonly used alongside ROS. Gazebo 

enables high-fidelity simulation of robot dynamics, including 

contact physics, inertia, and sensor noise, which are essential 

for realistic fault modeling. Researchers often use Gazebo to 

simulate sensor drift, encoder misalignment, or power 

degradation, while logging corresponding telemetry to 

develop fault detection models. Webots offers similar 

capabilities with a more user-friendly interface and is often 

preferred for prototyping mobile robots and swarm 

behaviors. 

For aerial and ground vehicle applications, AirSim, 

developed by Microsoft Research, provides a high-fidelity, 

photorealistic simulation environment for drones and 

autonomous vehicles. Integrated with Unreal Engine, AirSim 

supports multi-sensor output (e.g., RGB cameras, depth 

sensors, IMUs) and programmable fault scenarios. This 

enables the generation of rich multimodal datasets for 

training deep learning models that generalize to real-world 

robotics tasks (Shah et al., 2018) [32]. 

To model wireless communication behavior and faults, NS-3 

is a discrete-event network simulator widely used in robotic 

network research. It supports simulation of packet-level 

behavior, including delay, jitter, packet loss, throughput, and 

interference—making it ideal for investigating 

communication-layer faults and their impact on robotic 

coordination. NS-3 can be co-simulated with ROS or Gazebo 

using ROS-NS3 bridges, allowing synchronized simulation 

of physical and network dynamics (Pervez et al., 2021) [23]. 

These simulation tools are often combined in co-simulation 

frameworks, where ROS serves as the communication layer 

between physical simulation (Gazebo/Webots/AirSim) and 

network simulation (NS-3). This integration enables holistic 

data generation that captures the interplay between robotic 

motion, environmental feedback, and wireless network 

performance. Synthetic datasets generated through such 

simulations allow researchers to model rare or hazardous 

fault scenarios, introduce controlled variations, and train deep 

learning models that are more robust to real-world 

uncertainties. 

In conclusion, both real-world datasets and simulation-based 

data are essential in advancing deep learning for fault 

detection in wireless robotic systems. While real-world 

datasets offer authenticity and operational relevance, 

simulation tools provide the flexibility to design diverse fault 

scenarios and stress-test models before deployment. The 

synergy of these resources strengthens the development of 

intelligent, generalizable, and real-time fault detection 

frameworks capable of operating under diverse and 

unpredictable robotic environments. 

 

6. Performance Metrics and Evaluation Criteria 

Evaluating the performance of deep learning models for real-

time fault detection in wireless robotic systems requires a 

comprehensive set of metrics that account for both 

classification effectiveness and system-level deployment 

constraints. Unlike general machine learning tasks, fault 

detection in robotic systems involves critical real-time 

considerations, such as low latency, limited computational 

resources, and energy constraints, especially when deployed 

on mobile or edge-based robotic platforms. This section 

presents the key quantitative and qualitative evaluation 

criteria used to assess the reliability, responsiveness, and 

deployability of deep learning-based fault detection 

frameworks in wireless robotic environments. 

 

Standard Classification Metrics 
The foundational evaluation of fault detection models relies 

on classic classification metrics, which quantify how 

accurately a model distinguishes between fault and non-fault 

conditions. Accuracy, defined as the ratio of correct 

predictions to total predictions, offers a general measure of 

performance. However, in fault detection—where fault 

instances are typically rare compared to normal operation—

accuracy can be misleading, as a model that always predicts 

"no fault" may still achieve high accuracy (Saito & 

Rehmsmeier, 2015) [27]. 

To address class imbalance, precision and recall are more 

informative. Precision is the ratio of true positive fault 

predictions to all predicted positives, reflecting the model's 

reliability when it declares a fault. Recall, or sensitivity, 

measures the ability to identify actual faults among all faulty 

cases. A high recall indicates effective early fault detection, 

which is critical in mission-critical robotic systems where 

missed faults may lead to irreversible damage or system 

failure (Kiran et al., 2018) [17]. 

The F1 score, the harmonic mean of precision and recall, 

provides a balanced metric that is particularly useful in 

imbalanced datasets common in robotic fault detection. It 

penalizes models that perform well in one metric but poorly 

in the other and is thus widely adopted in benchmarking fault 

detection systems. For example, an F1 score close to 1 

indicates that the model achieves both high precision and 

high recall, which is essential in systems where both false 

alarms and missed detections carry significant operational 

risk. 

 

Real-Time Performance Metrics 
In wireless robotic systems, where control decisions must be 

made in milliseconds, real-time responsiveness is as 

important as classification accuracy. A key metric here is 

detection latency—the elapsed time between the occurrence 

of a fault and the generation of a detection signal or decision 

by the model. This latency must be minimized to ensure 

timely response or mitigation actions. Typical acceptable 

thresholds for robotic applications range from 10 ms to 100 

ms, depending on the system's dynamics and task criticality 

(Zhao et al., 2022) [41]. 

Inference speed, often measured in frames per second (FPS) 

or milliseconds per inference, directly affects detection 

latency. Models with high inference speed are crucial for 

high-frequency sensor data processing, such as IMU or 

LiDAR streams. Furthermore, model size (typically 

measured in megabytes) and computational load (FLOPs or 

processor cycles per inference) are vital for determining the 

feasibility of deploying the model on edge computing 

platforms like NVIDIA Jetson Nano, Raspberry Pi, or ARM 

Cortex processors. Larger models such as deep LSTMs or 

transformer networks may yield high accuracy but incur 

significant latency and memory consumption, making them 

unsuitable for embedded real-time operation. 

Real-time benchmarking often involves visualizing latency 

histograms to assess the consistency of response times under 

different operational loads, or bar charts comparing model 

accuracy vs. inference time across various architectures. 
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Energy Efficiency in Edge Deployments 
Energy consumption is a critical metric in mobile and 

embedded robotic platforms, especially for autonomous 

systems like drones, ground robots, or underwater vehicles 

that rely on finite battery power. Energy per inference, 

measured in joules or milliwatt-hours (mWh), quantifies the 

average energy consumed by a model to process one input 

and generate a prediction. This metric is particularly 

important for sustaining long-term deployment where 

frequent recharging or battery replacement is infeasible 

(Howard et al., 2019) [12]. 

Closely related is thermal efficiency, which refers to how 

much heat is generated during prolonged model inference. 

High thermal output may necessitate active cooling 

mechanisms, adding hardware complexity and further 

draining power. Therefore, fault detection models must be 

designed not only for high accuracy and low latency but also 

for low energy overhead. 

To improve energy efficiency, several strategies have been 

adopted in the literature. These include model pruning, which 

removes redundant neurons or layers to reduce model 

complexity; quantization, which converts high-precision 

weights (e.g., 32-bit) to lower precision formats (e.g., 8-bit) 

without significant loss of performance; and the use of 

hardware accelerators or low-power AI chips such as 

Google's Edge TPU or Intel's Movidius VPU, which are 

optimized for running neural networks efficiently on edge 

devices (Han et al., 2016). 

Evaluation frameworks often involve profiling tools that 

monitor power draw and thermal output in real-time during 

model inference. These tools help researchers understand the 

trade-offs between energy use and model accuracy, enabling 

the selection of architectures suitable for energy-constrained 

scenarios without compromising system safety or 

responsiveness. 

In summary, performance evaluation of deep learning models 

for fault detection in wireless robotic systems requires a 

multidimensional perspective. While classification metrics 

such as accuracy, F1 score, precision, and recall remain 

essential, real-time metrics like inference speed, latency, and 

model size, along with energy metrics relevant to edge 

deployment, are equally critical. Comprehensive assessment 

using these metrics ensures that the deployed models not only 

perform well in controlled benchmarks but also meet the 

stringent requirements of real-time, mobile, and resource-

constrained robotic environments. 

 

7. Challenges and Limitations 

While deep learning has shown substantial promise in 

advancing fault detection capabilities in wireless robotic 

systems, its deployment in real-time, resource-constrained 

environments remains fraught with technical and practical 

challenges. These limitations affect not only the design and 

implementation of models but also their effectiveness and 

trustworthiness in operational contexts. This section critically 

examines the major challenges encountered in applying deep 

learning to real-time robotic fault detection, with a focus on 

computational constraints, data availability, model 

generalizability, and interpretability. 

 

Real-Time Constraints and Model Complexity 
A fundamental challenge in deploying deep learning models 

within real-time robotic systems lies in reconciling the trade-

off between model complexity and inference latency. State-

of-the-art models, such as deep LSTMs, CNN-LSTMs, and 

transformers, offer superior fault detection accuracy by 

capturing intricate temporal and spatial dependencies across 

multimodal sensor streams. However, these models typically 

require significant computational resources and memory, 

which are often unavailable on embedded robotic platforms 

like NVIDIA Jetson Nano or ARM Cortex-M processors 

(Howard et al., 2019) [12]. As a result, achieving real-time 

fault detection on such platforms necessitates the use of 

lightweight models or optimization techniques, such as 

pruning, quantization, or knowledge distillation — each of 

which may compromise accuracy to some extent (Han et al., 

2016). Designing models that strike the right balance between 

detection precision and computational feasibility is a 

persistent and unresolved issue in real-time deployment 

scenarios. 

 

Lack of Labeled Fault Datasets 
Supervised deep learning methods require large volumes of 

high-quality, labeled data for effective training. However, in 

the domain of wireless robotic systems, fault-labeled datasets 

are scarce, particularly those that capture real-time, multi-

modal sensor and communication anomalies during active 

operation. Many existing datasets are collected in controlled 

laboratory environments and may not reflect the full 

spectrum of real-world faults or environmental uncertainties 

(Ghosh et al., 2020) [7]. Additionally, faults are typically rare 

events in robotic systems, resulting in severe class imbalance. 

This imbalance hinders the ability of standard classifiers to 

detect faults reliably and increases the risk of overfitting to 

normal operation patterns (Saito & Rehmsmeier, 2015) [27]. 

Moreover, annotating real-world robotic faults is a labor-

intensive and safety-critical process, often requiring human 

intervention, expert knowledge, or system disruption. The 

lack of such labeled data limits the generalizability and 

robustness of deep learning models, underscoring the need 

for unsupervised or semi-supervised learning approaches. 

 

Generalization and Environmental Robustness 
Another significant limitation is the challenge of model 

generalization across robotic platforms and operating 

environments. Deep learning models trained on one robot 

type or in a specific environment may perform poorly when 

deployed in new settings due to domain shift, variations in 

sensor noise, or changes in wireless network conditions 

(Tobin et al., 2017) [34]. For instance, a model trained to detect 

IMU anomalies in a wheeled robot operating indoors may not 

generalize to a drone in an outdoor setting with fluctuating 

GPS signals and communication latency. Such variations can 

significantly degrade model performance, especially in edge 

cases where new fault patterns are not well-represented in the 

training set. While domain adaptation and transfer learning 

techniques offer partial solutions, they often require fine-

tuning and may not completely mitigate environmental 

brittleness. Ensuring robust performance in the face of 

dynamic, uncertain, and mission-specific operational 

contexts remains a critical open challenge for researchers and 

practitioners. 

 

Interpretability of Deep Learning Models 
The black-box nature of many deep learning models further 

complicates their application in safety-critical robotic 

systems. Unlike rule-based diagnostics or physics-informed 

models, deep learning algorithms often lack interpretability, 
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making it difficult for engineers and operators to understand 

the rationale behind a fault detection decision (Ribeiro et al., 

2016) [26]. This opacity undermines trust and accountability, 

particularly in autonomous applications where safety 

depends on clear system understanding and rapid error 

diagnosis. Moreover, the inability to explain false positives 

or negatives limits the effectiveness of debugging and 

continuous improvement processes. Recent research into 

explainable AI (XAI)—including techniques such as saliency 

maps, SHAP (SHapley Additive exPlanations), and LIME 

(Local Interpretable Model-agnostic Explanations)—has 

begun to address this issue, but their integration into real-time 

fault detection pipelines for robotics remains limited (Samek 

et al., 2019) [29]. The development of transparent, 

introspectable models is essential for fostering trust, 

facilitating system validation, and enabling human-in-the-

loop oversight in critical applications. while deep learning 

offers substantial advantages for real-time fault detection in 

wireless robotic systems, its full potential is constrained by a 

host of technical and operational limitations. These 

challenges underscore the importance of continued research 

into model efficiency, data-efficient learning, robust 

generalization techniques, and explainability frameworks. 

Addressing these issues will be crucial for transitioning from 

laboratory prototypes to dependable, real-world fault 

detection systems in next-generation autonomous robotics. 

 

8. Future Research Directions 

As deep learning continues to revolutionize fault detection in 

wireless robotic systems, several promising research avenues 

remain open for exploration to overcome current limitations 

and enable real-world deployment. This section outlines 

critical directions that can advance the field in terms of 

computational efficiency, collaborative intelligence, 

transparency, and autonomy. 

 

Lightweight Deep Learning Models for Embedded 

Systems 
Given the real-time constraints and computational limitations 

of edge devices, there is an urgent need to develop 

lightweight deep learning architectures tailored for embedded 

robotic platforms. Architectures such as MobileNet, 

SqueezeNet, and EfficientNet offer compact alternatives to 

conventional deep networks and can be optimized further for 

inference on low-power microcontrollers and AI accelerators 

(Howard et al., 2019) [12]. Complementary to this, model 

compression techniques—including pruning, quantization, 

and weight sharing—can significantly reduce model size and 

inference latency without compromising detection accuracy 

(Han et al., 2016). Research into automated neural 

architecture search (NAS) for real-time fault detection tasks 

may also yield tailored solutions that balance model 

complexity, latency, and accuracy. These advancements are 

essential for the deployment of robust AI systems in battery-

operated mobile robots and aerial vehicles operating in 

remote or constrained environments. 

 

Transfer Learning and Federated Learning 
A major challenge identified in current fault detection 

approaches is the lack of labeled datasets for diverse robotic 

platforms and operational conditions. Transfer learning 

offers a viable solution by enabling models pre-trained on 

large, generic datasets to be fine-tuned for specific robotic 

contexts using minimal labeled data. This approach reduces 

training time and enhances model adaptability across 

different sensor configurations, hardware architectures, and 

environments (Pan & Yang, 2010). Furthermore, federated 

learning presents a decentralized paradigm in which multiple 

robotic agents collaboratively train shared models while 

retaining their local data, preserving data privacy and 

minimizing communication overhead (Kairouz et al., 2021). 

This approach is particularly valuable in multi-robot systems 

or cloud-robotics settings, where each agent encounters 

unique operational patterns. Future research should focus on 

developing communication-efficient, privacy-preserving 

federated learning algorithms suitable for heterogeneous and 

bandwidth-constrained robotic systems. 

 

Explainable AI (XAI) for Safety and Trust 
As robotic systems become more autonomous and are 

deployed in critical applications such as healthcare, defense, 

and infrastructure monitoring, model interpretability 

becomes indispensable. The black-box nature of many deep 

learning models undermines operator trust and poses 

challenges for system debugging and validation. Future 

research should emphasize the integration of Explainable AI 

(XAI) tools such as SHAP (SHapley Additive Explanations), 

LIME (Local Interpretable Model-agnostic Explanations), 

and attention-based mechanisms to provide transparent 

diagnostic outputs (Samek et al., 2019) [29]. These methods 

can help identify which sensor modalities or features 

contributed most to a given fault prediction, aiding human 

operators in verifying system decisions. Additionally, 

interpretable models facilitate certification processes in 

regulated industries and support rapid response during 

anomaly investigations. 

 

Adaptive and Self-Healing Robotic Systems 
A frontier in robotic fault detection lies in developing 

adaptive learning systems that evolve in real-time. Such 

systems would be capable of adjusting their internal models 

in response to new fault signatures or operational changes, 

thereby enhancing resilience and autonomy. Online learning 

algorithms and reinforcement learning-based adaptation 

strategies can be explored to support real-time model updates 

with minimal human supervision. Moreover, future research 

should investigate self-healing architectures, wherein robotic 

platforms autonomously detect, localize, and recover from 

faults. These closed-loop systems could incorporate control 

reconfiguration, redundancy activation, or graceful 

degradation techniques to sustain mission continuity without 

external intervention (Zhou et al., 2022) [42]. This direction 

holds the potential to significantly improve the reliability and 

operational lifespan of robotic systems deployed in isolated 

or high-risk environments. Collectively, these research 

directions provide a roadmap toward more efficient, 

intelligent, and trustworthy robotic fault detection systems. 

Addressing these areas will accelerate the transition of deep 

learning from theoretical constructs to practical solutions that 

support real-time, wireless, and autonomous robotic 

operations at scale. 

 

9. Conclusion 

This study presented a comprehensive review of deep 

learning approaches for real-time fault detection in wireless 

robotic systems, a domain increasingly central to modern 

robotics. By synthesizing current advances in model 

architectures, dataset utilization, simulation tools, and 
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evaluation methodologies, the research highlighted how deep 

learning enhances fault monitoring across sensors, actuators, 

and communication layers. Special attention was given to the 

application of CNNs, RNNs, autoencoders, and hybrid 

models in handling time-series and multimodal data, 

supporting real-time inference and resilience in wireless 

robotic environments. 

Despite these advancements, critical challenges persist. The 

study identified key limitations such as the computational 

burden of complex models on embedded systems, the scarcity 

of labeled fault datasets, difficulties in generalizing across 

domains, and the interpretability barriers inherent in many 

deep learning frameworks. These limitations impede 

deployment in safety-critical or resource-constrained settings 

where responsiveness, transparency, and adaptability are 

paramount. 

Looking forward, this research underscores the 

transformative potential of deep learning-powered fault 

detection in enabling robust, intelligent, and self-aware 

robotic systems. Applications span a wide range of sectors—

from industrial automation and healthcare robotics to disaster 

response and autonomous infrastructure monitoring. By 

addressing the outlined challenges and embracing future 

research directions—such as lightweight architectures, 

federated learning, explainability, and adaptive control—

scholars and engineers can pave the way for a new generation 

of resilient robotic platforms capable of operating safely 

and autonomously in dynamic real-world environments. 
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