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Abstract: Due to their precision, compact size, and high torque transfer, Rotate vector (RV)
reducers are becoming more popular in industrial robots. However, repetitive operations
and varying speed conditions mean that these components are prone to mechanical failure.
Therefore, it is important to develop effective health monitoring (HM) strategies. Tradi-
tional approaches for HM, including those using vibration and acoustic emission sensors,
encounter such challenges as noise interference, data inconsistency, and high computational
costs. Deep learning-based techniques, which use current electrical data embedded within
industrial robots, address these issues, offering a more efficient solution. This research
provides transfer learning (TL) models for the HM of RV reducers, which eliminate the
need to train models from scratch. Fine-tuning pre-trained architectures on operational
data for the three different reducers of health conditions, which are healthy, faulty, and
faulty aged, improves fault classification across different motion profiles and variable speed
conditions. Four TL models, EfficientNet, MobileNet, GoogleNet, and ResNET50v2, are
considered. The classification accuracy and generalization capabilities of the suggested
models were assessed across diverse circumstances, including low speed, high speed,
and speed fluctuations. Compared to the other models, the proposed EfficientNet model
showed the most promising results, achieving a testing accuracy and an F1-score of 98.33%
each, which makes it best suited for the HM of robotic reducers.

Keywords: transfer learning; industrial robots; health monitoring; fault detection; rotate
vector reducer

1. Introduction
In contemporary society, many industries are utilizing robust robots for manufac-

turing, which takes advantage of the advances of existing industries such as automotive
manufacture, aerospace engineering, and heavy machinery production [1,2]. The system-
atic incorporation of robotic systems in production has markedly increased efficiency and
improved customer satisfaction. Nevertheless, the ongoing operational demands placed on
industrial robots often lead to component degradation, which may disrupt production and
heighten the risk of system failure, potentially resulting in significant economic loss [3]. To
address these issues, researchers have devised and executed diverse HM and diagnostic
methodologies, which are commonly referred to as prognosis and health management
(PHM) [4,5]. Comprehensive studies have increasingly focused on the PHM of industrial
robots [6]. Due to its small design, efficient speed transmission, and high torque capability,
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the Rotate vector (RV) reducer is extensively employed in industrial robotic systems [7,8].
Notwithstanding these significant benefits, the demanding operational conditions of ele-
vated torque, impact forces, and sudden load fluctuations make the RV reducer vulnerable
to possible failure [9,10]. Frequent failures of RV reducers encompass tooth surface erosion,
pitting of the planetary gear, cracking, elevated backlash, bearing degradation, lubrication
defect, and misalignment [11,12]. These failures may result in substantial operational
problems, such as diminished accuracy, impaired robotic functionality, and unforeseen
interruptions. In essential manufacturing operations, such disruptions may lead to post-
poned production timelines, heightened maintenance expenses, and diminished product
quality. Furthermore, extended failures may induce cascading harm to interconnected
robotic systems, leading to economic and operational consequences.

Robots are an essential part of modern industry and the production environment,
and they reshape industries with increased precision, speed, and efficiency. They are
applied in a range of industries, including automotive, electronics, aerospace, medicine,
and logistics [13]. The implementation of robots in various industries increases production
and ultimately fulfills customer needs. The operational timescales of robots range from
hours to months, which increases the likelihood of defects in their components. Continuous
operation of industrial robots often leads to failure in various components, impacting
productivity and increasing the risk of operational blackouts, which can result in substantial
financial loss. To identify and reduce major faults, researchers have proposed various health
monitoring and diagnostic techniques under the umbrella of PHM [14,15]. Therefore, HM
is generally assessed through the use of three principal diagnostic methods: ferrography
analysis (FA) [16], vibration analysis (VA) [17], and acoustic emission analysis (AEA) [18].
Ferrography analysis examines particles mixed with lubricating oil to identify faults. One
method uses neural networks to categorize particle types to diagnose wear modes, though
this technique is limited to identifying defects in the internal structure. An alternative
diagnostic technique, VA, entails the installation of vibration sensors on the reducer surface
for identifying defects [19].

Data-driven techniques in VA, including frequency-domain analysis, have been es-
tablished for early fault detection. Nevertheless, the main challenge with VA is the early
detection of flaws as it is challenging to recognize issues like fracture initiation and propa-
gation in their initial phases [20]. Alternatively, AEA mounts sensors on the robotic system
to monitor acoustic emissions from the RV reducer and facilitate fault identification. While
AEA can proficiently identify problems, it encounters constraints such as acoustic emission
interferences, which result from variations in speed, and fluctuations in system tempera-
ture [21]. These strategies present distinct issues for fault identification in RV reducers. The
requirement of supplementary sensors in both VA and AEA complicates the monitoring
configuration, rendering it more cumbersome and intricate. Sensor installation is challeng-
ing in industrial settings with constrained space [22]. Furthermore, the implementation
of several sensors throughout different robotic components mandates a comprehensive
data-collecting system, hence complicating the design of the PHM system and elevating
both computational and financial expenditures [23].

Recently, data-driven approaches are being used as an alternative to physics-based
approaches due to the complexity of creating PHM models for different applications [24].
Data-driven approaches, such as Machine Learning (ML) and deep learning (DL), are
widely used in the PHM of various applications based on the availability of data [25,26]. DL
is effective in addressing the challenges of large-scale data processing, automatic feature
extraction, and knowledge transfer across various operational contexts, including different
machine types, motion types, and conditions [27]. Due to significant requirements for
feature engineering and data processing, which restrict scalability and real-time application,
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DL faces computational challenges. Traditional ML is effective in classification, regression,
and clustering and is finding application in autonomous vehicles, fault detection, healthcare,
and manufacturing [28]. Fault identification utilizing ML employs time-series data, along-
side diverse analytical methods used to extract fault features, whose methods include time,
frequency, and time–frequency analysis. These techniques are computationally intensive
and necessitate expert knowledge, which, therefore, restricts their real-time application [29].
In general, robots are essential for enhancing precision, efficiency, and production in such
industries as automotive, electronics, and logistics. The RV reducer is a crucial element that
guarantees high torque transmission and accurate motion, which renders it indispensable
for robotic functionality. Nonetheless, its failures, such as in gear erosion and misalignment,
highlight the necessity for efficient health monitoring and fault diagnosis.

AI-driven fault identification plays a vital role in mechanical fault diagnosis, but
acquiring adequate fault samples poses significant challenges, particularly in complex sys-
tems such as RV reducers. AI-driven approaches broadly include ML and DL, which enable
systems to learn and make decisions from data. They also encompass other AI methods
like expert systems and symbolic reasoning, highlighting their versatility. Previously, the
study presented an improved deep discriminative transfer learning network (IDDTLN),
which is optimized using a dynamic whale optimization technique. The evaluation of RV
reducer data finds that IDDTLN attained a classification accuracy of 99.8%, demonstrating
significant potential for fault diagnosis [26]. An adaptive transfer auto-encoder (ATAE),
developed to tackle the issue of limited labeled data in the identification of defects in
rotating machinery, improves fault classification through the integration of a data adapta-
tion module, which utilizes kernel Hilbert space metrics, alongside variations of particle
swarm optimization and k-nearest neighbors, for health status classification. In evaluations
that utilize vibration data from bearing and gearbox rigs, ATAE demonstrates superior
diagnostic accuracy, compared to conventional methods, while eliminating the requirement
for target signal labels [30].

While data-driven AI models are essential for mechanical fault diagnosis, the scarcity
of fault samples restricts their application in systems such as RV reducers. The proposed
numerical simulation-enhanced multi-task integrated learning network (NSE–MTILN)
optimizes RV reducer parameters through a whale optimization algorithm, uses a noise
generative network (NGN) to generate fault samples, and employs ResNet for multi-task
fault classification and prediction. Experiments indicate that NSE–MTILN effectively
detects faults by utilizing solely simulated fault samples [31]. However, the fault diag-
nosis approach for RV reducer crankshaft bearings, which operate under variable-speed
conditions and employ a white shark optimizer with variational mode decomposition
(WSO–VMD) for signal reconstruction, enhances signal noise reduction and diagnostic
accuracy, surpassing other optimization and classification models under both variable
and constant-speed conditions [32]. AI-driven methodologies frequently necessitate large
amounts of labeled data, which can be challenging and expensive to acquire. Moreover,
these models may exhibit difficulties in adapting to novel surroundings or operational
situations, and their computational complexity could impede real-time implementation.
These constraints underscore the necessity for more efficient and adaptable methodologies
such as transfer learning.

Building upon the existing literature, we propose, in this paper, the application of
TL to enhance PHM systems for industrial robots, specifically focusing on RV reducer
fault detection. TL is particularly advantageous in PHM because it allows models, which
were trained on one set of conditions, such as specific machines, environments, or oper-
ational parameters, to be adapted for new but related tasks with minimal retraining [33].
Traditional HM methods face significant challenges, including a heavy reliance on large
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amounts of labeled data and limited adaptability to new operating conditions or machines.
TL approaches mitigate these restrictions by limiting reliance on labeled data, which allows
models to use information from similar domains to enhance performance. Transfer learn-
ing improves generalization across various datasets and situations by matching feature
distributions throughout domains, which renders it a viable solution for multiple health
monitoring applications. This capability addresses a critical gap in traditional data-driven
methods, where, when exposed to different conditions or machinery, model performance
often diminishes due to the high variance in operational contexts.

Previously, a novel deep learning framework utilizes TL to optimize convolutional
neural networks (CNNs) for the fault diagnosis of running mechanical equipment, which
was coupled with support vector machines (SVMs) for enhanced classification performance.
The method is validated through extensive experiments on seven mechanical datasets,
showcasing its superior accuracy and generalization capabilities across diverse fault sce-
narios [34]. Further, the TL framework with Dynamic Multi-scale Representation (DMR) is
used to address feature shifts under varying working conditions in fault diagnosis. The
model uses a Multi-gate Mixture-of-Experts (MMoE) to balance scale-specific representation
and inter-scale correlation and a TL backend for cross-domain feature alignment. It out-
performs existing methods on PHM2009 and MCP datasets, improving accuracy by 4.71%
and 3.86%, respectively [35]. For limited data, a deep Convolutional Transfer Learning
Network (DCTLN) was implemented to address challenges in intelligent fault diagnosis,
using TL to handle data distribution discrepancies across machines. The model combines
a 1D CNN for feature learning and health condition recognition with a domain adapta-
tion module to align cross-domain features [36]. Unlike traditional ML [37] and DL [38]
methods, which require significant data from the target domain, TL optimizes pre-trained
models to expedite training and improve accuracy in defect identification across diverse
domains [39,40]. The reuse of acquired features, especially those that embody generic
patterns in time-domain data in transfer learning, reduces the need for vast labeled datasets
in each new context. This versatility renders it a potent strategy for sectors with restricted
access to domain-specific data or where data annotation is laborious and expensive.

This study focuses on the implementation of transfer learning to diagnose faults of
the robotic RV reducer by using limited data. Current data are obtained from the robotic
RV reducer to validate the proposed methodology. Moreover, the raw 1D current signals
are converted into 2D scalogram images to improve the feature extraction process. This
process is conducted using continuous wavelet transform (CWT) analysis, where the time
series data are converted to time–frequency images. In the present study, we consider
various TL models, namely, ResNET50v2, MobileNet, GoogleNet, and EfficientNet, due to
their robustness. These models are utilized because of their effectiveness in autonomously
extracting deep features from scalogram images, thus eliminating the need for manual
feature extraction. EfficientNet is identified as the optimal model based on its superior
performance across evaluation metrics, including accuracy, precision, recall, and F1-score.

The primary contributions of this study are as follows. First, motor current signature
analysis (MCSA) is employed, instead of traditional techniques such as vibration analysis
(VA), acoustic emission analysis (AEA), and ferrography, offering a more efficient and
practical approach to fault diagnosis. Embedded sensors are utilized for data collection,
which offer a simpler and more integrated solution compared to the complexity of external
sensors. Second, to overcome the limitations of handcrafted feature extraction, which is
time-consuming and less suitable for generalization, TL models are utilized for autonomous
feature extraction in the HM of industrial robots. Third, robust features for the HM
of the robotic reducer are extracted using 2D scalogram images generated from motor
current signals. Finally, the integration of transfer learning has enabled the development
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of a generalized HM model for the RV reducer, ensuring improved diagnostic accuracy
and adaptability in varying conditions. Therefore, the pre-trained TL models, which
were trained on large source data, are fine-tuned on the robotic RV reducer target data.
Numerous evaluation metrics of accuracy, precision, recall, and F1-score are used to validate
the efficiency of the proposed approach. This novel approach represents a significant
advancement over conventional fault diagnosis methods.

In the remainder of this paper, Section 2 demonstrates the methodology employed
in the experimental investigation, while Section 3 describes the TL algorithms. Section 4
presents the results and their analysis, while Section 5 concludes the paper and suggests
future work.

2. Methodology
This study introduces a methodology for HM in industrial robots by analyzing electric

current data from the RV reducer under three health conditions: healthy, faulty, and
faulty aged. The process involves preprocessing and synchronizing the electric current
signals, followed by converting one-dimensional signals into two-dimensional scalograms
to enhance feature extraction. Advanced transfer learning models, including EfficientNet,
MobileNet, GoogleNet, and ResNet50v2, are applied for fault classification. Figure 1
provides a detailed overview of the suggested methodology, which was carried out on an
experimental test bench using an industrial robot from Hyundai Robotics Co. in a laboratory
setting. In the fault diagnosis of the RV reducer, two fault types are simulated on reducers
with different degradation levels, specifically on joint 4 of the robot. These conditions are
categorized into three distinct states: healthy, faulty, and faulty aged. Initially, multiple
sensors record voltage data through data acquisition modules, where data are subsequently
transformed into electric current signals using current–voltage sensor calibration. Our
technique relies on current signals from the RV reducer to detect and then classify problems.
To improve the diagnostic value of these signals, the 1D time-domain current signals are
first converted into 2D scalogram images. These images illustrate three distinct states of
healthy, faulty, and aged faulty situations, providing a comprehensive visual representation
of the characteristics of each signal. Transformation of raw signals into scalograms produces
a data format that is better suited to deep learning models, which are adept at identifying
intricate visual patterns. Four transfer learning models are applied to the scalogram
picture data of the RV reducer for various speeds ranging (10 to 100)%, encompassing the
architectures of EfficientNet, MobileNet, GoogleNet, and ResNET50v2.

2.1. Experimental Details

Figure 2 depicts the Hyundai YS080 robot used in this study to implement and analyze
faults in RV reducers. This six-degree-of-freedom (6-DOF) robot has a payload capacity of
80 kgf and is designed with six independent joints, each of which is driven by an electric
motor. RV reducers are coupled with each motor to enable full 360◦ rotation around all axes.
For this study, we focus on the RV reducer located at joint 4, where faults are intentionally
introduced. The RV reducer is examined under three operational conditions: healthy,
faulty, and aged faulty. The healthy state denotes a new, defect-free reducer, while the
Faulty state denotes a reducer with an inherently produced low-severity fault. The faulty
aged state simulates progressive wear and tear, which is modeled through an accelerated
degradation test.
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2.2. Data Collection Framework

Data collection is facilitated by equipping the robot with sensors on each of its six axes.
WCS6800 Hall-effect sensors are used to record electric current data for MCSA analysis.
These embedded sensors are attached to the first, second, and third arms of the robotic
motors, as well as on all six axes. To comprehensively monitor the robot’s performance,
18 sensors are installed to capture data across all phases of the fault induction process.



Machines 2025, 13, 60 7 of 25

These sensors interface with NIDAQ 9230 data acquisition modules, with the acquired data
being systematically stored on a PC for in-depth analysis. Figure 3 provides a schematic of
data acquisition setup, which consists of a control unit, DAQ modules, a function generator
for precise signal calibration, Hall-effect sensors for current measurement, and a PC for
data processing. Figure 3 demonstrates the connectivity between these components that
facilitates seamless data flow.
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The data collection process involves recording signals from all 18 sensors for each
reducer state (healthy, faulty, and faulty aged), while joint 4 operates in cyclic motion, as
shown in Figure 3. The tests are conducted across a series of speed settings, ranging from 10
to 100%, with a maximum speed of 170◦/s in 10% increments, to capture a comprehensive
dataset. Data are collected at a sampling frequency (f s) of 12,800 Hz. Figure 1 depicts the
Fault induction procedures, showing the healthy, faulty, and faulty aged reducers, respec-
tively, where faults are induced manually by changing the RV reducers. This methodology
ensures a comprehensive assessment of fault diagnostics across different fault severities
and operational conditions using the four TL models.

2.3. Data Analysis

Data from all eighteen sensors were obtained. Despite the potential for mechanical
coupling to induce patterns in the electrical current signals from different axes caused
by a failure in one axis, data visualization and preliminary findings show that a fault
in one joint does not influence the electric current patterns of the remaining axes. As a
result, joint 4 data are primarily used for analysis, as each fault is investigated separately
at its individual position. Data regarding joint 4 were gathered when the joint 4 motor
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alone was operational while the other joints remained motionless. To maintain dataset
consistency, data from the healthy, faulty, and faulty aged states were standardized. This
method included all three phases of electric current (first, second, and third) and covered
velocities ranging from 10 to 100%. Table 1 tabulates the properties of the collected data:

Table 1. Specifications of the recorded dataset [41].

Parameter Description/Values

Sampling Frequency 12,800 Hz
Current phases First phase, second phase, and third phase

Data types Healthy, faulty, and faulty aged
Joint Motion To and fro motion of joint 4

Speed 10 different speeds (10–100%)
No. of cycles 10 cycles

The 1D raw data of current signals are converted into scalogram images using the
CWT. The CWT is a mathematical tool used to decompose a signal into time-frequency
components, providing a multi-resolution analysis [42]. In this analysis, the Morlet wavelet,
which is commonly used for generating scalograms, is utilized for the transformation. The
CWT of a current signal x(t) is defined as follows:

W(a, b) =
∫ ∞

−∞
x(t)ψ*

a,b(t)dt (1)

where

ψa,b(t) =
1√
|a|
ψ

(
t − b

a

)
(2)

Here, x(t) is the input current signal, a is the scale parameter that determines the
frequency resolution, b is the translation parameter that determines the time localization,
ψ∗ denotes the complex conjugate of the wavelet function ψ. The wavelet ψ(t) is a localized
oscillatory function with zero mean, enabling it to analyze signals with time-varying
frequency content. Through this process, 1D raw signals were converted into scalogram
images. Continuous Wavelet Transform (CWT) was chosen for its ability to provide superior
time-frequency localization compared to other methods like Short-Time Fourier Transform
(STFT) and Empirical Mode Decomposition (EMD). Unlike methods like STFT and EMD,
CWT adapts to non-stationary signals and provides multi-scale analysis, capturing transient
and localized features effectively. The flexibility of wavelet selection allows tailoring to
domain-specific signal characteristics. This enhances model performance by offering richer
feature representations, improved generalization, and reduced information loss, leading to
higher accuracy and less dependency on extensive preprocessing [43,44].

3. Transfer Learning Algorithms
Transfer learning algorithms, including EfficientNet, MobileNet, GoogleNet, and

ResNet50v2, are utilized in this study to address the challenges of fault classification
and enhance the accuracy and efficiency of HM in industrial robots. Each model offers
unique benefits in terms of classification efficiency and accuracy, specifically tailored to the
challenges of defect detection. EfficientNet optimizes the equilibrium between performance
and computational requirements, rendering it appropriate for diverse applications while
preserving superior accuracy. MobileNet provides a lightweight, low-latency framework,
which is ideal for real-time applications that require swift classification. GoogleNet employs
inception modules to capture multi-scale features, enhancing its capacity to identify subtle
variations in scalograms and differentiate between healthy and defective conditions. The
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skip connections in ResNET50v2 mitigate the vanishing gradient problem, facilitating the
more effective convergence of deeper network layers. This makes it ideal for collecting
complicated signal fluctuations over time. TL has become an effective solution in deep
learning for fault identification in robotic systems, especially when large datasets are
scarce. By pre-training models on diverse datasets and leveraging acquired features for
specific tasks, TL mitigates data limitations, making it ideal for robotics applications
where comprehensive labeled data are difficult and expensive to obtain. Our study, which
combines scalogram transformation and TL models, aims to achieve high fault classification
accuracy, thus providing a robust and efficient way to use an RV reducer to monitor the
health of industrial robotics.

This paper presents a TL methodology for the HM of RV reducers during variable-
speed operations. The methodology consists of several essential steps: (a) Obtaining
operational data from the experimental apparatus; (b) Converting raw current signals
into scalogram images via CWT; (c) Implementing TL models of EfficientNet, MobileNet,
GoogleNet, and ResNET50v2 on these scalogram images; (d) Determining the health states
of the RV reducers. Initially, current signal data were collected from the RV reducers under
three specific health conditions, healthy, faulty, and faulty aged, which correspond to differ-
ent speed scenarios, as shown in Figure 4. The scalograms in Figure 4, derived using the
CWT, show time-frequency plots with resolution of 224 × 224 pixels. The x-axis represents
time; the y-axis indicates frequency (or scale), and color intensity reflects amplitude, with
warmer colors (e.g., red) indicating higher amplitudes. In Figure 4a, the scalogram for the
healthy condition shows a smooth and consistent frequency distribution, indicating no
faults. In Figure 4b, the faulty condition displays noticeable disturbances in the frequency
distribution caused by a fault in the RV reducer. In Figure 4c, the faulty aged condition
reveals pronounced disturbances and irregularities, signifying advanced degradation.
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Several methodologies have been employed to improve the efficacy of TL in robotic
fault detection. One method entails refining pre-trained models on extensive datasets,
allowing these models to acquire general properties that are applicable to specific tasks
with smaller datasets [45]. Furthermore, TL models gain advantages from employing archi-
tecture like convolutional neural networks (CNNs), which proficiently extract pertinent
elements from operational data [46]. Automated machine learning (Auto-ML) methodolo-
gies have significantly advanced the application of TL by automating critical processes
such as model selection, hyperparameter optimization, and model refinement. Through
Auto-ML, pre-trained models are selected and fine-tuned based on the specific needs of a
given task, reducing the need for expert intervention and ensuring efficient performance in



Machines 2025, 13, 60 10 of 25

complex scenarios. This automation not only streamlines the workflow but also enhances
the accuracy and adaptability of TL models, particularly in fault detection within robotics,
where fluctuating environments and resource constraints are prevalent. The selection of
models such as EfficientNet, MobileNet, ResNet50v2, and GoogleNet as transfer learning
benchmarks reflects a balance between computational efficiency, model complexity, and
proven performance in diverse applications [32,47–50]. EfficientNet achieves state-of-the-
art accuracy with fewer parameters due to compound scaling, while MobileNet excels in
resource-constrained environments with its lightweight design. Previous studies propose
a deep learning-based industrial machine malfunction detection model using acoustic
signals, where a weighted ensemble of EfficientNet-B0, B5, and B7 outperforms individual
classifiers and other ensemble methods on the MIMII dataset [47]. Wang et al. introduce a
lightweight, intelligent fault diagnosis model using multi-sensor data fusion for fault detec-
tion in roll bearings. The ultra-lightweight GoogleNEt model not only fulfills the “small,
light, and fast” requirements for lightweight systems but also achieves high-accuracy fault
diagnosis even in noisy environments [50]. Kumar et al. proposed a TL-based method for
bearing fault detection, using the pre-trained ResNetV2 model to autonomously extract
features. By converting 1D data to 2D, manual feature extraction and selection are elimi-
nated, enabling effective detection of bearing faults such as outer race, inner race, and ball
defects, with performance metrics confirming the approach’s efficacy [51]. ResNet50v2,
with its residual connections, improves gradient flow and enables the training of deeper
networks, making it a robust choice for complex tasks. GoogleNet employs inception
modules for multi-scale feature extraction and reduced computational overhead, making
it efficient yet powerful [52]. Each model’s distinct strengths, including computational
complexity, parameter size, and demonstrated success in case studies, justify their inclusion
as benchmarks.

EfficientNet models are advancements in lightweight transfer learning, utilizing Auto-
ML approaches to optimize model scaling. By adjusting the network’s depth, breadth, and
resolution, they reduce parameters while enhancing performance, overcoming challenges
like fragmentation and memory access issues. This makes EfficientNet models well-suited
for real-time fault detection in robotics. Researchers have successfully deployed TL-based
models to detect defects in robotic systems across diverse operational scenarios. Pre-
trained models allow for quick adaptation to new tasks with minimal data, boosting system
reliability and performance. As the field evolves, TL is poised to play an increasingly vital
role in refining fault detection and enabling more intelligent, efficient robotic systems.

TL models are trained on scalogram images, enabling them to identify and respond to
the unique features associated with each health state. This approach optimizes the CNNs
in the architectures of EfficientNet, MobileNet, GoogleNet, and ResNet50v2 to extract
hierarchical features from visual inputs. These architectures differ in design, efficiency,
and suitability for various applications: EfficientNet excels in balancing accuracy and
computational cost through compound scaling, making it ideal for resource-constrained
environments; MobileNet is optimized for lightweight, high-performance models on mo-
bile and edge devices; GoogleNet incorporates inception modules to capture multi-scale
features, offering a balance between depth and computational efficiency; and ResNet50v2,
with its residual connections, mitigates the vanishing gradient problem, allowing for deeper
networks without sacrificing performance [53]. The trained TL model can be used to predict
and determine the different health statuses of the rotary vector reducers, which, in our
study, are limited to healthy, faulty, and faulty aged. The performance of the model is
evaluated by a variety of metrics, including a confusion matrix, which provides insights
into the accuracy, as well as the validity of health state predictions. This section highlights
the attributes of EfficientNet, MobileNet, GoogleNet, and ResNet50v2, emphasizing their
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strengths in enhancing condition health monitoring for robotic RV reducers under diverse
operational conditions.

3.1. Convolutional Neural Network (CNN)

Convolutional Neural Networks (CNNs) are a class of deep learning models specif-
ically designed to process data with grid-like topology, including images. Inspired by
the human visual system, CNNs are widely utilized in image identification applications.
The CNNs process starts by producing feature maps of specified areas of source data
through the convolution of kernels or filters of diverse dimensioning. This convolution
includes determining the dot product between a chosen segment of the source data and a
parameterized weighted matrix enhanced by biases. A standard CNN design comprises
multiple layers that include convolutional, pooling, flattening, dense, and classification
layers [54]. The convolutional layers detect local features from input images, such as edges
or textures, by applying filters. Pooling layers reduce the spatial dimensions of feature
maps, decreasing computational complexity while preserving important information. The
flattening layer converts the 2D feature maps into a 1D vector, enabling the output to be pro-
cessed by subsequent layers. Dense layers then combine the extracted features, allowing the
network to learn complex patterns. Finally, the classification layer produces the output by
assigning probabilities to each possible health state based on the learned features [55]. This
study emphasizes the critical role of the convolutional layer, which performs operations on
scalogram regions to generate feature maps, which aggregate critical characteristics from
the input data and enable the model to identify intricate patterns related to the various
health statuses of the rotary vector reducers. Recent literature substantiates the efficacy
of CNNs in the diverse conditions of monitoring applications, illustrating their ability to
precisely classify and diagnose fault conditions across distinct machines. By optimizing
the strengths of CNNs and TL, this study aims to improve the predictive maintenance
capacities of rotary vector reducers at varying operational speeds [56]:

Xi
m′ = C

(
M

∑
m=1

Wi
mm′ ∗ X(i−1)

m + Bi
m

)
(3)

where W denotes the weight matrix, ∗ the convolution operation, B the filter bias, and C the
activation function. Furthermore, m and m′ represent the indices of the input and output
feature maps, respectively.

3.2. EfficientNet Model

EfficientNet is a family of convolutional neural networks introduced by Tan et al. [57],
designed to achieve a high level of accuracy while being computationally efficient. Effi-
cientNet models scale uniformly across depth, width, and resolution using a compound
scaling method, unlike traditional models that scale one dimension at a time. The scaling
method optimizes each of these three dimensions to achieve a better trade-off between
accuracy and efficiency. EfficientNet has become a prominent model in DL, especially for
image classification applications that utilize the ImageNet dataset [57,58]. The primary aim
of EfficientNet is to create more efficient models with fewer parameters while maintaining
good accuracy. This is achieved by the technique known as compound scaling; this uni-
formly modifies the depth, width, and resolution of the network, resulting in improved
performance while avoiding a proportional increase in processing requirements. The target
network is developed by augmenting the baseline network through a compound scal-
ing method that adjusts various parameters of the model according to specified resource
limitations. Moreover, the architecture uses depth-wise separable convolutions, reducing
processing requirements by a factor of k2, where k is the kernel size. The compound scaling
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approach consistently adjusts the depth (d), width (ω), and resolution (r) of the model by
means of a scaling coefficient ψ. This procedure is directed by constants α, β, and γ, which
are refined by grid search within established resource limitations and guarantee effective
use of computational resources [57]. The scaling equations are expressed as follows:

depth : d = αψ (4)

ω = βψ (5)

r = γψ (6)

α, β, γ ≥ 1 (7)

These equations enable EfficientNet to maximize the balance between model complex-
ity and performance, rendering this method especially appropriate for diverse applications,
such as fault detection in robotic systems. The advantages of EfficientNet allow researchers
to create resilient models that excel, notwithstanding the constrained computational re-
sources, hence increasing their relevance in practical applications. EfficientNet has demon-
strated efficacy as a model to identify flaws in robotic systems, utilizing its sophisticated
architecture and effective scaling techniques. The constants α, β, and γ in the EfficientNet
model govern the allocation of additional resources across the network’s dimensions, while
the coefficient ψ controls the overall scaling of the model. After establishing these parame-
ters, the baseline network is scaled by adjusting the ψ value, resulting in larger models and
allowing EfficientNet to improve its performance.

In this research, the EfficientNet model is utilized for fault detection in robots. How-
ever, the performance of EfficientNet is compared against three other transfer learning
models, MobileNet, GoogleNet, and ResNet50v2, to assess the most effective architecture
for this task. The EfficientNet model architecture, illustrated in Figure 5, emphasizes the
arrangement of mobile inverted bottleneck convolution (MB–Conv) layers, with the output
feature map dimensions indicated at each layer. At first, the layers of the EfficientNet
model undergo pre-training with the ImageNet dataset, facilitating the acquisition of broad
features, prior to fine-tuning for specific applications. Modification of the pre-trained
model for fault detection eliminates the final classification layer and incorporates three new
layers: a global average pooling (GAP) layer, a dense layer, and one additional dense layer
for classification. The GAP layer condenses each feature map of the EfficientNet layers
into a singular value via averaging, thereby effectively summarizing the features. The
three newly added layers are trainable, enabling them to assimilate the distinct attributes
of the vibration data linked to faulty conditions in robots. Simultaneously, to maintain the
acquired features from the pre-training phase, the weights of the preceding layers remain
static throughout training. This methodology allows the EfficientNet model to proficiently
identify defects in robotic systems, even under conditions of restricted data availability.
The TL approach employs pre-trained knowledge to discern small patterns suggestive of
problems by fine-tuning the model on the vibration scalograms of robotic components. The
lightweight design of EfficientNet facilitates its deployment in real-time applications, where
it offers an effective solution for predictive maintenance and defect detection in diverse
robotic systems. The optimized architecture and novel scaling methodologies of Efficient-
Net facilitate its ability to detect flaws in robots, rendering it a formidable instrument to
improve the dependability and efficacy of robotic systems in diverse practical applications.
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3.3. GoogleNet

GoogleNet is a deep CNN architecture that innovatively uses the “Inception module”.
Instead of using a simple stacking of convolutional layers, the Inception module applies
multiple convolution operations with different kernel sizes (e.g., 1 × 1, 3 × 3, 5 × 5) in
parallel, then concatenates the results. This allows the network to capture different levels
of feature abstraction in parallel, leading to improved model performance. GoogleNet
architecture is known for its depth, comprising 22 layers, and its use of global average
pooling instead of fully connected layers to reduce the number of parameters. Convolu-
tional, pooling, and fully connected layers are all integrated into the 22-layer deep CNN
model known as GoogleNet, which, in comparison to LeNet and AlexNet, effectively
lowers computing loads. Additionally, it has fewer features and is lighter than VGG, which
results in quicker model training and fewer recognition failures. A significant advance
in GoogleNet is its use of “inception modules”, which are intended to capture features at
many scales while lowering the number of parameters. The main goal of the inception
module is to expand the breadth and depth of the network without appreciably raising
its computing cost. It includes a 3 × 3 pooling operation and four parallel convolutional
layers with varying kernel sizes of 1 × 1, 3 × 3, and 5 × 5. The outputs of these layers are
concatenated. The inception module collects characteristics at multiple scales by employing
different kernel sizes in parallel; meanwhile, pooling techniques lower the dimensionality
of the output, as illustrated in Figure 6. These modules perform local feature extraction and
multi-scale convolutions. The combination of the outputs of many convolutional layers and
aggregation of the visual input at different sizes enables the fusion of features across scales.
To make feature extraction at various sizes easier, dimensionality reduction is used on
larger matrices. Because of their high number of parameters, added processing complexity,
and overfitting risk, GoogleNet avoids the three fully linked layer design used by networks
like VGG, LeNet, and AlexNet. Instead, the addition of average pooling and dropout units
immediately after the inception modules lessens overfitting and decreases dimensionality.
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3.4. MobileNet

MobileNet is a family of CNN architectures optimized for mobile and embedded
vision applications. MobileNet is designed to run efficiently on devices with limited
computational power, such as smartphones. The key innovation in MobileNet is the use of
depth-wise separable convolutions, which split the convolution operation into two steps: a
depth-wise convolution, which applies a single filter to each input channel, and a pointwise
convolution, which combines the output channels. This reduces the computational cost
compared to traditional convolutions. MobileNet also introduces a width multiplier and
a resolution multiplier, which allows the user to trade off accuracy for computational
efficiency, making it highly customizable for real-time applications [59]. MobileNet is a
series of deep transfer learning (DTL) models, which have been developed for efficient use
on mobile and embedded devices and are characterized by low computational and memory
needs. Their architecture employs depth-wise separable convolutions (DSCs) to decrease
computational demands and lower the parameter count to that needed for classification
and image recognition applications. A conventional convolution in Depth-wise Separable
Convolution (DSC) is divided into two phases: a depth-wise convolution independently
filters each input channel, while a pointwise convolution integrates these filtered outputs
through 1 × 1 convolutions. This decomposition reduces both the parameter count and
computational cost and hence enhances the efficiency of the network.

Furthermore, MobileNet improves computational efficiency by utilizing bottleneck
layers that condense input feature maps prior to their processing through convolutional
layers, as shown in Figure 7. The MobileNet family of MobileNet, MobileNetV2, and
MobileNetV3 features enhanced architectural innovations, including inverted residual
blocks and linear bottlenecks. These innovations improve performance across diverse
applications while maintaining minimal computing demands.
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3.5. ResNET50v2

ResNET50v2 is a modified iteration of the ResNet-50 model aimed at enhancing train-
ing stability and convergence through the optimization of residual block architecture. This
architecture has 50 layers, and by adopting a pre-activation design, it improves the original
ResNet framework by performing batch normalization and ReLU activation prior to each
convolution operation. This enhancement optimizes gradient flow, so it is more efficient at
addressing the vanishing gradient problem. The model employs bottleneck layers within
its residual blocks to reduce the number of parameters and computational complexity,
hence preserving efficiency without sacrificing performance. The design consists of two
main block types: Residual Block and Identity Block. The Residual Block, referred to as
Block-1, is utilized when there is a mismatch between input and output dimensions, and it
is composed of three convolutional layers, 1 × 1, 3 × 3, and 1 × 1, which are accompanied
by a projection shortcut link that synchronizes the input to the output dimensions. This
enables the model to obtain residual mappings while resolving dimensional differences. In
contrast, the Identity Block, or Block-2, is employed when the input and output dimensions
are congruent. This block exhibits a similar design of three convolutional layers, employing
a simple identity shortcut that immediately adds the input to the output without requiring
dimensional alterations. The blocks are arranged in layers with progressively larger filter
sizes, allowing ResNET50v2 to effectively extract hierarchical features, rendering it ideal
for image classification and object recognition tasks [60]. The ResNET50v2 model does
not require a large amount of data. Figure 8 illustrates the whole network architecture
for RN50V2:
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3.6. Performance Metrics

Various performance criteria of the accuracy, confusion matrices, precision, recall, and
F1-score were used to assess the efficiency of the TL models for fault detection. Accuracy
measures the proportion of correct predictions in the dataset. Precision indicates the
proportion of true positives among all predicted positives, while recall measures the
proportion of actual positives correctly identified by the model. The F1-score is the harmonic
mean of precision and recall, providing a balanced measure when both are in tension,
especially in imbalanced datasets. Values for accuracy, precision, recall, and F1-score range
from 0 to 1, where 0 represents the worst performance and 1 represents perfect performance.
A value of 1 for accuracy means all predictions are correct, for precision, it indicates no false
positives, and for recall, it means all actual positives are identified. The F1-score of 1 reflects
a perfect balance between precision and recall. Higher values generally indicate better
model performance, with 1 being the ideal [61]. These metrics offer a thorough evaluation of
the capacity of the model to discern health conditions in robotic systems. The mathematical
formulae to calculate these metrics, utilizing true positive (TP), true negative (TN), false
positive (FP), and false negative (FN) predictions, are shown in Equations (6)–(9) [62]:

Accuracy =
Tp + Tn

Tp + Tn + Fn + Fp
(8)

Precision =
Tp

Tp + Fp
(9)

Recall =
TP

Tp + Fn
(10)

F1-score =
2Tp

2Tp + Fn + Fp
(11)

True Positive (TP) denotes the accurate identification of a healthy state, while True
Negative (TN) denotes the accurate identification of an unhealthy (faulty or aged faulty)
state. False Positive (FP) denotes the erroneous detection of a healthy condition that is
unhealthy, while False Negative (FN) denotes the erroneous detection of an unhealthy
condition that is in reality healthy. The confusion matrix offers a depiction of true and
expected outputs, facilitating the assessment of the dependability and efficacy of the models
in accurately identifying defects in industrial robots.
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4. Results
The TL models of MobileNet, ResNET50v2, GoogleNet, and EfficientNet were imple-

mented on the data. The dataset of scalogram images was trained for 100 epochs with the
Adam optimizer at a learning rate of 1 × 10−3. To introduce non-linearity in the models,
ReLU activation was used in all dense layers except the last dense layer (classification later),
which used SoftMax activation. Moreover, the multi-class problem resulted in the cate-
gorical cross-entropy loss function being utilized during model compilation. The dataset
was split into three subsets: training (60%), validation (20%), and testing (20%). Each
subset maintained an equal distribution across the three classes: faulty aged (FA), faulty
(F), and healthy (H). The dataset was split to maintain class balance in all subsets, ensuring
robust model evaluation. Cross-validation was not conducted in this study; instead, the
test dataset was selected to represent diverse operating conditions of the RV reducer robot,
capturing the typical variations in data. The validation dataset was used to fine-tune the
model during training, while the test dataset served as an independent set to evaluate the
model’s generalization performance.

Figure 9 includes the training and validation accuracy curves over 100 epochs for each
of the following transfer learning models: (a) MobileNet; (b) ResNet50v2; (c) GoogleNet;
(d) EfficientNet. These curves provide insights into the model’s performance during
training, highlighting how well each model generalizes to validation data. From the
accuracy curves, it is evident that the MobileNet model exhibits signs of overfitting, as the
training accuracy curve rises higher than the validation accuracy curve, especially in the
later epochs. In comparison, the ResNet50v2 and GoogleNet models display less overfitting
than MobileNet, with their training and validation accuracy curves being more closely
aligned. However, both ResNet50v2 and GoogleNet exhibit noticeable fluctuations in
accuracy, indicating some instability during the training process. EfficientNet, on the other
hand, shows the least overfitting among all models, with consistently smooth and closely
aligned training and validation accuracy curves, indicating robust generalization and stable
learning. This performance underscores EfficientNet’s superior ability to handle the dataset
effectively, achieving high accuracy in predictions while maintaining balanced metrics. For
testing accuracy, MobileNet achieves 88.33%, indicating overfitting despite its high training
accuracy. ResNet50v2 and GoogleNet perform better, with testing accuracies of 91.67% and
95.00%, respectively, showing stronger generalization. EfficientNet outperforms all models,
achieving the highest testing accuracy of 98.33%, particularly after fine-tuning. As a result,
EfficientNet emerges as the best-performing model in this study, demonstrating exceptional
accuracy, precision, recall, and F1-score, making it an ideal choice for fault diagnosis in
robotic RV reducers. The performance confirms its ability to manage the dataset with
minimal classification errors, yielding results that are superior to the other models.

Figure 10 compares the training accuracy, validation accuracy, and testing accuracy
of the implemented MobileNet, ResNET50v2, GoogleNet, and EfficientNet models for the
fault diagnosis of the robotic RV reducer. Although MobileNet provides 100.00% training
accuracy, its validation and testing accuracy are (92.98 and 88.33)%, respectively, showing
overfitting results. However, it shows learning ability regarding training data, which
indicates the struggle to generalize the new data. ResNET50v2 at 98.83% shows lower
accuracy compared to MobileNet, with validation and test accuracy of (94.74 and 91.67)%,
respectively, indicating strong generalization without overfitting or underfitting. However,
GoogleNet achieves similar results of training and validation accuracy to ResNET50v2,
which are (98.83 and 94.74)%, respectively, but higher test accuracy at 95.00%, showing
high performance. The ablation study in Table 2 highlights the impact of fine-tuning on the
performance of EfficientNet. Without fine-tuning, the model achieves an accuracy of 93.33%,
with precision, recall, and F1-score values around 93%. However, after applying fine-tuning,



Machines 2025, 13, 60 18 of 25

the model significantly improves, reaching an accuracy of 98.33%, with corresponding
increases in precision, recall, and F1-score, demonstrating the substantial contribution of
fine-tuning to overall system performance.
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Table 2. Ablation study for proposed EfficientNet model.

Model Accuracy Precision Recall F1-Score

EfficientNet without trainable layer 93.33% 93.60% 93.33% 93.32%

EfficientNet with trainable layer 98.33% 98.41% 98.33% 98.33%

EfficientNet Model shows 100.00% training accuracy and (98.25 and 98.33)% validation
and test accuracy, respectively; these results are higher than those of the previous models.
Due to its optimized structure, which is designed for good efficiency, the EfficientNet model
maintains high accuracy, matching or slightly surpassing the other models. Therefore, the
EfficientNet model is the best choice for these kinds of data in that they can reliably perform
better on seen and unseen data and do so when computational efficiency is a priority. In
scenarios where generalization and resource utilization are equally critical, EfficientNet
emerges as a highly proficient and efficient choice.

The results highlight the performance of the four TL models MobileNet, ResNET50v2,
GoogleNet, and EfficientNet for the CM of RV reducers in industrial robots. EfficientNet
emerges as the most robust model, achieving the highest test accuracy of 98.33%, with an
outstanding F1-score of 98.33%. The high precision, recall, and F1-scores of this model
across all classes indicate a reliable classification of Healthy, Faulty, and Faulty Aged
reducers. However, the slightly higher evaluation and prediction times of (2.32 and 7) s,
respectively, suggest a trade-off between computational cost and superior fault-detection
capabilities. GoogleNet, while faster in evaluation (0.63 s) and prediction (3 s), achieved a
slightly lower accuracy of 95.00%. Its F1-score of 94.96% indicates consistent performance,
though class-specific recall for Class 0 (healthy reducers) was slightly reduced (90.00%). For
GoogleNet, the training time is approximately 70 min for 100 epochs, with a testing time of
0.63 s. ResNet50v2 has a training time of around 60 min (estimated based on step times),
with a testing time of 0.87 s. MobileNet requires about 6 min for training and 0.63 s for
testing. In contrast, EfficientNet, while achieving the highest accuracy, requires a significant
computational overhead, with a training time of approximately 30 min and a testing time of
2.32 s. Although EfficientNet demonstrates the highest accuracy, its relatively long testing
time presents potential challenges for real-time industrial applications. Therefore, a trade-
off analysis is essential to balance accuracy and computational efficiency when selecting
the most suitable model for practical use in industrial settings. This reveals a potential
limitation in differentiating certain health states under varying conditions of operation.

Figure 11 shows the confusion matrices that visualize the fault diagnosis performance
of the four deep transfer learning models of MobileNet, ResNET50v2, GoogleNet, and
EfficientNet on robotic RV reducers across the three operational states of healthy (H), faulty
(F), and faulty aged (FA), with 96 images analyzed per category. True labels are the actual
ground truth classes from the dataset, while predicted labels are the classes assigned by
the model. EfficientNet demonstrates the highest accuracy, correctly classifying (95.00,
100.00, and 100.00)% of faulty, faulty aged, and healthy samples, respectively, with only a
small misclassification of 5.00% where faulty samples were labeled as healthy. Similarly,
GoogleNet achieves good performance, correctly identifying (90.00, 100.00, and 95.00)%
of faulty, faulty aged, and healthy samples, respectively, but shows minor errors with
5.00% of faulty samples classified as faulty aged and 5.00% of healthy misclassified as
faulty. In comparison, MobileNet exhibits more noticeable misclassifications. While it
achieves 95.00% accuracy for Faulty samples, it struggles with faulty aged and healthy
states, correctly identifying only 85.00% of samples in both categories. Misclassifications
include 15.00% of faulty aged samples classified as faulty and 10.00% of healthy samples
misclassified as faulty. The performance of ResNET50v2 is comparable to MobileNet,
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achieving (95.00, 85.00, and 85.00)% accuracy for faulty, faulty aged, and healthy samples,
respectively, with similar patterns of misclassification. The higher misclassification rate for
the faulty aged state is due to the overlapping features with the faulty condition, making
it difficult for the models to distinguish between them. The limited training data for the
“faulty aged” class also contributes to this misclassification. This combination results in
reduced accuracy for the FA state. EfficientNet emerges as the most reliable model to
diagnose faults in robotics RV reducers, followed by GoogleNet, while the differentiation of
faulty aged states from healthy states is more challenging for MobileNet and ResNET50v2.
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To better understand the implemented models, other evaluation metrics were studied.
Table 3 shows the precision, recall, and F1-score of the various TL models used in this
study. For precision, which is the correctness of the true prediction, the EfficientNet model
correctly predicted with the highest precision value of 98.41%, while MobileNet attained
an accuracy of 88.33%, representing the lowest performance among the four models eval-
uated. The precision, recall, and F1-score exhibited slight increases yet correspond to a
comparatively lower accuracy. These results suggest that although MobileNet demonstrates
satisfactory performance, it is outperformed by the other models in attaining a balanced
trade-off between precision and recall, yielding an F1-score of 88.44%. ResNET50v2 shows
enhanced performance, achieving an accuracy of 91.67%, as well as superior precision,
recall, and F1-score, in comparison to MobileNet. This indicates that ResNET50v2 demon-
strates greater reliability in data classification and maintains an effective balance between
false positives and false negatives. The F1-score of 91.53% indicates consistent and com-
prehensive performance across essential metrics. GoogleNet also demonstrates enhanced
performance, attaining an accuracy of 95.00%, along with comparable precision, recall,
and F1-scores, all of approximately 95.00%. GoogleNet demonstrates high performance in
both precisions by minimizing false positives and recall and by minimizing false negatives,
thereby proving to be effective for classification tasks. EfficientNet achieves superior perfor-
mance compared to the other models, attaining an accuracy of 98.33%, with precision, recall,
and F1-scores also of 98.33%. The computational overhead of each model varies based on
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its design and intended use. MobileNet is lightweight with minimal overhead, making
it ideal for resource-constrained environments. ResNet50v2 offers a balanced trade-off
between performance and efficiency. GoogleNet has a moderate computational load, which
is suitable for tasks requiring higher complexity. ResNet101 is more computationally heavy,
offering high accuracy at the cost of significant training time. InceptionV3 is demanding
and optimized for accuracy but requires considerable resources. VGG16 is expensive, both
in terms of parameter size and training time, which makes it resource intensive. Lastly,
EfficientNet is optimal, offering top-notch accuracy with low computational overhead,
striking the best balance between performance and efficiency.

Table 3. Comparison of accuracy, precision, recall, and F1-score for numerous TL models for robotic
RV reduce fault detection.

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) Parameter
Size (MB)

Training
Time (s)

MobileNet 88.33 89.35 88.33 88.44 ~12.35 99.5

ResNET50v2 91.67 93.33 91.53 91.53 ~87.2 69

GoogleNet 95 94.99 95 94.96 ~95.2 211.89

ResNEt101 96.67 96.97 96.67 96.66 ~175 1458.52

InceptionV3 90.00 90.24 90.00 89.97 ~95.2 229.27

VGG16 91.67 93.33 91.67 91.53 ~60 911.67

EfficientNet 98.33 98.41 98.33 98.33 ~23 451

5. Conclusions
In this study, a TL-based fault diagnosis approach for RV reducers was developed and

validated with the use of experimental data collected under varying operational conditions.
The technology utilized CWT to transform current signal data into time–frequency scalo-
gram images, hence improving feature representation for classification tasks. EfficientNet
demonstrates superior performance with an accuracy and F1-score of 98.33% each, out-
performing GoogleNet by 3.33% in accuracy and 3.37% in F1-score. Similarly, it surpasses
ResNet50v2 by 6.66% in accuracy and 6.8% in F1-score and MobileNet by a significant
margin of 10% in accuracy and 9.89% in F1-score, clearly establishing its advantages in
fault diagnosis for robotic RV reducers. The findings indicated that EfficientNet attained
superior classification performance, demonstrating few misclassifications across all health
statuses. GoogleNet exhibited commendable performance; however, it showed marginally
elevated misclassification rates relative to EfficientNet, particularly for the faulty aged
condition. Conversely, despite their computational efficiency, MobileNet and ResNET50v2
demonstrated elevated misclassification rates, especially between the faulty aged and
healthy categories, highlighting their inadequacies in differentiating nuanced variations in
degrees of deterioration.

The use of TL models such as MobileNet underscores the compromise between compu-
tational efficiency and classification precision. While MobileNet offers significant benefits in
terms of speed and resource consumption, its lower performance (88.33% accuracy, 88.44%
F1-score) in distinguishing fault types calls for further exploration of trade-offs in industrial
settings. The exceptional performance of EfficientNet arises from its compound scalability
and efficient architecture, which utilizes depth-wise separable convolutions and bottleneck
layers to enhance feature extraction. EfficientNet’s optimized architecture ensures high clas-
sification accuracy with minimal computational and memory requirements, making it ideal
for deployment on resource-constrained industrial hardware. Moreover, its robustness
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across varying operational speeds demonstrates its adaptability to real-world industrial
environments. Moreover, the resilience of EfficientNet guarantees stable performance
with negligible reduction in accuracy across training, validation, and test datasets, which
illustrates its generalization ability. The suggested system is adept at tackling the obstacles
presented by limited data and variable speed operations and demonstrates the efficacy of
the models in fault diagnosis applications. The streamlined architecture of the assessed
models reduces computing expenses, rendering them appropriate for implementation in
industrial environments that have limited resources. However, the limitations observed in
MobileNet and ResNET50v2 suggest their need for further optimization, or the integration
of ensemble learning techniques, to improve their fault diagnosis capabilities.

Future work could focus on extending the framework to include additional fault types,
a broader range of operational conditions, and real-world scenarios to enhance model
robustness. Moreover, integrating domain adaptation techniques, ensemble methods,
and real-time implementation in industrial robots would further ascertain the practical
usefulness of this work. However, TL methods face limitations due to their reliance on
pre-trained models trained on datasets like ImageNet, which may not align with the
characteristics of industrial datasets. This mismatch can affect generalization performance
under varying operational conditions. To address this, future work could explore domain
adaptation techniques and hybrid approaches, combining TL with unsupervised learning
to enhance robustness and adaptability to diverse datasets. Additionally, the creation
of public databases for RV reducer fault diagnosis could facilitate broader applicability
while improving model validation. In future research, expanding the current framework to
include more fault types, varying operational conditions, and real-world scenarios should
ensure its robustness and adaptability for diverse industrial applications.
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