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ABSTRACT: The gantry crane system is a crucial equipment for loading and unloading containers at the shore site.
The existing trend of crane technology is in the transition from in-site operators to remote operators outside the cargo
handling site, which will comply with all safety regulations, including conditional crane monitoring. However, remote
control introduces certain drawbacks in machine maintenance, as no on-site operators can provide real-time feedback
on abnormalities. Therefore, this study proposes a failure detection system that uses vibratory sensors installed on
machines to monitor and provide early warnings for various failures. For faulty event identification, the Fast Fourier
Transform is carried out for the raw vibratory signals, and several frequency bands are classified by using t-SNE to
evaluate the significance among clusters. The adjustment of hyperparameters of the t-SNE will alter the quality of the
classification of different events, and this process is conventionally operated in accordance with users’ experience. In this
study, we propose a novel rating approach to automatically tune the hyperparameters of t-SNE to evaluate the separation
and cluster compactness of the t-SNE results. Then, the results of clusters served as input features for training the
faulty event detection model, and the detection model shows more than 95% accuracy in identifying different abnormal
conditions of the main hosting motor.
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1 Introduction
In response to the rising demand for international trade, container terminals in various regions have

also established newly built remote operator container yards [1]. This remote control container system is also
known as an automated container system. As shown in Fig. 1, these shipyards do not station personnel next
to the equipment to minimize potential hazards and allow the crank system to run at peak efficiency [2].
However, this makes remote monitoring of the component crucial to the crank system because the absence
of an on-site operator cannot hear and feel the noises and vibrations in the control room as before.

Machine Health Index. With the continuous advancement of manufacturing technology, the complex-
ity of modern systems has increased to follow the ever-rising demand for production efficiency, operational
stability, and personnel safety. Predicting the remaining lifespan of a machine is then essential in intelligent
diagnosis as it would help improve production efficiency and reduce maintenance costs [3]. Predictive
Health Management (PHM) is increasingly important within the machinery field. It is typically used to
monitor rotating parts such as bearings or gears. The PHM aims to change the traditional “failure before
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repair” strategy. The PHM insists on creating a “prediction for prevention” strategy. The difference between
diagnostics and prognostics is when the action takes place. Diagnostics is the process of identifying the root
cause of a problem after it has occurred. It is a passive maintenance method of waiting for the damage to
happen. Prognostics is a proactive maintenance method that evaluates the current health of the machine and
predicts where failures are likely to occur [4]. Artificial neural networks are used on collected sensor data to
extract characteristic features and classify the machine’s state [5].

(a) (b)

Figure 1: (a) Remote controlled bridge crane; (b) Remote operator

Non-Stationary Signal. The vibration signal observed from the main crane motor in this study is
classified as a non-stationary signal. While operating the machine, the frequency recorded from the motor
continuously changes during the loading and unloading of containers. According to the literature, condition
monitoring of rotating machinery under variable speed conditions is a challenging task. As such, this topic
is a very active research area. Specifically, the unique non-stationary signals coming from the vibrations
generated by these machines [6]. This complex non-stationary signal can then be decomposed into multiple
stationary signals based on the local characteristic time scale of the signal [7]. The sensor tools monitor
its status and present the results in time and frequency domains [8]. Frequency domain methods in the
literature provide a way to detect faults. The Fast Fourier Transform (FFT) is a commonly used technique
that can convert the signal from the time domain to the frequency domain to generate a spectral signal
analysis. The FFT is based on the assumption of signal periodicity. This would, by definition, not be suitable
for non-stationary signals. Time-frequency analysis of non-stationary signals is a better approach [9].

Fault Detection. Recently, many industrial machines have had bearing damage from operating variable
frequency motors and motor failure caused by bearing currents [10]. Motor abnormalities can occur in
different ways, such as electrical or mechanical failure, rotor failure, stator failure, bearing failure, eccentricity
failure, etc. Various signal processing methods are utilized to obtain different fault characteristics, which
must be done without disassembly to reduce maintenance costs and time [11]. Machine learning for feature
extraction has achieved considerable results. The features studied by the neural network are based on the
pre-processed vibration signal. The feature average and root mean square (RMS) values are key features. The
model is trained to look for these features to predict failure and prevent damage [12]. The sensor used to
measure vibrational movement, called an accelerometer, converts the mechanical movement experienced
into an electronic signal. The exact type or model of sensor used depends on the specifications needed, such
as frequency range, sensitivity, and operating limitations. No matter which type of accelerometer is used,
attaching it closer to the source will yield a higher accuracy and sensitivity. Tahmasbi et al. measured large
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motors during acceleration and coast-down processes, and employed frequency trend analysis to identify the
causes of motor faults [13]. To ensure the status of the sensing node of the wireless sensor network, Duche
and Sarwade proposed a failure detection approach for the fault-tolerant [14]. For their proposed Round Trip
Delay (RTD) method, several sensor network topologies can be selected to evaluate the faulty sensor on a
minimal energy basis.

Machine Learning. As pointed out in [5], large data sets are generally complex and difficult to interpret
clearly. It is necessary to employ additional methods to enhance the accuracy of further analyzing the large
data set [5,15]. This study focuses on the feasibility of using the primary motor dataset in machine learning,
where fault classification involves many complex characteristics that affect the accuracy of classification
recognition [16]. Vibration analysis is widely used for fault detection and diagnosis in measuring mechanical
and machine tool rotation. Machine learning methods for detecting tool fault features include Principal
Component Analysis (PCA) for data dimensionality reduction and Support Vector Machines (SVM) for
feature classification [17]. Recently, many scholars have proposed methods to classify features in data for
motor fault analysis and diagnostics to clarify feature identification. Kumar and Abdulkareem et al. use
the NN model and the feature extraction method to identify different motor failures (e.g., ball bearing
fault, load imbalance, and so on) [18,19]. Gao et al. first proposed a Multi-source Domain Information
Fusion Network (MDIFN), which leverages adversarial transfer learning along with various other methods to
improve fault diagnosis accuracy under different operating conditions of the rotation machine. Subsequently,
they developed a Domain Feature Disentanglement Network (DFDN), enabling the model to handle unseen
working conditions through fault feature separation and related techniques, even without target-domain
samples [20,21]. From these methods, the use of t-SNE has been selected for this purpose [22]. The approach
of this method is data fusion to reduce dimensionality and display a 2-dimensional representation of the
data. The results are then compared to the actual data set for verification [23]. When mechanisms or motors
experience faults or abnormalities, accelerometers can trigger signal acquisition, usually collected from signal
analysis throughout the operation. The t-SNE can deal with high-dimensional data by superiorly visualizing
it. For fault characteristics, t-SNE demonstrates the best dimensionality reduction and clustering effect [24].

The reviewed research works delight us with the great insight into the techniques of diagnosing
machines. However, little research has been done on the faulty detection of the operational main hoisting
motor in the gantry crane system. Thus, this study focuses on Kaohsiung Port, which operated its new fully
automated shipping terminal in 2023. This new terminal utilizes both unmanned equipment and remote-
controlled equipment. Inside the new terminal are a total of five 18-m deep ship docks. Each ship dock
has independent remote-controlled Bridge Gantry cranes (GC), Automated Rail-Mounted Gantry cranes
(ARMG), and Container Stackers. This study aims to establish one such system to monitor and analyze
the vibratory signals of the system and determine the location of faults or damages. The goal is to help
maintenance personnel determine the issue faster and precisely, and based on our work, can monitor
remotely in the near future.

2 Experimental Setup and Signal Pre-Processing
Fig. 2 shows the flowchart of this research. In the beginning, we installed an acceleration meter to

measure the vibration of the crane’s operation. Second, we used signal processing to convert the time-domain
vibration data to frequency-domain data, and the band calculation was also used for subsequent feature-
band selection. The above two sections will be explained in Section 2. Third, we used the t-SNE and t-SNE
result rating methods to verify that the selected band could identify different machines’ normal or abnormal
conditions, as explained in Section 3. Finally, an NN model was trained with the feasible band chosen to
classify the different machine operation conditions, shown in Section 4.



5258 Comput Mater Contin. 2025;84(3)

Time to Frequency 
Band Calculation

Frequency Band 
Select for Identify 

Machine Normal state 
and different 

Abnormal Conditions

t-SNE Analysis and t-
SNE result rating

Identify different 
machine state

NO

NN Model Training 
with selected band as 

model feature

END

START

YES

Machine Vibration 
Data Collection

Figure 2: The flowchart of this research

As shown in Fig. 3, the schematic shows the power module of the crank system, and the layout includes
the AC inverter motor, the reduction gearbox, the wire rope drum, and the measurement locations. Fig. 4a
denotes the specifications of the sensors and data acquisition module (DAQ with AD7606 chip), and Fig. 4b
indicates their locations on the motor housing. The MEMS-type accelerometer (ADXL 1005 chip) and the
peripheral circuit are connected to a dual-channel DAQ before connecting to the on-site laptop.

Figure 3: Power module of the crank system

Figure 4: Vibratory signal measuring experiment setup; (a) Specifications of accelerometer and data acquisition
module; (b) Installation of accelerometer and data acquisition module
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Preliminary analysis of abnormal events is focused on the continuous operation of the main hoist motor
and each complete movement of the gantry crane and claw for lifting and lowering motion. The lifting
motion of the container stops when it reaches the upper limit. The trolley then moves toward the desired
position overhead of the desired location on the ground or vessel. Next, the crane claw descends until the
container reaches the target, as shown in Fig. 5. The accelerometers record all the variations of vibratory
signals throughout the process. To compromise the bandwidth of ADXL 1005, the sampling rate of our ADC
is tuned down to 12 Ks/s, which means 12,000 samples per second. Fig. 6 presents the time signals for more
than 55 s for one complete normal and abnormal status movement. Thus, the bottom of Fig. 6 depicts the
spectrogram for the frequency variations with time. From observation, operation under normal conditions
presents clear frequency peaks, even with the non-stationary signals. However, the spectrogram spreads at
high amplitudes in a wide frequency band in the event of an abnormal operation. The task for the next step
is to determine how we can retrieve the features of the operational conditions.

Figure 5: One complete movement of the gantry crank system includes lifting, horizontal moving, and lowering

Figure 6: The signals of one complete movement of the gantry crank system; (a) Normal state; (b) Abnormal state

We propose the selection of critical frequency bands to reduce the size dimension of signals with
time and frequency parameters. From the preliminary analysis, the excited bandwidth spreads between
low frequency 3 kHz, and we, therefore, divide the results of Fast Fourier Transform (FFT) to 100 Hz per
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unit bandwidth from 1 to 3 kHz. Thus, we have a total of 30 sets of average (AVG) amplitude for each set
without overlapping.

For further interpretation, the vibratory amplitudes are measured during the action of the main crane
motor. Each bar denotes one band for 100 Hz in size, and the magnitude is the average result of all
amplitudes corresponding to frequencies in this bandwidth. Fig. 7 depicts the motor normal and abnormal
AVG amplitudes and the 30 sets of the frequency band range from 1 to 3000 Hz. The differences are well
distinguishable, and the same conclusions can also be observed in the case of motor cooling fan normal and
abnormal in Fig. 8. We can see the difference between a normal fan and an abnormal one, which is not as
significant as that of the motor. That’s because the motor might be a little damaged when we acquired the
fan data. Hence, if we see the figure of the motor as abnormal and the fan as normal, we can observe that
they share similar features. For easier judgment in subsequent analyses, we will use motor normal data as
the normal sample, as everything was fully repaired during the motor normal data measurement.

Figure 7: Comparison of frequency bands for motor normal and abnormal

Figure 8: Comparison of frequency bands for fan normal and abnormal

For convenience sake, the results in Figs. 7 and 8 are computed in ratio, in which the abnormal AVG
amplitude (including fan abnormal, fan normal, and motor abnormal) is divided by the normal AVG
amplitude (motor normal) for each bandwidth. Fig. 9 shows the ratios of these three conditions, between
1 and 3000 Hz. We can see the ratios then considerably change between 900 and 2200 Hz. For instance,
the ratios of 1100~1200, 1500, and 1800~2200 Hz bands both increase by over 5 times or even more. The
significant variances of the vibration amplitudes can indicate the feature of the abnormal state. In this phase,
we will first select the aforementioned bands as the base for the subsequent failure detection model. Although
we have already selected some features, depending on the performance of the detection model or subsequent
analysis, we may come back and retrieve additional bands or discard some as input features.
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the band we select 

Figure 9: The ratio between the band of motor normal and 3 different abnormal conditions

In this section, we have concluded that selecting critical frequency bands can help observe the working
states of motor motion. Although the information can alert the maintenance engineers at the remote site,
more details of the failure components are still unrevealed within the massive crank system. In the next
section, more acquired signals for specific failure events are classified based on our methodology.

3 Feature Visualization and Extraction with t-SNE Algorithm
In this section, we retrieved the maintenance log for analysis to further explore the specific abnormal

components. We have aligned the time frame of vibratory signals with events, including fan abnormal
(fan ABNL), fan repaired (fan NL), motor abnormal (motor ABNL), and normal states (NL). All ratios of
the frequency bands are computed and depicted in Fig. 10. The denominators of the ratios are the AVG
amplitudes of the motor in normal condition, and the numerators are the AVG amplitudes of the different
conditions. The horizontal axis is the frequency band, and the vertical axis is the ratio of abnormal to normal
AVG amplitudes for each band. The actual conditions for events were more complicated than we had thought,
but it was a real situation in the field. In the top plot of Fig. 10, a technician detected the abnormal fan,
but the bearing of the motor failure was not observed. Thus, the second plot of Fig. 10 shows insignificance
with the top plot, between 1200 and 2000 Hz, even though the technician repaired the fan. The bottom
plot of Fig. 10 presents the motor’s abnormal condition versus the normal state. To conclude the findings
of the frequency band, the frequency band reveals more information for individual abnormal components,
but it is unstructured. Therefore, we need a classification tool to identify and extract specific features from
unstructured data. Here, we propose a method using t-Distributed Stochastic Neighbor Embedding (t-SNE)
and a novel t-SNE rating method to search the feature automatically. The details will be elaborated upon in
a later section.
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Figure 10: Comparison of the three states of the fan and motor to the normal condition of the whole crank system

3.1 The Concept of t-SNE
The t-SNE, t-Distributed Stochastic Neighbor Embedding, is one of the statistical methods for visu-

alizing high-dimensional data in lower-dimensional spaces. The high-dimensional data implies complex
datasets, i.e., nonlinearity, like those that most serve as inputs in machine learning. In many applications,
t-SNE is adopted to classify the data with limited information and can provide an efficient index of feature
extraction for the following supervised learning.

Unlike the PCA, Principal Components Analysis, based on Euclid distance that works for linear data,
t-SNE adopts the concept of preserving the similarity of data for dealing with both linear and nonlinear cases.
Matten and Hinton proposed the joint probabilities of pairs of data points in the high-dimensional space
rather than their sole distances [25]. The first step is the Stochastic Neighbor Embedding, which will convert
Euclidean distances between data points in the high-dimensional space into conditional probabilities, p(j∣i),
that represent similarities. For instance, the conditional probability of two data points, xi and xj i ≠ j, is
relatively high if these two data points are nearby and, on the contrary, the value of p(j∣i) is low, referring
to Eq. (1).

p j∣i =
exp (−∥xi − x j∥

2 /2σ 2
i )

∑k≠i exp (−∥xi − xk∥2 /2σ 2
i )

(1)

The standard deviation, σi, is determined based on the density of nearby data points. However, how far
the surrounding points shall be included can be defined by users in the named parameter “perplexity” in
MATLAB or Python. The similarity, p(j∣i), is in proportion to the probability density of Gaussian distribution
centered at xi with zero mean, μ, and σi, denoted in Eq. (2). Since the t-SNE focuses on pairwise similarities,
if there are n data points, for this xi, there are n * 1 numbers of density value mapped on the x-axis of the
specific Gaussian plot for xi.

Y(x; μ, σi) =
1

σ
√

2π
exp(−(x − μ)2

2σ 2
i
) (2)
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Before we continue the t-SNE approach’s computation process, the original SNE’s inevitable issue can
be addressed. The “crowding problem” is interpreted as, although the area of the high-dimensional space is
available to accommodate moderately distant neighbors, the lower-dimensional space cannot preserve the
pairwise similarities in the high-dimensional space, which will cause contradictions between data points.
That is one of the crucial issues for nonlinear dimensionality reduction techniques. The t-SNE replaced the
normal distribution initially utilized in lower-dimensional space with the student’s t-distribution, hereafter
t-distribution, with one degree of freedom to alleviate the issue of the crowding problem. The t-distribution
has heavier tails that allow the data points with moderate distance in the high-dimensional space to
be classified as moderately dissimilar clusters in the lower-dimensional space. By comparing the normal
distribution with the rapidly decaying boundaries, the t-distribution allows a more significant distance
between similar and dissimilar clusters for distinguishing.

Then, the second step is to compute the similar conditional probability for the low-dimensional
counterparts yi and yj of the high-dimensional data points xi and xj, referring to Eq. (3). If the data points
yi and yj model correctly for the similarity between low-dimensional and high-dimensional data points, the
conditional probabilities p(j∣i) and qij shall be equal. The Kullback-Leibler divergence, hereafter KL, is adopted
to measure the faithfulness between p(j∣i) and qij, presented in Eq. (4). The summation of KL over all data
points will be minimized by using gradient descent, denoted in Eq. (5).

qi j =
(1 + ∥yi − y j∥

2)
−1

∑k≠ j (1 + ∥yi − y j∥
2)
−1 (3)

C = ∑
i

KL (Pi ∣∣Qi) = ∑
i
∑

j
pi∣ j log

p j∣i

q j∣i
(4)

δC
δyi
= 4∑

i
(pi∣ j − qi∣ j) (yi − y j) (5)

3.2 The Confusion of Visualization
The topic in this paragraph is deciding which frequency bands shall be included for computing in t-SNE.

Intuitively, we shall pick the most variational band in Fig. 10, for instance, the 12th, 15th, 18th, 19th, 20th, 21st
bands, etc. These bands present high differences when compared to the normal states. However, the adequate
result does not seem straightforward with these six bands. Furthermore, in Fig. 11, 20 bands ranging from 1 to
2000 Hz are clustered for t-SNE computation. The most important features that shall be clearly separated are
fan failure and motor failure, but the results cannot fulfill this target. The explanation may be that the failure
events will excite high vibrations in specific frequency bands corresponding to each event, i.e., fan or motor.
If we can, we shall discard the bands containing excitations of two components. The feature significance
index shall evaluate the quality of the results of t-SNE.
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Figure 11: Results of t-SNE including bands from the 1st to 20th sets

To clarify the proportion of each band under different conditions. We conducted t-SNE analysis for each
band. Due to the t-SNE inputs requiring at least two or more dimensions of data, we used two adjacent bands
for the analysis. In the results, we found that band 1~2 significantly contributes to fan repaired because these
bands allow fan repaired to be well-separated in the t-SNE analysis, shown in Fig. 12. However, no significant
separation between fan failure and motor failure was observed. Therefore, we individually compared the ratio
of the two conditions mentioned above (fan failure divided by motor failure). Fig. 13 is the ratio between
fan failure and motor failure. We see the ratio of increase in band 7th~9th and 28th~30th is significant. This
phenomenon makes us believe these bands are key to separating the two conditions. Therefore, based on the
above content, we revisit and reselect the 1st, 2nd, 7th~9th, 12th, 15th, 18th, and 28th~30th bands to be the
feature for the failure detection model. We also conduct a t-SNE analysis of the bands selected above. The
result is shown in Fig. 14. Although we can see a slight cluster mix in the figure, most of the data is well-
separated, and according to the result of our proposed novel t-SNE rating method, which will be mentioned
in the next section, this is an excellent result. Hence, our failure detection model will be developed and
trained based on these frequency bands.

Lastly, a comprehensive summary of the band selection method is presented. The time-domain signals
are transformed into frequency-domain band signals in the initial stage. These are then compared with
the ratio between three different fault conditions and the normal state. Bands exhibiting consistently large
ratios across all three conditions are selected as the first group of candidate bands. Subsequently, we
further investigated adjacent band pairs. Specifically, we performed t-SNE analysis on pairs of neighboring
bands (e.g., band 1~2), and observed that the combination of band 1~2 provided excellent separation for
two abnormal conditions. Therefore, this band pair was selected as the second group of candidate bands.
Finally, we focused on the two conditions that were difficult to separate and conducted a band ratio
analysis. We found that the ratios between these conditions were significantly large in two specific frequency
ranges. Therefore, these frequency bands were selected as the third and final group of candidate bands. By
consolidating the three aforementioned groups of selected bands, the final feature band set was determined
to include the 1st, 2nd, 7th~9th, 12th, 15th, 18th, and 28th~30th bands. The proposed band selection method
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can effectively extract and classify the characteristic frequency bands of this type of mechanical system. In
the future, this approach may also be applied to other similar mechanical systems to identify relevant bands.

Figure 12: Results of t-SNE including bands 1st and 2nd

Figure 13: Comparing between the fan and motor abnormal conditions

3.3 The Rating Method for t-SNE
After finishing the t-SNE calculation, we must judge whether the result is qualified. The current standard

approach relies on human judgment. This causes some concerns because everyone’s subjective perspectives
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are different. Hence, it’s necessary to propose a novel method to rate the t-SNE result and reduce its effect on
humanity. In this research, we create two target indexes to evaluate the t-SNE result, namely “Overlapping-
ratio” and “Distributed-density”. Overlapping-ratio is used to identify the separation between different
clusters, and distributed-density is used to check the dispersion of clusters. Two indexes provide a “score” to
help us rate the t-SNE result more easily and objectively.

Figure 14: Results of t-SNE including bands 1, 2, 7, 8, 9, 12, 15, 18, 28, 29, 30

3.3.1 Methodology of Calculating the Overlapping-Ratio
Regarding t-SNE calculation, the ideal result is that the different clusters can separate and space a certain

distance apart, but sometimes, clusters inevitably overlap. Hence, an index representing the degree of overlap
among the clusters is necessary. In this research, we refer to this index as “overlapping-ratio”. Although the
t-SNE result has already been simplified for the index calculation, it’s still too complicated to identify the
relationship between clusters. To this end, we propose a method using a mesh-grid to calculate overlapping-
ratio. The first step of the calculation is creating a mesh for a 2-D plane of the t-SNE result. Generally, a
bigger mesh number can make the calculation result closer to the original t-SNE data, but it also costs more
calculation time and creates some statistical errors. Based on our current observations, when the amount of
mesh we create is too big compared to the amount of t-SNE result data sets, the “calculated score” becomes
less accurate. This error becomes even more significant when calculating “bad data rating by humans.” Hence,
regarding the mesh number setting, we suggest choosing a number close to the number of t-SNE result data
sets. For example, in our case, we totally have 17,126 sets of t-SNE result data, and the mesh number we set
is 16,900 (130 × 130), which has a square value close to 17,126. We believe this method is simple to decide the
mesh number without human interference.

The second step of the index calculation is calculating the proportion of different clusters in each grid.
If there is a cluster proportion over 70% in a grid, this grid represents this cluster, and the grid will be labeled
as this cluster. If no cluster in this grid has a proportion greater than 70%, that means the proportion in this
grid is orderless, which also means this grid does not represent any category, then the grid will be labeled
as “orderless”. Regarding threshold setting, we choose 70% because we think the cluster distribution in a
grid follows the normal distribution. If a cluster occupies more than 70% of the entire grid data, the grid
can be considered statistically equivalent to the cluster. After calculating all grid proportions, the next and
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final step is calculating the overlapping-ratio between each cluster and orderless data. In the calculation, we
tally the total number of grids occupied by each cluster and the number of orderless grids among them.
By dividing the latter by the former, we get the overlapping-ratio. We have prepared a Pseudo code to
illustrate this complex calculation process, as shown in Appendix A. In determining whether overlapping-
ratio qualifies, we consider whether the average ratio of all clusters below 20% is qualified or the t-SNE result
is defective. This research uses two t-SNE results, which have already been manually judged, to test the index’s
feasibility. Fig. 15 shows the mesh (step 1) and proportion (step 2) calculation results. We can see that the
number of orderless (black) grids in bad t-SNE results is more than in good t-SNE results. We can also see
that “fan repaired” and “motor repaired” in both bad and good results are separating pretty well; this can be
proved with our index. Table 1 shows the overlapping-ratio of all clusters in 2 different results. The index of
“fan repaired” and “motor repaired” is pretty small, and the index of “fan ABNL” and “motor ABNL” in the
bad result is close to or even over 30, but the index of these 2 clusters in the pleasing result is below 15. This
result proves that the overlapping-ratio can identify the “good” or “bad” t-SNE result, and its judgment can
fit the manual judgment.

Figure 15: Results about mesh and proportion calculation; (a) bad result judged by a human; (b) good result judged by
a human

Table 1: Overlapping-ratio result of bad and good t-SNE results

Cluster Overlapping ratio

Bad t-SNE result Good t-SNE result
Fan ABNL 27.98 11.52

Fan repaired 3.85 2.71
Motor ABNL 33.32 14.60

Motor repaired 0 0

Although the proposed method significantly reduces human intervention in evaluating t-SNE results,
specific manually defined threshold values remain in the computation process. Therefore, a sensitivity
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analysis was conducted on these input parameters to enhance their applicability and reliability in future
implementations. Specifically, the Taguchi method was employed for the sensitivity analysis, using an L9
orthogonal array with three factors (cluster proportion threshold, mesh number, and acceptable overlapping-
ratio), each at three levels. The analysis focused on two types of misclassification: (1) misclassifying
good results as bad, and (2) misclassifying bad results as good. The orthogonal array and corresponding
t-SNE evaluation results are presented in Table 2. Following the sensitivity analysis based on Table 2, the
results shown in Table 3 reveal that the cluster proportion threshold and acceptable overlapping-ratio each
had a 50% sensitivity in identifying good t-SNE results. However, the cluster proportion threshold exhibited
a 100% sensitivity in identifying bad t-SNE results. This finding indicates that extreme values of the cluster
proportion threshold, either too small or too large, can lead to misjudgments. Therefore, the value of the
cluster proportion threshold selected in this study is considered to be appropriate.

Table 2: The L9 orthogonal array used for analyzing the sensitivity of the Overlapping-Ratio parameter and the
corresponding analysis results

No. Cluster proportion
threshold

Mesh
Number

Acceptable
overlapping-ratio

Good
results

Bad results

L1 50 100 10 0 1
L2 50 130 20 0 1
L3 50 160 30 0 1
L4 70 100 20 0 0
L5 70 130 30 0 0
L6 70 160 10 1 0
L7 90 100 30 1 0
L8 90 130 10 1 0
L9 90 160 20 0 0

Note: In columns 5 and 6, 1 is assigned if a good result is misclassified as bad or a bad result is misclassified as good;
otherwise, 0 is assigned.

Table 3: Sensitivity of 3 parameters of the Overlapping-Ratio to 2 different rating results

Factor Good result rating Bad result rating
Cluster proportion threshold 50.0% 100.0%

Mesh number 0% 0%
Acceptable overlapping-ratio 50.0% 0%

3.3.2 Methodology of Calculating the Distributed-Density
Although overlapping-ratio can filter out the cluster-mixed t-SNE result, if the distribution range of

a single cluster is too extensive and too sparse, it is also considered disqualified. Hence, in this research,
we propose an index called “distributed-density”, which represents each cluster’s distribution pattern. The
index calculation here is based on the processed cluster-mesh data in overlapping-ratio calculation, shown
in Fig. 15. First, we mark a 3 × 3 grid centered on the target grid and calculate the number of surrounding
grids with the same cluster as the target grid. Then, divide the number of the same cluster grids by the
number of surrounding grids to get the single grid distributed-density. Finally, the density belonging to each
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cluster is averaged, resulting in the cluster’s distributed-density. We have organized the calculation process
into equations, as shown in Appendix A. For example, Fig. 16 is a 3× 3 example matrix (M). Here, we use M11
as an example. This grid belongs to cluster 1; there is only one grid with the same cluster around M11, and there
are a total of 3 grids around M11. Then, we can calculate M11 density is 1/3 = 33.3%, and there are a total of 4
grids belonging to cluster 1 in the matrix. Their density is [33.3%, 66.7%, 37.5%, 40%]. Hence, the distributed-
density of cluster 1 is 44.38%. Due to our calculation method, the density of the grid, which is located at
the edge of the cluster, might get a low value. Hence, we believe the density over 60% is a qualified t-SNE
result. In our case, we perform distributed-density calculations on the two t-SNE result data in Fig. 15, and
the calculation result is shown in Table 4. We can see that “Motor ABNL” in bad results gets a density smaller
than 60. That’s because this cluster is scattered across 7 locations, shown in Fig. 17: Seven locations of Motor
abnormal conditions. This result proves that our index can identify the cluster’s distribution and rate for it.
Although this index seems less critical than overlapping-ratio, we believe that when there is no overlapping
in t-SNE results but the same cluster appears in multiple locations, this index can identify such bad t-SNE
results. Reduce the possibility of identifying t-SNE results perceived as bad by humans as good outcomes.

Figure 16: Example matrix (M) with 3 × 3 and including 4 clusters (1 to 4)

Table 4: Results of distributed-density of worse and good t-SNE results

Cluster Distributed-density

Worse t-SNE result (%) Good t-SNE result (%)
Fan ABNL 60.16 70.1

Fan repaired 76.32 67.34
Motor ABNL 52.01 65.28

Motor repaired 62.96 69.08

Finally, a sensitivity analysis is performed on the calculation parameters of distributed-density, which
is similar to overlapping-ratio. The Taguchi method with an L9 orthogonal array comprising three factors
(cluster proportion threshold, mesh number, and qualified distributed-density), each at three levels, was
employed again for this analysis. The analysis focused on two types of misclassification: (1) misclassifying
good results as bad, and (2) misclassifying bad results as good. The orthogonal array and corresponding
t-SNE evaluation results are presented in Table 5. Based on the sensitivity analysis using the data in Table 5,
the results are summarized in Table 6. The analysis revealed that cluster proportion threshold and mesh
number consistently exhibited low sensitivity (20%) in the classification of good and bad t-SNE results,
whereas qualified distributed-density demonstrated the highest sensitivity at 60%. This indicates that only a
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moderate value of qualified distributed-density can maintain classification accuracy. Therefore, the value of
the qualified distributed-density selected in this study is considered appropriate.

Figure 17: Seven locations of motor abnormal conditions

Table 5: The L9 orthogonal array used for analyzing the sensitivity of the Distributed-Density parameter and the
corresponding analysis results

No. Cluster proportion
threshold

Mesh
number

Qualified
distributed-density

Good
results

Bad
results

L1 50 100 40 0 1
L2 50 130 60 0 1
L3 50 160 80 1 0
L4 70 100 60 0 0
L5 70 130 80 1 0
L6 70 160 40 0 1
L7 90 100 80 1 0
L8 90 130 40 0 1
L9 90 160 60 1 0

Note: In columns 5 and 6, 1 is assigned if a good result is misclassified as bad or a bad result is misclassified
as good; otherwise, 0 is assigned.

Table 6: Sensitivity of 3 parameters of the Distributed-Density to 2 different rating results

Factor Good Result Rating Bad Result Rating
Cluster proportion threshold 20.0% 20.0%

Mesh number 20.0% 20.0%
Qualified distributed-density 60.0% 60.0%
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3.3.3 The Comparisons between Common Existing Rating Method and the Method Proposed in This Research
The motivation for developing our own t-SNE rating method stems from the suboptimal performance

of the evaluation approaches we previously employed. The previous method we used is the Davies-Bouldin
Index (DBI). The criteria of DBI are based on intra-cluster similarity and inter-cluster dissimilarity, which
is similar to the concept of the rating method we proposed. The lower the DBI, the better the clustering
solution. Although there is no absolute threshold, it is commonly accepted that a DBI value below 1 indicates
reasonable clustering, while a value below 0.5 suggests good clustering performance. In our research, the
DBI value of both good and bad results is bigger than 1, where the bad result is 6.5 and the good result is 4.6.
This might be due to the characteristics of DBI. When we address the scenarios where the same class data is
distributed across multiple distant regions, which is similar to our good t-SNE result, shown in Fig. 15, DBI
fails to provide an accurate assessment. This is because DBI calculates the average within-cluster distance for
each cluster. When instances of the same class are distributed across multiple separate regions, the average
distance increases, leading to inaccurate evaluation results. To address this issue, we adopted a density-based
approach to mitigate the impact of increased distances caused by multi-region distributions, thereby avoiding
inaccurate evaluations.

4 Multiple Layers of Neural Network Model for Main Hoisting Motor Failure Detection
There are many methods to propose a failure detection model. In this research, we choose a neural

network as the base of the detection model. We know that neural networks comprise hyperparameters such
as layers and neurons. The configuration of hyperparameters significantly affects the performance of neural
networks. In most cases, these hyperparameters are designed by humans, and this dramatically tests the
designer’s experience and patience. This tuning method goes against this study’s goal of minimizing human
intervention. Hence, in this research, we use a Bayesian optimizer to design the hyperparameters of the
detection model. Details about Hyperparameter Design will be explained in Section 4.1, and we will also
explain the details about model training and testing in Section 4.2.

4.1 The Hyperparameter Design of the Motor Failure Detection Model
In the previous section, we mentioned that we were trying to design the hyperparameter without human

intervention. Currently, many methods allow machines to adjust hyperparameters automatically, such as the
grid search method, random search method, and others. Although these methods are useful, they require
substantial computational resources and have the defect of uncertainty in finding the optimal solution. To
overcome the above problems, we use a Bayesian optimizer to tune the model hyperparameters. Bayesian
optimization was proposed after the 1960s, primarily to address the high computational cost of the function
optimization problem. The main idea is to use a surrogate model to approximate the objective function and
guide the search for its optimal value. In each iteration, the evaluation of the objective function is used to
update the surrogate model, typically modeled using a Gaussian distribution. Here, we take treasure hunting
as an example. The treasure is the answer we want. In our case, this is the best hyperparameter we require.
The treasure map represents the surrogate model, and the objective function represents the treasure location
we aim to discover. When we choose a location and start digging, the result of this digging will be marked
on the map and used to recalculate the possible location of the buried treasure until the treasure is found.

After briefly explaining the working principle of the Bayesian optimizer, we will explain how we use
it here. In this research, we use the optimizer to tune the hyperparameter. Although it can significantly
reduce computational costs, the numerous combinations of layers and neurons still require a relatively long
computation time. Hence, we optimize layers and neurons separately. First, we use an optimizer to search
for the best layer number. In the analysis, we set two variables, namely, the number of layers and the number
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of neurons. During the optimization iterations, the optimizer selects several layers and assigns the same
number of neurons to all layers to evaluate this combination’s performance, and the result will be used to
do the second optimization. The second optimization focuses on exploring the number of neurons in each
layer. In the optimizer settings, the model layers for this optimization are created based on the number of
layers resulting from the first optimization, and the number of neurons in each layer will be optimized with
the neuron count from the first optimization serving as the upper limit. The result from this optimizer will
be the base of our failure detection model. In the optimizing process, both the first and second optimizers
underwent 100 iterations. The result of the first optimizer is six layers with 24 neurons, and the second
optimizer result is [7,17,3,5,21,9]. To make it more reasonable, in the subsequent training, we rearranged it and
used [21,17,9,7,5,3] as the base for the model’s hidden layer. The Bayesian optimizer results are summarized
in Table 7.

Table 7: The results from the first and second Bayesian optimizers

First optimizer Second optimizer

No. of layers No. of neurons Layer 1 Layer 2 Layer 3 Layer 4 Layer 5 Layer 6 Note

6 24 7 17 3 5 21 9 Raw result
21 17 9 7 5 3 Rearrange

4.2 Main Hoisting Motor Failure Detection Model Training and Test
In this section, we will explain the motor failure detection model in detail. About model training,

benefiting from the hyperparameter tuning process we did in the previous section. We can skip the steps
of manually designing and testing hyperparameters and proceed directly to the training step. In the model
training setting, the hyperparameter directly adopts the results of the Bayesian optimizer. The model executes
1000 iterations, with the early stopping threshold set to 5, aiming to prevent overfitting. Regarding training
data, we randomly select 80% (13,701) from all of the data, and the remaining 20% (3425) is used for testing,
which is not included in the training. In every training iteration, 85% (11,646) of the training data is used for
model training, and the other 15% (2055) is used for model validation. Fig. 18 shows the validation accuracy
of the model we trained. We can see that after the iterations exceed 800, the accuracy remains stable at around
95%. The reason for the accuracy cannot reach 100%. We believe that is because the features of “fan ABNL”
and “motor ABNL” are too similar. In Fig. 15b, we can see that most of the orderless data is located between
these two clusters. This phenomenon may be caused by the sensor’s installation position. Hence, although
the model has a 5% loss, we believe this loss does not significantly affect the model’s performance. Therefore,
we will use this model for subsequent testing.

We used 3425 untrained data to test the model in the testing phase. We tested the model’s overall
accuracy and evaluated its accuracy in handling various conditions (clusters). Fig. 19 shows the overall
accuracy of the model. The trend of the line is similar to the line in validation accuracy. This is unsurprising
because the test and validation data come from the same database, but we discovered something interesting
during the process. Fig. 20 shows the accuracy of the model under four conditions. We see that the accuracy
of “fan repaired” and “motor repaired” is over 95% and close to 100%, but the accuracy of “fan ABNL” and
“motor ABNL” is around 90~95%. We believe this corresponds to the previous words, where we think the two
features are too similar. That makes the model a misjudgment in identifying these two conditions. Although
there are model misjudgments, the error rate is only 5–10%, which we think is acceptable. We believe this
small margin of error may be caused by the sensor itself or its installation position.
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Figure 18: Model training validation accuracy

Figure 19: The overall test accuracy of the 1000 iterations motor failure detection model
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Figure 20: The test accuracy of the model with 1000 iterations under four different conditions

5 Conclusions
This research aims to explore, analyze, and discuss fault diagnostics methods for the hoist motor of a

bridge crane. We propose a novel method using the frequency band t-SNE result and our developed t-SNE
result rating method to find the required feature without extensive human intervention. In our case, each
component’s normal and abnormal conditions in the crane are properly integrated into the graph and cluster
into groups. Normal and abnormal conditions can be easily separated by using a small number of features
(bands), but the separation of different abnormal conditions cannot be achieved. Therefore, we compared
the two inseparable conditions and identified the bands with the most significant difference between them as
an additional feature. As expected, the additionally selected band effectively separates the previously mixed
conditions in the t-SNE result. For model training, we used a Bayesian optimizer to search for the model’s
hyperparameters, aiming to minimize human intervention. The model trained with the hyperparameters
provided by the optimizer and the previously extracted features achieved 95% accuracy in the validation
phase and also 95% accuracy in the test phase. During the test phase, we identified why the accuracy could
not reach 100%. This was due to the two fault conditions having overly similar features, making it difficult
for the model to distinguish them accurately. However, we believe this 5% error does not significantly affect
performance. Nevertheless, in future research, we hope to eliminate this 5% error to achieve the model’s
optimal decision-making capability.

Acknowledgement: Not applicable.

Funding Statement: This research was funded by National Science and Technology Council, Taiwan, grant numbers
112-2622-E-992-022 and 112-2221-E-992-086. The projects are granted to Tsung-Liang Wu. The URL to sponsor’s website
is https://www.nstc.gov.tw/?l=en (accessed on 18 June 2025).

https://www.nstc.gov.tw/?l=en


Comput Mater Contin. 2025;84(3) 5275

Author Contributions: The authors confirm contribution to the paper as follows: Conceptualization, Tsung-Liang
Wu; methodology, Tsung-Liang Wu and Yu-Tang Cao; software, Shin-Hung Lin and Raphael Brent Lau Hundangan;
validation, Yu-Tang Cao; formal analysis, Shin-Hung Lin; investigation, Raphael Brent Lau Hundangan; resources,
Tsung-Liang Wu; writing—original draft preparation, Shin-Hung Lin; writing—review and editing, Raphael Brent Lau
Hundangan and Yu-Tang Cao; visualization, Yu-Tang Cao; supervision, Edward Basaong Ang and Tsung-Liang Wu;
project administration, Tsung-Liang Wu; funding acquisition, Tsung-Liang Wu. All authors reviewed the results and
approved the final version of the manuscript.

Availability of Data and Materials: Due to the nature of this research, participants of this study did not agree for their
data to be shared publicly, so supporting data is not available.

Ethics Approval: Not applicable.

Conflicts of Interest: The authors declare no conflicts of interest to report regarding the present study.

Appendix A

Algorithm 1: Pseudo code of overlapping-ration calculation in Section 3.3.1
START
//Step 1: Create a grid for the 2D t-SNE results
Input tSNE_results as Matrix
Input mesh_size as Integer
Declare grid as 2D Array based on mesh_size
Initialize grid with boundaries calculated from tSNE_results
//Step 2: Calculate the proportion of clusters in each grid cell
FOR each cell in grid DO

Calculate proportion of each cluster within the cell
IF any cluster proportion > 70% THEN

Mark the cell as representing that cluster
ELSE

Mark the cell as “orderless”
END IF

END FOR
//Step 3: Set the threshold and statistical justification
Set threshold = 70%
Explain: Threshold chosen assuming normal distribution of cluster proportions.

If a cluster exceeds 70% in a grid cell, it statistically represents the cluster.
//Step 4: Calculate overlap rate
FOR each cluster DO

Count total number of cells representing the cluster
Count number of unordered cells within these
Calculate overlap_rate= unordered_cells/total_cells

END FOR
//Step 5: Evaluate overlap rate and assess t-SNE result quality
Calculate average overlap_rate across all clusters
IF average overlap_rate< 20% THEN

(Continued)
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Algorithm 1 (continued)
Print “t-SNE result is acceptable”

ELSE
Print “t-SNE result is defective”

END IF
END

Appendix B Equation of Distributed-Density Calculation in Section 3.3.2

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎩

Ma =Matrix of Cluster A Mesh result
SCa =Matrix of single grid distributed density in Ma

Ca = Distributed density of Ma

mesh_num = Setting of Mesh number

(A1)

SCa [i, j] =
∑

i+1
x=i−1∑

j+1
y= j−1(δ (Ma [i, j], Ma [x , y]))

∑
min(mesh_num , i+1)
x=max(1, i−1) ∑

min(mesh_num , j+1)
y=max(1, j−1) (1)

,
⎧⎪⎪⎨⎪⎪⎩

i > 0, i ≤ mesh_num
j > 0, j ≤ mesh_num

(A2)

δ = Kronecker delta⇒ δi j =
⎧⎪⎪⎨⎪⎪⎩

0, if i ≠ j
1, if i = j

(A3)

Ca =
∑

mesh_num
x=1 ∑

mesh_num
y=1 (Ma [x , y])

∑
mesh_num
x=1 ∑

mesh_num
y=1 (δ(Ma [x , y] , 1))

(A4)
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