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Abstract: Engineering machinery plays a vital role in supporting modern economic 
development. The electric loader represents a key innovation driven by environmental 
protection and the pursuit of sustainable development. However, the absence of engine 
masking effects in electric machinery makes structural vibration and impact noise more 
pronounced. To address this issue, this study proposes an ant colony optimization-Transformer 
(ACO-Transformer) model that integrates the ant colony algorithm with the Transformer 
framework to accurately and efficiently evaluate the vibration comfort of electric engineering 
machinery. An improved objective evaluation method for vibration was employed to extract 
objective data from four measurement points, while 34 subjective scores were obtained through 
a structured subjective evaluation protocol. The combined analysis of subjective and objective 
data demonstrated the validity of incorporating additional vibration measurement points. Using 
these datasets, the ACO-Transformer model was developed to establish a mapping between 
multi-dimensional objective vibration parameters and subjective comfort ratings. Results 
indicate that the proposed model achieved high prediction accuracy (MAPE = 6.22%) and 
strong generalization performance (RMSE = 6.11). This study offers a novel approach for 
evaluating and predicting the vibration comfort of engineering machinery cabins. 
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1. Introduction 

With the increasingly prominent problem of global warming, the development of 
green and clean energy has become an important strategy for the development of 
modern industry [1]. Driven by the new round of product technology change and the 
trend of energy conservation and emission reduction, electrification has gradually 
become the preferred solution for the global engineering machinery industry to cope 
with energy shortage and reduce environmental pollution [2]. Compared with 
traditional engineering machinery, electric engineering machinery lacks the masking 
effect of engine noise, which makes the vibration and impact noise of other structures 
more significant [3]. This has brought new challenges to the Noise, Vibration and 
Harshness (NVH) performance research of engineering machinery, and has also 
caused great obstacles to the further improvement of the NVH performance of electric 
engineering machinery. 

In addition, under the background of the rapid development of modern 
engineering technology, engineering machinery is gradually developing in the 
direction of large-scale and complicated, which also leads to the increasingly obvious 
vibration problem in the cab of engineering machinery [4]. Drivers are in a harsh 
environment with strong vibration for a long time, which is prone to physical fatigue 
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and obvious discomfort. Long-term accumulation will even reduce the driver’s 
alertness and response ability to emergencies [5]. This will not only seriously affect 
the driver’s work efficiency, but also adversely affect the safety of the working process 
and the stable operation of the equipment [6]. Globally, the vibration comfort of 
engineering machinery has become an important indicator to measure the quality of 
its products [7]. Establishing an objective and accurate evaluation method of vibration 
comfort in the cab of engineering machinery can not only guide R & D personnel to 
better improve the system design, but also reduce the driver’s discomfort response, 
thereby significantly improving user satisfaction and enhancing the market 
competitiveness of products [8,9]. Therefore, it has become an important research 
direction to propose an efficient and reliable evaluation method for vibration comfort 
of engineering machinery cab. 

1.1. Research status of vibration comfort evaluation 
Comfort evaluation is an important way to reflect the ride comfort performance. 

Comfort evaluation mainly includes subjective evaluation and objective evaluation [10]. 
Subjective evaluation belongs to the traditional and most effective comfort evaluation 
method [11]. Commonly used subjective evaluation methods include: simple ranking 
method [12], numerical estimation method [13], ranking scale method [14], paired 
comparison method [15], semantic segmentation method, etc. [16,17]. Xiong et al. [18] 
proposed a quantitative analysis and evaluation method based on the subjective scoring 
method of NVH characteristics, and obtained the vibration variation law of the three 
models at different mileage stages. Ao et al. [19] concluded that seat surface vibration 
contributes the most to comfort by analyzing the subjective evaluation results of vehicle 
dynamic comfort. Based on the road test, Wu et al. [20] formed an evaluation method to 
evaluate the seat vibration comfort in a wide range of backrest angles. The results show 
that under certain conditions, the subjective perception of occupant vibration comfort 
will deteriorate with the increase of vehicle speed or backrest tilt. To obtain accurate and 
reliable subjective evaluation results, subjective evaluation methods usually need to be 
flexibly adjusted according to the test model [21–23]. Although some subjective 
evaluation studies on vibration comfort have been carried out in the field of engineering 
machinery, the research on the subjective evaluation of vibration comfort of electric 
loaders is mainly based on the field of automobiles, which makes the previous subjective 
evaluation methods of vibration comfort often show some limitations in practical 
applications [24]. Therefore, combined with engineering practice, this study proposes a 
subjective evaluation method that combines semantic segmentation method and ranking 
scale method, and subjectively evaluates the vibration measuring points studied 
respectively to comprehensively evaluate the vibration comfort of the loader cab. 

Objective evaluation the dynamic characteristics of vibration are objectively 
quantified by measuring instruments, and objective parameters are formed to evaluate 
the advantages and disadvantages of vibration comfort [25–27]. At present, the objective 
evaluation of vibration comfort is mainly based on ISO-2631 [28], BS-6841 [29] and 
VDI-2057 [30]. Based on ISO-2631, Ciloglu et al. [31] evaluated the vibration comfort 
of each position in the aircraft cabin and gave suggestions for improvement. Carletti et 
al. [32] made an objective evaluation of the vibration comfort of the loader seat, and the 
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results showed that the comfort of the seat in the horizontal direction was inferior to that 
in the vertical direction. The existing research standards usually only evaluate the 
vibration comfort of the seat. Zhao et al. [33] found that the driver’s comfort 
requirements for the cab will change over time, and a single seat vibration comfort 
cannot represent the vibration comfort of the loader cab. Therefore, researchers 
improved and optimized the objective evaluation method by introducing additional 
measuring points [34]. Zhao et al. [35] added pedal and joystick measuring points to 
comprehensively evaluate the vibration comfort of the harvester. The results show that 
the vibration at the pedal is stronger than other measuring points, which is the main 
factor affecting the comfort. Considering the objective fact that the loader driver’s arm 
is often touched or placed on the seat, this study adds the measuring point at the armrest 
based on the traditional three measuring points, and further improves the objective 
evaluation method of vibration comfort. Considering the symmetry and functional 
consistency of the left and right armrest structures, an objective evaluation method of 
vibration comfort at four measuring points including floor, seat, back and left armrest 
was finally formed. 

The subjective evaluation method and the objective evaluation method have their 
own inherent shortcomings and limitations in practical engineering applications [36]. 
At the same time, considering the rapid development of machine learning, researchers 
began to use the subjective and objective mapping model to study the vibration 
comfort of the cab, aiming at considering the advantages of subjective and objective 
evaluation [37]. Since simple linear mapping cannot represent the nonlinear 
relationship between subjectivity and objectivity [38–40], researchers have introduced 
machine learning models to establish a nonlinear mapping from objective vibration 
indicators to subjective human perception. Huang et al. [41] used the neural network 
model to establish the mapping relationship between the dynamic objective parameters 
of the vehicle cab and the subjective comfort. Du et al. [42] developed a new method 
for evaluating vehicle vibration comfort based on frequency domain vibration signals 
using deep learning. Nevertheless, the traditional machine learning model often shows 
insufficient ability to deal with the multi-input and multi-output problems in the 
process of subjective and objective mapping, and it is difficult to fully explore the deep 
correlation between the information of each vibration dimension. Based on this, this 
study proposes an ACO-Transformer, which is used to construct a nonlinear mapping 
relationship between subjective and objective evaluation of vibration comfort of 
loader cab. 

1.2. Analysis of related works 
In summary, there are still many deficiencies in the current research on the 

evaluation and prediction of vibration comfort of electric loader cabs. In terms of 
subjective evaluation, the current subjective evaluation methods are directly derived 
from the automotive field, and usually use a single score to characterize the overall 
comfort level. A single score lacks a detailed description of the vibration comfort 
performance of each part of the cab. In terms of objective evaluation, the existing 
objective evaluation methods are still based on the traditional three measuring points, 
mainly for the evaluation of seat comfort, and fail to fully consider the vibration 
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comfort of the loader cab. Regarding the construction of the subjective and objective 
mapping model of the vibration comfort of the loader cab, there is currently no 
subjective and objective mapping model suitable for multi-dimensional vibration 
objective parameter input and multi-dimensional vibration comfort subjective score 
output. 

The main contributions of this paper as follows: 
1) To comprehensively evaluate the vibration comfort in the loader cab, this 

paper evaluates the main contact parts of the driver and seat, floor, back and armrest 
based on the improved subjective evaluation method, and systematically describes the 
vibration comfort of the cab from four dimensions. 

2) Combined with the driver’s contact attitude and vibration transmission path 
in the actual operation process, this paper introduces the left armrest as a new 
measuring point based on the traditional three measuring points, and constructs a four-
point vibration comfort objective evaluation method for electric loaders. 

3) In this paper, a Transformer model based on ant colony optimization 
algorithm is proposed to accurately complete the establishment of a loader vibration 
comfort prediction model with multi-input of objective vibration indicators and multi-
output of subjective evaluation. 

The structure of the article: 1) Section2 briefly describes the Transformer model 
and proposes an improved ACO-Transformer algorithm. 2) Section3 introduces the 
subjective and objective test method of vibration comfort of loader cab and the 
corresponding test process. 3) Section4 analyzes the subjective and objective test 
results, and analyzes the proposed host-guest results. 4) Section5 Based on the ACO-
Transformer method, the vibration comfort prediction model of loader cab is 
established, and the correlation analysis of the prediction results is carried out. 5) 
Section6 summarizes the full text based on the research content. 

2. Research methods 

2.1. A brief introduction of transformer 
Transformer was originally proposed by Vaswani et al. in 2017. All the 

calculation processes rely on the attention mechanism, completely abandon the loop 
and convolution structure, and have good parallel computing ability and long-distance 
dependence modeling ability. Transformer has become one of the basic model 
architectures in multi-objective learning tasks [43]. Transformer is a deep learning 
model based on attention mechanism. The multi-head attention mechanism 
characterizes and weights the input information from different angles through parallel 
multiple attention sub-modules, thereby improving the model’s perception of 
contextual features and expression diversity [44]. The specific structure of the multi-
head attention mechanism is shown in Figure 1. 
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Figure 1. Multi-head attention. 

The single-head attention mechanism generates a query matrix Q, a key matrix K, 
and a value matrix V by performing three linear transformations on the vectors at each 
position in the input sequence. Its calculation equation is Equation (1): 

퐴푡푡푒푛푡푖표푛(푄, 퐾, 푉) = 푠표푓푡푚푎푥(
푄퐾�

�푑�
)푉 (1) 

where, Q, K and V represent Query, Key and Value matrices respectively, and 푑� is 
the dimension of the key vector, which is used to scale the dot product to stabilize the 
softmax function. 

In multi-head attention, this mechanism will perform h times in parallel to form 
h attention heads, and each head uses an independent linear transformation matrix to 
map the input to different subspaces. And perform self-attention calculation 
independently in each subspace. Specifically, as shown in Equation (2): 

ℎ푒푎푑� = 퐴푡푡푒푛푡푖표푛(푄푊�
� , 퐾푊�

� , 푉푊�
�) (2) 

where, 푊�
�
，푊�

�，푊�
� ∈ 푅�×�� is the linear transformation matrix of the first i-head. 

After completing the self-attention operation of all heads, the output results will 
be spliced and fused through a unified linear transformation to integrate information 
from multiple subspaces, and finally output the results of multi-head attention, as 
shown in Equation (3): 

푀푢푙푡푖퐻푒푎푑(푄, 퐾, 푉) = 퐶표푛푐푎푡(ℎ푒푎푑�, . . . , ℎ푒푎푑�)푊� (3) 

where, 푊� ∈ 푅���×��  is the weight matrix of the output layer, and Concat 
represents the splicing operation. 

The Transformer model is mainly composed of four parts: input, encoder, decoder 
and output. Usually, the encoder and decoder stacks have 6 layers, each layer contains 
multi-head self-attention, feedforward network, residual connection and layer norm. 
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The specific structure of Transformer is shown in Figure 2. The overall operation 
process of the Transformer model is as follows: First, the input sequence is added to 
the position encoding through the word embedding layer and converted into a vector 
representation with sequential information and sent to the encoder part. The encoder 
is stacked by multiple sub-layers with the same structure. Each sub-layer contains a 
multi-head attention mechanism and a feedforward neural network. The training 
stability and expression ability of the model are improved by residual connection and 
layer normalization. The output of the encoder captures the global dependencies 
between the feature positions in the input sequence, forming a set of context-dependent 
high-dimensional representations. 

 
Figure 2. Transformer structure diagram. 

Subsequently, the decoder gradually generates the target sequence, whose 
structure is like that of the encoder, but a masking self-attention mechanism is added 
in each layer to prevent information leakage, and the encoder-decoder attention 
module enables the decoder to focus on the key information of the input sequence. The 
decoder receives the predicted completed part as input and performs context modeling 
with the output representation of the encoder. Finally, the decoder output obtains the 
probability distribution of each predicted target at each output position through a linear 
transformation layer and a Softmax function, thereby gradually generating a complete 
output sequence. 

2.2. ACO-Transformer 
Ant Colony Optimization (ACO) algorithm is a swarm intelligence optimization 

method inspired by the foraging behavior of ants in nature [45,46]. The algorithm 
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forms a random optimization strategy based on positive feedback and parallel search 
by simulating the mechanism of ants relying on pheromones for collaborative search 
in the process of finding food [47]. In the early stage of the algorithm, a certain number 
of “artificial ants” randomly select paths in the solution space to construct feasible 
solutions. The quality of each path is determined by the objective function value and 
is indirectly expressed by the pheromone concentration [48,49]. The core idea of the 
ant colony optimization algorithm is that the denser the pheromone on the path, the 
greater the probability that the subsequent ants choose the path, to strengthen the 
pheromone accumulation of the high-quality path in the continuous iteration and 
realize the gradual approximation of the global optimal solution. The whole process 
includes path construction, pheromone update, heuristic function guidance and other 
operations. Through information sharing and distributed collaboration between 
individuals, the quality of the solution is gradually optimized. The ant colony 
optimization algorithm makes full use of the dynamic balance mechanism of local 
exploration and global guidance, and has strong robustness and parallelism. It is 
widely used in complex search tasks such as combinatorial optimization, path planning 
and scheduling problems. 

Several key hyperparameters (such as the number of encoder layers and the 
number of attention heads) in the Transformer model will significantly affect the 
convergence speed, prediction performance and generalization ability of the model on 
different tasks. If these parameters can be jointly optimized, it will help to achieve a 
better balance between modeling accuracy, computational efficiency and model 
complexity. The traditional grid search method is inefficient in high-dimensional 
parameter space, and the search process is easy to fall into local optimum, which is 
difficult to meet the parameter adjustment requirements of complex models. In 
contrast, the ant colony optimization algorithm, as a global optimization strategy that 
simulates the foraging behavior of ant groups, has significant advantages in search 
speed and global exploration ability. Therefore, this study introduces ACO to optimize 
the key hyper-parameter combination of Transformer model.  

This process first initializes a group of “ants” in a predefined parameter space, 
each ant represents a parameter combination path, and learns the training data by 
constructing a Transformer model, and then calculates the fitness value of the path 
according to the prediction accuracy of the model on the verification set (the update 
basis of pheromone concentration). In each iteration, the ants jointly determine the 
selection direction of the next parameter according to the pheromone concentration 
and the heuristic function, and release new pheromones on all paths to enhance the 
search probability of the high-quality parameter combination. By continuously 
repeating the path construction, pheromone update and iterative optimization process, 
the algorithm can efficiently search and approximate the optimal parameter 
configuration of Transformer in the high-dimensional complex parameter space. The 
overall process of optimizing Transformer hyperparameters by ant colony 
optimization algorithm is shown in Figure 3. 
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Figure 3. ACO-Transformer structure diagram. 

3. Vibration comfort subjective and objective test of loader 

3.1. Subjective test of vibration comfort 
In this study, a subjective evaluation method for vibration comfort of loader cab 

is constructed by combining semantic segmentation method and ranking scale method 
to collect driver’s subjective score. This study first uses the semantic segmentation 
method to divide the perception range of vibration into five levels to ensure that the 
scoring system has sufficient resolution, while avoiding the driver’s cognitive burden 
caused by too many levels [50]. Considering the high vibration level of the loader 
under normal working conditions, the third level is defined as a neutral level to adapt 
to its use environment. In addition, to reduce the experience dependence of evaluators, 
this study has carried out specific language descriptions for each level. On this basis, 
the ranking scale method is introduced, and each level is divided into two subdivision 
scoring intervals, so that the subjective score falls into the range of 1 to 10, and finally 
a subjective scoring standard of 10 grades is formed. 

In addition, in the subjective evaluation of the vibration comfort of the loader, 
considering that the driver’s arm often touches or is placed on the armrest, as well as 
the symmetry and functional consistency of the left and right armrests in the structure, 
this paper adds the left armrest measuring point on the basis of the traditional three 
measuring points of the seat, floor and back, and scores the four measuring points 
separately in the subjective evaluation, so as to realize the comprehensive evaluation 
of the vibration comfort of the cab. In this study, a subjective evaluation table of 
vibration comfort was formed by combining the subjective evaluation method of 
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comfort and the specific perceived parts of the loader cab, as shown in Table 1. 

Table 1. Loader vibration comfort subjective rating scale. 
Name: Driving age: Sex: Date: 
Score Evaluation level Detailed descriptions Evaluation score 

1 
Poorly feel 

Strong sense of shock at the 
contact area 

Point Lifting Lowering 
2 
3 

Uncomfortable The contact area feels numb Back   
4 

5 
Neutral 

The contact area feels slightly 
numb 

L-armrest   
6 

7 
Feeling slight No numbness at the contact area Seat   

8 

9 
No discomfort 

The contact area feels 
completely normal 

Floor   
10 

Notes: L stands for Left, and other locations in the text are similar. 

To study the vibration comfort of loaders, this study carried out a subjective 
evaluation test of comfort based on a 20-ton electric loader of LIUIGONG. The 
evaluation conditions are two typical working conditions of loader lifting and lowering. 
For subjective evaluation, a total of 35 loader drivers with 5–20 years of driving 
experience were recruited in this study. To ensure the accuracy and validity of the 
evaluation results, all drivers underwent neurological examination and vibration 
sensitivity assessment before participating in the test [51]. Finally, a total of 34 drivers 
participated in the subsequent subjective evaluation experiment through screening. 

 

Figure 4. Electric loader subjective evaluation test flow chart. 

Before the formal test, this study conducted a unified training for all participants, 
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and explained in detail the subjective evaluation process, scoring criteria and 
precautions to ensure that the driver has a clear understanding of the evaluation system 
and has basic judgment consistency. Then, the driver runs the lifting and lowering 
conditions one by one, and is familiar with each typical working condition, to have a 
clear subjective reference scale in the actual scoring process. In the process of formal 
subjective evaluation, each driver performs lifting and lowering conditions in turn, and 
the duration of each condition is 3 seconds. After the completion of the operation, the 
driver independently evaluated the vibration comfort of the four measuring points 
under the two working conditions according to the subjective scoring criteria given in 
Table 1. The complete subjective evaluation test process includes a total of 6 links; the 
specific steps are shown in Figure 4. 

3.2. Vibration comfort objective test 
Considering the objective fact that the driver’s arm of the loader often touches or 

is placed on the seat during operation, this study adds a measuring point at the armrest. 
In addition, due to the symmetry of the left and right armrest structure and the longer 
time that the driver’s left arm is placed on the armrest, the left armrest is used as a new 
measuring point. Finally, the objective test scheme of vibration comfort of 4 
measuring points is formed as shown in Figure 5. Numbers 1 to 4 in the figure 
correspond to the four measuring points of seat, back, floor, left armrest. 

 

Figure 5. Electric loader real vehicle test point layout. 

The objective test is carried out by SIEMENS LMS SCADAS Mobile 16-channel 
data acquisition system. The sensor model and technical specifications are shown in 
Table 2. To ensure the validity and comparability of the test results, the objective test 
and the subjective evaluation are carried out simultaneously to ensure that the 
objective data and the subjective results can be mutually verified, and can support the 
subsequent subjective and objective data analysis and modeling. Considering that the 
sensitive frequency band of human body to vibration is mainly 0.5–80 Hz [52], this 
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study sets the sampling frequency to 512 Hz to ensure that the sampling frequency of 
the vibration signal meets the resolution requirements and can fully capture the 
relevant dynamic characteristics. In addition, the sampling time of each working 
condition (lifting, lowering) is set to 3 seconds. 

Table 2. List of test points for actual vehicle testing. 

Name Category Type 
Seat Vibration acceleration sensor S01410 
Floor Vibration acceleration sensor SN-J0810 
Back Vibration acceleration sensor S01410 

L-armrest Vibration acceleration sensor SN-J0811 

Due to the large number of objective test results, this paper selects the objective 
data collected by a driver during the operation of lifting conditions and lowering 
conditions for display. The time domain response of each measuring point is shown in 
Figure 6. The vibration signals of the seat, floor, backrest and left armrest under two 
typical working conditions are shown in the figure. The results show that the Z-axis 
vibration of the floor position is more significant, while the vibration in the X-axis 
direction is more obvious at the seat, back and left armrest. This may be because the 
bucket mainly moves in the vertical direction during the operation of the loader, and 
the vertical impact will be transmitted through the path of the tire-frame-floor, 
resulting in the maximum Z-axis vibration at the floor. The seat system usually can 
better suppress the Z-axis vibration, but the horizontal vibration suppression effect is 
relatively weak, resulting in more obvious vibration in the X direction of the seat, back 
and left armrest. In addition, by comparing the lifting and lowering conditions, it can 
be found that the vibration amplitude of each measuring point in the lifting process is 
generally greater than that in the lowering condition. This is because the hydraulic 
system needs to overcome the gravity to lift the boom and bucket together with the 
load during the lifting process. The impulse response generated by the hydraulic 
system will enhance the structural vibration, resulting in greater vibration intensity. 

Based on the subjective test and objective test of the vibration comfort of the 
electric loader, a total of 34 driver’s data samples were collected, and each driver 
operated under two typical working conditions of lifting and lowering respectively, so 
a total of 68 sets of working condition sample data were obtained. 

 
Figure 6. (Continued). 

(a) 
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Figure 6. Electric loader each measuring point vibration signal time domain diagram: (a) The vibration signal of the 
seat position under lifting and lowering conditions; (b) The vibration signal of the floor position under lifting and 
lowering conditions; (c) The vibration signal of the back position under lifting and lowering conditions; (d) The 
vibration signal of the left armrest position under lifting and lowering conditions. 

4. Analysis of subjective and objective test results of loader 

4.1. Analysis of subjective test results of vibration comfort 
After the completion of the subjective and objective tests, the subjective 

evaluation results were statistically analyzed, and the scatter plot shown in Figure 7 
was drawn. The analysis results show that the subjective score distribution of each 
measuring point is relatively close. This may be due to the small difference in the 
vibration transmission characteristics of the loader cab between different measuring 
points. This result also shows that the subjective evaluation method proposed in this 
study can unify the driver’s evaluation criteria for different measuring points, thus 
reducing the discreteness of the scoring results. By further observing the box diagram 
of each gear, the subjective score is mainly concentrated in the range of 3-10 points, 

(b) 

(c) 

(d) 
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and there is no extreme negative evaluation below 3 points. This may be because in 
the process of subjective evaluation, if there is no clear negative guidance, evaluators 
tend to give more positive feedback and usually do not make too low scores. 

 
(a) (b) 

Figure 7. The subjective score distribution of each measuring point in each working condition: (a) the subjective 
score distribution of each measuring point in the lowering condition; (b) the subjective score distribution of each 
measuring point in lifting condition. 

To further explore the internal relationship between the comfort evaluation of 
different vibration measuring points, the correlation analysis was carried out on the 
subjective scores of the four measuring points of seat, floor, back and left armrest. 
Pearson correlation coefficient is used to calculate the correlation, and the calculation 
formula is shown in Equation (4), and the correlation heat map shown in Figure 8 is 
drawn. To more intuitively quantify the degree of correlation between the measuring 
points, this paper further counts all Pearson correlation values, as detailed in Appendix 
Table A1. 

휌�,� =
퐶표푣(푋, 푌)
휎� ∙ 휎�

=
∑ (푥� − 퐸(푋))(푦� − 퐸(푌))�
���

�∑ (푥� − 퐸(푋))��
��� ∙ �∑ (푦� − 퐸(푌))��

���
 (4) 

where X and Y are the two variables involved in the calculation, 푥�, 푦� are the values 
of variables X and Y in the i th sample, and n is the number of samples. 

By analyzing the correlation heat map shown in Figure 8, the correlation between 
the subjective scores of each vibration measuring point is generally high, all of which 
exceed 0.7. Among them, in the lowering condition, the correlation between the left 
armrest and the floor is up to 0.9, in the lifting condition, the correlation between the 
seat and the floor is 0.87. The above results show that there is a significant internal 
coupling relationship between the vibration evaluation dimensions. Therefore, if only 
a single dimension score is used as the subjective evaluation result of the vibration 
comfort of the cab, it may be difficult to fully reflect the vibration characteristics and 
comfort differences of each part of the cab. To accurately describe the overall comfort 
level of the cab, it is necessary to construct an evaluation method containing multiple 
evaluation dimensions. 
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(a) (b) 

Figure 8. The correlation of each measuring point in each working condition: (a) the correlation of subjective scores 
of each measuring point in the lowering condition; (b) the correlation of subjective scores of each measuring point in 
lifting condition. 

4.2. Analysis of objective test results of vibration comfort 
After the objective test is completed, the vibration signals of different measuring 

points are weighted by frequency and direction based on ISO-2631, and their RMS 
values are calculated for subsequent subjective and objective analysis and evaluation. 
ISO-2631 and related international standards mainly focus on conventional measuring 
points such as seat, floor and back, and do not specify the RMS calculation criteria for 
left armrest. In this study, the vibration signal of the left armrest is weighted by 
referring to the calculation criterion of the back, that is, the X, Y and Z directions are 
weighted by the frequency of 푊�, 푊� and 푊� respectively. 

 
(a) (b) 

Figure 9. RMS results of vibration measuring points under various working conditions: (a) RMS results of lowering 
conditions; (b) RMS results of lifting condition. 

Figure 9 shows the RMS value distribution of the vibration signals of each 
measuring point after frequency weighting and direction weighting in the two working 
conditions of lifting and lowering. The analysis results show that in the lowering 
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condition, the vibration at the seat is the most significant, and its RMS value 
distribution is the most discrete and the mean value is the largest. The main reason is 
that during the lowering process, the boom and bucket fall back quickly with gravity, 
which makes it easier for vibration energy to be transmitted to the seat along the 
structural path. At the same time, due to individual differences such as different 
driver’s body shape and sitting posture, the vibration response at the seat is further 
fluctuated, resulting in a more dispersed distribution of RMS values. 

In contrast, in the lifting condition, the vibration at each measuring point is more 
severe, and the vibration at the back is the most significant. This may be due to the 
greater excitation intensity of the hydraulic system during the lifting process, resulting 
in a stronger instantaneous impact on the rear of the seat, so that the back produces a 
greater lateral torque around its shaft and enhances its vibration response. In addition, 
the vibration intensity at the left armrest is also obvious, which indirectly proves the 
rationality of increasing the measuring point of the left armrest. Overall, the vibration 
intensity and dispersion degree of the lifting condition are much larger than that of the 
lowering condition. This is because the hydraulic system needs to overcome the 
gravity during the lifting process to lift the boom and bucket together with the load, 
resulting in unstable excitation intensity. 

4.3. Analysis of subjective and objective results 
After completing the analysis of the subjective test results and objective test 

results of vibration comfort, to more intuitively show the subjective comfort 
performance of the loader in multiple vibration dimensions, this study uses a four-
dimensional radar map to visualize the four vibration evaluation dimensions of the cab, 
as shown in Figure 10. Three representative subjective scoring samples are selected 
in the figure. Sample 1 shows that the overall vibration comfort is high, sample 2 
reflects that the overall comfort is poor, and sample 3 shows that the comfort of a 
specific evaluation dimension is significantly low. The above three samples fully 
reflect a variety of typical perception scenarios of cab vibration comfort in loader 
operation. 

 

Figure 10. The subjective evaluation results of the four-dimensional vibration of the 
cab of three typical samples. 
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To describe the comprehensive comfort level of the cab from the overall 
perspective, this paper proposes to use the Overall Level (OAL) of the four-
dimensional radar map as the characterization parameter of the comprehensive 
vibration comfort. The calculation method is shown in Equation (5): 

푂퐴퐿 =
1
2
�푥� ∗ 푥��� ∗ 푠푖푛(

2휋
4
)

�

���

 (5) 

where, OAL represents the overall level of cab vibration comfort, 푥� represents the 
subjective score of the i th evaluation dimension, and 푥�=푥�, indicating that the radar 
chart is connected to form a closed space. 

However, the OAL index can only reflect the overall level of the score, and it is 
difficult to describe the distribution differences between the evaluation dimensions. 
To further quantify the degree of balance and dispersion between the evaluation 
dimensions, this paper introduces Standard Deviation (SD) as an auxiliary indicator. 
Its calculation equation is shown in Equation (6): 

푆퐷 =
∑ (푥� − 푥̄)��
���

4
× 100% (6) 

where, SD is standard deviation, 푥̅  is the average subjective score of the four 
dimensions of the evaluation sample. 

The OAL and SD of the three typical evaluation samples are shown in Table 3. 
The analysis results show that the OAL values of sample 1 and sample 2 are 144.5 and 
72, respectively, indicating that there is a significant difference between the two in the 
comprehensive comfort level of vibration. However, the SD values of the two are 25 % 
and 0 %, respectively, indicating that the distribution of subjective scores in each 
evaluation dimension is relatively balanced, and the difference between dimensions is 
small. In contrast, the OAL value of sample 3 was 98, and the SD value was 100 %. 
The results not only show that the comprehensive comfort level of vibration of sample 
3 is low, but also the scores of each dimension are very different, reflecting that the 
sample has significant local discomfort, which is a typical case of poor comfort and 
uneven distribution of perception. The above results are consistent with the visual 
analysis in Figure 10, indicating that the comprehensive vibration comfort index OAL 
and the standard deviation SD can complement each other, which can more 
comprehensively and effectively describe the multi-dimensional perception 
characteristics of the subjective comfort of the cab vibration. 

Table 3. Comprehensive comfort and standard deviation statistics of three typical samples. 

Sample OAL SD 

Sample 1 144.5 25% 
Sample 2 72 0% 
Sample 3 98 100% 
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5. Vibration comfort prediction model of loader 

5.1. Construction of vibration comfort prediction model 
In this chapter, an ACO-Transformer model is proposed for the multi-

dimensional subjective and objective vibration data of the loader cab to achieve 
accurate prediction of the vibration comfort of the cab. The model aims to construct a 
nonlinear mapping relationship between the objective vibration indexes of the four 
measuring points of seat, floor, back and left armrest and the multi-dimensional 
subjective comfort score under lifting and falling conditions. The overall structure of 
the ACO-Transformer model is shown in Figure 11. The input of the model is the 
RMS values of four measuring points (seat, floor, back and left armrest) in X, Y and 
Z directions under each working condition, with a total of 12 input feature dimensions. 
The model output is the corresponding subjective scoring results of the above four 
measuring points. 

 

Figure 11. ACO-Transformer model building flow chart. 

In this study, a total of 34 drivers’ test data were collected. Since each driver was 
operated under two typical working conditions of lifting and falling, a total of 68 
subjective and objective test samples were obtained. To improve the efficiency and 
stability of model training, the data set is first standardized. Then the sample set is 
divided into training set and test set according to the ratio of 8:2, in which the training 
set contains 54 sets of samples and the test set contains 14 sets of samples. Therefore, 
the input data dimension of the model training is 54 × 12, and the output data 
dimension is 54 × 4. 

In addition, to reduce the fluctuation of the model caused by the contingency of 
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data set division and improve the stability and reliability of the prediction results. In 
this study, the model was trained and predicted 10 times independently. Each training 
uses a randomly divided data set, and finally the average of the 10 prediction results 
is used as the final prediction result of the model. 

Table 4 shows the key parameter settings of the ACO-Transformer model. In 
terms of the structure of the model, the number of layers of the encoder and decoder 
is set to 6, the number of attention heads is set to 2, and the embedding dimension 
(Embedding dim) is set to 32 to ensure sufficient feature extraction and modeling 
capabilities. In terms of data input, considering that each sample contains 12-
dimensional features, the total number of samples is 54, and the Batch Size is set to 16 
to strike a balance between training efficiency and model stability. In terms of 
hyperparameter optimization, the maximum number of iterations (Num iter) of ACO 
algorithm is set to 10, the ant colony size (Num ants) is set to 12, and the pheromone 
volatilization coefficient (휌) is set to 0.3, to ensure the effective exploration and 
convergence of hyperparameter space under reasonable calculation cost. 

Table 4. ACO-Transformer model parameter table. 
Parameter Setting 

Encoder dim 6 
Decoder dim 4 

Attention heads 2 
Embedding dim 32 

Batch size 16 
Num iter 10 
Num ants 12 

휌 0.3 

5.2. Prediction and verification of vibration comfort model 
To quantify the prediction error of the model and intuitively compare the 

performance of different models in the prediction of vibration comprehensive comfort, 
this study used Root Mean Square Error (RMSE) and Mean Absolute Percentage Error 
(MAPE) as the main evaluation indicators [53–55]. In addition, to further evaluate the 
fitting accuracy of the model in each evaluation dimension, this paper introduces the 
Cosine Similarity (CS) index to quantify the overall fitting difference between the 
model prediction result and the actual subjective score in each dimension. The larger 
the value, the more formal the prediction result and the real score shape of the model 
in each dimension. The calculation formula is shown in Equation (7): 

퐶푆 =
퐴 ∙ 퐵

‖퐴‖ ∙ ‖퐵‖
 (7) 

where, CS represents the shape similarity between the predicted value and the real 
value, A represents the predicted sample score, B represents the real sample score, ∥∙∥ 
represents the model of the sample score. 

In the 10 independent trainings of the ACO-Transformer model, the performance 
indicators of each prediction result are shown in Table 5. The results show that the 
average MAPE of the model in 10 predictions is 6.22 %, RMSE is 6.11, and CS is 
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0.966. This shows that the randomness of data set division has little effect on the 
prediction performance of the model. The ACO-Transformer model maintains high 
consistency and prediction accuracy in many experiments, which fully reflects the 
good stability and generalization ability of the model. 

Table 5. ACO-Transformer model 10 independent training performance indicators of each prediction result. 
Number RMSE MAPE CS 

1 6.05 6.28% 0.994 

2 6.15 6.19% 0.995 

3 6.18 6.32% 0.995 

4 6.08 6.17% 0.996 

5 6.10 6.20% 0.995 

6 6.13 6.44% 0.994 

7 6.07 6.06% 0.996 

8 6.12 6.23% 0.995 

9 6.11 6.21% 0.995 

10 6.08 6.18% 0.996 

Average 6.11 6.22% 0.995 

 

 
(a) (b) 

Figure 12. Prediction results and errors of ACO-Transformer test set: (a) prediction results of vibration 
comprehensive comfort; (b) relative error of vibration comprehensive comfort prediction. 

To intuitively show the prediction effect of the ACO-Transformer model on the 
test set, this paper selects the prediction results in the fifth training for visual 
presentation. The overall prediction performance of this experiment is close to the 
average level of 10 experiments, which is representative. As shown in Figure 12, the 
ACO-Transformer model can effectively capture the complex nonlinear mapping 
relationship between the objective vibration index and the driver’s subjective score, 
and has strong prediction accuracy and fitting ability, which can accurately predict the 
multi-dimensional vibration comfort of the cab. In addition, by analyzing Figure 12(a) 
and Figure 12(b), it can be found that the prediction error of the No.6 test sample is 
significantly higher than that of other samples. This is mainly because the No.6 sample 
is at an outlier in the sample distribution, and its feature distribution is quite different 



Sound & Vibration 2025, 59(4), 3523.  

20 

from most samples, resulting in a decrease in the accuracy of the model when 
predicting the sample. 

Subsequently, this paper visualizes and analyzes the vibration comfort prediction 
results of each evaluation dimension of the loader cab. Three representative typical 
samples in the test set are selected, and the radar chart of their actual subjective scores 
and model prediction results is drawn, as shown in Figure 13. Table 6 shows the 
prediction error of the ACO-Transformer model in three typical samples. The results 
show that the ACO-Transformer model can accurately fit the subjective scoring curve 
of each sample. This verifies that the ACO-Transformer model can adapt to different 
comfort distributions. It also shows that it has good multi-objective modeling ability 
and can achieve stable and reliable prediction performance based on balancing 
multiple vibration dimensions. 

 

(a) (b) 

 

(c) 
Figure 13. Vibration comprehensive comfort prediction radar chart: (a) samples with high overall comfort; (b) 
samples with low overall comfort; (c) samples with large differences in comfort perception in each dimension. 

Table 6. The prediction error of ACO-Transformer on three typical samples. 

Sample RMSE MAPE 
The overall comfort is higher sample 3.36 2.32% 
The overall comfort is lower sample 2.86 3.97% 

Samples with large differences in comfort perception in each 
dimension 

3.56 3.63% 
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To further verify the effectiveness of ACO-Transformer model in the prediction 
of comprehensive comfort of loader cab vibration, three models of Transformer, ACO-
CNN and ACO-LSTM were introduced for comparative analysis. The structural 
design and parameter setting of the ACO-CNN and ACO-LSTM models are detailed 
in Appendix Figures S1 and S2 and Tables S2 and S3. To ensure the fairness of the 
comparison, the four models were trained and tested based on the same data set, and 
10 independent training experiments were uniformly adopted. The average of the 10 
prediction results of each model was used as the final output result. Figure 14 shows 
the vibration comprehensive comfort prediction effect of the four models on the test 
set in the fifth training. The results show that the ACO-Transformer model has better 
prediction accuracy, robustness and robustness than other comparison models. 

 

Figure 14. Comparison of prediction results of Transformer, ACO-CNN, ACO-
LSTM and ACO-Transformer models. 

To quantify the performance differences of each model in the vibration comfort 
prediction task, this paper summarizes the average evaluation indicators of the test set 
prediction results of the four models in 10 independent trainings in Table 7. The 
results show that the MAPE of ACO-Transformer, ACO-LSTM and ACO-CNN on 
the test set are 6.22%, 8.18% and 9.55% respectively, RMSE are 6.11, 11.07 and 10.63 
respectively, and CS are 0.995, 0.979 and 0.981 respectively. The above results show 
that ACO-Transformer is compared with ACO-LSTM based on recurrent neural 
network and ACO-CNN based on convolutional neural network. It shows better 
prediction accuracy and fitting ability when dealing with multi-input and multi-output 
complex nonlinear subjective and objective mapping problems. It achieves the best 
results on all three indicators, showing stronger generalization ability and modeling 
stability. This is because the multi-head attention mechanism in the Transformer 
architecture has the global modeling ability of the input features, which can more 
effectively capture the interaction and potential coupling features between the 
vibration evaluation dimensions. In addition, the traditional Transformer model 
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performed worst among the four models, with MAPE, RMSE and CS of 11.07%, 12.72 
and 0.966, respectively. By comparing with the results of ACO-Transformer, the 
effectiveness of ACO in model hyperparameter optimization is further verified. ACO 
can effectively improve the learning efficiency and adaptability of the model in high-
dimensional space, to achieve more accurate and robust multi-objective prediction of 
the comprehensive comfort of cab vibration. 

Table 7. The average index comparison of Transformer, ACO-CNN, ACO-LSTM and ACO-Transformer models on 
the test set is carried out. 

Model RMSE MAPE CS 

Transformer 12.72 11.07% 0.966 
ACO-CNN 10.63 9.55% 0.981 

ACO-LSTM 11.07 8.18% 0.979 
ACO-Transformer 6.11 6.22% 0.995 

6. Conclusion 

Based on the current lack of research on the evaluation method of vibration 
comfort of electric loader cab, this paper proposes a comprehensive evaluation and 
prediction method of vibration comfort analysis, and studies the comprehensive 
vibration comfort of electric loader cab, mainly including the following aspects:  

Firstly, based on the driver’s actual feelings and the transmission characteristics 
of the cab structure, an objective evaluation method of vibration comfort including 
four key positions of seat, floor, and left handrail is constructed in this study. 
Subsequently, a multi-dimensional subjective evaluation scale covering the above four 
measuring points is designed by combining the hierarchical division method and the 
semantic subdivision method to fully characterize the driver’s subjective perception 
of the cab vibration comfort. Through the subjective and objective test of vibration 
comfort of electric loader, the subjective and objective data of 34 drivers were 
collected. On this basis, this study further proposes the vibration comprehensive 
comfort evaluation index OAL and SD, which are used to measure the overall comfort 
level of the cab and the balance of the scores of each dimension. 

Secondly, the ACO-Transformer network model based on ant colony 
optimization algorithm is constructed by using 12 objective RMS indexes of the above 
four measuring points in X, Y and Z directions as model input, and compared with 
Transformer, ACO-LSTM and ACO-CNN models. The results show that ACO-
Transformer performs best in terms of prediction accuracy and robustness. Its MAPE 
on the test set is 6.22 %, RMSE is 6.11, and CS is 0.995, which effectively verifies the 
applicability and superiority of the proposed model in the vibration comfort prediction 
task of the electric loader cab. 

In addition, considering that the combination of multiple models can improve the 
accuracy and generalization of vibration comfort prediction, in future research, it is 
planned to further explore the performance of ensemble learning methods such as 
Bagging, Boosting, and Stacking applied to the vibration comfort prediction of the cab 
of electric loaders, and improve the accuracy and robustness of vibration comfort 
prediction. At the same time, to further optimize the model structure and training 
efficiency, subsequent research will also consider introducing feature selection or 
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dimensionality reduction techniques to achieve a better balance between model 
complexity and performance. 
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Appendix 

Table A1. Statistical table of subjective score correlation of each measuring point. 
  Seat Floor Back L-armrest 

Lowering 

Seat 1 0.84 0.80 0.81 

Floor 0.84 1 0.85 0.90 

Back 0.80 0.85 1 0.83 

L-armrest 0.81 0.90 0.83 1 

Lifting 

Seat 1 0.87 0.83 0.86 

Floor 0.87 1 0.78 0.85 

Back 0.83 0.78 1 0.84 

L-armrest 0.86 0.85 0.84 1 

 
Figure A1. ACO-CNN model building flow chart. 

The overall structure of the ACO-CNN model is shown in Figure A1. The vibration RMS values of four key 
measuring points (seat, floor, back and left armrest) in X, Y and Z directions under each group of working conditions 
are input into the model, a total of 12 input feature dimensions, the output of the model is the subjective scoring results 
of the corresponding four measuring points. Table A2 lists the main parameter settings of the ACO-CNN model. In 
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terms of model structure, the number of convolution layers (Num conv layers) is set to 2, the size of convolution kernel 
(Kernel size) is set to 3, and the number of channels (Channels) of each convolution layer is set to 16 and 32 respectively. 
The Batch Size is set to 8 to achieve a balance between model training efficiency and stability. In terms of 
hyperparameter optimization, the maximum number of iterations (Num iter) of the ACO algorithm is set to 20, the ant 
colony size (Num ants) is 22, and the pheromone volatilization coefficient (휌) is set to 0.3, to achieve full search and 
effective convergence of the hyperparameter space under the premise of reasonable computational overhead. 

Table A2. ACO-CNN model parameter table. 
Parameter Setting 

Num conv layers 2 
Kernel size 3 

channels [16,32] 
Batch size 8 
Num iter 20 
Num ants 22 

휌 0.3 

 
Figure A2. ACO-LSTM model building flow chart. 

Figure A2 shows the overall architecture of the ACO-LSTM model. The input of the model consists of the RMS 
values of the four measurement points (seat, floor, back, left armrest) in the X, Y, and Z directions under each working 
condition, with a total of 12 feature dimensions. These features can fully reflect the characteristics of cab vibration in 
different positions and directions. The model output is the subjective score of the four measurement points, which 
directly corresponds to the driver's comfort perception at each contact point. Table A3 lists the main parameter settings 
of the ACO-LSTM model. ACO-LSTM adopts a network architecture with two layers of LSTM units stacked, each 
layer containing 64 hidden neurons. The batch size in the training phase is set to 8, so that the model can maintain high 
learning efficiency and avoid overfitting risks. Through this structure, the network can effectively learn the complex 



Sound & Vibration 2025, 59(4), 3523.  

28 

relationship between vibration characteristics and scores under limited sample conditions. In the hyperparameter search 
process, the ACO algorithm is used to dynamically adjust the key parameter combination. In the optimization strategy, 
the maximum number of iterations (Num iter) is set to 30, the ant colony size (Num ants) is 20, and the pheromone 
volatility coefficient (휌) is taken as 0.3. Such a configuration ensures a balance between sufficient exploration of the 
search space and pheromone convergence, thereby improving the stability of model training and prediction performance. 

Table A3. ACO-CNN model parameter table. 

Parameter Setting 
Num layers 2 
Hidden size 64 
Batch size 8 
Num iter 30 
Num ants 20 

휌 0.3 

 


