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A B S T R A C T

In this paper, we developed a micro-vibration measurement platform using five piezoelectric sensors. Compared 
to the traditional four-sensor measurement configuration, this design offers enhanced stiffness and expands the 
measurable frequency bandwidth. Through finite element analysis and optimized design, we determined the 
structural parameters of the platform and maximized its fundamental frequency. Additionally, a novel transfer 
learning algorithm was implemented for dynamic calibration. Within the calibration frequency band, this 
transfer learning approach utilizes the optimized parameters of the deep neural network (DNN) from the pre
vious frequency as the initialization parameters for the next frequency. This process enables the reuse of 
structural information across the entire frequency band, thereby improving the network’s convergence rate and 
reducing the workload required for tuning training parameters. The calibrated platform can accurately measure 
generalized forces within the frequency range of 10 ~ 600 Hz. The relative errors for the three-dimensional 
forces Fx, Fy and Fz are 2.38 %, 1.39 %, and 2.80 %, respectively, while those for the three-dimensional mo
ments are 2.18 %, 2.65 %, and 1.90 %. These results indicate that the calibrated measurement platform meets the 
requirements for precise measurements.

1. Introduction

Vibration monitoring based on multi-dimensional component mea
surement has important applications in various fields such as robotics, 
precision machining, and aerospace. By measuring the three-axis ac
celeration or six-dimensional generalized forces (Fx, Fy, Fz, Mx, My, Mz) 
at specific locations within a motion mechanism, it enables key func
tions such as control optimization [1,2], vibration suppression [3–5], 
and structural health monitoring [6,7].

Among the various scenarios that require vibration monitoring, 
satellite micro-vibration testing and control present new challenges. In 
recent years, the observation satellites under construction are not only 
larger and heavier than their predecessors, but their micro-vibration 
control requirements have also become more stringent. For instance, 
the China Space Station Telescope (CSST) features a primary mirror with 
a diameter of 2 m and a total mass of 15 tons [8–10], yet it is designed to 
maintain on-orbit micro-vibrations of less than 0.4 N. Furthermore, 
some proposed space telescopes, such as the planned optical satellites in 
Tianqin [11] and LISA [12], have even more stringent micro-vibration 

requirements with an absolute pointing accuracy of around 2.1 × 10− 3 

arcseconds.
Traditionally, the effects of micro-vibration usually could be evalu

ated through single-source testing or by performing integrated opto- 
mechanical analyses on the entire satellite. However, in this approach, 
analyzing the impact of a single vibration source on the overall system 
structure necessitates the installation of the entire opto-mechanical 
assembly—a step that is infeasible when subsystems are still in the 
design phase. Once all subsystems are available for testing, it becomes 
difficult to make substantial modifications to the micro-vibration 
isolation system design. To address this challenge, we aim to evaluate 
micro-vibration effects by treating each vibration source and its asso
ciated subsystem as a unified testing unit. This method retains the 
flexibility and convenience of stand-alone testing while also capturing 
the impact of individual vibration sources on the overall load-bearing 
structure, thereby providing a valuable reference for designing effec
tive micro-vibration isolation systems.

Currently, the main challenge in performing micro-vibration testing 
at the satellite subsystem level is the increasing size of the Device Under 
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Test (DUT). For smaller DUTs that are typically less than 
250 mm × 250 mm in size, measurements can usually be performed with 
accelerometers, force transducers, or small force measurement plat
forms [13–18]. However, for complex modules that incorporate both a 
vibration source and additional structural components, the projection 
area can approach 1 m × 1 m, which exceeds the capacity of current 
force measurement platforms. Consequently, researchers have investi
gated constructing large-scale micro-vibration measurement platforms 
to address this limitation.

Previously, most research on large-scale force measurement plat
forms focuses on the research and application of the Stewart platform 
[19–23]. However, this design is not suitable for micro-vibration testing. 
The quilted structure between the upper and lower plates makes its 
fundamental frequency too low to achieve the requirements of 
measuring high-frequency dynamic forces. Thus, exploring new con
figurations for measurement platforms has become necessary.

There are two primary challenges in constructing a large-scale micro- 
vibration measurement platform. First, as platform size increases, its 
fundamental frequency decreases rapidly, which restricts the measure
ment bandwidth range as the operating bandwidth must avoid the 
fundamental frequency. Researchers have made significant efforts to 
address this through structural design improvements. For example, Li 
et al. [24] and Zhou et al. [25–27] enhanced the fundamental frequency 
of the measurement platform by adding load-sharing structures or using 
a ring-shaped upper plate. Additionally, Xia et al. [28] maintained high 
stiffness in larger platforms by optimizing the sensor array arrangement, 
utilizing 16 sensors. Furthermore, commercial products have demon
strated a trend toward using high-stiffness, lightweight materials for the 
upper plates. For instance, in two models of Kistler force measurement 
platforms, replacing stainless steel with ceramic for the upper plate 
increased the fundamental frequencies in the x , y, and z directions by 
18 %, 18 %, and 36 %, respectively, without altering the plate size 
[29,30].

The second major challenge is the dynamic calibration of the mea
surement platform. In many previous studies, researchers used gener
alized inverse matrix for calibration [31,32], which simplifies data 
acquisition and processing. However, this linear-fitting approach over
looks the platform’s inherent nonlinearity, thereby limiting measure
ment accuracy improvements. Recently, the importance of nonlinear 
models for calibration has become more widely recognized, and re
searchers have begun applying neural network models to sensor cali
bration [33–36]. In the context of platform calibration, Zhou explored 
two neural network methods for calibration [27,37]. Compared to the 
traditional generalized inverse matrix method, neural network calibra
tion achieves nonlinear fitting, resulting in improved measurement ac
curacy. However, none of the neural network calibration methods 
mentioned above make use of the structural continuity of the sensor or 
the measurement platform across the frequency domain, which would 
leading to a lack of connection between neural networks at different 
frequency points, resulting in inefficiencies and discontinuities in 
training and parameter tuning.

In this paper, to solve the problem of ground micro-vibration testing 
for large payloads, we investigated the design, construction, and cali
bration of a large-scale measurement platform, addressing the two 
challenges mentioned above. In Section 2, we present the development 
of our measurement platform using five sensors. Through finite element 
analysis and parameter optimization, we designed a 500 mm × 500 mm 
platform while ensuring a high fundamental frequency. In Section 3, we 
proposed a novel transfer learning DNN for calibrating the measurement 
platform, which more effectively captures the nonlinear behavior of the 
platform under excitation. In Section 4, we conduct comprehensive tests 
on the calibrated measurement platform and calculate the output errors 
in six dimensions. The results demonstrate the feasibility and accuracy 
of the entire measurement system. Finally, in Section 5, we summarize 
the conclusions and discuss the potential of extending this measurement 
setup to other fields.

2. Structural design

Conventional multi-dimensional generalized force measurement 
platforms typically use four sensors arranged in a rectangular configu
ration. This design is simple, facilitates calculations, and reduces costs. 
However, as the size of the measurement platform increases, this 
configuration significantly reduces the fundamental frequency. To 
address this issue, we added an additional sensor at the center to 
enhance the stiffness of the platform. Fig. 1 illustrates the fundamental 
frequency of both the conventional four-sensor configuration and our 
five-sensor configuration as the platform size increases, and the only 
difference is whether or not a 5th sensor is present in the center. When 
the upper plate is small, the improvement in the fundamental frequency 
with the five-sensor configuration is not substantial. However, as the 
size of the upper plate increases, the advantage of the five-sensor 
configuration in terms of the fundamental frequency becomes more 
pronounced.

Fig. 2 illustrates the structure of the measurement platform, with five 
piezoelectric sensors (Kistler 9367C) mounted between the upper and 
lower plates. During measurements, the vibration source is attached to 
the upper plate, while the lower plate is fixed to the foundation. To 
maximize the fundamental frequency, specific parameters of the plate 
were optimized during the design process.

2.1. Upper plate design and optimization

The design of the upper plate has a substantial impact on the 
fundamental frequency of the measurement platform. Consequently, 
this section focuses on the optimization of the upper plate’s design pa
rameters. We utilized the finite element model shown in Fig. 3(a) to 
conduct the relevant simulations. In this model, the top surfaces of the 
five sensors are considered bolted and in frictional contact with the 
upper plate, while the bottom surfaces are fully constrained. To 
streamline the simulation, the lower plate, which serves as part of the 
foundation, was omitted to prevent local modes that might distort the 
simulation results. Furthermore, by excluding the frictional interactions 
between the lower plate, bolts, and sensors, this simplification reduces 
the computational resources required.

In our design, the upper plate is constructed from titanium alloy 
(TC4), with the optimization parameters summarized in Fig. 3(b) and 
Table 1. During the preliminary analysis, we simulated how four key 
parameters affect the fundamental frequency. With the maximum 
fundamental frequency as the optimization objective, we used the Ge
netic Algorithm (GA) for optimization. The flowchart of the algorithm 
and the optimization computation process are presented in Fig. 4 and 
Fig. 5, respectively. Based on the results in Fig. 5, along with additional 
validation, we observed that variables H and L have a monotonic effect 
on the fundamental frequency within the specified range. Consequently, 
their values were set to the minimum permissible within the allowable 
range: L = 500 mm and H = 40 mm.

To further explore the effects of variations in the other parameters, 
we calculated 64 evenly distributed points within the ranges of l and h 
and generated the contour plot shown in Fig. 6, which indicates that the 
maximum fundamental frequency occurs around h = 25 mm and l = 322 
mm. After further refinement, considering machining complexity and 
potential errors, we selected h = 24.4 mm and l = 310 mm, achieving a 
fundamental frequency of 1034 Hz. All relevant parameters have been 
calculated and are summarized in Table 2.

2.2. Structural FEA and testing

In Section 2.1, we determined the parameters of the upper plate; 
however, additional structural information is needed for further anal
ysis. Therefore, we used the same finite element model shown in Fig. 2
(a) to calculate the first four modes of the structure, with results dis
played in Fig. 7. The first and second modes are characterized by 
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extrusion and translation in two different directions along the surface, 
the third mode is torsional, and the fourth mode is bending.

To facilitate comparison with experimental results, we also analyzed 
the complete structure, including the lower plate. The first four modal 

shapes and their corresponding frequencies are shown in Fig. 8. A 
comparison between Fig. 7 and Fig. 8 reveals that the first- and third- 
order modes are swapped, which is expected due to their close fre
quency intervals. Additionally, the inclusion of the lower plate has a 
negligible impact on the calculated frequencies of the first four modes, 
supporting the reasonableness of the simplifications made during the 
optimization of the upper plate parameters.

Based on the previous analysis and design, we fabricated the mea
surement platform and conducted structural testing. As shown in Fig. 9, 
we performed a modal test on the platform using 10 accelerometers 
(LNS 802Y31), with 9 accelerometers arranged evenly on the upper 
plate to capture vibration data and 1 placed on the mounting base to 
record the weak coupling of the mounting foundation under excitation 
from the impact hammer.

Using data from the 9 accelerometers on the upper plate, Fig. 10
presents the modal test results of the platform, confirming the funda
mental frequency of 996.09 Hz. This reveals a 3.8 % relative error 
compared to the 1034 Hz frequency predicted by finite element analysis. 
Considering potential error sources such as machining and installation 
inaccuracies, as well as the coupling effect between the platform and the 
foundation, this error is within an acceptable range. These experimental 

Fig. 1. Comparison of fundamental frequencies between 4-sensor and 5-sensor configurations.

Fig. 2. Measurement platform layout.

Fig. 3. Upper plate: (a) Finite element model; (b) Parameters to be optimized.

Table 1 
Optimization parameters and value ranges.

Parameter Range

L ≥500 mm
l 220 ~ 400 mm
H 40 ~ 50 mm
h 0 ~ 40 mm
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results validate the accuracy of our finite element simulation and un
derscore its significance in optimizing the platform design, a crucial 
aspect for the development of measurement platforms.

3. Calibration

When positioned away from the fundamental frequency, the mea
surement platform can be treated as a rigid body, and the measurement 
results are obtained from the responses of the five three-component 
sensors using Eq. (1). In which dni represents the shortest vector of 
axis n pointing toward sensor i, while Fni represents the response of 
sensor i in direction n. 

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Fx =
∑i=5

i=1
Fxi

Fy =
∑i=5

i=1
Fyi

Fz =
∑i=5

i=1
Fzi

Mx =
∑i=5

i=1
dxi × Fyi +

∑i=5

i=1
dxi × Fzi

My =
∑i=5

i=1
dyi × Fxi +

∑i=5

i=1
dyi × Fzi

Mz =
∑i=5

i=1
dzi × Fxi +

∑i=5

i=1
dzi × Fyi

(1) 

The sensors used in this setup were factory-calibrated, which 

Fig. 4. Flowchart of the GA.

Fig. 5. Optimization process using the GA.
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theoretically allowing measurements to proceed without further cali
bration. However, during the practical testing, we found this assumption 
to be unreliable. With varying input amplitudes, the output from the 
measurement platform exhibited significant nonlinear behavior, 
particularly under shock excitation. Therefore, if high measurement 
accuracy is required, additional calibration of the measurement plat
form is essential. To address this need, we proposed a transfer learning 
DNN calibration scheme.

3.1. Network design

In the calibration process, a transformation exists between the 
applied excitations and the actual responses, represented by Eq. (2). 

Here, M can be treated as a 6 × 15 transfer matrix that adjusts the 15 
sensor channel responses into a six-dimensional generalized force. 
Calibration of the platform is usually done by determining matrix M via 
the generalized inverse matrix method. However, this approach models 
the entire system as linear, which cannot capture the inherent nonlinear 
behavior, ultimately limiting measurement accuracy. To improve this, 
we sought an alternative to M in Eq. (2) by employing a nonlinear 
transformation to more accurately represent the relationship between 
the actual response and the calibrated response. For this purpose, we 
developed a DNN-based calibration model. 
⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎣

Fx(ω)
Fy(ω)
Fz(ω)

Mx(ω)

My(ω)

Mz(ω)

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎦

exc

= M(ω)6×15

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎣

Fx1(ω)

Fyi(ω)

Fz1(ω)

Fx2(ω)

⋮
Fz5(ω)

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎦

res

(2) 

To retain the structural information in Eq. (1), the sensor outputs are 
first substituted into Eq. (1) for calculation, yielding uncalibrated six- 
dimensional measurement results. These measurements are then com
bined with the excitation values and subjected to a Fourier transform to 
obtain frequency-domain data [Fres(ω), Fexc(ω)]. For each frequency ω, 

Fig. 6. Impact of l and h variations on fundamental frequency.

Table 2 
Optimization results.

Parameter Value

L 500 mm
l 310 mm
H 40 mm
h 24.4 mm

Fig. 7. First 4 modes of the upper plate optimization model.
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the calibration process involves finding a DNN that converts the un
calibrated results Fres(ω) to the correct values Fexc(ω).

Since calibration is performed in the frequency domain, we observe 
that, unlike traditional neural network training problems, it is necessary 
to retain network parameters for each frequency point ω. Our research 
objective, therefore, is not merely to design a neural network with a 
highly complex structure to achieve ultimate fitting accuracy. Instead, a 
more important goal is to develop numerous network groups that are 
easy to train, exhibit good convergence properties, and provide high- 
precision fitting results. To achieve this, we initially trained the first 
DNN (ω = ωmin) using randomly initialized parameters and then used 
the trained DNN parameters at frequency ω as the starting input for 
training at frequency ω + Δω. This transfer learning strategy signifi
cantly accelerates the training process for the following DNNs. More
over, the use of transfer learning requires manual adjustment of only the 
detailed parameters in the first network, thereby further reducing the 
overall workload of the training process.

The structure of our designed DNN is illustrated in Fig. 11, the hid
den layer comprises six fully connected (FC) layers. The configuration of 
the first five FC layers is identical: each FC layer generates 16 outputs, 

uses batch normalization, and applies the ReLU activation function. The 
sixth FC layer serves as the precursor to the output layer, generates 6 
outputs and also utilizes the ReLU activation function, aligning with the 
non-negative nature of our objective function, which is compatible with 
the output range of the ReLU function. To compute the output at a given 
frequency ω, we used matrix [Fres(ω − Δω), Fres(ω), Fres(ω + Δω)] as the 
input instead of matrix Fres(ω). This choice is based on two primary 
considerations. First, the structure of measurement platform shows 
similarity across closely spaced frequency points, and leveraging 
response data from adjacent frequencies enhances system robustness 
and helps prevent overfitting. Second, ensuring an appropriate overlap 
between inputs at adjacent frequencies supports the implementation of 
transfer learning, which will be elaborated upon in subsequent chapters.

3.2. Training process

After establishing the calibration methodology, an excitation device 
capable of providing measurable six-dimensional generalized forces is 
required. We used an I-shaped tooling, as depicted in Fig. 12(a), to input 
these excitations. This method, as proposed in Ref. [28], uses a force 

Fig. 8. First 4 modes of the overall structure.

Fig. 9. Modal test setup for measurement platform.
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hammer to apply impacts at different points on the tooling, generating 
force and moment inputs across various directions and magnitudes. By 
attaching accelerometers to the tooling, as shown in Fig. 12(b), the 
fundamental frequency was measured to be 3859.86 Hz, as displayed in 
Fig. 12(c). This frequency is over three times the fundamental frequency 
of our measurement platform, allowing the tooling to be considered as a 
rigid body when mounted on the platform’s upper plate. Under these 
conditions, and to simplify calculations, the excitation applied to the 
tooling was transformed to the equivalent excitation at the center of the 

upper plate surface. Thus, the standard excitation values, i.e., the left 
side of Eq. (2), can be obtained.

For data collection, we selected 10 points on the surface of the 
tooling as input points for excitation. The dimension of each excitation 
was set normal to the surface, with each point impacted 40 times at 
varying force magnitudes, resulting in 400 data sets. These data will be 
used to train the neural network in the subsequent section. Fig. 13 il
lustrates the data collection process and the setup used.

The transfer learning training process is described as follows, with a 
detailed flowchart in Fig. 14 illustrating the operational steps of network 
training: 

1. Preprocess the collected data, determine the frequency bandwidth 
for calibration, and divide the data according to different frequencies 
ω. There are 400 groups of data, each with [Fres(ω − Δω), Fres(ω),

Fres(ω + Δω)] and the corresponding Fexc(ω).
2. Starting with ω = ωmin , initialize the weights and biases of each 

neuron using the He initialization method. Divide the 400 data sets 
into a training set and validation set with an 8:2 ratio.

3. Randomly divide the training set into mini-batches of size 16.
4. Use one mini-batch to compute the network output. The output of 

each neuron is calculated by Eq. (3), where the subscript (j, k) rep
resents the kth neuron in the kth layer, and the function f denotes the 
ReLU activation function. The output of the final FC layer is the fitted 
result, as expressed in Eq. (4). 

u(j,k) = f

[
∑16

i=1
(w(i,k) × u(j− 1,i) + b(i,k))

]

(3) 

Mout = [Fx, Fy, Fz,Mx,My,Mz]out (4) 

5. Substitute Mout and Fexc(ω) into Eqs. (5) and (6) to calculate the root 
mean square error (RMSE) and loss. Apply the backpropagation al
gorithm to update the weights and biases of each neuron. For the 
initial case ω = ωmin, Epochmax is set to 300, as training the DNN from 
a random initial state requires more epochs to achieve convergence. 
For subsequent cases ω > ωmin, Epochmax is set to 100, as transfer 
learning enables faster convergence with fewer epochs. 

RMSE =
1
6

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

∑3

i=1
(Fi − Fexc)

2
+
∑3

i=1
(Mi − Mexc)

2

√
√
√
√ (5) 

Fig. 10. Transfer function of the measurement platform.

Fig. 11. Structure of the DNN.
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Loss =
1
6

[
∑3

i=1
(Fi − Fexc)

2
+
∑3

i=1
(Mi − Mexc)

2

]

(6) 

6. The learning rate is defined by Eq. (7), where Lr0 denotes the initial 
learning rate, and Epoch and Epochmax represent the current and 
maximum number of epochs, respectively. Eq. (7) ensures that a 
larger learning rate is used during the initial stages of training, 
allowing the network to converge more quickly. In later stages, a 

smaller learning rate is applied to refine the network and reach an 
optimal solution. Additionally, due to the retraining mechanism in 
subsequent training steps for underperforming networks, this adap
tive learning rate also provides a cyclical learning rate training 
scheme to enhances their performance. 

Lr =
Lr0

2
×

(

− tanh
(

2π
Epoch

×

(

Epoch −
Epochmax

2

))

+ 1
)

(7) 

Fig. 12. I-shaped tooling, (a) Working condition; (b) Modal test preparation; (c) Modal test results.

Fig. 13. Data collection site.
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7. Repeat steps 4 and 5 with the next mini-batch. Once all mini-batches 
have been used, proceed to the next epoch and return to step 3, 
iterating until the target training and validation loss are reached or 
the maximum epoch limit is met.

8. After training completes, use the network to predict the six- 
dimensional generalized forces on the training and validation data 
sets. If the maximum and mean RMSE values meet the specified 
targets, the DNN training is considered complete; otherwise, 
retraining is required.

9. ωi+1 = ωi + Δω, use the DNN parameters of ωi as the initial pa
rameters of ωi+1, return to step 3 and perform transfer learning until 
ω = ωmax.

Using the above training scheme, we calibrated the measurement 
platform within the frequency band of 10 ~ 600 Hz; thus,ωmin and ωmax 
are set to 10 Hz and 600 Hz, respectively, with a Δω of 0.4 Hz. In total, 
we trained 1476 neural networks, and the network structure and 
training method we designed performed effectively for this task.

Fig. 15 presents the RMSE on the training and validation sets for each 
frequency ω. Since the training set and validation set contain 320 and 80 
data groups, respectively, the corresponding RMSE values are calculated 
320 and 80 times. Therefore, we use the maximum and mean RMSE 
values to evaluate training performance. The results indicate that, across 

the entire frequency band, the maximum RMSE remains below 0.09 and 
the mean RMSE is below 0.02, demonstrating that the trained networks 
provide accurate fitting results. Additionally, although the RMSE values 
fluctuate, the RMSEs of the training and validation sets remain closely 
aligned, which confirms that our network structure is robust and does 
not exhibit overfitting.

Additionally, as shown in Fig. 16, we analyzed the output variation 
in response to changes in input across six dimensions and calculated the 
relative errors, as summarized in Table 3. Across the entire dataset, the 
maximum relative error in the predictions for the dimensions Fx, My, 
and Mz is less than 4 %, while the maximum relative error for Fz, Mx, 
and My is less than 8 %. This discrepancy arises from the lower stability 
of our calibration tool in vertical excitation compared to horizontal 
excitation. Overall, these results demonstrate that the network performs 
well within the calibration range, with a strong fitting performance 
across varying input force amplitudes.

4. Testing and analysis of results

After the training process, we conducted detailed tests to evaluate 
their performance. During testing, excitations were applied to the 
measurement platform with the I-shaped tooling installed, enabling us 
to calculate the theoretical six-dimensional generalized force inputs. 

Fig. 14. Training process of the transfer learning DNN.
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Fig. 15. RMSE of the networks.

Fig. 16. Outputs and relative errors in six dimensions.
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When excitation is applied in the x direction, the expected response 
should appear in Fx, My, and Mz, with no response in the remaining 
three dimensions. Similarly, when the excitation is in the y direction, 
responses are expected in Fy, Mx, and Mz, and for excitation in the z 
direction, responses should appear in Fz, Mx, and My. By applying 
excitation sequentially in the x , y, and z directions, we can verify the 
predicted results across all six directions.

4.1. Measurement without DNN calibration

Although the sensors used in our system are dynamically calibrated 
in factory, experimental results demonstrate that the measurement ac
curacy of the platform does not meet the exacting requirements without 
additional calibration. Fig. 17 provides an example where excitations 
are applied in the three dimensions Fy, Mx, and Mz, while the excitations 
in the remaining three dimensions are zero. Without calibration using 
the transfer learning DNN, the sensor outputs exhibit significant de
viations from the actual inputs. Due to coupling effects between the 
sensors’ output dimensions, non-zero signals are observed in directions 
where the outputs should theoretically be zero. Additionally, Fig. 17 also 
shows that, in certain frequency bands, small structural couplings be
tween the measurement platform and the marble foundation result in 
responses exceeding those of the target measurement dimensions, 
further distorting the measured values.

4.2. Measurement with transfer learning DNN

The measurement results without neural network calibration are 
significantly impacted by coupling effects between the sensor output 
dimensions and the structural coupling between the measurement 
platform and the marble foundation. Our calibration method effectively 
addresses both issues. Fig. 18 presents the calibrated outputs for exci
tations in the x , y, and z directions, respectively. The figure shows that, 
in the excitation direction, the outputs align closely with the inputs, 
while in non-excitation directions, the outputs are nearly zero, demon
strating that our neural network calibration successfully addresses both 
the fitting and decoupling challenges. As shown in Table 4, the average 

relative error of the response data across all six dimensions remains 
below 3 % throughout the entire frequency band, indicating that our 
measurement system reliably performs within the calibrated frequency 
range. In contrast, calibrating only the sensors without further cali
brating the platform leads to relative measurement errors exceeding 
25 % across all six dimensions, rendering precise measurements 
infeasible.

5. Conclusions

This paper presents a comprehensive discussion of the design, analysis, 
calibration, and testing of a six-dimensional micro-vibration measurement 
platform. To perform micro-vibration tests for large space payloads, a 
larger six-dimensional generalized force plate is required. In response to 
this demand, we designed and constructed a measurement platform with a 
5-sensor configuration. Compared to the traditional 4-sensor force plate, 
an additional sensor positioned at the center of the platform enhances the 
fundamental frequency of the structure. Through finite element analysis, 
we determined that the fundamental frequency of the platform in the 5- 
sensor configuration is increased by 12 % relative to the 4-sensor config
uration, significantly optimizing the structural parameters of the mea
surement platform. Additionally, by optimizing certain parameters of the 
upper plate with the fundamental frequency as the design target, we 
further improved the structure’s fundamental frequency. The final plat
form has a fundamental frequency of 996 Hz, closely matching our FEA 
result of 1034 Hz, which meets the measurement requirements.

Following the structural design, we further studied the calibration 
method. In previous engineering projects, it was commonly assumed 
that a force plate with multiple calibrated sensors did not require further 
calibration. However, we found that due to nonlinear effects, high- 
precision measurements could not be achieved without dynamic cali
bration using a model capable of nonlinear fitting. To address this, we 
proposed a novel transfer learning DNN model to calibrate the platform. 
At each pair of adjacent frequencies, the trained parameters of the 
preceding network serve as initialization parameters for the subsequent 
network, thereby implementing transfer learning. For network training, 
transfer learning implies that, once the DNN hyperparameters at ωmin 
are adjusted, high-performance networks can be obtained across all 
frequency points within the entire frequency band. At a deeper level, the 
transfer learning process reflects the continuity of the structural physical 
properties within a contiguous frequency band. With the transfer 
learning DNN model, we successfully reduced the measurement error to 
less than 5 % and met the requirements for high-precision measurement.

Although the measurement platform in this paper is designed for 
micro-vibration testing of satellite payloads, its large upper plate, 
excellent rigidity, and high measurement accuracy make it suitable for 
more general vibration testing of large motion mechanisms. However, 

Table 3 
Maximum relative errors in six dimensions.

Input force/moment Maximum relative error

Fx 3.33 %
Fy 3.38 %
Fz 7.00 %
Mx 6.76 %
My 7.73 %
Mz 3.33 %

Fig. 17. Measurements without transfer learning DNN calibration.
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compared to vibration sources on satellites, general vibration sources 
may have larger vibration amplitudes, and their design may not prior
itize optimization in terms of volume and mass to the same extent. 
Therefore, in extending its application, more attention must be paid to 
collecting appropriate calibration data that covers the relevant ampli
tudes and frequency bands. Additionally, when the vibration source is 
relatively heavy, further structural testing may be required to avoid 
potential structural coupling.

Fig. 18. Comparison between measured and theoretical magnitudes: (a)Fx, My, Mz; (b)Fy, Mx, Mz; (c)Fz, Mx, My.

Table 4 
Test results in six dimensions.

Input force/moment Average relative errors

Fx 2.38 %
Fy 1.39 %
Fz 2.80 %
Mx 2.18 %
My 2.65 %
Mz 1.90 %
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