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Abstract:  In response to the requirements for high-precision detection and diverse data scenarios in the field of intelligent optical sensing, 
this research combines whispering gallery mode (WGM) microcavity sensing with machine learning to solve the problems of low spectral 
information utilization, large random errors, and poor adaptability to data scales in the traditional microcavity sensing. Firstly, the WGM 
microcavity sensing system is used to collect transmission spectral datasets of different scales. Secondly, a multi-layer perceptron (MLP) 
deep learning algorithm based on full-spectrum feature mapping is adopted to train and test the datasets through hierarchical feature 
extraction and nonlinear fitting. The results show that the MLP achieves the test accuracy of 99.95% on large datasets. However, it 
exhibits poor performance on small datasets. Subsequently, the generalized regression neural network (GRNN) is introduced, leveraging 
its non-iterative training and strong local feature fitting advantages to optimize the small sample scenarios. The results indicate that the 
GRNN can achieve a test accuracy of 98.85% on small data sample datasets, improving by 10.29% compared to MLP. Finally, this study 
quantitatively compares and analyzes the test performance of MLP and GRNN models for five datasets of different scales, clarifying the 
performance advantages of the two models under different data conditions. This study fully utilizes the characteristics of MLP and GRNN 
models to achieve high-precision detection under different data scales, providing strong technical support for the application of intelligent 
optical microcavity sensing technology in various scenarios.
Key words:  machine learning; whispering gallery modes(WGM); microbottle resonant; pressure detection

0　Introduction

Whispering gallery modes (WGM) optical microcavities 
have become a promising sensing platform due to their high 
quality factor (Q value), miniaturized structure and 
superior optical performance. These microcavities can 
confine photons within a small mode volume for a long 
time, thereby significantly enhancing the interaction 
between light and matter, providing crucial support for the 
improvement of detection sensitivity and resolution[1]. 
Currently, WGM microcavities with various structures 
such as microrings, microdisks, micropillars, 
microspheres, and microbottles have become research 
hotspots[2-3]. Among them, the hollow microbottle 
resonantor (HMR) with a hollow structure has attracted 
much attention due to its excellent performance in the 
detection of liquid concentration, flow rate, and pressure[4-6].

Pressure is a basic physical parameter in chemistry, 

biology, physics and other disciplines, and its accurate 
measurement is of great significance. Traditional WGM 
microcavity pressure sensing mainly achieves detection 
by analyzing specific modes in the transmission 
spectrum, such as mode shift[7], mode broadening[8], and 
mode splitting[9]. However, manually selecting specific 
modes limits the accuracy of the sensor in three aspects. 
Firstly, the spectral information is not fully utilized. 
Only the characteristics of a single resonant mode are 
extracted, and the abundant pressure-related implicit 
information such as changes in the morphology of the 
spectrum, linewidth, and quality factor in the spectrum 
is not taken into account, resulting in low sensing 
accuracy. Secondly, human intervention introduces 
errors, making it difficult to meet the high-precision 
requirements. Thirdly, it has poor adaptability to data 
scale and environmental interference. When the pressure 
gradient is sparse (in small sample scenarios) or there 
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are interferences of temperature drifts and vibrations, a 
single mode analysis is prone to misjudgment, which 
also leads to a significant drop in detection accuracy. 
These limitations are difficult to be resolved through 
hardware structure optimization alone. However, 
machine learning technology has the capabilities of full 
feature mining, nonlinear fitting, and adaptive 
modeling, which can intelligently interpret the complete 
spectral information, avoid human intervention errors, 
and adapt to different data scales[10-12].

In recent years, with the development of artificial 
intelligence, machine learning technology has been 
widely applied in the field of optical microcavity sensing, 
especially showing significant advantages in multi-modal 
data processing[13-14]. For instance, Duan et al. [15] 
constructed a pressure detection system based on 
microsphere resonators, using the multilayer perceptron 
(MLP) deep learning algorithm to analyze all features of 
the spectrum, and finally achieved a pressure test 
accuracy of 99.97%. Compared with the traditional 
method of extracting a single resonant mode for 
analysis, the measurement accuracy is improved by 
11.5%. Chen et al. [16] studied the temperature sensing of 
microsphere resonators based on the generalized 
regression neural network (GRNN), achieving both 
high accuracy and a large dynamic range. Within the 
range of 25.00 ℃ to 40.00 ℃ , the detection accuracy 
reached 3.8×10−3 ℃ . In our previous research[17], it has 
also been confirmed that the ethanol concentration 
sensor based on MLP for full-spectrum analysis has a 
testing accuracy that is 13.02% higher than that of the 
sensor that only extracts a few local features. However, 
most of the existing research focuses on the application 
of a single machine learning algorithm and has not yet 
conducted algorithm adaptability studies for different 
data scale fields.

Therefore, based on the previous research, the MLP and 
GRNN models are applied to WGM microcavity pressure 
sensing to analyze the difference test performance under 
different scale data. Finally, high-precision intelligent 
microcavity pressure sensing is realized to adapt to different 
scale datasets. The specific research process is as follows: 
Firstly, a WGM microbottle resonant cavity pressure 
detection system is designed, combined with the study of 
the influence of microcavity wall thickness on pressure 
sensitivity, and a high-sensitivity pressure sensing unit is 
prepared. Subsequently, spectral data are collected at 
different pressure setting points, and divided into non-
overlapping training and testing datasets, which are used for 
model training and performance evaluation, respectively. 

Finally, the test performance of MLP and GRNN on 
different scale datasets is compared and analyzed. The 
experimental results show that when the data samples are 
sufficient, both the MLP and GRNN models exhibit 
excellent sensing performance; however, when only a 
sparse dataset with only six different pressure gradients is 
used, the test accuracy of MLP and GRNN is 88.56% and 
98.85%, respectively. Obviously, compared with the MLP 
algorithm, the GRNN has better performance in small 
sample measurement scenarios.

1　Sensing principle and algorithm

1.1 Sensing principle

As shown in Fig. 1, when the laser is introduced into 
the optical tapered fiber, the light that satisfies the total 
internal reflection condition will be totally reflected on 
the surface of the HMR. When the optical path traveled 
by the light in the microcavity is equal to an integer 
multiple of the wavelength, the optical field will form a 
stable resonant mode. For WGM microcavities, their 
resonant conditions can be expressed as [18]

λ = 2πrn
m

, (1)

where λ is the resonant wavelength, r is the microcavity 
radius, n is the effective refractive index of WGM, and 
m is the number of azimuth modes.

The core working principle of WGM microcavity 
pressure sensing is to detect the shift of the WGM 
resonance wavelength. Initially, the microcavity is in a 
balanced state, producing a stable transmission spectrum, 
and the corresponding resonant wavelength remains 
constant. When different pressures are applied to the HMR, 
the size and effective refractive index of the microcavity will 
be changed, ultimately causing a shift in WGM resonance 
wavelength [18]. The total displacement generated by the 
resonant wavelength λ can be expressed as[19-22]

dλ
λ

= dr
r

+ dn
n

. (2)

Fig. 1　 HMR and tapered fiber coupling structure （inset is 
cross⁃sectional view of HMR）
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In the following, we will approximate the HMR as a 
thin spherical glass shell, r1 and r2 represent the outer 
and inner radii of the HMR, pin and pex represent the 
internal and external pressures of the HMR, and n0 
represents the refractive index of the HMR, 
respectively. The pressure expansion of HMR is 
calculated at r=r1, and the strain term is further derived 
as function of p in

[22].
dr ( p in )

r1
= ( 4G + 3K ) p in r2

3 - 4Gp ex r1
3 - 3Kp ex r2

3

12GK ( r1
3 - r2

3 )
,

(3)

where the shear modulus and bulk modulus are G=31×
109 Pa and K=41×109 Pa, respectively. The pressure 
dependency of the refractive index can be calculated from 
the Maxwell-Neumann equation by using the normal stress 
distributions as[22]

dn
n

= 3( p in r2
3 - p ex r1

3 ) C
n0 ( r1

3 - r2
3 )

. (4)

The silica birefringence constant C=4×10−12 m2/N. 
From Eqs. (2) − (4), it can be seen that the resonant 
wavelength moves linearly with the internal pressure pin. 
Then, the internal pressure sensitivity Sp of the HMR is

Sp = dλ
dp

= ( 4G + 3K
12GK

+ 3C
n0 ) χ, (5)

where the geometric parameter χ represents

χ = r 3
2

r 3
1 - r 3

2
. (6)

Therefore, the thickness of the microcavity wall is a key 
factor affecting the internal pressure sensitivity of the HMR. 
The larger the volume of the microcavity, the thinner the 
wall thickness, and the higher the pressure sensing 
sensitivity. Based on this, subsequent experiments will 
compare and analyze the sensing sensitivity of two micro-
cavities with different wall thicknesses.

1.2 MLP algorithm

The MLP model consists of three layers of neurons: 
an input layer, a hidden layer and an output layer. The 
input layer receives the transmission spectral 
characteristics corresponding to different pressures, 
which are input in the form of a matrix; the output layer 
exports the pressure value corresponding to the 
transmission spectrum; and the hidden layer is used to 
adjust the nonlinear relationship between the input layer 
and the output layer[15]. Its structure is shown in 
Fig. 2(b), and each neuron between layers is connected 
through weights, forming a fully connected layer. For a 
single hidden layer model, the relationship between the 

output y and the input xi is[25]

y = ∑
i = 1

m

ωi f ( )b0 + ∑
j = 1

n

xi ωij , (7)

where b0 is the bias term, wi and wij are the weight 
factors of the input layer and the output layer 
respectively, xi represents the ith pressure value, 
and f( · ) is a nonlinear activation function. The activation 
function used in this study is the ReLU function.

The construction of the MLP includes two processes: 
training and testing processes. Among them, the core 
purpose of the training process is to adjust the biases and 
weight factors of the input and output layers through the 
loss function until the model generates the optimal target 
output, thereby obtaining a stable and highly performing 
model. The testing process is to verify the performance 
of the model using the data that are not participated in the 
training. After the model training is completed, the test 
data are input into the model to evaluate the test accuracy 
of the model. In this process, the mean squared error 
(MSE) can be used for assessment, defined as[26]

σMSE = 1
N ∑

i = 1

N

( pi - p̂ i )2. (8)

In addition, the coefficient of determination (R2) can also 
be used to quantify the final test accuracy, which is defined 

（a） pressure detection system

（b） MLP model

（c） GRNN model
Fig. 2　Schematic diagram of sensor system design
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as[15]

R2 = 1 -
∑
i = 1

N

( p̂ i - pi )2

∑
i = 1

N

( p̄ - pi )2
, (9)

where pi and p̂ i represent the true value of the ith sample and 
the network test value, respectively; p̄ is the average of the 
true values; and N is the total number of test samples.

1.3 GRNN algorithm

Different from the iterative training mechanism of MLP, 
GRNN directly constructs the function mapping 
relationship between the input and output from the training 
data, which has potential advantages for analyzing small 
sample datasets. As shown in Fig.2(c), the basic structure 
of GRNN consists of four parts: the input layer, the pattern 
layer, the summing layer, and the output layer. Among 
them, the pattern layer uses the Gaussian function as the 
activation function, and calculates the Euclidean distance 
between the input vector and the training sample by 
adjusting the smoothing factor σ, thereby achieving the 
nonlinear mapping of the input data. Its mathematical 
expression is[28]

φ (  x- p i )= exp ( )-
 x- p i

2

2σ 2 , (10)

where x is the input data vector, pi is the center point 
corresponding to the ith pattern layer neuron, σ is the 
smoothing factor, and  ·  represents the Euclidean 
distance. According to Eq.(10), when the input x is close 
to the center point pi, the function value is larger; as the 
distance between x and pi increases, the function value 
rapidly decays and approaches 0. The summation layer 
contains two sub-layers: the weighted summation layer (S-
summation neurons) and the arithmetic summation layer 
(D-summation neurons). Among them, the S-summation 
neurons are used to calculate the weighted sum of the output 
of the pattern layer, while the D-summation neurons are 
used to calculate the unweighted sum of the output of the 
pattern layer. The operation relationship is[28]

S = ∑
i = 1

n

Y i exp ( )- ( )X- X i
T ( )X- X i

2σ 2 , (11)

D = ∑
i = 1

n

exp ( )- ( )X- X i
T ( )X- X i

2σ 2 , (12)

where Yi represents the weight from the ith neuron in the 
connection mode layer to the summing layer, Xi represents 
the input vector of the ith training sample, and X is the 

number of samples to be tested. For the input vector X, the 
output Y of the GRNN is the ratio of the result of the 
weighted summing layer to the result of the arithmetic 
summation layer. The purpose is to ensure that the output 
value is the weighted average of all training samples, and 
its expression is

Y (X )= S
D

=
∑
i = 1

n

Y i exp ( )- ( )X- X i
T ( )X- X i

2σ 2

∑
i = 1

n

exp ( )- ( )X- X i
T ( )X- X i

2σ 2

.(13)

In this research , the final test results are evaluated by 
using the MSE and R2. The smaller the MSE, the 
smaller the deviation between the predicted value of the 
model and the true value; the larger the R2 value, the 
higher the fitting degree of the model to the test data, 
that is, the better the test performance of the model.

2　Experimental setup and results

2.1 Construction of sensing system

The data acquisition system of the WGM microcavity 
pressure sensor is achieved through the coupling of the 
tapered fiber and the HMR. The HMR is prepared from 
silica capillary tubes. The preparation process is as follows: 
First, connect one end of the capillary tube to a pressure 
pump, and use an optical fiber fusion splicer (S183PM) to 
discharge and fuse the other end to make it sealed; then, 
move the precise position of the capillary structure to be 
prepared between the two electrodes of the fusion splicer 
and adjust the discharge time and current; finally, the 
capillary is pressurized from one end connected to the 
pressure pump and then discharged. Under the action of air 
pressure, the partially discharged and heated part of the 
capillary tube gradually expands to form the desired 
capillary shape. During the preparation process, the part of 
the capillary heated by discharge gradually expands to form 
the required microbottle shape. During the preparation 
process, the wall thickness of the HMR is mainly controlled 
by regulating the air pressure, discharge time and number 
of discharges. To verify the influence of different wall 
thicknesses on the sensitivity of pressure detection, two 
HMRs with wall thicknesses of approximately 8.6 μm and 
14.3 μm are prepared at different positions of the same 
capillary tube. During pressure detection, to prevent gas 
leakage, the sealed end of the capillary tube is re-sealed 
with ultraviolet (UV) glue. Additionally, the tapered fiber 
is fabricated from single-mode optical fibers (with a core 
diameter inner diameter of 8.3 μm and an outer diameter of 

165



Vol. 17 No. 1, Mar.  2026Journal of Measurement Science and Instrumentation

125 μm) through hydrogen-oxygen flame heating. By 
adjusting the flame position and stretching rate, different 
diameters of tapered bodies can be obtained. This process 
can be monitored in real time in the CCD imaging system to 
detect the changes in the fiber size. In the experiment, a 
tapered optical fiber with a diameter of approximately 
2.3 μm that matches the HMR is prepared. The preparation 
processes of the HMR and the tapered optical fiber have 
been described in detail in our previous studies[17,23].

To reduce the noise interference caused by external 
environmental and enhance the stability of the coupling 
system, the sensing unit is packaged in this study. The 
specific packaging process is described in detail in our 
previous studies[17,23]. The encapsulated sensing system is 
placed in an acrylic box, which further improves the 
robustness and anti-interference ability of the system, 
ensuring its stable and accurate operation in complex 
application scenarios, and providing a more reliable 
guarantee for subsequent experiments and practical 
applications.

The principle of the WGM microbottle resonator 
pressure detection system is shown in Fig. 2(a). This 
system consists of an optical transmission system, a 
pressure transmission system, and a display system. 
Among them, the optical transmission system is composed 
of a tunable laser (1 550 nm, NKT Company), an isolator, 
a polarization controller (PC), and a packaged sensor; the 
pressure transmission system changes the internal pressure 
value of the microcavity through a pressure pump, and 
displays the actual pressure value through a pressure gauge; 
the display system is composed of an oscilloscope and a 
computer, and the computer will automatically collects data 
at the set time intervals to conduct in-depth data analysis 
and processing for the subsequent machine learning. In 
addition, a function generator is used to generate a 
triangular wave modulation signal with a peak-to-peak 
value of 10 V, which is connected to the laser to achieve 
linear continuous scanning of the laser frequency. During 
the experiment, the packaged sensor is placed on an 
isolation platform, and the laboratory temperature is 
controlled to be 25 ℃ with a relative humidity of 30% to 
minimize the interference of the external environment on the 
experimental results. 

Fig.3(a) shows the WGM transmission spectrum 
corresponding to a pressure value of 10 kPa, and it can be 
seen that there are multiple modes in the transmission 
spectrum. Usually, the typical resonant peak with a high 
quality factor (Q) is selected to achieve sensing. The Q 
values of the resonant peaks Tip1 and Tip2 obtained by 
Lorentz fitting are 3.6×107 and 6.8×106, respectively, as 

shown in Fig.3(b). Next, the experimental device is used 
to conduct pressure sensitivity tests on HMRs with two 
different wall thicknesses. 

During the experiment, the pressure is manually adjusted 
through the pressure regulator, and the applied pressure 
values are recorded using the calibrated electronic pressure 
sensor. The results show that as the internal pressure of the 
HMR increases, the resonance wavelength of the 
transmitted light spectrum to shift towards the red. 

Fig.3(c) shows the pressure sensing characteristics of 
the HMR with two wall thicknesses. Through linear fitting, 
it is indicated that the pressure sensing sensitivity with a 
wall thickness of 14.3 μm and 8.6 μm is 0.49 pm/kPa and 

（a） 

（b） 

（c） 
Fig. 3　Traditional HMR pressure sensing.  （a）Transmission 
spectrum of the sensor at a specific pressure， （b） Fitted Lorentz 
curve， and （c） Linear fitting between different pressures and 
wavelength shift with different wall thickness
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0.76 pm/kPa, respectively. This result proves that the 
pressure sensing sensitivity of thin-walled HMR has been 
significantly improved. However, it should be noted that as 
the wall thickness of the HMR continues to decrease, its 
mechanical strength will also significantly decrease, leading 
to the sensor being prone to damage. Therefore, the wall 
thickness of HMR needs to be reasonably balanced among 
sensitivity, mechanical stability, and measurement range.

2.2 Sensor performance analysis assisted by MLP

Based on the above experiments, thinner-walled 
sensing unit is selected for pressure data acquisition, and 
the pressure test data are intelligently processed using 
the MLP deep learning algorithm firstly.

In the data collection process, it is necessary to wait for 
the spectrum to stabilize before collecting data after the 
pressure value changes. Based our previous research of 
WGM sensor stability[17,23], the data collection starts 20 s 
after the pressure adjustment in this study. For the spectral 
data corresponding to a single pressure, the system 
automatically collects a set of data every 9 s, and a total of 
33 sets of data are obtained for 5 min of continuous 
collection. Based on this, the experiment constructs a small 
dataset under six different pressure gradients and a large 
dataset under 30 different pressure gradient. Before 
training, the datasets are randomly divided into a training 
set and a test set at a ratio of 80% and 20%. Subsequently, 
the MLP prediction model is optimized through parameter 
optimization.

In our work, we mainly investigate the impact of 
different-sized datasets on the performance of the MLP 
model. Based on our previous research[17], when the number 
of hidden layers is too large, it will lead to the problem of 
over-fitting. Therefore, a single hidden layer structure is 
used to build the model. The learning rate adjustment 
adopts an adaptive learning rate optimization to the optimal 
learning rate. The study focuses on analyzing the effects of 
two key parameters, the epochs and the number of neurons 
in the hidden layer, on the fitting effect and generalization 
ability of the model. 

The results in Fig.4 (a) and 4 (d) show the influence of 
the epochs on the MSE under two different scale datasets, 
respectively. The results indicate that for the small 
datasets, after the training epochs exceed 500, the MSE 
value fluctuates significantly and the MSE is relatively 
large. This is because the sparse data samples make it 
difficult for the MLP model to converge, thereby affecting 
the stability of the model. The Fig.4(b) and 4 (e) show the 
influence of the number of neurons in the single hidden layer 
on MSE under two scale datasets, respectively. The results 

further indicate that the sparse dataset affects the stability 
of the MLP model. The final test results show that for the 
small datasets, the test accuracy R2 of the MLP model is 
88.56%, as shown in Fig. 4(c); however, for the large 
dataset, its test accuracy is 99.95%, as shown in Fig.4(f). 

（a） 

（b） 

（c） 

（d） 
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Thus, it can be seen that the performance of the MLP 
model is related to the size of the data sample. Sufficient 
sample size can improve the stability and testing accuracy 
of the model.

2.3 Sensor performance analysis assisted by 

GRNN

Regarding the problem that the MLP model has a 
large MSE when testing small data samples, this study 
introduces GRNN[27] for performance optimization and 
comparative analysis.Next, the same small data samples 
(containing only six different pressure gradient spectral 
data) are divided into 80% ratio and input into the 
GRNN network for training. By adjusting the smoothing 
factor σ, the results show that when the value of σ is set 
to 0.05, the model achieved the minimum MSE, as 
shown in Fig. 5(a). The remaining 20% sample set are 
used to test the model, the relationship between the true 

pressure values and the test values is obtained, with an 
R2 value of 98.85%, as shown in Fig.5(b). Compared to 
the MLP model, the test accuracy increased by 10.29%.

Finally, the large dataset sample containing 30 spectra 
under different gradient pressures is divided into sub-
datasets with 6, 12, 18, 24, and 30 pressure gradients, 
respectively. These sub-datasets are applied to the 
training and testing of the MLP and GRNN models, and 
the performances are compared and analyzed. As shown 
in Fig.6 the smaller the data sample, the more significant 
the superior performance of the GRNN model. 
Specifically, for the sparse sample dataset containing 6 
pressure gradients, the test accuracy of the GRNN 
model is 10.29% higher than that of the MLP model; for 
the dataset containing 12 pressure gradients, the test 
accuracy of the GRNN model is 9.03% higher than that 
of the MLP model; while in the case of sufficient data 
samples, the test accuracy of the GRNN and MLP 
models is 99.38% and 99.95% respectively, and their 
performances are comparable. It should be noted that the 
R2 is the average value obtained after each model has 
been tested 10 times to ensure the stability and reliability 
of the results.

（f） 
Fig. 4　 Optimization of MLP model parameters.  （a-c） Six 
different pressure gradient data samples： （a） relationship 
between epochs and MSE， （b） relationship between the 
number of neurons in hidden layer and MSE， and 
（c） comparison of ground truth and prediction values based 
on MLP； （d-f） 30 different pressure gradient data samples： 
（d） relationship between epochs and MSE， （e） relationship 
between the number of neurons in hidden layer and MSE， 
and （f） comparison of ground truth and prediction values 
based on MLP

（a） 

（b） 

Fig. 5　Performance analysis of GRNN Model.  （a） Relationship 
between the smoothing factor and MSE， and （b） Comparison of 
true and prediction values based on GRNN with small ⁃ data 
sample

（e） 
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It can be seen that GRNN, with its non-iterative 
training, strong local feature fitting and fast convergence 
characteristics, demonstrates excellent generalization 
ability when dealing with sparse sample datasets. This is 
mainly attributed to the complex training process of MLP 
and its tendency to get stuck in local optimal solutions. In 
contrast, GRNN constructs the model by directly using the 
center points of the training data, enabling rapid 
convergence and thus providing accurate test results. 
Therefore, in the application of WGM microcavity 
sensing, MLP and GRNN each have their own advantages. 
MLP has strong generalization ability and wide 
applicability; GRNN has more advantages in processing 
sparse data sample scenarios. Therefore, we can decide to 
use MLP or GRNN based on specific application 
requirements and data characteristics.

3　Conclusions

This paper introduces two deep learning algorithms, 
MLP and GRNN, to test and conduct comparative 
analysis on different scale datasets collected by 
traditional WGM microcavity pressure sensing. The 
experimental results show that when only using a small 
dataset under six different pressure gradients, the test R2 
value of the MLP model is 88.56%; while when the 
dataset is expanded to 30 different pressure gradients, its 
test R2 value is 99.95%. However, when the above 
small data samples are used for the GRNN model, its R2 
value can reach 98.85%, which is 10.29% higher than 
that of the MLP model. Through comparative analysis, 
it can be concluded that for sparse sample data, the R2 
value of the GRNN model is higher than that of the MLP 
model, and its test performance is better. While in the 
case of sufficient data samples, the test effects of both 
models are comparable. Therefore, in practical 
applications, the appropriate model can be selected 
based on specific requirements and data characteristics to 

provide a reference for diverse application scenarios.
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MLP和 GRNN辅助的微腔高精度压力传感
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摘 要： 为满足智能光学传感领域对高精度检测及多样化数据场景的适配要求， 本研究将回音壁模式（Whispering gallery mode， 
WGM）微腔传感与机器学习结合， 以解决传统微腔传感中低频谱信息利用率低、 随机误差大以及对数据规模适应性差等问题。首

先， 通过 WGM 微腔传感系统采集不同规模的透射光谱数据集； 其次， 采用基于全光谱特征映射的多层感知机（Multilayer 
Perceptron， MLP）深度学习算法， 经层级化特征提取与非线性拟合对数据集进行训练与测试。结果显示， MLP 模型在大数据集上

的测试精度能达到 99. 95%， 但在小数据集上性能欠佳。随后， 引入广义回归神经网络（Generalized regression neural network， 
GRNN）， 利用其非迭代训练与局部特征强拟合优势优化小样本场景。结果表明， GRNN 对小数据样本集的测试精度可达

98. 85%， 较 MLP 提升了 10. 29%。最后， 本研究针对  5 种不同规模的数据集， 定量对比分析了  MLP 与  GRNN 模型的测试性能， 
明确了两种模型在不同数据条件下的性能优势。本研究充分利用了  MLP 和  GRNN 模型的特点， 在不同数据规模下实现了高精度

检测， 为智能光学微腔传感技术在多样化场景中的应用提供了有力技术支撑。
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