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Introduction 

When coherent light is irradiated onto a fluid sample 
containing particles, the interference between the 
scattered light paths forms granular speckles [1, 2]. In 
the field of optical imaging, researchers aim to reduce 
such speckle patterns. However, in applications such 
as blood flow measurement [3], surface roughness 
assessment [4], and optical sensing [5], speckle pat-
terns play an important role because they carry de-
tailed information about the sample's properties. La-
ser speckle rheology (LSR) uses speckle patterns to 
measure the viscoelastic properties of fluids [6], ad-
dressing the limitations of traditional methods such as 
shear rheometers, dynamic light scattering (DLS) [7], 
and diffusing wave spectroscopy (DWS) [8], which re-
quire large samples, direct contact, and bulky equip-
ment. For LSR, the speckle pattern is first used to cal-
culate the autocorrelation curve (g2(t)) to derive the 
mean square displacement (MSD), which is then 
used to determine the sample's Complex Modulus 
(G*(ω)) [9]. Improvements to LSR, such as the use of 
polarization-sensitive Monte Carlo algorithms, have 
improved accuracy by correcting for scattering and 
absorption effects, resulting in more reliable viscoe-
lastic measurements [10]. LSR has found applica-
tions in assessing the biomechanical properties of tis-
sues, particularly in oncology [11, 12]. 

Despite its many advantages, LSR still faces chal-
lenges. To obtain an ideal speckle pattern, three con-
ditions must be met: a high-speed camera to prevent 
motion artifacts, a sufficient ratio of speckle size to 
pixel size, and a narrow linewidth illumination source 
to ensure high contrast [9]. These requirements sig-
nificantly increase the cost and computational re-
quirements, limiting the method's accessibility. Even 
under these conditions, additional calibration is often 
required. In this study, to eliminate the multiple scat-
tering, a new method is proposed to calibrate the g2(t) 
curve by directly performing Gamma image correction 
on the speckle pattern. The method optimizes the 
MSD calculation, reduces the reliance on high-perfor-
mance computing resources, and enhances the 
adaptability to individual sample differences. To ena-
ble image calibration, a neural network is designed 
that predicts an optimal Gamma value for enhancing 
the speckle pattern based on the statistical character-
istics of the image.  

Method and Material 

Experimental setup 

The classic LSR experimental setup uses a helium-
neon linearly polarized laser with a wavelength of 
632.8nm (17mW) as the illumination source (Fig. 1). 
The polarized and collimated laser beam first passes 
through a polarizer (P1). A beam splitter then splits 
the laser beam, and 50% of the laser irradiates the 
sample after being focused by a lens. The final 
backscattered light of the sample is collected by a 
camera with an optical imaging lens. Another polar-
izer (P2) is placed in front of the lens with a polariza-
tion angle perpendicular to P1 to eliminate specular 
reflections and capture only the backscattered light 
from the sample. 

 
Fig. 1: Experimental setup of the LSR system. 

Sample preparation 

The sample for generating the speckle pattern was 
prepared by mixing glycerol (≥ 99.5% purity, redistil-
led, analytical grade) with titanium dioxide (TiO2) par-
ticles with different volume-to-mass ratios. 

Analysis 

For the LSR method, the core idea is to calculate the 
intensity fluctuation of the speckle pattern sequence 
and the dynamic characteristics of the sample. Usu-
ally, we use the g2(t) curve, as shown in Eq. (1), to 
describe this fluctuation [11]. 
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Where I(t0) and I(t0 + t) represent the speckle pattern 
intensity at the initial time t0 and time t0 +t, respectively. 
I(t0)I(t0 + t) denotes the expected cross-correlation of 
the speckle pattern intensity at these time points, re-
flecting the correlation between the intensity at t0 and 
t0 + t. The denominator represents the expected value 
of the square of the intensity at each time point, and 
taking the square root of their product normalizes the 
correlation function g2(t). This normalization ensures 
that the autocorrelation value is 1 at t = 0, indicating 
perfect correlation without any delay. The symbol t0 
means the average value taken over all possible ini-
tial times t0 to calculate the correlation between the 
intensities I(t0) and I(t0 + t) at different time intervals. 

When the particle concentration changes, the decay 
rate of the g2(t) curve is seriously affected due to the 
change in the photon path and coherence. To show 
this, we plotted the original g2(t) curves calculated 
from samples with different particle concentrations of 
0.2%, 0.8%, and 2%, as shown in Fig. 2. It can be 
seen from this figure that when the concentrations in-
creased, the decay speed of the g2(t) curve in-
creased. The decay of the g2(t)curve is the most criti-
cal factor for accurately measuring the G*(ω) of the 
sample. If a suitable intensity correction algorithm can 
be developed to calibrate without being affected by 
the concentration, the accuracy of the G*(ω) meas-
urement can be significantly improved.  

 
Fig. 2: g2(t) curves of speckle patterns captured from 

samples with TiO2 concentrations of 0.2%, 0.8%, and 2%. 

In addition, we found that image contrast changes 
when we adjust the concentration of TiO2 particles, as 
shown in Fig.3. It is calculated as σ(I) / I,̅ where σ(I) 
represents the standard deviation of the speckle pat-
tern and I ̅is the average intensity. When the speckle 
patterns have a higher contrast, usually approxi-
mately 1, they are regarded as the well-developed 
speckle pattern in LSR. In Fig. 3, we can see that 
when the contraction rises, the contrast of speckle 
patterns increases simultaneously. This result re-
veals that the change imposed by the concentration 
change can be regarded as a function of image inten-
sity. Therefore, we assume that an intensity-related 
algorithm exists to modulate speckle intensities to 
eliminate the influences of concentration change. 

 
Fig. 3: Contrast values of speckle patterns captured from 
samples with TiO2 concentrations of 0.2%, 0.8%, and 2%. 

Taking these factors into account, Gamma correction 
can be considered the possible way to correct the 
original speckle pattern. This is because Gamma cal-
ibration non-linearly adjusts pixels of different intensi-
ties, resulting in a more dispersed intensity distribu-
tion and higher contrast [13, 14]. The formula for 
Gamma correction is shown in Eq.(2),  

𝐼𝐼!"##$!%$& = ('!"#$%&'
'(&)

)( × 𝐼𝐼)*+  (2) 

Here, Icorrected represents the corrected speckle pat-
tern, Ioriginal denotes the uncorrected speckle pattern, 
Imax is the maximum intensity value in the original 
speckle pattern, and γ is the Gamma value. Fig. 4 
shows a typical speckle pattern and the correspond-
ing Gamma-corrected one. Once the image is cor-
rected by a Gamma value, its contrast will be in-
creased. In our case, the changed Gamma value can 
modulate the intensity distribution, making the 
speckle patterns have higher contrasts (when γ > 1) 
and changing the decay speed of the g2(t) curves.  

 

Fig. 4: Original speckle patterns and corresponding 
Gamma-corrected speckle patterns, K is the contrast 

value. 

To evaluate the feasibility of Gamma correction, we 
set the Gamma value from 1 to 2 with a step size of 
0.2 to correct the data set. Subsequently, we applied 
Eq. (1) to calculate the g2(t) curves of the original data 
set and the corrected data set (calibrated by Eq. (2)). 
The resulting g2(t) curves are shown in Fig. 5 (a). 
From these curves, it can be seen that when the 
Gamma value increases, the g2(t) curve of the cor-
rected data set decays faster than the original curve. 
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This indicates that Gamma correction enhances the 
difference between the intensities at different time 
points, thereby weakening the temporal correlation. In 
addition, the contrast values of the corrected speckle 
patterns, enhanced by different Gamma values, are 
also shown in Fig. 5 (b). As the Gamma value in-
creases, the contrast gradually increases and ap-
proaches higher contrast. The ability to modify the 
temporal decay by changing the Gamma value high-
lights the potential of optimizing the speckle pattern 
to approximate the ideal g2(t) curve in LSR applica-
tions. 

 
Fig. 5: (a) g2(t) curves of speckle patterns calibrated with 

different Gamma values 

 
Fig. 5: (b) Contrast values of speckle patterns calibrated 

with different Gamma values 

We then use the Gamma-corrected curve to calculate 
the G*(ω) and compare the results with the actual 
data measured from the shear rheometer. The calcu-
lation follows previous work [10], where we intro-
duced the relationship between the g2(t) curve and 
the MSD, as shown in Eq. 3 [11]: 

𝑔𝑔!(t) = 1 + 𝑒𝑒"!#$%*
+&+〈(+(*)〉 (3) 

Using the corrected g2(t) curve, we obtain the MSD 
by curve fitting. In this context, γ is the decay con-
stant, k0 represents the wave vector, n is the refractive 
index of the medium, λ is the wavelength of the inci-
dent light, and <Δr2(t)> represents the mean square 
displacement (MSD) of the particle, representing its 
motion over time t. Once the MSD is determined, the 

G*(ω) of the sample can be calculated using the 
Stokes-Einstein equation: 

𝐺𝐺∗(𝜔𝜔) = 	 .,/
01〈∆3+(4 5⁄ )〉7(489(*))

-
5:4 *⁄

(4) 

Where KB represents the Boltzmann constant (1.38 × 
10⁻²³ J/K), 𝑇𝑇 represents the absolute temperature in 
Kelvin, 𝑎𝑎 represents the radius of the scattering parti-
cle, ⟨<Δr2(t)>⟩ represents the MSD at frequency ω = 
1/t, Γ represents the Gamma function, α(t) = 
∂log⟨Δr2(t)⟩/∂logt, and ∣ω = 1/t represents the logarith-
mic slope of the MSD. To show the effect, we used a 
sample with 100% of Glycerin (denoted as 
G:W=100:0) and 2% of TiO2 particles. We manually 
increased the Gamma value to 1.6 and the calibrated 
G*(ω) is shown in Fig. 6. It can be seen that Gamma 
correction can improve the accuracy of LSR data and 
bring it closer to the rheometer's reference values. 

 
Fig. 6: The original and Gamma corrected G*(ω) curves, 

the Gamma value is 1.6 in this case.   

Results 

Since we cannot directly get the optimal Gamma 
value from the known speckle intensity and g2(t) curve 
because the mapping between them is not a linear 
relationship, we designed a neural network, shown in 
Fig. 7, to predict the optimal Gamma value. The net-
work has two channels as input: the g2(t) curve and 
the contrast of the image sequence. Each data input 
is processed by the same fully connected layer net-
work (Network 1 and 2 in the figure) to extract fea-
tures. The output of the network is the predicted opti-
mal Gamma value. The g2(t) curve and the contrast 
of the image sequence were used as the input of the 
network and the output was a neuron.  

The TiO2 samples were mixed with solutions with 
glycerol-water volume ratios of 100:0, 80:20, and 
60:40, and the speckle pattern generated by the 
backscattered light of each sample was recorded. 
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Fig. 7: Network structure of the designed network. Net-

works 1 and 2 have four hidden layers each.  

During training, we used mean squared error (MSE) 
as the loss function [15], the optimizer selected was 
the Adam optimizer, and the learning rate was set to 
0.001. The dataset was shuffled and divided into 60% 
training, 20% validation, and 20% test sets. The size 
of each training batch is 32, and the total number of 
training epochs is 1000. In each epoch iteration, the 
model performs a complete traversal of the entire 
training set, including forward propagation to calcu-
late the predicted value, calculate the loss, backprop-
agation to calculate the gradient, and parameter up-
date. The training and validation loss curves are 
shown in Fig. 8 (a). As can be seen from the enlarged 
image, the lowest training and validation losses are 
0.00003 and 0.00025, respectively.  

 
Fig. 8: (a) The training and validation loss of the de-

signed network. 

 
Fig. 8: (b) The test results from the predicted Gamma val-
ues. The dotted line is the reference curves from the rhe-
ometer, while the solid line is the results of curves from 

samples with different concentrations.  

After training, the model is evaluated using the test 
set, and the predicted Gamma value is applied to en-
hance the speckle patterns generated by the sam-
ples, followed by calculating the final G*(ω), see 
Fig. 8(b).  

To validate the accuracy of the previous Gamma cor-
rection method, we used other Newtonian samples 
with different G*(ω), condensed milk, and whole milk, 
acquired new speckle datasets and retrained the net-
work. These samples have different G*(ω) and parti-
cle (protein and fat) concentrations. Additionally, the 
experimental conditions were kept consistent with the 
previous setup. After acquiring the original speckle 
data, we calculated its g2(t) curve and contrast values. 
These values are sent to the retrained network to pre-
dict the corresponding Gamma value, which subse-
quently is used to calibrate the speckle patterns. Fi-
nally, we compared the resulting G*(ω) curve with the 
ones measured by the rheometer. The comparison in 
Fig. 9 showed good consistency between the 
Gamma-corrected data and the rheometer measure-
ments, confirming that the Gamma correction method 
is effective across different samples with varying con-
centrations and G*(ω). 

 
Fig. 9: Test results from dairy products 

Discussion and Conclusion  

This study successfully demonstrated the effective-
ness of neural network-based Gamma calibration in 
overcoming the multiple scattering problems in LSR 
systems. Through experiments with different titanium 
dioxide concentrations, we verified that neural net-
work-based Gamma calibration significantly en-
hanced the contrast of the speckle image, allowing for 
a more accurate measurement of the G*(ω). Our re-
sults suggest that Gamma calibration is a practical 
and reliable method for speckle pattern analysis in 
LSR applications. By enhancing image contrast, 
Gamma calibration can more accurately characterize 
the G*(ω) of complex fluids. 

In future research, additional parameters must be ad-
dressed. The effectiveness of Gamma calibration de-
pends on carefully adjusting the Gamma value, which 
may vary depending on experimental conditions and 
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sample properties. In addition, the impact of environ-
mental noise and other external factors on the cali-
bration process requires further investigation. Future 
studies will aim to develop automatic algorithms for 
real-time optimization of Gamma values and explore 
the applicability of Gamma calibration to other imag-
ing techniques.  

In conclusion, Gamma calibration, assisted by neural 
networks, is a valuable tool for LSR to solve the mul-
tiple scattering problem and provides a cost-effective 
solution for enhanced speckle pattern analysis. Its ap-
plication can lead to more reliable and accurate 
measurements, thus deepening our understanding of 
the viscoelastic properties of complex fluids and mak-
ing a significant contribution to the field of rheology. 
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