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ABSTRACT Laser speckle contrast imaging (LSCI) technology, a type of blood flowmonitoring technology,
has broad application prospects and has become an attractive subject of research. In recent years, with the
popularization of smart phones, mobile healthcare has gradually entered the lives of the general public.
In this paper, a camera system used on smart phones was employed to replace the industrial camera on the
traditional laser speckle perfusion imager, and the quality of blood flow imaging was improved. Since the
difference between the static and dynamic region of the raw speckle image can be reflected in the subbands
of wavelet decomposition, the image processing can be performed while retaining the velocity information.
Further, a speckle contrast analysis method based on mobile phone cameras is proposed; the method first
processes the raw speckle images with a two-dimensional discrete wavelet transform and image interpolation
and then performs a morphological operation. This method improved the speckle image contrast resolution
and improved the visualization of images. The results showed that the contrast-to-noise ratio (CNR) of the
blood perfusion image processed by the new method can be increased by up to 128%.

INDEX TERMS Laser speckle contrast imaging, image enhancement, mobile phone camera.

I. INTRODUCTION
Human microcirculation information reflects the physiolog-
ical and pathological changes in the overall human body
and local regions thereof and plays an extremely important
role in understanding organ functions and discovering and
diagnosing various diseases [1]. Among noninvasive micro-
circulation assessment technologies, laser speckle contrast
imaging (LSCI) is a full-field, real-time and high-spatial-
temporal-resolution optical imaging method [2]. This method
can obtain a two-dimensional spatial map of the relative blood
flow velocity in a wide field of view without scanning to
detect the dynamic changes in blood flows [3], [4].

The traditional LSCI system is too expensive and cumber-
some to be widely available and cannot be used flexibly in
various scenarios [5]. Therefore, in the past several years,
some researchers have begun to study using portable devices
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to conduct LSCI [6]. Richards et al. used an 8-bit webcam
($35) and a 14-bit industrial camera ($2000) for in vivo
and in vitro experiments, respectively, and suggested that the
LSCI results obtained by using a low-cost device are similar
to those obtained by using traditional instruments; however,
the bit depth of the image and sensitivity to small changes
in blood flows are limited [7]. Jakovels et al. used a mobile
phone camera instead of an industrial camera to conduct
LSCI. Compared with a webcam, the LSCI method designed
by Jakovels was determined to further improve portability.
The experimental results showed that LSCI based on mobile
phone cameras can be used for preliminary rapid monitoring
related to skin blood flows [8]. However, in actual detec-
tion, the mobile phone camera also produces some ‘‘false
light intensity values’’ due to the colour restoration algo-
rithm of its image sensor [9], thereby causing large errors
in the calculated blood flow images. To solve this problem,
some scholars have successfully avoided the error caused
by the camera algorithm by extracting the red component
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of the bottom layer of the sensor and then calculating the
speckle contrast [10]. However, this processing method also
loses part of the speckle signal; this loss, in turn, leads to
a reduction in the contrast resolution and visualization [11].
To collect more reliable physiological signals through mobile
phone cameras, Tabei et al. processed the heart rate signals
collected by sensors through a software-based method based
on signal processing techniques/algorithms and finally cal-
culated more accurate heart rates [12]. For speckle signals,
some researchers used digital image processing technology
to enhance speckle images, and then the blood flow images
with higher contrast resolution and lower noise were calcu-
lated [13], [14].

In this study, the raw data of a mobile phone image sen-
sor without additional filters were analysed and processed;
thus, distortion of the speckle signal caused by the mobile
phone image correction algorithm was avoided. In addition,
a two-dimensional discrete wavelet transform (DWT) was
used to decompose and enhance the image based on the
high-frequency component of the speckle image in the blood
flow area [15], thus improving the LSCI contrast resolution
and blood flow visualization effect based on mobile phone
cameras. Through these steps, the proposed new method can
not only improve the portability of traditional devices, but
also have a high-quality imaging on a mobile device. To test
the effect, the blood flow simulation experiment and micro-
circulation perfusion experiment of an industrial camera and
a mobile phone camera were conducted, and the processing
effect of different methods was evaluated by comparing the
contrast-to-noise ratio (CNR) and the distribution density of
the contrast [16].

II. METHODS
A. PRINCIPLES AND METHODS
1) PRINCIPLE OF LSCI
Speckle is produced when coherent light is scattered from a
random medium, and the scattered light produces a random
interference pattern. The movement of the scattered particles
in the random medium causes the phase of the scattered
light to change, thereby changing the random interference
pattern and producing time-varying speckles. In blood flow
monitoring, red blood cells are the main scattering mate-
rial, and the flow of red blood cells causes fluctuation in
speckles [17], [18]. The fluctuation rate of speckle is pro-
portional to the speed of scattering particles and can be
captured by a CCD or CMOS camera into widefield images.
Therefore, when the exposure time is determined, in areas
with higher flow, speckles fluctuate faster, and the speckle
image is blurred. The ‘‘speckle contrast’’ is usually used
to quantitatively describe and analyse this blurring in the
speckle images [19]; the speckle contrast is defined as the
ratio of the standard deviation (SD) to the average intensity
and calculated by

K =
σs

<I>
(1)

where σs is the SD of the spatial intensity of the speckle and
<I> is the mean value of the spatial intensity of the speckle.
A smaller K means that the speckle pattern is more blurred
and the speed of the moving particles is faster. K is obtained
by calculating the contrast value of the spatial sliding window
(usually 5∗5 px or 7∗7 px), and the sliding window traverses
the entire image to obtain a two-dimensional blood flow
distribution image [20].

SinceK is inversely proportional to the blood flow velocity,
to facilitate data comparison, we assume that 1/K2 is the
Blood Perfusion Index (BPI), which is positively correlated
with the blood flow velocity. In this paper, the BPIwas used in
the comparison of LSCI speed, and K was used for statistics
and analysis of the different methods.

2) SPECKLE CONTRAST ANALYSIS METHOD BASED ON A
MOBILE PHONE CAMERA
The resolution of speckle images captured by mobile phone
cameras is lower than that captured by industrial cameras; the
blurring effect of speckle images is weakened, thus ultimately
resulting in the loss of speckle signals. Therefore, digital
image processing technology is needed to improve image
resolution.

C. E. Perez-Corona et al. proposed a space-directional
approach to calculate contrast images. Experimental results
show that this method can achieve high noise attenuation and
can produce a higher distance in value between the static and
dynamic regions, thereby improving the visual discrimination
between them [21]. However, the contrast calculation is not
direct but involves directional analysis, so the processing time
will increase and the number of valid computed pixels in the
flow area is reduced.

P. Miao et al. proposed a registered laser speckle con-
trast analysis method to improve the distinguishability of
small vessels and suppress the noise induced by respiration
or heart beating [22]. In this method, a cubic basis-spline
(B-spline) interpolator is used to register the raw speckle
images. However, the interpolator takes the form of a
low-pass filter that suppresses high-frequency components in
varying degrees [23]. Therefore, in the raw speckle image,
the high-frequency component corresponding to the static
area is suppressed, and the range of contrast values is
compressed.

F. Lopez-Tiro et al. proposed a methodology based on
the DWT to improve the visualization of in vitro blood ves-
sels. The focus of this method is to denoise the high fre-
quency in contrast images and to visualize the contrast values
after denoising in the class corresponding to the dynamic
region [14]. However, the edges of blood vessels are also
high-frequency components. When high-frequency informa-
tion is eliminated, the edges of blood vessels tend to be
irregular and jagged.

The static and dynamic regions of the raw speckle image
correspond to the high-frequency and low-frequency com-
ponents, respectively, and the difference can be reflected in
the subbands of wavelet decomposition. Therefore, we used
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a method combining a DWT and interpolation to improve
the blood flow imaging quality of mobile phone cameras.
On the one hand, image interpolation can be performed to
compensate for insufficient resolution; on the other hand,
there will be no loss of high-frequency information caused
by smoothing effects in the image interpolation [24].

Various types of wavelets have become prevalent through-
out the development of the DWT. One of the most important
wavelets is the Haar wavelet, which can obtain a higher
peak signal-to-noise ratio (PSNR) and lower mean square
error (MSE) in image reconstruction [25], [26]. Moreover,
since the Haar wavelet is both orthogonal and symmetric,
it can obtain satisfactory results even in the presence of
noise [27]. The Haar wavelet transform consists of a filter
bank, a series of low-pass and high-pass filters [28]. The low-
and high-pass filters are

L =
1
√
2
(1 1) (2)

H =
1
√
2
(1 −1) (3)

Since the higher the level of decomposition, the less the
low-frequency information contained, level-1 decomposition
and the Haar wavelet were selected to decompose the image
to obtain the approximate coefficient matrix LL and detail
coefficient matrixes LH, HL, and HH [29]. The approximate
coefficient matrix represents the low-frequency signal of the
speckle image, and the detail coefficient matrix represents the
high-frequency signal of the speckle image. Then, the bilinear
interpolation and the nearest-neighbour interpolation were
used for the low-frequency and high-frequency components,
respectively, to avoid the information fusion between the
dynamic and static speckle. This method does not need to
strictly distinguish between and locate the areas of dynamic
speckle and static speckle and can obtain more accurate
speckle images with higher resolution.

In addition, the obtained contrast image was morpholog-
ically eroded. The morphological operation is a common
image processing method [30] that can improve the clar-
ity of the image structure. Erosion was used to eliminate
background noise and refine the edge area of the image.
In morphological operations, it is necessary to select struc-
tural elements and their sizes according to the actual image
structure. In this paper, a circular structure with a radius of
2 pixels was used for the erosion calculation.

The complete processing steps are shown in Fig. 1. First,
extract and integrate the red pixel components of the unpro-
cessed raw data to obtain the rRAW data, and then decom-
pose, interpolate and reconstruct the rRAW data by using
a two-dimensional DWT to obtain the upsampled speckle
image. The spatial contrast was calculated by (1), and finally,
the obtained contrast image was transformed via morphologi-
cal erosion. To facilitate the subsequent comparison and anal-
ysis, this complete step above was set as ep-LSCI (enhance
phone-LSCI). Only three steps, namely, (a), (b), and (d),
were performed, thus indicating that the steps without image

FIGURE 1. Flow chart of speckle contrast analysis based on a mobile
phone camera. The whole process covers raw data conversion; red
component extraction and integration; image decomposition,
interpolation and reorganization; and finally, morphological changes. The
contrast is calculated by the spatial contrast algorithm.

FIGURE 2. Schematic diagram of the LSCI experimental device.

enhancement were set as p-LSCI (phone-LSCI). The indus-
trial camera experimental group was set as i-LSCI (industrial
camera-LSCI).

3) CONTRAST-TO-NOISE RATIO
The CNR [31] can provide image quality information for
some noisy images. The CNR can be used to calculate the
change in the contrast between two regions of interest (ROIs)
in an image. The CNR is defined as

CNR =
µflood − µbackground

σbackground
(4)

where µflood and µfbackground are the mean values of the
contrast of the blood flow area and the background area,
respectively; and where σbackground represents the SD of the
contrast of the background area. The numerator of the equa-
tion represents the intensity of the signal (i.e., the difference
between the contrast value of the blood flow and the back-
ground); and the denominator represents the noise intensity
of the contrast. A higher CNR represents a greater contrast
between the dynamic area and the static area and a better
visualization quality. In the experiment, the background ROIs
that are the same size as the ROIs in the flow area were used
to calculate the background media.
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B. EXPERIMENTAL DEVICES
The laser light source used in the experiment should be
selected to irradiate the tissue to show high-scattering and
low-absorption characteristics. The commonly used lasers
are generally 632-nm red helium-neon lasers and 780-nm
near-infrared lasers [32]. Somemobile phones have an IR-cut
filter. To eliminate the influence of the filter, a 650 nm He-Ne
laser was used in this experiment. The camera exposure time
was set as 20 ms, and a narrow band filter (filtering 632 nm-
668 nm) was installed in front of the industrial camera lens
to filter out the interference of background light. The experi-
mental device is shown in Fig. 2. Two types of devices were
used to collect images separately, and the size of the collected
speckles was two pixels by adjusting the focal length of the
camera to ensure a fair comparison between the two devices.
The names of the devices and their resolutions and pixel areas
are listed in Table 1.

TABLE 1. Device parameters.

The sensor of the mono-industrial camera is a fully trans-
parent CCD sensor without a filter. This sensor has higher
light input and sensitivity and has no algorithm influence.
The light intensity information is well preserved; there-
fore, mono-industrial cameras are used as image acquisition
devices in traditional laser speckle perfusion imagers. For
mobile phone cameras, the reflected light through the optical
lens first reaches the target surface of the CMOS sensor cov-
eredwith the colour filter array (CFA) and generates electrical
signals according to the light intensity. Next, the digital signal
is transmitted to the image processing unit through amplifier
amplification and analogue-to-digital conversion to generate
raw image data. Finally, colour interpolation and postprocess-
ing are required to obtain an image meeting people’s visual
perception [36]. In the mobile phone camera experimental
group, the data analysed and processed is actually the red
pixel data (rRAW) in the raw image. To obtain the rRAWdata,
the raw linear image data in the mobile phone camera sensor
needs to be formatted with the open-source raw converter
DCRam, and the red pixel components need to be extracted
thereafter.

C. BLOOD FLOW SIMULATION EXPERIMENT
To test the imaging quality of LSCI achieved by using mobile
phone cameras and industrial cameras, a set of blood flow
simulation experiment devices was designed. In the exper-
iments, industrial cameras and mobile phone cameras were
used for image acquisition. The test sample was 2% homoge-
nized milk, and the particle size was approximately 5-10 µm.
The syringe was moved forward by a stepping motor in

FIGURE 3. Comparison of LSCI speed measurement results obtained by
using mobile phones and industrial cameras.

a transparent rubber tube. To perform different flow rate
verification experiments, the flow rate of the solution was
controlled by changing the speed of the stepper motor.

D. MICROCIRCULATION BLOOD PERFUSION EXPERIMENT
In the finger microcirculation blood perfusion [37] detec-
tion experiment, the laser was irradiated on the back of the
subject’s hand by using a beam expander. Next, the mobile
phone camera and industrial camera were used to collect the
reflected light, and the collected pictures and data were trans-
ferred to a computer for processing and analysis. The study
protocols were approved by the hospital ethics committee. All
participants signed an informed consent form.

III. EXPERIMENTAL RESULTS AND DISCUSSION
A. BLOOD FLOW SIMULATION SYSTEM
In Fig. 3, the x-axis shows the actual velocity of the solution
flow, and the y-axis shows the Blood Perfusion Index (BPI)
of the LSCI. The figure shows that as the solution flow rate
increases, the BPI obtained by the two devices increases.
Although industrial camera groups are more sensitive than
mobile phone camera groups to changes in flow rates due to
the different hardware sensors, the rising trend of the BPI can
prove the feasibility of usingmobile phone cameras for LSCI.

In the next step, the imaging effects of the two devices
were studied and compared, and the ep-LSCI method was
employed to enhance the images of the mobile phone cam-
era group. Fig. 4 is a pseudocolour map of haemodynamics
drawn from the contrast map, in which the speed range is set
to 0-70 levels, red represents the area where the flow velocity
is faster, and blue represents the area where the flow velocity
is slow or static. In the results of the industrial camera group
(shown in Fig. 4A), although there is a little noise near the
flow area, the overall quality of the image is high, and the flow
of the solution in the hose can be clearly shown. The results of
the mobile phone camera group (shown in Fig. 4B) show that
the background contains considerable noise, and the contrast
between the flowing solution and the static background is not
obvious. Fig. 4C is the blood flow image obtained by ep-LSCI
processing. After image enhancement, the background noise
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FIGURE 4. Blood flow images obtained by different LSCI methods. Panel
A is the blood flow image obtained by i-LSCI processing, Panel B is the
blood flow image obtained by p-LSCI processing, and Panel C is the blood
flow image obtained by ep-LSCI processing.

TABLE 2. Comparison of the CNRs obtained by different LSCI methods.

is significantly reduced. The specific enhancement effect is
quantified and compared through CNR.

Table 2 shows the CNR values of the five ROIs marked
in Fig. 4A. The results show that the CNR of the industrial
camera group is the highest and that of themobile phone cam-
era group is the lowest. After image enhancement, the CNR
of ep-LSCI is improved by 128% compared to that of p-
LSCI; the CNR of ep-LSCI is close to the result of the
industrial camera group. This finding shows that the method
is effective in enhancing the mobile phone camera group; this
enhancement is conducive to positioning blood vessels more
precisely and identifying the blood flow velocity.

In addition, the experiment showed that the blood perfusion
images obtained by different methods have different speed
distributions in the hose. Part of the reason is that the LSCI
method describes the blood flow velocity by calculating the
speed of the scattering particles. Therefore, if the scattering
particles in the solution are relatively dispersed or unevenly
distributed, the obtained contrast value distribution will also
be relatively dispersed. Another reason is related to the size
of the pixel area of the image sensor. The smaller the pixel
area is, the less light entering the sensor, and the worse the
photosensitive performance. Table 1 shows that the light-
sensitive area of the image sensor of the mobile phone camera
is relatively small, and some speckle signals will be lost
when the amount of light is insufficient during shooting,
thus resulting in an unconcentrated contrast value distribution
eventually.

To specifically test the distribution of the contrast val-
ues obtained by these three methods, a section of the hose
(24∗24 px) was selected to calculate the probability density
of the contrast values in this area, and a normal distribution
curve was obtained. In the normal distribution curve, µ rep-
resents the mean value of this set of data, determines the
position of the peak of the curve, and is the central tendency
of the normal distribution, which represents the final contrast
result of a region. σ represents the SD of this set of data.

FIGURE 5. The normal distribution curve of the solution flow area.

The smaller the SD is, the shorter the distance between most
variable values, thus indicating that most values are closely
clustered around the mean. Conversely, the larger the SD
is, the greater the degree of dispersion of the data, and the
more likely errors are to occur during detection. As shown
in Fig. 5, the mean values of the i-LSCI and p-LSCI curves
are 0.062 and 0.102, respectively; and the SD are 0.01 and
0.024, respectively. For the ep-LSCI curve, the mean value is
0.059, which is significantly lower. This shows that through
the ep-LSCI method, the speckle signal is enhanced and a
higher BPI can be obtained; these results are helpful for us to
identify and measure the velocity of the flow area. The SD of
the enhanced ep-LSCI is 0.013, which is significantly lower
than that of p-LSCI and is close to the result obtained by using
an industrial camera. Therefore, with the ep-LSCI method,
the intensity distribution of the obtained contrast is uniform,
and the error is smaller; therefore, this method can be used to
perform better blood flow imaging.

B. ANALYSIS OF THE MICROCIRCULATION BLOOD
PERFUSION EXPERIMENT
First, an industrial camera is used to perform the LSCI detec-
tion on the microcirculation of the finger, and the result is
shown in Fig. 6. The figure clearly shows that the fingertip
blood flow is densely distributed and the background is static.

FIGURE 6. Finger microcirculation blood flow image taken by the
industrial camera.

Fig. 7 shows the experimental results obtained by using
a mobile phone camera. Image A clearly shows that when
the effective pixels are greatly reduced, p-LSCI can show
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FIGURE 7. Finger microcirculation blood flow images taken by a mobile
phone camera. A is the result of p-LSCI processing; B is the result of
ep-LSCI processing; C and D are the enlarged p-LSCI background and
fingertip images, respectively; and E and F are the enlarged ep-LSCI
background and fingertip images, respectively.

only the blood perfusion in the fingertips, while the blood
perfusion in other areas is not obvious. This is also due to
the problem of insufficient actual lighting area and the light
input of the mobile phone sensor. On this basis, reducing
the effective pixels involved in the calculation will cause
deviations in the calculation of the speckle contrast. Espe-
cially in some areas with weak blood flow information and
edges, when the size of the original sliding window remains
the same, the blurring of the speckle in this area may be
weakened, thus resulting in a reduction in the gap between
the area and the background and losing some blood flow
information. The enlarged images E and F show that after
image enhancement, the background noise is significantly
reduced, the fingertip microcirculation part is clearer, and the
contrast with the background is increased. To further explore
the effects of the three methods on finger microcirculation
detection, the CNR value and the normal distribution curve
were further compared.

Fifteen ROIswere selected in Fig. 7A, and the CNR of each
region was calculated using the three methods. The results
were recorded in Table 3. The data in the table show that
although the CNR of i-LSCI was higher than that of p-LSCI,
the gap was not large. This is because during the microcircu-
lation detection, due to the absorption and scattering of light
by the skin tissue, noise will appear in the background and
thus reduce the CNR of the industrial camera group. This is
quite different from the simulation experiment. In contrast,
the results of the ep-LSCI group were considerably improved
mainly due to reducing the background noise and enhancing
the microcirculation area. In addition, in the microcirculation
blood perfusion experiment, the CNR fluctuated greatly, and
the SD was relatively high due to the complexity of finger
blood vessels. In the simulation experiment, there are fewer
influencing factors, and the flow rate is fixed; therefore, the
CNR obtained is relatively uniform.

Fig. 8 shows the normal distribution curve of the finger-
tip microcirculation area. Since there was no background
noise, the contrast distribution of the i-LSCI group was more

TABLE 3. Comparison of the CNRs of the three finger microcirculation
detection methods.

FIGURE 8. The normal distribution curve of the microcirculation area.

concentrated than that of the p-LSCI group. Compared with
the p-LSCI group, the contrast distribution of the ep-LSCI
group was significantly improved, and the mean was close
to that of i-LSCI, thus indicating that the image from the
mobile phone camera was enhanced, and the final contrast
result could be closer to that of the industrial camera.

In addition, to compare whether the results of the i-LSCI
and ep-LSCI detection methods are consistent, a com-
monly used clinical measurement evaluation method -
Bland-Altman analysis [38] - was adopted. Using these
two methods, we selected 100 points at the same position
of the fingertips to calculate the contrast and performed a
Bland-Altman analysis. In the Bland-Altman graph, the y-
axis represents the difference between i-LSCI and ep-LSCI,
and the red dashed line is the mean of the difference. The
two methods tested are more consistent, and the dashed line
representing the mean of the difference is closer to 0. The
upper and lower horizontal dashed lines represent the upper
and lower limits of the 95% limit of agreement (95% LoA).
If the limit is clinically acceptable and the difference between
the two methods is within the limit, the two methods can be
considered to have good consistency [39]. The results are
shown in Fig. 9. The figure shows that most of the points
are within the 95% LoA, only 5% are outside the limit, and
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FIGURE 9. Bland-Altman graph of the contrast values of i-LSCI and
ep-LSCI.

the mean line is relatively close to 0. Moreover, the maxi-
mum absolute value of the contrast difference between the
two methods is 0.014, while the mean value of the contrast
between the two methods is 0.072, thus having almost no
influence in practical applications. Therefore, the results of
i-LSCI and ep-LSCI have good consistency, and the two
methods can replace each other.

IV. SUMMARY
A mobile phone camera was used to collect speckle images,
and the raw speckle images were enhanced. The new method
avoided the distortion caused by the mobile phone image cor-
rection algorithm and improved the speckle signal weakening
due to CFA filtering. For blood perfusion detection, the ep-
LSCI method not only overcomes image contrast resolution
degradation but also detects some areas with weak blood
flow information; these areas include tissues with small blood
perfusion or small blood vessels. As the experimental results
show, compared with p-LSCI, the new method can improve
the CNR of the image and have a better normal distribution;
thus, this method is more conducive to observing the state
of blood flow and produces smaller errors when analysing
and evaluating the results. Therefore, through the software
method, while achieving portability of LSCI, the ep-LSCI
method can also compensate for the loss of image quality
caused by the device and avoid increasing the cost of the
imaging device. In addition, the final result shows that the
processing results of mobile phone cameras and industrial
cameras still slightly differ; this difference may be caused by
the different spectral responses between the cameras [40].

Although the CCD sensor used in industrial cameras has
better fidelity and photosensitivity and can restore the raw
speckle signal to the greatest extent, there is also little noise
when detecting microcirculation blood perfusion by indus-
trial cameras due to the absorption and scattering of light by
skin tissues [41]. These noises can also be reduced by image
processing. In addition, mobile phone cameras still have con-
siderable potential in mobile medicine [42]. The CFA of sen-
sors in mobile phone cameras also has green pixels, so these

cameras have the potential to detect blood oxygen saturation.
Since oxyhaemoglobin and deoxyhaemoglobin have different
light absorption coefficients at different wavelengths, red and
green dual-wavelength light sources can be used to irradi-
ate fingertips to obtain different physiological information.
Using a mobile phone for continuous shooting, we extracted
and analysed the green and red pixel values to obtain two
kinds of pulse wave signals. Then, the blood oxygen satu-
ration was calculated according to the Beer-Lambert law by
using the dual wavelength method [43].
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