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Abstract:  

Gravel size distribution is an important aspect of stream investigation. Using water photography to determine 

such distribution is a simple and cost-effective approach for gathering instream gravel information. However, 

good-quality images of underwater gravels in shallow areas are difficult to acquire because of the flow- and 

wind-induced perturbation at water surface. Thus, two Lucy–Richardson iterations are applied on an averaged image 

to obtain a deblurred image for gravel extraction. 

A Matlab code for multi-frame image averaging and image deblurring is implemented on a laptop computer. 

Underwater gravel images are acquired using a video camera and processed offline. Thus, the usability of the images 

acquired during field investigation cannot be determined immediately. However, returning to the investigated streams 

for additional data gathering would be costly, and the cameras may accidentally be dropped into the water.  

This paper presents multi-frame image averaging and image deblurring smartphone-based approaches for 

underwater gravel extraction. A waterproof smartphone is used to acquire the images, on which image deblurring is 

immediately conducted to test whether the images can be used for gravel extraction. The averaged image of using 

mean-based filter is derived during real-time image acquisition. The deblurred image is derived block-by-block 

because of limited memory capacity of smartphones. The time consumed for acquiring 1500 frame images with size 

of 1280 × 720 pixels is approximately 6 min by Sony Xperia smartphones. Image averaging can be performed in real 

time during image acquisition. Image deblurring is accomplished accurately and is consistent with results of the 

Matlab code. The processing time for image deblurring is approximately 12 min. 

A compact system for underwater gravel investigation using smartphones is successfully developed in this study. 

Image acquisition and deblurring are completed in real time at the investigated fields. Thus, we can immediately test 

whether the acquired images are usable for gravel extraction, thereby improving investigation efficiency significantly. 
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Introduction 

Underwater physical features are essential to 

stream investigation. The geometry, size, spread type, 

and other characteristics of underwater gravels affect the 

flow and sand transporting capability of streams. 

Although water photography is an effective method for 

investigating the underwater features in shallow regions 

(depth < 40 cm), flow- and wind-induced perturbations 

at water surface distort gravel geometry and blur the 

acquired images. Thus, underwater gravels are difficult to 

recognize from the acquired images. A number of 

methods[1-4] for processing acquired images have been 
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proposed. Lo [5] proposed the application of two Lucy–

Richardson iterations on an averaged (blurred) image to 

obtain a deblurred image of underwater gravels. An 

averaged image is derived by applying mean-based filter 

on consecutive through-water images. With this method, 

distorted images of underwater gravels in shallow areas 

can be corrected effectively. Lo conducted field 

investigation by using a system composed of Matlab code, 

a digital camera, and a laptop. However, such system has 

the following drawbacks: (1) the usability of the acquired 

images for gravel extraction cannot be confirmed 

instantly; (2) the camera may be lost or damaged in the 

stream; and (3) researchers must return to the 

investigated streams for additional data gathering if 

some of the acquired images cannot be used.  

To overcome these limitations and to ensure the 

convenient and safe operation of the investigation 

system, Lo’s system is ported to waterproof smartphones, 

which are compact and portable devices. A smartphone 

is used to conduct real-time consecutive image 

acquisition and image deblurring to immediately ensure 

that the acquired images can be used.  

This paper presents smartphone-based approaches 

for real-time image acquisition, multi-frame image 

averaging, and image deblurring to improve the 

efficiency of underwater gravel investigation. 

Methodology 

In this study, the smartphone-based approach 
consists of two tasks: (1) simultaneous real-time 
multi-frame image acquisition and averaging; and (2) two 
iterations of Lucy–Richardson algorithm on the averaged 
image for image deblurring. The subsequent paragraphs 
detailedly describe the algorithms and procedures of 
image averaging and deblurring for underwater gravel 
extraction. 

Image Acquisition and Averaging 

An averaged image can be derived from a 

consecutive image averaging of frame-by-frame 

calculation. The scheme is described by pseudo code as 

follows: 

IMGAVE=IMG1,        averaged image for 1 images, 

IMGAVE=(IMG2 + IMGAVE)/2,      averaged image for 2 images,  

IMGAVE=(IMG3 + 2*IMGAVE)/3,    averaged image for 3 images,  

…… 

IMGAVE=(IMGN + (N-1)*IMGAVE)/N, averaged image for N images. 

where image IMGi is the i-th acquired image, and IMGAVE 

is the averaged image calculated by N sets of acquired 

images. This method is usually implemented on laptop 

and personal computer platforms. Thus, the computing 

effort should be reduced because of the limited 

resources of smartphones. Image averaging based on a 

referred image with floating point data is selected and 

expressed by pseudo code as follows. The averaged 

image can be computed by determining the gray level 

summation for each corresponding pixel of acquired 

multi-frame images.  

IMGAVE = IMG1  

IMGAVE = IMGAVE + IMG2  

…… 

IMGAVE = IMGAVE + IMGN 

IMGAVE = IMGAVE / N 

The final calculated image IMGAVE is the averaged 

image derived by N sets of acquired images. In terms of 

computing effort, the latter method required less effort 

than the former.  
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Image Deblurring 

 Blurred Image of Through-Water Photographs 

Objects in through-water images are distorted by 

water surface perturbation. Images manipulated by 

time-based mean filter are prone to motion blurring and 

long-time exposure [1]. Probability Density Function (PDF) 

can describe the water surface slop variation at a 

position during a time section, as shown in Figures 1 and 

2 [5]. The corresponding underwater position differs for 

each slope because of light refraction. The gray level of 

an image pixel is regarded as the recorded radiance of its 

neighboring pixels, and an image would blur if time 

mean-based filter is applied. Blurred through-water 

images can be described by time mean-based filter and 

spatial mean-based filter as follows:  

(1) Time mean-based filter: The gray level of a pixel on 

a blurred (averaged) image is derived by applying 

this filter on the recorded gray level of the same 

pixel from time i to j, as shown in Figure 1. The 

blurred image can be described by the following 

equation:  

1

1

t j

B tt i
IMG IMG

j i






 
 ,       (1)  

where IMGB is the blurred image, and IMGt 

represents the consecutive images acquired from 

time i to j.  

 

Figure 1. Ray of light affected by water surface. 

(2) Spatial mean-based filter: For each pixel on an 

image, the probability that the pixel can be affected 

by its neighboring pixels can be expressed by a 

function (h). Therefore, the blurred image can be 

regarded as the convolution of the clear image and 

the Point Spread Function (PSF) induced by water 

surface perturbation and described by following 

equation:  
 

*BIMG f h ,             (2) 
 

where f is the clear (deblurred) image without water 

perturbation, and h is the PSF and the probability of 

the neighboring pixels affecting the central pixel.  

Thus, the averaged image of using time mean-based 

filter processing is equivalent to the convolution of 

the clear image and h. Therefore, we can derive the 

deblurred image f on the basis of following 

relationship between time mean-based filter and 

PSF: 
 

1
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Figure 2. PDF of water surface slope. 

 Methodology of Image Deblurring 

A blurred image can be derived from the 

convolution of a clear image and PSF. Thus, the clear 

image can be calculated by applying deconvolution 

algorithms on the blurred image. Deconvolution 

algorithms have two categories: non-iterative and 

iterative processing. The most representative methods 

are Wiener filter [6] and Richardson–Lucy (R–L) algorithm 

[2, 4] for non-iterative and iterative deconvolution 

processing, respectively. R–L algorithm is described by 

the following equation: 

 

( 1) ( )

( )
*

*
r r

r

g
f f h

h f
  
  

 
,           (4)  

 

where 
( 1)rf 

 and 
( )rf  are the estimated deblurred 

images of r+1 and r iterations, respectively; g is the 

blurred image; and h is PSF. R–L algorithm is an iterative 

method based on Bayes' theorem or on a 

maximum-likelihood formulation under the assumption 

of Poisson distribution. By given an initial estimated 

deblurred image, this estimated image would be 

improved iteratively to be close to the original unblurred 

image. The purpose of iteration is to find the maximum 

probability of similarity between the original blurred 

image ( g ) and the blurred image (
( )rf * h ) convoluted 

with the deblurred image and PSF at the rth iteration. The 

result of the square bracket in Equation (4) would 

converge to 1 when r increases accordingly. 

Al-amri et al. [7] used the two aforementioned 

methods to compare deblurred images and found 

http://www.ausmt.org/
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Richardson–Lucy algorithm has better anti-noise 

capability and error tolerance of using worse PSF than 

Wiener filter. Through-water images are acquired under 

outdoor environment conditions, which have slight 

lighting variations, underwater impurities, and 

inaccurately estimated PSF. Thus, Richardson–Lucy 

algorithm is a more suitable image deblurring technique 

for extracting underwater gravels [5]. Accelerated 

Richardson–Lucy algorithm [8] is therefore adopted to 

achieve efficient image processing.  

Blind deconvolution is a process for deriving 

unknown PSF and unknown clear image from a blurred 

image. A deblurred image can be derived by using two 

Richardson–Lucy iterations on a presumed clear image[2]. 

The first R–L processing is for obtaining the estimated PSF, 

whereas the second R–L processing is for deriving the 

estimated deblurred image. The flowchart of the Two 

Richardson–Lucy iterations is shown in Figure 3.  

Do m Richardson-Lucy 
iterations to find the next object 

f k given the PSF gk

Do m Richardson-Lucy 
iterations to find the next PSF gk 

given the object f k-1Input initial guesses for 
the object f and PSF g.

Figure 3. Two Richardson–Lucy iterations [3]. 

The iteration number of the R–L algorithm is an 

important parameter in image deblurring. If too many 

iterations are applied, the image noise would be 

magnified because of the ring effect [8]. Lo [5] found that 

for gravel extraction, ring effect occurred if the iteration 

number exceeded 20.  

The converging mechanism of the R–L algorithm is 

of oscillating type [9]. Thus, the optimal iteration number 

can be found within 20 iterations, as indicated by the red 

point mark (Figure 4) and the mean square error 

between the estimated and original blurred image for 

underwater gravel extraction [5]. PSF of a through-water 

blurred image is the probability distribution of PDF of the 

water surface slope. Therefore, the summation of PSF is 

equal to 1.  

 Software Porting from Matlab on a Laptop to 

Java/C on Smartphone 

The image deblurring code is originally developed 

by Lo using Matlab on a laptop [5]. The Matlab code is 

ported to application software (APP) with Java/C on 

smartphone. Several instructions and functions in Matlab 

code are simple and lacking of detail subroutines. 

Therefore, great effort is exerted in developing a new 

code and in searching, modifying, and verifying the code 

from open sources to complete the APP. 

The processes are automatically initialized after 

the smartphone powers on. Only 64 MB of memory is 

supported for each process because of the OS limitations, 

as the Sony Xperia LT26w has a total of RAM of 1 GB. The 

designing of the APP is limited by memory allocation; 

thus, the efficient management of resources of the 

smartphone is very important. 

      

Figure 4. Image of red point mark. Figure 5. Red point mark on an acrylic board. 

Experiments and Discussion 

Equipment and Devices for Experiments 

The following equipment and devices are prepared 

for embedded system development and tests on a 

smartphone. (1) A red point mark with a size of 7.5 cm × 

9.5 cm is painted on an acrylic board with black 

background (Figure 5). This red point mark is fixed 

underwater for PSF derivation of the blurred image. (2) 

Waterproof smartphones of Sony Xperia LT26w and 

Xperia Z with dual-core CPU (1GB RAM) and four-core 

CPU (2GB RAM) respectively are used in this study. A 

smartphone is used for image acquisition and averaging, 

image deblurring, and display. The smartphone would 

play music when image acquisition or deblurring is 

accomplished to notify the investigators.  

Image Acquisition and Averaging 

The frame rate of a digital camera reaches up to 30 

frames/sec (FPS), whereas that of Sony Xperia LT26w and 

Xperia Z smartphones ranges from 4 to 5 FPS. With this 

frame rate limitation, the smartphone imaging time 

reached approximately 6 min to acquire 1500 frame 

images with resolution of 1280 × 720 pixels. Figures 6 

and 7 show the averaged images of two test cases 

obtained by Sony Xperia LT26w. Images are blurred 

because of water surface waves and lighting variations. 

  

Figure 6. Averaged image (case 1).  Figure 7. Averaged image (case 2). 
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Figure 8 shows the operation flowchart for image 

acquisition (and image averaging). Image averaging is 

performed during image acquisition to reduce processing 

time.  

Put smartphone on fixed 

support above stream

Save Averaged Image

& Broadcast music

START

Number of Acquired 

Image ≧Nimg ?

Y

N

Number of Acquired Image: 
Nimg

Start 
Imaging

Select“Start Imaging”on 
touch screen

Image Acquisition

Select button“HW Menu”

Image Avcraging

Averaged ImageSTOP

 

Figure 8. Operation flowchart of image acquisition. 

Save Deblurred Image

& Broadcast Music

START

“Select Image”on touch 
screen

Start Calculation
for image deblur

Select button“HW Menu”

Deblurred 
Image

STOP

Averaged 
Image

Move the red frame on image to 
include the RED point in image

Enlarge/Shrink the red frame to 
cover RED point properly 

 

Figure 9. Operation flowchart of image deblurring. 

Image Deblurring 

The deblurred image has to be derived 

block-by-block, each with pixel size of 512 × 512, because 

of the limited storage of the smartphone. In addition, the 

image blocks have an overlap of 64 pixels with one 

another. Figure 9 shows the operation flowchart of image 

deblurring. Several tests are conducted to verify the 

deblurring function on the smartphone. Figures 10 and 

11 show the deblurred images from the averaged images 

in Figures 6 and 7, respectively. These images indicate 

that underwater gravels in deblurred images are clear 

and suitable for gravel extraction. Figure 12 shows the 

PSF of the blurred averaged image in Figure 6.  

 

Figure 10. Deblurred image (case 1).  

 

Figure 11. Deblurred image (case 2). 

 

Figure 12. PSF of the blurred image from the averaged image. 
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By comparing the derived PSF and image 

deblurring results of Matlab code on a laptop with that 

of a smartphone firmware, we found that the accuracy 

and consistency of both platforms are excellent. The 

difference in derived PSF between Matlab code and 

firmware is less than 1%. The time consumed by a Sony 

Xperia LT26w smartphone for image deblurring is 

approximately 12 min. We have also ported the APP on 

Sony Xperia Z smartphone which has four-core CPU and 

2GB RAM for trying to improve the deblurring efficiency.  

Four sets of averaged images were derived from 

the field image acquisition provided by Lo [5]. According 

to the flow condition of stream water, two cases belong 

to the condition of unbroken standing wave (USW) which 

has distinct wave on water surface, and others belong to 

that of broken standing wave (BSW) which has distinct 

wave and broken spray. Table 1 is the single shot, 

averaged and deblurred images, and the time consumed 

for image deblurring on a Sony Xperia Z smartphone for 

each case. It’s very hard to recognize the underwater 

gravels by using single shot images. An investigator can 

determine whether the acquired images are usable or 

not in the field based on deblurred images as shown in 

Table 1. Comparing the time consumed for image 

deblurring, we found the efficiency of using Sony Xperia 

Z smartphone is not definitely better than that of using 

Xperia LT26w. It’s because the OS of Xperia Z smartphone 

is almost same as Xperia LT26. And the memory 

limitation of 64 MB for each process is the same.

Table 1. Test results of image deblurring on a Sony Xperia Z smartphone. 

Test Case USW-1 USW-2 BSW-1 BSW-2 

Single shot image     

Aveaged image     

Deblurred image     

Time for image 

deblurring 
8’50” 12’ 12’ 8’47” 
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Conclusion 

The proposed approach and a compact operation 

system for underwater gravel extraction are successfully 

developed on a smartphone. The hardware platform of 

smartphones is characterized by lightness, portability, 

water resistance, and high mobility. With this method, 

risks of hardware damage in the stream are significantly 

reduced. Image acquisition and deblurring are 

accomplished in real time during field investigation. Thus, 

images can immediately be reacquired if the acquired 

images are unusable for gravel extraction. Consequently, 

investigation efficiency is substantially improved, and a 

great amount of time, cost, and effort is conserved.  

At present, total time required for image 

acquisition and deblurring with a Sony Xperia LT26w is 

approximately 18 min. From a user point of view, 

smartphones with better performance in image 

acquisition and deblurring are expected to have better 

operation efficiency. But better hardware performance is 

no guarantee for improving the processing efficiency. 

Efficiency is also dependent on the characteristics of 

smartphone OS and the firmware. Therefore, we aim to 

port the firmware to other smartphones with superior 

performance (higher frame rate of image acquisition) 

and resolution (e.g., 1920 × 1080 pixels), and to 

reconstruct the firmware with the multi-thread 

architecture in the future to extend software capabilities 

and values. 
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