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Research Title: The use of graphics processing unit for acceleration in the learning speed of automatic
construction of object recognition programs
Researcher:  Dr. Ukrit Watchareeruetai

Faculty: International College Department: School of Engineering and Technology
ABSTRACT

This research focuses on the acceleration in the learning speed of an automatic object
recognition program construction system by using graphics processing units (GPU). In such a system, a
user (need not to be an expert) only inputs an image dataset of the given problem and defines the
objective functions used for performance evaluation. Then the system will automatically construct a
program that is proper for the given image dataset and the defined objective functions. Many systems
proposed so far are based on evolutionary computation techniques, which are powerful
search/optimization techniques inspired by biological evolution in nature. In this approach, a numerous
number of image programs have been executed and evaluated to find the program proper for the given
problem; consequently, it requires much computation time for program construction.

In this work, we have developed a program construction system that performs image
processing operations on GPU. Recently, GPU which are specifically designed for computer graphics
(CQ) tasks such as rendering 3-D scene onto a 2-D screen have been exploited to accelerate computation
of general tasks rather than CG. Image processing and computer vision, which are the inverse process of
CGs, can be effectively computed on GPUs also. Therefore, if all image processing operations are
efficiently computed on GPU, we would greatly reduce computation time of the object recognition
program construction system. As the main objective of this work, we aim to study how to program a GPU
to effectively perform image processing operations so that we can accelerate the speed of the object
recognition program construction systems. So far, we have studied the structure of GPU and CUDA C,
which is a programming language that can be program GPU. Then we have develc;ped several basic
image processing operations that can be run on GPU, and have combined them with the code of the
program construction system which will be run on CPU. | 5
In this research, we have conducted two experiments. In the first experimént,f we compared the

processing time of each image processing operation that was run on CPU and GPU. The experiment

results show that the acceleration rate was different depending on the operation to be executed but it



v

increases when we use the image with larger size. With the largest size iln';'lge' 1n the e);(periment. (2560 x
1920 pixels), the acceleration rate varies from several times to a hundred thousand times, depending on
the operation. In addition, we measured the average acceleration rate of all image processing operations.
The results show that the average acceleration rate varies from 5.92 times to 88.52 tirhes, depending on
the size of the test image. In the second experiment, we have compared the overall processing time of an
automatic object recognition program construction system with and without GPU. The experiment has
been conducted by using a dataset of 160 x 120 pixel images. The results indicate th';lt the use of GPU
can help accelerate the learning speed of the object recognition program construction system around 3
times, compared with a program construction system without GPU, and the acceleration rate would be

increased if we use the images with larger size.

Keywords: GPU, Object recognition program, Evolutionary computation, Automatic program

construction
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1l:int main() { f
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13: int a[N], b[IN], c[N];
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17: }
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23:

24 cudaMemcpy( dev_a, a, N*sizeof(int), cudaMemcpyHostToDevice ); :
25: . cudaMemcpy ( dev_b, b, N*sizeof(int), cudaMemcpyHostToDevice ); i
26

27: add_vector<<<N,1>>>( dev_a, dev_b, dev_c, N );

28:
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30:

31: for( int i=0; i<N; ++i )

32: cout << c[i] << " ¥;

33: i
34: cudaFree( dev_a );

35: cudaFree( dev_ b );

36: cudaFree( dev_c );

37:

38: return 0;
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0l:template <typename T>
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03: //10 thread biedcks

04: int offset = threadIdx.x + blockIdx.x*blockDim.x;

05:

06: if( offset < N.)

07: if( (fleat)infoffset] >='th )

08: out [offset] = 255;

09: else

10 out[offset] = 0;

11:}

12:template <typename T>
13:void gpuThresholding( T* dev_in,. T* dev_out, int widthy int-height, float th ) {
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16: ( dev_in, dev_out, N, th );
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mann a. Taldsunsugamdalszananamunuguuy GPU

o n'J d' 1 o A :
1. ‘Qﬂﬂ1ﬁﬁﬂ1i!ﬂﬁﬂﬂﬂ1i$ﬂﬂﬁ!ﬂ1 !
1.1 Image negative i

__global  void kernelImgNegative( unsigned char *in, unsigned char *out, int'N )({
/710 thread blocks
int offset = threadIdx.x + blockIdx.x*blockDim.x;

if( offset < N )
out[offset] = 255 - in[offset]:;

void gpulmgNegative( unsigned char* dev_in, unsigned char* dev_out, int width,
int height ) {
const int N = width*height;
kernelImgNegative<<< (N+threadsPerBlock-1)/threadsPerBlock, threadsPerBlock >>>
( dev_in, dev out, N );

1.2 Histogram equalization i

e S | el F RS AL ) AL S RS AARAAAAL A

__global__ void kernelComputeHist( unsigned char *dev_in, unsigned int *dev hist, int N) {

//Atomic operation on global memory

//Reguire compute compatability 1.1 or highex '
1

/71D thread blocks
int offset = threadldx.x + blockIdx.x*blockDim.x;
int stride = blockDim.x*gridDim.x;

while( offset < N ){ 4
atomicAdd( &(dev_hist[ dev in[offset] 1), 1 ); i

offset += stride;

__global_ void kernelGrayValueMapping( unsigned char *dev_in, unsigned char *dev out,
unsigned char *dev_tf function, int N )({

//1D thread blocks

.int offset = threadIdx.x + blockIdx.x*blockDim.x;

int stride = blockDim.x*gridDim.x;

1

while( offset < N ){
dev_out[offset] = dev tf function[ dev_in[offset] ];

offset += stride; §

} ;

/= e et b i i b :

void gpuComputeHist( unsigned char* dev_in, unsigned int *dev_hist, int width,

int height ) {
const int N = width*height;

kernelComputeHist<<< 4, 256 >>>(-dev_in, dev_hist, N );

void gpuHistEQ( unsigned char* dev_in, unsigned char* dev_out, int width, int height ){
const int N = width*height; ;

//Allocate memory for histogram



unsigned int *dev_hist;
cudaMalloc ( (void**) &dev_hist, 256*sizeof( unsigned int ) );
cudaMemset ( dev_hist, 0, 256*sizeof( unsigned int ) );

I
//Compute Histogram

kernelComputeHist<<< 4, 256 >>>( dev_in, dev_hist, N );

unsigned int hist[256]; 1
cudaMemcpy ( hist, dev_hist, 256*sizeof( unsigned int ), cudaMemcpyDeviceToHost );

//Find Mapping Function (Transformation Function)
unsigned char tf function(256];

unsigned long sum = 0;

float temp sum;

const float _255 N = (float)255.0 / N;

for( int i=0; 1<256; i++ ){
sum += hist[i];
temp_sum = sum*_255 N;
tf function[i] = (unsigned char) ( temp_sum + 0.5 ); |
} |
i

//Mapping the image with the transformation function

unsigned char *dev_tf function;

cudaMalloc( (void**)g&dev_tf function, 256*sizeof( unsigned char ) );

cudaMemcpy ( dev_tf function, tf function, 256*sizeof( unsigned char ),
cudaMemcpyHostToDevice ) ; E

kernelGrayValueMapping<<< 4, 256 >>>( dev_in, dev out, dev tf function, N );

cudaFree( dev_hist );

I
1"
//Free memory
I
cudaFree( dev_tf function );

2. gamasmsulaailunwaessydn

2.1 Thresholding

template <typename T>

__global  void kernelThresholding( T *in, T *out, int N, float th ) {
//1D thread blocks
int offset = threadIdx.x + blockIdx.x*blockDim.x;

if( offset < N )
if( (float)in[offset] >= th )
out [offset] = 255; !
else . i
out[offset] = 0;

3

i
. |
/7 !
template <typename T> i

void gpuThresholding( T* dev_in, T* dev_out, int width, int height, float th )X
const int N = width*height; =

kernelThresholding<<< (N+threadsPerBlock-1) /threadsPerBlock, threadsPerBlock
>>>( dev_in, dev_out, N, th );
/= e e

i
T
|

|
/ ‘
|
|
1

]

|
I
t

i

template <typename T>

void gpuMeanThresholding( T* dev_in, T* dev_out, int width, int height ){
float mean = gpuGetMean ( dev_in, width, height ):;
gpuThresholding( dev_in, dev_out, width, height, mean );
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3. gamaansmuey

3.1 Sobel edge detection

__9global  void kernelEdgeSobel( unsigned char* dev_in, unsigned char* dev_out,
' const int width, const int height ){
//2D thread blocks !
int x = threadIdx.x + blockIdx.x * blockDim.x; '
int y = threadIdx.y + blockIdx.y * blockDim.y;
const int grid line_sizeX = blockDim.x * gridDim.x;
int offset = x + y * grid line sizex;

if( x == 0 || x == width-1 || y == || y == height-1) {
dev_out[ offset ] = 0;
}
else if( x < width && y < height ){
short Gx, Gy;
//finding Gx
Gx = (short) ( dev_in[ offset - 1 - grid line sizeX ]
- dev_in[ offset + 1 - grid line sizeX ] '
+ 2*dev_in[ offset - 1 ]

- 2*dev_in[ offset + 1 ]
dev_in[ offset - 1 + grid_line_sizeX ]
dev_in[ offset + 1 + grid line sizeX ] );

+

//finding Gy

Gy = (short)( dev in[ offset - grid_line sizexX - 1 ]
+ 2*dev_in[ offset - grid line sizeX ] :
+ dev_in[ offset - grid line sizeX + 1 ] ,

- dev_in[ offset + grid line sizeX - 1

- 2*dev_in[ offset + grid line_sizeX ]

- dev_in[ offset + grid line sizeX + 1

short value = (abs(Gx) + abs(Gy)):

1f( value >= 255 )
dev_out[ offset ] 255;

else if( value <= 0 ) //ro such cases
dev_out[ offset ] = 0;

Il

else
dev_out[ offset ] = (unsigned char)value;

template <typename T>

__global _ void kernelEdgeSobel( T* dev_in, float* dev out, const int width,

const int height ) {
//2D thread blocks

int x = threadIdx.x + blockIdx.x * blockDim.x;
int y = threadldx.y + blockIdx.y * blockDim.y;
const int grid_line_sizeX = blockDim.x * gridDim.x; !
int offset = x + y * grid line_sizeX; '

if( x == Il x == width-1 |] y == [l y == height-1){
dev_out[ offset ] = 0;
}
else if( x < width && y < height ){
float Gx, Gy:
//finding Gx
Gx = dev_in[ offset - 1 - grid_line_sizeX ] :
- dev_in[ offset + 1 - grid_line_sizeX ]
+ 2*dev_in[ offset - 1 ]

- 2*dev_in[ offset + 1 ]
+ dev_in[ offset - 1 +
- dev_in[ offset + 1 +

grid_line_sizeX ] !
grid line_sizeX ]

//finding Gy
Gy = dev_in[ offset - grid line sizeXx - 1 ]
+ 2*dev_in{ offset - grid_line_sizeX ]
+ dev_in[ offset - grid_line sizeX + 1 ]
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- dev_in[ offset + grid line sizexX - 1 ] !
- 2*dev_in[ offset + grid_line_sizeX ]
- dev_in[ offset + grid_line sizeX + 1 ] ; ' )

dev_out[ offset ] = (T) (abs(Gx) + abs(Gy)): i
} : i
) '

] = e e o o e et e e e e e 2 e e e e o

o Q’J o |
4.§ﬂﬂ1ﬁﬁﬂ3ﬂiﬂd ) |
4.1 Moving average filter

template <typename T>
__global__ void kernelNaiveFiltering2D( T* dev_in, T* dev_out, const int width,
const int height, float* dev filter, const int filterSize ){
/72D thread blocks - :
int x = threadIdx.x + blockIdx.x * blockDim.x;

int y = threadIdx.y + blockIdx.y * blockDim.y;
{
if( x < width && y < height ){ ;
const int grid line_sizeX = blockDim.x * gridDim.x; '
int offset = x + y * grid_line sizeX; ‘
//convolution
T value; :
float sum = 0; D
int m, n; : \
const int R = (filterSize - 1)/2;
for( int i=-R; i<=R; i++ ){
m=x + i; i
if(m > 0 && m < width ){ !
for( int j=-R; j<=R; j++ ){
n=y+3j;
if( n > 0 && n < height ){
//get the corresponding pixel value
value = dev_in[ m + n*grid line sizeX ];
sum += value*dev filter[ (i+R) +
(j+R) *filterSize 1;
} i

}
}
dev_out[ offset ] = (T) (sum):

template <typename T> - '
void gpuMovingAverage( T* dev_in, T* dev out, int width, int height, int filterSize ){
dim3 blocks{ ( width + tileSize - 1 )/tileSize,-
( height + tileSize - 1 )/tileSize ):
dim3 threads( tileSize, tileSize ); A

const int filterLengthlD = filterSize*filterSize;
float *cpu filter = (float*)malloc( filterLengthlD*sizeof( float ) );
for( int i=0; i < filterLengthlD; i++ )
cpu_filter[i] = 1.0/filterLengthlD; .
float *dev_filter; :
cudaMalloc( (void**)sdev_filter, filterLengthlD*sizeof( float ) ):
cudaMemcpy ( dev_filter, cpu_filter, filterLengthlD*sizeof( float ),
cudaMemcpyHostToDevice );
kernelNaiveFiltering2D<<< blocks, threads >>>{( dev_in, dev_out, width,fheight,
dev_filter, filterSize );

cudaFree( dev_filter );
free( cpu_filter );
}

/] e e e e e |
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4.2 Highpass filter |

__global _ void kernelHighpass3by3( float* dev_in, float* dev_out, int width,
[ -1 -1 -1 7]

/7 { -1 8 -1}
{ -1 -1 -1}

int height ){

//2D thread blocks .
int x = threadIdx.x + blockIdx.x * blockDim.x;
int y = threadIdx.y + blockIdx.y * blockDim.y;
const int grid line_sizeX = blockDim.x * gridDim.x; !
int offset = x + y * grid line_sizeX;

if( x == 11 == width-1 || y == |l y == height-1){
dev_out[ offset ] = dev_in[ offset ];
} '
else if( x < width && y < height ){
float value;
value = ( - dev_in[ offset - 1 - grid line sizeX ]
- dev_in[ offset - grid line_sizeX ]
- dev_in[ offset + 1 - grid_line sizeX ]

- dev_in[ offset - 1
+ 8*dev_in[ offset ]
- dev_in[ offset + 1

]
]

- dev_in[ offset - 1 + grid line sizeX ]
- dev_in[ offset + grid_line_sizeX ]

- dev_in[ offset + 1 + grid line sizexX ] );

|
|
|
dev_out[ offset ] = value; !
|
|
1

template <typename T>
void gpuHighpass3by3( T* dev_in, T* dev_out, int width, int height ) {
dim3 blocks( ( width + tileSize - 1 )/tileSize,
( height + tileSize - 1 )/tileSize ); v
dim3 threads( tileSize, tileSize ); ]

} !

~
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template <typename T> X
void gpuGaussianFilter( T* dev_in, float* dev_out, int width, int height, int |filterSize,
: const float sigma ) {

dim3 blocks( ( width + tileSize - 1 )/tileSize,
( height + tileSize - 1 )/tileSize );
dim3 threads( tileSize, tileSize );

//create filter
int i, 3, %, y; . |
const int filterSize 2 = (filterSize - 1)/2;
const int filterLengthlD = filterSize*filterSize;
float value, sum = 0;
float *cpu_filter = (float*)malloc( filterLengthlD*sizeof( float ) )}; .
//filter coeffcient . ;
for( i=0, x=filterSize 2; i < filterSize; i++, x++ )
for( j=0, y=filterSize 2; j < filterSize; j++, y++ ){ ;
value = (float) (exp(-0.5*( sqrtf( x/sigma ) + sqrtf( y/sigma) ) )):
cpu_filter[ i + j*filterSize ] = value; l
sum += value; :
}
//ncrmalize filter
for( i=0; i < filterLengthlD; i++ )
cpu_filter[ i ] /= sum;

//copy filter to GPU memory
float *dev_filter;
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cudaMalloc( (void**)&dev_filter, filterLengthlD*sizeof( float ) );
cudaMemcpy ( dev_filter, cpu filter, filterLengthlD*sizeof( float ),
cudaMemcpyHostToDevice ) ; '

kernelNaiveFiltering2D<<< blocks, threads >>>{ dev_in, dev_out, width, height,
dev_filter, filte;size ):

|

cudaFree ( dev_filter );
free( cpu_filter );

5. ¥AMETIAIAUHUNST Morphology
5.1 Dilation

global__ void kernelDilationSquare( unsigned char* dev_in, unsigned char* dév_out,
const int width, const int height, const int SE; size ){

//2D thread blocks :
int x = threadIdx.x + blockIdx.x * blockDim.x; '
int y = threadIdx.y + blockIdx.y * blockDim.y; '
const int grid line_sizeX = blockDim.x * gridDim.x;

int offset = x + y * grid line_sizeX;

//copy input image
if( x < width && y < height )({
dev_out[ offset ] = dev _in[ offset ];
} .
__syncthreads (),

const int SE_size 2 = (SE_size - 1)/2;
const int strX = SE size 2;

const int endX = width - SE size 2;
const int strY = SE size 2;

const int endY = height - SE_size_2;

if( X >= strX && x <= endX && y >= strY && y <= endY )

if( dev_in[ offset ] == GPU_OBJECT VALUE ) {
int m, n;
const int R = SE size 2; //SE_Size must be odd

“for( int i=-R; i<=R; i++ ){
m=x + i;
for( int j=-R; j<=R; j++ ){
AR I
dev_out[ m + n*grid line sizeX ] = GPU OBJECT_VALUE;

void gpuDilationSquare( unsigned char¥* dev_in, unsigned char* dev_out, int width,
int height, int SE_size ){
dim3 blocks( ( width + tileSize - 1 )/tileSize, '
( height + tileSize - 1 )/tileSize );
dim3 threads( tileSize, tileSize );

kernelDilationSquare<<< blocks, threads >>>( dev_in, dev_out, width, height,
SE .size );

|
__9lobal  void kernelErosionSquare( unsigned char* dev_in, unsigned char* dev out, const
' int width, const int height, const int SE_size ){

int x = threadIdx.x + blockIdx.x * blockDim.x;

int y = threadIdx.y + blockIdx.y * blockDim.y;
const int grid line sizeX = blockDim.x * gridDim.x;
int offset = x + y * grid_line sizeX;



//copy input image
if( x < width && y < height ){
dev_out[ offset ] = dev_in[ offset ];
} ]
_ syncthreads();

const int SE size 2 = (SE_size - 1)/2;
const int strX = SE size 2; ‘
cofist int endX = width - SE_size 2; '
const int stry SE_size 2;

const int endY = height - SE_size_ 2;

if( x >= strX && x <= endX && y >= strY && y <= endY )

;

if( dev_in[ offset ] == GPU_OBJECT VALUE ) {
int m, n; i
const int R = SE_size_ 2; //SE_Size must be odd '

for( int i=-R; i<=R; i++ ){ !
m=x + i;
for( int j=-R; j<=R; j++ ){

n=y+ j;

if( dev_in[ m + n*grid line sizeX ] I= |

GPU_OBJECT VALUE ) {

dev_out[ offset ] = GPU_NON_OBJECT_ VALUE;
break;

) |

1
i
i

void gpuErosionSquare( unsigned char* dev_in, unsigned char* dev_out, int width,
int height, int SE size ){

dim3 blocks( ( width + tileSize - 1 )/tileSize,
( height + tileSize - 1 )/tileSize );
dim3 threads( tileSize, tileSize );
I
kernelErosionSquare<<< blocks, threads >>>( dev_in, dev_out, width, :
height, SE| size ):
} [ .

'

void gpuOpeningSquare( unsigned char* dev_in, unsigned char* dev_out, int width,
) int height, int SE size ){
unsigned char *dev_temp;
cudaMalloc( (void**)&dev_temp, width*height*sizeof( unsigned char ) );:,

N !
gpuErosionSquare ( dev_in, dev_temp, width, height, SE_size );
gpuDilationSquare( dev_temp, dev out, width, height, SE_size );
i
cudaFree( dev_temp );
} I
|

i
5.4 Closing ;
|

void gpuClosingSquare( unsigned char* dev_in, unsigned char* dev_out, int width,
. int height, int SE_size ){
unsigned char *dev_temp;
cudaMalloc( (void**)&dev_temp, width*height*sizeof( unsigned char ) )i
I
gpuDilationSquare( dev_in, dev temp, width, height, SE size );
gpuErosionsquare( dev_temp, dev_out, width, height, SE size });

cudaFree( dev_temp ): i
} l
]
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o & [ XY}
6. yamFuavadinuazWantuvean I

6.1 Image addition

template <typename T>

__global__ void kernelImgAddition( T* inl, T* in2, T* out, int N ){
//1D thread blocks
int offset = threadIdx.x + blockIdx.x*blockDim.x; !

if( offset < N ) '
out[offset] = inl[offset] + in2[offset];

template <typename T>
void gpuIlmgAddition( T* dev_inl, T* dev_in2, T* dev_out, int width, int height ){
const int N = width*height; i
kernelImgAddition<<< (N+threadsPerBlock-1)/threadsPerBlock, threadsPerBlock >>>
( dev_inl, dev_in2, dev_out, width*height );
} |
/= e |

template <typename T>

__global  void kernelImgSubtraction( T* inl, T* in2, T* out, int N ){
/71D thread blocks
int offset = threadIdx.x + blockIdx.x*blockDim.x;

if( offset < N ) !
out[offset] = inl[offset] - in2[offset]; !

template <typename T> :
void gpulmgSubtraction( T* dev_inl, T* dev_in2, T* dev_out, int width, int height ){
const int N = width*height; .
kernelImgSubtraction<<< (N+threadsPerBlock~1) /threadsPerBlock, I
threadsPerBlock >>>( dev_inl, dev_in2, dev_out, width*height );

6.3 Image multiplication

/ e e et WY D SR

;
£ e o s e e i e e e v 1 e e e e o e a0
I,

template <typename T>

__global_  void kernelImgMultiplication( T* inl, T* in2, T* out, int N ){ :
//1D thread blocks
int offset = threadIdx.x + blockIdx.x*blockDim.x;

if( offset < N )
out [offset] = inl[offset] * in2[offset];
}

77 s o o o o o e e e e e bt o 2 e i e e 1 e e

template <typename T> .

void gpulmgMultiplication( T* dev_inl, T* dev_in2, T* dev_out, int width, int height ){
const int N = width*height;
kernelImgMultiplication<<< (N+threadsPerBlock-1)/threadsPerBlock, threadsPerBlock

>>>( dev_inl, dev_in2, dev out, width*height Yz

__global__ void kernelImgDivision( unsigned char* inl, unsigned char* in2,

unsigned char* out, int N;){
//1D thread blocks _ ‘
int offset = threadIdx.x + blockIdx.x*blockDim.x; {
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if( offset < N )
if( in2[offset] != 0 ) //denominator is 0O !
out[offset] = inl[offset] / in2[offset]: '
else .
out[offset] = 255; //magimum value i
74 cut[offset] = Q; //as in the previous version

} :
// ................................................................... |
template <typename T>
void gpuImgDivision( T* dev_inl, T* dev_in2, T* dev_out, int width, int‘heighF ) {
const int N = width*height; |
kernelImgDivision<<< (N+threadsPerBlock-1)/threadsPerBlock, threadsPeﬁBlock >>>
’ ( dev_inl, dev_in2, dev_out, width*height ):
} : ;

//n_”mwmm______-~m~_mmgw_n_mw_-wwm“_w»M-~»“_m_“n~____

!
,
|
1
{
|

template <typename T> )

__global__ void kernelImgLogarithm( T* in, float* out, int N ){
//1D thread biocks
int offset = threadIdx.x + blockIdx.x*blockDim.x;

if( offset < N )
1f( in[offset] > 0 )
out[offset] = (float)log( (float)inl[offset] ):

else
out [offset] = -FLT MAX; //minimum value (need to

f el B o & A eeed ¥ QU W AP

template <typename T>

void gpulmgLogarithm( T* dev_in, float* dev_out, int width, int height ){
const int N = width*height; '
kernelImgLogarithm<<< (N+threadsPerBlock-1)/threadsPerBlock, threadsPerBlock >>>

| ( dev_in, dev out, width*height );
} i
Y

template <typename T>

_ global__ void kernelImgExponential( T* in, float* out, int N ){
//1D thread blocks

int offset = threadIdx.x + blockIdx.x*blockDim.x;

if{ offset < N )
if( in[offset] > 0')
out[offset] = (float)exp( (float)in[offset] '
}
7/

7

et e e e e e e ettt e i e e i
template <typename T> !
void gpulmgExponential( T* dev_in, float* dev_out, int width, int height ){ ?
const int N = width*height;
kernelImgExponential<<< (N+threadsPerBlock-1)/threadsPerBlock,
threadsPerBlock >>>( dev_in, dev out, wiath*height ):
i
|
i

template <typename T>
__global_ _ void kernelImgSquareRoot{ T* in, float* out, int N ){ . I
/71D thread blocks : !
int offset = threadIdx.x + blockIdx.x*blockDim.x;

if( offset < N )
if( in[offset] >= 0 ) v I
out[offset] = (float)sqrt( (float)in[offset] ):
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else :
outf[offset] = (float)sqrt( -(float)in[offset] );: /APROTECTEB!!!
} !
template <typename T> ‘
void gpulmgSquareRoot( T* dev_in, float* dev_out, int width, int height ){
const int N = width*height; :
kernelImgSquareRoot<<< (N+threadsPerBlock-1)/threadsPerBlock, threadséerBlock >>>
( dev_in, dev_out, width%height ):
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_ global__ void kernelImgAbsolute( float* in, float* out, int N ){
//1D thread blocks
int offset = threadIdx.x + blockIdx.x*blockDim.x;

if( offset < N )
if( inf[offset] >= 0 )
out[offset]

in[offset] :
else

I

out[offset] = -in[offset] ;

voild gpulmgAbsolute( float* dev_in, float* dev_out, int width, int height ){ !
const int N = width*height; ) !
kernelImgAbsolute<<< (N+threadsPerBlock-1)/threadsPerBlock, threadsPexrBlock >>>
( dev_in, dev out, widthﬁheight )i
} ' i
|
1

)]
3)

7. YAMTUY @
7.1 Global mean

template <typename T>

__global _ void kernelGetMean( T* dev_in, float* dev partial out, int N ){ L
//1D thread blocks
int offset = threadIdx.x + blockIdx.x*blockDim.x;
int cacheIndex = threadIdx.x;

_ shared  float cache[threadsPerBlock];

//First step: in case of a very long array
cache[cacheIndex] = 0;
while (offset < N) {

cache[cacheIndex] += dev_in[offset];

offset '+= blockDim.x*gridDim.x;
}
__syncthreads () ;

//Second step: reduction inside a block
//¥ote: threadsPerBlock must be the power of 2 .
int i = blockDim.x/2;
while( i != 0 ){
if( cachelndex < i )
cache[cacheIndex] += cache[cacheIndex + i];
_ syncthreads () ; '
i/=2;
}

//Third step: return the mawimum value of the block

// (reed further reduction in CPU side) !

if( cacheIndex == 0 )
dev_partial_out[blockIdx.x] = cache[0]; !

template <typename T>
float gpuGetMean( T* dev in, int width, int height ){



const int N = width*height;
int blocksPerGrid = (N+threadsPerBlock-1)/threadsPerBlock;

//First step: Allocate an array to store the partial result
float *dev_partial_out;
cudaMalloc( (void**)&dev_partial_out, blocksPerGrid*sizeof( float ) );

//3econd step: call kernel to obtain the maximum value of in each block
kernelGetMean<<< (N+threadsPerBlock—~1) /threadsPerBlock, threadsPerBlock >>>
( dev_in, dev_partial out, width*height ):
]

//Third step: copy the partial result onto CPD mnemery .

float *partial_sum = (float*)malloc( blocksPerGrid*sizeof( float ) );

cudaMemcpy ( partial sum, dev_partial_out , blocksPerGrid*sizeof( tloat ),
cudaMemcpyDeviceToHost ) ;

//Forth step: find the mazimum among the maximum value of all blocks
float sum = partial_sum[0];
for( int i=1; i<blocksPerGrid; i++ )

sum += partial sum([i];

//Free memory
cudaFree( dev_partial out ); '
free(partial sum);

return (float) (sum/N);

template <typename T> ]
__global  void kernelGetVariance( T* dev_in, float* dev_partial_out_sum, float*
dev_partial_out_sum2, inti N ){
//VAR[Y] = E[(X~B(X))" 2]} {centzal moment oxder 3)
// = E{X"2]-B[X]"2

//1D thread blecks
int offset = threadIdx.x + blockIdx.x*blockDim.x;
int cacheIndex = threadIdx.x;

__shared_ float cache_sum[threadsPerBlock];
__shared _ float cache_sum2[threadsPerBlock];

//First step: in case of a very long array
cache_sum[cacheIndex] = 0;
cache_sum2 [cacheIndex] = 0;
while (offset < N) {
cache_sum[cacheIndex] += dev_in[offset];
cache_sum2 [cacheIndex] += dev_in[offset]*dev_in[offset];

offset += blockDim.x*gridDim.x;

}
__syncthreads();

//8econd step: reduction inside a block
//Note: threadsPerBlock must be the power of 2
int i = blockDim.x/2; !
while( i != 0 ){ ‘
if( cachelIndex < i ){
cache_sum[cacheIndex] += cache_sum[cacheIndex + i];
cache_sum2 [cacheIndex] += cache_sum2[cacheIndex + i];
}
__syncthreads{();
i /= 2;
}

//Third step: return the maximum value of the block
//(need furxther reduction in CPU side)
if( cachelIndex == 0 ){
dev_partial out_sum[blockIdx.x] cache_sum[0];
dev_partial_out_sum2[blockIdx.x] = cache_sum2[0];

I
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template <typename T> ;
float gpuGetVariance( T* dev_in, int width, int height )({ !
//VARIY] = E(X-E(X)"2)} {central moment order 3)
/7 = E[X"2]-B[x]"2
const int N = width*height;
int blocksPerGrid = (N+threadsPexrBlock-1) /threadsPerBlock;

//First step: Allocate an array to store the partial result
float *dev_partial_out_sum;

cudaMalloc( (void**)&dev_partial_out_sum, blocksPerGrid*sizeof ( float;) )

float *dev_partial_out_sum2; i

cudaMalloc( (void**)s&dev_partial out sum2, blocksPerGrid*sizeof( float ) );
- - - i

|
//second step: call kernel to obtain the mawimum value of in each bieck
kernelGetvVariance<<< (N+threadsPerBlock-1) /threadsPerBlock, threadsPerBlock >>>
( dev_in, dev_partial out_sum, dev_partial out_sum2, width*height );

//Third step: copy the partial result onto CPU mMeMOLY i

float *partial_sum = (float*)malloc( blocksPerGrid*sizeof( float ) )i

cudaMemcpy ( partial_sum, dev_partial out sum , blocksPerGrid*sizeof( float ).
cudaMemcpyDeviceToHost ) ; :

float *partial_ sum2 = (float*)malloc( blocksPerGrid*sizeof( float ) )&

cudaMemcpy ( partial_ sum2, dev_partial out_sum2 , blocksPerGrid*sizeof( float ),
cudaMemcpyDeviceToHost ) ; ;

//Foxth step: find the maximum aong the maximum value of all blocks |

double sum = partial sum{0]; .

double sum2 = partial sum2[0]; i

for( int i=1; i<blocksPerGrid; i++ ){
sum += partial sum[i];
sum2 += partial sum2[i]; !

) - i

//Free 1 Ty \
cudaFree ( dev_partial_out_sum ): i
cudaFree( dev_partial out sum2 );

free(partial sum);

free(partial sum2);

//VARI¥] = E(X~E(X)"2) (central moment order 3} :
/7 = EIX"2} ~B{X]"2

sum = sum/N;
sum2 = sum2/N;
return (float)( sum2 - sum*sum );

7.3 Global standard deviation ‘

P LSRN . S-S~ .. ‘

template <typename T> |
float gpuGetSTD( T* dev_in, int width, int height )({ X
double var = gpuGetVariance( dev_in, width, height );

return (float)sqrt(var); )

template <typename T>

__global  void kernelGetSkewness( T* dev_in, float* dev_partial out, int N, ]
const float mean )i

(central mement order 3) 1

/71D thread blocks
int offset = threadIdx.x + blockIdx.x*blockDim.x; i
int cachelIndex = threadIdx.x;

__shared_ float cache[threadsPerBlock];



//First step: in case of a very long array
float dif; : !
cache [cacheIndex] = 0; i

while (offset < N){
dif = dev_in[offset] - mean;
cache[cacheIndex] += dif*dif*dif;

offset += blockDim.x*gridDim.x;
} i
_ syncthreads () !

//Second step: reduction inside a block !
//Note: threadsPerBlock must be the powsr of 2
int i = blockDim.x/2;
while( 1 I= 0 ){
if( cachelndex < i )
cache [cacheIndex] += cache[cacheIndex + i];
__syncthreads();
i /= 2;
}

//Thixd step: return the maximum v
/7 (need further reduction in CPU si
if( cacheIndex == 0 )

dev_partial out[blockIdx.x] = cache[0];

of the block

de)

template <typename T>
float gpuGetSkewness( T* dev_in, int width, int height ){
//Skewness = B[ (X-EB(X))"3] (central moment order 3)
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const int N = width*height;
int blocksPerGrid = (N+threadsPerBlock-1)/threadsPerBlock;

//First step: Calculate the mean R[X]
float mean = gpuGetMean ( dev_in, width, height ); -

//Second step: Allocate an array to store the partial result
float *dev_partial out; :
cudaMalloc( (void**)e&dev_partial out, blocksPerGrid*sizeof( float ) );

: |
//Third step: call kernel to obtain the mazimum value of in each block
kernelGetSkewness<<< (N+threadsPerBlock-1) /threadsPerBlock, threadsPerBlock >>>

( dev_in, dev_partial out, width*height,; mean );
X .

//Forth step: copy the partial result ente CPU memory /
float *partial_sum = (float*)malloc( blocksPerGrid*sizeof( float ) );
cudaMemcpy ( partial sum, dev_partial out , blocksPerGrid*sizecf( float ),

cudaMemcpyDeviceToHost ) ;

//Fifth step: find the mazimum among the maximum value of all blocks
double sum = partial_ sum{0]; #
for( int i=1; i<blocksPerGrid; i++ )

sum += partial sum{i]; '

//Fres memory :
cudaFree( dev_partial out );
free(partial sum);

return (float) (sum/N);

7.5 Global kurtosis !

;i 7

__global__ void kernelGetKurtosis( T* dev_in, float* dev_partial_out, int N,
const float mean )li{

|
template <typename T> i
|
|
//¥urtosis = B[ (X-B (X)) 4] (central moment order 4)

N

/71D thread blocks ‘ ;
int offset = threadIdx.x + blockIdx.x*blockDim.x; . !
int cacheIndex = threadIdx.x; i
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__shared__ float cache[threadsPerBlock];

//First step: in case of a very long array
float dif;
cache [cacheIndex] = 0; |
while (offset < N){
dif = dev_in[offset] - mean;
dif = dif*dif;
dif = dif*dif;
cache[cacheIndex] += dif;

offset += blockDim.x*gridDim.x;

__syncthreads ()

//Second step: reducticn inside a block
//Wote: threadsPerBlock must be the power of 2 .
int 1 = blockDim.x/2; i
while( i != 0 ){ |

if( cacheIndex < i )

cache[cacheIndex] += cache[cacheIndex + i];
__syncthreads();
i /= 2;

}

//Third step: xeturn the maximum value of the block
//(nee2d further reduction in CPU side)
1f( cacheIndex == 0 )

dev_partial out[blockIdx.x] = cache([0];

template <typename T>
float gpuGetKurtosis( T* dev_in, int width, int height ){ '
//Kurtosis = B[ (X-E(X}) 4] (central moment crder 4}

const int N = width*height;
int blocksPerGrid = (N+threadsPerBlock-1)/threadsPerBlock;

//First step: Calculate the mean E[X] .
float mean = gpuGetMean( dev in, width, height ):

//Second step: Allocate an array to store the partial result
float *dev_partial out;
cudaMalloc ( (void**) sdev_partial out, blocksPerGrid*sizeof( float ) )q

//Third step: call kernel to obtain the maximum value of in each bleck
kernelGetKurtosis<<< (N+threadsPerBlock-1)/threadsPerBlock, threadsPerBlock >>>
( dev_in, dev_partial out, width*height, mean );

//Forth step: copy the partial result onto CPU memoxry

float *partial_sum = (float*)malloc( blocksPerGrid*sizeof( float )} ); .

cudaMemcpy ( partial sum, dev _partial _out , blocksPerGrid*sizeof ( float ),
cudaMemcpyDev1ceToHost )

//Fifth step: find the mawimum amony the maximum value of all blocks
double sum = partial_sum[0];
for( int i=1; i<blocksPerGrid; i++ )

sum += partial_sum[i];

//Free memory
cudaFree( dev_partial out );
free(partial sum);

return (float) (sum/N);

Rgp—

7.6 Global maximum

template <typename T>

_ global__ void kernelGetMax( T* dev_in, T* dev_partial out, int N }{
/71D thread blocks
int offset = threadIdx.x + blockIdx.x*blockDim.x;
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int cacheIndex = threadIdx.x;

_ shared__ T cache[threadsPerBlock];

//First step: in case of a very long array
cache[cacheIndex] = dev_in[offset];
int temp offset = offset + blockDim.x*gridDim.x;
while (temp offset < N){
if( cache[cacheIndex] < dev_in[temp_offset] )
cache[cachelndex] = dev_in[temp offset]:;

temp_offset += blockDim.x*gridDim.x; 5
) |
__syncthreads(); '

//8econd step: reduction inside a block '
//Note: threadsPerBlock must be the power of 2 :
int i = blockDim.x/2;
while( i != Q0 ){
if( cacheIndex < i ) .
if ( cache[cacheIndex] < cache[cacheIndex + 1i]) !
cache[cacheIndex] = cache[cachelndex + i]; ‘
__ syncthreads();
i /= 2;
}

//Third step: return the maximum value of the block
//{need further reduction in CPU sidse)
- 1f( cachelndex == 0 )
dev_partial out[blockIdx.x] = cache[0];

template <typename T>

T gpuGetMax( T* dev_in, int width, int height ){
const int N = width*height;
int blocksPerGrid = (N+threadsPerBlock-1)/threadsPerBlock; !

//Fixrst step: Allccate an array to stors the partial result
T *dev_partial out; '
cudaMalloc( (void**)s&dev partial out, blocksPerGrid*sizeof( T ) );

//Second step: call kernel to obtain the maximum value of in each blod.
kernelGetMax<<< (N+threadsPerBlock-1)/threadsPerBlock, threadsPerBlocK >>>
( dev_in, dev_partial_out, width*height );
1

//Third step: copy the partial result ontc CPU MEMOTY

T *partial max = (T*)malloc( blocksPerGrid*sizeof( T ) );

cudaMemcpy ( partial max, dev_partial out , blocksPerGrid*sizeof( T ),
cudaMemcpyDeviceToHost ) :

//Forth step: find the maximum among the mazimum value of all blocks
T max = partial max([0]; '
for( int i=1; i<blocksPerGrid; i++ )
if( max < partial max[i] )
max = partial max[i];

//Free memory
cudaFree( dev_partial out );
free(partial_max); .

return max;

}
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7.7 Global minimum

template <typename T>

__global__ void kernelGetMin( T* dev_in, T* dev_partial out, int N ){
//1D thread blocks
int offset = threadIdx.x + blockIdx.x*blockDim.x;
int cacheIndex = threadIdx.x;

_ shared T cache[threadsPerBlock];
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//Fixzst step: in case of a very long ALLAY
cache[cacheIndex] = dev_in[offset]; i
int temp_offset = offset + blockDim.x*gridDim.x; \
while(temp_offset < N){
if( cache[cacheIndex] > dev_in[temp offset] )
cache[cacheIndex] = dev_in[temp_offset];

temp offset += blockDim.x*gridDim.x;
}
_ syncthreads():

//Second step: reduction inside a block
//Note: threadsPerBlock must be the power of 2
int i = blockDim.x/2;
while( 1 I= 0 ){
if( cachelIndex < i )
if( cache[cacheIndex] > cache[cacheIndex + i])
cache[cacheIndex] = cache[cachelIndex + i];
__syncthreads{();
i/= 2;

}

//Third step: return the minimum value of the block
//(need further reduction in CPU side)
if( cachelndex == 0 )

dev_partial out[blockIdx.x] = cache[0];

template <typename T>
T gpuGetMin( T* dev_in, int width, int height ){
const int N = width*height;
int blocksPerGrid = (N+threadsPerBlock-1) /threadsPerBlock;

//First step: Rllocate an array to store the partial result
T *dev_partial out;
cudaMalloc ( (void**)&dev_partial_out, blocksPerGrid*sizeof( T ) );
//Second step: call kernel to obtain the minimum value of in each bloc&
kernelGetMin<<< (N+threadsPerBlock-1) /threadsPerBlock, threadsPerBlock >>>

{ dev_in, dev_partial out, width*height );

//Third step: copy the partial result onto CEU memory

T *partial min = (T*)malloc( blocksPerGrid*sizeof( T ) );

cudaMemcpy ( partial min, dev_partial out , blocksPerGrid*sizeof( T ),
cudaMemcpyDeviceToHost )

//Forth step: find the minimum among the minimum value of all blocks

T min = partial min[0];

for( int i=1; i<blocksPerGrid; i++ ) i

if( min > partial min[i] )

min = partial min[i];

//Free memory

cudaFree( dev_partial_out );

free (partial _min);

return min;
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template <typename T>
__global _ void kernelGetMaxMin( T* dev in, T* dev_partial out max,
T* dev_partial_ out_min, int N )({
//1D thread blocks
int offset = threadIdx.x + blockIdx.x*blockDim.x;
int cacheIndex = threadIdx.x:;

__shared__ T cache_max[threadsPerBlock];
_ shared T cache_min[threadsPerBlock]:

//First step: in case of a very long array



cache_max[cacheIndex] = dev_in[offset];
cache_min([cacheIndex] = dev_in[offset];
int temp_offset = offset + blockDim.x*gridDim.x;
while(temp offset < N){

if( cache_max[cacheIndex] < dev_in[temp offset] )

cache_max[cacheIndex] = dev_in[temp offset]; é
if( cache_min[cacheIndex] > dev_in[temp offset] )
cache_min[cacheIndex] = dev_in[temp offset];

temp offset += blockDim.x*gridDim.x; :
} i
___syncthreads () ;

//8econd iuction inside a bilock !
//Note: 2adds rBlock must be the power of 2 ‘
int i = blockbim.x/2; !
while( i I= 0 ){

if( cachelndex < i ){
if( cache max[cacheIndex] < cache_max[cacheIndex + i]) ;

cache_max[cacheIndex] = cache_max[cacheIndex + i];
if( cache min[cacheIndex] > cache min[cacheIndex + 1i]) !
cache_min[cacheIndex] = cache min[cacheIndex + %];

}

_ syncthreads(); .

i /= 2; !
}

//Third step: resturn the maximum value of the block
//(need further reduction in CPU side)

if( cachelIndex == 0 ){
dev_partial_out_max[blockIdx.x] = cache_max[0];
dev_partial out_min[blockIdx.x] = cache_min[0];

template <typename T>
T gpuGetRange( T* dev_in, int width, int height ){ ’

const int N = width*height; i

int blocksPerGrid = (N+threadsPerBlock-1)/threadsPerBlock;

//First step: Allocate an array to store the partial result i

T *dev_partial out max; i

T *dev_partial out min;

cudaMalloc( (void**)&dev_partial out _max, blocksPerGrid*sizeof( T ) ):
cudaMalloc ( (void**)gdev partial out min, blocksPerGrid*sizeof( T ) ):
//Second step: call kernsl to obtain the minimum value of in each block
kernelGetMaxMin<<< (N+threadsPerBlock~1) /threadsPerBlock, threadsPerBlock >>>

( dev_in, dev_partial out_max, dev_partial out min, width*height );

//Third step: copy the partial result onto CPU memory \

T *partial max = (T*)malloc( blocksPerGrid*sizeof( T ) ); ;

T *partial_min = (T*)malloc( blocksPerGrid*sizeof( T ) );

cudaMemcpy ( partial max, dev partial out_max , blocksPerGrid+*sizeof( T. ),
cudaMemcpyDeviceToHost ); !

cudaMemcpy ( partial min, dev partial out_min , blocksPerGrid+*sizeof( T
cudaMemcpyDeviceToHost };

’

//Forth step: find the minimum among the minimum value of all blocks
T max = partial max[0];
T min = partial min{0];
for( int i=1; i<blocksPerGrid; i++ ){
if( max < partial_max[i] ) ;
max = partial max[i];
if{ min > partial min[i] ) !
min = partial_min[i]; '

} |

//Free memory

cudaFree( dev_partial out_max );

cudaFree( dev_partial out_min );
free(partial max);

free(partial min);

return ( max - min );
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