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CPU vs GPU Structure
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Thread Block Abstraction
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Figure 3. Kernel execution on GPU.



Thread Block Abstraction

AMNEZX= GPUL JtEZ 22| Processor =0 &2S10] Z2 02 JtsotH, 2 Thread Block2
(

SEFY Ol XtS2 2 SM(Streaming Multiprocessor)S 0l &S & A& E .

Block=S & &)

Multithreaded QJDA Program

CUDA
Program

[-II-I lﬂ-ﬂ- .

|-||-] GPU Structure

otLtel SMO| atLt2| Thread

=2 o L = o

Thread Block Thread Block Thread Block Thread Block

W B L

Thread Block Thread Block Thread Block Thread Block

W B L

Thread Blocks




CUDA Build Process

NVCC (NVIDIA C Compiler)

Integrated C programs with CUDA extensions
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NVCC Compiler

Host Code ‘ ‘ Device Code (PTX)

Host C preprocessor, Device just-in-time
compiler/ linker compiler




CUDA Host-device Model & Memory Management

Send data and kernel code

> cudaMalloc
HOSt DCVICC CPU CO-PROCESSOR G PU
("HOST") ("DEVICE")
B Send Results Back Compute
N Results
Device code can: Grid ‘ Memory ’ . ‘ Memory
—  R/W per-thread registers
—  R/W per-thread local memory Black (0, 9) Block (0, 1) \
—  R/W per-block shared memory -
—  R/W per-grid global memory
—  Read only per-grid constant Variable declaration Memory | Scope | Lifetime
B Automatic variables other than arrays Register | Thread | Kernel
Host code can Automatic array variables Local Thread | Kernel
- Transfer data to/from per grid |, __device__ __shared__ int SharedVar; Shared Block Kernel
global and constant memories __device__ int GlobalVar; Global Grid Application
__device__ __constant__ int ConstVar; Constant | Grid Application
cudaMalloc(void** devPtr, size t size )
cudaMemcov(void* dst. const void* src, size_t count, cudaMemcpyKind kind)
cudaFree (void* devPtr)
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CUDA Memory Access Optimization Technique
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Barrier Synchronization
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Race Condition Handling

- atomicAdd(): o & G222l ?I X0l CHet atomic add =<t



Spatial Filtering

« Spatial Filtering

— Spatial filtering is defined as the process of applying a filter (kernel) to an
image by sliding it over a neighborhood of pixels, performing element-
wise multiplication, and summing the results.
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Spatial Filtering
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e EEE——
// gaussian_blur_naive.cu __global__ ( * input, * output,
width, height)
#il de <cstdio {

// 3x3 Gaussian kernel (1/16 normalization® Lt&Y x = blockIdx.x * blockDim.x + threadIdx.x; // column

__constant__ d_gaussKernel[9]; = blockIdx.y * blockDim.y + threadIdx.y; // row
#define CHECK_CUDA(call) \ (x >= width || y >= height) return;
do { \
cudaError_t err = call; \ // BA AN2|: o|ojx| H2 O 022 =Cta 7by (zero padding)
if (err != cudaSuccess) { \ S = ;
fprintf(stderr, "CUDA Error %s (code %d), line %d\n", \
cudaGetErrorString(err), err, _ LINE_ ); \ ( ky = ; ky <= 1; ++ky) {
exit(EXIT_FAILURE); \ for ( kx = —1; kx <= 1; ++kx) {
} \ ix = x + kx;
} while (@) j_y =y + ky;

(ix >= 0 && ix < width && iy >= 0 && iy < height) {
pixel = input([iy * width + ix];
kIndex = (ky + 1) *x 3 + (kx + 1);
k = d_gaussKernel[kIndex];
sum += k * pixel;

// 1/162

S

output[y * width + x] = sum / H



dim3 (16, 16);
dim3 ( (width + block.x - 1) / block.x,
(height + block.y - 1) / block.y );

<tern __constant__ d_gaussKernel[9];
—global__ ( * input, i R gaussianBlurNaive<<<grid, block>>>(d_input, d_output, width, height);
width, height); CHECK_CUDA(cudaDeviceSynchronize());
0 {
width = , CHECK_CUDA (cudaMemcpy (h_output.data(), d_output,
e ; width * height * sizeof( Do
cudaMemcpyDeviceToHost) ) ;
/] BAE H=Z2| (of: 0~1 HTsE J#0jAHY)
std::vector< > (width * height, ik // 07IM h_outputE TEZ MISHALE AlZf3]
std::vector< > (width * height, ); printf("Naive blur finished.\n");

// E|AEROZ =oto| 3 =

St cudaFree(d_input);

h_input[(height/2) % width + (width/2)] = H

cudaFree(d_output);

// Gaussian kerne

// constant memoryOl kernel YU=E

CHECK_CUDA(cudaMemcpyToSymbol(d_gaussKernel, h_kernel,

* sizeof( NINH
xd_input = nullptr, *xd_output = nullptr;
CHECK_CUDA(cudaMalloc(&d_input, width * height *x sizeof( e
CHECK_CUDA(cudaMalloc(&d_output, width * height *x sizeof( i

CHECK_CUDA (cudaMemcpy(d_input, h_input.data(),
width * height * sizeof( )
cudaMemcpyHostToDevice));




CUDA 2 It &

nvcc -0 blur_naive gaussian_blur_naive.cu main_naive.cpp



template< BLOCK_W, BLOCK_H> // 2) halo 2=

__global__ ( * input, * output, // A=
width, height) if (tx == 0) {
{ nx = x - 1;
// Et¥ 37| + halo (&<2/4st & =Y) ny =vy;
__shared__ tile[BLOCK_H + 2] [BLOCK_W + 2]; v = ;
if (nx >= 0 & nx < width & ny >= 0 & ny < height) {
tx = threadIdx.x; // local x v = input[ny % width + nx];
ty = threadIdx.y; // local y }
tilelsyl [sx - 11 = v;
= blockIdx.x x BLOCK_W + tx; // global x }
= blockIdx.y *x BLOCK_H + ty; // global y
/] 2ES
// shared memory LHO|A XtAIQ| "ZA"™ QX if (tx == BLOCK W - 1) {
sx = tx + 1; // halo IE0| +1 nx = x + 1;
sy =ty + 1; ny =y;
v = ;
// 1) BN Y BE BEE if (nx >= 0 && nx < width && ny >= 0 & ny < height) {
value = F v = input[ny * width + nx];
if (x >= 0 && x < width & y >= 0 & y < height) { }
value = inputly * width + x]1; tilelsyl[sx + 11 = v;
} }

tilelsyl [sx] = value;




Barrier synchronization sk

__syncthreads();

3) O|H shared memo A convolution #
if (x < width & y < height) {
sum = ;

ky = -1; ky <= 1; ++ky) {
= ( kx = -1; kx <= 1; ++kx) {
kIndex = (ky + 1) * 3 + (kx + 1);
k = d_gaussKernel[kIndex];

pixel = tilelsy + kyl[sx + kxI;
sum += k * pixel;

outputly * width + x] = sum /




(BLOCK_W, BLOCK_H);
( (width + BLOCK_ W - 1) / BLOCK_W,
(height + BLOCK_H - 1) / BLOCK_H );

gaussianBlurTiled<BLOCK_W, BLOCK_H><<<grid, block>>>(
d_input, d_output, width, height);
CHECK_CUDA(cudaDeviceSynchronize());

CHECK_CUDA(cudaMemcpy (h_output.data(), d_output,

width *x height % sizeof(
cudaMemcpyDeviceToHost) ) ;

printf("Tiled blur finished.\n");

cudaFree(d_input);
cudaFree(d_output);

return 0;




Why do we need to know spatial filtering

f(z,y) * h(z,y)

f(z,y) — 9(z,y)
Spatial Filtering

Fif(z, )} FH{G(u,0)}

F(u,v) - H(u,v
F(u,v) A G(u,v)

Frequency Filtering



Why do we need to know spatial filtering

f(m,n)

him.n)

g(m,n) I‘. !




Spatial Filtering in 2D Image

« Smoothing
— Averaging Filter
— Weighted Averaging Filter(Gaussian Filter)

 Edge Extraction
— Prewitt Filter
— Sobel Filter
— Second Deviation Filter(Laplacian Filter)

« Sharpening
— Sharpening Filter



Smoothing Filter

* Averaging Filter
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Edge Extraction Filter

« Spatial filtering with derivative operations

(for continuous signals)

£1(x) = lim flx+Ax) — f(x)
Ax—

0 Ax

- f'(x) = f(x+ 1) — f(x — 1) (for discrete signals)

0ol o0l o 0ol o o 0ol o o
0o |-1] 1 111 o0 1l | L

5 2
0ol o0l o ool o ool o

Example of derivative filter



Edge Extraction Filter




Edge Extraction Filter

» Sobel Filter

Gradient Magnitude

V9 (@9)? +9,(z,9)°




Edge Extraction Filter
« Second Derivative Filter (Laplacian Filter)
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X-Axis Second Derivative Filter
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Edge Extraction Filter

« Second Derivative Filter (Laplacian Filter)




Sharpening Filter

« Sharpening Filter
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Sharpening Filter

» Sharpening Filter




Implementation of Spatial Filtering (CPU version)

 Convolution Function

t numpy as np
bort cv2

convolution2d(image, kernel, kernel_size=3):
if kernel.shape != (kernel_size, kernel_size):

se ValueError("Kernel size does not match kernel shape")
h, w = image.shape
pad_size = kernel_size // 2
padded_image = np.pad(image, pad_size)

output = np.zeros_like(image, dtype=np.float64)

for i in range(h):
for j in range(w):

region = padded_image[i:i + kernel_size, j:j + kernel_size]

output[i, j] = np.sum(region * kernel)

return output




Implementation of Spatial Filtering (CPU version)

» Gaussian Smoothing & Sobel Filtering

gaussian_smooth(image, kernel_size=3, sigma=1.0):
kernel = cv2.getGaussianKernel(kernel size, sigma)
kernel = kernel @ kernel.T
return convolution2d(image, kernel, kernel_size).astype(np.uint8)
sobel_filter(image):
sobel x = np.array(]|
|, dtype=np.float64)
sobel_y = np.array(]
|, dtype=np.float64)

sobel_x_filtered convolution2d(image, sobel x)
sobel_y filtered convolution2d(image, sobel y)

sobel_combined = np.sqrt(sobel_x_filtered**2 + sobel_y_ filtered**2

rn sobel combined.astype(np.uint8)



Implementation of Spatial Filtering (CPU version)

« Gaussian Smoothing & Sobel Filtering

gaussian_smooth(image, kernel_size=3, sigma=1.0):
kernel = cv2.getGaussianKernel(kernel size, sigma)
kernel kernel @ kernel.T

~n convolution2d(image, kernel, kernel size).astype(np.uint8)

sobel_filter(image):
sobel_x = np.array(|

], dtype=np.float64)
sobel y = np.array(]
1, 2, 1]], dtype=np.float64)

sobel x_filtered convolution2d(image, sobel x)
sobel_y filtered convolution2d(image, sobel y)

sobel_combined = np.sqrt(sobel_x_filtered**2 + sobel_y_ filtered**2

rn sobel combined.astype(np.uint8)




Implementation of Spatial Filtering (CPU version)

 Custom Kernel

main():
img = cv2.imread('target_img.png', cv2.IMREAD_GRAYSCALE)

gaussian_smoothed_img = gaussian_smooth(img)
sobel filtered_img = sobel filter(img)

custom_kernel = np.array([[0, -1, O],

Sl b

0, -1, @0]], dtype=np.float64)
filtered_img = convolution2d(img, custom_kernel).astype(np.uint8)

result = cv2.hconcat([img, gaussian_smoothed_img, sobel_ filtered_img, filtered_img])

cv2.imshow("Result", result)
cv2.waitKey(0)
cv2.destroyAllWindows ()




Implementation of Spatial Filtering (CPU version)

 Result




