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[bookmark: Xf29880b953b8295cf6d13a656d6dfb0908c9b03]Required Library for the following code in Cran-R/R-studio:
library(magic)  #Package required for padding/ Mirroring the image
library(pracma) #Package required to calculate the Hausdorff-distance between detected edge set

#Note:- "magic" package required "abind" that is previously installed in the "pracma" package

library(jpeg)   #To read jpeg/jpg image  
[bookmark: step-1-reading-image]Step-1: Reading Image
This is the first step to read the image. In this paper, we have considered gray-scale image only. Therefore, image should be in matrix.
x=readJPEG("image_name.jpg")           #To read jpeg/jpg image(initial image)
image(x,useRaster=TRUE,axes=FALSE,col = gray(0:256 / 256))  # To display the image
[bookmark: step-2-edge-detection]Step-2: Edge Detection
Here I am providing the edge detection procedure using local kernel smoothing procedure. The following g(.,.,.) function is the function for detecting point. The output from the function g(.,.,.) is a matrix with entry elements 1 or 0. (1 is correponding to edge points)
g=function(m,p,h){
  
  #m:image matrix
  #p:size of padding
  #h:bandwidth parameter
  
  m_1=apad(m,c(p,p),method="mirror")#padding step-1
  m_2=rbind(m_1[p:1,],m_1)          #padding step-2
  M=cbind(m_2[,p:1],m_2)            #padded image matrix
 # image(M,useRaster=TRUE,axes=FALSE,col = gray(0:256 / 256))
 # M is the image of padded matrix
  dim(M)#dimension after padding

#matrix to store the slope for each pixel
  s=matrix(0,nrow=nrow(M),ncol=ncol(M))
#matrix to store the value of b_hat at each pixel
  b_hat=matrix(0,nrow=nrow(M),ncol=ncol(M)) 
#matrix to store the value of c_hat at each pixel
  c_hat=matrix(0,nrow=nrow(M),ncol=ncol(M) )

  for(i in (1+ceiling(h)):(nrow(M)-ceiling(h))){
    for(j in (1+ceiling(h)):(ncol(M)-ceiling(h))){
      
      bst_1=0
      mst_1=0
      bst_2=0
      mst_2=0
      bst_3=0
      mst_3=0
      for(k in (i-ceiling(h)):(i+ceiling(h))){
        for(l in (j-ceiling(h)):(j+ceiling(h))){
          
          
          bst_1=bst_1+{M[k,l]*(k-i)^0*(l-j)^0*(2/pi)*(1-((k-i)/h)^2-((l-j)/h)^2)*
              as.numeric(I(((k-i)/h)^2+((l-j)/h)^2<=1))}
          mst_1=mst_1+{(2/pi)*(1-((k-i)/h)^2-((l-j)/h)^2)*
              as.numeric(I(((k-i)/h)^2+((l-j)/h)^2<=1))}
          
          bst_2=bst_2+{M[k,l]*(k-i)*(2/pi)*(1-((k-i)/h)^2-((l-j)/h)^2)*
              as.numeric(I(((k-i)/h)^2+((l-j)/h)^2<=1))}
          mst_2=mst_2+{(k-i)^2}*(2/pi)*(1-((k-i)/h)^2-((l-j)/h)^2)*
            as.numeric(I(((k-i)/h)^2+((l-j)/h)^2<=1))
          
          bst_3=bst_3+{M[k,l]*(l-j)*(2/pi)*(1-((k-i)/h)^2-((l-j)/h)^2)*
              as.numeric(I(((k-i)/h)^2+((l-j)/h)^2<=1))}
          mst_3=mst_3+{(l-j)^2}*(2/pi)*(1-((k-i)/h)^2-((l-j)/h)^2)*
            as.numeric(I(((k-i)/h)^2+((l-j)/h)^2<=1))
        }
      }
      s[i,j]=M[i,j]-(bst_1/mst_1)
      b_hat[i,j]=bst_2/mst_2
      c_hat[i,j]=bst_3/mst_3
      
    }
  }
  
  
  del=matrix(0,nrow=nrow(m),ncol=ncol(m))
  for( i in(1+p):(nrow(M)-p)){
    for(j in (1+p):(ncol(M)-p)){
      
      #neighboring point selection#
      x_N1=round(i+(2*h/sqrt(1+(c_hat[i,j]/b_hat[i,j])^2)))
      x_N2=round(i-(2*h/sqrt(1+(c_hat[i,j]/b_hat[i,j])^2)))
      y_N1=round(j+(2*h*(c_hat[i,j]/b_hat[i,j]))/sqrt(1+(c_hat[i,j]/b_hat[i,j])^2))
      y_N2=round(j-(2*h*(c_hat[i,j]/b_hat[i,j]))/sqrt(1+(c_hat[i,j]/b_hat[i,j])^2))
      del[i-p,j-p]=min(norm(as.matrix(c(b_hat[i,j],c_hat[i,j])-c(b_hat[x_N1,y_N1],c_hat[x_N1,y_N1]))),
                       norm(as.matrix(c(b_hat[i,j],c_hat[i,j])-c(b_hat[x_N2,y_N2],c_hat[x_N2,y_N2]))))      
      
# edge detection criteria. Posible edge if : del_ij > b*                      #(where b* is some threshold value)
      
    }
  }
  
 
  d=matrix(0,nrow=nrow(m),ncol=ncol(m))
  for(i in 1:nrow(m)){
    for(j in 1:ncol(m)){
      if(del[i,j]>sqrt(var(c(s)))*sqrt(qchisq(0.99,2)*(1/mst_2))){
        d[i,j]=1
      }else{
        d[i,j]=0
      }
    }
  }
  return(d)
}
[bookmark: step-3-phase-i-parameters-estimation]Step-3: Phase-I parameters estimation
In this step, Phase I images are generated by adding noise and calculate the pointset of detected edge pixels from the true estimated In-control image. In this example, to generate Phase-I samples,we are adding Gaussian noise to the simulated image.
n=10                    #Image sample size
M=array(0,dim=c(nrow(x),ncol(x),n))
CI=matrix(0,nrow=nrow(x),ncol=ncol(x))
set.seed(2017)
for(i in 1:n){
  M[,,i]=x+matrix(rnorm(nrow(x)*ncol(x),0,0.05),nrow=nrow(x),ncol=ncol(x)) # x = simulated image without noise
  CI=CI+M[,,i]
}
C_Im=(1/n)*CI            #Estimated true image
image(C_Im,useRaster=TRUE,axes=FALSE,col = gray(0:256 / 256))
M_d=array(0,dim=c(nrow(x),ncol(x),n))
for(i in 1:n){
  a=g(M[,,i],15,1.6)
  a[1,]=0
  a[2,]=0
  a[,1]=0
  a[,2]=0
  a[nrow(x),]=0
  a[nrow(x)-1,]=0
  a[,ncol(x)]=0
  a[,ncol(x)-1]=0
  M_d[,,i]=a
  for(k in 1:nrow(x)){
    for(l in 1:ncol(x)){
      if(k>2 && l>2 && k<(nrow(x)) && l<(ncol(x)) && a[k,l]==1 && sum(a[(k-1):(k+1),(l-1):(l+1)])<4){
        M_d[,,i][k,l]=0
      }
    }
  }
  
  for(k in 1:nrow(x)){
    for(l in 1:ncol(x){
      if(k>2 && l>2 && k<(nrow(x)-1) && l<(ncol(x)-1) && a[k,l]==1 && sum(a[(k-1):(k+1),(l-1):(l+1)])<3){
        M_d[,,i][k,l]=0
      }
    }
  }
  
}

image(M_d[,,2],useRaster=TRUE,axes=FALSE,col = gray(0:256 / 256))
a=g(C_Im,15,1.6)
## Treatment for removing false detected edge pixels in the background ##
a[1,]=0
a[2,]=0
a[,1]=0
a[,2]=0
a[nrow(x),]=0
a[nrow(x)-1,]=0
a[,ncol(x)]=0
a[,ncol(x)-1]=0
for(k in 1:nrow(x)){
  for(l in 1:ncol(x)){
    if(k>1 && l>1 && k<nrow(x) && l<ncol(x) && a[k,l]==1 && sum(a[(k-1):(k+1),(l-1):(l+1)])<3){
      a[k,l]=0
    }
  }
}

image(a,useRaster=TRUE,axes=FALSE,col = gray(0:256 / 256))
P=as.matrix(which(a==1,arr.ind = T)) 
[bookmark: step-4-arl-estimation]Step-4: ARL estimation
In this step, the in control average run length (ARL) is evaluated based on the predefined UCL. The UCL is changed until the predetermined in control ARL (in this paper, we have considered three different choices 50,20 and 10) is achieved.
# To set IC ARL & calculate OC ARL based on 100 replication #
count=matrix(0,nrow=1,ncol=100) 
set.seed(2017)
for(i in 1:100){
  count[1,i]=0
  hd=1
  while(hd<=1.414214){        
    count[1,i]=count[1,i]+1
    m1=x+matrix(rnorm(nrow(x)*ncol(x),0,0.05),nrow=nrow(x),ncol=ncol(x))
    
    # Here we add Gaussian noise with sigma=0.05
                                  
    #"m1=m+matrix(rnorm(nrow(x)*ncol(x),0,0.05),nrow=nrow(x),ncol=ncol(x))"     
    # Remark: Run the above line to get OC-ARL where "m" is the OC image
    
    m2=g(m1,15,1.6)
    m2[1,]=0
    m2[2,]=0
    m2[,1]=0
    m2[,2]=0
    m2[nrow(x),]=0
    m2[nrow(x)-1,]=0
    m2[,ncol(x)]=0
    m2[,ncol(x)-1]=0
    for(k in 1:nrow(x)){
      for(l in 1:ncol(x)){
        if(k>1 && l>1 && k<nrow(x) && l<ncol(x) && m2[k,l]==1 && sum(m2[(k-1):(k+1),(l-1):(l+1)])<4){
          m2[k,l]=0
        }
      }
    }
    
    for(k in 1:nrow(x)){
      for(l in 1:ncol(x)){
        if(k>1 && l>1 && k<nrow(x) && l<ncol(x) && m2[k,l]==1 && sum(m2[(k-1):(k+1),(l-1):(l+1)])<3){
          m2[k,l]=0
        }
      }
    }
    
    
    Q=as.matrix(which(m2==1,arr.ind = T))
    image(m2,useRaster=TRUE,axes=FALSE,col = gray(0:256 / 256))
    hd=hausdorff_dist(Q,P)
    
    
  }
  
}
mean(count)       # To calculate mean ARL
median(count)     # To calculate median ARL
sd(count)         # To calculate standard deviation of the ARL
[bookmark: different-simulated-images]Different Simulated Images:
The simulated images used in the paper are created in the following way.
# Nominal Image (IC Image) #

x=matrix(0,nrow=128,ncol=128)
x[40:74,40:69]=1
image(x,useRaster=TRUE,axes=FALSE,col = gray(0:256 / 256),main="(A)-IC Image")

### OC Images ###

# Simulated  OC-1 #

m=matrix(rep(0,128^2), nrow=128, byrow=TRUE)#sample image
for(i in 1:128){
  for(j in 1:128){
    if(i<70 && i>=40 && j>=40 && j<68) {
      m[i,j]=1
      
      
    }
    
  }
}
for(i in 1:128){
  for(j in 1:128){
    if(i>=70 && i<75 && j>=38 && j< 70){
      m[i,j]=1
    }
  }
}

image(m,useRaster=TRUE,axes=FALSE,col = gray(0:256 / 256),main="OC Image-1")


# Simulated  OC-2 #

m=matrix(rep(0,128^2), nrow=128, byrow=TRUE)#sample image
for(i in 1:128){
  for(j in 1:128){
    if(i<70 && i>=40 && j>=40 && j<65) {
      m[i,j]=1
      
      
    }
    
  }
}

for(k in 1:5){
  for(i in 1:100){
    for(j in 1:100){
      if(i>= (69+k) && i <75 && j>=(40-k) && j< (65+k)){
        m[i,j]=1
      }
    }
  }
}  

image(m,useRaster=TRUE,axes=FALSE,col = gray(0:256 / 256),main="OC Image-2")


# Simulated  OC-3 #

m=matrix(0,nrow=128,ncol=128)
m[40:74,40:69]=1
m[55:56,55]=0

image(m,useRaster=TRUE,axes=FALSE,col = gray(0:256 / 256),main="OC Image-3")



# Simulated  OC-4 #

m=matrix(0,nrow=128,ncol=128)
m[40:74,40:69]=1

for(i in 1:128){
  for(j in 1:128){
    if((i-55)^2+(j-55)^2<12){
      m[i,j]=0
    }
  }
}

image(m,useRaster=TRUE,axes=FALSE,col = gray(0:256 / 256),main="OC Image-4")

