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Decision Tree Classifier 

TRAINING 
DATA 

ACCURACY MACRO AVERAGE WEIGHTED AVERAGE 

Precision Recall F1 Precision Recall F1 

A 0.88 0.88 0.88 0.88 0.88 0.88 0.88 

B 0.82 0.83 0.82 0.82 0.83 0.82 0.82 

C 0.79 0.79 0.79 0.79 0.79 0.79 0.79 

        

KNeighbors Classifier 
 

TRAINING 
DATA 

ACCURACY MACRO AVERAGE WEIGHTED AVERAGE 

Precision Recall F1 Precision Recall F1 

A 0.99 0.99 0.99 0.99 0.99 0.99 0.99 

B 0.98 0.98 0.98 0.98 0.98 0.98 0.98 

C 0.95 0.95 0.95 0.95 0.95 0.95 0.95 

        

SVC 
 

TRAINING 
DATA 

ACCURACY MACRO AVERAGE WEIGHTED AVERAGE 

Precision Recall F1 Precision Recall F1 

A 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

B 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

C 0.99 0.99 0.99 0.99 0.99 0.99 0.99 

        



Logistic Regression 
 

TRAINING 
DATA 

ACCURACY MACRO AVERAGE WEIGHTED AVERAGE 

Precision Recall F1 Precision Recall F1 

A 0.94 0.94 0.94 0.94 0.94 0.94 0.94 

B 0.96 0.96 0.96 0.96 0.96 0.96 0.96 

C 0.96 0.96 0.96 0.96 0.96 0.96 0.96 

        

MultiLayer Perceptron(Precision BEST) 
 

TRAINING 
DATA 

ACCURACY MACRO AVERAGE WEIGHTED AVERAGE 

Precision Recall F1 Precision Recall F1 

A 0.98 0.98 0.98 0.98 0.98 0.98 0.98 

B 0.99 0.99 0.99 0.99 0.99 0.99 0.99 

C 0.99 0.99 0.99 0.99 0.99 0.99 0.99 

        

MultiLayer Perceptron(RECALL BEST) 
 

TRAINING 
DATA 

ACCURACY MACRO AVERAGE WEIGHTED AVERAGE 

Precision Recall F1 Precision Recall F1 

A 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

B 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

C 0.98 0.98 0.98 0.98 0.98 0.98 0.98 

        















 













DATADIR = './train/def' 

DATADIR1 = './test/ok' 

 

IMG_SIZE = 128 

 

path = os.path.join(DATADIR) 

for img in os.listdir(path): 

    img_array = cv2.imread(os.path.join(path,img), cv2.IMREAD_

GRAYSCALE) 

    new_array = cv2.resize(img_array,(IMG_SIZE, IMG_SIZE)) 

    plt.imshow(new_array, cmap='gray') 

    plt.title('Defective Resized Image') 

    plt.show() 

    break 

 

path1 = os.path.join(DATADIR1) 

for img in os.listdir(path1): 

    img_array1 = cv2.imread(os.path.join(path1,img), cv2.IMREA

D_GRAYSCALE) 

    new_array1 = cv2.resize(img_array1,(IMG_SIZE, IMG_SIZE)) 

    plt.imshow(new_array1, cmap='gray') 

    plt.title('Ok Resized Image') 

    plt.show() 

    break    



path = os.path.join(DATADIR) 

for img in os.listdir(path): 

    img_array = cv2.imread(os.path.join(path,img)) 

    new_array = cv2.resize(img_array, (IMG_SIZE, IMG_SIZE)) 

    fd, hog_image = hog(new_array, orientations=8, pixels_per_

cell=(8, 8),  

                        cells_per_block=(1, 1), visualize=True

)  

    fig, (axes1, axes2) = pylab.subplots(1, 2, figsize=(10, 5)

, sharex=True, sharey=True) 

    axes1.axis('off'), axes1.imshow(new_array, cmap=pylab.cm.g

ray),  

    axes1.set_title('Defective Resized image') 

    hog_image_rescaled = exposure.rescale_intensity(hog_image, 

in_range=(0, 10)) 

    axes2.axis('off'), axes2.imshow(hog_image_rescaled, cmap=p

ylab.cm.gray),  

    axes2.set_title('Histogram of Oriented Gradients') 

    pylab.show() 

    break 

 

path = os.path.join(DATADIR1) 

for img in os.listdir(path): 

    img_array = cv2.imread(os.path.join(path,img)) 

    new_array = cv2.resize(img_array, (IMG_SIZE, IMG_SIZE)) 

    fd, hog_image = hog(new_array, orientations=8, pixels_per_

cell=(8, 8), 

                        cells_per_block=(1, 1), visualize=True

)  

    fig, (axes1, axes2) = pylab.subplots(1, 2, figsize=(10, 5)

, sharex=True, sharey=True) 

    axes1.axis('off'), axes1.imshow(new_array, cmap=pylab.cm.g

ray),  

    axes1.set_title('Ok Resized image') 

    hog_image_rescaled = exposure.rescale_intensity(hog_image, 

in_range=(0, 10)) 

    axes2.axis('off'), axes2.imshow(hog_image_rescaled, cmap=p

ylab.cm.gray),  

    axes2.set_title('Histogram of Oriented Gradients') 

    pylab.show() 

    break 



path = os.path.join(DATADIR) 

for image in os.listdir(path): 

    img_array = cv2.imread(os.path.join(path,image)) 

    img = cv2.resize(img_array, (IMG_SIZE, IMG_SIZE)) 

 

    img_adapteq = exposure.equalize_adapthist(img, clip_limit=

0.03) 

 

    fig = plt.figure(figsize=(15, 8)) 

    axes = np.zeros((2, 4), dtype=np.object) 

    axes[0, 0] = fig.add_subplot(2, 4, 1) 

    for i in range(1, 2): 

        axes[0, i] = fig.add_subplot(2, 4, 1+i, sharex=axes[0,

0], sharey=axes[0,0]) 

    for i in range(0, 2): 

        axes[1, i] = fig.add_subplot(2, 4, 5+i) 

 

    ax_img, ax_hist, ax_cdf = plot_img_and_hist(img, axes[:, 0

]) 

    ax_img.set_title('Defective Resized Image') 

 

    y_min, y_max = ax_hist.get_ylim() 

    ax_hist.set_ylabel('Number of pixels') 

    ax_hist.set_yticks(np.linspace(0, y_max, 5)) 

 

    ax_img, ax_hist, ax_cdf = plot_img_and_hist(img_adapteq, a

xes[:, 1]) 

    ax_img.set_title('Adaptive equalization') 

 

    ax_cdf.set_ylabel('Fraction of total intensity') 

    ax_cdf.set_yticks(np.linspace(0, 1, 5)) 

 

    fig.tight_layout() 

    plt.show() 

    break 

     

 

path = os.path.join(DATADIR1) 

for image in os.listdir(path): 

    img_array = cv2.imread(os.path.join(path,image)) 

    img = cv2.resize(img_array, (IMG_SIZE, IMG_SIZE)) 

 



    img_adapteq = exposure.equalize_adapthist(img, clip_limit=

0.03) 

 

    fig = plt.figure(figsize=(15, 8)) 

    axes = np.zeros((2, 4), dtype=np.object) 

    axes[0, 0] = fig.add_subplot(2, 4, 1) 

    for i in range(1, 2): 

        axes[0, i] = fig.add_subplot(2, 4, 1+i, sharex=axes[0,

0], sharey=axes[0,0]) 

    for i in range(0, 2): 

        axes[1, i] = fig.add_subplot(2, 4, 5+i) 

 

    ax_img, ax_hist, ax_cdf = plot_img_and_hist(img, axes[:, 0

]) 

    ax_img.set_title('Ok Resized Image') 

 

    y_min, y_max = ax_hist.get_ylim() 

    ax_hist.set_ylabel('Number of pixels') 

    ax_hist.set_yticks(np.linspace(0, y_max, 5)) 

 

    ax_img, ax_hist, ax_cdf = plot_img_and_hist(img_adapteq, a

xes[:, 1]) 

    ax_img.set_title('Adaptive equalization') 

 

    ax_cdf.set_ylabel('Fraction of total intensity') 

    ax_cdf.set_yticks(np.linspace(0, 1, 5)) 

 

    fig.tight_layout() 

    plt.show() 

    break 



#different parameters for required classifiers 

param_grid = [{'C': [1, 10, 100, 1000],'gamma': [0.001, 0.0001

], 'kernel': ['rbf']}] 

 

#classifiers 

svc = SVC()  

 

scores = ['precision', 'recall'] 

 

for score in scores: 

    print("Tuning hyper-parameters for %s" % score) 

    print() 

 

    clf = GridSearchCV(svc, param_grid, verbose = 2, scoring='

%s_macro' % score) 

    clf.fit(x_train_std, y_train) 

 

    print("Best parameters set found:") 

    print() 

    print(clf.best_params_) 

    print() 

    print("Grid scores on development set:") 

    print() 

    means = clf.cv_results_['mean_test_score'] 

    stds = clf.cv_results_['std_test_score'] 

    for mean, std, params in zip(means, stds, clf.cv_results_[

'params']): 

        print("%0.3f (+/-%0.03f) for %r" 

              % (mean, std * 2, params)) 

    print() 

 

    print("Detailed classification report:") 

    print() 

    

    y_true, y_pred = y_test, clf.predict(x_test_std) 

    print(classification_report(y_true, y_pred)) 

    print()[32] 


