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Lampiran 1. Tabel jenis ikan pada dataset 

No Nama latin Foto 

1 Anyperodon leucogrammicus 

 

2 Cephalopholis argus 

 

3 Cephalopholis boenak 

 

4 Cephalopholis cyanostigma 
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No Nama latin Foto 

5 Cephalopholis miniata 

 

6 Epinephelus areolatus 

 

7 Epinephelus fasciatus 
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No Nama latin Foto 

8 Epinephelus faveatus 

 

9 Epinephelus ongus 

 

10 Epinephelus quoyanus 
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No Nama latin Foto 

11 Lutjanus bengalensis 

 

12 Lutjanus carponotatus 

 

13 Lutjanus decussatus 
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No Nama latin Foto 

14 Lutjanus fulviflamma 

 

15 Lutjanus gibbus 

 

16 Lutjanus lutjanus 
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No Nama latin Foto 

17 Lutjanus vittae 

 

18 Variola albimarginata 
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Lampiran 2. Nilai pendekatan konstanta jenis dan pertumbuhan pada ikan 

Lampiran 2.1. Tabel nilai konstanta ‘a’ dan ‘b’ ikan kerapu 

NO SPESIES a b 

1 Anyperodon leucogrammicus 0,0069 3,16 

2 Cephalopholis argus  0,0126 3,1 

3 Cephalopholis boenak 0,0186 3,01 

4 Cephalopholis cyanostigma 0,0257 2,92 

5 Cephalopholis miniata 0,0112 3,1 

6 Epinephelus areolatus  0,0129 3,02 

7 Epinephelus fasciatus  0,0186 2,94 

8 Epinephelus faveatus  0,01175 3,04 

9 Epinephelus ongus  0,0178 3,01 

10 Epinephelus quoyanus  0,0219 2,99 

11 Variola albimarginata 0,0186 3,07 

 

Lampiran 2.2. Tabel nilai konstanta ‘a’ dan ‘b’ ikan kakap 

NO SPESIES a b 

1 Lutjanus vittae 0,0145 3,07 

2 Lutjanus lutjanus 0,0229 2,91 

3 Lutjanus gibbus 0,0204 2,98 

4 Lutjanus fulviflamma 0,0245 2,94 

5 Lutjanus decussatus 0,0245 2,96 

6 Lutjanus carponotatus 0,0234 2,88 

7 Lutjanus bengalensis 0,01445 2,97 
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Lampiran 3. Source code 

Lampiran 3.1 Training model YOLO 

 1. !nvidia-smi 
 2.   
 3. import os 
 4. HOME = os.getcwd() 
 5. print(HOME) 
 6.   
 7. # Pip install method (recommended) 
 8.   
 9. !pip install ultralytics==8.0.20 
10.   
11. from IPython import display 
12. display.clear_output() 
13.   
14. import ultralytics 
15. ultralytics.checks() 
16.   
17. from ultralytics import YOLO 
18. from IPython.display import display, Image 
19.   
20. !mkdir {HOME}/datasets 
21. %cd {HOME}/datasets 
22.   
23. !pip install roboflow 
24.   
25. from roboflow import Roboflow 
26. rf = Roboflow(api_key="rlqdT5OCox5dHxJas5IZ") 
27. project = rf.workspace("tes2").project("model4scriptsweet") 
28. dataset = project.version(3).download("yolov8") 
29.   
30. %cd {HOME} 
31.   
32. # dataset.location = '/kaggle/input/datayolopt3' 
33. !yolo task=detect mode=train model=yolov8s.pt data={dataset.location}/data.yaml 
epochs=45 imgsz=640 batch=32 lr0=0.0001 plots=True 
34.   
35. !ls {HOME}/runs/detect/train/ 
36. %cd {HOME} 
37. Image(filename=f'{HOME}/runs/detect/train/confusion_matrix.png', width=600) 
38.   
39. %cd {HOME} 
40. Image(filename=f'{HOME}/runs/detect/train/results.png', width=600) 
41.   
42. %cd {HOME} 
43.   
44. !yolo task=detect mode=val conf=0.85 iou=0.7 
model={HOME}/runs/detect/train/weights/best.pt data={dataset.location}/data.yaml 
45.   
46. %cd {HOME} 
47. !yolo task=detect mode=predict model={HOME}/runs/detect/train/weights/best.pt 
conf=0.25 source="/content/runs/detect/predict" save=True 
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Lampiran 3.2 Training model Faster R-CNN 

  1. import numpy as np # linear algebra 
  2. import pandas as pd # data processing, CSV file I/O (e.g. pd.read_csv) 
  3. import os 
  4. import torch 
  5. import torchvision 
  6. from torchvision import datasets, models 
  7. from torchvision.transforms import functional as FT 
  8. from torchvision import transforms as T 
  9. from torch import nn, optim 
 10. from torch.nn import functional as F 
 11. from torch.utils.data import DataLoader, sampler, random_split, Dataset 
 12. import copy 
 13. import math 
 14. from PIL import Image 
 15. import cv2 
 16. import albumentations as A  # our data augmentation library 
 17. import matplotlib.pyplot as plt 
 18. %matplotlib inline 
 19. # remove warnings (optional) 
 20. import warnings 
 21. warnings.filterwarnings("ignore") 
 22. from collections import defaultdict, deque 
 23. import datetime 
 24. import time 
 25. from tqdm import tqdm # progress bar 
 26. from torchvision.utils import draw_bounding_boxes 
 27. !pip install pycocotools 
 28. from pycocotools.coco import COCO 
 29.   
 30. # Now, we will define our transforms 
 31. from albumentations.pytorch import ToTensorV2 
 32.   
 33. def get_transforms(train=False): 
 34.     if train: 
 35.         transform = A.Compose([ 
 36.             A.Resize(640, 640), # our input size can be 600px 
 37.             A.HorizontalFlip(p=0.3), 
 38.             A.VerticalFlip(p=0.3), 
 39.             A.RandomBrightnessContrast(p=0.1), 
 40.             A.ColorJitter(p=0.1), 
 41.             ToTensorV2() 
 42.         ], bbox_params=A.BboxParams(format='coco')) 
 43.     else: 
 44.         transform = A.Compose([ 
 45.             A.Resize(600, 600), # our input size can be 600px 
 46.             ToTensorV2() 
 47.         ], bbox_params=A.BboxParams(format='coco')) 
 48.     return transform 
 49. class AquariumDetection(datasets.VisionDataset): 
 50.     def __init__(self, root, split='train', transform=None, 
target_transform=None, transforms=None): 
 51.         # the 3 transform parameters are reuqired for datasets.VisionDataset 
 52.         super().__init__(root, transforms, transform, target_transform) 
 53.         self.split = split #train, valid, test 
 54.         self.coco = COCO(os.path.join(root, split, "_annotations.coco.json")) # 
annotatiosn stored here 
 55.         self.ids = list(sorted(self.coco.imgs.keys())) 
 56.         self.ids = [id for id in self.ids if (len(self._load_target(id)) > 0)] 
 57.   
 58.     def _load_image(self, id: int): 
 59.         path = self.coco.loadImgs(id)[0]['file_name'] 
 60.         image = cv2.imread(os.path.join(self.root, self.split, path)) 
 61.         image = cv2.cvtColor(image, cv2.COLOR_BGR2RGB) 
 62.         return image 
 63.     def _load_target(self, id): 
 64.         return self.coco.loadAnns(self.coco.getAnnIds(id)) 
 65.   
 66.     def __getitem__(self, index): 
 67.         id = self.ids[index] 
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 68.         image = self._load_image(id) 
 69.         target = self._load_target(id) 
 70.         target = copy.deepcopy(self._load_target(id)) 
 71.   
 72.         boxes = [t['bbox'] + [t['category_id']] for t in target] # required 
annotation format for albumentations 
 73.         if self.transforms is not None: 
 74.             transformed = self.transforms(image=image, bboxes=boxes) 
 75.   
 76.         image = transformed['image'] 
 77.         boxes = transformed['bboxes'] 
 78.   
 79.         new_boxes = [] # convert from xywh to xyxy 
 80.         for box in boxes: 
 81.             xmin = box[0] 
 82.             xmax = xmin + box[2] 
 83.             ymin = box[1] 
 84.             ymax = ymin + box[3] 
 85.             new_boxes.append([xmin, ymin, xmax, ymax]) 
 86.   
 87.         boxes = torch.tensor(new_boxes, dtype=torch.float32) 
 88.   
 89.         targ = {} # here is our transformed target 
 90.         targ['boxes'] = boxes 
 91.         targ['labels'] = torch.tensor([t['category_id'] for t in target], 
dtype=torch.int64) 
 92.         targ['image_id'] = torch.tensor([t['image_id'] for t in target]) 
 93.         targ['area'] = (boxes[:, 3] - boxes[:, 1]) * (boxes[:, 2] - boxes[:, 
0]) # we have a different area 
 94.         targ['iscrowd'] = torch.tensor([t['iscrowd'] for t in target], 
dtype=torch.int64) 
 95.         return image.div(255), targ # scale images 
 96.     def __len__(self): 
 97.         return len(self.ids) 
 98.   
 99.   
100. #load classes 
101. coco = COCO(os.path.join(dataset_path, "train", "_annotations.coco.json")) 
102. categories = coco.cats 
103. n_classes = len(categories.keys()) 
104. categories 
105.   
106. classes = [i[1]['name'] for i in categories.items()] 
107. classes 
108.   
109. train_dataset = AquariumDetection(root=dataset_path, 
transforms=get_transforms(True)) 
110.   
111. # Lets view a sample 
112. sample = train_dataset[2] 
113. img_int = torch.tensor(sample[0] * 255, dtype=torch.uint8) 
114. plt.imshow(draw_bounding_boxes( 
115.     img_int, sample[1]['boxes'], [classes[i] for i in sample[1]['labels']], 
width=4 
116. ).permute(1, 2, 0)) 
117.   
118. # lets load the faster rcnn model 
119. from torchvision.models.detection import fasterrcnn_resnet50_fpn 
120. from torchvision.models.detection.faster_rcnn import FastRCNNPredictor 
121. from torchvision.transforms import functional as F 
122. model = fasterrcnn_resnet50_fpn(pretrained=True) 
123. in_features = model.roi_heads.box_predictor.cls_score.in_features # we need to 
change the head 
124. model.roi_heads.box_predictor = 
models.detection.faster_rcnn.FastRCNNPredictor(in_features, n_classes) 
125.   
126. def collate_fn(batch): 
127.     return tuple(zip(*batch)) 
128.   
129. train_loader = DataLoader(train_dataset, batch_size=8, shuffle=True, 
num_workers=4, collate_fn=collate_fn) 
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130.   
131. images,targets = next(iter(train_loader)) 
132. images = list(image for image in images) 
133. targets = [{k:v for k, v in t.items()} for t in targets] 
134. output = model(images, targets) # just make sure this runs without error 
135.   
136. device = torch.device("cuda") # use GPU to train 
137. model = model.to(device) 
138.   
139. # Now, and optimizer 
140. params = [p for p in model.parameters() if p.requires_grad] 
141. optimizer = torch.optim.SGD(params, lr=0.0001, momentum=0.9, nesterov=True, 
weight_decay=1e-4) 
142. # lr_scheduler = torch.optim.lr_scheduler.MultiStepLR(optimizer, 
milestones=[16, 22], gamma=0.1) # lr scheduler 
143.   
144. import sys 
145. import math 
146. import numpy as np 
147. import pandas as pd 
148. import matplotlib.pyplot as plt 
149. from tqdm import tqdm 
150. from pycocotools.coco import COCO 
151. from pycocotools.cocoeval import COCOeval 
152.   
153. def train_one_epoch(model, optimizer, loader, device, epoch): 
154.     model.to(device) 
155.     model.train() 
156.     all_losses = [] 
157.     all_losses_dict = [] 
158.   
159.     for images, targets in tqdm(loader): 
160.         images = list(image.to(device) for image in images) 
161.         targets = [{k: torch.tensor(v).to(device) for k, v in t.items()} for t 
in targets] 
162.   
163.         loss_dict = model(images, targets) 
164.         losses = sum(loss for loss in loss_dict.values()) 
165.         loss_dict_append = {k: v.item() for k, v in loss_dict.items()} 
166.         loss_value = losses.item() 
167.   
168.         all_losses.append(loss_value) 
169.         all_losses_dict.append(loss_dict_append) 
170.   
171.         if not math.isfinite(loss_value): 
172.             print(f"Loss is {loss_value}, stopping training") 
173.             print(loss_dict) 
174.             sys.exit(1) 
175.   
176.         optimizer.zero_grad() 
177.         losses.backward() 
178.         optimizer.step() 
179.   
180.     all_losses_dict = pd.DataFrame(all_losses_dict) 
181.   
182.     # Append average losses for the current epoch 
183.     epoch_losses.append(np.mean(all_losses)) 
184.     epoch_loss_classifier.append(all_losses_dict['loss_classifier'].mean()) 
185.     epoch_loss_box.append(all_losses_dict['loss_box_reg'].mean()) 
186.     epoch_loss_rpn_box.append(all_losses_dict['loss_rpn_box_reg'].mean()) 
187.     epoch_loss_object.append(all_losses_dict['loss_objectness'].mean()) 
188.   
189.     print("Epoch {}, lr: {:.6f}, loss: {:.6f}, loss_classifier: {:.6f}, 
loss_box: {:.6f}, loss_rpn_box: {:.6f}, loss_object: {:.6f}".format( 
190.         epoch, optimizer.param_groups[0]['lr'], np.mean(all_losses), 
191.         all_losses_dict['loss_classifier'].mean(), 
192.         all_losses_dict['loss_box_reg'].mean(), 
193.         all_losses_dict['loss_rpn_box_reg'].mean(), 
194.         all_losses_dict['loss_objectness'].mean() 
195.     )) 
196.   
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197. # Lists to store average losses for each epoch 
198. epoch_losses = [] 
199. epoch_loss_classifier = [] 
200. epoch_loss_box = [] 
201. epoch_loss_rpn_box = [] 
202. epoch_loss_object = [] 
203.   
204. num_epochs = 45 
205.   
206. for epoch in range(num_epochs): 
207.     train_one_epoch(model, optimizer, train_loader, device, epoch) 
208.   
209. # Plotting the losses after training 
210. plt.figure(figsize=(12, 8)) 
211. plt.plot(epoch_losses, label='Total Loss') 
212. plt.plot(epoch_loss_classifier, label='Classifier Loss') 
213. plt.plot(epoch_loss_box, label='Box Regression Loss') 
214. plt.plot(epoch_loss_rpn_box, label='RPN Box Regression Loss') 
215. plt.plot(epoch_loss_object, label='Objectness Loss') 
216. plt.xlabel('Epoch') 
217. plt.ylabel('Loss') 
218. plt.title('Training Losses') 
219. plt.legend() 
220. plt.grid(True) 
221. plt.show() 
222.   
223. # we will watch first epoich to ensure no errrors 
224. # while it is training, lets write code to see the models predictions. lets try 
again 
225. model.eval() 
226. torch.cuda.empty_cache() 
227. test_dataset = AquariumDetection(root=dataset_path, split="test", 
transforms=get_transforms(False)) 
228. img, _ = test_dataset[5] 
229. img_int = torch.tensor(img*255, dtype=torch.uint8) 
230. with torch.no_grad(): 
231.     prediction = model([img.to(device)]) 
232.     pred = prediction[0] 
233.   
234. fig = plt.figure(figsize=(14, 10)) 
235. plt.imshow(draw_bounding_boxes(img_int, 
236.     pred['boxes'][pred['scores'] > 0.8], 
237.     [classes[i] for i in pred['labels'][pred['scores'] > 0.8].tolist()], 
width=4 
238. ).permute(1, 2, 0)) 
239.   
240. # Assuming 'model' is your pretrained model 
241. # Save the entire model 
242. torch.save(model.state_dict(), 'pretrainedfastervep45_resnet50_case1.pth') 
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Lampiran 3.3. Testing model YOLO 

 1. import os 
 2. from ultralytics import YOLO 
 3. import torch 
 4. import matplotlib.pyplot as plt 
 5. import numpy as np 
 6.   
 7. # Function to calculate IoU 
 8. def calculate_iou(boxA, boxB): 
 9.     xA = max(boxA[0], boxB[0]) 
10.     yA = max(boxA[1], boxB[1]) 
11.     xB = min(boxA[2], boxB[2]) 
12.     yB = min(boxA[3], boxB[3]) 
13.     intersection_area = max(0, xB - xA) * max(0, yB - yA) 
14.     boxA_area = (boxA[2] - boxA[0]) * (boxA[3] - boxA[1]) 
15.     boxB_area = (boxB[2] - boxB[0]) * (boxB[3] - boxB[1]) 
16.     iou = intersection_area / float(boxA_area + boxB_area - intersection_area) 
17.     return iou 
18.   
19. # Function to parse ground truth files 
20. def parse_ground_truth(txt_file): 
21.     ground_truths = [] 
22.     with open(txt_file, 'r') as f: 
23.         for line in f: 
24.             parts = line.strip().split() 
25.             class_id = int(parts[0]) 
26.             bbox = [float(part) for part in parts[1:]] 
27.             ground_truths.append({'class_id': class_id, 'bbox': bbox}) 
28.     return ground_truths 
29.   
30. # Function to generate confusion matrix 
31. def generate_confusion_matrix(ground_truths, predictions, num_classes): 
32.     confusion_matrix = np.zeros((num_classes, num_classes), dtype=int) 
33.     for gt, pred in zip(ground_truths, predictions): 
34.         confusion_matrix[int(gt), int(pred)] += 1  # Ensure indices are integers 
35.     return confusion_matrix 
36.   
37. # Load the YOLO model 
38. model = YOLO('/content/drive/MyDrive/OpenDrive/best45epochyolo.pt') 
39.   
40. # Retrieve class names from the model 
41. class_names = model.names 
42.   
43. # Create a dictionary to map class IDs to class names 
44. class_id_to_name = {i: class_names[i] for i in range(len(class_names))} 
45.   
46. # Paths to your images and ground truths 
47. image_dir = '/content/drive/MyDrive/OpenDrive/testyolo/images' 
48. gt_dir = '/content/drive/MyDrive/OpenDrive/testyolo/labels' 
49.   
50. # Initialize counters 
51. num_classes = len(class_names) 
52. confusion_matrix = np.zeros((num_classes, num_classes), dtype=int) 
53.   
54. # Process each image and its corresponding ground truth 
55. for image_path in os.listdir(image_dir): 
56.     full_image_path = os.path.join(image_dir, image_path) 
57.     gt_path = os.path.join(gt_dir, os.path.splitext(image_path)[0] + '.txt') 
58.   
59.     if not os.path.exists(gt_path): 
60.         continue  # Skip if no corresponding ground truth file 
61.   
62.     ground_truths = parse_ground_truth(gt_path) 
63.     results_list = model(full_image_path)  # Run model prediction 
64.   
65.     # Get predicted class IDs for each bounding box 
66.     predictions = [] 
67.     for results in results_list: 



70 

 

 

 

68.         for _, pred_class, _ in zip(results.boxes.xyxy.cpu(), 
results.boxes.cls.cpu(), results.boxes.conf.cpu()): 
69.             predictions.append(pred_class.item())  # Convert tensor to scalar 
70.   
71.     # Map ground truth class IDs to model class IDs 
72.     ground_truth_ids = [gt['class_id'] for gt in ground_truths] 
73.   
74.     # Update confusion matrix 
75.     confusion_matrix += generate_confusion_matrix(ground_truth_ids, predictions, 
num_classes) 
76.   
77. # Normalize confusion matrix 
78. confusion_matrix_normalized = confusion_matrix.astype('float') / 
confusion_matrix.sum(axis=1)[:, np.newaxis] 
79.   
80. plt.figure(figsize=(12, 10))  # Set the figure size to 12x10 inches 
81. plt.imshow(confusion_matrix, interpolation='nearest', cmap=plt.cm.Blues) 
82.   
83. # Add normalized values to the confusion matrix plot 
84. for i in range(num_classes): 
85.     for j in range(num_classes): 
86.         text_color = 'white' if confusion_matrix[i, j] > confusion_matrix.max() 
/ 2 else 'black' 
87.         plt.text(j, i, f'{confusion_matrix_normalized[i, j]:.2f}', 
color=text_color, horizontalalignment='center', verticalalignment='center') 
88.   
89. plt.title('Confusion Matrix') 
90. plt.colorbar() 
91. plt.xticks(np.arange(num_classes), [class_id_to_name[i] for i in 
range(num_classes)], rotation=90) 
92. plt.yticks(np.arange(num_classes), [class_id_to_name[i] for i in 
range(num_classes)]) 
93. plt.xlabel('Predicted Class') 
94. plt.ylabel('Actual Class') 
95. plt.tight_layout() 
96. plt.show() 
97.   
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Lampiran 3.4. Testing model Faster R-CNN 

  1. # Required libraries 
  2. import torch 
  3. import torchvision 
  4. from torchvision.models.detection import fasterrcnn_resnet50_fpn 
  5. import torchvision.transforms as T 
  6. from sklearn.metrics import precision_recall_fscore_support, accuracy_score 
  7. from PIL import Image 
  8. import json 
  9. from sklearn.metrics import confusion_matrix 
 10. import seaborn as sns 
 11. import matplotlib.pyplot as plt 
 12. import os 
 13.   
 14. # Setup device 
 15. device = torch.device('cuda' if torch.cuda.is_available() else 'cpu') 
 16.   
 17. # Initialize the model with the architecture used during training 
 18. model = fasterrcnn_resnet50_fpn(pretrained=False)  # No pre-trained weights 
 19. model.to(device) 
 20.   
 21. # Load the model directly from the checkpoint 
 22. checkpoint_path = 
"/content/drive/MyDrive/OpenDrive/pretrained_modelfasterv2_45epoch_resnet50.pth" 
 23. model = torch.load(checkpoint_path, map_location=device) 
 24. model.eval() 
 25.   
 26. # Define the transformation to be applied to images 
 27. def transform_image(image): 
 28.     transform = T.Compose([T.ToTensor()]) 
 29.     return transform(image).unsqueeze(0) 
 30.   
 31. # Function to perform prediction using the model 
 32. def get_predictions(image_path, model): 
 33.     image = Image.open(image_path).convert("RGB") 
 34.     image = transform_image(image).to(device) 
 35.     with torch.no_grad(): 
 36.         preds = model(image) 
 37.     return preds 
 38.   
 39. # Load annotations function 
 40. def load_annotations(json_path): 
 41.     with open(json_path, 'r') as f: 
 42.         annotations = json.load(f) 
 43.     return annotations 
 44.   
 45. # Load annotations from the COCO format JSON file 
 46. annotations_path = 
'/content/drive/MyDrive/OpenDrive/test/_annotations.coco.json' 
 47. with open(annotations_path, 'r') as f: 
 48.     coco_annotations = json.load(f) 
 49.   
 50. # Extract categories mapping from category ID to category name 
 51. categories_mapping = {category['id']: category['name'] for category in 
coco_annotations['categories']} 
 52.   
 53. # Prepare for predictions and true labels 
 54. predicted_labels = [] 
 55. true_labels = [] 
 56. image_files = {image['file_name']: image['id'] for image in 
coco_annotations['images']} 
 57.   
 58. # Folder path where images are stored 
 59. folder_path = '/content/drive/MyDrive/OpenDrive/test' 
 60.   
 61. # Iterate over image files and match annotations 
 62. for image_file, image_id in image_files.items(): 
 63.     image_path = os.path.join(folder_path, image_file) 
 64.     preds = get_predictions(image_path, model) 
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 65.     # Assuming single highest-scored prediction 
 66.     predicted_label = preds[0]['labels'][0].item() if len(preds[0]['labels']) > 
0 else None 
 67.     predicted_labels.append(predicted_label) 
 68.   
 69.     # Find corresponding annotation using image_id 
 70.     annotation = next((ann for ann in coco_annotations['annotations'] if 
ann['image_id'] == image_id), None) 
 71.     if annotation: 
 72.         category_name = categories_mapping.get(annotation['category_id']) 
 73.         true_labels.append(category_name)  # Use the category name as the true 
label 
 74.   
 75. # Compute and plot normalized confusion matrix 
 76. plt.figure(figsize=(13,13)) 
 77. cm_normalized = confusion_matrix(true_labels, [categories_mapping.get(label) 
for label in predicted_labels if label in categories_mapping], 
labels=list(categories_mapping.values()), normalize='true') 
 78. sns.heatmap(cm_normalized, annot=True, fmt=".2f", cmap='Blues', 
xticklabels=categories_mapping.values(), yticklabels=categories_mapping.values()) 
 79. plt.xlabel('Predicted labels') 
 80. plt.ylabel('True labels') 
 81. plt.title('Confusion Matrix') 
 82. plt.show() 
 83.   
 84. # Convert predicted labels from IDs to category names, handling None values 
 85. predicted_label_names = [categories_mapping[label] if label in 
categories_mapping else None for label in predicted_labels] 
 86.   
 87. # Filter None values from predictions and corresponding true labels for metrics 
calculation 
 88. filtered_predicted_labels = [pred for pred in predicted_label_names if pred is 
not None] 
 89. filtered_true_labels = [true for true, pred in zip(true_labels, 
predicted_label_names) if pred is not None] 
 90.   
 91. # Calculate precision, recall, and F1-score 
 92. precision, recall, f1_score, _ = 
precision_recall_fscore_support(filtered_true_labels, filtered_predicted_labels, 
average='macro', zero_division=0) 
 93.   
 94. # Calculate accuracy 
 95. accuracy = accuracy_score(filtered_true_labels, filtered_predicted_labels) 
 96.   
 97. print(f"Precision: {precision:.4f}") 
 98. print(f"Recall: {recall:.4f}") 
 99. print(f"F1-Score: {f1_score:.4f}") 
100. print(f"Accuracy: {accuracy:.4f}") 
101.   
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Lampiran 3.5 Estimasi berat pada YOLO menggunakan data citra 

 1. import cv2 
 2. from ultralytics import YOLO 
 3. from google.colab.patches import cv2_imshow ## only for colab patches since if 
using imshow from cv2 wont work well. PLEASE REMOVE THIS IF U WANT TO RUN THIS 
OUTSIDE GOOGLE COLAB! 
 4. import os 
 5.   
 6. # Load the YOLOv8 model 
 7. model = YOLO('/content/drive/MyDrive/OpenDrive/best45epochyolo.pt') 
 8.   
 9. # Path to the folder containing images 
10. folder_path = '/content/drive/MyDrive/OpenDrive/datatestweight/' 
11.   
12. # List all files in the folder 
13. image_files = [f for f in os.listdir(folder_path) if f.endswith(('.jpg', 
'.jpeg', '.png'))] 
14.   
15. # Process each image file 
16. for image_file in image_files: 
17.     # Load an image 
18.     image_path = os.path.join(folder_path, image_file) 
19.     image = cv2.imread(image_path) 
20.     # Skala konversi dari piksel ke cm 
21.     scale = 0.0075 # cm per piksel, sesuaikan dengan resolusi kamera atau citra 
yang digunakan. 
22.   
23.     # The rest of your weight estimation functions and estimate_weight function 
remain the same 
24.     weight_estimation_functions = { 
25.     'anyperodon_leucogrammicus': lambda length_cm: 0.0069 * length_cm**3.16, 
26.     'cephalopholis_argus': lambda length_cm: 0.0126 * length_cm**3.1, 
27.     'cephalopholis_boenak': lambda length_cm: 0.0186 * length_cm**3.01, 
28.     'cephalopholis_cyanostigma': lambda length_cm: 0.0257 * length_cm**2.92, 
29.     'cephalopholis_miniata': lambda length_cm: 0.0112 * length_cm**3.10, 
30.     'epinephelus_areolatus': lambda length_cm: 0.0129 * length_cm**3.02, 
31.     'epinephelus_fasciatus': lambda length_cm: 0.0186 * length_cm**2.94, 
32.     'epinephelus_faveatus': lambda length_cm: 0.0117 * length_cm**3.04, 
33.     'epinephelus_ongus': lambda length_cm: 0.0178 * length_cm**3.01, 
34.     'epinephelus_quoyanus': lambda length_cm: 0.0219 * length_cm**2.99, 
35.     'lutjanus_bengalensis': lambda length_cm: 0.0027 * length_cm**3.22, 
36.     'lutjanus_carponotatus': lambda length_cm: 0.0234 * length_cm**2.88, 
37.     'lutjanus_decusstus': lambda length_cm: 0.0245 * length_cm**2.96, 
38.     'lutjanus_fulviflamma': lambda length_cm: 0.0245 * length_cm**2.94, 
39.     'lutjanus_gibbus': lambda length_cm: 0.0204 * length_cm**2.98, 
40.     'lutjanus_lutjanus': lambda length_cm: 0.0229 * length_cm**2.91, 
41.     'lutjanus_vittae': lambda length_cm: 0.0145 * length_cm**3.07, 
42.     'variola_albimarginata': lambda length_cm: 0.0186 * length_cm**3.07 
43.     } 
44.   
45.     # Include the estimate_weight function 
46.     def estimate_weight(class_name, length_cm): 
47.         if class_name in weight_estimation_functions: 
48.             weight_function = weight_estimation_functions[class_name] 
49.             weight = weight_function(length_cm) 
50.             print(f"Estimasi berat: {weight:.2f} gram") 
51.             return weight 
52.         else: 
53.             print(f"Kelas tidak ditemukan!") 
54.             return None 
55.   
56.     # Set the confidence threshold 
57.     confidence_threshold = 0.5  # Set your desired confidence threshold here 
58.   
59.     # Process the loaded image with YOLOv8 model 
60.     results = model(image, conf=confidence_threshold) 
61.   
62.     # Process each detection 
63.     for result in results: 
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64.         # Get bounding boxes 
65.         boxes = result.boxes 
66.         classes = result.names 
67.         for i, box in enumerate(boxes): 
68.             x1, y1, x2, y2 = map(int, box.xyxy[0]) 
69.             width_px = abs(x2 - x1)  # Calculate width in pixels 
70.             height_px = abs(y2 - y1)  # Calculate height in pixels 
71.   
72.             # Convert dimensions from pixels to centimeters 
73.             # Use the longer dimension for length estimation 
74.             length_cm = max(width_px, height_px) * scale 
75.   
76.             # Get class name 
77.             class_index = int(result.boxes.cls[i]) 
78.             class_name = classes[class_index] 
79.   
80.             # Estimate weight using the provided function 
81.             estimated_weight = estimate_weight(class_name, length_cm=length_cm) 
82.             print(f"panjang terdeteksi : {length_cm} cm") 
83.   
84.             # Draw bounding box and display class name and estimated weight 
85.             cv2.rectangle(image, (x1,y1), (x2, y2), (0, 255, 0), 2) 
86.             label = f"{class_name}: {estimated_weight:.2f}g" if estimated_weight 
is not None else class_name 
87.             cv2.putText(image, label, (x1, y2 + 20), cv2.FONT_HERSHEY_SIMPLEX, 
0.5, (255, 255, 255), 2) 
88.   
89.         plottedframe = results[0].plot() 
90.         resizedplot = cv2.resize(plottedframe, (360, 640)) 
91.   
92.     # Display the image with annotations 
93.     cv2_imshow(resizedplot) 
94.   
95. # # Close the display window 
96. # cv2.destroyAllWindows() 
97.   
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Lampiran 3.6. Estimasi berat pada Faster R-CNN menggunakan data citra 

  1. import cv2 
  2. import torch 
  3. import torchvision 
  4. import torchvision.transforms as T 
  5. import numpy as np 
  6. from google.colab.patches import cv2_imshow 
  7. import os 
  8.   
  9. # Load the custom pre-trained model 
 10. custom_model_weights = 
"/content/drive/MyDrive/OpenDrive/pretrained_modelfastervep45statedict_resnet50.pth" 
 11. # Create the Faster R-CNN model with a ResNet-50 FPN backbone 
 12. model = torchvision.models.detection.fasterrcnn_resnet50_fpn(pretrained=False) 
 13. # Modify the number of classes in the output layer 
 14. num_classes = 19 
 15. in_features = model.roi_heads.box_predictor.cls_score.in_features 
 16. model.roi_heads.box_predictor = 
torchvision.models.detection.faster_rcnn.FastRCNNPredictor(in_features, num_classes) 
 17.   
 18. # Load the model weights 
 19. model.load_state_dict( 
 20.     torch.load(custom_model_weights, map_location=torch.device('cuda' if 
torch.cuda.is_available() else 'cpu'))) 
 21. model.to('cuda' if torch.cuda.is_available() else 'cpu') 
 22. model.eval() 
 23.   
 24. # Skala konversi dari piksel ke cm 
 25. scale = 0.0075 # cm per piksel, sesuaikan dengan resolusi kamera atau citra 
yang digunakan. 
 26.   
 27. # Path to the folder containing images 
 28. image_folder_path = "/content/drive/MyDrive/OpenDrive/datatestweight" 
 29.   
 30. weight_estimation_functions = { 
 31.     'anyperodon_leucogrammicus': lambda length_cm: 0.0069 * length_cm ** 3.16, 
 32.     'cephalopholis_argus': lambda length_cm: 0.0126 * length_cm ** 3.1, 
 33.     'cephalopholis_boenak': lambda length_cm: 0.0186 * length_cm ** 3.01, 
 34.     'cephalopholis_cyanostigma': lambda length_cm: 0.0257 * length_cm ** 2.92, 
 35.     'cephalopholis_miniata': lambda length_cm: 0.0112 * length_cm ** 3.10, 
 36.     'epinephelus_areolatus': lambda length_cm: 0.0129 * length_cm ** 3.02, 
 37.     'epinephelus_fasciatus': lambda length_cm: 0.0186 * length_cm ** 2.94, 
 38.     'epinephelus_faveatus': lambda length_cm: 0.0117 * length_cm ** 3.04, 
 39.     'epinephelus_ongus': lambda length_cm: 0.0178 * length_cm ** 3.01, 
 40.     'epinephelus_quoyanus': lambda length_cm: 0.0219 * length_cm ** 2.99, 
 41.     'lutjanus_bengalensis': lambda length_cm: 0.0027 * length_cm ** 3.22, 
 42.     'lutjanus_carponotatus': lambda length_cm: 0.0234 * length_cm ** 2.88, 
 43.     'lutjanus_decusstus': lambda length_cm: 0.0245 * length_cm ** 2.96, 
 44.     'lutjanus_fulviflamma': lambda length_cm: 0.0245 * length_cm ** 2.94, 
 45.     'lutjanus_gibbus': lambda length_cm: 0.0204 * length_cm ** 2.98, 
 46.     'lutjanus_lutjanus': lambda length_cm: 0.0229 * length_cm ** 2.91, 
 47.     'lutjanus_vittae': lambda length_cm: 0.0145 * length_cm ** 3.07, 
 48.     'variola_albimarginata': lambda length_cm: 0.0186 * length_cm ** 3.07 
 49. } 
 50.   
 51. def estimate_weight(class_name, length_cm): 
 52.     if class_name in weight_estimation_functions: 
 53.         weight_function = weight_estimation_functions[class_name] 
 54.         weight = weight_function(length_cm) 
 55.         print(f"Estimated weight: {weight:.2f} grams") 
 56.         return weight 
 57.     else: 
 58.         print("Class not found!") 
 59.         return None 
 60.   
 61. # Confidence threshold for bounding boxes 
 62. confidence_threshold = 0.5 
 63.   
 64. # Mapping from class IDs to class names 
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 65. class_names = [ 
 66.     'fish', 
 67.     'anyperodon_leucogrammicus', 
 68.     'cephalopholis_argus', 
 69.     'cephalopholis_boenak', 
 70.     'cephalopholis_cyanostigma', 
 71.     'cephalopholis_miniata', 
 72.     'epinephelus_areolatus', 
 73.     'epinephelus_fasciatus', 
 74.     'epinephelus_faveatus', 
 75.     'epinephelus_ongus', 
 76.     'epinephelus_quoyanus', 
 77.     'lutjanus_bengalensis', 
 78.     'lutjanus_carponotatus', 
 79.     'lutjanus_decusstus', 
 80.     'lutjanus_fulviflamma', 
 81.     'lutjanus_gibbus', 
 82.     'lutjanus_lutjanus', 
 83.     'lutjanus_vittae', 
 84.     'variola_albimarginata' 
 85. ] 
 86.   
 87. # Define the transformation to convert images to tensors 
 88. transform = T.Compose([T.ToTensor()]) 
 89.   
 90. # Loop through the images in the folder 
 91. for filename in os.listdir(image_folder_path): 
 92.     if filename.endswith(".jpg") or filename.endswith(".png"): 
 93.         # Read the image 
 94.         image_path = os.path.join(image_folder_path, filename) 
 95.         frame = cv2.imread(image_path) 
 96.   
 97.         if frame is None: 
 98.             print(f"Error: Unable to read image '{image_path}'. Skipping...") 
 99.             continue 
100.   
101.     # Convert the frame to a PyTorch tensor 
102.     img_tensor = transform(frame).unsqueeze(0).to('cuda') 
103.   
104.     # Run inference on the frame 
105.     with torch.no_grad(): 
106.         outputs = model(img_tensor) 
107.   
108.     # Process each detection 
109.     for i, detection in enumerate(outputs[0]['boxes']): 
110.         score = outputs[0]['scores'][i].cpu().numpy() 
111.   
112.         if score < confidence_threshold: 
113.             continue  # Skip detections below confidence threshold 
114.   
115.         x1, y1, x2, y2 = map(int, detection.cpu().numpy()) 
116.         width_px = abs(x2 - x1)  # Calculate width in pixels 
117.         height_px = abs(y2 - y1)  # Calculate height in pixels 
118.   
119.         # Convert dimensions from pixels to centimeters 
120.         width_cm = width_px * scale 
121.         height_cm = height_px * scale 
122.         if width_px > height_px: 
123.             dimension = width_px * scale 
124.         else: 
125.             dimension = height_px * scale  # length checker which one is longer 
126.   
127.         # Get predicted class and its confidence 
128.         label = int(outputs[0]['labels'][i]) 
129.         class_name = class_names[label] 
130.         confidence = f"Confidence: {score:.2f}" 
131.   
132.         print(f"Detected object width: {width_cm:.2f} cm, height: 
{height_cm:.2f} cm, Class: {class_name}, {confidence}") 
133.         # Display estimated weight from the above function 
134.         estimated_weight = estimate_weight(class_name, length_cm=dimension) 
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135.   
136.         # Draw bounding box and label on the frame 
137.         color = (0, 255, 0)  # Green color for the bounding box 
138.         # Increase thickness for better visibility 
139.         thickness = 3 
140.         cv2.rectangle(frame, (x1, y1), (x2, y2), color, thickness) 
141.         # Adjust font scale for larger text 
142.         font_scale = 2 
143.         cv2.putText(frame, f"{class_name} {confidence} Est. weight: 
{estimated_weight:.2f} grams", (x1, y1 - 25), 
144.                     cv2.FONT_HERSHEY_SIMPLEX, font_scale, color, thickness) 
145.   
146.         frame_resized = cv2.resize(frame, (360, 640)) 
147.   
148.         # Display the annotated frame 
149.         cv2_imshow(frame_resized) 
150.         cv2.waitKey(0) 
151.   
152. # Close all OpenCV windows 
153. cv2.destroyAllWindows() 
154.   
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Lampiran 3.7 Estimasi berat pada model YOLO menggunakan data video 

  1. import cv2 
  2. from ultralytics import YOLO 
  3.   
  4. # Load the YOLOv8 model 
  5. model = YOLO('E:/Extractivity/barang2jupyter/skripsiku/best45epochyolo.pt') 
  6.   
  7. # Open the video file 
  8. cap = cv2.VideoCapture('VID_20240118_073121.mp4') 
  9. cap.set(3, 1920) 
 10. cap.set(4, 1080) 
 11.   
 12. # Skala konversi dari piksel ke cm 
 13. scale = 0.01551  # cm per piksel, sesuaikan dengan resolusi kamera atau citra 
yang digunakan. ingat: panjang objek asli/panjang dalam piksel 
 14.   
 15. weight_estimation_functions = { 
 16.  'anyperodon_leucogrammicus': lambda length_cm: 0.0069 * length_cm**3.16, 
 17.  'cephalopholis_argus': lambda length_cm: 0.0126 * length_cm**3.1, 
 18.  'cephalopholis_boenak': lambda length_cm: 0.0186 * length_cm**3.01, 
 19.  'cephalopholis_cyanostigma': lambda length_cm: 0.0257 * length_cm**2.92, 
 20.  'cephalopholis_miniata': lambda length_cm: 0.0112 * length_cm**3.10, 
 21.  'epinephelus_areolatus': lambda length_cm: 0.0129 * length_cm**3.02, 
 22.  'epinephelus_fasciatus': lambda length_cm: 0.0186 * length_cm**2.94, 
 23.  'epinephelus_faveatus': lambda length_cm: 0.0117 * length_cm**3.04, 
 24.  'epinephelus_ongus': lambda length_cm: 0.0178 * length_cm**3.01, 
 25.  'epinephelus_quoyanus': lambda length_cm: 0.0219 * length_cm**2.99, 
 26.  'lutjanus_bengalensis': lambda length_cm: 0.0027 * length_cm**3.22, 
 27.  'lutjanus_carponotatus': lambda length_cm: 0.0234 * length_cm**2.88, 
 28.  'lutjanus_decusstus': lambda length_cm: 0.0245 * length_cm**2.96, 
 29.  'lutjanus_fulviflamma': lambda length_cm: 0.0245 * length_cm**2.94, 
 30.  'lutjanus_gibbus': lambda length_cm: 0.0204 * length_cm**2.98, 
 31.  'lutjanus_lutjanus': lambda length_cm: 0.0229 * length_cm**2.91, 
 32.  'lutjanus_vittae': lambda length_cm: 0.0145 * length_cm**3.07, 
 33.  'variola_albimarginata': lambda length_cm: 0.0186 * length_cm**3.07 
 34. } 
 35.   
 36. # function for weight estimation based on class name and length 
 37. def estimate_weight(class_name, length_cm): 
 38.     if class_name in weight_estimation_functions: 
 39.         weight_function = weight_estimation_functions[class_name] 
 40.         weight = weight_function(length_cm) 
 41.         print(f"estimasi berat : {weight:.2f} gram") 
 42.         return weight 
 43.     else: 
 44.         print(f"Kelas tidak ditemukan!") 
 45.         return None 
 46.   
 47. # Set the confidence threshold 
 48. confidence_threshold = 0.5  # Set your desired confidence threshold here 
 49.   
 50. # Loop through the video frames 
 51. while cap.isOpened(): 
 52.     # Read a frame from the video 
 53.     success, frame = cap.read() 
 54.   
 55.     if success: 
 56.         # Run YOLOv8 inference on the frame 
 57.         # frame=cv2.resize(frame, (1920, 1080) 
 58.         results = model(frame, conf=confidence_threshold) 
 59.   
 60.         # Process each detection 
 61.         for result in results: 
 62.             # Get bounding boxes 
 63.             boxes = result.boxes 
 64.             classes = result.names 
 65.             for i, box in enumerate(boxes): 
 66.                 x1, y1, x2, y2 = map(int, box.xyxy[0]) 
 67.                 width_px = abs(x2 - x1)  # Calculate width in pixels 
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 68.                 height_px = abs(y2 - y1)  # Calculate height in pixels 
 69.   
 70.                 # # Convert dimensions from pixels to centimeters 
 71.                 # width_cm = width_px * scale 
 72.                 # height_cm = height_px * scale 
 73.                 # Check if width is longer than height 
 74.                 if width_px > height_px: 
 75.                     dimension = width_px * scale 
 76.                 else: 
 77.                     dimension = height_px * scale 
 78.   
 79.                 # print(f"Detected object width: {width_px:.2f} cm, height: 
{height_px:.2f} cm") 
 80.                 # print(f"Detected object width: {width_cm:.2f} cm, height: 
{height_cm:.2f} cm") 
 81.   
 82.                 #printing class names 
 83.                 class_index = int(result.boxes.cls[i]) 
 84.                 class_name = classes[class_index] 
 85.                 # print(f"{class_name}") 
 86.   
 87.                 #tampilkan estimasi berat from the above function 
 88.                 estimated_weight = estimate_weight(class_name, 
length_cm=dimension) 
 89.                 print(f"panjang terdeteksi : {dimension} cm") 
 90.   
 91.                 #gambar bbox utk berat 
 92.                 cv2.rectangle(frame, (x1,y1), (x2, y2), (0, 255, 0), 2) 
 93.   
 94.                 #display class name and  the weight, well see 
 95.                 label = f"{class_name}: {estimated_weight:.2f}g" if 
estimated_weight is not None else class_name 
 96.                 full_label = cv2.putText(frame, label, (x1, y2 + 20), 
cv2.FONT_HERSHEY_SIMPLEX, 0.5, (255, 255, 255), 2) 
 97.   
 98.         # Visualize the results on the frame 
 99.         annotated_frame = results[0].plot() 
100.         annotated_frame = cv2.resize(annotated_frame, (360, 640)) 
101.   
102.   
103.         # Display the annotated frame 
104.         cv2.imshow('YOLO detector', annotated_frame) # PLEASE CHANGE THIS TO 
cv2.imshow('Detection', annotated_frame) if u want to run this notebook in another 
platform! 
105.   
106.         # Break the loop if 'q' is pressed 
107.         if cv2.waitKey(1) & 0xFF == ord("q"): 
108.             break 
109.     else: 
110.         # Break the loop if the end of the video is reached 
111.         break 
112.   
113. # Release the video capture object and close the display window 
114. cap.release() 
115. cv2.destroyAllWindows() 
116.   
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Lampiran 3.8. Estimasi berat pada model Faster R-CNN menggunakan data video 

  1. import cv2 
  2. import torch 
  3. import torchvision 
  4. import torchvision.transforms as T 
  5. import numpy as np 
  6.   
  7. # Load the custom pre-trained model 
  8. custom_model_weights = "pretrained_modelfastervep45statedict_resnet50.pth " 
  9. # Create the Faster R-CNN model with a ResNet-50 FPN backbone 
 10. model = torchvision.models.detection.fasterrcnn_resnet50_fpn(pretrained=False) 
 11. # Modify the number of classes in the output layer 
 12. num_classes = 19 
 13. in_features = model.roi_heads.box_predictor.cls_score.in_features 
 14. model.roi_heads.box_predictor = 
torchvision.models.detection.faster_rcnn.FastRCNNPredictor(in_features, num_classes) 
 15.   
 16. # Load the model weights 
 17. model.load_state_dict( 
 18.     torch.load(custom_model_weights, map_location=torch.device('cuda' if 
torch.cuda.is_available() else 'cpu'))) 
 19. model.to('cuda' if torch.cuda.is_available() else 'cpu') 
 20. model.eval() 
 21.   
 22. # Open the video file 
 23. cap = cv2.VideoCapture('VID_20231203_102209.mp4') 
 24. # Scale conversion from pixels to cm 
 25. scale = 0.01551  # cm per pixel, adjust according to the camera resolution or 
image used. 
 26.   
 27. weight_estimation_functions = { 
 28.  'anyperodon_leucogrammicus': lambda length_cm: 0.0069 * length_cm**3.16, 
 29.  'cephalopholis_argus': lambda length_cm: 0.0126 * length_cm**3.1, 
 30.  'cephalopholis_boenak': lambda length_cm: 0.0186 * length_cm**3.01, 
 31.  'cephalopholis_cyanostigma': lambda length_cm: 0.0257 * length_cm**2.92, 
 32.  'cephalopholis_miniata': lambda length_cm: 0.0112 * length_cm**3.10, 
 33.  'epinephelus_areolatus': lambda length_cm: 0.0129 * length_cm**3.02, 
 34.  'epinephelus_fasciatus': lambda length_cm: 0.0186 * length_cm**2.94, 
 35.  'epinephelus_faveatus': lambda length_cm: 0.0117 * length_cm**3.04, 
 36.  'epinephelus_ongus': lambda length_cm: 0.0178 * length_cm**3.01, 
 37.  'epinephelus_quoyanus': lambda length_cm: 0.0219 * length_cm**2.99, 
 38.  'lutjanus_bengalensis': lambda length_cm: 0.0027 * length_cm**3.22, 
 39.  'lutjanus_carponotatus': lambda length_cm: 0.0234 * length_cm**2.88, 
 40.  'lutjanus_decusstus': lambda length_cm: 0.0245 * length_cm**2.96, 
 41.  'lutjanus_fulviflamma': lambda length_cm: 0.0245 * length_cm**2.94, 
 42.  'lutjanus_gibbus': lambda length_cm: 0.0204 * length_cm**2.98, 
 43.  'lutjanus_lutjanus': lambda length_cm: 0.0229 * length_cm**2.91, 
 44.  'lutjanus_vittae': lambda length_cm: 0.0145 * length_cm**3.07, 
 45.  'variola_albimarginata': lambda length_cm: 0.0186 * length_cm**3.07 
 46. } 
 47. def estimate_weight(class_name, length_cm): 
 48.     if class_name in weight_estimation_functions: 
 49.         weight_function = weight_estimation_functions[class_name] 
 50.         weight = weight_function(length_cm) 
 51.         print(f"estimasi berat : {weight:.2f} gram") 
 52.         return weight 
 53.     else: 
 54.         print(f"Kelas tidak ditemukan!") 
 55.         return None 
 56.   
 57. # Set GPU memory limit (adjust as needed) 
 58. gpu_memory_limit = 2048  # in megabytes 
 59.   
 60. # Define the transformation to convert images to tensors 
 61. transform = T.Compose([T.ToTensor()]) 
 62.   
 63. # Confidence threshold for bounding boxes 
 64. confidence_threshold = 0.5 
 65.   
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 66. # Mapping from class IDs to class names 
 67. class_names = [ 
 68.     'fish', 
 69.  'anyperodon_leucogrammicus', 
 70.  'cephalopholis_argus', 
 71.  'cephalopholis_boenak', 
 72.  'cephalopholis_cyanostigma', 
 73.  'cephalopholis_miniata', 
 74.  'epinephelus_areolatus', 
 75.  'epinephelus_fasciatus', 
 76.  'epinephelus_faveatus', 
 77.  'epinephelus_ongus', 
 78.  'epinephelus_quoyanus', 
 79.  'lutjanus_bengalensis', 
 80.  'lutjanus_carponotatus', 
 81.  'lutjanus_decusstus', 
 82.  'lutjanus_fulviflamma', 
 83.  'lutjanus_gibbus', 
 84.  'lutjanus_lutjanus', 
 85.  'lutjanus_vittae', 
 86.  'variola_albimarginata' 
 87. ] 
 88.   
 89. # Loop through the video frames 
 90. while cap.isOpened(): 
 91.     # Read a frame from the video 
 92.     success, frame = cap.read() 
 93.   
 94.     if success: 
 95.         # Check GPU memory usage 
 96.         gpu_memory_used = torch.cuda.memory_allocated(0) / (1024 ** 2)  # in 
megabytes 
 97.   
 98.         # Reduce batch size or take other actions if GPU memory usage is high 
 99.         if gpu_memory_used > gpu_memory_limit: 
100.             # You may adjust the GPU memory limit handling logic here 
101.             print(f"High GPU memory usage: {gpu_memory_used:.2f} MB") 
102.   
103.         # Convert the frame to a PyTorch tensor 
104.         img_tensor = transform(frame).unsqueeze(0).to('cuda') 
105.   
106.         # Run inference on the frame 
107.         with torch.no_grad(): 
108.             outputs = model(img_tensor) 
109.   
110.         # Process each detection 
111.         for i, detection in enumerate(outputs[0]['boxes']): 
112.             score = outputs[0]['scores'][i].cpu().numpy() 
113.   
114.             if score < confidence_threshold: 
115.                 continue  # Skip detections below confidence threshold 
116.   
117.             x1, y1, x2, y2 = map(int, detection.cpu().numpy()) 
118.             width_px = abs(x2 - x1)  # Calculate width in pixels 
119.             height_px = abs(y2 - y1)  # Calculate height in pixels 
120.   
121.             # Convert dimensions from pixels to centimeters 
122.             width_cm = width_px * scale 
123.             height_cm = height_px * scale 
124.             if width_px > height_px: 
125.                 dimension = width_px * scale 
126.             else: 
127.                 dimension = height_px * scale # length checker which one is 
longer 
128.   
129.             # Get predicted class and its confidence 
130.             label = int(outputs[0]['labels'][i]) 
131.             class_name = class_names[label] 
132.             confidence = f"Confidence: {score:.2f}" 
133.   
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134.             print(f"Detected object width: {width_cm:.2f} cm, height: 
{height_cm:.2f} cm, {class_name}, {confidence}") 
135.             # tampilkan estimasi berat from the above function 
136.             estimated_weight = estimate_weight(class_name, length_cm=dimension) 
137.   
138.             # Draw bounding box and label on the frame 
139.             color = (0, 255, 0)  # Green color for the bounding box 
140.             cv2.rectangle(frame, (x1, y1), (x2, y2), color, 2) 
141.             cv2.putText(frame, f"{class_name} {confidence} es.berat 
{estimated_weight:.2f} gram", (x1, y1 - 10), cv2.FONT_HERSHEY_SIMPLEX, 0.5, color, 
2) 
142.             frameresize= cv2.resize(frame, (360, 640)) 
143.   
144.         # Display the annotated frame 
145.             cv2.imshow('Detection in Faster R-CNN', frameresize) 
146.   
147.         # Break the loop if 'q' is pressed 
148.         if cv2.waitKey(1) & 0xFF == ord("q"): 
149.             break 
150.     else: 
151.         # Break the loop if the end of the video is reached 
152.         break 
153.   
154. # Release the video capture object and close the display window 
155. cap.release() 
156. cv2.destroyAllWindows() 
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Lampiran 4. Tabel Box Loss dan Classification Loss pada Model YOLO dan Faster 

R-CNN 

 

Epoch 

Loss 

Box Loss Classification Loss 

YOLO Faster R-CNN YOLO Faster R-CNN 

1 1,10 0,139013 4,436 0,205246 

2 0,9382 0,131558 3,081 0,134915 

3 0,8515 0,130052 2,501 0,130785 

4 0,7859 0,127797 1,95 0,129190 

5 0,7586 0,123144 1,602 0,130356 

6 0,7317 0,111171 1,366 0,127249 

7 0,7231 0,096346 1,203 0,117696 

8 0,7052 0,082856 1,071 0,102768 

9 0,7064 0,073428 0,9949 0,088792 

10 0,6857 0,067168 0,9284 0,078540 

11 0,681 0,062067 0,8704 0,069796 

12 0,6688 0,058647 0,8229 0,064626 

13 0,6742 0,055398 0,7953 0,059548 

14 0,6662 0,052574 0,7586 0,055357 

15 0,6555 0,050633 0,7388 0,051950 

16 0,6583 0,049069 0,72 0,049294 

17 0,6534 0,047431 0,6951 0,046961 

18 0,6469 0,045680 0,6786 0,044895 

19 0,6452 0,044187 0,6593 0,043047 

20 0,6423 0,043251 0,6598 0,041480 

21 0,6378 0,041959 0,636 0,039579 

22 0,6393 0,041244 0,6346 0,038721 

23 0,6425 0,040237 0,6243 0,037331 

24 0,6383 0,039671 0,6157 0,037357 

25 0,6369 0,038934 0,6102 0,035578 

26 0,6287 0,038074 0,5887 0,034927 

27 0,6346 0,037444 0,5935 0,033563 

28 0,63 0,036823 0,5861 0,032576 
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Epoch 

Loss 

Box Loss Classification Loss 

YOLO Faster R-CNN YOLO Faster R-CNN 

29 0,6242 0,036139 0,57 0,031799 

30 0,6295 0,035812 0,5735 0,031489 

31 0,6227 0,035009 0,5734 0,030757 

32 0,6317 0,034576 0,5677 0,030165 

33 0,6302 0,034223 0,5664 0,029154 

34 0,6258 0,033664 0,5525 0,028514 

35 0,6182 0,033060 0,5503 0,028647 

36 0,4812 0,032803 0,4739 0,028116 

37 0,4711 0,032188 0,4416 0,027299 

38 0,4691 0,031809 0,4216 0,027079 

39 0,4659 0,031675 0,4182 0,026634 

40 0,4656 0,031135 0,4088 0,025951 

41 0,4595 0,030904 0,4048 0,025899 

42 0,4595 0,030387 0,3973 0,025351 

43 0,4597 0,030144 0,3977 0,025206 

44 0,4556 0,029852 0,4004 0,024277 

45 0,4571 0,029612 0,3922 0,024550 
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Lampiran 5. Lembar perbaikan skripsi 

 

 


