01: # Appendix 2: Pseudo Code of the proposed collaborative optimized YOLOv11 technique

02: import torch

03: import yolov11 # Based on the latest YOLOv11 framework

04: from ultralytics.utils.metrics import ConfusionMatrix, DetMetrics

05: from models.modules import RepConv, LSKA # Improved modules mentioned in Section 3.2

06: from utils.loss import ShapeIoULoss # Custom loss function mentioned in Section 3.2

07: 

08: # Configuration and Paths

09: dataset_path = "path/to/Urban-Anomaly_Dataset"

10: model_save_path = "path/to/save/improved_yolov11"

11: 

12: # Step 1: Data Preprocessing and Strategic Augmentation (Section 3.1)

13: def prepare_urban_anomaly_data(path):

14:     images, labels = load_dataset(path)

15:     # Applying six types of augmentation: scaling, panning, rotating, noise, HSV, flipping

16:     # Integrated with Mosaic (1.0), Mixup (0.1), and Copy-Paste (0.3)

17:     augmented_data = apply_offline_and_online_aug(images, labels, 

18:                         strategies=["geometric", "imaging", "Mosaic", "Mixup", "Copy-Paste"])

19:     

20:     # Dataset split ratio: 8.5 : 0.8 : 0.7 (as described in Section 3.1)

21:     train_set, val_set, test_set = split_data(augmented_data, weights=[0.85, 0.08, 0.07])

22:     return train_set, val_set, test_set

23: 

24: # Step 2: Model Construction and Collaborative Optimization Training (Section 3.2 & 3.3)

25: def train_improved_model(train_data, val_data):

26:     # Initialize YOLOv11 with collaborative optimizations

27:     model = yolov11.load("yolov11s.yaml")

28:     model.backbone.replace_module("Conv", RepConv) # Enhance local texture extraction

29:     model.neck.insert_module("Attention", LSKA)    # Enhance long-range spatial modeling

30:     model.criterion.iou_loss = ShapeIoULoss()      # Improve regression for irregular shapes

31: 

32:     # Hyperparameter Settings (Table 2)

33:     hyp = {

34:         'lr0': 0.01, 'momentum': 0.937, 'decay': 0.0005,

35:         'batch': 16, 'epochs': 300, 'imgsz': 640,

36:         'optimizer': 'SGD', 'warmup_epochs': 3,

37:         'close_mosaic': 30, 'seed': 42

38:     }

39: 

40:     for epoch in range(hyp['epochs']):

41:         # Dynamic strategy: Close Mosaic augmentation in the last 30 epochs

42:         if epoch >= (hyp['epochs'] - hyp['close_mosaic']):

43:             model.train_options.mosaic = 0.0 

44:         

45:         model.train(train_data, hyperparameters=hyp)

46:         metrics = model.validate(val_data)

47:         if metrics.is_best():

48:             model.save(model_save_path)

49: 

50: # Step 3: Comprehensive Performance Evaluation (Section 3.4 & 4.1)

51: def evaluate_performance(model, test_data):

52:     # Calculate Precision, Recall, F1-score, and mAP@0.5

53:     results = model.test(test_data)

54:     # Measure inference delay (target: ~2.34 ms/image)

55:     inference_speed = measure_latency(model, test_data, unit="ms/image")

56:     

57:     print(f"Results: P:{results.p}, R:{results.r}, mAP50:{results.map50}, Latency:{inference_speed}")

58:     return results

59: 

60: # Step 4: Real-time Detection and Post-processing (Section 3.5 & 4.3)

61: def urban_anomaly_inference(model, input_frame):

62:     # Forward pass

63:     raw_predictions = model.predict(input_frame, imgsz=640)

64:     

65:     # Apply Non-Maximum Suppression (NMS) to filter redundant boxes

66:     final_detections = apply_nms(raw_predictions, iou_thres=0.45, conf_thres=0.25)

67:     

68:     # Categories: [RoadCrack, Pothole, Sign, Trash, Graffiti, Tree, Pole]

69:     return final_detections

70: 

71: # Step 5: Engineering Deployment and Feedback Loop (Section 3.5 & 5)

72: def deploy_system(model_path):

73:     deployed_model = load_model(model_path)

74:     while monitoring_active:

75:         frame = capture_from_patrol_vehicle() # Target real-world urban scenes

76:         detections = urban_anomaly_inference(deployed_model, frame)

77:         display_and_log(frame, detections)

78:         

79:         # Feedback mechanism for continuous improvement

80:         low_confidence_data = collect_hard_samples(frame, detections)

81:         if len(low_confidence_data) > threshold:

82:             update_dataset_and_retrain(low_confidence_data)

83: 

84: if __name__ == "__main__":

85:     train, val, test = prepare_urban_anomaly_data(dataset_path)

86:     train_improved_model(train, val)

87:     evaluate_performance(model_save_path, test)

88:     deploy_system(model_save_path)
