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The problem of object detection in computer vision requires the simultaneous solution of two tasks: localization and classification. Object detection allows you to identify and determine the position of all objects of different classes within a single scene. Comparing different architectures and object detection methods is a key practice in determining the performance of models. Fig. 1 presents the general architecture of the YOLOv8 model [1].
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Fig. 1. Generalized architecture of the YOLOv8 model [1].
The model's effectiveness is determined by a whole list of interrelated factors. Typically, the main criteria for evaluating detectors are the accuracy of their predictions and the speed of image processing [2]. The work focuses on those indicators that have already become a generally accepted standard in object detection tasks and are especially recommended for evaluating models such as YOLO [3 4]. Precision — this metric quantitatively shows what proportion of all objects that the model marked as positive actually are. The formula for Precision [3]:
					(1)
where TP is the number of times the model correctly found and named the object and the frame matched well (IoU above our threshold), FP is when the model either got the object   wrong (called the background an object), or correctly  identified the object but the frame was inaccurate (IoU below the threshold), or misclassified altogether [5].
The analysis of the training process itself was carried out based on data from the results.csv file (which is automatically generated by the Ultralytics framework). This allowed us to track the dynamics of the model's key indicators. Fig. 2 shows graphs of the loss functions for the training and validation sets.
[image: ]
Fig. 2. Loss functions dynamics during training and validation of the YOLOv8s model.
After training, the model was evaluated on a test set consisting of 150 samples (112 for class 0 and 38 for class 1). Classification report in Table 1.
[bookmark: _GoBack]Table 1. Model classification report.
	Class
	Precision
	Recall
	F1-Score
	Support

	0
	1.00
	1.00
	1.00
	112

	1
	1.00
	1.00
	1.00
	38

	Accuracy
	
	
	1.00
	150

	Macro Avg
	1.00
	1.00
	1.00
	150

	Weighted Avg
	1.00
	1.00
	1.00
	150


The limitations identified, including lower accuracy for some classes and sensitivity to specific visual patterns, point to areas for further improvement. This could include expanding the dataset [6], especially for problematic classes, applying more sophisticated augmentation techniques, fine-tuning hyperparameters, or experimenting with larger YOLOv8 models.
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Generalized architecture of the YOLOv8 model [1].
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