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Abstract: To address the challenges in the CO2 injection process, CO2 microbubble dispersion has been 

proposed as an alternative to traditional methods, such as miscible injection and water-alternating-gas 

(WAG) injection. This study presents an AI-assisted model for detecting CO2 microbubbles, powered by the 

YOLOv8 algorithm, renowned for its high-accuracy predictions. Conventional image processing techniques 

often struggle with detecting microbubbles, particularly in cases involving overlapping bubbles, variations 

in size, and low-contrast images, which can lead to inaccuracies in bubble identification and measurement. 

In contrast, YOLOv8’s advanced detection capabilities offer a more robust solution by precisely localizing 

and classifying microbubbles, even in challenging scenarios. The model’s performance was rigorously 

evaluated, demonstrating its effectiveness as a valuable tool for microbubble analysis. The detection images 

processed using YOLOv8 illustrate its ability to accurately detect and classify bubbles of varying sizes, 

generating precise bounding boxes around each identified bubble. This combination of data visualization 

and advanced detection techniques underscores the efficacy of YOLOv8 in microbubble analysis, enabling 

accurate measurement and detailed characterization of bubble size distributions—an essential factor in 

optimizing chemical engineering processes. 
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1. Introduction 

To mitigate global warming, various methods have been employed to reduce CO2 emissions in the 

atmosphere. Carbon sequestration and storage (CSS) is a promising technique for capturing significant 

amounts of CO2 and securely storing it underground. In recent years, numerous researchers have focused on 

this field. Captured CO2 is injected into different types of underground formations, such as saline aquifers, 

depleted oil and gas reservoirs, and coal seams. However, during the injection process, controlling the flow 

of CO2  gas or liquid is challenging due to factors such as gravity segregation, high gas mobility, and 

reservoir heterogeneity. Previous studies have suggested microbubble flow as an alternative to single-phase 

flow injection [1]. Researchers have conducted studies on the use of CO2 microbubbles in enhanced oil 

recovery (EOR) and carbon storage [2, 3]. A CO2 microbubble solution is typically generated by mixing a 

Xanthan gum polymer solution with an SDS surfactant and CO2 gas. A high-speed aggregation system is 

used to produce the microbubbles [4].  

One crucial characteristic of microbubble dispersion is its size distribution. The diameters of CO2 

microbubbles typically range from 10-100 µm [5]. After generation, a sample of the CO2 microbubble 

dispersion is placed under a microscope, and several images are captured using an attached digital camera. 

These images serve as input data for image processing software, which detects and measures the size of the 

microbubbles. However, this technique requires an in-depth understanding of image processing and is time-

consuming, posing a challenge for many researchers in the field. 

With the advancements in machine learning, several models have been introduced to overcome the 

limitations of analyzing microscopic-scale objects [6–8]. YOLOv8 is considered the new state-of-the-art in 

object detection due to its superior mean Average Precision (mAP) and efficient inference times [9]. These 
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advancements stem from novel improvements, including spatial attention mechanisms and feature fusion 

techniques, which enhance accuracy, versatility, and overall efficiency compared to its predecessors [10]. 

Recent studies have applied this model to improve detection capabilities in image processing tasks [11–13]. 

In this paper, we propose an artificial intelligence (AI)-assisted image-processing technique that leverages 

the capabilities of YOLOv8 as the backbone to detect labeled objects more efficiently. 

2. Methodology 

Training and testing data were collected from laboratory experiments in the previous study [3]. In this 

work, we captured 40 digital images of microbubbles, which were then annotated to generate suitable input 

for the YOLOv8 model. The annotation process, which begins by providing a class name and a bounding 

box to each bubble, was done by using the Roboflow annotation tool for bounding box positions around the 

bubbles. Each image contained an average of 50 bubbles, resulting in a total of 2096 annotations across all 

images. The data was loaded to Google Colab for training, and the final model was downloaded for post-

processing, which calculates the pixel radius and generates the density of bubble size. (Figure 1) shows the 

diagram of AI-assisted image processing in this work. 

 

Fig. 1. Flowchart of AI-assisted image processing model. 

2. 1 YOLOv8 model       

YOLOv8 uses a spatial attention mechanism focusing on relevant image regions, leading to more 

precise object localization [14, 15]. In addition, the feature fusion module integrates high-level semantic 

features with low-level spatial details, demonstrably improving the accuracy when detecting small objects 

[16]. Another innovation in YOLOv8 is that the image will be preprocessed with a mosaic augmentation 

technique. This method involves constructing a new image by combining the crops of multiple existing 

images, effectively mitigating overfitting and improving the model's accuracy [17]. 

2. 2 Loss function definition 

All deep learning-based models require an objective function to guide learning and update weights 

using a backpropagation algorithm. The YOLOv8 model loss function includes box loss, classification loss, 

and distribution focal loss (DFL) [18]. Box loss measures the difference between predicted and ground truth 

bounding boxes, ensuring accurate object localization. The class loss is calculated by binary cross entropy 

to classify objects. DFL addresses class imbalance by assigning higher weights to losses from 

underrepresented classes, thereby improving performance on less frequent classes. Together, these 

components enable YOLOv8 to achieve accurate and balanced object detection. 

2. 3 Evaluation metric 

Several metrics, including Mean Average Precision (mAP), Precision-Recall Curve, and F1-score, 

were used to evaluate the performance of the trained model. In this single-class detection task, mean average 

precision (mAP) simplifies to average precision (AP) since we only consider one object category. AP is 

calculated based on the Intersection over Union (IoU) [19] between predicted bounding boxes and ground 
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truth annotations. A high overlapping IoU indicates a good prediction. Precision and recall are calculated 

based on true positives (detections with IoU exceeding the threshold), false positives (detections with IoU 

below the threshold), and false negatives (detections with missed ground truth objects). F1 score is defined 

as a harmonic average of recall and precision. Based on the definitions, AP, Precision, Recall, and F1 score 

are shown in the Equations (1) - (3): 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒
  (1) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
       (2) 

F1 𝑠𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
              (3)  

The detected bounding box is not only used to detect the microbubbles but also plays an important 

role in the post-processing phase, where the size of each microbubble can be measured based on the 

information provided by its bounding box. The Bounding box is a rectangle surrounding an object, 

specifying its position, class, and confidence score [20]. However, this work focuses on a case with a single 

pre-defined object class. This allows the output of a bounding box to be simplified as a vector containing 

the object's position coordinates, width, height, and confidence score. 

3. RESULTS AND DISCUSSION 

Our experiments were conducted on Google Colab's hardware platform by using Python version 3.10, 

which leverages Nvidia's T4 GPUs with 16GB of RAM and 8GB of VRAM. This powerful configuration 

ensured the smooth execution of our computational tasks, even for large datasets and complex models. For 

our model training, we used an image input size of 640x480x3 (width, height, and color channels). We also 

employed the Adam optimizer [21] and trained in batches of 32 images. The initial learning rate was set to 

0.002. To prevent overfitting, we incorporated weight decay with a strength of 0.0005. Finally, we used an 

IoU threshold of 0.3 during training. The training process was stopped by early stopping to avoid overfitting 

at the 107th epoch (shown in Figure 2). 

 

Fig. 2. Model training graphs. 
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Fig. 3. Confusion matrix on the testing dataset. 

 
Fig. 4. Model's performance 
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Fig. 5. Microbubbles detected by model. 

 

Fig. 6. Histogram of microbubble size with pixel scale. 

 

https://doi.org/10.29227/IM-2025-01-02-060


https://doi.org/10.29227/IM-2025-01-02-060 Received: 30 Oct 2024, Accepted: 01 May 2025, Published: 01 Sep 2025 

 

760          Journal of the Polish Mineral Engineering Society, No 1(55) 2025, January - June, Volume 2 

A confusion matrix that summarizes the performance of the model on the test data is shown in (Figure 

3). The model has been created to check whether the object belongs to the bubble class. In the given figure, 

the model has a considerable True Positive value and a low False Positive value, which indicates that our 

model is good enough to detect the bubble. 

The prevalent Area Under the Precision and Recall curves (PR curves), which consist of precision on 

the vertical axis and recall on the horizontal axis, are used as a more objective indicator to quantify the 

model's performance due to the highly skewed domains. The higher the curve value, the better the model's 

performance. In this work, the AUC of the PR curve is 0.987, as shown in (Figure 4). In addition, our model 

has a good value of mAP, recall, F1 score, and precision, with respective values of 0.987, 0.99, 0.98, and 

1.0. 

We tested our trained model on a new image, and the visualization results are presented in Figure 5. 

The results indicate that our model detected 72 out of 82 bubbles, achieving an accuracy of 88.89%. In this 

figure, the detected bubbles are highlighted with red contours. The model performs particularly well in 

identifying overlapping and blurred bubbles. However, in more challenging cases such as tiny, heavily 

blurred, or incomplete bubbles, its detection performance is less effective. (Figure 6) illustrates the 

distribution of detected CO2 microbubbles on this new image. The density plot combines the Kernel Density 

Estimation (KDE) [15], which provides a smoothed estimate and the histogram. This visualization reveals 

that the most frequent bubble radius falls around 20 pixels, with a range spanning from 10 to over 60 pixels.  

4. CONCLUSIONS 

This study introduces an AI-assisted model for detecting CO2 microbubbles, powered by YOLOv8 

with high-accuracy predictions. The model achieved performance metrics of 0.987 for mean Average 

Precision (mAP), 0.99 for recall, 0.98 for the F1 score, and 1.0 for precision. These results demonstrate that 

the AI-assisted model is a valuable tool for microbubble analysis. The detection images processed using the 

YOLOv8 model illustrate its ability to accurately identify and classify microbubbles of varying sizes, 

generating bounding boxes around each detected bubble. This combination of data visualization and 

advanced detection techniques highlights the effectiveness of YOLOv8 in microbubble analysis, enabling 

precise measurement and characterization of bubble size distributions—an essential aspect for applications 

in chemical engineering processes. 
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