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 In this study, we created and applied novel concepts for hardware-based 

image identification and categorization. For artificial intelligence (AI) and 

image recognition applications, this includes putting algorithms for 

recognizing colors, textures, and shapes into practice. Our contribution uses 

an embedded device with a camera and a microcomputer (Raspberry-Pi4 

type) to replace the optical assessment of Petri dishes. Our object 

recognition system processes images efficiently by using a state-of-the-art 

kernel function and a new neighborhood architecture. Using the well-known 

convolutional neural network (CNN) architecture, YOLOv8, as a pre-trained 

model, we evaluated the proposed CNN-based method for object recognition 

in a number of demanding scenarios. Several Petri plates, uncontrolled 

settings, and different backgrounds and illumination were used to evaluate 

the technology. Our dynamic mode integrates a CNN network with an 

attention mask to highlight the traits of bacteria and fungi, ensuring robust 

recognition. We implemented our algorithm on a Raspberry Pi 400, 

connected to a CMOS 3.0 camera sensor and a human-machine interface 

(HMI) for instant display of results. 
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1. INTRODUCTION 

Bacterial infections pose an important danger to microbiology labs and healthcare institutions 

worldwide. Consequently, timely and precise identification of bacteria and fungi is essential for diagnosing 

and appropriately managing diseases [1]. This detection has historically been done manually, which takes 

time and is ineffective. Petri dishes are widespread and effective tools commonly used by researchers to 

collect data on samples during microbiological studies. They are generally equipped with a lump lens to 

clarify vision, the Petri dishes illustrated in Figure 1 deployed in microbiology laboratories have innovated in 

the field of research on bacteria and fungi [2]. 

In this context of object detection object specially bacteria and fungi detection, there are two types 

of convolutional neural network (CNN) algorithms designed to accelerate object detection models and 

achieve high accuracy region-based convolutional neural networks (R-CNN) and you only look once 

(YOLO) [3]. In this field, many studies have been published [4], to identify and quantify tilapia larvae using 

the Faster R-CNN R50-FPN 2X and Grid R-CNN-X101-32X4d-FPN 2X models gave the greatest outcomes, 

with a mean accuracy 50 of 97.30%. and [5] uses a digital twin-based intelligent health system with a cascade 
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recurrent convolutional neural network architecture to identify COVID-19 from X-ray images. The model 

achieved an average accuracy of 0.94. Moreover, in several research projects like Ahmed et al. [6] uses 

multi-scale perceptual (MSP)-YOLO for the diagnosis of vaginitis and achieves sensitivities of 0.706 for key 

cells and 0.910 for Trichomonas, outperforming the reference model by 0.218 and 0.051. Also, Chen et al. 

[7] applied deformable convolution network (DCN)-YOLOv5, with a DCN, can detect objects, key points 

and track the Oplegnathus punctatus’s actions in an ammonia-rich environment. This model showed 

improved performance over the original YOLOv5, achieving mAP@0.5 of 93.71% and mAP@0.5:0.95 of 

57.45%. In the same context of object detection, Jubayer et al. [8] applied YOLOv5 for detecting mold on 

food surfaces and YOLOv5 performed exceptionally well, achieving 98.10% accuracy, 100% recall, and 

99.60% average precision (AP), outperforming versions YOLOv3 and YOLOv4. 

Our contribution involves replacing the visual inspection of Petri dishes with an onboard system that 

uses the YOLOv8 model for object detection. This system employs a camera and a processing card in the 

form of a microcomputer to process images ibn real-time and automate the inspection. This approach not 

only minimizes human interference during data collection but also provides valuable visual data that 

researchers can use to better understand bacterial evolution in samples [9]. 

 

 

 
 

Figure 1. Petri dishes 

 

 

2. THE IMPORTANCE OF PETRI DISHES IN THE LABORATORY 

Petri dishes are superficial and cylindrical containers made of glass or plastic that are used to grow 

bacteria, fungi, and other microorganisms on specific nutrient media [10]. They are necessary in 

microbiology laboratories for producing and studying microorganisms. Offering a controlled environment 

that minimizes contamination [11]. 

Petri dishes have grown to be among the most frequently utilized lab supplies because of its 

simplicity and usability [12] a Petri dish is made up of a translucent base and a square or circular,  

loose-fitting cover that is intended to shield samples from outside contamination. Additionally, they are 

essential to the process of assessing antibiotic susceptibility, which establishes how well antibiotics work 

against different strains of bacteria [13]. Also, Landis et al. [14] demonstrates the benefits of the large surface 

area to volume ratio of Petri plates, which can help organisms such as Brettanomyces bruxellensis grow and 

produce more metabolites under aerobic circumstances. 

To find new diseases and help microbiologists in the laboratory precisely count and analyze 

microbial content. It is critical to identify the bacteria and fungi growing on Petri dishes. To do this, we have 

implemented a model that makes use of an extensive dataset to enhance the identification and categorization 

of microorganisms, hence facilitating more accurate and insightful microbiological evaluations.  

 

 

3. MATERIAL AND METHODS 

3.1.  Computer vision and convolutional neural networks 

Artificial intelligence (AI) [15] was first described in 1950 [16]. Machine learning, a portion of AI, 

allows machines to acquire knowledge from data and advance without the need for explicit programming 

[17]. One subfield of machine learning called “deep learning (DL)” models difficult data using deep neural 

networks, due to its ability to identify objects in images, DL architectures have attracted a lot of attention.  

  
 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 2, April 2026: 1132-1142 

1134 

As a result, they have been applied to medical imaging to perform tasks such as organ detection and 

segmentation [17]. A specific DL architecture created to effectively process visual data is the CNN. 

Computer vision is another subset of AI that allows computers to see and understand [18]  

by training them to identify and interpret the content of images and videos. Since they are closely related to 

each other, advances in DL in recent years have also led to exceptional successes in the field of computer 

vision. Applications for computer vision include real-time sports, autonomous cars, object identification, and 

facial recognition. 

CNNs [19], which were first introduced in the LeNet-5 architecture [20] by Yann LeCun et al. in 

1998, received much attention after the release of Alexnet in 2012 [3]. With the availability of large datasets, 

CNNs are able to automatically detect important features, make highly accurate predictions, and perform 

computer vision tasks that were previously impossible. Unlike the classic neural network with fully 

connected layers, CNN has a unique architecture as shown in Figure 2 that generally includes three types of 

layers: convolutional layer, pooling layer, and fully connected layer. 

 

 

 
 

Figure 2. Schematic illustration of a CNN architecture 

 

 

The YOLO model family was proposed by Redmon et al. [21] in 2015, as a state-of-the-art real-

time object detection system. It is an object recognition and localization algorithm based on a deep neural 

network. It is best feature is that it works very fast. For example, if you enter an image, the system will 

display the objects it contains and the position of each object (the rectangular frame containing the object) 

[22]. YOLO is an outstanding accomplishment in object detection, albeit restricted to a single detection 

within a picture. Afterwards, numerous further iterations, ranging from YOLOv1 to YOLOv7 [23], were 

introduced with advancements in segmentation, multi-object identification in a single frame, accuracy, and 

exact localization [24]. The model was improved with batch normalization, anchor boxes, and dimension 

clusters in YOLOv2, which was released in 2016. YOLOv3, which was released in 2018, enhanced 

performance by employing spatial pyramid pooling and a more effective backbone network. With the 

release of YOLOv4, which debuted in 2020, additional features like anchor-free detecting head and mosaic 

data augmentation were added. With integrated experiment tracking and hyperparameter adjustment, 

YOLOv5 improved the model even further. Autonomous delivery robots employ YOLOv6 [25], which was 

made open-source in 2022, while YOLOv7 introduced pose estimation features. The most recent Ultralytics 

version, YOLOv8 [26], provides improved performance and adaptability for applications related to tracking, 

segmentation, and detection. YOLOv9 [27] presents programmable gradient information (PGI) and the 

generalized efficient layer aggregation network (GELAN), the Figure 3 illustrates various versions of 

YOLO algorithms. 

YOLO works in that we take an image and divide it into an S×S grid, in each of the grids we take N 

bounding boxes. For each of the bounding boxes, the network generates a class probability and offset values 

for the bounding box. Bounding box prediction: Anchor boxes are made of dimension clusters by the YOLO 

algorithm to anticipate bounding boxes. For every bounding box, it is network predicts four coordinates:  

tx, ty, tw, and th. The predictions match Figure 4 if the cell is offset from the upper left corner of the image 

by (cx, cy) and the width and height of the previous bounding box are pw, ph. 
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Figure 3. Versions of YOLO algorithm 

 

 

 
 

Figure 4. YOLO bounding box prediction [9] 

 

 

3.2.  YOLOv8 algorithm 

YOLOv8, it is a real-time object detecting system that represents YOLO, was used as a previously 

trained model in this project. Compared to other detection systems [28], YOLOv8 is faster and more 

accurate, also YOLOv8 can recognize small, forbidden objects with various occlusions while striking an 

impressive balance between efficiency and detection accuracy. For this reason, YOLOv8 is extremely fast 

than Fast R-CNN [29]. The architecture of yolov8 strikes a compromise between speed and precision to solve 

the shortcomings of earlier YOLO iterations [3]. One clear improvement is YOLOv8’s scalable and modular 

architecture. The three main parts of the model are the head, neck, and backbone. YOLOv8’s backbone, 

which consists of CSPDarknet53 and EfficientDet, is accountable for Taking out features from the input 

image. The fusion of characteristics depends on the neck, which connects the head and backbone. As shown in 

Figure 5, the head predicts bounding boxes, item classifications, and confidence ratings. 

 

 

 
 

Figure 5. YOLOv8 architecture [3] 
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3.3.  The main criteria of the proposed embedded hardware solution 

The objectives to be achieved for the recognition and classification of bacteria, within the 

framework of this document, must meet the following criteria: 

− Provides stable performance in an environment without constraints such as lighting conditions, 

background inhomogeneity, position and orientation of bacteria, stains and, most importantly, 

differentiation between a fungus and bacteria. 

− Achieves very high recognition rates, demonstrating the reliability of the algorithm's recognition and 

identification results. 

− Since most future applications will be real-time, execution time is also a crucial metric to evaluate the 

recognition architecture implemented on an embedded system. On a Raspberry Pi 4, for instance, the 

system is expected to achieve inference latency of approximately 200–300 ms per image, maintain 

memory usage under 1 GB, and sustain a frame rate of 3–5 FPS depending on image resolution and 

model complexity [30]. 

− All the tools chosen are free, such as the Python language and the Raspbian operating system. It is an 

embedded GNU/Linux operating system compatible with Raspberry Pi microcomputers as presented in 

the Figure 6. 

 

 

 
 

Figure 6. Raspberry Pi 4 version 400 

 

 

3.4.  Methodology adopted 

Our study included a number of crucial procedures to identify bacteria and fungus. Since our 

original dataset was little, we used intensive data augmentation to digitally enlarge it instead of collecting 

more Petri dish photographs. Using advanced techniques like mosaic, mixup, and copy-paste to increase 

model robustness, as well as flipping, rotation, scaling, and brightness modifications, augmentation 

procedures replicated real-world fluctuations in illumination, orientation, and scale. 

To produce the labeled dataset, LabelImg was used to annotate two classes: “bac” (bacteria) and 

“champ” (fungi). To achieve robust evaluation in spite of the small sample size, we employed five-fold  

cross-validation with train/validation/test splits. This approach produced precise performance estimates for a 

range of data subsets. 

The AdamW optimizer for stable generalization on short datasets, a learning rate of 0.005 with 

cosine scheduling to enhance convergence, and an image size of 960×960 pixels to capture fine bacterial and 

fungal features were among the carefully chosen hyperparameters used to train the YOLOv8 model. By 

balancing accuracy, stability, and computation efficiency, this setup takes into account both realistic 

deployment aspects and detection performance. Figure 7 illustrates how various combinations improved the 

accuracy and stability of detection.  

 

3.5.  Implementation details 

We used a Kaggle notebook environment to train and evaluate the model. The dataset was separated 

into train, validation, and test subsets to ensure reliable performance estimations, and five-fold  

cross-validation was employed to lessen bias resulting from the small sample size. The YOLOv8 model was 

developed using the PyTorch DL platform. For stable optimization, the model was trained for 300 epochs 

using cosine scheduling with an initial learning rate of 0.005. Based on preliminary experiments and best 

practices, these hyperparameters were carefully selected. Advanced data augmentation like flipping, rotation, 

scaling, copy-paste, mosaic, mixup, and brightness adjustment was used to improve model generalization, 
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and the size of the image had been customized to 960×960 pixels to capture fine bacterial and fungal details, 

all details are shown in Table 1. 

 

 

 
 

Figure 7. Methodology adopted 

 

 

4. RESULTS AND DISCUSSION 

We successfully applied our method to identify bacteria and fungi in Petri dishes despite working 

with a comparatively small dataset. With overall scores of precisions 0.864, recall 0.779, and mAP@50 0.859 

across all classes, the YOLOv8 model showed excellent performance in recognizing small objects as shown 

in Table 1. In terms of individual classes, the “champ” class, which had 16 photos with 442 instances, 

achieved a precision of 0.839, recall of 0.919, and mAP@50 of 0.941, while the “bac” class, which consisted 

of 23 images with 579 instances, achieved a precision of 0.889, recall of 0.639, and mAP@50 of 0.776. 

These results are illustrated in Figures 8 and 9, with Figure 10 showing the precision-confidence curve, 

which demonstrates model precision across all classes as a function of prediction confidence levels. 

 

 

Table 1. Performance metrics and model details 
Learning rate 0.005 

Running time 0.149 hours 

GPU used P100 

Model size 22.01 Mo 
Epochs 300 

Precision 86.4% 

mAP@50 0. 85 

 

 

   
 

Figure 8. Recognition of bacteria and fungi 

 

 

Although, Figure 11 confusion matrix demonstrates the suggested model’s excellent discriminative 

power across all three classes. Excellent class separability was confirmed by the champ (fungus) class, which 

had the best accuracy with 393 correct predictions. With 342 true positives, the bac (bacteria) class also 

demonstrated strong recognition, proving successful bacterial identification in spite of significant background 

region confusion. The primary cause of misclassifications between bacteria and background was visual 

similarity in texture and illumination, but they were still within tolerable bounds. Overall, the confusion 
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matrix confirms the model’s capability for real-time bacterial and fungal classification on embedded 

hardware like the Raspberry Pi and proves its robust and dependable performance. 
 

 

 
 

Figure 9. Model performance illustrated by the precision-recall curve 
 

 

 
 

Figure 10. The link between prediction self-assurance and accuracy 
 

 

 
 

Figure 11. Confusion matrix 
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Pre-trained model (YOLOv8): although the original YOLO model can detect, count, and recognize 

several common types of bacteria, it may confuse some unknown species, resulting in lower model accuracy 

and more manual work carried out by the researchers as presented in Figure 12. YOLOv8 can count and 

classify several bacteria present in a single image. As you can see in Figure 12, it illustrates the number of 

bacteria (bac) and fungi (champ) present in each image. 

 

 

 
 

Figure 12. Counting several bacteria 

 

 

Refined model (result): to evaluate the model, photos of Petri dishes taken by doctoral students in the 

microbiology laboratory at CNRST were used as a test set to which the trained model is applied. The results 

illustrate that the DL model was able to detect, recognize, and localize multiple bacteria and differentiate 

between bacteria (small sizes with the same colors) and fungi (larger sizes and different colors) via CMOS 3.0 

camera images with great precision. Each identified object will be surrounded by a bounding box and labeled 

with its species and order number [31]. Practically speaking, this method may be immediately used in 

microbiological labs to help researchers automate morphological characterization, colony counting, and 

bacterial and fungal distinction, greatly minimizing manual labor and human error. This kind of connection 

could improve the repeatability of microbiological tests and expedite laboratory procedures. 

Nevertheless, several restrictions were noted. The proposed model may not be as generalizable to 

larger microbiological contexts because it was trained and validated on a small dataset with little species 

variety. Furthermore, the moderate recall rate suggests that some bacterial colonies are still overlooked during 

detection. Future research will concentrate on examining advanced architectures like vision transformers 

(ViTs) for more precise detection of small and visually similar microbial objects, applying transfer learning 

from large-scale biomedical image datasets to improve feature generalization, and broadening the dataset to 

include a greater variety of microbial species in order to get around these limitations. 

 

 

5. CONCLUSION 

This project aims to train an algorithm capable of processing and labeling data from Petrie dishes 

with the number, type, and location of bacteria and fungi. Captured huge and laborious images in an 

automatic way that researchers were working by applying a YOLOv8-based object detection. Compared to 

other attempts at automatic bacteria recognition, this project strives to further facilitate the process and 

reduce the human effort required by providing surrounding bounding boxes, performing real-time 

recognition, and adding bacteria that can be automatically identified. This research addresses major data 

issues by creating a microbiological recognition model. We used the YOLOv8 object detection technique 

as the pre-trained model using transfer learning. Even with a rather small image database, we were able to 

identify fungi and bacteria in Petri dishes. The model’s excellent accuracy in recognizing and localizing 

bacteria was achieved with additional refinement using better data that was first annotated by 

microbiology professionals. This illustrates the success of YOLO algorithms in these applications and 

helps alleviate the workload from human for tasks such as recognition and counting. In order to enhance 

the performance and accuracy in detection, especially for small objects, the future work will focus on 
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designing powerful algorithms which applying high performance CPU and extending the plate types as 

well as variety of bacteria collection. 
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