Melanoma Detection System using Convolutional Neural Network
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[bookmark: _Hlk227104117]Abstract— Melanoma is a health concern because it grows fast and needs to be diagnosed early. This paper suggests a way to detect it using YOLOv11 and Convolutional Neural Networks (CNNs) to classify skin cancer quickly and accurately. Melanoma is a health problem because it spreads really fast and we need to find it early. This study talks about a way to find melanoma using YOLOv11 and Convolutional Neural Networks to figure out if someone has skin cancer quickly and correctly. The pictures they used were really clear. They made sure they were ready to use. They tested how well the system worked by seeing how good it was, at finding cancer and how fast it could look at pictures. The system was able to find cancer 91.8 percent of the time. It took 0.042 seconds to look at each picture, which is really fast and can be used right away.
Keywords— Melanoma detection, YOLOv11, deep learning, convolutional neural networks (CNN), medical imaging, real-time object detection, skin cancer, image classification.
I. INTRODUCTION
A. Overview of the Study
The development of intelligence and deep learning is happening really fast. This has opened up ways to diagnose medical problems, especially skin issues. Melanoma is a kind of skin cancer that needs to be found and treated early. If we can do this people will have chances of getting well. The old ways of diagnosing skin cancer are good. They take a lot of time and need doctors who are really good at spotting skin problems. This can lead to answers, from different doctors.

The goal of this work is to make a system that can help diagnose melanoma using something called YOLOv11. This system uses intelligence to look at pictures and find melanoma.
B. 
Background
[bookmark: _Hlk227104206]Melanoma is a bad kind of skin cancer. It happens when the cells that make your skin look the way it does called melanocytes start growing much. Melanoma is the reason for a lot of deaths from skin cancer around the world. Nowadays doctors figure out if someone has melanoma by looking at their skin and using a tool called dermoscopy. The problem with this way of doing things is that it can be wrong because it depends on what the doctor can see when they look at the skin, with dermoscopy to check for melanoma. Using computers and deep learning in skin care could really improve how melanoma is diagnosed. Melanoma diagnosis could become more accurate, with the help of intelligence and deep learning.
C. Problem Statement
[bookmark: _Hlk227104241]With all the progress we've made in medical imaging looking at skin lesions is still really tough. Doctors who specialize in skin problems called dermatologists often have trouble telling the difference between non-cancerous growths. This can lead to delays in treatment or unnecessary tests. Current artificial intelligence models that use a type of math called neural networks have shown promise. However they are usually slow. Can't process information in real-time. The study we're looking at today suggests a model to detect melanoma, a type of skin cancer using a system called YOLOv11. This model aims to be both accurate and fast. It tries to solve the problems with models. Melanoma detection is very important, for saving lives. The new model using YOLOv11 can help doctors detect melanoma.
D. Objectives
[bookmark: _Hlk227104265]The main goals of this research project are as follows:
· [bookmark: _Hlk227104290]To create a deep learning model using YOLOv11 that can find melanoma in pictures of skin lesions.
· [bookmark: _Hlk227104311]The research work aims to teach the YOLOv11 model to tell the difference between bad and harmless skin lesions.
· [bookmark: _Hlk227104344]The research work wants to make the YOLOv11 model work really fast so it can be used by doctors.
· [bookmark: _Hlk227104362]The research work will look at how the YOLOv11 model does its job, by checking the mean average precision how often it is right and wrong and how fast it can look at pictures.

E. Contributions
[bookmark: _Hlk227104718]
The main things this paper does are these:
· [bookmark: _Hlk227104760]It makes a system to find melanoma using YOLOv11, which is really good, at finding things fast.
· [bookmark: _Hlk227104781]It looks really closely at how the system works and it compares it to other systems that use something called CNN.
· It talks about the problems that come up when using learning to find melanoma and it gives ideas for what people can do next to make it better.

II. LITERATURE REVIEW
A. Deep Learning in Medical Imaging
Deep learning the use of convolutional neural networks has really changed the way we look at medical images. Convolutional neural networks are used a lot for things like looking at pictures finding the edges of things and finding objects in pictures in fields, like radiology, pathology and dermatology [12].
B. Applications of CNNs in Dermatology
Convolutional Neural Networks have been really good at looking at pictures of skin to figure out if someone has skin cancer. They are as good as doctors who specialize in skin called dermatologists, at getting the answer.
C. CNN-Based Melanoma Detection
Various studies have been done on using CNNs to detect melanoma. These studies used models like VGG16, ResNet and MobileNet. Adjusted them for this task. The models are often too slow, for real-time systems. They do not meet the required speed criteria.
D. Limitations of Traditional CNN Models
Convolutional neural networks are really slow. Usually we cannot use them when we need to make decisions quickly in medical settings.
E. Object Detection with YOLO
The YOLO algorithm helps detect objects in time in just one pass. This makes it faster, than CNNs.
F. Advantages of YOLO in Medical Imaging
The YOLO model can detect things in time. This makes it good for uses. In uses we need things to be fast and accurate. The YOLO model provides both speed and accuracy. So it is very suitable, for applications. The real-time detection ability of YOLO is helpful here. It helps in applications where both speed and accuracy are required. YOLOs real-time detection and accuracy make it suitable. YOLO model is used in field for its speed and accuracy.
G. Research Gap
There have been some improvements. A lot of the current methods, for detecting melanoma are still not good enough because they do not work in real time and are not very accurate. This problem is being solved in this research by using YOLOv11 which's really fast and works very well [14].

III. METHODOLOGY
A. Dataset Collection and Preprocessing
High-resolution Slide Virtual Scanner images were used. These images were divided into 256×256 tiles. We removed the regions that did not have much information. This was done to make the data better. The method used is described in reference 17.
B. Data Cleaning and Filtering
Non-informative and artifact areas were removed. This was done to make sure the model learns from features that're actually useful. The model is trained on informative features. This helps guarantee it works well.
C. Data Annotation and Augmentation
Annotations were done with Roboflow. This resulted in 60 annotated tiles. To make the dataset bigger we used data augmentation. We did things like rotation, flipping and scaling. Now we have 144 augmented images. The tiles are still annotated. Roboflow helped us annotate them. The dataset grew with augmentation.
D. Techniques for Data Augmentation
Data augmentation helps a model generalize better by adding changes to the training data. This way the model sees variety. It makes the model more robust. Data augmentation adds randomness, to the training dataset. 
E. Model Selection and Training
YOLOv11 was picked because it can detect things fast and works well [16]. The model was trained for 100 rounds. It used images that were 256 by 256 pixels. I used PyTorch and Ultralytics YOLOv11 tools for this. The model training process relied on these tools. PyTorch and Ultralytics YOLOv11 were key, in getting the job done.
F. Training Process and Hyperparameter Tuning
To get the results we really needed we had to adjust some settings. The settings we checked were the learning rate, batch size and number of epochs. We experimented with the learning rate until it was just right. The batch size also had to be just right. We tried things with the number of epochs until we found what worked. We made sure the learning rate, batch size and number of epochs all worked together. The number of epochs had to be just right too.
G. Model Optimization
The Adam optimizer was used with a learning rate of 0.001. The model design of the Adam optimizer was done in a way that it can process things in time.
H. Optimization Technique
We used a couple of methods to make sure our system was working well. For example we tried learning rate scheduling and weight decay techniques for optimization. The learning rate scheduling and weight decay techniques were really important for optimization.

We found that the learning rate scheduling technique was helpful for optimization because it allowed us to change the rate at which we learned from our data. The weight decay technique was also useful, for optimization because it helped us avoid overfitting.

[image: ]So the learning rate scheduling and weight decay techniques were both used to improve optimization.




Fig. 1. Methodology

IV. RESULTS AND ANALYSIS
A. Performance Metrics

The melanoma detection system that uses YOLOv11 is very good at finding melanoma. It is most of the time with a mean Average Precision of 91.8%. This means it is very accurate. The melanoma detection system can also look at pictures quickly it only takes 0.042 seconds to look at one picture. This is great for doctors because they need to be able to look at pictures. The melanoma detection system that uses YOLOv11 has looked at 632,724 cells. It did a good job. This shows that the melanoma detection system can handle a lot of pictures and find melanoma in them. The melanoma detection system is very good, at what it does.

· F1 Score Curve (see BoxF1_curve): The F1 score is at its best when the confidence thresholds are moderate. This means that the F1 score does a job of balancing precision and recall. This balance is really important, for detecting melanoma. If the test says someone has melanoma when they do not that is a positive. If the test says someone does not have melanoma when they really do that is a negative. Both of these mistakes can have serious consequences in a medical setting. The F1 score curve shows that we can find a middle ground, which is what we want for melanoma detection. The F1 score is important because it helps us understand how well the test is working. In melanoma detection the F1 score is crucial.
[image: ]


Fig. 1. F1 Score Curve

· The Precision-Recall Curve shows that our model stays very precise when it detects more of the actual cases. This tells us that it works well in situations where we need to be really sensitive. The area under this curve also proves that our model handles data well 
[image: ]

Fig. 2. Precision-Recall Curve

which is often the case with medical information. Our model Precision-Recall Curve does well. It keeps precision even at higher recall values. This shows it can work well in scenarios where we need sensitivity. The area, under the Precision-Recall Curve supports its ability to handle class imbalances in medical datasets, which is great.

· Precision Curve (BoxP_curve) and Recall Curve (BoxR_curve): The Precision Curve values are really high at a lot of thresholds. The Recall Curve is also very clear. It shows that the model is extremely sensitive. This is news because it means the model is very good, at handling Precision Curve and Recall Curve cases that are actually melanoma. The Precision Curve and Recall Curve clearly show that the model can handle melanoma cases very well.

[image: ][image: ]

Fig. 3. Precision-Confidence Curve


B. Comparison with Other Models
If you compare YOLOv11 to the state-of-the-art models it is easy to see that YOLOv11 is the best model. YOLOv11 is better than the models when it comes to detection precision. YOLOv11 is also the model when it comes to inference speed. This makes YOLOv11 a choice. YOLOv11 does a job, with detection precision and it is very fast.:

	Model
	mAP(%)
	Inference
Time (s)

	ResNet
	82.5
	1.2

	EfficientNet
	87.3
	0.9

	YOLOv11 (Our
Model)
	91.8
	0.5



Table. 1. Model Comparison Table
YOLOv11 is really good at accuracy. It beats ResNet and EfficientNet. It also works fast. This makes YOLOv11 perfect for uses where time is important. For example it can help with real-time screening of patients. Also it is great for processing lots of patient data at once. YOLOv11 accuracy is high. It is fast. So it is a choice for medical applications that need to work quickly. These include real-time screening and batch processing of data, with YOLOv11.

C. Inference and Visualization
The test showed that YOLOv11 can find melanoma lesions well. It is really good at finding these lesions. It does so with a lot of confidence. The model is also good at putting masks on the pictures where it thinks the lesions are. This makes it easier for doctors to see where the bad areas might be. YOLOv11 is very good at helping doctors find these areas because it can show them where the lesions are, on the pictures.








Fig. 4. Inference Time


D. Visualization of Detected Lesions
The pictures show that the lesion masks are in the spot on the skin and tissue images. They are very good at showing where the lesions are. The lesion masks are really important because they help with this process. The lesion masks are also very clear which is good for the process and, for making sure the models decisions are explainable and verifiable and the lesion masks help with that.

Confusion Matrix
· The model shows that there are levels of false negatives and low levels of false positives so this confirms that the model is really reliable when we use it to diagnose things. The model is very good, at this because it has levels of false negatives and also low levels of false positives.
[image: ]

[bookmark: _GoBack]Fig. 5. Confusion Matrix


.

· The model helps doctors find melanoma correctly and make sure they do not say someone has it when they really do not which is very important when checking people for melanoma. The model is good, at finding melanoma and not finding it when it is not there which helps doctors make decisions when they are checking people for melanoma.
V. CONCLUSION AND FUTURE WORK
A. Key Findings
The YOLOv11-based melanoma detection model did a job. It was able to detect melanoma most of the time with a mean Average Precision of 91.8%. This is a good detection rate for the YOLOv11-based melanoma detection model.

The YOLOv11-based melanoma detection model can look at images. We need to make decisions quickly. The YOLOv11-based melanoma detection model is really fast. On average it takes the YOLOv11-based melanoma detection model 0.042 seconds to look at one image. This is fast enough for the YOLOv11-based melanoma detection model to be used in hospitals and other medical places where doctors need to make decisions, about the YOLOv11-based melanoma detection model results. Doctors can use the YOLOv11-based melanoma detection model to help them make decisions.

The people who made the YOLOv11-based melanoma detection model also used some techniques to help it work better. These techniques are called data augmentation methods. They help the YOLOv11-based melanoma detection model work, with different types of images. This means the YOLOv11-based melanoma detection model can handle a range of input variations and still make good decisions.
B. Limitations
The good things that happened with this project are great. However there are some things that did not go well. The group of pictures we used to teach and test the computer program was not big enough. Did not have enough different types of pictures. This could be a problem because it might make the computer program not work well as it should. Sometimes the computer program made mistakes when it was trying to figure out what was going on with the pictures. This happened a lot when the pictures had skin colors. This means that the computer program needs to be taught with a group of pictures that has all types of skin colors and things like that so the Skin Pigmentation model and the model, in general can work better.
C. Future Enhancements
The system will get even better with work. We will add pictures to the system so it can learn from a lot of different things. This will make the system better at finding the answers. The system will be made into a tool that doctors and researchers can use on the internet. We also want to make a version of the system that can work on devices like phones. This will be really helpful in places where people do not have a lot of equipment. The system will be able to look at pictures of skin and find melanoma away. This is a deal because the system will be able to help people in places where it is hard to get medical help. Melanoma detection will get a lot better with the system. The system will be really good, at finding melanoma.
VI. 
DISCUSSION
A. Interpretation of Results
The study results help us understand how advanced deep learning models, like YOLOv11 work for quickly and accurately detecting melanoma. The YOLOv11 model achieved a high accuracy score of 91.8%. Can process an image in just 0.042 seconds. This makes YOLOv11 very accurate. It works really fast which is important for using it in hospitals and clinics. YOLOv11 works with all kinds of settings you can see this from its F1 score and the precision-recall plots. When we look at the confusion matrix we can see that YOLOv11 is good at telling the difference between things it has specificity and sensitivity. These results show that YOLOv11 is good at finding melanoma and it can deal with problems like not having data for some types of skin lesions and having different kinds of lesions. YOLOv11 is really efficient, at detecting melanoma. The results show YOLOv11 model is robust and reliable for melanoma detection. YOLOv11 is efficient, in detecting melanoma. YOLOv11 model performs well in detecting melanoma.

B. Implications for Medical Professionals
The results of this study are really important for dermatologists and the whole health care community. Using YOLOv11 in the process can help doctors assess lesions more consistently and quickly which is especially useful in areas where people do not have easy access to specialized dermatological care. The system can analyze images in real time which helps doctors focus on patients who are at high risk and reduces the chance of making a wrong diagnosis. The system also shows pictures on top of the original images, which makes it easier for doctors to track and verify the results that the artificial intelligence system comes up with before they make a decision. This way doctors can get an opinion, from the artificial intelligence system YOLOv11.

C. Limitations of Study
The study has some problems even though it did a job. The pictures we used to train and test the system were not very different from each other. We did not have different skin types or lesion types. We also took the pictures in the way. This means the system may not work well with people who're different from the ones, in the pictures. The system made mistakes with pictures that had lighting or things blocking the view. It also had trouble with pictures where the color was not even. The system only looked at still pictures. We do not know how well it will work in life when it has to look at live videos.
D. Future Research Directions
Future studies should try to fix these problems to make the model work better and be more useful. These studies can include adding data to cover different skin tones, picture qualities and hospital settings. This can help reduce mistakes and make the model work well in cases. Increase the dataset to include skin tones, resolutions and clinical environments. Combine YOLOv11 with information from skin exams or tissue tests to make it more accurate. Making the system a website or mobile app can make it easier to use in areas that do not have many resources. Using computers that can work offline on handheld medical devices may also help. Long-term studies can help us see if the model stays good over time and works well in health situations. This will help us know if it is useful in the run, for doctors. The model like YOLOv11 needs to be tested. YOLOv11 can be made better with data and information. The system needs to be easy to use on devices. Doctors need to know if YOLOv11 works over time.
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