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Abstract: 

Lip cancer, though less commonly discussed, remains a significant concern in the realm of oncology. Early detection and 

diagnosis are paramount for improved patient outcomes. This research evaluated the effectiveness of the RandomForest 

algorithm in classifying the CancerLips dataset, a collection of lip images processed using the Canny segmentation method 

and described using Hu moments. Using a 5-fold cross-validation approach, the algorithm achieved an average accuracy 

of approximately 70.96%. The results highlight the potential of machine learning techniques, specifically RandomForest, 

in aiding lip cancer detection. However, the choice of preprocessing methods and feature extraction plays a crucial role in 

determining the outcome. The study underscores the need for further research, focusing on algorithm optimization and 

comparisons with other datasets or feature extraction methods, to enhance diagnostic precision in medical imaging. 
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1. Introduction 

Cancer is among the leading causes of death worldwide, with various types affecting different parts of the body. 

One of the less commonly discussed, yet significant, types is lip cancer. Early detection and diagnosis of this cancer 

type can lead to more effective treatments and improved patient outcomes. Recent advancements in medical imaging 

and computer vision offer promising avenues for early detection using non-invasive methods. Specifically, image 

segmentation and feature extraction techniques have been recognized as crucial steps in the computer-aided diagnosis 

of various diseases, including cancer. 

While several algorithms and techniques exist for image segmentation and feature extraction, choosing the right 

combination that delivers optimal performance for specific datasets remains challenging. For instance, while the 

Canny edge detection method is renowned for its capability to detect a wide range of edges in images, its effectiveness 

in segmenting lip images for cancer detection has not been extensively studied. Similarly, while Hu moments are 

powerful shape descriptors, their efficiency in capturing the nuances of lip cancer images needs thorough evaluation. 

The primary aim of this research is to evaluate the effectiveness of the RandomForest algorithm in classifying the 

CancerLips dataset. This entails segmenting the image using the Canny method, extracting features using Hu 
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moments, and subsequently applying the RandomForest classification algorithm[1][2]. By doing so, we aim to 

ascertain the suitability of this approach for lip cancer diagnosis. 

The central research question guiding this study is: How effective is the RandomForest algorithm, following image 

segmentation with the Canny method and feature extraction using Hu moments, in classifying the CancerLips dataset? 

We hypothesize that the combination of these methods will offer a robust and efficient classification mechanism, 

potentially beneficial for early lip cancer detection. 

This study focuses solely on the CancerLips dataset, and the findings might not be generalizable to other datasets 

or cancer types. Additionally, while the research evaluates the combined efficacy of the Canny method, Hu moments, 

and the RandomForest algorithm, it does not delve into comparisons with other algorithms or feature extraction 

techniques. The choice of Hu moments was based on its widespread use and recognition, but other descriptors might 

offer different results. 

Through this research, we provide insights into the effectiveness of a specific combination of methods for lip 

cancer image classification. The findings can serve as a foundation for further studies in this domain, potentially 

paving the way for the development of more advanced and efficient diagnostic tools. Moreover, by highlighting the 

strengths and limitations of the approach, we aim to inform future research directions and inspire innovations in early 

cancer detection techniques. 

2. Method 

 

Figure 1: Research Design for Lip Cancer Classification 

As illustrated in Figure 1, which depicts the research design, this study adopted a quantitative approach, utilizing 

a structured methodology to evaluate the effectiveness of image processing techniques combined with machine 
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learning for lip cancer classification. The investigation was structured in consecutive stages: image segmentation, 

feature extraction, and classification using the RandomForest algorithm [3][4]. The dataset, referred to as the 

CancerLips dataset, comprised 131 samples, each described by seven features and a target label. These features 

represent the Hu moments extracted from lip images, while the target label indicates the presence or absence of lip 

cancer. 

The dataset was preprocessed, meaning the raw lip images underwent segmentation using the Canny edge detection 

method [5][6]. The Canny edge detector works by detecting areas of the image with rapid intensity changes, which 

correspond to edges. The formula for the Canny method is: 

𝐺 =  √𝐺𝑥
2 + 𝐺𝑦

2  (1) 

Where 𝐺𝑥 and 𝐺𝑦 are the gradients in the x and y directions, respectively. The results of the Canny segmentation 

are shown in Figure 2 for the normal class and in Figure 3 for the cancer class. 

 

Figure 2: Canny Segmentation Result for Normal Class. 

 

 

Figure 3: Canny Segmentation Result for Cancer Class. 
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Following segmentation, the Hu moments, which are moment invariants and serve as shape descriptors, were 

extracted from the segmented images [7][8]. The Hu Moments can be represented by a series of equations, as shown 

in Equation 2. 

𝜙_1 =  𝜂_{20}  +  𝜂_{02}  

𝜙_2 =  (𝜂_{20}  −  𝜂_{02})^2 +  4𝜂_{11}^2  

𝜙_3 =  (𝜂_{30}  −  3𝜂_{12})^2 + (3𝜂_{21}  −  𝜂_{03})^2  

𝜙_4  =  (𝜂_{30}  +  𝜂_{12})^2 + (𝜂_{21}  +  𝜂_{03})^2  

𝜙_5  =  (𝜂_{30}  −  3𝜂_{12})(𝜂_{30}  +  𝜂_{12})[(𝜂_{30}  +  𝜂_{12})^2 −  3(𝜂_{21}  

+  𝜂_{03})^2]   +  (3𝜂_{21}  −  𝜂_{03})(𝜂_{21}  +  𝜂_{03})[3(𝜂_{30}  

+  𝜂_{12})^2 −  (𝜂_{21}  +  𝜂_{03})^2]  

𝜙_6  =  (𝜂_{20}  −  𝜂_{02})[(𝜂_{30}  +  𝜂_{12})^2 − (𝜂_{21}  +  𝜂_{03})^2]  

+  4𝜂_{11}(𝜂_{30}  +  𝜂_{12})(𝜂_{21}  +  𝜂_{03})  

𝜙_7  =  (3𝜂_{21}  −  𝜂_{03})(𝜂_{30}  +  𝜂_{12})[(𝜂_{30}  +  𝜂_{12})^2 −  3(𝜂_{21}  

+  𝜂_{03})^2]  +  (𝜂_{30}  −  3𝜂_{12})(𝜂_{21}  +  𝜂_{03})[3(𝜂_{30}  

+  𝜂_{12})^2 −  (𝜂_{21}  +  𝜂_{03})^2] 

(2) 

Where 𝜂 represents the normalized central moments. For a visual representation of the extracted features, Figure 

4 showcases a scatter plot visualization of the Hu Moments derived from the brain images. 

 

Figure 4: Scatter Plot Visualization of Extracted Hu Moments Features 

Upon obtaining the dataset with Hu moments as features, we applied the RandomForest classifier[9]. 

RandomForest operates by constructing multiple decision trees during training and outputs the mode of the classes 

for classification [10]. The decision to use RandomForest was based on its capability to handle high-dimensional 

data and its robustness against overfitting. 
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For validation purposes, a 5-fold cross-validation was applied, dividing the dataset into five subsets. In each 

iteration, four subsets were used for training, and the remaining subset was used for validation [11][12]. This ensured 

that every sample in the dataset was used for both training and validation[13][14]. 

Performance metrics, including accuracy, precision, recall, and F-measure, were employed to evaluate the model's 

efficiency [15][16]. The F-measure, for instance, is given by: 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

𝐹1 = 2 ×
Precision × Recall

Precision + Recall
 

(3) 

 

3. Result and Discussion 

The CancerLips dataset underwent a structured analysis using the RandomForest algorithm combined with a 5-

fold cross-validation approach. The primary goal was to evaluate the effectiveness of the chosen classification method 

on the dataset, and the results were measured across multiple performance metrics: Accuracy, Precision, Recall, and 

F-Measure [17][18]. 

Visualization of the results  

The performance metrics for each fold of the cross-validation, as well as their average, offer insights into the 

robustness and consistency of the Random Forest algorithm applied to the Cancer Lips dataset. These metrics, as 

tabulated in Table 1 below, serve as a testament to the potential and challenges of employing machine learning 

techniques in medical image classification. To provide a more intuitive understanding and facilitate easier 

comparisons, these results are also visually represented in the form of a bar graph in Figure 5. This graphical 

representation aids in quickly identifying the folds with the highest and lowest performance, offering a clear 

perspective on the algorithm's strengths and areas for improvement. 

Table 1: Performance Metrics for Each Fold of Cross-Validation 

K-n 
Performa 

Akurasi Presisi Recall F-Measure 

K-1 66.6% 63% 66.6% 62.2% 

K-2 73% 71.6% 73% 68.5% 

K-3 73% 80.9% 73% 66.8% 

K-4 76.9% 82.9% 76.9% 72.8% 

K-5 65.3% 60.8% 65.3% 57.3% 

∑ 𝑨𝒗𝒈 70.96% 71.84% 70.96% 65.52% 
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Figure 5: Bar Graph Representation of RandomForest Performance Metrics 

From the table, it's evident that the RandomForest algorithm's performance varied across different folds. The 

highest accuracy achieved was during the fourth fold (K-4) at 76.9%, while the lowest was in the fifth fold (K-5) at 

65.3%. The average accuracy across all folds was 70.96%. The RandomForest algorithm showcased a relatively 

consistent performance across different folds, with minor deviations. The precision metric peaked at 82.9% during the 

fourth fold, indicating the model's strong capability to correctly classify positive cases [19][20]. 

Discussion 

The variations in performance across different folds suggest that the dataset may have inherent complexities or 

that certain data partitions were more challenging for the model to classify. While the average accuracy was about 

70.96%, there's a noticeable difference in performance metrics across folds, indicating areas for improvement. While 

the current research focused on the CancerLips dataset, previous studies on medical image classification have also 

highlighted the challenges posed by the nuances of medical images. The results are in line with the general consensus 

that while machine learning offers promising results, the choice of preprocessing methods and features play a 

significant role in the outcome. 

The findings underscore the potential of using machine learning algorithms, specifically RandomForest, in 

assisting with early lip cancer detection. However, it also emphasizes the need for careful data preprocessing and 

feature selection. The study was confined to the CancerLips dataset, limiting its generalizability. Additionally, while 

the research evaluated the combined efficacy of the Canny method, Hu moments, and the RandomForest algorithm, it 

did not compare the results with other algorithms or feature extraction techniques. 

Recommendations for further research  

Future research could delve deeper into optimizing the RandomForest parameters or explore other machine 

learning algorithms. Comparing the results with other datasets or considering other feature extraction techniques could 

also provide a more comprehensive understanding of the model's capabilities. 
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4. Conclusion 

In our examination of the CancerLips dataset using the RandomForest algorithm, we observed an average accuracy 

of approximately 70.96%, with minor performance variations across different folds of the 5-fold cross-validation. This 

reinforces our initial hypothesis that the combination of the Canny segmentation method, Hu moments for feature 

extraction, and the RandomForest classifier would offer a robust mechanism for lip cancer classification. The research 

contributes to the growing body of literature that explores machine learning techniques in medical image classification, 

highlighting the importance of preprocessing methods and feature selection in achieving optimal results. 

For future endeavors, it is recommended to delve deeper into the parameter optimization of the RandomForest 

algorithm or consider other machine learning models. Further comparative studies with other datasets or exploring 

alternative feature extraction techniques could pave the way for more comprehensive diagnostic tools, enhancing early 

detection and treatment of lip cancer. 
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