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	Accurate nucleus segmentation is vital for automated cervical cancer diagnosis, yet it remains challenging due to overlapping cells and uneven lighting. This study evaluates Polynomial Contrast Enhancement (PCE) using a second-degree polynomial function to improve segmentation on 100 images from the RepomedUNM dataset. The pipeline integrates grayscale conversion, Gaussian blur, and PCE prior to Canny edge detection. Results demonstrate near-perfect Precision (0.9999–1.0000) across all categories (Normal, H-SIL, L-SIL, and Koilocyt), effectively eliminating false positives. However, Recall and Accuracy remained low (max 0.0634 in H-SIL), a technical consequence of Canny’s limitation in capturing thin boundaries versus solid nuclear areas. The study’s novelty lies in the application of second-degree PCE to stabilize intensity variations across multiple diagnostic categories. While PCE ensures exceptional localization precision, future systems should integrate deep learning to enhance recall in complex overlapping structures.
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1. Introduction
Cervical cancer is one of the leading causes of death among women worldwide , . Early detection through Pap smear analysis plays a crucial role in improving treatment success rates, particularly with the support of automated analysis technology . A critical step in this automated analysis is nucleus  segmentation, which aims to separate the nucleus region from the image background as a foundation for further diagnostic processes. Accurate segmentation  of individual cell nuclei is crucial for obtaining detailed data on morphological characteristics .
However, the quality of Pap smear images often poses challenges, especially in cases involving two overlapping cells.  
Pap smear images with overlapping cells present additional segmentation challenges , such as difficulties in detecting the boundaries between two nuclei. These challenges are exacerbated by noise, uneven lighting distribution, and variations in color intensity across image categories. Addressing these issues requires an image enhancement approach that can clarify nucleus details without compromising essential information contained within the images.  
Polynomial Contrast Enhancement (PCE) is an image processing technique designed to improve visual quality by manipulating pixel intensity using a polynomial function . PCE offers greater flexibility compared to linear methods in addressing uneven intensity distributions, commonly observed in Pap smear images. By utilizing polynomial functions, PCE enhances the contrast between nuclei and the background, which is particularly important for images with overlapping cells .  
In this study, preprocessing techniques such as grayscale, Gaussian blur, and thresholding were applied to reduce noise  and equalize intensity distribution before enhancing the images with PCE. Following this, edge detection was performed using the Canny method to separate the boundaries of nuclei in images with overlapping cells. Segmentation evaluation was conducted across four categories of Pap smear images: Normal, H-SIL, L-SIL, and Koilocyt, using precision, recall, and accuracy metrics.  
Previous studies have highlighted that overlapping cell structures and non-uniform illumination are the primary obstacles in cervical cell segmentation. Standard enhancement techniques often fail to maintain the integrity of nucleus boundaries in these conditions. To address this, the Polynomial Contrast Enhancement (PCE) method is employed, as it has been shown to effectively optimize preprocessing for edge detection in overlapping Pap smear cells by providing flexible non-linear intensity mapping . This study builds upon that foundation by evaluating its impact across four specific diagnostic categories (Normal, H-SIL, L-SIL, and Koilocyt) to determine its consistency in automated diagnostic pipelines.
2. Research Method
This study aims to evaluate the performance of Pap smear nucleus image segmentation using the Canny edge detection algorithm on enhanced images. The results from four categories of RGB images with additional polynomial enhancement are compared. The research methodology is illustrated in the Figure 1.
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Figure 1. Research method
This research methodology consists of several stages, starting with dataset preparation, applying polynomial enhancement, image preprocessing, segmentation using the Canny algorithm , and performance evaluation using key metrics: precision, recall, and accuracy . Once the performance is obtained, the comparison results are concluded.
2.1. Dataset
The dataset used in this study was obtained from RepomedUNM   and consists of 100 RGB Pap smear images with two cells, categorized into four groups: normal cells (25 images), H-SIL cells (25 images), L-SIL cells (25 images), and Koilocyt cells (25 images), such as the more detailed example image in Figure 2.
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Figure 2. Example dataset RGB
2.1.1. Normal Cells
Most of the cells found during Pap smear examinations are normal cells. These cells typically exhibit flattened shapes with round, oval, or polygonal cytoplasm as their main characteristic .
2.1.2. H-SIL Cells
Refers to cells with mild to moderate abnormal changes, usually caused by a transient HPV infection. Their distinctive features include the presence of perinuclear halos or koilocytes.
2.1.3. L-SIL Cells
Refers to cells with mild to moderate abnormal changes, often due to transient HPV infection. Key characteristics include perinuclear halos or the presence of koilocytes.
2.1.4. Koilocytotic Cells
Typically found in mature squamous cells (intermediate and superficial) and sometimes associated with metaplastic cells. Koilocytes often exhibit traits such as cyanophilic staining, large perinuclear vacuoles, dense cytoplasmic edges, and nuclei that are enlarged, eccentric, hyperchromatic, and irregular in nuclear membrane contour. In some cases, koilocytes may have binucleation or multinucleation. Koilocytes are a hallmark indicator of HPV infection and exhibit varying degrees of degeneration depending on the type of virus involved.
2.2. [bookmark: _Hlk184250721]Enhancement Polynomial
The polynomial transformation is employed to enhance the visual quality of images . This technique applies a second-degree polynomial function to the intensity histogram of the image to improve contrast and lighting distribution. The resulting transformation is expected to make the nuclear boundary features more visible, thereby facilitating the segmentation process. The Polynomial Contrast Enhancement [11] (PCE) technique is specifically utilized to enhance image contrast by transforming the RGB image to a polynomial representation. The process is executed using the following code:
	Algorithm 1: Polynomial Pseudocode

	import os
import numpy as np
import matplotlib.pyplot as plt
from PIL import Image

# Path folder input and output
input_folder = "/content/data/imagesrgb/"  

# Replace with your image folder
output_folder = "/content/data/results/"  

# Folders to store results

# Make sure the output folder exists
os.makedirs(output_folder, exist_ok=True)

# Define parameters
JumlahKedalaman = 5
JumlahSample = 1
JumlahBaris = JumlahKedalaman * JumlahSample

# count pk
pk = np.array([int((i - 1) / JumlahSample) + 1 for i in range(1, JumlahBaris + 1)])

# Define matrix 'a'
JumlahSuku = 5
a = np.zeros((JumlahBaris, JumlahSuku))

for j in range(JumlahBaris):
    for i in range(JumlahSuku):
        a[j, i] = pk[j] ** (i)

# Define rb, gb, dan bb
rb = np.array([254.38 / 72.04, 254.38 / 47.80, 254.38 / 78.86, 254.38 / 50.91, 254.38 / 83.37]).reshape(-1, 1)
gb = np.array([226.57 / 126.51, 226.57 / 240.39, 226.57 / 242.81, 226.57 / 130.90, 226.57 / 200.73]).reshape(-1, 1)
bb = np.array([199.08 / 116.79, 199.08 / 140.64, 199.08 / 143.51, 199.08 / 200.93, 199.08 / 177.94]).reshape(-1, 1)

# Transpose matrix 'a'
a1 = a.T

# count rx, gx, bx using invers method
rx = np.linalg.inv(a1 @ a) @ a1 @ rb
gx = np.linalg.inv(a1 @ a) @ a1 @ gb
bx = np.linalg.inv(a1 @ a) @ a1 @ bb

# create x and ca
x = np.arange(0, 5.1, 0.1).reshape(-1, 1)
ca = np.hstack([x ** i for i in range(JumlahSuku)])

# Process each image in the input folder
for filename in os.listdir(input_folder):
    input_image_path = os.path.join(input_folder, filename)
    output_image_path = os.path.join(output_folder, f"processed_{filename}")

    # read images
    try: g = np.array(Image.open(input_image_path).convert("RGB"), dtype=np.float64) / 255.0
    except Exception as e:
        print(f"Gagal membaca {filename}. Error: {e}")
        continue

    # Transformation PE
    d = 4.5
    w = np.copy(g)
    w[:, :, 0] *= np.dot([d ** i for i in range(JumlahSuku)], rx).item()
    w[:, :, 1] *= np.dot([d ** i for i in range(JumlahSuku)], gx).item()
    w[:, :, 2] *= np.dot([d ** i for i in range(JumlahSuku)], bx).item()

    # Normalization of results
    w = np.clip(w, 0, 1)

    # Save result
    result_image = (w * 255).astype(np.uint8)
    result_image = Image.fromarray(result_image)
    result_image.save(output_image_path)

    print(f"Berhasil memproses {filename}, hasil disimpan di {output_image_path}")

# Displays one of the results for verification
sample_image_path= os.path.join(output_folder, os.listdir(output_folder)[0])
sample_image = Image.open(sample_image_path)

plt.figure(figsize=(6, 6))
plt.imshow(sample_image)
plt.title("Contoh Hasil Pemrosesan")
plt.axis("off")
plt.show()


Algorithm 1. Polynomial Pseudocode
2.3. Preprocessing Data
Before applying the Canny edge detection algorithm, all images undergo a series of integrated preprocessing steps. The process begins with grayscale conversion, where RGB images are transformed to simplify color information and focus the analysis on light intensity [16]. Subsequently, a Gaussian blur filter is applied to the grayscale images to reduce noise, ensuring more stable and reliable edge detection results. Finally, the process involves a thresholding stage, a segmentation method that effectively separates objects from the background by converting the grayscale image into a binary format based on a predefined threshold value.
	Algorithm 2: Preprosessing Pseudocode

	# Path folder images
input_folder = "data/imageskoiloyt/"
output_folder = "data/edges/"

# Make sure the output folder exists
os.makedirs(output_folder, exist_ok=True)

# Loop file all
for filename in os.listdir(input_folder):
    # Path lengkap file
    input_path = os.path.join(input_folder, filename)
    output_path = os.path.join(output_folder, "edges_" + filename)

    # Read Citra
    image = cv2.imread(input_path)
    if image is None:
        print(f"Gagal membaca {filename}, melewatkan file ini.")
        continue

    # Conversion to grayscale
    gray=cv2.cvtColor(image,cv2.COLOR_BGR2GRAY)

    # Gaussian blur 
   blurred = cv2.GaussianBlur(gray, (5, 5), 0)

    # Thresholding sebelum deteksi tepi
thresholded = cv2.threshold(blurred, 127, 255, cv2.THRESH_BINARY)


Algorithm 2. Preprosessing Pseudocode
2.4. Edge Detection with Canny Algorithm
After preprocessing, the Canny edge detection algorithm  ,  is applied to detect the nucleus boundaries. This algorithm works by searching for intensity gradients in the image to identify clear edges. The threshold sensitivity parameters in the algorithm are adjusted to suit the visual characteristics of the dataset used. 
Edge detection is performed using the Canny method  with a lower threshold of 50 and an upper threshold of 150. These specific parameters were selected to suit the visual characteristics of the Pap smear dataset and ensure optimal boundary detection.
	Algorithm 3: Edge Detection Pseudocode

	# Edge detection with Canny
    edges = cv2.Canny(blurred, 50, 150)
 # Save
    cv2.imwrite(output_path, edges)
    print(f"Deteksi tepi selesai untuk {filename}, hasil disimpan di {output_path}.")


Algorithm 3. Edge Detection Pseudocode
2.5. Performance Evaluation
The image segmentation results of the Canny algorithm are evaluated using three main metrics, namely precision, recall and accuracy .
The segmentation results are evaluated using precision, recall and accuracy metrics , . Below is the formula used to calculate the performance metrics:
Precision measures the proportion of positive predictions that are truly positive . The mathematical formula is:
			            (1)
TP (True Positives): Correct positive predictions.
FP (False Positives): Incorrect positive predictions.
Recall is used to measure the model's ability to detect all existing positive samples using the formula :
 				            (2)
TP (True Positives): Correct positive prediction. 
FN (False Negatives): Incorrect negative prediction.
Accuracy measures the proportion of correct predictions (both positive and negative) to the total sample . The formula is:
	 		           (3)
TN (True Negatives): Correct negative predictions.
FP (False Positives): Incorrect positive predictions.
FN (False Negatives): Incorrect negative predictions.

3. 	Result and Discussion
3.1. Enhancement Polynomial
The following is a comparison of the results from RGB images to Polynomial enhancement, with image representation in each category.
The original dataset in RGB format is presented in Figure 3, which shows four categories, namely Normal, H-SIL, L-SIL, and Koilocyt. These images still contain variations in contrast and illumination that may affect further processing.
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Figure 3. Dataset RGB
After applying the Polynomial enhancement method, the results are shown in Figure 4. It can be observed that the image quality is improved, particularly in terms of contrast and feature visibility, making important structures more distinguishable compared to the original RGB images.
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Figure 4. Dataset Enhancement Polynomial
3.2. Canny Edge Detection
The following are the segmentation results using the Canny edge detection method.
The Polynomial-enhanced images used as input for edge detection are shown in Figure 5. These images serve as the basis for extracting edge information due to their improved clarity.
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Figure 5. Polynomial Images
The resulting edge-detected images are presented in Figure 6. It can be seen that the Canny method successfully identifies the boundaries of important structures in each category, highlighting the edges more clearly and supporting further analysis.
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Figure 6. Result Edges Images
3.3. Segmentation Performance Evaluation Results
The evaluation was conducted using three main metrics: precision, recall, and accuracy. The average results for the four categories of images (Normal, H-SIL, L-SIL, and Koilocyt) are presented in Table 1.
Table 1. Average Precision, Recall, and Accuracy
	Kategori
	Precision
	Recall
	Accuracy

	Normal
	1
	0.0049
	0.0049

	H-SIL
	0.9999
	0.0634
	0.0634

	L-SIL
	1
	0.0496
	0.0496

	Koilocyt
	1
	0.0496
	0.0496


The precision across all categories demonstrates perfect (1.0000) or near-perfect (0.9999) values. However, recall and accuracy values are significantly lower, ranging from 0.0049 to 0.0634. The low accuracy, which aligns closely with the recall values, is a direct consequence of the pixel-wise evaluation between thin-edge detections and solid-filled ground truth masks. Since the Canny algorithm identifies only the single-pixel boundaries of the nucleus, a vast majority of the inner nuclear pixels are classified as False Negatives. This results in an accuracy score that reflects the limited coverage of the detected edges rather than the overall system reliability. Nevertheless, the perfect precision confirms that every edge detected by the PCE-Canny pipeline is correctly positioned within the true nuclear boundary, effectively eliminating false positives across all cell categories.
3.4. Discussion
The following is a discussion of the results of the segmentation evaluation:
3.4.1. Effectiveness of PCE in Increasing Contrast
PCE has been proven effective in improving the visual quality of images by producing perfect precision in all categories. This technique can clarify the correct nucleus pixels, especially in images with low contrast. However, the low recall value indicates that most of the nucleus pixels are not detected, especially in the Normal category. This can be caused by the uniform lighting distribution and the less contrasty details of the nucleus, making it difficult for the Canny algorithm to detect the nucleus edge accurately.
3.4.2. Challenges in the Stacked Image Category
In the L-SIL and Koilocyt categories, although the precision remains perfect, the low recall (0.0496) indicates that overlap between nuclei and variations in color intensity are the main obstacles. This situation complicates the segmentation process even though PCE has increased the image contrast.
3.4.3. Advantages in the H-SIL Category
The H-SIL category has the highest recall (0.0634) compared to other categories. This shows that PCE is successful in increasing the visibility of the nucleus boundary, even in more complex nucleus structures. This shows the potential of PCE technique to improve segmentation performance on images with more prominent nucleus features.
The results show that the PCE technique is able to consistently increase precision, but has limitations in detecting the entire nucleus area (low recall). The near-perfect precision indicates that the pixels identified by the PCE-Canny pipeline are almost certainly true nuclear pixels, effectively eliminating false positives. The low recall is a technical consequence of using an edge-based detector (Canny) which extracts thin boundaries, compared to the solid-filled areas of the ground truth masks. Consequently, while the boundaries are accurately localized, the pixel-wise overlap remains minimal. For the implementation of reliable automatic cervical cancer diagnosis, additional approaches are needed, such as machine learning-based segmentation algorithms or improved preprocessing methods, to handle the complexity of stacked images and intensity variations.
The main limitation in this study is the low recall in the Normal, L-SIL, and Koilocyt categories, which can reduce the effectiveness of segmentation in automatic analysis. Further development can be focused on:
1. Use of adaptive methods for lighting preprocessing.
2. Integration of deep learning-based segmentation algorithms to improve detection in stacked images.
3. Evaluation on larger and more diverse datasets for further validation.
With this approach, the PCE technique is expected to be more optimal in supporting automatic diagnosis technology through Pap smear analysis.
4.	Conclusion
This research highlights the significant potential of Polynomial Contrast Enhancement (PCE) as a robust preprocessing tool for cervical cell analysis. The primary contribution of this work lies in the achievement of near-perfect precision across all diagnostic categories, demonstrating that PCE effectively eliminates false positives—a critical factor in reducing misdiagnosis in automated screening systems. While the technical nature of edge-based detection leads to low pixel-wise recall and accuracy, the study provides a vital proof-of-concept: PCE can successfully preserve and enhance nuclear boundaries even within the complexities of overlapping cells and non-uniform illumination. These findings offer a scalable foundation for future automated diagnostic pipelines. To advance this work, integrating PCE with region-based deep learning architectures is proposed to combine high-precision edge localization with comprehensive area segmentation, ultimately supporting more reliable early cervical cancer detection.
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