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Abstract: Breast cancer is one of the most frequently diagnosed cancers among women 
worldwide. Early detection through mammogram analysis is important, but manual 
interpretation can be challenging because of low image contrast and variability in 
radiological assessment. This study evaluates the implementation of Convolutional 
Autoencoder (CAE) and U-Net architectures for mammogram image analysis and integrates 
both models into a Streamlit-based web application. The CBIS-DDSM dataset was used, 
comprising 723 training images and 181 testing images. The research stages included 
preprocessing, model training, evaluation, result analysis, and web application 
implementation. The U-Net model achieved a Dice Score of 0.4186, an Intersection over 
Union (IoU) of 0.2647, a precision of 0.5254, a recall of 0.3479, an F1-score of 0.4186, and 
an accuracy of 0.8955. Meanwhile, the CAE model employed a reconstruction-error 
threshold for anomaly detection, producing a mean anomaly score of 1.4779% and 
identifying 31 anomalous images among the 181 test images, using a reported threshold of 
1.7578%. These findings indicate that U-Net is suitable for supervised lesion segmentation 
and localization, whereas CAE provides an annotation-independent approach to 
reconstruction-based anomaly analysis. However, further evaluation is required to establish 
the reliability of anomaly detection and the clinical applicability of both models. 
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INTRODUCTION 

Cancer is a disease characterized by the abnormal and uncontrolled proliferation of body cells. 
Genetic mutations disrupt the regulatory mechanisms of the cell cycle, impairing the natural process 
of programmed cell death, or apoptosis(What Is cancer, n.d.). These malignant cells have the potential 
to invade adjacent tissues and spread to distant organs through metastasis. Globally and within 
Indonesia, cancer has emerged as a critical public health concern. It ranks as the second leading cause 
of death worldwide, with breast cancer incidence showing a marked increase, particularly among 
women (Asmalinda et al., 2022).  

Cancer may develop in various anatomical sites, including the lungs, breasts, and blood, with 
multifactorial etiologies encompassing genetic predisposition, environmental exposures, and lifestyle 
factors. Uncontrolled cellular growth often results in the formation of a mass known as a tumor 
(Saravana, 2023). Among these, breast tissue represents one of the most common sites for tumor 
development. According to GLOBOCAN 2022 data, breast cancer accounts for the second highest 
number of new cancer cases globally, totaling 2,296,840 cases. It is also the most frequently diagnosed 
cancer in women, representing 23.8% of all cases (Nursoleha & Utami, 2025). Although predominantly 
affecting women, the disease can also occur in men. Projections indicate that global mortality from 
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breast cancer will continue to rise, increasing from 666,000 deaths in 2022 to an estimated 715,000 
by 2025 (Arnold et al., 2022).  

These alarming mortality projections underscore the critical need for improved understanding of 
cellular growth mechanisms to support early detection and the development of more effective 
therapeutic strategies (Bhat et al., 2024). One of the most impactful approaches to reducing breast 
cancer mortality is early detection through mammography screening. Common methods employed for 
early detection include breast self-examination (SADARI), clinical breast examination (SADANIS), and 
mammography (Nomiko et al., 2025).  

Breast cancer remains one of the leading causes of cancer-related mortality among women 
worldwide. Early detection through mammography screening has been proven to significantly improve 
patient prognosis and survival rates. However, manual interpretation of mammograms by radiologists 
presents substantial challenges, including subjective variability, visual fatigue, and the high visual 
complexity of dense breast tissue, which often obscures subtle tumor masses or small 
microcalcifications (Brown et al., 2023). 

To overcome the limitations of human visual diagnosis, prior studies have increasingly adopted 
deep learning techniques, particularly supervised learning architectures such as U-Net. U-Net has 
demonstrated remarkable performance in semantic lesion segmentation due to its encoder-decoder 
structure equipped with skip connections that preserve high-level spatial details. Nevertheless, 
supervised models depend entirely on the availability of precise pixel-level annotations made manually 
by medical experts—a process that is exceptionally time-consuming, costly, and prone to inter-
annotator bias (Chatzara et al., 2025). 

On the other hand, unsupervised learning approaches using Convolutional Autoencoders (CAE) 
have emerged as an efficient alternative. CAEs are trained exclusively on normal mammogram images 
to learn the spatial reconstruction of healthy tissue without requiring annotated lesion masks. When 
abnormal images are processed, the model produces a high reconstruction error or anomaly score in 
the lesion areas(Mienye & Swart, 2025). However, the fundamental limitation of CAEs lies in their 
inability to localize exact lesion boundaries with the high spatial precision offered by supervised 
segmentation models. 

A fundamental research gap exists because existing literature predominantly evaluates U-Net 
and CAE in isolation, lacking a systematic comparative analysis of the trade-off between supervised 
localization accuracy and unsupervised annotation efficiency on the exact same dataset(Penedo et al., 
2026). No comprehensive study has explicitly evaluated the performance boundary between 
supervised segmentation masks and unsupervised reconstruction error scores on the CBIS-DDSM 
mammography dataset. Comparing U-Net and CAE is scientifically justified as they represent two 
contrasting yet complementary paradigms in medical image analysis. This comparison is critical for 
evaluating ground-truth annotation dependency, output evaluation mechanisms (pixel-level precision 
vs error ratio), and data availability constraints in real-world clinical scenarios (Guo et al., 2026). 

The novelty of this study lies in the establishment of a dual-paradigm evaluation framework that 
directly integrates supervised pixel localization metrics (U-Net Dice and IoU) with unsupervised 
reconstruction error thresholding metrics (CAE MSE and Anomaly Score) on the CBIS-DDSM dataset. 
Furthermore, this research formulates a standard deviation thresholding mechanism for pixel-wise 
reconstruction errors in CAE to convert continuous reconstruction maps into quantitative anomaly 
detections comparable to supervised segmentation, while integrating these findings into an interactive 
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Streamlit-based web application. The expected scientific contribution is to provide a comprehensive 
guiding benchmark on when AI-assisted diagnostic systems should leverage supervised U-Net models 
for precise lesion boundaries versus when unsupervised CAE models are more optimal for large-scale 
initial screening without annotated data dependencies (Lepcha et al., 2025). 

Based on this background, this research is formulated to evaluate the performance of U-Net in 
semantic lesion segmentation using Dice Score, IoU, Precision, Recall, and Accuracy, to evaluate the 
performance of CAE in anomaly detection based on MSE reconstruction errors and Anomaly Score 
percentages, and to perform a cross-paradigm comparative analysis to balance the trade-off between 
localization precision and annotation efficiency. The primary objectives encompass the 
implementation and testing of U-Net and CAE architectures on the CBIS-DDSM dataset, the analysis 
of their technical performance trade-offs to inform clinical deployment, and the development of an 
interactive Streamlit application (Parra-Cabrera et al., 2026). 

Academically, this study contributes to the scientific literature by providing a cross-paradigm 
comparative analysis of supervised versus unsupervised deep learning in medical mammography 
processing. Practically, the outcomes yield a prototype for an interactive web-based Clinical Decision 
Support System that can assist radiologists in streamlining initial screening and lesion analysis in 
healthcare settings. 

To address the limitations of manual mammographic interpretation, artificial intelligence 
approaches particularly deep learning have gained increasing adoption in medical image analysis. One 
widely applied technique is the Convolutional Autoencoder (CAE), which learns image feature 
representations through encoding and decoding processes (Mienye & Swart, 2025). This architecture 
has proven effective for feature extraction and dimensionality reduction in complex image data. 
However, conventional autoencoder models exhibit limitations in preserving fine spatial details during 
the reconstruction process, particularly for small lesions or regions with indistinct boundaries. These 
limitations may affect the model's ability to accurately reconstruct abnormal areas, making the 
reconstruction error an important indicator for identifying potential anomalies in mammogram images 
(Swiecicki et al., 2021). Therefore, further analysis using different deep learning architectures is 
required to better understand their capabilities in mammogram image analysis (Luo et al., 2025).  

A more suitable approach for enhancing segmentation performance in medical images involves 
the use of deep learning architectures specifically engineered to capture spatial structures. In medical 
image segmentation, the U-Net architecture has become one of the most extensively utilized models 
due to its encoder–decoder design combined with skip connections that link corresponding layers 
between the encoder and decoder (Azad et al., 2024). This design enables the model to retain 
important image details throughout the network, resulting in more precise segmentation outputs.  

RESEARCH METHOD 

The research methodology applied in this study is systematically designed to evaluate the 
performance of two primary Deep Learning architectures, namely U-Net and Convolutional 
Autoencoder (CAE), in analyzing mammogram images. The methodological workflow encompasses the 
stages of data acquisition, preprocessing, model training, evaluation using pixel-based quantitative 
metrics, and final system integration into a Streamlit-based interactive web application (Añez et al., 
2025). 
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Dataset and Preprocessing Workflow 

This study utilizes the comprehensive secondary dataset, the Curated Breast Imaging Subset of 
DDSM (CBIS-DDSM). The total dataset is partitioned into two main cohorts: 723 mammogram images 
for training data and 181 mammogram images for testing data. Each mammogram image within this 
dataset is accompanied by a binary segmentation mask that serves as the absolute ground truth. Prior 
to feeding the images into the neural networks, all samples undergo standardized preprocessing steps, 
which include image resizing to a uniform resolution, normalization of pixel intensity values to an 
optimal contrast range, and local contrast enhancement to clarify subtle microcalcifications or tumor 
mass structures. 

Quantitative Evaluation Formulas for the U-Net Model 

The U-Net architecture is specifically implemented to perform the task of supervised semantic 
segmentation of breast lesions (Li et al., 2021). The pixel-level segmentation performance is evaluated 
by directly comparing the predicted image matrix (Y) against the reference ground truth mask (X). The 
quantitative evaluation is built upon pixel-level classification components, namely True Positive (TP), 
False Positive (FP), False Negative (FN), and True Negative (TN). The formal mathematical formulas 
used are delineated below: 

1. Dice Score / F1-Score 
The Dice Score is employed to measure the degree of proximity, similarity, or spatial overlap 

ratio between the model-predicted lesion region and the actual region on the reference image. 
The mathematical formula is defined as: 

𝐷𝑖𝑐𝑒 =  &𝑓𝑟𝑎𝑐22; |𝑋 ∩  𝑌| / (|𝑋|  + |𝑌|)  =  (2 ×  𝑇𝑃) / ((2 ×  𝑇𝑃)  +  𝐹𝑃 +  𝐹𝑁)                (1) 

2. Intersection over Union (IoU) / Jaccard Index 
The IoU computes the ratio of the intersection area to the union area (total extent) between 

the prediction and the ground truth. This metric offers a rigorous linear assessment of the outer 
boundary matching of the segmented lesion object: 

𝐼𝑜𝑈 =  |𝑋 ∩  𝑌| / |𝑋 ∪  𝑌|  =  𝑇𝑃 / (𝑇𝑃 +  𝐹𝑃 +  𝐹𝑁)                    (2) 
3. Precision 

Precision measures the accuracy or reliability of the model's positive predictions, 
representing the ratio of correctly predicted lesion pixels to the total pixels claimed as a lesion by 
the model (including false positive errors): 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  𝑇𝑃 / (𝑇𝑃 +  𝐹𝑃)                    (3) 
4. Recall / Sensitivity 

Recall, or sensitivity, assesses the model's capacity to detect and recover all lesion pixels that 
should ideally be found from the reference image, thereby minimizing the chance of missing 
critical malignant lesions (false negatives): 

𝑅𝑒𝑐𝑎𝑙𝑙 =  𝑇𝑃 / (𝑇𝑃 +  𝐹𝑁)                       (4) 
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5. Accuracy 
Accuracy provides a global overview of the binary pixel classification across the entire 

mammogram matrix area, evaluating both true lesion pixel discoveries (TP) and correct 
background/normal tissue identifications (TN): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  (𝑇𝑃 +  𝑇𝑁) / (𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁)       (5) 

Quantitative Evaluation Formulas for the Convolutional Autoencoder (CAE) 

Unlike U-Net, the Convolutional Autoencoder (CAE) is trained in an unsupervised manner to 
comprehend the spatial compression and reconstruction characteristics of normal breast tissue 
structures(Zadeh et al., 2020). The evaluation of abnormality determination is derived from the 
magnitude of the error generated when the model attempts to reconstruct the tested image. 

1. Reconstruction Error 
MSE is utilized to calculate the average squared difference between the original input image 

pixel grayscale levels (xi) and the reconstructed output image pixels (x̂i), where n represents the 
total number of pixels in the image: 

𝑀𝑆𝐸 =  (1 / 𝑛)  × ∑𝑛 (𝑥 −  𝑥 𝑖)²𝑖 = 1       (6) 
2. Anomaly Score (%) 

The indicator determining the severity of an anomaly or the presence of an foreign lesion is 
calculated via the percentage of individual pixels whose reconstruction error exceeds a predefined 
standard deviation tolerance threshold: 

𝐴𝑛𝑜𝑚𝑎𝑙𝑦 𝑆𝑐𝑜𝑟𝑒 =  (𝐶𝑜𝑢𝑛𝑡(𝑀𝑆𝐸  >  𝑇ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑) / 𝑇𝑜𝑡𝑎𝑙 𝑃𝑖𝑥𝑒𝑙𝑠)  ×  100% 𝑝𝑖𝑥𝑒𝑙          (7) 

RESULTS AND DISCUSSION 

The Convolutional Autoencoder (CAE) and U-Net models were trained independently for 50 
epochs. The complete architecture of the CAE model is described in Table 1.  

Table 1. Convolutional Autoencoder Architecture 
Layer Operation Filter Size Number of Filters Output Size 

Input Input Image - - 128 × 128 × 1 

Conv2D_1 
Convolution + 
ReLU 

3 × 3 32 128 × 128 × 32 

MaxPooling_1 Max Pooling 2 × 2 - 64 × 64 × 32 

Conv2D_2 
Convolution + 
ReLU 

3 × 3 64 64 × 64 × 64 

MaxPooling_2 Max Pooling 2 × 2 - 32 × 32 × 64 

Conv2D_3 
Convolution + 
ReLU 

3 × 3 128 32 × 32 × 128 

MaxPooling_3 Max Pooling 2 × 2 - 16 × 16 × 128 
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Layer Operation Filter Size Number of Filters Output Size 

Conv2D_4 
Convolution + 
ReLU 

3 × 3 256 16 × 16 × 256 

UpSampling_1 Upsampling 2 × 2 - 32 × 32 × 256 

Conv2D_5 
Convolution + 
ReLU 

3 × 3 128 32 × 32 × 128 

UpSampling_2 Upsampling 2 × 2 - 64 × 64 × 128 

Conv2D_6 
Convolution + 
ReLU 

3 × 3 64 64 × 64 × 64 

UpSampling_3 Upsampling 2 × 2 - 128 × 128 × 64 

Conv2D_7 
Convolution + 
ReLU 

3 × 3 32 128 × 128 × 32 

Output 
Convolution + 
Sigmoid 

3 × 3 1 128 × 128 × 1 

The evaluation results and a performance comparison between the two models are presented 
below.  

Table 2. Comparison of Evaluation Results 

No Aspect 
Convolutional 
Autoencoder 

U-Net 

1 Dice Score - 0.4186 

2 IoU - 0.2647 

3 Precision - 0.5254 

4 Recall - 0.3479 

5 F1-Score - 0.4186 

6 Accuracy - 0.8955 

7 Mean Anomaly Score 1.4779% - 

8 Threshold 1.7578% - 

9 Detected Images 31/181 - 

CONCLUSION 

This study implemented Convolutional Autoencoder (CAE) and U-Net architectures for 
mammogram image analysis using the CBIS-DDSM dataset and integrated both models into a 
Streamlit-based web application. The U-Net model achieved a Dice Score of 0.4186, an IoU of 0.2647, 
a precision of 0.5254, a recall of 0.3479, an F1-score of 0.4186, and an accuracy of 0.8955, 

https://creativecommons.org/licenses/by-sa/4.0/


RESWARA: Jurnal Riset Ilmu Teknik, 2026, 4(4), pp. 1666-1673 
DOI: https://doi.org/10.70716/reswara.v4i4.750 

E-ISSN: 3025-9444 

 

 

Copyright © 2026, the author(s). This is an open access article under the CC-BY-SA License. 

 
 

1672 

demonstrating its applicability to supervised breast lesion segmentation and localization. Meanwhile, 
the CAE model provided a reconstruction-based approach to anomaly analysis without requiring lesion 
annotations during model training. Using the reported anomaly threshold of 1.7578%, the CAE model 
identified 31 anomalous images among the 181 test images, with a mean anomaly score of 1.4779%. 

The findings suggest that U-Net and CAE serve different purposes in mammogram image 
analysis. U-Net is more directly suited to pixel-level lesion segmentation, whereas CAE offers an 
alternative for reconstruction-based anomaly detection. However, their overall performance cannot 
be directly ranked because they use different evaluation approaches and metrics. 

This study has several limitations. The U-Net model achieved a relatively low Dice Score, 
indicating that lesion segmentation accuracy requires further improvement. The CAE evaluation was 
limited to reconstruction-error-based anomaly scores and threshold-based detection counts, without 
a comprehensive assessment of image-level classification performance using metrics such as 
sensitivity, specificity, and area under the receiver operating characteristic curve (AUC-ROC). In 
addition, the study used a limited dataset partition and did not report external validation on an 
independent dataset or clinical validation involving radiologists. Future research should investigate 
threshold calibration using a clearly defined validation procedure, improve segmentation performance, 
and conduct external and clinical validation before considering practical clinical implementation.  
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