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Abstract. Large-scale datasets and complicated cell architectures provide challenges for traditional
tumor identification approaches, which often rely on human analysis or traditional machine-learning
techniques. This may result in errors and inefficiencies. The inconsistent shape of tumor cells may
be a challenge for these methods, making border detection and classification inconsistent. This
paper suggests an automated tumor detection technique based on convolutional neural networks
(CNNs) to increase tumor cell border detection and classification accuracy and efficiency. Several
experiments were carried out to confirm the suggested strategy's efficacy. This entails developing
and refining the CNN architecture in addition to merging deep learning and data augmentation
methods. According to the findings, the model has performed well in a variety of experimental
settings, especially when it comes to classifying complicated cell samples. Furthermore, the
feasibility of using this model for real-time border detection was explored, indicating its suitability for
use in a medical setting. Subsequent investigations will concentrate on enhancing the capabilities of
models, expanding their range, and tackling problems like disparities in data. This discovery is
significant because it has the potential to transform tumor identification by providing a more accurate,
scalable, and efficient approach that might be used extensively in clinical settings and eventually
lead to better patient outcomes.
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1. Introduction

A patient's chance of survival is greatly increased by early cancer identification. Early cancer
detection frequently allows for intervention before the disease progresses, greatly enhancing the
efficacy of treatment. Nevertheless, the interpretation of medical images by skilled physicians is the
foundation of conventional cancer detection techniques, which are not only arduous and time-
consuming but also subject to human error. Deep learning, and convolutional neural networks in
particular, have demonstrated significant promise in medical image processing in recent years. These
technologies can perform better than human specialists in many picture classification jobs because
they can automatically extract features from images and learn from vast volumes of data. Nevertheless,
even though current automated cancer detection techniques have somewhat increased detection
efficiency, they still have issues with data [1].

This study aims to design and optimize an efficient CNN model for the automatic detection of
cancer. By combining advanced deep learning techniques, the aim is to develop a model that excels
in accuracy, robustness, and computational efficiency. Innovations in this study include the use of
data enhancement techniques to improve the model's adaptability to unbalanced data, as well as the
model's ability to recognize different types of cancer lesions through multi-level feature extraction
mechanisms. Additionally, the application prospects of the model in real-world clinical settings are
explored, with an evaluation of its generality and scalability across different imaging devices, patient
populations, and cancer types. This study contributes to the advancement of automated cancer
detection technology and offers a novel approach for the broad application of intelligent medical
treatment [2].
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2. Methodology

2.1. Dataset Preparation

2.1.1Data set source

PanopTILs is a comprehensive, large-scale dataset featuring annotated boundaries of histologic
regions, along with the classification labels, segmentation boundaries, and locations of nuclei within
the same fields of view. This dataset was developed by merging and enhancing two existing public
datasets, BCSS and NuCLS, to facilitate an in-depth investigation of the tumor microenvironment in
whole-slide images (WSI) of H&E-stained breast cancer slides. Panoptic segmentation is particularly
beneficial for evaluating tumor-infiltrating lymphocytes (TILS) in line with clinical guidelines. The
integration of this dataset allows for the training of deep learning models that yield biologically
relevant predictions [3].

2.1.2Description of the data set

The dataset consists of regions of interest (ROIs) measuring 1024x1024 pixels, captured at a
resolution of 0.25 microns-per-pixel (MPP), equivalent to 40x magnification on various scanners. It
provides annotations for histologic regions (semantic segmentation) alongside nuclear classifications
and segmentations (object segmentation) for the same ROI, enabling thorough detection of all
pertinent components within the tumor microenvironment in H&E scanned slides. These labels
characterize different types of nuclei and background information in microscopic images, including
cancer cell nuclei, stromal nuclei, large stromal nuclei, lymphoid nuclei, plasma cells or large tumor-
infiltrating lymphoid nuclei, normal epithelial nuclei, and other unknown or obscure cell types. The
dataset also identifies areas to be excluded and background material devoid of nuclei. These
classifications enhance the accuracy of tissue analysis and pathology research [4].

2.1.3 Image normalization and standardization

In the data preprocessing process, the label data is first loaded and processed from multiple CSV
files. These tags represent different nuclear types, which are converted to numerical form by
‘LabelEncoder’ and further converted to unique thermal encoding by 'OneHotEncoder'. This
processing allows labels to be used for multiple classification tasks, ensuring that the model is trained
to correctly identify and classify different types of nuclei. In addition, the coordinate information of
the image region (such as 'left ', 'right', 'top’, 'bottom") is extracted from the CSV file. These
coordinates are used to accurately locate the region of interest in the image so that the model can
focus on the key parts for analysis.

In the aspect of image preprocessing, the image and mask are first loaded through the 'load_img'
function, and all the images and masks are adjusted to the uniform size (224, 224)". This dimensional
standardization not only improves computational efficiency but also ensures the consistency of input
data. After the images are loaded, they are converted to array form by the 'img_to_array' function,
and all images are normalized to scale the pixel values between 0 and 1. The purpose of normalization
is to reduce the scale difference of input data, to avoid the training instability caused by different pixel
value ranges, and to speed up the convergence of the model.

The mask image is processed similarly to the image, but with grayscale mode loading and special
scaling processing - the mask pixel value is divided by 8.0 and then rounded by the 'np. round'
function. This operation ensures that the pixel values in the mask are integers, clearly representing
different classes of nuclei or background regions, such as cancer cell nuclei, interstitial nuclei, etc.
These masks play an important role in model training, marking the categories of regions in the image
and helping the model learn how to distinguish between different types of nuclei.

Throughout the process, each pair of images and masks is matched with the corresponding label.
If an image or mask file is missing, the system skips the file and issues a warning, thus ensuring the
integrity and consistency of the dataset. VValid images, masks, and labels are eventually stored in the
'images’,' masks', and 'valid_labels' lists, which will be used for subsequent model training.
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Manipulation of the coordinate array is another key step, the coordinates extracted from the CSV
file are stored in the array and are intercepted in the code (‘coordinates =coordinates [:745, :],
probably because there are only 745 images in the data set. Or the data is representative of the entire
data set. These coordinates are used for further processing, such as cropping or labeling specific areas
in the image, ensuring that the model can focus on the most relevant parts for training.

Finally, masks are applied to the image ("X = images * masks') via dot multiplication operations,
which effectively mask irrelevant areas of the image, leaving only the parts of interest. The result is
an array of images with masks that will be used to train the model, helping it more accurately identify
and classify different types of nuclei when processing real data [5].

Through these elaborate pre-processing steps, the quality of the input data is significantly
improved. Label processing enables the model to correctly understand the classification task, and the
standardization and normalization of image and mask processing ensures the stability and efficiency
of model training. Ultimately, the goal of all these preprocessing operations is to improve the training
effect of the model, so that it can achieve higher prediction accuracy and better generalization ability
in practical applications.

2.2. Model Architecture and Justification

2.2.1 Introduction to the classic CNN model

CNNs are a kind of deep learning architecture that is effective in solving image processing and
computer vision challenges. CNN's primary purpose is to employ the fully connected layer for
classification or regression and the convolutional layer for extracting local information from the
image. Weight sharing and local connection capabilities allow CNN to drastically reduce the number
of parameters and increase the efficiency of the model. Using multi-layered structures, CNNS can
progressively extract complex patterns from low-level data, such as edges and textures, to higher-
level features, such as shapes and objects. Pooling layers are also used to reduce computation, prevent
overfitting, and shrink the feature graph. ReLU is a widely utilized activation function that
incorporates nonlinear elements to improve the network's ability to match complex functions. [6].

2.2.2 Reasons for choosing a particular architecture and its adaptability

For regression and classification problems, the conventional CNN architecture was selected for a
number of significant reasons. First, CNNs are capable of extracting spatial characteristics from
images with high efficiency. This makes them useful for tasks involving the use of regression models
to forecast bounding box coordinates (left, top, right, and bottom) and classification models to
distinguish between various cancer cell types. Second, the model's deep structure, which combines
many convolution and pooling layers, enhances the model's accuracy and resilience while capturing
intricate patterns. In addition, Dropout layers and L2 regularization may help minimize overfitting
and guarantee that the model performs well on both training and test sets. You may make better use
of a common feature extraction layer and boost productivity for various tasks by creating two distinct
models—one for classification and one for regression. This traditional CNN architecture's
adaptability enables it to successfully complete people's regression and classification tasks by
modifying hyperparameters to fit a range of task criteria [7].

2.3. Model Implementation and Training

2.3.1 Model architecture design

In the model, a combination of multiple convolution layers, pooling layers, and fully connected
layers is used to achieve image feature extraction and final prediction. The configuration of the
convolutional layers includes several 3x3 convolutional filters. 32 filters are used in each of the first
two levels, 64 filters are used in the next two layers, and 128 filters are used in the last two layers.
The ReLU activation function is used to establish all convolutional layers, L2 regularization is set to
0.01 and weights are initialized using the "he_uniform™ method with padding set to "same" to
maintain the input's spatial dimensions.
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For every two convolutional layers, a MaxPooling2D layer using a 2x2 pooling window size
streamlines the model. The most important features are retained while the computational effort is
reduced and the size of the feature maps is reduced thanks to this pooling process. The architecture
consists of two layers with 32 and 256 neurons each in the completely connected layers. Eight neurons
are used in the output layer for the classification task, which uses the softmax activation function to
create a probability distribution for multi-class classification. Four neurons are used in the output
layer for the regression task. Selecting the right ReLU activation function is essential since it
improves training speed and efficiently addresses the problem of vanishing gradients.

The number of convolutional nuclei in the convolutional layer, the number of neurons in the fully
connected layer, and the input and output dimensions of each layer are the primary determinants of
the number of parameters in the model. The model has a lot of parameters since it uses fully linked
and numerous convolution layers, but the regularization technique efficiently reduces overfitting. The
multi-layer nature of the model, particularly the several convolutional layers, contributes to its high
computational complexity. Nonetheless, the pooling layer might lessen the feature map's size, which
will lessen the computational load on later layers. In addition, selecting the right learning rate and
batch size may aid in striking a balance between training's convergence speed and computing
complexity.

2.3.2 Training process and hyperparameter adjustment

The regression model uses Mean Squared Error (MSE) as a loss function for training. Predicting
the bounding box coordinates (left, top, right, and bottom) is very helpful, and it may also be used to
evaluate the discrepancy between the expected and actual values. By averaging the squared difference
between the predicted value and the true value, the mean square error may be made more sensitive to
large errors. By doing this, the model's training mistakes may be decreased. Applied to classification
models, categorical cross-entropy is a helpful tool for multi-class classification issues since it can
precisely measure the difference between the correct label and the probability distribution of the
model output. The cross-entropy loss efficiently captures the uncertainty in the classification and
guides the model's learning process since the output layer of the classification model employs the
softmax activation function. Loss function and accuracy are shown in Fig. 1.
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Figure 1. Visualization of loss function and accuracy (Photo/Picture credit: Original)

2.3.3 Optimization algorithm selection

The Adam optimizer is used to choose the optimization algorithm. Adam automatically modifies
the learning rate during training, using the benefits of both adaptive learning rate and momentum to
accelerate convergence and enhance model performance. Adam works better with sparse gradients
and non-stationary targets than the conventional stochastic gradient descent (SGD), particularly in
deep learning problems.
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2.3.4 Setting of learning rate, batch size, and number of iterations

The learning rate is set to 1e-3, which works well on many deep-learning tasks and allows for
quick updates during the first phase while preserving model stability. The batch size and number of
iterations are also taken into consideration. A reasonable batch size finds a decent compromise
between memory use and model performance. The batch size is set to 64, meaning that 64 samples
are utilized for training each time the model is updated. In the development and debugging stages, it
is possible to rapidly confirm the correctness of the model architecture and parameter settings by
setting the number of iterations (epochs) to 1, even though this is uncommon in real training. To make
sure the model is thoroughly trained, epochs may be progressively raised in successive training based
on the model's performance. Fig. 2 displays the loss function and accuracy.
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Figure 2. Loss function and accuracy visualization (Photo/Picture credit: Original)

2.4. Classification evaluation index

Among the classification assessment indicators used in the model evaluation process to examine
model performance thoroughly are accuracy, accuracy, recall, and Fl-score. Accuracy, or the
proportion of samples the model correctly predicted out of the total sample, is a useful performance
statistic when the class distribution is somewhat stable. The accuracy rate indicates the proportion of
correctly predicted positive samples among all samples that the model correctly classified as positive.
This metric, which indicates how effectively the model forecasts positive cases, is particularly useful
when lowering false positives is a primary priority. On the other hand, the recall rate pertains to the
percentage of true positive samples that the model correctly identifies. Because it highlights the
model's ability to collect good instances, it is ideal in scenarios where reducing false negatives is
crucial. The F1-score combines memory and accuracy into one measure by calculating their harmonic
mean. This score is highly useful for managing class imbalances since it provides a more thorough
picture of the model's performance than accuracy alone. When combined, these three metrics provide
a comprehensive view of the model's performance across many domains [8].

3. Results and Discussions

3.1. Description of Experimental Environment

To ensure efficient model testing and training, this experiment made use of high-performance
hardware and software setups. The training process of the deep learning model was significantly
accelerated by utilizing a personal computer equipped with an NVIDIA GPU (graphics processing
unit) from a hardware standpoint. Python was used as the primary programming language for the
software configuration, and the experiment was carried out on a 64-bit Ubuntu operating system.
TensorFlow and Keras provided us with the necessary flexibility and capability to create and train
deep learning models with reliable results, in particular. TensorFlow and Keras were preferred options

225



Highlights in Science, Engineering and Technology AMCCE 2024
Volume 120 (2024)

for designing and training deep learning models with dependable outcomes, which provided them
with the necessary adaptability and capability. The experiment operated with optimal efficiency due
to the combination of hardware and software components. Scikit-learn, Pandas, and NumPYy are tools
needed for data processing and analysis [9].

3.2. Experimental Control Variables and Settings

The performance of different models and parameter Settings is compared in the experiment
through variable control. The experiment conceived multiple model architectures and performed
comparative experiments on distinct hyperparameter settings such as the number of convolutional
layers, the number of neurons per layer, regularization methods, etc. Different data preprocessing
methods, such as normalization, PCA, and t-SNE dimensionality reduction techniques, were
compared to observe their effects on model training speed and classification performance. Through
these comparative experiments, the optimal model configuration for this task can be identified,
providing a basis for subsequent application and optimization [10]. PCA result is shown in Fig. 3.
T-SNE visualization is shown in Fig. 4.
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Figure 3. PCA analysis of cancer cell features with color-coded classes (Photo/Picture credit:

Original)
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Figure 4. t-SNE visualization of cancer cell features with clustered groups. (Photo/Picture credit:
Original)
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3.3. Result Analysis

The loss function, or blue curve, rapidly decreases during the first phases of training, showing that
the model is picking up new information from the input fast. The loss progressively drops and then
stabilizes as the number of training epochs rises, a sign that the model has successfully reduced error.
The accuracy (orange curve), on the other hand, begins at a lower level and leveled out ultimately as
training goes on, suggesting that the model has hit its peak performance on the training set.
CancerEpithelium is shown in Fig. 5. Confusion matrix visualization is shown in Fig. 6.

Figure 5. Detected cancer epithelium regions in histologic slide (Photo/Picture credit: Original)
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Figure 6. Confusion matrix visualization. (Photo/Picture credit: Original)

It is not feasible to directly compare the performance of the training set with the validation set
since the chart only shows the trend of the loss function and accuracy for the training set. Overfitting
may be indicated, for example, if the validation set's accuracy is much lower than the training set's,
or if the validation set's loss function is larger than the training set's. It is advised to also monitor the
model's performance on the validation set to provide a more thorough evaluation of its capacity for
generalization.

The model is successfully trained when the loss function continuously decreases, and the accuracy
steadily increases during the training period. If the loss keeps going down but the accuracy plateaus,
the model could be beginning to overfit due to its recollection of the training set. Underfitting may
be indicated if the model shows high loss and poor accuracy in the early phases of training and does
not show a discernible improvement as training goes on. Based on the present chart, there is no
evidence of underfitting in the model; nevertheless, to determine the danger of overfitting,
performance on the validation set must be assessed. Keeping an eye on the validation metrics will
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provide information about the model's capacity for generalization and assist in determining if changes
are required to increase its robustness.

3.4. Practical Application Scenario

The model has a lot of potential for being applied in cancer screening in real-world settings. The
use of CNN models in image recognition and classification tasks has been made possible with the
advancement of deep learning, which has demonstrated remarkable performance, making them a solid
foundation for medical imaging analysis. The efficiency and accuracy of cancer screening can be
enhanced by doctors using this model to identify cancerous lesions earlier and more accurately.

4. Conclusion

The research presented in this paper offers significant advancements in cancer detection through
an automated CNN approach, demonstrating its efficacy via extensive testing. By leveraging
sophisticated deep learning algorithms and complex image processing techniques, the approach
facilitates the comparison and optimization of multiple CNN designs, yielding notable performance
improvements. The introduction of batch normalization layers and residual connections has proven
to significantly enhance classification accuracy and speed of convergence. Additionally, data
augmentation methods such as rotation and random cropping have further improved the model's
generalization capabilities. Test results illustrate the effectiveness of the proposed approach in real-
time boundary identification and accurate classification of various cancer cell types.

The importance of this research lies not only in its immediate contributions to cancer detection but
also in its potential to advance automated diagnostic technologies in medical settings. The exploration
of intricate network topologies, which may include advanced convolutional layers and attention
mechanisms, aims to bolster the model's ability to detect complex and challenging content. Moreover,
extending this approach to other medical imaging modalities, such as CT and MRI scans, represents
a crucial step in evaluating its efficacy across diverse medical applications.

Future research will focus on addressing the challenges encountered in real-world scenarios, such
as noise handling and data imbalance. Implementing transfer learning in conjunction with advanced
data preparation methods and resampling techniques will be key strategies for enhancing model
performance, particularly in contexts with limited sample sizes. This comprehensive approach aims
to pave the way for more robust and effective automated diagnostic solutions in the field of medical
imaging.
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