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Abstract. Histopathology currently serves as the standard for breast cancer diagnosis, but
its manual execution demands time and expertise from pathologists. Artificial intelligence,
particularly in digital pathology, has made significant strides, offering new opportunities for
precision and efficiency in disease diagnosis. This study presents a methodology to enhance
cell nuclei detection in breast cancer histopathological images using convolutional neural net-
work models to apply super-resolution and object detection. Several model architectures are
explored, and their performance is evaluated regarding accuracy and sensitivity. The results
affirm the potential of the proposed approach for automated cell nuclei identification. These
AT advancements in digital pathology open avenues for early and precise cancer detection,
influencing clinical practices and patient well-being and improving diagnostic efficiency.
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Cancer Diagnosis.

1 Introduction

Histopathology examines disease presence, extent, and progression through microscopic tissue anal-
ysis. Thin sections are obtained using a microtome after fixing the sample in formaldehyde and
embedding it in paraffin or resin. These cells are then stained to highlight cellular components
before microscopic observation. In clinical medicine, a pathologist analyzes histological sections to
formulate a pathology report, which is crucial for cancer diagnosis and treatment decisions. However,
the reliance on visual analysis, particularly in specific areas of interest, can lead to errors in nucleus
counting and classification. This may result in a false diagnosis or misjudgment, which presents
a risk to patients by potentially overlooking harmful cells and compromising treatment efficacy.
Nowadays, the increase in data generation and collection and the improvement in computational
capacity have led to the application of Deep Learning in many fields such as video surveillance [1-4]
or autonomous drive [5, 6], improving computer vision compared to classical techniques.

In cancer cell detection, the application of neural networks has emerged as an essential tool
to improve accuracy and efficiency in the early diagnosis and monitoring of cancer progression.
The collection and use of medical images, such as those obtained by microscopy, have enabled
applying techniques based on deep learning to get an early and effective diagnosis. Although con-
ventional methods such as microscopy and biochemical tests have been instrumental in detecting
cancer cells, they have significant limitations in accuracy and efficiency, especially for those with
biological variability. Recent research has demonstrated significant advances. Hou et al. propose a
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sparse Convolutional Autoencoder [7], which efficiently detects and encodes nuclei in histopathol-
ogy tissue images. Other works, such as NucDETR [8], introduce a transformer-based approach
for automated nucleus detection in histopathology images, addressing the challenges of manual
detection. This leverages the success of transformer models in object detection tasks and offers
simplicity and reduced post-processing requirements. Tian et al. [9] present a novel semi-supervised
learning framework addressing the challenge of acquiring extensive labeled data. This approach
utilizes unlabeled images for reconstruction, enhancing the detection network by promoting spatial
consistency between original and reconstructed images. Additionally, [10] proposes an end-to-end
graph-based nuclei feature alignment (GNFA) method to enhance cross-domain nuclei detection in
histopathology images. This method addresses challenges such as limited nuclei features and the
presence of background pixels by leveraging a nuclei graph convolutional network (NGCN) to gen-
erate sufficient discriminative features for successful alignment. Despite the advances, this field still
has outstanding challenges, such as needing more annotated data or identifying small elements.

Compared to other emerging methods, our approach proposes a solution based on the re-
inference of super-resolved areas to improve detection without re-training or modifying the model.
The term super-resolved areas refers to regions of the image that undergo super-resolution tech-
niques, resulting in greater clarity and detail than the original resolution. In the framework of our
proposal, these enhanced areas play a crucial role in object detection by providing richer and more
detailed information. Importantly, super-resolution improves the visual quality of the relevant areas
and contributes significantly to the accuracy of the detection process. Allowing the model to benefit
from more detailed information without re-training avoids this procedure’s computational and time
costs. Furthermore, by not modifying the original model architecture, the integrity and consistency
of its performance are maintained, which is particularly valuable in environments where stability
and efficiency are paramount.

The following sections are structured as follows: section 2 shows the proposed methodology,
section 3 on page 4 explains the experiments supporting our proposal, and section 4 on page 9
explains our conclusions.

2 Methodology

The proposed methodology for enhancing image detection is shown in Figure 1. The approach
involves a Deep Learning neural network designed for object detection, denoted as M to process
an input image X to produce a set of detections S.

S=M(XLr) (1)

S ={(as, Bisvir 0ir €0, wi) | i € {1,..., N}} (2)

Here, N represents the number of detections, (o, 3;) € R? denotes the coordinates of the upper
left corner of the i*" detection within the input X, (v;,d;) € R? represents the coordinates of the
lower right corner of the i** detection within X, ¢; is the class label of the detection, and w; € R
signifies the class score of the detection. For this proposal, consideration of the epsilon; class label
of the detection will be omitted. The main goal is to increase the total number of detections,
regardless of their specific class. This strategic decision is driven by the objective of increasing
the exhaustiveness of the detection model. In this context, specific focus is placed on detections
characterized by a class score w; € R that exceeds a predefined threshold set at 50%. This threshold
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Fig. 1: Workflow of the proposed technique.

serves as a confidence criterion, ensuring that only detections with a class score above 50% are
valid.

The second step is to process the input image X, which has a low resolution, with a convo-
lutional neural network F to enhance the resolution. The model generates a high-resolution image,
denoted as Xy g, through a specific upscaling factor (e.g., upscaling factor = 2).

Xpr=F (XLR) (3)

Then, a sliding windows approach is applied to the super-resolved image X g, incorporating
user-defined displacement parameters d:

Twindows = © X d Ywindows = J X d (4)

Where the coordinates of the sliding window are represented by (Zwindows, Ywindows ). Lhe indices

representing the window’s position are ¢ and j. For each window Zyindow, perform re-inference using
the object detection model to obtain an additional set of bounding boxes denoted as S’.

S = {(ai,éi,%&,q,w) i e {1,...,1}} (5)

Where I represents every super-resolved window extracted from Xppr. After the re-inference

process, coordinates (&;, 5;,7i, 0;) are obtained in the super-resolved image. It is necessary to undo
the up-scaling and the displacement to translate these coordinates to the original image.

x/ /

ZToriginal = 7 + Zwindow, Yoriginal = 7 + Ywindow (6)

Detections belonging to the same entity are grouped using the Intersection over Union (IOU).
The formula for IOU between two bounding boxes is:
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Area of Intersection

IOU (A, B) = (7)

Bounding boxes with an Intersection over Union (IOU) greater than a predefined threshold
are grouped. After grouping coincident detections of the same element, selecting the most accurate
detection becomes necessary. A weighting is applied to the detections obtained within the generated
sliding windows to facilitate this. The decision to assign five times more importance to bounding
boxes obtained in the initial inference stage on the normal-resolution image without super-resolution
is motivated by the need to handle scenarios where, despite accurate detection of a cell in the first
stage, re-inference through sliding windows may only yield partial detections of the same cell.

Area of Union

Winitial = selected Welgth X Winitial reinference (8)

Wywindow = 1x Winitial reinference (9)

The reason for this weighting stems from recognizing that the initial inference, conducted on
the original low-resolution image, holds paramount significance. It should exert a more substantial
influence in determining the precise position and shape of the cell. Re-inference, occurring after
super-resolution and sliding window scanning, may face limitations due to potential partial cell
detections.

After clustering bounding boxes for the same element, the average of all established bounding
boxes is determined. Subsequently, the Euclidean distance between the calculated average and each
bounding box is computed:

n

D (bboXayerage, bbox;) = | Y (bbox{),e — bbox{”)2 (10)

average
j=1
Where n represents the dimensionality of the bounding boxes. Following this, the index of the
bounding box with the smallest distance to the average is identified:

n

indexyi, = argmin Z(bboxg@)erage - bboxl(‘j))2 (11)
j=1

Finally, the closest bounding box to the calculated average is obtained as:

closestbbox = bbOXindex,iy (12)

A unified class label is obtained by majority voting among the class labels in the clustering
operation for each element, and a unified class score is computed as the maximum of the class
scores.

3 Experiments

This section is composed of a series of subsections. First, the dataset used is described to provide
a context for the type of elements to be identified and to discuss the attributes of the data. Sub-
sequently, several models focused on object detection are stated, which have been subsequently
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evaluated with well-defined metrics. Finally, the results are provided, comprising a comparative
analysis between the raw object detection models and the results obtained after applying the de-
scribed methodology.

3.1 Dataset

In the field of breast pathology, a series of datasets have been published that open the possibility
of applying algorithms and deep learning models. In this case, a group of datasets called NuCLS
[11] has been chosen. Non-pathological individuals (NPs) were employed to generate these datasets,
following two strategies to acquire nuclei labels.
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(a) Original Image (b) Annotated Image

Fig. 2: Example of the annotated images that compose the NuCLS Dataset.

The first strategy (single-rater) aimed for broad data collection across numerous fields of view,
with NPs receiving feedback and coordinators standardizing annotations. The second strategy
(multi-rater) measured reliability using annotations from multiple NPs on a smaller set of shared
fields alongside pathologist annotations for comparison. The project seeks to obtain a considerable
amount of high-quality data, which is why the reviewed single-rater dataset was used to fine-tune
object detection models in this project. The NuCLS dataset contains breast cancer slides from
125 patients obtained from TCGA, a US National Cancer Institute project. The NuCLS dataset
creators concentrated on triple-negative breast cancer images, marked by the absence of estrogen,
progesterone receptors, and HER2 protein. This aggressive cancer type exhibits poorer survival
rates. The complete dataset consists of 1744 images. An advantageous characteristic of this dataset
is the substantial variability in cell types and patterns, enabling the training and evaluation of
pathology-based object detection models using Convolutional Neural Networks. The objective of
this study is to detect the maximum number of cells possible, making the specific cell types (classes)
irrelevant to this proposal. Figure 2 shows an example of a labeled frame.
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3.2 Super-resolution Model

The use of super-resolution involves the application of advanced models and techniques to increase
the number of pixels that compose the input. A series of models are available for super-resolution
applications such as [12, 13]. One of the most effective models is FastSRCNN (Fast Super-Resolution
Convolutional Neural Network) [14]. This convolutional neural network was designed to address
the super-resolution task efficiently and quickly. It has many advantages, such as preserving fine
details during the resolution enhancement process. Compared to other models, it is particularly
fast, making it suitable for applications that require results in a short time. It is important to note
that the proposed methodology allows flexibility in switching to other super-resolution techniques
according to the specific needs of the problem to be solved, thus ensuring the method’s adaptability.

3.3 Object Detection Models

Object detection models capable of identifying cell nuclei are required to apply the presented
methodology. The dataset was divided into training, validation, and test subsets with proportions
of 70%, 20%, and 10%, respectively. Following data splitting, fine-tuning was performed on various
object detection models from the Tensorflow Object Detection Model Zoo?. The following models
were selected:

— SSD MobileNetV2 FPNLite [15]: SSD (Single Shot Detector) is a single-shot object detec-
tion model using MobileNetV2 for feature extraction and lightweight FPNLite.

— EfficientDet DO and D2 [16]: High-performance models with BiFPN architecture, utilizing
EfficientNet for scalability. DO has a 3-layer, 64-filter BiFPN, and D2 features a scaled Efficient-
Net and a 5-layer, 112-filter BiFPN.

— CenterNet Hourglass 104 512x512 [17]: CenterNet adopts a unique keypoint network to
detect central points, leveraging an Hourglass backbone for deep feature extraction from stacked
convolutional and max-pooling modules.

The choice of these models is based on the diversity of architectures to determine the im-
provement after applying the proposed methodology. The evaluation of SSD addresses the need for
efficient single-stage models, while EfficientDet DO and D2 represent variants of an efficient and
scalable family. On the other hand, CenterNet provides a unique perspective. The generic design
allows versatile adaptation to explore and evaluate new architectures.

3.4 Results

Metrics like Mean Average Precision (MAP) were utilized to assess the proposed approach. The
COCO evaluator* was employed for mAP, considering multiple confidence thresholds across IoU
values from 0.5 to 0.95. This range enables a detailed evaluation of model performance regarding
overlap with ground truth bounding boxes. The results are shown from the exhaustive evaluation of
several object detection models, both in their original state (RAW) and after applying the proposed
methodology (OURS). The main metric used to quantify the performance of the models was the
Mean Average Precision (mAP), considering different Intersection over Union (IoU) configurations.

3 https://github.com/tensorflow /models/blob/master/research/object_detection/g3doc/tf2_detection_zoo.md
4 https://github.com/cocodataset/cocoapi/blob/master/PythonAPI/pycocotools/cocoeval . py
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Model Method Area All Area All Area All Area Small Area
ToU IoU 0.50 IoU 0.75 IoU Medium
0.50:0.95 0.50:0.95 ToU

0.50:0.95

EfficientDet RAW 0.244 0.462 0.226 0.207 0.280
DO OURS 0.253 0.502 0.216 0.213 0.291
EfficientDet RAW 0.195 0.356 0.196 0.175 0.212
D2 OURS 0.239 0.459 0.221 0.235 0.242

SSD RAW 0.262 0.502 0.241 0.258 0.271
MobileNetV2 OURS 0.296 0.593 0.261 0.266 0.319
CenterNet RAW 0.097 0.161 0.103 0.078 0.114
Hourglass 104 OURS 0.098 0.171 0.102 0.078 0.117

Table 1: Results obtained after using different object detection models comparing the Raw model
and the presented methodology. The best results are marked in bold.

The obtained analysis reveals overall improvements using the presented methodology. A sus-
tained elevation in Mean Average Precision (mAP) is discernible across various Intersection over
Union (IoU) configurations, underscoring the effectiveness of this approach in different object de-
tection scenarios. Notably, deploying the methodology generates overall performance improvements
and demonstrates a uniformly positive impact regardless of the base model chosen. This finding
underscores the overall robustness and applicability of the proposed method, suggesting that its
implementation can consistently produce positive results across a spectrum of object detection en-
vironments. Table 1 compares the mean average precision (mAP). The results obtained by each
proposal are shown.

Beyond the overall performance improvement, the performance optimization of our methodology
is particularly striking in the total area under different IoU values, where a more pronounced increase
in mAP is observed. This specific result underlines the methodology’s effectiveness in scenarios
requiring a high degree of overlap between predictions and actual annotations.

While the RAW model occasionally exhibits a marginally higher Mean Average Precision (MAP),
providing quantitative insights into the improvement is crucial. Our methodology, labeled as OURS,
consistently outperforms the RAW model across various evaluation metrics. For example, consid-
ering the Area All with IoU 0.50:0.95, OURS achieves a notable improvement, with an increase
of approximately 3.5% compared to RAW. This emphasizes the effectiveness of our methodology
in enhancing object detection accuracy in scenarios requiring a high degree of overlap. Examining
specific areas, such as Area Small and Medium with IoU 0.50:0.95, OURS demonstrates signifi-
cant advancements. Area Small has an improvement of around 3.1%, while Area Medium shows an
enhancement of approximately 4.9%. These results underscore the ability of OURS to address chal-
lenges associated with object detection in contexts with varying dimensions, especially in smaller
and medium-sized regions. Table 1 presents a comprehensive overview of the quantitative results
obtained from different object detection models, comparing the RAW model with OURS. The val-
ues in bold highlight the superior performance of OURS across diverse model configurations and
evaluation criteria.
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(a) Ground Truth (b) Single-model detections (¢) Enhanced detections

Fig. 3: Comparison of the detections obtained. The left-hand side is the Ground Truth, followed by
the Raw model, and on the right-hand side is the presented methodology using the EfficientDet D2

model.

Figures 3 and 4 provide a visual comparison of the detections obtained by applying the model
in its original state (RAW) and the proposed methodology (OURS). These figures highlight how
our methodology’s application has significantly influenced the cell detection process.

(a) Ground Truth (b) Single-model detections (¢) Enhanced detections

Fig. 4: Comparison of the detections obtained. The left-hand side is the Ground Truth, followed by
the Raw model, and on the right-hand side is the presented methodology using the SSD model.

As seen in the images, the number of detections increases when applying the OURS methodology
compared to the RAW model. This observation underlines our approach’s effectiveness in improving
the system’s ability to accurately identify and delimit the cells present in the analyzed images.
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4 Conclusions and Future lines

In conclusion, the results obtained in this study support the effectiveness of the presented method-
ology in improving the performance of object detection models compared to their original versions.
The consistency in the observed improvements, regardless of the base model and variations in IoU
configurations, highlights our approach’s overall relevance and applicability in computer vision. In a
quantitative analysis, the positive impact of the methodology is especially highlighted by observing
the significant increase in Mean Average Precision (mAP), being most notably evident in the case
of SSD MobileNet V2, where the best result was achieved with a mAP of 0.296 in the total area
with IoU of 0.50:0.95. As illustrated in Figures 1 and 2, visual comparisons further support the
quantitative improvement, showing a substantial increase in the number of detections.
Considering the achievements obtained, several lines of research are open for future development.
One promising direction is integrating more advanced deep learning techniques and considering
emerging model architectures, which could contribute to the evolution and continuous improvement
of the proposed methodology. In addition, incorporating specialized data augmentation techniques
could enhance the methodology’s ability to address specific challenges in complex environments.
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