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A B S T R A C T

This study contributes to the Health 4.0 paradigm by enhancing the precision of cell nuclei detection in
histopathological images, a critical step in digital pathology. The presented approach is characterized by the
combination of deep learning with traditional analytic classifiers.

Traditional methods in histopathology rely heavily on manual inspection by expert histopathologists.
While deep learning has revolutionized this process by offering rapid and accurate detections, its black-box
nature often results in a lack of interpretability. This can be a significant hindrance in clinical settings where
understanding the rationale behind predictions is crucial for decision-making and quality assurance.

Our research addresses this gap by employing the YOLOv5 framework for initial nuclei detection, followed
by an analysis phase where poorly performing cases are isolated and retrained to enhance model robustness.
Furthermore, we introduce a logistic regression classifier that uses a combination of color and textural features
to discriminate between satisfactorily and unsatisfactorily analyzed images. This dual approach not only
improves detection accuracy but also provides insights into model performance variations, fostering a layer of
interpretability absent in most deep learning applications.

By integrating these advanced analytical techniques, our work aligns with the Health 4.0 initiative’s goals
of leveraging digital innovations to elevate healthcare quality. This study paves the way for more transparent,
efficient, and reliable digital pathology practices, underscoring the potential of smart technologies in enhancing
diagnostic processes within the Health 4.0 framework.
1. Introduction

Histopathology is a medical field that investigates diseases through
the microscopic examination of tissue preparations. Tissue samples, pri-
marily obtained through biopsy procedures, are meticulously prepared
as thin slices and treated with specific chemical compounds. These
compounds react with the organic components found in the targeted
cell types, often tumor cells. As a result, these cells, along with their
nuclei, are stained with distinctive colors or varying color intensities,
enabling their detection by histopathologists.

Histopathological images are captured using specialized cameras
that are attached to optical microscopes. These images require high
resolution to discern details at a scale of a few micrometers μm.
Considering the size of a typical tissue preparation, this high resolution
results in exceptionally large images, reaching up to 100.000 pixels per
side. These images are referred to as Whole Slide Images (WSI) and can
be classified as Gigapixel images due to their enormous size. Each of
these Gigapixel images may contain several thousand cells within it.

The detection and classification of abnormal cells, especially tumor
cells, are typically carried out by physicians relying on their expertise.
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Additionally, the identification of cell nuclei is essential for studying
their condition and spatial arrangement. In an ideal scenario, all cells
should be analyzed to determine the quantity of those of interest and
their spatial distribution. However, this is a labor-intensive task for
which both time and the availability of trained specialists are limited
resources. Typically, the approach is to select a representative region,
often based on the specialist’s judgment, and conduct a thorough
analysis of that chosen area.

Furthermore, interpreting the characteristics of each cell poses chal-
lenges, even for well-trained professionals. Variations in staining in-
tensity and color can occur due to random factors during the sample
preparation process. Achieving a high degree of consensus among
different histopathologists can be a challenging task.

The goal of this work is to improve the detection of cell nuclei in
histopathological images done by deep learning models taking into ac-
count the outcome of a previous detection model. The method evaluates
for which images the system works poorly and modifies the used model
to improve its performance. Done that, a procedure to decide which
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model must be applied to new cases is devised, in the form of a classical
logistic regression classifier whose input features are selected. As a
side effect, at least certain degree of interpretability is gained. Partial
interpretability is not obtained by direct analysis of the inner workings
of the neural network, but by examining its outcomes. By doing so, the
intention is to understand which interpretable features can account for
the differences between two groups of results: the images with good
performance and the ones with poor detection rates.

1.1. Relevant work

As stated in Section 1, all steps of histopathological image analy-
sis are labor-intensive. Some steps require a high degree of previous
experience and are prone to error due to inter-observer variability, as
pointed out in [1]. The different steps, which we now briefly mention,
are treated more extensively with appropriate references up to the date
of publication in the survey of Hayakawa [2].

The first problem is the reduction of color variability due to the
use of different staining protocols, differences in the capture devices
(scanners) and variations in thickness of the tissue sections. Even not
being the main subject of this paper, the interested reader can find a
comprehensive survey in [3].

The second problem is the detection of cell nuclei, their separation
and their classification. These tasks have been from long ago the focus
of computer-aided techniques. Initially, these techniques relied on clas-
sical image processing algorithms, primarily involving color analysis
and color normalization (as summarized in Roy et al.’s review [4]).
Shape detection was also a component of these methods, with Das
et al.’s review [5] specifically focusing on breast cancer. While these
algorithms were reasonably effective in terms of detection quality, they
have largely been replaced by color analysis, detection, and classifica-
tion techniques based on deep learning. This shift can be observed in
works such as those by Runz et al. [6] and Khened et al. [7]. A new
and interesting approach from Huang at al.[8] allows not only simple
detection but multi-class detection (i.e.: nuclei of different types) using
selected areas of the image to train a sub-network.

Finally, the transition to deep learning model is carefully sum-
marized in the recent review of Basu et al. [9] that explains with
detail the different learning architectures and models currently used.
The motivation behind this transition to the deep learning lies in the
noticeable improvement in result quality, typically measured in terms
of sensitivity and accuracy, as shown in [10]. Nevertheless, the combi-
nation of visual attributes and appearance of the objects to be detected
with usual convolutional networks can be also a suitable approach, as
shown in [11] in the wider context of general object detection. In this
case, visual features are found by using algorithms specifically tailored
to detect them.

Another significant factor is that deep learning can be applied by in-
dividuals without specialized knowledge in image processing or strong
programming skills. However, it is important to acknowledge that deep
learning also comes with significant drawbacks, notably its substantial
computational requirements and the lack of interpretability. This means
that it is challenging to provide human-understandable explanations
for the factors, whether they are low, middle, or high-level features
within an image or any sub-image, that determine the degree of success
in the task at hand (in this case, nuclei detection). At least some
degree of explainability can be gained by visualization techniques like
heat maps [12]. Other possibility is the use of the so-called clustering
explanations, i.e.: presenting the user the input images forming a group
with the most representative images of each category found by the deep
learning model so that the user intuitively finds visual resemblances.
An example showing 13 classes of tissues with lesions is [13]. Finally,
there are saliency techniques, which help identify which weights of a
neural network are more relevant in producing a given result. However,
these techniques are primarily applied to convolutional networks and
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can become challenging to interpret when convolutions are applied
successively to prior convolutions (as discussed in [14]). Furthermore,
saliency techniques are either inapplicable or not yet well-developed
for the final, fully-connected non-linear layers that are commonly used
in the final stages of deep learning models.

Finally, a third problem is the detection and/or classification of
whole portions of the image as different tissues or different stages
in the evolution of a tissue. A recent example of the use of deep
learning for this task is [15]. This problem is specially prone to the
application of transfer-learning techniques, i.e.: the reuse of the weights
learned by a previous model as starting point for the learning of a new
model. A relevant example in histopathology is [16], in which patches
are extracted from Whole Slide Images and fed into a convolutional
neural network (CNN) for feature extraction; discriminatory patches
are selected and then fed to Efficient-Net architecture pre-trained on
the ImageNet dataset.

The conclusion is that, even previous classical methods exist and
is worth to use them for auxiliary tasks, the central detection task is
currently primarily delegated to deep learning architectures.

2. Materials and methods

This work is primarily methodological in nature. Its main objective
is to propose a procedure that can be applied in current cell nuclei
detection cases, and as such, it needs to be validated using a well-
established set of data that can serve as a benchmark. To achieve this,
two collections of manually labeled histopathological images, provided
and documented in [17,18], will be used.

The first dataset used in this project is a publicly available dataset
[17] consisting of 100 histopathological images of colon cancer, each
measuring 500 × 500 pixels, at 20x magnification. These images repre-
sent sections of colon tissue affected by cancer and were obtained using
microscopy techniques. This dataset will be referred as DB1 from now
on.

The second dataset used in this project contains publicly accessible
breast cancer histopathology images [18]. This dataset, consists of 50
images with a size of 512 𝑥 512 pixels at 40x magnification. This
dataset will referred as DB2.

These collections, DB1 and DB2, will be referred to as the ‘‘original
image sets’’. Examples of images for both datasets, DB1 and DB2, can be
found in Fig. 1. The nuclei are displayed in the images as darker purple
spots with irregular shape. The fact of having chosen images of different
magnifications is intentional, since this is one of the characteristics that
affect most the recognition ability of deep learning systems, and we
want to test the adaptability of these systems to different situations.

The overall approach can be outlined as follows:

• Utilize the labeled images from the original image sets, partition
them into suitable sets for training, validation, and testing, and
employ them to train a deep learning model using the YOLOv5
[19] framework. The trained model will be referred to as ‘‘original
model’’ from now on.

• Make a statistical analysis to determine if the performance of
the trained model significantly varies across different images.
Preliminary findings suggest that there are indeed variations in
performance, and visual inspection indicates that issues related to
sample preparation or staining may have a substantial influence.

• Extract from the original image datasets those images where the
model exhibited the lowest performance and train a new model
using these images. Again, divide this set into training, testing,
and validation groups. Data augmentation will be necessary since
the sets with low performance extracted from each of the original
image datasets are relatively small. This newly trained network
will be referred to as the ‘‘specific model’’.

• Evaluate the performance of the specific model on the images for
which it was specifically trained (along with their augmented set).
As will be demonstrated later, the results are expected to be better
than those obtained with the original model, as the new model is

more specialized.
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Fig. 1. Typical example of images found for dataset 1 (DB1) in top row and for dataset 2 (DB2) in bottom row. The nuclei are displayed in the images as darker purple spots
with irregular shape. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
• Extract color and texture descriptors from all the images, and
train a classical classifier, in this case, a logistic regression model,
using these descriptors. The goal is to classify the original set
into two classes: images for which the original model worked
sufficiently well and images for which it did not. This will be
accomplished using various combinations of color and texture
descriptors.

With respect to data augmentation, the procedure was done in-
cluding the following transformations: random flipping, image rotation
between −10 and 10 degrees and image shearing with shearing pa-
rameter between −5 and 5. The python package Albumentation [20]
was used, which can be obtained from https://albumentations.ai/. In
addition to its flexibility, this package offers the advantage of being
able to transform the ground truth, too, which was necessary for our
particular case.

The core concept here is that when presented with a new image for
analysis, the logistic model can be applied to predict whether the orig-
inal or the specific deep learning model should be used. Statistically,
this approach is likely to yield better results than relying solely on a
single model as the new image is more similar to those images used to
train the model that is to be applied to it, either original or specific.
3

As a collateral but important characteristic, this approach allows
us to identify which color and texture descriptors are effective in
differentiating normal from low-performance (i.e., more challenging)
images. This can give interesting clues to the histopathologists about
the most common factors that degrade the quality of the images and
suggest ways to detect them automatically.

The following sections will delve into these points in more detail:
Section 2.1 will describe the dataset of images used. Section 2.2 will

provide insights into the training of the original model using YOLOv5.
Subsequently, Section 3.2 will outline the image descriptors that were
tried with the ones ultimately selected to build the logistic regression
model. In Section 3, quantitative results from the previous steps will
be presented. Finally, Section 4 will summarize the findings and offer
suggestions for future work.

2.1. Original images

Two collections of images are used for the experiments. The first
one, referred as DB1 previously is a set of 100 images from colorectal
adenocarcinoma images, consisting of more than 20,000 annotated nu-
clei which were collected by Sirinukunwattana et al. and documented

https://albumentations.ai/
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and used in [17]. The second collection, referred as DB2 previously, is
composed by 50 images of breast cancer with a total of 4022 annotated
cells; it was collected from Naylor et al. reviewing other collections and
extending them and was documented and used in [18]. These two sets
are publicly available (see URLs in [21] for colorectal adenocarcinoma
and in [22] for breast cancer).

2.2. Analysis with YOLOv5

In this study, the YOLOv5 framework, a state-of-the-art object detec-
tion technique originally introduced by Redmon [23], is employed to
detect cell nuclei. This algorithm utilizes a single convolutional neural
network (CNN) to process the entire image, partitioning it into grids
and assigning each grid the responsibility of detecting and predicting
objects within its defined region. YOLOv5 is available in four distinct
versions [24], differing in model size and accuracy, ranging from the
compact YOLOv5s to the more extensive YOLOv5x. For this research,
we have chosen to use the YOLOv5x model as our benchmark model
for training, is the largest and most accurate variant in the YOLOv5
family. It has more layers and parameters to capture fine-grained details
as small object detection. Therefore is more suitable for our case as
accuracy is prioritized over speed.

3. Results and discussion

3.1. Performance results and analysis

For all experiments carried out with YOLOv5, 600 epochs and
16 batches were used. To evaluate the performance of the models
trained four metrics, the accuracy, precision, recall and F1-score, were
calculated as:

Accuracy = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁

(1)

Recall = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(2)

Precision = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(3)

F1 − score = 2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙
𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙

(4)

Where TP represent the number of false positives (i.e.: nuclei de-
tected by the model which were marked as such in the manually
annotated ground truth), FP the number of false positives, FN the
number of false negatives and TN the number of true negatives (which
is taken as 0 in this case, since most pixels are not centers of nu-
clei and therefore are not marked neither by the model not by the
histopathologist).

For both datasets, DB1 and DB2, a k-fold cross validation technique
was used for evaluating the quality of the models based on test data.
Being 𝑘 = 10 for DB1 and 𝑘 = 7 for DB2. The purpose of this, is to pro-
vide a more robust and reliable estimate of the model’s performance.
By repeatedly training and testing the model on different subsets of
the data, it generates multiple values of the performance metrics. The
average of these values gives a more accurate estimate of how well the
model is likely to perform on unseen data. It also avoids bias in the
results.

For the first dataset DB1, and for each of the 𝑘 folding sets, 65
images were randomly selected for training and 25 for validation. The
remaining 10 images were used for testing. Likewise for the second
dataset DB2: 30 images were randomly selected for training and 13 for
validation, leaving the remaining 7 for testing.

In Table 1 the average values for the 𝑘 tests of the four metrics are
displayed for both datasets respectively. It can be appreciated that the
overall results are better for DB1 than for DB2.

However to delver deeper into these results a box-whisker plot with
the interquartile range (IQR) is used to determine if an image deviate
4

Table 1
Metrics results for each dataset DB1 and DB2: average Accuracy, average Precision,
average Recall and average F1-score.

Accuracy Precision Recall F1-score

DB1 0.73 0.76 0.96 0.84
DB2 0.66 0.67 0.96 0.79

Fig. 2. Box plot diagrams for DB1 and DB2 for Accuracy metric.

Fig. 3. Box plot diagrams for DB1 and DB2 for Recall metric.

Fig. 4. Box plot diagrams for DB1 and DB2 for Precision metric.

from the expected or common behavior. Such image will be considered
as a outlier. Box plots with their IQRs are calculated tested for the four
metrics. They are as shown in Figs. 2, 3, 4 and 5 for both datasets, DB1
and DB2.
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Fig. 5. Box plot diagrams for DB1 and DB2 for F1-score metric.

Table 2
Interquartile range(IQR) for each metric of DB1 and DB2.

Accuracy Precision Recall F1-score

DB1 0.15 0.16 0.04 0.10
DB2 0.14 0.16 0.04 0.10

The final criterion to declare an image as outlier is that it falls
significantly below the lower whisker (i.e.: below 1.5 times the IQR)
in the box plot for one or more of the four analyzed metrics. This is
the most restrictive criterion (i.e.: a single failure is enough to include
the image in the outlier category) so the union of all cases marked as
circles in any of the box plots in Figs. 2 to 5 will constitute the set of
images with low model performance.

It can be observed that the first dataset has a higher number of
outliers for all metrics results. This higher incidence indicates greater
variability or dispersion in the obtained results. These outliers represent
unusual cases that significantly differ from the general patterns of the
results. The presence of more outliers can be attributed to various
factors such as the diversity of cell characteristics, image quality, the
presence of noise, or the complexity of the samples. These factors are
manifest as changes in color and texture, which are further analyzed
in Section 3.2. These deviations can pose special challenges for the
model and require to train a specific model to improve its results as
it will be seen in Section 3.2.

On the other side, it has to be noted that the value of the in-
terquartile range is almost the same in both datasets as can be seen
in Table 2. Despite the fact that DB1 has more outliers, the similarity
of the interquartile range indicates that the variability of the results,
excluding the outliers, is comparable in both datasets. This may suggest
similar cell detection characteristics in both datasets, which could be an
important finding in the analysis of the results.

In DB1, 19 out of its 100 images were outliers for at least one of the
four metrics. In DB2, 6 out of its 50 images were outliers with the same
criterion. This indicates that, apart of using simply the mean values or
even mean plus typical deviations, a finer analysis must be done to
gain insight of which images specifically lower the performance of the
model.

Examples of both types of images (normal and outliers) for both
datasets are shown in Section 3.2.

3.2. Statistical analysis and classical classifiers

The findings given in Section 3.1, even being globally acceptable
in terms of accuracy, precision and recall, reveal the presence of
low-performance cases (outliers) as shown in Figs. 2, 3, 4 and 5.

These cases(outliers) far below the average performance have a two-
fold effect: firstly a new case resembling these outliers is likely to yield
5

Table 3
Value of metrics for DB1 with ‘‘original model’’ and ‘‘specific model’’ respectively for
images with lower performance: average accuracy, average precision, average Recall
and F1-score.

Accuracy Precision Recall F1-score

DB1
(orig.model)

0.59 0.62 0.94 0.73

DB1
(spec.model)

0.67 0.71 0.94 0.80

Table 4
Value of metrics for DB1 with ‘‘original model’’ and ‘‘specific model’’ respectively for
images with higher performance: average accuracy, average precision, average Recall
and F1-score.

Accuracy Precision Recall F1-score

DB1
(orig.model)

0.73 0.75 0.97 0.84

DB1
(spec.model)

0.72 0.75 0.92 0.83

Table 5
Value of metrics for DB2 with ‘‘original model’’ and ‘‘specific model’’ respectively for
images with lower performance: average accuracy, average precision, average Recall
and F1-score.

Accuracy Precision Recall F1-score

DB2
(orig.model)

0.60 0.63 0.94 0.74

DB2
(spec.model)

0.73 0.74 0.98 0.83

Table 6
Value of metrics for DB2 with ‘‘original model’’ and ‘‘specific model’’ respectively for
images with higher performance: average accuracy, average precision, average Recall
and F1-score.

Accuracy Precision Recall F1-score

DB2
(orig.model)

0.71 0.73 0.96 0.83

DB2
(spec.model)

0.67 0.73 0.88 0.80

similarly poor results. Secondly they have contributed to the network
training process, which degrades the overall performance of the model,
even for the good cases.

Hence, our strategy is based on dividing the original data set into
two subsets: one containing the images with acceptable performance
and the other containing the images (outliers) with lower performance.

Then, a new deep learning model (formerly called the ‘‘specific
model’’) is trained using YOLOv5, with the subset containing the images
with lower performance. This new model retained the same network
structure and size as in the original model. However, there is a dif-
ference in the number of low-performance images which was much
smaller than the original sample size. Specifically, this category in-
cludes 19 out of the 100 images in DB1 and 6 out of the 50 images in
DB2 as was indicated in Section 3.1. This is insufficient for appropriate
training requiring the use of data augmentation techniques. To address
this lack of samples, 100 images were generated from the 19 in DB1
and 50 from the 6 in DB2 using data augmentation. This choice aimed
to keep the same sizes of each original sample for which these type of
models exhibited reasonable results.

Both, the new trained ‘‘specific model’’ and the ‘‘original model’’
are now applied to both subsets of images for each dataset: those with
higher performance from the original experiment and those with lower
values. Results for these two models applied to each subset of each
dataset can be found in Tables 3, 4, 5 and 6.

The results in Tables 3 and 5 show that the model trained specifi-
cally with the lower-performance subset outperform the original model
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when it is applied to its corresponding type of images. Also, Tables 4
and 6 show that this model slightly degrades its performance when
applied to the upper-performance subset. This outcome is not surprising
since more homogeneous training data lead to more accurate models.

The next step involves delving into why certain images perform
better in order to provide some insights useful for the histopathologists
about which causes provoke some images being poorly classified. This
will be achieved by training a simple classical classifier, specifically a
logistic regression model. This model will take features related to color
and texture as input and effectively segregate both subsets.

The choice of the features to classify the images is based on pre-
vious experience and guidelines valid for the general field of image
description and image recovery. A good reference to the general context
is [25]. Out final selection has been:

• As color features, the values of the bins of the normalized color
histogram of the Hue coordinate, independently of the intensities
and saturations. This histogram divided the full Hue coordinate
range into 10 bins.

• As texture features the following ones were tested:

– The Gabor energy features, described in [26]. This method
calculates the integral of the convolution of the image with
a Gabor filter, which is a Gaussian filter multiplied by a
2D-sinus function. Its parameters are the Gaussian support
size (which was taken as 9 pixels) and its 𝜎 value (taken
as 0.5). Gaussian filters are scaled (in our case, by factors
1, 2 and 3) and sinus function is rotated through several
orientations (in our case, 0◦, 45◦, 90◦ and 135◦). This gives a
total of 12 descriptors (product of number of magnifications
and number of orientations).

– The Gaussian Markov Random Field described in [27]. This
method assumes that the neighborhood of each pixel can
be modeled as a Markov random field, i.e. there is a linear
dependency between the value at each point and its neigh-
bor values and the residuals of the fitting to the model are
approximately Gaussian. Descriptors are the estimators of
the model parameters. The only parameter required is the
size of the local neighborhood to adjust the model, which
was taken as 4 pixels.

– The values of the morphological granulometry distribution
function with a horizontal linear structuring element. A de-
tailed description of the granulometry can be found in [28].
As a simple definition, a granulometry is the proportion of
the area of an image that remains after a morphological
opening with a given structuring element of certain size. It
intuitively represents the area of the shapes that fully con-
tain the structuring element. As the element gets larger the
shapes are progressively eliminated so a granulometry starts
at 1 (full image remains) for 0-size structuring elements
and ends at 0 (image completely vanishes) for a size of the
structuring element bigger than the biggest shape present in
the image. For this experiment the element starts at size 2
pixels and reaches 20 pixels in intervals of 2.

– The coefficients of the expansion of the former function in
a b-spline basis of functions. Since the former descriptor
is a function, it is common to smooth it by projection on
a function basis, being the most common the polynomial
b-splines. The number of basis functions was taken as 5.

– The values of the morphological granulometry with a verti-
cal linear structuring element. This is as before by changing
only the structuring element. It is a common practise when
using linear structuring elements to take always at least two
perpendicular orientations to take into account differently
oriented shapes.

– The coefficients of the expansion of the former function in
a b-spline basis of functions, for the same reason as before.
6

– The local spatial size distribution, as described in [29].
This is an improvement of the simple granulometry that
calculates its correlation with a version of itself displaced to
all points of a neighborhood of each point. It is more robust
and rotationally invariant. The structuring elements were
taken as before in size and limits and the neighborhood was
taken as a disk with radius 4 pixels.

This makes a total of eight sets of descriptors, comprising the color
descriptor and seven texture descriptors. Each of these descriptors can
be either included or excluded, leading to a collection of 28 = 256
possibilities. For both sets of images, specifically colon and breast
cancer images, a logistic classifier was trained for each of these 256
possible combinations.

Due to the relatively small sample size (100 images for colorectal
cancer and 50 for breast cancer), a bootstrap approach was employed.
In this approach, a logistic classifier is trained using all images ex-
cept one, and then applied to the remaining image. The classifier’s
performance is assessed by counting the number of correctly classified
remaining images. Despite the computational intensity of this task,
given the substantial number of models to be trained and tested,
the procedure remains entirely feasible. Each model is fitted using a
function available in the R programming language, taking just a few
milliseconds for completion.

From the pool of 256 possibilities, we selected those that achieved
perfect classification results, meaning that all remaining images in the
bootstrap were correctly assigned for both sets of images. It is worth
to note that color descriptors were included in all of these selected
combinations, although color alone did not yield perfect classification.
Finally, from the possibilities with perfect classification, the combina-
tion with fewer descriptors is selected. This combination comprised the
color histogram, Gabor energies, granulometry values using a vertical
linear structuring element, and corresponding values obtained with a
horizontal structuring element.

Graphical examples with the nuclei detected in terms of TP, FP and
FN are shown in Figs. 6, 7, 8 and 9.

Fig. 6 which corresponds to DB1 (colon cancer) shows a typical
example of an over-stained area that confuses the network, which inter-
prets isolated spots outside the tissue as cell nuclei whereas Fig. 7 is one
example of a normal case in which most nuclei are correctly detected.
In this second case the texture of the image is rather uniform and the
color is also similar to what it is expected for a slide appropriately
prepared and stained.

Fig. 8 taken from DB2 (breast cancer) is again an example of poor
detection with many false positives and false negatives but in this case
the errors are mostly caused by the lack of sufficient contrast between
the nuclei and the rest of the cell. Conversely, Fig. 9 shows nuclei highly
contrasted against the background and therefore easily detected which
puts this image in the group of those appropriate for the original model.

The choice of low level features found by the systematic tests done
with all possible combinations of features seems now sensible looking
at the examples: sometimes as in the case of Fig. 6 both, texture and
color are the most relevant factors. Also, and for this particular type
of images, texture is not oriented with micro-borders in any privileged
direction, so granulometries with vertical and horizontal linear struc-
turing elements are both important. In the second case of Fig. 8 the
reason for the poor performance is the lack of contrast, captured by
the features related with color distribution.

4. Conclusions

Digital histopathology has reached a substantial degree of maturity.
Automatic aids are now common to help the work of histopathologists.
Tools for automatic detection and classification are highly valuable in
diagnosis and prognosis but their blind application is discouraged, as
in any other field of medicine, due to the harmful outcomes they may
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Fig. 6. Example of image from the DB1 (breast cancer) where a low performance was obtained by the original model trained with YOLOv5. On the top (a) the ground truth data
vs the detected by the original model is displayed. On the bottom (b) a detailed detection is given in terms of True positives, False positives and False negatives.
provoke. The declared objective of Health 4.0, to provide patients with
better, more value-added, and more cost-effective healthcare services
while also improving the industry’s efficacy and efficiency cannot
be obtained without tools that not only automate the work but also
provide means to assess of the work done. Since final supervision of a
specialist is always necessary, providing tools to help doctors in routine
tasks like previous image classification is a must.

This work contributes to such task by providing a method to tune
a previously trained deep learning model: the outcome of the model
shows in which specific types of images is not performing well and
guides the choice of the sample to train a better model, specifically
tuned to improve the cases of poor performance. This fact improves
the behavior of the deep learning technique on the training set, but
7

it is also used to train a classical logistic classifier that discriminates
which model should be used for a new input image, thus establishing
a fast initial screening. Moreover, by visual observation of which new
cases are classified as more prone to worse results, the histopathologists
can determine the reasons to such behavior (bad staining techniques,
staining errors in a particular batch, . . . ) and propose corrective actions
for the future.

Also as further work we will consider the possibility of using not
only two but several models. This can be done either by dividing the
dataset into two groups, use a logistic regression and repeat the process
several times learning a sort of nested models, each of which refines
the former one or by choosing a number of groups and training a
multinomial classifier in a single step.
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Fig. 7. Example of image from DB1 (breast cancer) where a good performance was obtained by the original model trained with YOLOv5. On the top (a) the ground truth data
vs the detected by the original model is displayed. On the bottom (b) a detailed detection is given in terms of True positives, False positives and False negatives.
Also, it would be interesting to evaluate several user’s explanation,
in this case pathologists, for the classification made by the model as
worse and better performance images. This could be done through
interviews, questionnaires...etc. It would improve the trustworthiness
of the system.

CRediT authorship contribution statement

S. Pons: Writing – original draft, Validation, Software, Investi-
gation, Conceptualization. E. Dura: Writing – review & editing, In-
vestigation, Formal analysis, Conceptualization. J. Domingo: Writ-
ing – review & editing, Software, Methodology, Funding acquisition,
Conceptualization. S. Martin: Validation, Investigation, Data curation.
8

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to
influence the work reported in this paper.

Data availability

No data was used for the research described in the article.

Acknowledgments

This publication is part of the I+D+i project PGC type B with ref-
erence PID2020-117114GB-I00 funded by the Spanish Ministry of Sci-
ence, Innovation and Universities, MCIN/AEI/10.13039/501100011033
/.



Computer Standards & Interfaces 91 (2025) 103889

9

S. Pons et al.

Fig. 8. Example of image from DB2 (colon cancer) where a low performance was obtained by the original model trained with YOLOv5. On the top (a) the ground truth data vs
the detected by the original model is displayed. On the bottom (b) a detailed detection is given in terms of True positives, False positives and False negatives.
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Fig. 9. Example of image from DB2 (colon cancer) where a good performance was obtained by the original model trained with YOLOv5. On the top (a) the ground truth data vs
the detected by the original model is displayed. On the bottom (b) a detailed detection is given in terms of True positives, False positives and False negatives.
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