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Abstract— Accurate object counting in medical images is a
critical task for detect and monitoring various health conditions,
including tumor detection and cell counting. Traditional methods
of counting objects in images, often reliant on manual annotation
or basic image processing techniques, can be labor-intensive and
prone to human error, resulting in inconsistent and imprecise
counts. This study aims to address these challenges by leveraging
advanced machine learning techniques to enhance object
counting accuracy in medical imaging. Existing approaches
frequently fall short in handling complex image variations and
may lack the precision required for high-stakes medical
applications. Our proposed method utilizes state-of-the-art
machine learning algorithms to automate and improve the
precision of object counting, filling the gap in current
methodologies by providing robust solutions for diverse and
challenging medical imaging scenarios. The outcomes of this
study are crucial as they could significantly improve diagnostic
accuracy and efficiency, ultimately leading to better patient
outcomes and streamlined healthcare processes. Addressing this
problem is essential due to the growing need for reliable and
scalable tools in medical image analysis, which can help in making
timely and accurate medical decisions.

l. INTRODUCTION

The advancements in medical imaging have
revolutionized the healthcare sector, allowing more accurate
diagnoses and better treatment planning. However, despite
these technological strides, there are still challenges in certain
tasks, such as counting objects in medical images. Counting
objects such as cells, tissues, or other anatomical structures is
one of the essential tasks in diagnosis and monitoring
conditions such as cancer, cardiovascular diseases, and
infectious diseases. Traditionally, these tasks rely on manual
annotation by medical professionals or rudimentary image
processing techniques that are labor-intensive, time-
consuming, and prone to human error. It is therefore of the
utmost importance that consistent and accurate object
counting in medical images is necessary because minor
inaccuracies can significantly affect diagnostic outcomes and
treatment plans. Manual methods, however, are effective only
within a very specific context. If applied to the complexity
represented by medical images, they would present serious
limitations because of differences in quality of the images
themselves, size and density of objects, and subjectivity in the
human eye's interpretation. While the basic algorithms in
image processing are faster than manual ones, they often fail
when images are noisy and of low contrast because that is very
typical in medical images, especially for some modalities like
pathology, radiology, and histology. Medical images have an
intricate nature: objects can overlap or have irregular shapes,
which complicates counting tasks. These inconsistencies are
big risks in high-stakes medical accomplishments where
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precision is paramount. Recently, machine learning came to
be realized as a technological field that has significant
potential for automated tasks and enhancement, including
object counting. Machine learning algorithms, more
specifically deep models, have also achieved huge success
regarding image classification and segmentation and enabled
new opportunities by overcoming the existing shortcomings
of such traditional approaches. Similarly, the algorithms
would be trained on large datasets of labeled medical images,
such that it learns complex patterns and features which could
be hard for human observers to identify. Better accuracy
would be witnessed as a result of higher performance and
reliability in object counting tasks, especially in medical
applications, in which precision is not nurtured but is quite an
essential factor in diagnosis and treatment. The various
challenges in machine learning for object counting with high
precision in medical images hold much potential. This study,
therefore, explores and establishes a machine learning-based
methodology that significantly enhances the precision,
scalability, and efficiency of object counting in medical
imaging. Ultimately, it should help to increase the diagnostic
precision and decrease manual labeling burden while easing
workflows in healthcare in view of improving patient
outcomes.

Il.  LITERATURE REVIEW

A. Traditional Methods for Object Counting

The early approaches to object counting in medical images
have mainly been manual and some simple image processing.
Manual annotation requires a medical expert to go through an
image, visually, and count objects. This is usually done in
many applications in medical image analysis, such as the
counting of cells in histology images and tumor measurement
in oncology. However, though widely applied, manual
counting is very prone to human error and fatigue and,
therefore, subjective, raising possibilities of inconsistencies
among different observers and even institutions. Furthermore,
it is a very time-consuming process and cannot be scaled to
large datasets or high-throughput medical diagnostics.

The limitations of the manual approaches introduced a more
classical approach to image processing, aimed at automating
the counting. This therefore usually includes thresholding,
edge detection, and morphology to isolate objects within a
medical image that are to be counted. For example, techniques
like Otsu thresholding and Canny edge detection have been
widely used in biomedical image analysis for segmentation
and counting of cells or other structures of interest. However,
most of these methods perform badly in the case of noisy or
low-contrast images, which is, unfortunately, a common fact
in medical imaging. Besides, objects in medical images are



often of irregular shapes, maybe overlapping or embedded in
complex backgrounds, which results in traditional algorithms
working preferably with low precision.

B. Machine Learning in Medical Image Analysis

ML has brought a revolution to medical image analysis and
provides new ways of object counting that overcome
traditional methods' limitations. Medical imaging with the
help of ML started with supervised learning algorithms, where
models are trained on annotated datasets to recognize patterns
and make predictions. These models can learn complex
features from the data, improving the accuracy and
consistency of object counting tasks. For instance, classical
machine learning methods have recently used SVMs and
Random Forests to classify and count objects in medical
images. These, though, are still limited by the fact that they
depend on handcrafted features, most probably not
representing the full complexity of the medical images in
analysis.

C. Deep Learning for Object Counting

Deep learning, especially with Convolutional Neural
Networks, has taken medical image analysis to the next level.
CNNs are specially designed to process and analyze image
data for object detection, segmentation, and counting. Unlike
other machine learning models, CNNs automatically learn
features from raw image data without requiring manual
feature engineering. Cell detection and counting are one of the
major applications of CNN in object counting. The U-Net is a
fully convolutional neural network that was invented by
Ronneberger et al. for the segmentation of medical images and
has become one of the landmarks there. U-Net has always
been used whenever there is such a task concerning the
counting of cells in different histopathological images, where
actually the segmentation phase is of foremost importance to
ensure the identification of each cell. The huge success of U-
Net and its variants in medical image segmentation has raised
the precision and accuracy of object counting tasks.. Other
active learning approaches include Region-based methods,
which gained wide success lately. As in the R-CNN family,
where several deep architectures for object proposal have been
in practice, detecting and counting objects within complicated
medical images with deep architectures, e.g., by R-CNN, Fast
R-CNN, and Faster R-CNN. This region generation can result
in classifying regions followed by an overall count that
enables object proposals generation with targets in a precise
way. These techniques have proven to be especially successful
in counting objects that are densely packed or overlapping, a
typical problem in medical imagery, especially in applications
such as tumor detection or blood cell counting.

D. Recent Advances and Challenges

Even though there is significant development in using
machine learning to solve object counting issues in medical
images, there are still several challenges ahead. The major
problem is the requirement for large annotated datasets. Deep
learning models require very large amounts of labeled data for
high performance. Such datasets are often difficult to acquire
in medical imaging due to privacy issues, high annotation cost,
and the need for expert knowledge for accurate labeling.
Various techniques have been explored to handle this
challenge: data augmentation, synthetic data generation, and
transfer learning. Transfer learning especially has many
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applications in medical image analysis, where models trained
on large general-purpose datasets can be fine-tuned to perform
well on specific medical tasks with limited labeled data.

Another challenge is the generalization of machine learning
models for various medical imaging modalities and sites.
There will be high heterogeneity of images due to
technologies, protocols, and different source patient
characteristics that may exist between hospitals. Clinical
performance of an algorithm could result in over- or
underestimation when models learned in one dataset work on
data of different origins. The above-mentioned methods of
transfer of knowledge across domains by several proposed
domain adaptation techniques tend to mitigate this to a good
level; much research still has to be developed toward models
robust and applicable across diverse clinical settings.

I1l.  METHODOLOGY

Methodology: This outlines the approaches and
techniques used in this study to design a machine learning-
based object counting algorithm that will meet the accuracy
levels required for counting objects in a medical image. The
main problem to be addressed is providing a more robust, 3
high-precision model than the previously developed one for
automating object counting from complex medical images.
The challenges to be addressed include overlapping objects,
different object sizes, and image noise. This section describes
the dataset used, pre-processing, the machine learning models
implemented, and the evaluation metrics and procedures.

A. Dataset Collection and Preproccessing

A.1 Dataset Collection Data collection, that is
relevant and complete, is one of the most sensitive parts
in building any machine learning model. For this paper,
we utilized public medical imaging datasets, especially
ones with annotated images, which contained counts of
objects of interest, like cells, tumors, or any other type of
anatomical structures. We have used datasets from
reliable sources related to medical imaging: The Cancer
Imaging Archive and Broad Bio image Benchmark
Collection. These are collected focusing on the domains
of histopathology, radiology, and cytology.

Datasets were selected ensuring a wide group of
imaging modalities include:

* Histological images (used for cell counting)
* MRI and CT scans (for tumor detection and counting)

* Microscopic images (for counting blood cells or
bacteria)To ensure model generalizability, datasets were
chosen to cover diverse imaging modalities,
includingUnits

A.2 Data Annotation
These datasets have been pre-annotated with object
counts, a critical ingredient in any supervised machine
learning problem. Every image in the dataset includes
annotated marks showing both the number and locations
of the objects to be counted. Only a few datasets did not
have their annotations; we utilized semi-automated tools
to accomplish this task by having the outputs validated by
medical experts. It ensures that all labels are correctly



provided, which is an important aspect in machine
learning model training.

A.3 Data Preprocessing Medical images usually have to
be preprocessed to a considerable extent to make them
suitable for any machine learning model. In the following,
various preprocessing techniques will be applied: ¢ Resize
and Normalization: The images were resized to the same
resolution that would work for the input layer of the model.
Each pixel intensity was normalized to be between 0 and 1
for speeding up the convergence of the model. « Noise
Reduction: Proposed Gaussian filtering to remove the noise
from the image, which is mostly present in low-quality
medical images. This enhancement improves the clear view
of objects and hence accurate segmentation and counting. ¢
Data Augmentation: Since the datasets are small, various
types of data augmentation techniques were used, including
random rotations, flips, zooming, and contrast adjustments.
This, therefore, increases diversity in the training set and
enhances the robustness of the model.

B. MACHINE LEARNING MODELS
B.1 Model Selection

The key approach to machine learning in this study is
through CNNSs, which have been widely noted to be quite
successful in image analysis. More precisely, two deep
learning models have been implemented:

e U-Net: It is a deep learning network with an only
convolutional architecture that has been proposed for
biomedical image segmentation. U-Net possesses an
architecture containing both the paths of contraction and
expansion that makes it find objects of interest from cluttered
backgrounds. That also is a highly desirable feature
concerning object counting in medical images because, for
example, these objects may heavily overlap or vary highly in
size and shape. Faster R-CNN: Faster Region-based
Convolutional Neural Networks, or Faster R-CNN, is another
deep learning model considered state-of-the-art for object
detection and counting. This network has been applied when
the requirement arises to perform both detection and counting
in medical images, such as tumors in MRI images or cells in
histological images. The region proposal network used in
Faster R-CNN gives region-specific information, augmenting
the precision of object detection in general but particularly in
dense images.

B.2 Model Training

It has further been divided into three sets of 70% for
training, 15% for validation, and 15% for testing. These
networks have been trained on the training dataset using a
supervised learning method. Each of these models has been
initialized with weights pre-trained on the ImageNet dataset,
allowing it to be trained much faster and hence achieve better
accuracy with the principle behind transfer learning. The pre-
trained weights have been fine-tuned on our medical imaging
dataset. We employed Adam optimizer, initial learning rate
equal to 0.0001, with early stopping on a validation set against
overfitting for 100 epochs of training. In the U-Net model, the
loss function used was binary cross-entropy combined with
the Dice coefficient, which is ideal for segmentation tasks. For
Faster R-CNN, the multi-task loss function combining
classification loss and bounding box regression loss was
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used.3. EVALUATION METRICS For the performance of
our models, the metrics employed are: * Mean Absolute Error:
MAE gives the average error between predictions of counts
and actual object counts. It gives a very good idea of exactly
how far apart the model's predictions are from the ground
truth. loU: loU in Faster R-CNN was used to determine the
overlap between the predicted and true object bounding boxes.
It is one of the most critical metrics that determines how good
a model detects and localizes objects. * F1 Score: F1 Score
considers both precision and recall; hence, it was used for
classification and detection performance evaluation,
especially in cases where the classes are imbalanced. ¢ Dice
Coefficient: The U-Net model makes use of the Dice
coefficient in segmentation tasks for measuring the accuracy
of object segmentation and thus directly influences the object
counting accuracy.

C. POST-PROCESSING AND OBJECT COUNTING

Object counting is therefore a post-processing step after
models generate either segmentation maps or detection
bounding boxes. Segmented regions were identified for U-
Net, object counting was performed by connected component
analysis, where each Isolated component corresponds to an
object. Overlapping objects needed the use of watershed
algorithms to separate them for the sake of accurate counting.
For Faster R-CNN, it was quite straightforward to count the
objects because each detected region corresponded to one
object, and the total count was just the sum of the detected
objects.

D. VALIDATION AND CROSS-VALIDATION

The cross-validation will make the models robust and
conservative. We performed K-fold cross-validation with
K=5, which means dividing the dataset into five parts and
training the model using four of the parts while testing it on
the remaining one at each iteration. This guarantees that the
performance is preserved for the model across random
subsets of data.

IV. ALGORITHMS

In this work, two major machine learning algorithms were
implemented: U-Net and Faster R-CNN. Each of them was
designed for different aspects of object counting tasks in
medical images.

1. U-Net: This fully convolutional neural network was
applied for segmentation applications, which proved to be
very effective on densely packed or overlapping objects like
cells in histopathological images. The architecture consists of
a contracting path for down-sampling and an expansive path
for up-sampling. This allows precise localization. U-Net
outputs a segmentation mask. Connected component analysis
was applied to count individual objects.

2. Faster R-CNN: It represents a deep learning-based
object detection methodology. Faster R-CNN generates
region proposals through the region proposal network, which
are further refined for the identification or detection and
classification of objects. Each such detected object is further
counted according to the number of bounding boxes predicted.
This model worked pretty effectively, especially in counting
objects like tumors in medical imaging, providing both
localization and count.
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Fig. 1. Benchmark against other methods:
YOLOvV7, CenterNet, SSD Inception v2, Resnet 101

SSD Inception v2

V. LIMITATION

While our proposed approach demonstrates high accuracy in
cancer blood cell detection and counting, certain limitations
persist, particularly in challenging edge cases. Below, we
outline key issues encountered in real-world medical
imaging:

1. Occlusions and Overlapping Cells

e  Cancerous blood cells often cluster together,
making it difficult for models to distinguish
individual cells.

e  U-Net may struggle to segment occluded cells
accurately, leading to merged masks.

e Faster R-CNN and YOLOV7 might predict multiple
bounding boxes for a single occluded cell or miss
partially hidden ones.

Example: A failure case where two overlapping cells are
detected as one by Faster R-CNN.

2. Varying Contrast and Staining Variability

e Medical images can exhibit inconsistent contrast
due to variations in staining techniques,
microscope settings, and sample preparation.

e Models trained on high-contrast images may fail to
detect faint cells in lower-contrast regions.

e Contrast augmentation techniques (e.g., CLAHE,
histogram equalization) were tested but do not fully
resolve the issue.

¢ Example: A case where faint cancer cells were missed
due to low contrast.

3. Class Imbalance in Dataset

e  Cancer cell datasets often have an uneven
distribution of different cell types (e.g., fewer rare
malignant cells vs. abundant normal cells).

o  Deep learning models may become biased,
favoring the majority class, leading to poor
detection of rare cancerous cells.

e  Weighted loss functions and oversampling
techniques were applied but require further tuning
for optimal performance.

£ Example: Our model achieves 95.6% mAP on common
cells but drops to 78.4% mAP on rare malignant cells.
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4. Computational Efficiency and Deployment Concerns

e Faster R-CNN is computationally expensive,
making real-time analysis challenging.

e YOLOV7 is faster but sacrifices some precision in
small object detection.

e Edge deployment (on mobile or embedded
systems) remains a challenge due to high memory
and processing requirements.

VI. RESULT

The proposed machine learning-based models, comprising U-
Net and Faster R-CNN, showed considerable enhancements
in object counting within medical imaging based on different
sets of datasets. For instance, further experimentation with
the U-Net for segmentation problems, like cell count in
histopathological studies, reflected good results, as reflected
in high segmentation precision, e.g., the Dice coefficient
value 0.92. Thereafter, a connected component analysis
applied managed to give merely a mean average error of 2.3
objects for an image that reflected good performance even
when there were several objects and the possibility of
overlaps. Faster R-CNN, for example, applied to object
detection tasks like tumor counting on MRI and CT scans,
achieved an loU of 0.85 with an MAE of 1.7 objects per
image, indicating very accurate detection and counting. This
constitutes generalization across a wide range of imaging
modalities, with many maintaining high precision even in
images that were noisy or of low contrast. Overall, both
models significantly outperformed the conventional methods
by a large margin in reducing errors and manual efforts
involved in object counting, thereby demonstrating their
potentials to improve diagnostic accuracy and efficiency in
medical image analysis.

VII. CONCLUSION

This study demonstrates that the use of state-of-the-art
machine learning techniques, such as U-Net and Faster R-
CNN, is quite effective in high-precision object counting
within medical images. Most traditional approaches, being
restricted to manual efforts and simple image processing
techniques, cannot cope with the complexity and variability of
medical data. In contrast, the implemented models provided
significant improvements in accuracy, particularly for
challenging scenarios such as overlapping objects or noisy
images. U-Net performed better in segmentation tasks, which
made it highly suitable for counting densely packed objects
such as cells, while Faster R-CNN was effective in the
detection and counting of distinct objects such as tumors.
These results, with low mean absolute errors and high
accuracy in segmentation/detection, demonstrate the potential
of these machine learning models to reduce manual workload
and enhance diagnostic precision in medical imaging. Future
studies can be done on model generalization across different
imaging modalities and possible clinical applications in real-
time. This will open a new avenue toward developing scalable,
automated, highly reliable medical image analysis tools
contributing toward improved patient care.
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