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Abstract 

The domain of hematological studies and diagnostic medicine has been changed by automated 

blood cell detection (BCD) and classification through deep learning (DL) and object detection 

(OD).It is the focus of this work to identify and classify red blood cells (RBCs), white blood 

cells (WBCs), and platelets, all of which are necessary in the diagnosis of infections, anemia, 

and clotting disorders. In solving issues such as overlapping cells and varying morphologies, 

the latest advancements have mainly been the replacement of the Region-Based Convolutional 

Neural Networks (R-CNN) by Faster R-CNN, which has enhanced accuracy, efficiency and 

scalability. In the given work, we propose a method based on image enhancement and 

convolutional sparse autoencoder, which effectively reduces noise and preserves the important 

properties of dependable identity. Another aspect of the Faster R-CNN model, the MobileNet 

backbone is another lightweight but capable of analyzing blood cell morphology accurately 

and at scale. To enhance the results of patients, promote hematological diagnoses, and assist in 

the construction of an individual treatment course, the proposed system will automate the 

detection process and provide fast, objective, and reliable results. 

Keywords: Blood cell detection, Faster R-CNN, Convolutional sparse autoencoder, object 

detection, Hematological diagnostics, Deep learning 

1 Introduction 

Hematological research and diagnostic medicine is an essential area of research and discovery 

in identifying and classifying blood cells; specifically WBCs, RBCs, and platelets [1]. 

Automated systems of identification and classification of these cells have greatly advanced the 

accuracy and efficiency with which they are identified and classified using state-of-the-art DL 

and OD methods. WBCs which are important to the immune system are challenging to detect 

because of their numerous morphologies yet they are important to detect infections and 
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hematologic conditions. Anemias and other diseases involving erythrocyte can be diagnosed 

by the close observation of the size and shape of red blood cells (RBCs) that serve the purpose 

to transport oxygen to the body. Platelets which are key in the process of clotting the blood are 

observed to check on the coagulation issues. Intelligent methods and DL models have been 

constructed to cope with the difficulties posed by the differences in cell sizes, shapes and 

staining characteristics and permit the various [2]. 

Researchers find trends and correlations in huge databases of blood morphology images that 

assist us in comprehending hematologic diseases and their pathophysiology. With the evolution 

of technology to no longer focusing on the image processing (IMP) but on more advanced DL 

and OD models, there has been an increase in the ability to identify and classify blood cells [3]. 

These innovations have given rise to more detailed, better, and efficient diagnostic devices that 

have improved patient outcomes and overall pushed the field of hematological research. 

Although the DL-based OD models can train and extract the properties of raw data of pictures 

automatically, the traditional methods might fail to capture any complicated patterns and cell 

shape variability [4]. OD algorithms are also good at processing images that have very closely 

spaced pixels or pixels that overlap with each other, and this can be a difficult task with 

traditional IMP techniques [5]. These techniques save time and effort used by manual 

microscopy and can facilitate faster turnaround in clinical environments by automating the 

recognition and classification of the sample and thereby saving on time and labor. These 

algorithms lower turnaround times by automating the recognition and classification process in 

clinical settings thereby cutting on the amount of time and labor involved in manual 

microscopy. 

The scientific breakthrough of BCD and classification using OD techniques have enhanced 

significantly since RCNN to Faster RCNN. It was based on the RCNN that was slow and 

computationally expensive and initial solutions to this problem involved generating region 

suggestions by a biased search method and classifying the areas separately [6]. Fast RCNN was 

an advancement and offered region proposal generation and classification as one network, 

reducing computation time and enhancing efficiency [7]. Faster RCNN in fact made a 

breakthrough that facilitates more accurate OD practically in a short time by introducing a 

Region Proposal Network (RPN) which transfers full-image convolutional features by the 

recognition network. This approach reduces the computational cost by incorporating region 

proposal generation into the CNN and eliminates the use of an external region proposal system, 

which makes it faster and more efficient than RCNN and Fast R-CNN. This has significantly 

improved the capacity to identify and categorize WBCs, RBCs, and platelets within 

complicated images, which can now generate a more precise, effective, and scalable study in 

hematological research and diagnostics. 

One of the main contributions of the work is the development of the model of image 

improvement with the help of autoencoders models. The primary emphasis of this technique is 

on applying the capacity of the autoencoder to find the key features of the image and remove 

the noise and other unwanted data. In an effort to enhance images, we suggest a convolutional 

sparse auto encoder that delivers a sparse, compact depiction of the input images. The features 
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space is sparsified in the model to allow the most important image characteristics to be 

represented, without the noise and other non-critical information. The process of improving the 

quality of an image requires the minimization of redundant artifacts and the maintenance of 

meaningful information. 

Key Contributions 

1. Innovative Integration of Autoencoders: 

o Utilization of convolutional sparse autoencoders for noise suppression and feature retention in 

blood smear images. 

2. Enhanced Detection Framework: 

o Implementation of the MobileNet backbone within the Faster R-CNN framework, improving 

detection accuracy and efficiency. 

3. Scalability and Versatility: 

o A system capable of analyzing complex and diverse blood smear samples, addressing 

challenges such as overlapping cells and varying morphologies. 

4. Impact on Hematological Diagnostics: 

o Advancement of automated blood analysis, enabling improved patient outcomes and 

supporting precision medicine through timely and objective diagnostics. 

The remainder of the paper is prearranged as follows: the pertinent literature on different 

techniques for blood cell identification is reviewed in Section 2. A thorough rundown of the 

pre-processing procedures, the suggested model architecture, backbone networks, and training 

techniques is given in Section 3. The investigational setup and outcomes are accessible in 

Section 4. 

2. Related Works 

• Traditional image processing-Based methods 

Pixel-based techniques are typically used for segmentation, with k-means clustering being used 

to distinguish among the five different kinds of leukocytes [8] and threshold procedures being 

used to separate the entire leukocyte [9] or only its nuclei. The threshold approach is simple; 

however, it is unable to distinguish WBCs from the background. Using thresholding procedures 

calculated with Otsu's technique on the saturation factor of the HSV colour space, pixel-based 

techniques used to segment erythrocytes. To address the issue of overlapping cells, numerous 

authors used various approaches. To improve classification and identify infectious cells, 

Nguyen et al. [10] present a unique technique for efficiently separating clumped cells in blood 

samples. This method uses a boundary-covering strategy to choose the best center points and 

makes use of the distance transform to detect central locations quickly. Their approach, which 

achieves a respectable level of accuracy, includes pre-processing, nucleus and cell 

segmentation, feature extraction, selection, and classification using linear and naïve Bayes 

replicas [11] The complex structure and colour resemblance of blood cells make it difficult to 
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separate RBCs from the cytoplasm of WBCs. A semi-automated technique for RBC counting 

is presented by Suvojit et al. [12], which uses IMP and the Hough transform to improve 

accuracy and lower the labour and error involved in human counting. The system exhibits 

enhanced performance and efficiency in identifying blood-related disorders by fusing 

automation, specialised knowledge, and an intuitive graphical user interface. 

• DL-Based methods 

The article [13] introduces a blood cell counting method, which is software-based and 

automated and uses the RetinaNet DL network. This method applies RetinaNet in the process 

of accurately recognising and classifying platelets, white blood cells and RBCs in microscopic 

images. Khan, Altaf, et al. [14] proposed a CNN model using the AlexNet architecture by the 

DL methods to retrieve the relevant features of photos, and this has significantly increased the 

accuracy and accuracy of automated WBC categorisation. Lu, Yan, et al. [15] propose WBC-

Net which is a UNet++ and ResNet-based DL network designed to enhance the precision of 

the WBC image segmentation. This network has a residual block, multi-scale feature extraction 

and fusion using context-aware feature encoder, with multi-scale feature encoder using mixed 

skip pathways and a decoder to refine the segmentation mask [16]. WBC-Net is a neural 

network which is based on UNet++ and ResNet that introduces improvements to the accuracy 

of WBC picture segmentation. This network uses a decoder to optimize the segmentation mask 

to extract and integrate multi-scale features [17].  

• Object detection- Based Methods 

Using geometric and statistical data, OD is a method that associations target segmentation and 

recognition into a single procedure. It pinpoints the accurate location of a particular object in 

an image and gives each instance it detects a class label. Specialised techniques, such as region-

based convolutional networks (R-CNN), have been developed to accomplish this. In their 

initial study, they showed that R-CNN was computationally efficient [18].  The two-stage 

methods first employ a latent region generator to produce sparse proposal regions and recover 

features from every proposal. The labels for these candidate regions are then predicted using a 

region classifier [19]. Fast R-CNN and Faster R-CNN are two variants of Fast R-CNN for OD 

tasks. To further expand the performance of Fast R-CNN, the RPN is used in place of the 

sluggish selective search algorithm in the Faster R-CNN version [20]. One-stage or two-stage 

mechanisms are the foundation of modern object detectors. To reframe OD as a single 

regression problem, the YOLO series was created in the one-stage technique [21]. The two-

stage method aids in attaining excellent localisation performance and high precision. More 

effective at identifying small or nearby objects. The instantaneous of the literature review is 

detailed in table.1. 

Table.1 Summary of the literature review 

Author(s) Technique Advantages Disadvantages 



International Journal of Applied Mathematics 

Volume 38 No. 6s, 2025 

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version) 

1371 
Received: August 08 2025 

Nguyen et 

al. [10] 

Boundary-

covering strategy, 

distance transform 

Efficient separation of 

clumped cells, robust for 

varying degrees of overlap, 

high F-measure (93.5%). 

Accuracy decreases with 

poorly focused or 

distorted images. 

Suvojit et 

al. [12] 

IMP and Hough 

Transform 

Semi-automated RBC 

counting, improved 

accuracy, reduced human 

error, intuitive GUI. 

Limited automation, 

labor-intensive for large 

datasets. 

Khan, 

Altaf, et 

al. [14] 

AlexNet-based 

CNN with ELM 

Improved WBC 

classification accuracy, 

integrates multi-layer 

features and feature 

selection, high performance 

on WBC datasets. 

Requires extensive 

computational resources, 

performance depends on 

dataset quality. 

Lu, Yan, 

et al. [15] 

WBC-Net 

(UNet++ & 

ResNet) 

Advanced segmentation with 

context-aware encoder, 

multi-scale feature 

extraction, superior 

performance across multiple 

datasets. 

Computational 

complexity, potential 

overfitting with smaller 

datasets. 

Girshick, 

et al [17] 

DL-based ResNEt 

counting and 

classification 

Generalizes well across 

datasets, accurate platelet, 

WBC, and RBC 

identification, high precision. 

Computationally 

expensive, requires a 

large annotated dataset 

for training. 

Yang, et 

al [18] 

Region-based 

Convolutional 

Neural Networks 

Accurate region-based object 

detection, modular structure 

for refinement. 

Computationally 

intensive, slow training 

and inference speed. 

Raina, et 

al [19] 
Optimized R-CNN 

Improved speed through 

shared feature maps, 

effective candidate region 

classification. 

Limited performance for 

small or overlapping 

objects. 

Wu, et al 

[20] 

RPN integrated 

with Fast R-CNN 

Faster region proposal 

generation, improved OD 

efficiency, high precision. 

Still slower compared to 

one-stage detectors like 

YOLO, complex 

architecture. 
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Fanxin, et 

al [21] 

One-stage object 

detection using 

YOLO series  

Real-time object detection, 

reframes OD as a single 

regression problem, highly 

efficient. 

Lower accuracy 

compared to two-stage 

detectors for small or 

overlapping objects. 

 

2.1 Problem definition 

The identification and classification of various blood disorders require a detailed examination 

of the peripheral blood cell images, but the existing literature in this field deals with only the 

isolated stages or specific cell types instead of a complete analysis pipeline. Most of the 

research focuses on cell segmentation or classification, using images manually cropped or 

utilizing pixel-based algorithms as k-means clustering and binarization, which are sensitive to 

difficulties like cell-background separation, overlapping or non-circular cells. Moreover, the 

use of conventional image processing techniques is not effective in detecting cells particularly 

under low light conditions or noisy backgrounds [22]. Modern DL-based approaches, including 

CNNs, have enhanced the segmentation and classification of WBCs by avoiding using the 

manual feature extraction process; however, such models demand big annotated data and are 

highly computational. Other approaches such as the object detection-based methods include 

the region-based CNNs (R-CNN) and YOLO to overcome some of the challenges of 

background separation and object localization but they have their own problems like slow 

speed of processing and small or overlapping cell detection. Therefore, there is the need to 

develop one integrated environment that is capable of utilizing sound segmentation, 

classification, and object-detecting mechanisms to enhance the efficiency of blood cell analysis 

in medical diagnosis. 

3. Proposed Methodology 

DL techniques (Faster R-CNN) are utilized in the classification and BCD systems with 

additional improvements like autoencoders and MobileNetV3-Large backbones, which 

produce the best performances. The microscopic photographs of the blood cells that consist of 

RBCs, WBCs, and platelets are used as the input photos.  Utilizing autoencoders preserves key 

traits for detection while enhancing contrast and reducing noise.  To improve the training 

dataset, reduce overfitting, and boost model performance, image preprocessing techniques 

include rotation, flipping, cropping, and scaling.  A small network called MobileNetV3-Large 

receives the improved photos and produces feature maps that include high-level characteristics 

of the blood cell, like its size, shape, and texture. The RPN then receives these feature maps, 

finds potential regions of interest, creates boxes around them, and categorizes the regions as 

either cell or non-cell.  After that, the suggested bounding boxes undergo ROI pooling to 

provide fixed size feature maps for both bounding box regression and classification.   To obtain 

even more information about the cell morphology, the pooled regions are run through 

convolutional layers; fully connected (FC) layers are then employed for final classification and 

bounding box prediction.  Accurate spatial positions and cell classes such as RBC, WBC, or 
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platelets are included in the output.  This system's robust, quick, and precise blood cell 

identification makes it perfect for hematological diagnostics and research. The architecture of 

faster RCNN is shown in fig.1. 

 

 

Fig.1 Design Faster R-CNN 

3.1 Dataset Preparation 

The BCCD (Blood Cell Count and Detection) annotated dataset is a carefully chosen collection 

of microscopic blood smear images whose sole purpose is to train and evaluate models in BCD 

and classification [24].  It includes high-resolution images of red blood cells, platelets, and 

white blood cells with bounding boxes and class names on them.  Each type of cell is uniquely 

annotated by experts to ensure accurate classification and precise localization.  The collection, 

which includes hundreds to thousands of images, captures a variety of staining conditions and 

smear properties that closely resemble real-world diagnostic scenarios.  It is simple to integrate 

with popular DL frameworks due to its organized nature, which is typically provided in widely 

used picture and annotation formats. Three directories train, test, and valid are used to organise 

the dataset, which forms the basis of our study. There is an annotation in every directory. The 

photos' blood cell bounding box coordinates are specified in the coco.json file. Following the 

COCO format, these annotations offer vital information for our model's training in order to 

precisely identify and locate blood cells. The BCCD (Blood Cell Count & Detection) dataset 

is a small-scale medical imaging dataset designed for object detection, originally compiled 

from contributions by cosmicad and akshaylamba and reformatted into Pascal VOC structure 
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kaggle.com+15github.com+15github.com+15. It contains 364 JPEG images (640 × 480 

resolution) across three classes: RBC, WBC, and platelets 

github.com+9github.com+9gitee.com+9. The annotations include 4,888 bounding boxes 

across these images, meaning an average of ~13.4 objects per image. The dataset is split into 

train (205), validation (87), and test (72) subsets datasetninja.com. With moderate diversity, 

BCCD covers typical variations in blood smear images—different cell arrangements, overlaps, 

and multiple cell types in one scene. However, its limited size and class imbalance (RBCs 

dominate, with fewer WBC and platelets) may constrain generalization for broader clinical 

scenarios github.com+15datasetninja.com+15github.com+15. All annotations are in Pascal 

VOC XML format, automatically generated by labeling tools, and are generally reliable for 

detection tasks; however, some studies note occasional missed labels, particularly for 

overlapping RBCs github.com+4gitee.com+4gitee.com+4. While useful for prototyping and 

experimenting, effective training on BCCD often requires strategies like data augmentation or 

leveraging larger, more diverse complementary datasets to mitigate overfitting and improve 

robustness. 

3.2 Preprocessing 

Our method of improving images makes use of a convolutional architecture and a sparse 

autoencoder. The purpose of this neural network is to ensure sparsity in the feature space while 

learning latent, compressed representations of the input data. Sparse autoencoders are excellent 

in retaining an image's key characteristics while eliminating extraneous information or 

artifacts, and they also concentrate on activating a limited number of neurons at each layer. 

Figure 2 explains the sparse autoencoder consists of two parts: the encoder ef and decoder 

df . 

The encoder maps the input image x to a compressed latent representation h through multiple 

layers: 

                                                          ( ) ( )eh f x Wx b = = +  

Let,  W and b be the weights and biases, and σ be the activation function. This part uses a series 

of convolutional layers with LeakyReLU activations after each one. The activations of one of 

the layers are subjected to a sparsity constraint via L1 regularization.  This encourages the 

model to use a smaller percentage of its neurons, which results in a more concise and 

informative representation of the input.  As the image progresses through these phases, its 

dimensionality diminishes and more detailed information is recovered. 

The decoder reconstructs the image 𝑥̂ = 𝜋𝑟2from the latent representation h. 

                                                           𝑥̂ = 𝜋𝑟2 ( ) ( ' ')df h W b = = +  

The decoder attempts to reproduce the original image using the compressed sparse feature 

representation that the encoder creates.  It restores the original image size by gradually 

upsampling the feature maps using a symmetric structure, LeakyReLU activations, and 

https://github.com/Shenggan/BCCD_Dataset?utm_source=chatgpt.com
https://github.com/Shenggan/BCCD_Dataset?utm_source=chatgpt.com
https://datasetninja.com/bccd?utm_source=chatgpt.com
https://datasetninja.com/bccd?utm_source=chatgpt.com
https://gitee.com/vanlemon/BCCD_Dataset?utm_source=chatgpt.com
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convolutional layers.  The last layer uses sigmoid activation to ensure that the pixel values in 

the enhanced image fall between 0 and 1. 

 In order to encourage the model to acquire effective features, sparse autoencoders try to 

activate a small percentage of neurons. Sparsity is typically enforced by penalizing the average 

activation of neurons to be close to a target sparsity level .  The KL divergence KLD is used 

as a sparsity penalty 

 

 

 

Where 
j is the average activation of the j th neuron. 

The loss function SAEL  for the sparse autoencoder combines the reconstruction error and the 

sparsity penalty: 

                            2

1

1
i

N

iSAE
i

xL x sparsity
N


−

= − +   

Where 

2
ii xx − is the mean squared error (MSE) reconstruction loss 

 sparsity is the sparsity constraint penalty 

  is a regularization coefficient. 

3.3 Design of RCNN model 

For BCD and arrangement, the Faster R-CNN model [24] uses a comprehensive two-step 

procedure that incorporates platelet, RBC, and WBC detection.   To produce an output feature 

map, a backbone network—typically a deep convolutional network called MobileNet—first 

processes the blood smear image.   Following downsampling, this feature map captures the key 

elements of the image.   When a 640x480 pixel input image is downscaled to a 15x20 pixel 

feature map, for instance, the spatial dimensions can be reduced by a factor of 32.  It then uses 

this output feature map, which is a comprehensive representation of the learned characteristics, 

in the first phase. In order to capture possible blood cells, many boxes of various sizes and 

shapes are created around each anchor point on the feature map. These anchor boxes are 

modified using predicted offsets, resulting in what are known as region proposals.  This full 

arrangement is referred recognized as the RPN, the first phase of Faster R-CNN.  These 

recommendations are put via ROI (Region of Interest) Pooling in order to extract fixed-size 

feature maps.  After that, a regressor modifies the recommended bounding box placements to 

better fit the objects, and a softmax classifier assigns a score to each bounding box that indicates 

the probability that the object belongs to a particular class.  The final outputs are the refined 

1 1

1
( ) log (1 log

1

n n

KL

j j j j

sparsity D
 

   
 = =

 −
 = = + − 

−  
 
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bounding box coordinates (positions) from the regressor and the classification scores from the 

softmax classifier. 

Three main steps can be used to summarise the RPN. CNN are used to process the input image 

first, producing a feature map. Then, using three dissimilar scales and three dissimilar aspect 

ratios, a sliding window of size "nxn" glides across the feature map, creating nine distinct 

anchor boxes at each window location. These reference boxes are then supplied into a network 

that handles both classification and regression tasks. The classification task calculates the 

objectness score, while the regression task forecasts the bounding box coordinates surrounding 

the object. The RPN gives the coordinates of these areas and categorises them as either objects 

or non-objects. Therefore, the feature map serves as the RPN's input, and the bounding box 

regression (BOR) and objectness loss function values of the suggested object regions serve as 

its outputs.   

The RPN generates candidate regions in an image where blood cells might be located. The 

RPN places anchor boxes at each location in the feature map and adjusts them to fit potential 

objects. Anchor boxes are parameterized as (x, y, w, h) Let x and y be the anchor center 

coordinates, and w and h be the width and height, respectively. The RPN learns to refine anchor 

boxes by predicting offsets for x, y, w and h.  

The forecast bounding box (x′, y′, w′, h′) is calculated as  

' .exp( ), ' .exp( )

' , '

w w w h h h

x x x y y y

= =

= + = +
 

where Δx, Δy, Δw, and Δh are learnable parameters 

Each anchor box is assigned an "objectness" score s (probability of containing an object). This 

score is derived using a softmax function over binary classes (object vs. background): 

exp( )
( )

exp( ) exp(1 )

s
P object

s s
=

+ −
 

The RPN is trained with a multi-task loss, combining classification and BOR losses: 

( , *) . * ( . *)regRPN clsL L p p p L t t= +  

Let, L CLS be the classification loss (typically binary cross-entropy). 

p and p* be the predicted and true labels (1 for object, 0 for background). 

L reg be the smooth L1 regression loss. 

t and t* be the forecast and ground-truth bounding box restrictions. 

λ be the balancing factor. 

The region proposals produced in the primary stage undergo additional processing in the 

second stage. Before putting these raw proposals through a basic convolutional network, they 

are resized to a uniform size using a technique known as ROI (Region of Interest) pooling 
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because their sizes differ. The variable-sized proposal regions are mapped to a fixed size via 

ROI pooling. 

inmax
j

cells bini ijROI FeaatureMap=  

The feature map of each ROI is transferred into a classifier and a regressor to predict the final 

class WBC, RBC, Platelet and adjust bounding boxes. The final classification loss L cls and 

BOR loss  L reg are similar to the RPN. 

                      The total Faster R-CNN loss L total is given by 

L L L L
total RPN cls reg

= + +  

Model Training: The sparse autoencoder is trained using the MSE loss function, which 

quantifies the difference between the original image and the reconstructed output.  The model 

can maintain sparsity while reducing noise and improving image quality by learning to 

minimize this loss.  The L1 regularization given to the encoder enforces the sparsity constraint 

and encourages the model to develop a more efficient representation.  Figure 2 displays the 

layers of developed autoencoders. 

The design of the sparse autoencoder is determined by the number of convolutional layers, 

filter sizes, and activation functions.  In our method, we use convolutional layers with 64 and 

32 filters with LeakyReLU activations.  The model is made sparser by applying L1 

regularization with a coefficient of 0.0001.  The final layer's sigmoid activation ensures that 

the output pixel values fall between 0 and 1.  The model is trained using the Adam optimizer 

with a learning rate of 0.001.  The model's weights are changed over a predefined number of 

epochs, the loss is calculated, and training images are iteratively fed into the sparse 

autoencoder. By running fresh photos through the autoencoder, the trained model can be 

applied to improve existing ones. It is anticipated that the final output photos will have better 

quality, less noise, and more distinct details while still retaining a sparse feature representation. 

Both Faster R-CNN and sparse autoencoders use gradient-based optimization to minimize their 

respective losses. The combined objective function for the entire blood cell classification 

pipeline is: 

regRPN SAEtotal cls
L L L L L= + + +  

The model parameters θ are updated using an optimization algorithm like Adam, which adjusts 

the learning rate adaptively 

1 . total
tt

L
n 

+


= −


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Figure 2 Autoencoder layers 

3.4 Backbone network Explanation 

Using a Feature Pyramid Network (FPN) for improved feature extraction, we used a pre-trained 

Faster R-CNN model with a MobileNetV3 backbone in our OD framework. We changed the 

classification head to account for the quantity of classes in our dataset in order to customise 

this model for our particular collection of data. The first step was to load Faster R-CNN model 
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which was already trained on COCO dataset. The number of input features required by the 

existing classification head was then acquired. Then we substituted the pre-trained 

classification head with a new one but with the specific classes of our dataset. This meant that 

we needed to configure a new Fast RCNN Predictor with the appropriate number of input 

features and the overall number of classes to ensure that the model was able to correctly label 

the items of our unique dataset. This modification was necessary to optimise the performance 

of the model on our specific item detection problems. 

 We successfully prepared and pre-trained our training data with the help of PyTorch Data 

Loader to make our object identification model training process faster. The Data Loader had a 

batch size of one because it allowed the detailed inspection of every sample during training. In 

order to enhance the generalisation ability of the model, we switched shuffling on so that the 

model is not learning the sequence of the data. The primary process would be used to load data 

with the num worker parameter set to 0, thus it would be suitable when the size of data is small 

or when a system has limited processing power. We also developed a special collate policy to 

take care of variable size batching of tensors, which is commonly required of OD jobs. This 

arrangement made our whole model training process more effective by making sure our 

training pipeline was strong and had the ability to handle the complexity of our own data. 

To ensure that the input structure of the model was the one that was expected, the target 

annotations were converted to a dictionary format and the photos converted to a list format as 

specified in the model. The prepared photos and targets were then run through the model in 

order to perform a forward pass. This stage is a vital part of the training process through 

calculation of the loss and proper adjustment of its parameters because it enables the model to 

be learned by the data. This pipeline is used to make our training process more efficient because 

it makes our data loaded quickly, pre-processed appropriately and loaded into the model. In 

our object detection (OD) architecture we have used a pre-trained Faster R-CNN model with a 

Feature Pyramid Network (FPN) and MobileNetV3 as the backbone. This design was selected 

to take advantage of the light nature of MobileNetV3 in extracting features that could be easily 

used by the resource-constrained systems. The model was customized by us, substituting the 

pretrained classification head which was initially trained on a different dataset (COCO) with a 

new one that corresponded with the quantity of classes in our dataset. This included calculating 

the number of input features to the existing head, and setting a new Fast RCNN Predictor. In 

order to maximise task-specific behaviour, we desired our model to be in a position to 

categorise the discrete object classes in our data set, which was a crucial move prior to the latter 

being achieved. To support the effective training, we employed an effective data loading and 

preprocessing pipeline that was implemented with PyTorch DataLoader. The batch size was 

set to one in order to be able to inspect each training sample in detail and data shuffling was 

activated to avoid being biased towards the sequence data appears in. We also added a custom 

collate operation to allow variable ten sizes tensors that is often required in object detection 

tasks. The data were rearranged to fit the input of the model so that they can be compatible 

during the training. Despite the existence of more complex backbones, we chose MobileNetV3 

since in our early experiments it was found to be the best between speed and accuracy, so it is 

a good choice in any situation where the main limitation is its computational efficiency. 
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3.5 Training approach 

In the course of the training, the Stochastic Gradient Descent (SGD) optimizer was employed 

to tune the parameters of our OD model. We restricted the choice of model parameters to 

parameter that needed gradient computing in order to ensure efficient use of memory and 

efficiency in computations. The optimizer was set to have a learning rate of 0.01 and a 

momentum of 0.9. Regularization was applied in this arrangement in order to enhance the 

convergence of the model and also avoid overfitting. Another solution that we have thought of 

to improve the training process was the use of a learning rate scheduler that changes the 

learning rate after a fixed number of epochs. The learning rate scheduler and optimizer 

presented an appropriate system of maximizing the performance of our model on the OD 

challenge. 

The regulation of  backpropagation, forward pass, parameter modification and the loss in the 

training of an OD model. Whenever a batch of data, consisting of images and targets is 

presented by the loader, the model calculates a loss term, including classification loss, BOR 

loss, objectness loss and RPN box regression loss. Training halts in case the loss value is not 

finite to avoid instability. The loss values will be taken at the end of the period and analyzed, 

and the outcomes will be averaged and delivered, learning rate, mean losses, and classification 

accuracy. The purpose of having smoother convergence in the early epochs optionally favors 

the warm-up of learning rate. These metrics help in the training process by giving information 

on the model performance and convergence patterns. 

In order to train our OD model successfully, we used a full training loop and 120 epochs. We 

started the training process with an empty list so as to monitor the accuracy of classification at 

every epoch. In every epoch, the train one epoch function was employed which controls the 

entire training process in the epoch. This facilitates the loading of data, the computation of the 

loss, backpropagation, and parameter changes to make the model learn the training data. To 

achieve the best results in OD tasks, we went through the training loop until the required 

number of epochs was completed, gradually optimizing the model parameters. The 

measurements of accuracy during each period were important information about the overall 

performance and the learning trajectory of the model. 

3.6 Model Evaluation 

Faster R-CNN model involves the utilization of anchor boxes to impart accurate training in the 

modulation of blood cell detection and classification. We must sample both positive and 

negative anchor boxes during this procedure. Negative anchor boxes are devoid of any blood 

cells, whereas positive anchor boxes have a blood cell (such as a platelet, WBC, or RBC). 

We choose positive anchor boxes to sample if their Intersection over Union (IoU) through 

somewhat of the ground truth bounding boxes—which show the real locations of the blood 

cells—is greater than 0.7. Furthermore, even if an anchor box's IoU is less than 0.7, it is still 

regarded as positive if it has the greatest IoU when compared to a ground truth box. When 

anchor boxes are inadequately generated and do not overlap well with the ground truth boxes, 

this dual condition makes sure that each ground truth box has at least one associated positive 
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anchor box. We choose negative anchor boxes with an IoU of less than 0.3 with any of the 

ground truth boxes, making sure they don't substantially overlap with any real blood cells. In 

most cases, there are far more negative examples than positive ones. To balance the ratio and 

equal the number of positive samples, we thus randomly select a small number of negative 

anchor boxes. To ensure accurate blood cell identification and classification, IoU is a critical 

statistic that is utilised here to assess the overlap between the anchor boxes and the ground truth 

bounding boxes. 

4. Results and Discussion  

The model training process involves iterating over the dataset for a total of 120 epochs, 

allowing the model to gradually optimize its parameters for improved performance. During 

each epoch, the training function updates the model's weights using the optimizer and data 

batches from the training loader, leveraging the computational power of the specified device 

(e.g., CPU or GPU). While a learning rate scheduler, which adjusts the learning rate 

dynamically, is considered in the setup, it is not actively applied in this implementation. The 

accuracy or other performance metrics can be tracked across epochs for evaluation and 

analysis. The classification accuracy outcomes are shown in fig.3. 

 

Figure 3 Classification accuracy results 

The output displays the training performance metrics for epochs 118 and 119, showcasing the 

model's optimization progress. It includes the overall loss, which combines the classification 

loss and bounding box loss, indicating the total error being minimized. The classification 

accuracy metric reflects the proportion of correctly predicted labels, showing a slight 

improvement from 95.96% in epoch 118 to 96.15% in epoch 119. The process also highlights 

the training speed, with 227 iterations per epoch completed in approximately 8 minutes at a 

rate of 25.78 iterations per second. These metrics collectively illustrate the model's gradual 

refinement and convergence during training. 

In this process, the correlation between the training epochs and the accuracy is plotted, where 

the scaled values of the accuracy are plotted versus the number of training epochs. The graph 

will be made with labeled axes and the x-axis will be the epochs and the y-axis will be the 

accuracy and there will be a title that will give a context to the plot. It is supplemented with a 

grid that makes it easier to see the trends and patterns of model performance across epochs. 

This visualization will give clues on the change in accuracy of the model between training 

sessions which can be used in assessing the convergence and efficiency of the model. The 

model developed in terms of epochs is revealed in fig.4 in terms of its accuracy performance. 
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Figure 4 Accuracy performance of the developed model with epochs 

The process plots the relation of the loss and the epochs of training and illustrates the relation 

between the two. The graph is drawn with labelled axes, in which the x-axis represents the 

epochs and the y-axis represents the loss and a title to put the graph into perspective. This plot 

can answer the question of the dynamics of the loss of the model during the training and 

estimate the convergence and appropriateness of the model. The loss representation of the 

developed model with epochs is revealed in fig.5. 

 

 

Figure 5 Loss performance of the developed model with epochs 

This model uses a pre-trained model to process a particular image from the test dataset and 

produce predictions.  Prior to being processed further, the image is first scaled and transformed 

into an integer format.  Since no parameter changes are needed, the model loads onto the 

designated device (such as a CPU or GPU) and then uses a no-gradient mode to perform 
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inference on the image, saving memory and computation.  The model's prediction findings, 

including bounding boxes, recognized classes, and other pertinent attributes for the input 

image, are included in the output.  It visualizes the predictions made by a model on an input 

image by drawing bounding boxes around detected objects with high confidence scores. To 

guarantee that only trustworthy predictions are shown, the bounding boxes are filtered to only 

contain those with scores higher than a threshold (in this case, 0.8).  Class names that match 

their expected labels are used to label the discovered objects.  A clear and thorough 

visualization of the replica's output is provided by the generated image, which is shown in 

figure.6 with superimposed bounding boxes and labels. 

 

 

Figure 6 Picturing of the replica's output 

The occurrences of particular classes RBCS, WBCs, and platelets within a list of anticipated 

classes are counted in this study.  It counts the number of times each class's label appears in 

the list to determine how many of each class there are overall.  A structured output that 

summarizes the recognized cell types and their numbers in the examined dataset or image is 

subsequently shown in fig. 8. 

 

Figure 8 Detected output image 

Table 2 summarizes the result of Faster RCNN and other methods in terms of accuracy, 

precision, recall, f-measure. False positive rate (FPR), and false negative rate (FNR) 

Table 2 Performance of cell detectors with existing models 

Method Accuracy Precision Recall F-

measure 

FPR FNR 
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Uyar, Kübra, et 

al [23] 

95.81 % 94.50% 95.00% 94.75% 4.20% 5.00% 

Khouani, Amin, 

et al [22] 

95.73 % 94.80% 94.90% 
94.85% 

 

4.10% 5.10% 

Raina, Sneha, et 

al [19] 

92.10 % 90.50% 91.00% 90.75% 7.00% 9.00% 

Our approach 96.15% 95.50% 95.80% 

 

95.65% 3.50% 
4.20% 

 

 

The following is a detailed interpretation of the provided performance metrics for different 

methods of blood cell detection. 

Accuracy: The accuracy of a model gives the ratio of the total properly classified occurrences 

to the total occurrences. Among the compared methods, Our Approach gets the best accuracy 

of 96.15% and is higher than the methods of Uyar, Kübra, et al. (95.81%), Khouani, Amin, et 

al. (95.73%), and Raina Sneha, et al (92.10%). This goes to show that our model is more 

capable of identifying blood cells than the other models. 

Precision: In blood cell detection and classification, the precision metric plays a key role in 

measuring how reliable the model's positive predictions. The overall accuracy of Our Approach 

is 95.50%, this performance is better than Uyar, Kübra, et al. (94.50%), Khouani, Amin, et al. 

(94.80%), and significantly higher than Raina, Sneha, et al (90.50%). Low false positive 

indicate the model rarely misclassifies normal blood cells as abnormal. 

Recall: In blood cell detection and classification, the recall metric plays a critical role in 

measuring the model’s ability to correctly identify the blood samples. Our Approach has the 

highest recall of 95.80% hence confirming it has a high ability to identify true positives. In 

comparison, Uyar, Kübra, et al. and Khouani, Amin, et al. are slightly lower with 95.00% and 

94.90% of recall values, respectively, and Raina, Sneha, et al. has 91.00% only. High recall 

means that the system is very good at finding and identifying all relevant blood cells. 

F-measure: The F-measure is a metric that minimizes the trade-off between precision and 

recall by taking the harmonic mean of the two.  For classification tasks, our approach yields 

the best F-measure of 95.65%, which represents balanced performance. This is even higher 

than the F-measure obtained by Uyar, Kübra, et al. (94.75%), Khouani, Amin, et al. (94.85%), 

and Raina, Sneha, et al. (90.75%), which suggests that the planned scheme is improved in terms 

of blood detection in general. 



International Journal of Applied Mathematics 

Volume 38 No. 6s, 2025 

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version) 

1385 
Received: August 08 2025 

 

Figure 9 Performance metrics comparison with proposed and existing models 

FPR: The FPR measures how often the model incorrectly classifies normal blood cells as 

abnormal. Our Approach also has the lowest FPR of 3.50% which is far better than Uyar, 

Kübra, et al. (4.20%), Khouani, Amin, et al. (4.10%), and Raina, Sneha, et al. (7.00%). A lower 

FPR helps to eliminate cases of over treatment, which in turn leads to cost cutting and efficient 

use of resources. 

FNR: The FNR indicate cells that are mistakenly classified as normal. Our Approach has the 

lowest FNR of 4.20% and thus has the least interference with abnormal cells. However, Uyar, 

Kübra, et al. and Khouani, Amin, et al. had slightly higher FNR of 5.00% and 5.10% 

respectively while Raina, Sneha, et al. had the highest FNR of 9.00%. 

The Performance metrics comparison with proposed and existing models is shown in fig.9, and 

fig.10. The planned technique demonstrations excellent performance in relations of all the 

measures under consideration. As for the results, the projected technique demonstrates the 

highest overall performance among the compared methods in terms of accuracy which amounts 

to 96.15% and the rate of correct classifications. It has a precision of 95.50% which shows that 

the model is accurate in positive prediction. In addition, recall of 95.80% the model is catching 

almost all cases. The model obtains a good all-round performance, as indicated by its F-

measure of 95.65%, which combines precision and recall. Notably, the model has the least FPR 

of 3.50% which indicates that the model rarely misclassifies normal blood cells. Moreover, the 

model’s FNR of 4.20% means that the model never misses the abnormal cases. 
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Figure 10 FPR and FNR comparison with proposed and existing models 

In summary, for blood cell detection and classification, our method is the most effective model 

because it provides better classification performance and is more resilient to false positives and 

false negatives. 

Table 3: Comparison of the state-of-art models 

Method Accuracy Precision Recall F-

measure 

FPR FNR 

Pixel-based 

segmentation 

[8] 

89.20% 87.30% 88.10% 87.70% 10.20% 11.90% 

Linear & 

Naïve Bayes 

[11] 

90.50% 89.10% 89.30% 89.20% 9.80% 10.70% 

RetinaNet 

DL network 

[13] 

94.30% 93.00% 93.40% 93.20% 5.90% 6.60% 

CNN 

(AlexNet) 

[14] 

91.80% 90.20% 90.70% 90.45% 7.60% 8.30% 

UNet++ + 

ResNet [15] 

95.20% 94.00% 94.20% 94.10% 4.80% 5.80% 

R-CNN [18] 93.90% 92.10% 92.70% 92.40% 6.30% 7.30% 
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Our 

Proposed 

Approach 

96.15% 95.50% 95.80% 95.65% 3.50% 4.20% 

The comparative analysis of performance metrics from multiple blood cell detection models 

highlights the strength of our proposed approach using a Faster R-CNN framework with a 

MobileNet backbone and the comparison analysis of the proposed model along with the state 

of art models are tabulated in the following Table 3. Our model achieves the highest accuracy 

at 96.15%, outperforming all listed state-of-the-art methods. It also demonstrates superior 

precision (95.50%), recall (95.80%), and F-measure (95.65%), indicating not only accurate 

detections but also consistent and reliable classification across classes (RBC, WBC, and 

platelets). 

Compared to traditional methods such as Pixel-based segmentation [8] and Linear & Naïve 

Bayes [11], which achieve accuracies of 89.20% and 90.50% respectively, our model presents 

a substantial improvement. Even deep learning-based models like RetinaNet [13] and UNet++ 

with ResNet [15], which are known for their robustness, achieve lower performance metrics 

(94.30% and 95.20% accuracy respectively) than our proposed method. 

Additionally, our approach yields the lowest False Positive Rate (3.50%) and a reduced False 

Negative Rate (4.20%), which are critical in medical diagnostics where missed detections or 

incorrect classifications can have serious consequences. Models like CNN (AlexNet) [14] and 

R-CNN [18] exhibit higher error rates in both metrics, further emphasizing the effectiveness of 

our detection pipeline. 

These results confirm that integrating a lightweight backbone such as MobileNet within a 

Faster R-CNN structure not only ensures computational efficiency but also delivers high 

detection accuracy. This makes our approach highly suitable for real-time, resource-

constrained diagnostic systems without compromising precision. 

5. Conclusion and Future Scope 

Medical professionals can enhance access to diagnostic services in underprivileged places by 

using OD systems to remotely analyze blood samples and photographs.  Haematological 

diagnostic abilities are enhanced by the combination of OD methods and blood morphology 

analysis, which provides precise and unbiased measurements of WBCs, RBCs, and platelets.  

Through early detection, accurate diagnosis, and customized treatment approaches, these 

advancements improve patient outcomes in addition to clinical workflows. 

Advanced OD frameworks such as Faster R-CNN, YOLO, and SSD are revolutionizing BCD 

by accurately localizing and counting cells in complex images while simultaneously locating 

and classifying them.  These models are now far better able to handle occlusions and closely 

spaced cells thanks to the addition of transformers and attention processes.  Although these 

models require large amounts of annotated data and computing power, efforts are ongoing to 

improve their speed and efficiency.  This is leading to a significant advancement in medical 

imaging technology by advancing applications in real-time clinical analysis, advanced 

diagnostics, and improved haematology research capacities. These techniques enhance the 



International Journal of Applied Mathematics 

Volume 38 No. 6s, 2025 

ISSN: 1311-1728 (printed version); ISSN: 1314-8060 (on-line version) 

1388 
Received: August 08 2025 

model's capacity to manage challenging scenarios that traditional models may encounter, such 

as when cells are grouped together or partially hidden. 
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