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ABSTRACT 

This study presents a reproducible end-to-end deep learning pipeline for proof-of-concept classification of 

anemia-related and control-like blood cell images using a publicly accessible online dataset. The workflow 

integrates online data download, automatic extraction, dataset restructuring, class balancing, 

augmentation-enhanced preprocessing, transfer-learning-based model training, visualization, and 

structured metric generation within a single executable framework. A balanced binary dataset was 

constructed to reduce the effect of severe class imbalance, and augmentation strategies, including flipping, 

rotation, color jitter, and affine transformation, were applied only during training. A ResNet18-based 

classifier showed strong convergence under a fixed random seed and single train-validation-test split. On a 

small held-out test subset of 32 images, all images were correctly classified. However, this result should be 

interpreted cautiously because the test subset was small, no cross-validation or external validation was 

performed, and performance on limited balanced data may overestimate generalizability. Class-

distribution plots, representative sample panels, learning curves, confusion matrices, prediction files, and 

metric summaries support transparent inspection and reproducibility. The main contribution of this study 

is a reproducible engineering workflow for blood-cell image classification, rather than a claim of 

algorithmic novelty or clinical readiness. 

Keywords-blood cell image classification; deep learning; reproducible pipeline; data augmentation; class 

balancing; ResNet18; hematology imaging; medical image analysis 

I. INTRODUCTION 

Anemia and related blood disorders continue to represent a 
major global health burden. Recent estimates indicate that 
anemia affects a substantial proportion of the world population, 
particularly children, women of reproductive age, and pregnant 
women, while inherited red blood cell disorders such as sickle 
cell disease also remain highly prevalent in many regions [1]. 
These trends highlight the need for scalable and reliable 
computational tools that can support blood-cell image analysis 
and enable earlier, more consistent screening workflows. 

Microscopic blood-smear examination remains one of the 
most widely used approaches for assessing red blood cell 
morphology and identifying abnormal cellular patterns [2, 3]. 
Despite its diagnostic importance, manual interpretation is 
time-consuming, labor-intensive, and subject to inter-observer 
variability. These limitations become more pronounced when 
large volumes of images must be screened or when specialist 
expertise is limited. As a result, automated image-based 
methods have become increasingly attractive for assisting 
hematological analysis. 

Deep learning is effective in medical image analysis 
because it can learn discriminative features directly from raw 
images [4]. For blood-cell morphology assessment, 
Convolutional Neural Networks (CNNs) can capture subtle 
differences in shape, contour, texture, and structure, making 
them suitable for anemia-related red blood cell classification. 
Prior studies have used both conventional machine learning 
and deep learning methods for automated blood-cell 
classification [5, 6]. However, earlier approaches often 
depended on hand-crafted features, dataset-specific 
preprocessing, and limited validation designs. 

With the increasing adoption of deep learning, CNNs have 
become a dominant approach for blood-cell image 
classification [7, 8]. Recent anemia-screening work has also 
explored adaptive filtering with deep CNNs to improve red 
blood cell image analysis and support automated anemia 
detection [9]. Architectures such as ResNet, MobileNet, 
AlexNet, VGG, EfficientNet, and transformer-based variants 

have been applied to erythrocyte morphology recognition and 
related medical image classification tasks. These models can 
learn discriminative spatial and texture features directly from 
raw images, although limited dataset size and restricted sample 
diversity remain common constraints. 

Another important direction in the literature is the use of 
hybrid and ensemble classification systems, feature selection, 
and deep feature fusion methods [10-13]. Some studies 
combine CNN-based feature extraction with traditional 
classifiers [14], while others explore ensemble strategies to 
improve robustness and predictive accuracy. Lightweight 
models are also important for computationally constrained 
environments. However, many studies remain focused on final 
model accuracy rather than on the transparency and 
reproducibility of the full experimental pipeline. 

More recent research has moved beyond simple binary 
classification toward multi-class settings, anomaly-aware 
prediction, explainable AI-based interpretation, and healthcare-
monitoring frameworks [15-17]. Techniques such as Grad-
CAM, LIME, and feature visualization can highlight image 
regions influencing model predictions and may improve 
interpretability. Nevertheless, several recurring limitations 
remain across the literature: inaccessible or limited datasets, 
severe class imbalance, insufficient evaluation uncertainty, lack 
of external validation, and insufficient reporting of 
preprocessing and split reproducibility. 

This work aimed to address these issues by developing a 
reproducible end-to-end deep learning pipeline for the 
classification of anemia-related and control-like blood-cell 
images using publicly accessible online data. The main 
contribution of this paper is system-level integration and 
reproducibility. First, the workflow integrates data download, 
preprocessing, augmentation, training, evaluation, 
visualization, and export in one implementation. Second, it 
introduces a balanced experimental setting to reduce the direct 
effect of class imbalance, while acknowledging that this 
balanced setting is not equivalent to real-world clinical 
prevalence. Third, it reports a broad set of evaluation metrics 
and visual outputs. Fourth, it explicitly discusses limitations 
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related to small test size, lack of cross-validation, possible 
sampling bias, and the need for external validation. 

II. METHODOLOGY 

A. Proposed Framework 

The proposed framework was developed as a unified 
pipeline for automated classification of blood-cell images into 
two categories: anemia-like and control-like. Rather than 
treating model training as an isolated step, the framework 
integrates all major stages of the experimental process, 
including data download, restructuring, balancing, 
preprocessing, training, validation, testing, and result export. 
This design was chosen to ensure that the workflow remains 
consistent, traceable, and easy to reproduce. A key objective 
was to improve methodological transparency. For this reason, 
the pipeline was designed to generate not only numerical 
outputs but also visual outputs at different stages of the 
experiment. These include representative images from the 
training, validation, and test subsets, class-distribution plots, 
loss and accuracy curves, confusion matrices, and metric bar 
charts. By combining classification with visual inspection and 
structured reporting, the framework supports a more 
interpretable and credibility-oriented evaluation process. 

The overall workflow, shown in Figure 1, begins with 
online dataset download and automatic extraction. The 
acquired images are then reorganized into task-specific classes 
and balanced to reduce class skew. The processed dataset is 
partitioned into training, validation, and test subsets, followed 
by deterministic preprocessing for all subsets and random 
augmentation only for the training subset. A transfer-learning 
model is then trained, validated, and evaluated, and the final 
outputs are exported as image files and structured metric 
reports. In this way, the proposed framework functions as a 
complete computational pipeline rather than a model-only 
solution. 

 

 

Fig. 1.  Overview of proposed blood-classification pipeline. 

B. Dataset Acquisition and Construction 

The dataset used in this study was obtained from a publicly 
accessible online source [18] and downloaded directly within 
the computational workflow. After the download stage, the 
compressed archives were extracted automatically, and all valid 
image files were identified for further processing. This 
automated acquisition step reduced manual intervention and 
ensured that the experimental pipeline could be rerun from the 
original downloadable sources. 

The raw downloaded data were not immediately suitable 
for direct model training because the images originated from 
different collections and showed substantial class imbalance. 
The extracted images were reorganized into two task-specific 
categories, denoted as anemia-like and control-like. The class 
distribution was inspected during preprocessing to identify 
imbalance before constructing the final balanced dataset. Since 
the control-like category contained more images than the 
anemia-like category, the majority class was downsampled to 
match the minority class. After balancing, the final dataset 
contained 158 anemia-like images and 158 control-like images, 
having a total of 316 images for binary classification. 

Downsampling was selected for this proof-of-concept 
experiment because it created a simple and controlled balanced 
setting in which both classes contributed equally to training and 
evaluation metrics. However, this choice also reduces majority-
class diversity and may not reflect real clinical prevalence. 
Alternative strategies such as class weighting, focal loss, 
oversampling, and synthetic augmentation may preserve more 
information and should be assessed in future work. 

To reduce the risk of data leakage, partitioning was 
performed at the image level before training augmentation was 
applied. Random augmentations were applied only to the 
training subset, while validation and test images were 
processed using deterministic resizing and tensor conversion 
only. Filename-level checking was performed during dataset 
restructuring. Duplicate and near-duplicate microscopy images 
remain an important threat to validity because visually similar 
images may arise from the same acquisition setting and could 
inflate performance estimates if present across training, 
validation, and test subsets. 

C. Data Partitioning Strategy 

After balancing the dataset, the images were partitioned 
into training, validation, and test subsets using a 70:20:10 split. 
This produced 221 training samples, 63 validation samples, and 
32 test samples. The test subset contained 15 anemia-like 
images and 17 control-like images. Because the held-out test 
set contained only 32 images, the results should be interpreted 
cautiously; even perfect test-set classification would not by 
itself confirm robust generalization. Training images were used 
for weight optimization, validation images were used to 
monitor model behavior and select the best epoch, and the test 
subset was reserved for final performance assessment. The 
held-out test set was used only once after validation-based 
model selection and was not used during training, 
augmentation, and hyperparameter tuning. 
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Random shuffling was performed using a fixed seed before 
partitioning so that the same train-validation-test split could be 
recreated across repeated runs of the workflow. The reported 
results correspond to one fixed-seed run and one fixed split. 
Cross-validation, bootstrapping, and multiple independent 
training runs were not conducted in the current version. 

The validation subset was used for model selection. The 
network state achieving the highest validation accuracy was 
retained as the best model. This separation reduces direct test-
set leakage, but it does not remove the broader limitations 
associated with small test-set size and single-split evaluation. 

D. Preprocessing and Data Augmentation 

All images were resized to 224×224 pixels before model 
training to standardize input dimensions and ensure 
compatibility with the selected architecture. Training-only 
augmentation was applied to improve generalization and 
reduce overfitting, including horizontal flipping, controlled 
vertical flipping, rotation, color jitter, and affine 
transformation. Validation and test images received only 
deterministic resizing and tensor conversion, with no random 
augmentation, ensuring stable and fair evaluation. 

E. Network Architecture 

A ResNet18 network, pretrained on ImageNet, was used as 
the classification backbone. ResNet18 was selected because it 
provides a suitable balance between feature representation and 
computational efficiency for a relatively small blood-cell image 
dataset. Transfer learning was used instead of training a model 
from scratch, allowing the network to reuse visual 
representations learned from large-scale image data. This 
improved optimization efficiency and reduced the amount of 
task-specific data required. 

The original fully connected layer was replaced with a two-
class output layer for predicting anemia-like and control-like 
images. The pretrained convolutional feature extractor was 
retained, while the final classification layer was adapted to the 
target task. This choice also supported reproducibility because 
ResNet18 is widely available, computationally accessible, and 
commonly used in image classification research. 

F. Training Procedure 

The network was trained using cross-entropy loss, which is 
appropriate for supervised two-class classification. 
Optimization was performed using the Adam optimizer with a 
learning rate of 1×10–4, supporting stable convergence during 
transfer learning. Training was conducted over multiple 
epochs, with training loss, training accuracy, validation loss, 
and validation accuracy recorded at each epoch to monitor 
convergence behavior and identify possible overfitting. The 
final model was selected based on validation performance, 
where the network state with the highest validation accuracy 
was retained as the best model and used for final test 
evaluation. This avoided selecting the model based on test-set 
performance. Learning curves for loss and accuracy were also 
saved automatically to provide a visual summary of training 
stability, validation behavior, and overall convergence. 

G. Visualization and Output Generation 

The proposed workflow integrates visualization and output 
generation to support transparency and reproducibility. 
Representative image panels are generated from the training, 
validation, and test subsets to inspect image appearance, class 
characteristics, and subset composition. Class-distribution plots 
are also produced to verify the balanced structure of the 
dataset. At the model level, the framework generates and 
automatically saves learning curves, confusion matrices, and 
performance bar charts to summarize convergence behavior, 
class-level prediction behavior, and overall classifier 
performance. The workflow also supports visualization of 
incorrectly predicted test samples where misclassifications 
occurred, enabling inspection of potential failure cases. These 
visual and structured outputs make the pipeline easier to audit, 
interpret, and reproduce. 

H. Evaluation Metrics 

The proposed framework was evaluated using multiple 
performance metrics to provide a more informative assessment 
than accuracy alone. Standard measures include accuracy, 
precision, recall, and F1-score, supplemented with balanced 
accuracy, specificity, sensitivity, Matthews correlation 
coefficient, Cohen's kappa, and ROC-AUC to better 
characterize class-level performance, agreement, and threshold-
based separability. Confusion-matrix analysis is also used to 
show the distribution of true positives, true negatives, false 
positives, and false negatives. In addition, all predictions, 
summary metrics, classification reports, and visual figures are 
automatically exported as structured files. This ensures that the 
evaluation outputs could be inspected, reused, compared, and 
reproduced in future experiments. 

III. EXPERIMENTAL SETUP AND EVALUATION 

METRICS 

Baseline models, including InceptionV3, MobileNetV2, 
ShuffleNetV2, and ResNet50, were compared using the same 
split, preprocessing, augmentation policy, training procedure, 
and evaluation metrics. These models were selected to 
represent commonly used convolutional image-classification 
backbones with different characteristics: InceptionV3 as a 
multi-scale convolutional architecture, MobileNetV2 and 
ShuffleNetV2 as lightweight efficient models, and ResNet50 as 
a deeper residual model to compare with the compact 
ResNet18 framework. The comparison was treated as 
indicative rather than a definitive architecture-ranking study. 
All models used the same fixed 70:20:10 split, 12 epochs, 
Adam optimizer, learning rate of 1×10⁻⁴, batch size of 16, 224 
× 224 input size, training-only augmentation, validation-based 
model selection, and the same held-out test set. 

TABLE I.  TRAINING CONDITIONS OF THE PROPOSED 
AND BASELINE MODELS 

Model Training conditions Evaluation 

InceptionV3 Same as the proposed framework Same held-out test set 

MobileNetV2 Same as the proposed framework Same held-out test set 

ShuffleNetV2 Same as the proposed framework Same held-out test set 

ResNet50 Same as the proposed framework Same held-out test set 

Proposed 

ResNet18 
Same fixed protocol Same held-out test set 
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IV. RESULTS AND DISCUSSION 

The proposed framework showed stable convergence, with 
training accuracy of 94.12% and validation accuracy of 80.95% 
in epoch 1. Validation accuracy increased to 85.71% in epoch 2 
and 98.41% in epoch 3, with later epochs reaching full 
validation accuracy, while validation loss decreased from 
0.3581 to 0.0072. These trends indicate stable optimization, 
improved prediction confidence, and progressive learning of 
discriminative blood-cell features, as shown in Figure 2. 

 

 

Fig. 2.  Training and validation accuracy curves. 

The final performance on the held-out test subset was 
strong in this fixed-split proof-of-concept evaluation. All 32 
held-out test images were correctly classified, corresponding to 
100.0% accuracy. Other evaluation measures, including 
balanced accuracy, precision, recall, F1-score, specificity, 
sensitivity, Matthews correlation coefficient, Cohen's kappa, 
and ROC-AUC, also reached their maximum values in this run. 
However, since the held-out test set contained only 32 images, 
uncertainty remains substantial. For the observed held-out test 
accuracy of 32/32 correct classifications, the approximate 95% 
exact binomial confidence interval is 89.1–100.0%. This wide 
interval shows that the fixed-split result remains statistically 
uncertain and should be interpreted cautiously. Table II 
presents a comparison of classification accuracy between the 
proposed framework and baseline deep learning models, 
obtained from the final predictions on the same held-out test set 
after validation-based model selection. The proposed 
ResNet18-based framework achieved the highest accuracy 
among the compared models in this experimental setting. This 
may be because ResNet18 is less prone to overfitting than 
deeper models in this small-dataset setting. However, this result 
is dataset-specific and should not be interpreted as general 
superiority over deeper or more recent architectures. 

TABLE II.  ACCURACY COMPARISON OF THE PROPOSED 
AND BASELINE MODELS 

Model Accuracy 

InceptionV3 0.8304 

MobileNetV2 0.8371 

ShuffleNetV2 0.8594 

ResNet50 0.8728 

Proposed ResNet18 1.0000 

 

 

Fig. 3.  Confusion matrix. 

The confusion matrix further confirmed the observed test-
set performance. As shown in Figure 3, all test images were 
correctly classified and no false positives or false negatives 
were observed in this held-out subset. Specifically, all 15 
anemia-like images and all 17 control-like images were 
assigned to their correct classes. This explains the perfect 
values obtained for specificity, sensitivity, Matthews 
correlation coefficient, Cohen's kappa, and ROC-AUC in the 
reported run. Figure 4 shows representative correctly classified 
held-out test samples, where each image is displayed with its 
ground-truth and predicted label. These examples provide 
qualitative support for the reported test-set results and allow 
visual inspection of the test images used in the final evaluation. 

A strength of the proposed framework is that the reported 
performance was obtained after explicit class balancing and 
training-only augmentation. This is important because the 
original dataset was skewed toward the control-like class, 
which could have produced biased performance estimates if 
left unaddressed. The balanced setting allowed both classes to 
contribute equally to training and evaluation metrics. 

Despite these promising findings, the results should be 
interpreted with caution. The final test subset contained only 32 
images, including 15 anemia-like and 17 control-like samples. 
Therefore, despite the perfect test performance is encouraging, 
it should be viewed as proof-of-concept evidence rather than 
definitive evidence of broad clinical generalization. 

V. LIMITATIONS AND THREATS TO VALIDITY 

This study has some important limitations. The held-out test 
set contained only 32 images, so the reported fixed-split 
performance should be interpreted as proof-of-concept 
evidence rather than robust clinical validation. The 
approximate 95% exact binomial confidence interval for the 
observed 32/32 held-out test accuracy is 89.1–100.0%, further 
highlighting the uncertainty caused by the small test subset. 
The evaluation was based on one fixed seed and one train-
validation-test split, without cross-validation, bootstrapping, or 
repeated independent runs, meaning that the results may be 
sensitive to data partitioning and training variability. The 
dataset was also artificially balanced through downsampling, 
which reduced majority-class diversity and may not reflect real 
clinical prevalence. In addition, no external validation was 
performed across independent datasets, acquisition protocols, 
staining conditions, scanners, or clinical populations. 
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Fig. 4.  Representative correctly classified held-out test images with Ground-Truth (GT) and Predicted (Pred.) labels. Panels (a–d) show anemia-like samples, 

and panels (e–h) show control-like samples. 

Although training augmentation was separated from 
validation and test preprocessing, possible duplicate or near-
duplicate images remain an important threat to validity in small 
public microscopy datasets. The current workflow also lacks 
augmentation ablation, Grad-CAM, feature visualization, and 
detailed interpretability analysis. Finally, the baseline 
comparison should be considered indicative unless all models 
are trained under identical splits, augmentation policies, 
training schedules, and hyperparameter settings, ideally with 
repeated runs and statistical testing. 

VI. CONCLUSION AND FUTURE RESEARCH 

This paper presented a reproducible end-to-end deep 
learning framework for proof-of-concept blood-cell image 
classification using publicly accessible data. This study 
addressed the need for transparent and reproducible workflows 
in anemia-related image analysis by integrating dataset 
download, extraction, class balancing, augmentation-enhanced 
preprocessing, transfer-learning-based classification, 
visualization, and metric generation within a single executable 
pipeline. Under a fixed-seed single-split evaluation, the 
ResNet18-based model correctly classified all 32 held-out test 
images, demonstrating feasibility in a controlled proof-of-
concept setting. The main contribution is a reproducible 
engineering workflow rather than a new classification 
architecture or evidence of clinical readiness. The findings 
should be interpreted cautiously because the test set was small, 
no cross-validation or external validation was performed, and 
rigorous duplicate screening remains future work. Future 
studies should validate the workflow using larger and more 
diverse datasets, perform repeated-run and cross-validation 
analysis, compare class-balancing and augmentation strategies, 
evaluate external datasets, incorporate Grad-CAM or related 
explainability methods, strengthen duplicate screening using 
image-hash and similarity-based approaches, and release 
verification files to support independent reproducibility. 
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