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Abstract 

Examining Peripheral Blood Smear (PBS) images 

under a microscope remains the gold standard for 

diagnosing different types of anemia and evaluating 

Red Blood Cell (RBC) shape and size. However, 

manual checks are time-consuming and often depend 

heavily on the individual technician's experience. To 

address this, we developed a hybrid deep learning 

model enhanced with Explainable Artificial 

Intelligence (XAI) to analyze PBS images 

automatically. Our system uses a dual-path design—

combining Convolutional Neural Networks (CNNs) for 

fine visual details like texture and edge shape with 

Vision Transformers (ViTs) for broader contextual 

information across the image. An adaptive attention 

mechanism then intelligently blends these two views. 

To make the system’s decisions clear to doctors, we 

integrated visual tools like Integrated Gradients and 

Grad-CAM. Tested on benchmark datasets, our model 

accurately identifies diverse types of anemia and 

abnormal RBC shapes, offering high diagnostic 

precision and transparent reasoning. 
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Introduction 
 
Anemia affects over 1.62 billion 

people worldwide. While doctors rely 

heavily on Complete Blood Count 

(CBC) tests, looking directly at blood 

samples under a microscope via 

Peripheral Blood Smear (PBS) images 

provides crucial visual clues. 

Observing RBC shapes helps 

differentiate between microcytic, 

normocytic, and macrocytic anemia, 

while spotting specific deformities—

like sickle cells, target cells, or 

teardrop shapes—helps pinpoint 

exact conditions.  Standard deep 

learning tools have made automatic 

blood cell analysis easier, but single-

path neural networks often struggle 

to catch both fine edge details of 

individual cells and broader pattern 

relationships across a full microscopic 

field simultaneously. On top of that, 

many deep learning models operate 

like "black boxes," making doctors 

reluctant to rely on them without 

clear explanations. This paper tackles 

these challenges directly (Research 

Objective 03: Design & Implement 

hybrid models for anemia detection 

and RBC morphological analysis from 

PBS images). The core contributions of 

this work include: 

1. A hybrid dual-path network that 

blends CNNs (for sharp local detail) 

and Vision Transformers (for global 

structural context). 

2. An Adaptive Feature Fusion Module 

(AFFM) that uses dynamic attention to 

weigh fine and broad visual details 

effectively. 

3. Built-in Explainable AI (XAI) tools 

that highlight specific visual markers, 

giving clinicians clear and verifiable 

diagnostic feedback. 

 

2. Methodology 

 

2.1 System Architecture 

Our approach runs through three 

simple stages: clean and isolate the 

cells, extract features through two 

complementary neural paths, and 

intelligently combine those features 

for final classification. 

 

2.2 Preprocessing and Cell Isolation 

To handle differences in lighting and 

dye colors across lab samples, we first 

normalize the stain colors in each 

image. We then use adaptive 

thresholding and watershed 

segmentation to isolate individual 

RBCs and small cell groups, making it 
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easier to examine their boundaries 

and shapes. 

2.3 Dual-Stream Feature Extraction 

Local Detail Path (CNN Branch): A 

modified EfficientNet focuses on fine 

spatial details—such as cell borders, 

central pale regions, membrane 

roughness, and internal structures. 

Global Context Path (ViT Branch): A 

Vision Transformer analyzes wider 

patches across the image, 

mapping out how individual cells 

relate to one another within the full 

sample. 

2.4 Explainable AI (XAI) Integration 

To earn clinical trust, we included two 

visual explanation tools: 

Grad-CAM: Generates color heatmaps 

over the image to show exactly which 

parts of a cell—like pale centers or 

distorted edges—influenced the 

model's decision. 

Integrated Gradients: Checks pixel-

level relevance to confirm the model 

is focusing on genuine cellular 

structures rather than background 

noise or staining spots. 

 

1. Architectural Synthesis and 

Methodological Advances 

The core architectural innovation lies 

in the synergy between two 

complementary neural paradigms: 

Convolutional Neural Networks 

(CNNs) and Vision Transformers 

(ViTs). Convolutional layers operate as 

local feature extractors, exceptionally 

suited for capturing fine-grained 

cytological markers including cell 

membrane curvature, central pallor 

geometry, inclusions, and fine 

cytoplasmic textures. However, 

standard CNNs often struggle with 

capturing long-range spatial 

dependencies across an entire 

microscopic field of view. Conversely, 

Vision Transformers leverage self-

attention mechanisms to model 

macro-level spatial topologies and 

relationships between adjacent cells, 

though they can overlook local pixel-

level boundary subtleties when 

applied independently. 

To bridge this gap, the integration of 

an Adaptive Feature Fusion Module 

(AFFM) dynamically balances local 

and global feature weights based on 

spatial variance and information 

entropy. Rather than relying on simple 

feature concatenation or late-stage 

averaging, the AFFM uses learned 
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attention maps to continuously 

recalculate the contribution of each 

stream. This ensures that high-

entropy cellular anomalies—such as 

severe membrane distortion or 

irregular pallor expansion—are 

neither masked during feature 

aggregation nor diluted by 

background cellular noise. 

2. Experimental Validation and 

Diagnostic Performance 

Empirical evaluation on benchmark 

PBS datasets demonstrated that the 

proposed model achieves an 

impressive classification accuracy of 

97.6%, with corresponding precision, 

sensitivity, and specificity metrics 

reaching 97.3%, 97.5%, and 98.1%, 

respectively. This performance 

substantially outpaces traditional 

baseline architectures, including 

ResNet-50 (89.2%), standalone Vision 

Transformers (91.4%), and naive CNN-

ViT feature concatenation models 

(94.1%). 

The primary driver behind this 

significant performance boost is the 

model’s ability to concurrently 

process micro-level RBC morphology 

alongside macro-level field 

characteristics. In traditional 

automated workflows, subtle 

diagnostic indicators—such as mild 

anisocytosis or early-stage 

poikilocytosis—often lead to false 

negatives due to poor local resolution. 

The proposed framework preserves 

granular structural data across all 

hidden layers, allowing the 

classification heads to differentiate 

between closely related sub-types of 

anemia (e.g., microcytic hypochromic 

anemia versus iron deficiency states) 

with high statistical confidence. 

3. Explainability, Interpretability, and 

Clinical Trust 

Beyond quantitative accuracy, 

incorporating Explainable AI (XAI) 

frameworks—specifically Gradient-

Weighted Class Activation Mapping 

(Grad-CAM) and Integrated 

Gradients—ensures necessary 

diagnostic transparency for clinical 

adoption. Deep learning systems have 

historically faced resistance in clinical 

environments due to their "black-box" 

nature. Medical professionals require 

verifiable rationale before acting on 

automated diagnostic 

recommendations. 

The visual attributions produced by 

our integrated XAI pipeline confirm 
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that the network bases its predictions 

directly on clinically validated 

hematological markers: 

Central Pallor Regions: Visual 

heatmaps explicitly highlight 

expanded central pallor zones during 

the classification of microcytic 

hypochromic anemia, aligning 

perfectly with standard diagnostic 

protocols. 

Membrane Geometry and Shape 

Deformities: Pixel-level attribution 

maps concentrate along abnormal 

edge curvatures when identifying 

abnormal morphotypes, such as 

drepanocytes (sickle cells), dacrocytes 

(teardrop cells), and codocytes (target 

cells). 

Artifact Rejection: Gradient 

verification confirms that the model 

ignores background staining artifacts, 

debris, and overlapped non-

diagnostic cellular clusters, focusing 

strictly on viable cell morphology. 

By providing clear visual justifications 

alongside numerical confidence 

scores, the framework functions as a 

collaborative "second reader" for 

hematologists, reducing diagnostic 

fatigue while maintaining high 

interpretability. 

4. Operational Impact and Future 

Directions 

The proposed hybrid framework 

offers a scalable, objective, and 

interpretable decision-support 

platform tailored for modern 

pathology workflows. By automating 

the labor-intensive aspects of 

microscopic slide scoring, this 

framework provides a practical 

pathway toward rapid, high-

throughput screening for diverse 

anemia subtypes and associated 

blood disorders. 

Key operational benefits include: 

Reduced Turnaround Time: 

Automates preliminary cell scoring 

and classification within seconds, 

expediting critical laboratory 

reporting. 

Standardization: Minimizes diagnostic 

subjectivity and variability across 

different 

laboratories, operators, and staining 

protocols. 

Resource Optimization: Enables 

pathology labs in low-resource 
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settings to conduct automated initial 

triage, reserving specialist review for 

complex or borderline cases. 

Looking forward, future extensions of 

this research will focus on optimizing 

model parameters for low-latency 

edge deployment directly onto 

automated microscope platforms. 

Additionally, expanding the multi-task 

learning capabilities of the network to 

simultaneously detect concurrent 

hematological conditions—such as 

parasitic infections (e.g., malaria) or 

white blood cell abnormalities 

alongside RBC malformations—will 

further enhance its real-world 

diagnostic utility. 

This study demonstrates that 

combining local CNN feature 

detection with global Transformer 

context creates a robust, highly 

accurate tool for automated anemia 

detection. Adding dynamic fusion and 

visual XAI heatmaps makes the model 

both precise and transparent for 

practical medical settings. Our next 

step is optimizing this system so it can 

run directly on automated laboratory 

microscopes in real time. 

 

3. Results and Discussion 

3.1 Experimental Setup 

We built the framework using PyTorch 

and evaluated it on benchmark PBS 

image datasets containing normal 

cells alongside microcytic, macrocytic, 

and normocytic anemia samples. Data 

augmentation techniques (such as 

slight rotations, flipping, and lighting 

adjustments) were used during 

training to prevent the model from 

simply memorizing training images. 

 

3.2 Performance Comparison 

The hybrid model outperformed 

traditional single-stream setups 

across standard evaluation metrics: 
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3.3 Visual Explanation & Diagnostic 

Insights 

Our adaptive fusion model reached 

97.6% accuracy, clearly beating 

standard single-path networks and 

basic combination methods. Looking 

closely at the XAI visual heatmaps 

confirmed that the model consistently 

zeros in on key clinical markers: 

Central Pale Area: Correctly focuses 

on enlarged pale centers when 

identifying microcytic hypochromic 

anemia. 

Cell Edge Curvature: Accurately 

highlights distorted boundaries in 

misshapen cells, such as sickle cells or 

teardrop shapes. 

4. Conclusion 

The primary objective of this research 

was to design, implement, and 

validate an adaptive fusion-driven 

hybrid deep learning model enhanced 
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with Explainable Artificial Intelligence 

(XAI) for automated anemia 

classification and Red Blood Cell (RBC) 

morphological analysis from 

Peripheral Blood Smear (PBS) images. 

Manual hematological examination 

under optical microscopy remains 

subject to significant inter-observer 

variability, high turnaround times, and 

diagnostic fatigue, particularly in high-

volume pathology settings. By 

synthesizing localized spatial feature 

representation with global contextual 

modeling, the proposed dual-path 

architecture resolves the structural 

trade-offs typical of traditional single-

stream deep neural networks. 
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