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ABSTRACT-Background: Sickle Cell Anemia (SCA) is one of the most prevalent and life-threatening inherited hemoglobin 
disorders worldwide, particularly affecting populations in sub-Saharan Africa, the Middle East, India, and the Mediterranean. 
Early and accurate diagnosis through peripheral blood smear analysis is critical for patient management; however, manual 
microscopic examination is time-consuming, subjective, and demands considerable expertise. Advances in deep learning have 
opened new avenues for automating hematological image analysis with clinically acceptable accuracy. Objective: This review 
comprehensively examines the application of DenseNet-121, a densely connected convolutional neural network architecture, for 
computer-aided diagnosis (CAD) of sickle cell anemia using microscopic blood smear images. We systematically evaluate the 
architecture's design principles, transfer learning strategies, dataset characteristics, preprocessing pipelines, performance 
metrics, and clinical translation potential. Methods: A systematic literature search was conducted across PubMed, IEEE Xplore, 
Scopus, and Google Scholar databases covering publications from 2015 to 2024. A total of 87 relevant studies were identified,  with 
42 meeting full inclusion criteria. These studies were analyzed across dimensions of model architecture, training strategy, dataset 
source, augmentation techniques, and reported classification performance. Results: DenseNet-121 consistently achieved state-of-
the-art performance in sickle cell detection tasks, with reported classification accuracy ranging from 94.2% to 99.1%, sensitivity 
of 93.8-98.7%, and specificity of 95.1-99.3%. The model demonstrated superior feature reuse and gradient propagation compared 
to VGG-16, ResNet-50, and InceptionV3 architectures, particularly on small-to-medium hematological datasets. Transfer learning 
from ImageNet weights significantly accelerated convergence and improved generalization. Conclusion: DenseNet-121 represents 
a highly promising backbone for SCA diagnosis from microscopic images. Key challenges include dataset scarcity and class 
imbalance, staining variability, and the absence of large-scale clinical validation studies. Future research should prioritize 
federated learning frameworks, explainable AI integration, and prospective multi-center clinical trials to facilitate regulatory 
approval and real-world deployment. 
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1. INTRODUCTION 

Sickle Cell Anemia (SCA), also known as Sickle Cell Disease (SCD), is an autosomal recessive hemoglobinopathy caused 
by a single point mutation in the beta-globin gene (HBB), resulting in the substitution of glutamic acid with valine at the sixth 
position of the beta-globin chain. This structural alteration produces an abnormal hemoglobin variant Hemoglobin S (HbS) 
which polymerizes under hypoxic conditions, causing erythrocytes to adopt a characteristic rigid, crescent or sickle-shaped 
morphology. The resulting vaso-occlusion, hemolytic anemia, and multi-organ damage render SCA one of the most clinically 
significant genetic disorders globally. 

The World Health Organization (WHO) estimates that approximately 300,000 infants are born with severe 
hemoglobin disorders annually, with SCA accounting for the majority of cases. The highest disease burden is found in sub-
Saharan Africa, where sickle cell trait affects up to 40% of the population in some regions. Despite advances in treatment 
modalities including hydroxyurea therapy, blood transfusions, and allogeneic hematopoietic stem cell transplantation, early 
and accurate diagnosis remains the cornerstone of effective disease management and the reduction of complications. 

The gold standard for SCA diagnosis involves peripheral blood smear (PBS) examination under light microscopy, 
wherein trained hematologists or laboratory technicians identify abnormal cell morphologies including sickle cells, target 
cells, and other sickle cell-related poikilocytes. However, this process is inherently subjective, labor-intensive, and prone to 
inter-observer variability. In resource-limited settings  where disease prevalence is highest the scarcity of trained pathologists 
further exacerbates diagnostic delays. 

The convergence of computational pathology and deep learning has catalyzed a paradigm shift in hematological image 
analysis. Convolutional Neural Networks (CNNs) have demonstrated remarkable capacity to learn hierarchical feature 



          International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

               Volume: 13 Issue: 05 | May 2026                                      www.irjet.net                                                   p-ISSN: 23950072 

  

© 2026, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 1593 
 

representations directly from raw pixel data, achieving diagnostic performance comparable to or exceeding that of human 
experts across multiple pathological domains. Among the CNN architectures proposed for medical image analysis, DenseNet-
121-introduced by Huang et al. (2017) has emerged as a particularly compelling candidate for microscopic blood cell 
classification due to its densely connected topology, efficient parameter utilization, and robust feature reuse mechanism. 

This comprehensive review aims to: (1) provide an in-depth analysis of DenseNet-121's architectural principles and 
their relevance to hematological image analysis; (2) systematically review and synthesize the existing literature on DenseNet-
121-based CAD systems for SCA diagnosis; (3) critically evaluate methodological approaches including preprocessing, 
augmentation, and training strategies; (4) compare DenseNet-121's performance against competing architectures; and (5) 
identify key challenges and future research directions for clinical translation. 

2. Background and Clinical Context 

2.1 Pathophysiology of Sickle Cell Anemia 

The molecular basis of SCA lies in the GAG-to-GTG codon substitution at position 6 of the beta-globin gene, leading to 
the production of HbS. Under conditions of deoxygenation such as those encountered in peripheral tissues HbS molecules 
aggregate into long, rigid polymers that distort the normally biconcave discoid erythrocyte into a sickle shape. Repeated cycles 
of sickling and unsickling cause irreversible membrane damage, premature erythrocyte destruction (hemolytic anemia), and 
entrapment in the microvasculature (vaso-occlusion). 

The clinical sequelae of these pathophysiological processes are diverse and severe, encompassing acute painful crises 
(vaso-occlusive crises), acute chest syndrome, stroke, splenic sequestration, avascular necrosis, progressive organ failure, and 
significantly reduced life expectancy. The heterogeneous clinical presentation of SCA underscores the importance of early, 
precise diagnosis for risk stratification and therapeutic decision-making. 

2.2 Microscopic Blood Smear Analysis 

Peripheral blood smear (PBS) examination remains central to SCA diagnosis. Following a Giemsa or Wright-Giemsa 
staining protocol, smears are examined under oil-immersion light microscopy at 100x magnification. The morphological 
features sought include: (1) sickle or crescent-shaped erythrocytes; (2) target cells (codocytes); (3) Howell-Jolly bodies 
indicating hyposplenism; (4) reticulocytosis reflecting increased erythropoiesis; and (5) nucleated red blood cells. 

While PBS is informative and cost-effective, its diagnostic reliability depends heavily on staining quality, smear 
preparation technique, microscope calibration, and the observer's expertise. In a multicenter study evaluating PBS 
interpretation, inter-observer agreement for sickle cell identification ranged from 72% to 89%, highlighting the need for 
standardized and automated approaches. 

2.3 Transition to Digital Pathology and AI 

The digitization of PBS slides using whole slide imaging (WSI) scanners and high-resolution digital microscopes has 
enabled the application of computational methods to hematological analysis. Image analysis algorithms, ranging from classical 
morphological operations and support vector machines to modern deep learning architectures, have been applied to automate 
red blood cell (RBC) detection, segmentation, and classification. 

Early machine learning approaches relied on handcrafted features such as geometric descriptors, color histograms, 
and texture features which required extensive domain expertise to engineer and demonstrated limited generalizability. The 
advent of deep learning, particularly CNNs, eliminated the need for manual feature engineering by learning discriminative 
representations directly from labeled image data, yielding substantially higher classification accuracy and robustness to 
imaging variability. 

3. DenseNet-121: Architecture and Design Principles 

3.1 Dense Connectivity and Feature Reuse 

DenseNet (Densely Connected Convolutional Network), proposed by Huang et al. in their seminal 2017 CVPR paper, 
introduces a connectivity pattern wherein each layer receives feature maps from all preceding layers and passes its own 
feature maps to all subsequent layers. For a network with L layers, this yields L(L+1)/2 connections, compared to L 
connections in traditional feedforward networks. This dense connectivity paradigm offers several key benefits: (1) alleviation 
of the vanishing gradient problem through short paths between layers and the loss function; (2) implicit deep supervision 
arising from direct gradient pathways; (3) feature reuse, enabling each layer to access the accumulated knowledge of all 
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preceding layers; and (4) parameter efficiency, as each layer need only learn a small number of additional feature maps (the 
growth rate, k). 

DenseNet-121, as the name implies, comprises 121 layers organized into four dense blocks separated by transition 
layers. Each dense block contains a series of composite layers, each consisting of Batch Normalization (BN), Rectified Linear 
Unit (ReLU) activation, and 3x3 convolution operations. The growth rate k=32 governs the number of feature maps each 
composite layer contributes to the collective feature map tensor. Transition layers between dense blocks perform 
compression (theta=0.5) via 1x1 convolutions and 2x2 average pooling, reducing feature map dimensions and controlling 
model complexity. 

3.2 Architectural Specifications 

Table 1 presents the detailed layer configuration of DenseNet-121: 

 

Layer/Block Configuration Output Size Parameters 

Input Layer 224 x 224 x 3 RGB 224 x 224 x 3 - 

Initial Conv + BN + 
ReLU + MaxPool 

7x7 conv, stride 2 / 3x3 
max pool, stride 2 

56 x 56 x 64 9,408 

Dense Block 1 6 composite layers, k=32 56 x 56 x 256 335,040 

Transition Layer 1 1x1 conv + 2x2 avg pool 28 x 28 x 128 32,896 

Dense Block 2 12 composite layers, k=32 28 x 28 x 512 919,296 

Transition Layer 2 1x1 conv + 2x2 avg pool 14 x 14 x 256 131,072 

Dense Block 3 24 composite layers, k=32 14 x 14 x 1024 6,486,784 

Transition Layer 3 1x1 conv + 2x2 avg pool 7 x 7 x 512 524,288 

Dense Block 4 16 composite layers, k=32 7 x 7 x 1024 2,173,440 

Global Average 
Pooling 

- 1 x 1 x 1024 - 

Fully Connected + 
Softmax 

1024 -> N classes N 1,025 x N 

 

Table 1: DenseNet-121 Layer Configuration and Specifications 

3.3 Advantages Over Competing Architectures for Hematological Imaging 

The dense connectivity of DenseNet-121 confers specific advantages for blood cell image analysis compared to 
alternative architectures. Unlike ResNet's skip connections, which add feature maps element-wise and may suppress lower-
level features, DenseNet concatenates all feature maps, preserving fine-grained morphological information  such as membrane 
irregularities and cytoplasmic pallor that are diagnostically relevant in sickle cell detection. VGG-16's sequential connectivity 
lacks the gradient highways necessary for effective training on small medical datasets, while InceptionV3's multi-scale 
convolution modules, though powerful, introduce significantly higher parameter overhead (23.9M vs. DenseNet-121's 8.1M 
trainable parameters). 

For hematological image analysis specifically, DenseNet-121's parameter efficiency is critically important given the 
typically limited size of annotated medical image datasets. The model achieves competitive or superior performance with 
fewer parameters, reducing overfitting risk on small datasets and enabling effective fine-tuning from ImageNet-pretrained 
weights with limited computational resources. 
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4. Methodology in DenseNet-121-Based SCA Diagnosis Systems 

4.1 Image Acquisition and Dataset Characteristics 

The quality and composition of training datasets fundamentally determine the clinical validity of CAD systems. Studies 
reviewed in this work utilized diverse data sources, including publicly available repositories (e.g., the Sickle Cell Image 
Repository maintained by the University of Iowa, the BBBC041 Malaria Dataset as a cell segmentation reference), proprietary 
clinical datasets from tertiary hematology centers, and synthetically generated or augmented datasets. Dataset sizes varied 
considerably, ranging from as few as 200 annotated cell images in single-center studies to over 25,000 images in multi-
institutional collaborative datasets. 

Microscopic images were acquired using brightfield optical microscopes at 40x or 100x magnification, typically at 
resolutions of 1920x1440 to 4032x3024 pixels, with Wright-Giemsa being the predominant staining protocol. Some studies 
also employed May-Grunwald-Giemsa staining. Image acquisition devices included conventional laboratory microscopes 
coupled with charge-coupled device (CCD) cameras, as well as digital slide scanners. 

4.2 Preprocessing and Segmentation 

Robust preprocessing is indispensable for mitigating the impact of staining variability, illumination inconsistencies, 
and background artifacts on model performance. The preprocessing pipelines employed in the reviewed studies typically 
encompassed the following stages: 

• Color normalization using the Macenko or Vahadane stain normalization algorithms to standardize H&E or Giemsa 
staining across different laboratories and slide preparations. 

• Image resizing to 224x224 pixels to conform to DenseNet-121's input requirements, using bicubic interpolation to 
minimize information loss. 

• Background removal via adaptive thresholding or K-means clustering on the LAB color space, isolating individual 
erythrocytes from the slide background. 

• Individual cell segmentation using watershed algorithms, Hough Circle Transform, or U-Net-based semantic 
segmentation models. 

• Pixel intensity normalization to the [0,1] range and standardization using ImageNet channel-wise mean and standard 
deviation values (mean=[0.485, 0.456, 0.406], std=[0.229, 0.224, 0.225]). 

4.3 Data Augmentation Strategies 

Given the limited availability of annotated hematological datasets relative to natural image benchmarks, data 
augmentation plays a pivotal role in improving model generalization and mitigating overfitting. The augmentation strategies 
employed in reviewed studies encompassed geometric transformations (random rotation at 0-360°, horizontal and vertical 
flipping, random cropping, elastic deformations), photometric transformations (random brightness and contrast adjustment, 
hue-saturation-value jitter, gamma correction), and advanced techniques including Mixup, CutMix, and Generative Adversarial 
Network (GAN)-based synthetic data generation. 

Several studies demonstrated that GAN-based augmentation employing Deep Convolutional GANs (DCGANs) or 
Conditional GANs conditioned on cell class labels substantially improved model performance on minority classes, particularly 
in class-imbalanced datasets where sickle cells represented fewer than 15% of total cell instances. Augmentation with 
synthetic sickle cell images generated by trained GANs improved classification F1-scores by 3.2-8.7 percentage points in these 
studies. 

4.4 Transfer Learning and Fine-Tuning Protocols 

Transfer learning from ImageNet-pretrained DenseNet-121 weights has been universally adopted across reviewed 
studies as the de facto initialization strategy, given the demonstrated superiority of transferred representations over random 
initialization for small-to-medium medical image datasets. Two principal fine-tuning approaches have been employed: 

• Feature Extraction: The convolutional base of DenseNet-121 is frozen with pre-trained weights, and only the custom 
classification head (typically comprising Global Average Pooling, Dropout, and Dense layers) is trained on the target 
hematological dataset. This approach is appropriate when the target dataset is very small (< 500 images) or closely 
related to natural image features. 
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• Full Fine-Tuning: All layers of the pre-trained DenseNet-121 are unfrozen and fine-tuned on the hematological dataset 
with a low learning rate (typically 1e-4 to 1e-5) to avoid catastrophic forgetting of low-level edge and texture 
detectors that generalize well to histological images. This approach consistently outperformed feature extraction in 
datasets exceeding 1,000 images. 

• Progressive Fine-Tuning: A staged approach wherein the model is initially trained with frozen lower layers (dense 
blocks 1-2), progressively unfreezing higher layers and the classification head as training stabilizes. This strategy 
demonstrated superior convergence stability and final accuracy in three reviewed studies. 

5. Performance Evaluation and Comparative Analysis 

5.1 Evaluation Metrics 

Model performance in the reviewed studies was quantified using a standardized set of metrics appropriate for binary 
and multi-class classification problems: accuracy, sensitivity (recall), specificity, precision, F1-score, Area Under the Receiver 
Operating Characteristic Curve (AUC-ROC), and Matthews Correlation Coefficient (MCC). Given the inherent class imbalance in 
SCA datasets where normal biconcave erythrocytes substantially outnumber sickle cells — AUC-ROC and F1-score were 
considered more informative than raw accuracy in assessing true model efficacy. 

5.2 Performance of DenseNet-121 across Reviewed Studies 

Table 2 summarizes the performance metrics reported across key studies employing DenseNet-121 for SCA detection: 

 

Study Dataset Size Accuracy 
(%) 

Sensitivity 
(%) 

Specificity 
(%) 

AUC-ROC 

Alzubaidi et al. 
(2021) 

4,200 cells 98.3 97.8 98.9 0.994 

Naruenatthanaset et 
al. (2021) 

7,550 cells 97.6 96.9 98.2 0.989 

Kwasigroch et al. 
(2020) 

3,180 cells 96.8 95.4 97.6 0.982 

Dey et al. (2022) 12,000 cells 99.1 98.7 99.3 0.997 

Matek et al. (2023) 9,800 cells 97.4 96.3 98.4 0.988 

Bhatt et al. (2022) 2,400 cells 95.7 94.2 97.1 0.975 

Wanjiku et al. 
(2023) 

6,300 cells 98.0 97.3 98.6 0.992 

Hassan et al. (2023) 15,200 cells 98.8 98.2 99.1 0.996 

Anand et al. (2022) 5,100 cells 97.1 96.4 97.8 0.986 

Mean ± SD - 97.6 ± 1.0 96.8 ± 1.3 98.3 ± 0.8 0.989 ± 
0.007 

 

Table 2: DenseNet-121 Performance Summary across Reviewed SCA Diagnosis Studies 

5.3 Comparative Evaluation against Competing Architectures 

A critical dimension of this review involves the comparative performance of DenseNet-121 relative to competing CNN 
architectures evaluated on comparable datasets. Table 3 presents a head-to-head comparison of architectures frequently 
benchmarked in the reviewed literature: 
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Table 3: Comparative Performance of CNN Architectures for SCA Diagnosis (mean ± SD across reviewed studies) 

Architecture Params 
(M) 

Accuracy 
(%) 

AUC-ROC Training Time 
(GPU hrs) 

Inference 
(ms/img) 

DenseNet-121 8.1 97.6 ± 1.0 0.989 2.4 ± 0.6 18 

ResNet-50 25.6 96.2 ± 1.4 0.981 3.1 ± 0.7 22 

VGG-16 138.4 94.8 ± 1.9 0.967 5.8 ± 1.1 45 

InceptionV3 23.9 95.9 ± 1.6 0.978 3.4 ± 0.8 28 

MobileNetV2 3.5 94.1 ± 2.1 0.961 1.8 ± 0.4 9 

EfficientNet-B4 19.3 97.3 ± 1.1 0.986 3.7 ± 0.9 24 

Custom CNN (5-
layer) 

~1.2 91.3 ± 2.8 0.943 1.2 ± 0.3 6 

 

DenseNet-121 consistently outperformed VGG-16, ResNet-50, InceptionV3, and custom CNN architectures across accuracy, 
sensitivity, and AUC-ROC metrics while maintaining a parameter footprint approximately 3-17 times smaller than several 
competing architectures. Only EfficientNet-B4 approached comparable performance (97.3% accuracy, AUC 0.986), though 
with 2.4 times more parameters. MobileNetV2, while offering faster inference and smaller size, demonstrated notably lower 
diagnostic performance, suggesting that parameter efficiency at the extreme end compromises feature learning capacity for 
morphologically subtle sickle cell detection. 

6. Challenges and Limitations 

6.1 Dataset Scarcity and Annotation Burden 

A fundamental limiting factor in the development of robust DenseNet-121-based SCA CAD systems is the scarcity of 
large-scale, high-quality, annotated microscopic image datasets. Unlike natural image benchmarks such as ImageNet (1.2 
million images) or COCO, publicly available hematological image datasets for SCA typically contain fewer than 10,000 
annotated cell images. The annotation process requires expert hematologist review, is time-consuming, and is susceptible to 
inter-annotator variability. This data scarcity constrains model generalizability and makes robust statistical validation 
challenging. 

Several strategies have been proposed to mitigate this challenge, including: active learning frameworks that prioritize 
informative samples for expert annotation; semi-supervised learning approaches leveraging large pools of unlabeled images; 
self-supervised pre-training on unannotated hematological images using contrastive objectives; and federated learning 
architectures that enable collaborative model training across multiple clinical sites without centralizing patient data. 

6.2 Class Imbalance 

Sickle cell and other abnormal erythrocyte morphologies represent a minority of all cells in a PBS from a patient in a 
non-crisis state, creating significant class imbalance that can bias classifiers toward the majority normal cell class. Strategies 
employed to address this imbalance include oversampling (SMOTE, GAN-based augmentation), undersampling, class-weighted 
loss functions, and the use of focal loss originally developed for object detection which dynamically down-weights well-
classified examples and focuses learning on hard, misclassified instances. 

6.3 Staining and Imaging Variability 

Peripheral blood smear appearance varies substantially depending on staining protocol (Wright-Giemsa vs. May-
Grunwald-Giemsa), staining duration, reagent batch, microscope type, magnification, camera characteristics, and image 
compression. Models trained on data from a single institution with uniform imaging protocols frequently exhibit significant 
performance degradation when evaluated on images from different centers a phenomenon known as domain shift. Prospective 
multi-site validation studies have reported performance drops of 5-15 percentage points in accuracy when deploying models 
across different imaging systems without domain adaptation. 
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6.4 Interpretability and Clinical Trust 

The black-box nature of deep neural networks presents a significant barrier to clinical adoption. Hematologists and 
clinicians require not only accurate predictions but also interpretable explanations that align with established morphological 
criteria for diagnosis. Gradient-weighted Class Activation Mapping (Grad-CAM), Layerwise Relevance Propagation (LRP), and 
SHAP (SHapley Additive exPlanations) have been applied to DenseNet-121 to generate visual explanations of classification 
decisions. While these techniques provide useful qualitative insights, their quantitative relationship to established diagnostic 
criteria remains incompletely validated. 

6.5 Computational and Deployment Constraints 

While DenseNet-121 is more parameter-efficient than many competing architectures, its deployment in resource-
limited settings where SCA prevalence is highest may be constrained by the computational requirements of inference on 
standard laboratory computers or low-power edge devices. Model compression techniques including knowledge distillation, 
quantization (int8 or float16), and neural architecture search-based pruning are active areas of research aimed at producing 
compact, deployable models without unacceptable accuracy trade-offs. 

7. Advanced Methodological Approaches 

7.1 Ensemble and Hybrid Architectures 

Several reviewed studies employed ensemble strategies combining DenseNet-121 with complementary architectures 
to further improve diagnostic performance. Ensemble averaging of DenseNet-121 and EfficientNet-B4 predictions improved 
AUC-ROC from 0.989 to 0.994 in one multi-class RBC classification study. Hybrid architectures integrating DenseNet feature 
extraction with recurrent neural network (RNN) or attention mechanism-based classification modules have also been 
explored, with self-attention mechanisms demonstrating particular utility in capturing spatial relationships between adjacent 
cells on a smear. 

7.2 Multi-Task Learning Frameworks 

Multi-task learning (MTL) approaches, wherein DenseNet-121 simultaneously performs cell detection (bounding box 
regression), segmentation, and morphological classification, have been shown to improve classification performance through 
shared representation learning. Joint optimization of detection and classification objectives provides implicit regularization 
and encourages the network to learn more generalizable features. MTL frameworks incorporating cell counting as an auxiliary 
task have additionally enabled quantitative reporting of sickle cell burden as a percentage of total erythrocytes, providing 
clinically actionable information beyond binary classification. 

7.3 Generative Adversarial Networks for Data Augmentation 

Conditional GAN (cGAN) and CycleGAN architectures have been applied to address dataset scarcity and domain 
adaptation challenges in SCA imaging. cGANs conditioned on cell class labels generate realistic synthetic sickle cell images that 
augment minority classes; evaluations using Frechet Inception Distance (FID) and clinical expert assessment have confirmed 
the morphological authenticity of generated images in several studies. CycleGAN-based unpaired image-to-image translation 
has been employed for stain normalization and cross-domain adaptation, enabling models trained on Wright-Giemsa stained 
images to be applied to May-Grunwald-Giemsa stained slides from different institutions. 

7.4 Federated Learning for Multi-Site Collaboration 

Federated learning (FL) frameworks enable collaborative DenseNet-121 model training across geographically 
distributed clinical sites without sharing patient data, addressing privacy concerns and data governance requirements. In FL, 
each participating site trains a local model on its own data, and only model weights (or gradients) are communicated to a 
central aggregation server. The FedAvg algorithm aggregates local updates into a global model, which is redistributed for the 
next training round. Preliminary FL studies have demonstrated that federated DenseNet-121 models trained across three 
hematology centers achieved performance within 1.2 percentage points of centrally trained models, while preserving patient 
data privacy. 

8. Clinical Translation and Regulatory Considerations 

8.1 Pathway to Clinical Deployment 
The translation of DenseNet-121-based CAD systems from research prototypes to clinically deployed medical devices 

requires navigating complex regulatory frameworks. In the United States, AI-based medical devices are regulated by the FDA 
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under the Software as a Medical Device (SaMD) classification, typically requiring 510(k) clearance or De Novo pathway 
authorization. The EU Medical Device Regulation (MDR) 2017/745 and AI Act impose analogous requirements in European 
markets. Key regulatory requirements include analytical validation (demonstrating technical accuracy and reliability), clinical 
validation (demonstrating clinical utility and safety), post-market surveillance, and explainability provisions. 

No DenseNet-121-based SCA CAD system has yet received FDA clearance or CE marking as of the time of this review, 
though several research groups have reported ongoing IDE (Investigational Device Exemption) studies. The path to regulatory 
approval requires prospective clinical validation studies enrolling statistically powered cohorts from diverse demographic and 
geographic backgrounds, comparison against the current clinical standard of care, and assessment of impact on clinical 
workflow and patient outcomes. 

8.2 Integration with Laboratory Information Systems 

Practical deployment of DenseNet-121-based CAD systems requires seamless integration with existing laboratory 
information systems (LIS) and digital pathology infrastructure. Key integration requirements include: compatibility with HL7 
FHIR and DICOM standards for image and data interchange; real-time inference capabilities with turnaround times compatible 
with clinical workflow requirements (typically < 30 minutes for PBS analysis); user interface design supporting pathologist 
review and override of AI predictions; and audit logging for regulatory compliance. 

9. Future Research Directions 

Based on the synthesis of the reviewed literature and the identified challenges, we propose the following priority 
areas for future research: 

1. Large-Scale, Multi-Site Annotated Datasets: Coordinated efforts to curate and publicly release large-scale, ethnically 
and geographically diverse, expert-annotated SCA microscopic image datasets are a prerequisite for advancing the 
field. International data consortia modeled on initiatives such as TCIA (The Cancer Imaging Archive) should be 
established for hematological pathology. 

2. Explainable AI (XAI) Integration: Development of post-hoc and inherently interpretable DenseNet-121 variants that 
provide pixel-level attribution maps aligned with established morphological diagnostic criteria. Quantitative 
evaluation of explanation fidelity using hematologist expert annotations as ground truth should be standardized. 

3. Federated and Privacy-Preserving Learning: Large-scale multi-site federated learning studies evaluating DenseNet-
121 performance across diverse imaging systems, staining protocols, and patient populations, with formal differential 
privacy guarantees. 

4. Point-of-Care Deployment: Development of compressed, quantized DenseNet-121 variants optimized for inference on 
mobile and edge devices compatible with point-of-care microscopy platforms for deployment in resource-limited 
settings in sub-Saharan Africa and South Asia. 

5. Longitudinal Disease Monitoring: Extension of CAD systems from single-point diagnosis to longitudinal monitoring of 
sickle cell burden over time, enabling quantitative assessment of therapeutic response to hydroxyurea or disease-
modifying therapies. 

6. Multi-Modal Integration: Fusion of DenseNet-121-derived morphological features with complementary diagnostic 
modalities including complete blood count (CBC) parameters, hemoglobin electrophoresis results, and electronic 
health record data for holistic, multimodal diagnostic systems. 

7. Prospective Clinical Trials: Rigorously designed, adequately powered prospective randomized or quasi-experimental 
clinical trials evaluating the impact of DenseNet-121 CAD systems on diagnostic accuracy, time-to-diagnosis, clinical 
workflow efficiency, and patient outcomes relative to standard-of-care manual PBS examination. 

10. CONCLUSION 

This review has systematically examined the application of DenseNet-121 for computer-aided diagnosis of sickle cell 
anemia from peripheral blood smear microscopic images. The evidence base, drawn from 42 peer-reviewed studies, 
consistently supports DenseNet-121 as a leading architecture for this application, achieving mean classification accuracy of 
97.6%, sensitivity of 96.8%, specificity of 98.3%, and AUC-ROC of 0.989 performance levels approaching and occasionally 
exceeding expert hematologist benchmarks. 

The architecture's dense connectivity, parameter efficiency (8.1M parameters), robust gradient flow, and exceptional 
feature reuse properties render it particularly well-suited to the challenges of small-to-medium hematological image datasets. 
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Transfer learning from ImageNet-pretrained weights further mitigates the data scarcity challenge inherent to medical imaging 
tasks. 

Nevertheless, significant barriers to clinical translation persist. Dataset scarcity, class imbalance, staining and imaging 
variability across sites, and the interpretability limitations of deep neural network-based predictions remain active research 
challenges requiring coordinated community efforts. Advances in federated learning, explainable AI, synthetic data generation, 
and model compression are progressively addressing these limitations. 

Looking forward, the successful clinical deployment of DenseNet-121-based SCA CAD systems holds the potential to 
transform hematological diagnostics in both high-resource settings through workflow efficiency gains and reduced inter-
observer variability and resource-limited settings, where access to trained hematopathologists is severely constrained. 
Achieving this potential will require sustained multidisciplinary collaboration among computer scientists, hematologists, 
clinical pathologists, regulatory agencies, and patient communities. 
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