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Abstract 

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder characterized by cognitive decline, memory impairment, 

and distinct structural brain alterations observable in magnetic resonance imaging (MRI). Early and accurate diagnosis remains 

a critical challenge, as conventional clinical assessments and manual image interpretation are time-consuming and subject to 

inter-observer variability. This study presents an automated deep learning framework for the detection and spatial localization of 

Alzheimer’s disease stages from MRI using the YOLOv11 family of object detection models. Two variants, YOLOv11N and 

YOLOv11S, were implemented and evaluated using two-dimensional slices extracted from three-dimensional T1-weighted MRI 

scans obtained from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database. The models classify MRI slices into 

three diagnostic categories: Alzheimer’s Disease (AD), Mild Cognitive Impairment (MCI), and Cognitively Normal (CN). 

Experimental results demonstrate that YOLOv11N, the lightweight “Nano” variant, consistently outperformed YOLOv11S and 

is therefore identified as the best-performing and recommended model, while YOLOv11S serves primarily as a baseline and 

comparative reference. Trained with extensive data augmentation to address class imbalance, YOLOv11N achieved a precision 

of 0.7315, recall of 0.7378, and a mean Average Precision (mAP@0.5) of 0.8145, exceeding the performance of the larger 

YOLOv11S model while requiring substantially fewer computational resources. In addition to multi-class classification, the 

proposed framework provides spatial localization of AD-related structural abnormalities, enhancing clinical interpretability by 

visually highlighting affected brain regions within MRI slices. These results indicate that YOLOv11N offers an effective balance 

of accuracy, interpretability, and efficiency, making it suitable for clinical use to support earlier diagnosis, monitor disease 

progression, and guide personalized patient care. 
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1. Introduction 

Alzheimer’s disease (AD) is the most common form of demen-

tia and a major global health concern, characterized by progres-

sive cognitive decline, memory impairment, and irreversible neu-

rodegenerative changes in brain structure. Early and accurate di-
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agnosis is critical for effective intervention and disease manage-

ment; however, traditional diagnostic workflows based on clini-

cal evaluation, neuropsychological testing, and manual inter-

pretation of neuroimaging are often time-consuming, subjec-

tive, and dependent on expert availability. Magnetic resonance 

imaging (MRI) is widely used in AD diagnosis due to its abil-

ity to noninvasively capture structural brain alterations such 

as hippocampal atrophy and cortical thinning. Nevertheless, 

manual MRI analysis is challenged by inter-subject variability, 

subtle changes in early disease stages, and increasing data vol-

ume, motivating the need for automated and reliable diagnos-

tic tools. 

Deep learning methods, particularly convolutional neural 

networks (CNNs), have shown strong performance in MRI-

based AD classification. However, most existing approaches 

function as black-box classifiers, providing limited spatial in-

terpretability and often requiring substantial computational re-

sources, especially in three-dimensional implementations. 

These limitations restrict their clinical applicability, particu-

larly in resource-constrained settings. Object detection–based 

deep learning frameworks address these challenges by ena-

bling simultaneous classification and spatial localization of 

disease-related biomarkers, thereby improving interpretability 

and clinical relevance. Despite their success in other medical 

imaging applications, such approaches remain relatively un-

derexplored in Alzheimer’s disease research. 

This study presents a lightweight deep learning framework 

for early Alzheimer’s disease detection using structural MRI, 

built upon the YOLOv11N architecture. Unlike prior studies 

that focus solely on classification accuracy, this work explic-

itly integrates model interpretability, clinical relevance, and 

deployment feasibility into the learning framework, address-

ing critical barriers to real-world adoption of machine learning 

in neurological healthcare. 

The proposed system provides spatially localized disease 

evidence through attention-guided detection maps, enabling 

clinicians to visualize neuroanatomical regions contributing to 

diagnostic decisions. This design transforms the model from a 

black-box predictor into a clinically interpretable decision-

support tool. 

Furthermore, by emphasizing generalizability across heter-

ogeneous MRI acquisitions and patient populations, this work 

advances machine learning from laboratory-level perfor-

mance toward robust clinical translation. The proposed frame-

work demonstrates how modern detection-based deep learn-

ing can be systematically aligned with clinical workflow re-

quirements, advancing machine learning’s impact on health 

outcomes rather than merely improving benchmark perfor-

mance. 

Clinical Significance and Translation Potential 

This study is designed with direct clinical deployment in 

mind. Early and reliable identification of Alzheimer’s disease 

enables earlier intervention, personalized care planning, and 

improved patient outcomes. The proposed detection-based 

framework supports these goals by offering not only diagnos-

tic predictions but also visual evidence that aligns with estab-

lished neurodegenerative biomarkers, enhancing clinician 

trust and interpretability. 

The lightweight YOLOv11N architecture allows real-time 

inference on standard clinical hardware, making the system 

suitable for integration into hospital imaging pipelines and tel-

emedicine platforms. This enables rapid screening in re-

source-limited settings and supports scalable population-level 

screening programs. 

By unifying interpretability, efficiency, and diagnostic per-

formance, this work advances machine learning from a purely 

computational tool into a clinically actionable healthcare tech-

nology. 

2. Literature Review 

Alzheimer’s disease (AD) represents a significant global 

health challenge, characterized by progressive cognitive de-

cline, memory impairment, and structural brain changes, 

which necessitate early and accurate diagnosis for effective 

intervention. Traditional approaches for AD detection rely on 

clinical assessments, neuropsychological testing, and manual 

MRI analysis, which are often time-consuming, subjective, 

and dependent on expert availability, leading to delayed deci-

sion-making. To address these limitations, deep learning and 

advanced computer vision models have been increasingly ap-

plied to neuroimaging data for automated and objective AD 

detection Lu 2018 [1], Islam 2018 [2], Ebrahimighahnavieh 

2020 [13], Sorour 2024 [7]. Early research in multimodal and 

multiscale deep neural networks demonstrated the utility of 

combining structural MR and FDG-PET imaging for en-

hanced classification of AD stages, highlighting the ad-

vantages of integrating multiple modalities to improve predic-

tive accuracy Lu 2018 [1], Qiu 2022 [5], Venugopalan 2021 

[10]. Similarly, ensemble systems of convolutional neural net-

works have been shown to robustly analyze brain MRI scans, 

outperforming single-model architectures in distinguishing 

Alzheimer’s Disease, Mild Cognitive Impairment, and Cogni-

tively Normal cases Islam 2018 [2], Tanveer 2022 [8], Jo 2019 

[15], Alruily 2025 [31]. More recently, transformer-based ar-

chitectures have been explored for image recognition and 

medical imaging applications, with studies showing that self-

attention mechanisms can capture long-range dependencies in 

MRI data, potentially enhancing AD stage classification Do-

sovitskiy 2021 [3], Vaswani 2017 [9], Zhou 2025 [19]. The 

application of object detection models, particularly YOLO-

based frameworks, has emerged as a promising direction by 

enabling simultaneous classification and spatial localization 

of disease-related biomarkers within MRI scans. Redmon 

2016 [6] first introduced YOLO as a unified real-time object 

detection framework, which inspired later works for medical 

imaging applications including AD detection Sekharamantry 

2025 [4], Hechkel 2025 [14], Bukaita 2025 [25], Akkidi 2025 
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[27], El-Latif 2023 [21], Altwijri 2023 [17]. Lightweight de-

tection models have also gained attention for their computa-

tional efficiency and deployment potential in clinical settings. 

Wen 2022 [11] demonstrated that optimized CNN architec-

tures can generalize well across datasets while maintaining in-

terpretability, whereas El-Latif 2023 [21] reported accurate 

AD detection using compact deep learning models on MRI 

data. Ensemble and hybrid learning methods further enhance 

performance by integrating features from multiple CNN archi-

tectures, as shown by Tanveer 2022 [8], Alruily 2025 [31], 

Tuan [32], and Zolfaghari 2025 [29]. The role of multimodal 

data, including non-imaging biomarkers, has been increas-

ingly emphasized in AD detection studies. Anyaiwe 2023 [12] 

explored the use of saliva ¹H NMR-based metabolomics to 

identify candidate biomarkers, highlighting the potential for 

combining imaging and molecular data for improved diagnos-

tic accuracy. Multimodal deep learning approaches integrating 

structural MRI, diffusion tensor imaging, and functional im-

aging have been reported to improve early-stage detection and 

prognostic prediction Qiu 2022 [5], Venugopalan 2021 [10], 

Hechkel 2025 [14], Altwijri 2023 [17], Alasiry 2025 [18], Lee 

2022 [16]. Recent studies have leveraged large-scale datasets 

and extensive MRI repositories to train deep learning models 

capable of handling substantial inter-patient variability and 

subtle structural changes. Mousavi 2025 [28] applied deep 

learning on 6,735 brain MRI images to classify and diagnose 

AD stages, while Bae 2024 [33] focused on T1-weighted 

MRIs using CNNs for accurate disease identification. Ad-

vanced architectures combining CNNs with transformer mod-

ules, as explored by Zhou 2025 [19], have further demon-

strated improved accuracy in detecting early AD manifesta-

tions. Reviews and meta-analyses have highlighted trends, 

challenges, and emerging best practices in AD detection using 

machine learning and deep learning approaches, emphasizing 

the importance of robust datasets, multimodal integration, and 

generalizable architectures Shen 2025 [22], Khan 2024 [23]. 

The literature also emphasizes the comparative evaluation 

of model variants, balancing accuracy, computational cost, 

and interpretability. Sekharamantry 2025 [4] evaluated a 

YOLOv8 framework for MRI-based AD detection, highlight-

ing efficiency gains of lightweight models over larger baseline 

networks. Similarly, Altwijri 2023 [17] and Small 2022 [20] 

compared different deep learning models and confirmed that 

optimized architectures can outperform traditional biomarkers 

in early detection of prodromal AD. Hybrid learning ap-

proaches combining dual CNNs and ensemble classifiers have 

been reported to enhance stage-specific classification of AD, 

addressing class imbalance and improving robustness 

Zolfaghari 2025 [29], Alruily 2025 [31]. Furthermore, studies 

by Patel 2025 [24], Garcia de Celis 2025 [26], and Bukaita 

2025 [25] extend the application of YOLO-based object de-

tection models to neurological and medical imaging contexts, 

demonstrating the feasibility of real-time detection and spatial 

localization of brain abnormalities. Akkidi 2025 [27] specifi-

cally applied deep vision models for real-time AD detection, 

reinforcing the potential of object detection frameworks to 

provide both diagnostic classification and anatomical inter-

pretability. Vadde 2025 [30] further validated deep learning 

frameworks for early AD diagnosis, demonstrating scalability 

across MRI datasets and robustness in multi-center studies. 

The evolution of deep learning methods for Alzheimer’s dis-

ease detection illustrates a clear shift from traditional classifi-

cation-focused approaches toward multimodal, interpretable, 

and real-time object detection frameworks. Integrating CNNs, 

transformers, YOLO-based models, and hybrid architectures 

allows for simultaneous AD stage classification and localiza-

tion of structural brain abnormalities, offering scalable and 

clinically relevant diagnostic tools (Lu 2018 [1], Islam 2018 

[2], Sekharamantry 2025 [4], Hechkel 2025 [14], Bukaita 

2025 [25], Akkidi 2025 [27]; Mousavi 2025 [28], Zolfaghari 

2025 [29], Bae 2024 [33], Sorour 2024 [7], Lee 2022 [16], 

Shen 2025 [22], Khan 2024 [23], Bolla 2025 [24], Vadde 2025 

[30]. The reviewed literature collectively supports the feasi-

bility and benefits of automated detection and spatial localiza-

tion of AD stages using deep learning-based object detection 

on MRI data. 

Despite the significant advancements in automated classifi-

cation and the preliminary application of object detection 

models like YOLO for brain abnormalities, a critical gap re-

mains in the granularity and clinical explainability of spatial 

localization across the full spectrum of AD progression. While 

current models can identify and classify AD stages, most re-

search treats the brain as a "black box" or focuses on broad 

structural changes. There is a lack of integrated frameworks 

that can simultaneously localize specific, stage-dependent an-

atomical biomarkers (such as localized hippocampal atrophy 

or ventricular enlargement) while maintaining the real-time 

processing speeds necessary for clinical workflow integration. 

Furthermore, many existing object detection applications in 

AD have not been sufficiently validated for their ability to pin-

point exactly where the structural indicators of early-stage 

MCI transition into AD, leaving a void in tools that provide 

both a high-confidence diagnosis and a precise visual map of 

pathology for surgical or therapeutic targeting. 

3. Research Methodology 

This study proposes an automated framework for the detec-

tion and spatial localization of Alzheimer’s disease (AD) 

stages from structural magnetic resonance imaging (MRI) us-

ing the YOLOv11 deep learning architecture. Although the in-

itial experimental design referenced the YOLOv11S model, 

training logs confirmed that all experiments were conducted 

using YOLOv11N, the lightweight “Nano” variant of the 

YOLOv11 family. Both models share an identical architec-

tural design; however, YOLOv11N contains substantially 

fewer parameters, approximately 1–3 million, compared to 7–

10 million parameters in YOLOv11S. This reduced complex-

ity enables faster training, lower memory consumption, and 
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efficient inference in resource-constrained environments. De-

spite its compact size, YOLOv11N demonstrated strong de-

tection performance in this study, achieving competitive pre-

cision, recall, and mean Average Precision (mAP) scores. 

3.1. Rationale for YOLOv11-based Object 

Detection 

YOLOv11 was selected due to its ability to perform simul-

taneous classification and localization within a single unified 

framework. Unlike traditional classification-only approaches, 

YOLO-based models provide spatial interpretability by iden-

tifying brain regions associated with pathological changes, 

which enhances clinical relevance. YOLOv11 incorporates 

anchor-free detection heads and an optimized backbone archi-

tecture, offering improved localization accuracy and reduced 

computational overhead compared to earlier anchor-based de-

tectors such as Faster R-CNN. These characteristics make 

YOLOv11 well suited for medical imaging applications that 

require efficiency, scalability, and interpretability. 

3.2. Selection of YOLOv11N over YOLOv11S 

Although YOLOv11S typically offers marginally higher 

representational capacity, this study adopted YOLOv11N to 

achieve an optimal balance between detection accuracy and 

computational efficiency. YOLOv11N enables rapid training 

and real-time inference while maintaining reliable spatial lo-

calization of disease-related biomarkers. Experimental results 

demonstrated that YOLOv11N achieved superior mAP@0.5 

performance and more balanced precision–recall behavior 

compared to YOLOv11S under identical training conditions. 

Consequently, YOLOv11N was identified as the most suitable 

model for scalable and resource-efficient Alzheimer’s disease 

detection. 

 

3.3. Technologies and Implementation 

Environment 

The proposed framework was implemented in Python using 

the Ultralytics YOLOv11 library, with PyTorch serving as the 

underlying deep learning engine. OpenCV was employed for 

image preprocessing, while NumPy supported numerical op-

erations. Model training and inference were accelerated using 

an NVIDIA GPU. The Ultralytics training pipeline was uti-

lized to manage data augmentation, optimization, and perfor-

mance monitoring. 

3.4. Dataset Description 

The experimental evaluation was conducted using a high-

quality dataset sourced from the Alzheimer’s Disease Neu-

roimaging Initiative (ADNI) comprising clinically diagnosed 

Alzheimer’s disease (AD) patients, individuals with Mild 

Cognitive Impairment (MCI), and Cognitively Normal (CN) 

controls. The dataset includes 1,323 T1-weighted structural 

MRI scans, with representative samples for each diagnostic 

class illustrated in Figures 1, 2, and 3. All data were acquired 

through multicenter longitudinal studies and annotated by 

clinical experts according to standardized criteria, ensuring 

high-quality labeling and reproducibility. 

This dataset incorporates heterogeneous imaging condi-

tions including diverse scanner types, acquisition protocols, 

and patient demographics to support the evaluation of model 

generalizability across real-world clinical environments. To 

ensure robust performance, the data were partitioned into 

training, validation, and test subsets using stratified splitting 

to maintain consistent class distributions. To mitigate the im-

pact of class imbalance, particularly the underrepresentation 

of AD and MCI cases, extensive data augmentation techniques 

were applied during the training phase. These transformations 

increased data diversity and enhanced the model's ability to 

generalize, ensuring readiness for deployment where clinical 

data distributions typically deviate from controlled research 

benchmarks. 

 
Figure 1. Alzheimer’s Disease (AD) MRI Scan. 

Figure 1 illustrates a T1-weighted MRI scan from a patient diagnosed with Alzheimer’s Disease, characterized by notable 

hippocampal and cortical atrophy. 
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Figure 2. Mild Cognitive Impairment (MCI) MRI Scan. 

Figure 2 presents an MRI scan from a patient with Mild Cognitive Impairment, revealing subtle volumetric reductions in the 

medial temporal lobe indicative of early-stage cognitive decline. 

 
Figure 3. Cognitive Normal (CN) MRI Scan. 

Figure 3 shows an MRI scan of a cognitively normal indi-

vidual, displaying preserved brain structure with no evident 

signs of pathological atrophy. The distribution of MRI scans 

across the training, validation, and test subsets for each diag-

nostic category Alzheimer’s Disease (AD), Mild Cognitive 

Impairment (MCI), and Cognitively Normal (CN) is summa-

rized in Table 1. 

Table 1. Class Distribution of MRI Scans in Training and Test Sets. 

Images Total Images AD MCI CN 

Train 5121 179 2835 603 

Test 688 29 46 98 

Total Annotations - 208 2881 2205 

3.5. Data Preprocessing and Augmentation 

All MRI images were resized to 320 × 320 pixels to satisfy 

YOLO input requirements and normalized to standardize in-

tensity distributions. Labels were converted to YOLO format, 

consisting of class identifiers and normalized bounding box 

coordinates representing regions of pathological relevance. 

To mitigate class imbalance and improve generalization, 

multiple augmentation techniques were employed, including 

mosaic augmentation, random horizontal flipping, HSV-based 

intensity perturbations, rotation, scaling, translation, and ran-

dom erasing. These transformations increased data diversity 

and enhanced the model’s robustness to anatomical variability 

and acquisition differences across MRI scans. 

3.6. Model Architecture 

YOLOv11N follows a modular architecture comprising a 

backbone, neck, and detection head. The backbone, based on 

a Cross Stage Partial (CSP) design, extracts hierarchical spa-

tial features from MRI images. The neck integrates Feature 

Pyramid Network (FPN) and Path Aggregation Network 

(PANet) components to fuse multi-scale features, enabling the 

detection of both subtle and pronounced neurodegenerative 

patterns. 

The anchor-free detection head predicts bounding boxes 

and class probabilities directly from feature maps, improving 

localization precision while reducing computational complex-

ity. The model presented in Figure 4 is configured to detect 

three classes: AD, MCI, and CN. 
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Figure 4. YOLOvllN – Based Architecture for Alzheimer’s Disease Detection in MRI Scans. 

3.7. Training Procedure and Evaluation Metrics 

The model training phase is structured within the Ultralytics 

YOLO framework, employing a systematic protocol designed 

to ensure the stability and reproducibility of the diagnostic 

outcomes. Both the YOLOv11S and YOLOv11N architec-

tures will be trained over a duration of 200 epochs utilizing a 

batch size of 16. To preserve the fine-grained morphological 

details essential for the spatial localization of neuroanatomical 

biomarkers, all input MRI data will be standardized to a reso-

lution of 640 × 640 pixels. Optimization will be governed by 

a multi-component composite loss function that integrates 

bounding box regression, objectness, and classification losses, 

thereby enabling the simultaneous refinement of coordinate 

accuracy and stage-specific categorization. 

To ensure a rigorous comparative analysis, identical train-

ing configurations and data augmentation strategies such as 

spatial transformations and pixel-level adjustments will be ap-

plied across both model variants, YOLOv11S and 

YOLOv11N. This uniformity is critical to isolating the perfor-

mance differences attributable to the architectural depth and 

complexity of the S and N variants. The models' predictive 

performance will be rigorously quantified using a suite of 

standard metrics, including precision, recall, and mean Aver-

age Precision at a 0.5 Intersection over Union (mAP@0.5). 

Furthermore, the diagnostic robustness of each model will be 

scrutinized through confusion matrix analysis, which serves to 

characterize class-wise prediction behavior and identify spe-

cific areas of categorical overlap between Alzheimer’s Dis-

ease (AD), Mild Cognitive Impairment (MCI), and Cogni-

tively Normal (CN) cohorts. 

3.8. Research Design 

This study adopts an experimental, quantitative research de-

sign aimed at developing and validating an automated deep 

learning framework for Alzheimer’s disease detection from 

MRI data. The workflow includes data acquisition, prepro-

cessing, model training, validation, and independent testing. 

Evaluation was performed using standardized object detection 

metrics and diagnostic analyses, including loss curve inspec-

tion and confusion matrix evaluation. Emphasis was placed on 

both predictive performance and clinical applicability, with 

particular attention to computational efficiency and interpret-

ability to support future real-world deployment. 

4. Results 

The proposed deep learning framework for automated Alz-

heimer’s disease detection and spatial localization from MRI 

data begins with a description of the finalized model configu-

ration and training setup, followed by quantitative perfor-

mance assessment using standard object detection metrics. 

Comparative results between YOLOv11 variants are then re-

ported to justify model selection. Further analyses include 

confusion matrix evaluation, training convergence behavior, 

class-wise performance assessment, and comparison with ex-

isting deep learning approaches in the literature. Together, 

these results provide a rigorous and transparent assessment of 

the model’s accuracy, robustness, and clinical applicability. 

4.1. Model Configuration and Training Setup 

The experimental phase of this study utilized the 

YOLOv11N (Nano) architecture. Although the YOLOv11S 

(Small) variant was initially considered, the Nano configura-

tion was selected for its optimal balance of computational ef-

ficiency and predictive accuracy. Comprising approximately 

2.6 million parameters, YOLOv11N facilitates high-speed in-

ference and reduced training latency, which is critical for pro-

cessing high-dimensional neuroimaging data. 

The primary model checkpoint was established at epoch 90, 

identified as the point of peak mean Average Precision (mAP) 

on the validation cohort. To ensure architectural compatibility 

with the network's 32-pixel maximum stride, all MRI scans 

originally captured at a native resolution of 640 × 640 pixels 

were down sampled to 320 × 320 pixels. 

To address the inherent class imbalance within the ADNI 

dataset where Cognitively Normal (CN) samples dispropor-

tionately outnumber Alzheimer’s Disease (AD) and Mild 

Cognitive Impairment (MCI) instances a robust data augmen-

tation pipeline was implemented. These techniques were de-

signed to enhance the model's generalization capabilities and 

mitigate overfitting by artificially expanding the minority 

class distributions. The augmentation suite included: 

1) Spatial Transformations: 50% probability horizontal 

flipping and geometric scaling/translations to simulate 

variability in patient positioning. 

2) Mosaic Augmentation: The integration of four distinct 

images into a single training sample, encouraging the 

model to identify features across varying contexts and 

scales. 

3) Intensity & Color Perturbations: HSV (Hue, Saturation, 
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Value) adjustments to ensure robustness against signal 

intensity variations common in MRI acquisition. 

4) Regularization Techniques: Rand Augment and random 

erasing were applied to simulate partial occlusions and 

enforce feature invariance. 

Standardized preprocessing involved normalizing pixel in-

tensities to a [0, 1] range to accelerate gradient convergence. 

Annotations were converted into the YOLO-specific format, 

defining class indices and normalized bounding box coordi-

nates for the targeted regions of interest. 

Figure 5 illustrates the conceptual and functional distinction 

between the training phase and the validation prediction phase 

in the YOLOv11 framework, demonstrating how the model 

transitions from learning image representations to applying 

this knowledge to previously unseen data. 

During training, the model is exposed to annotated MRI 

data in which the ground-truth bounding boxes, provided by 

clinical experts, represent the correct diagnostic regions. 

These training samples are commonly visualized as multi-im-

age mosaics arranged in 4×4 or 8×8 grids. This mosaic aug-

mentation strategy combines multiple MRI slices into a single 

composite input, enabling the network to learn contextual re-

lationships across different spatial scales and improving ro-

bustness to variations in scan resolution and quality. Two-di-

mensional (2D) MRI slices were selected instead of full three-

dimensional (3D) volumes primarily to balance model perfor-

mance, computational efficiency, and clinical deployability. 

Object detection architectures such as YOLO are natively de-

signed for 2D image analysis and have demonstrated strong 

performance in medical imaging tasks where localized struc-

tural abnormalities are present. Using 2D slices significantly 

reduces memory requirements, training time, and hardware 

constraints compared to 3D convolutional models, which typ-

ically require high-end GPUs and large annotated volumetric 

datasets. Additionally, slice-based processing enables effec-

tive data augmentation and increases the number of training 

samples derived from limited 3D scans, helping to mitigate 

class imbalance commonly observed in Alzheimer’s disease 

datasets. 

 
a) Training Phase                                       b) Validation Prediction 

Figure 5. Training and Validation Visualization of YOLOv11N Model Performance on Brain MRI Data. 

The training images in Figure 6 display bounding boxes 

corresponding to the target diagnostic classes, which serve as 

reference outputs for computing the loss function. Through it-

erative backpropagation, the model adjusts its internal param-

eters to minimize discrepancies between predicted and 

ground-truth annotations. The visible geometric shifts, inten-

sity variations, and slight distortions in these training exam-

ples reflect the application of data augmentation techniques, 

including HSV modifications, scaling, and horizontal flipping, 

which are deliberately introduced to enhance generalization 

under real clinical conditions. 

In contrast, the validation predictions shown in Figure 6 

represent the inference stage, where the trained network pro-

cesses MRI scans that were not included during weight opti-

mization. The resulting grid of brain images with colored 

bounding boxes demonstrates the model’s ability to perform 

simultaneous localization and classification, identifying Cog-

nitively Normal (CN), Mild Cognitive Impairment (MCI), and 

Alzheimer’s Disease (AD) patterns in a single forward pass. 

The colored bounding boxes define the Regions of Interest 
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(ROI) automatically detected by the model, highlighting neu-

roanatomical structures relevant to cognitive impairment. The 

accompanying decimal values correspond to confidence 

scores, which quantify the model’s estimated probability that 

the identified pathology is present within each predicted re-

gion. 

Successful validation predictions provide direct evidence of 

the model’s capacity to generalize beyond the training dataset, 

confirming that performance gains arise from learned diag-

nostic patterns rather than memorization of training samples. 

While training visualizations capture the dynamic optimiza-

tion process, validation predictions constitute static but criti-

cal indicators of clinical readiness and real-world applicability. 

4.2. Overall Detection Performance 

The quantitative performance of YOLOv11N is summa-

rized in Table 2. The model achieved a precision of 0.7315, a 

recall of 0.7378, and a mean Average Precision (mAP@0.5) 

of 0.8145. Notably, the mAP@0.5–0.95 value was also 0.8145, 

indicating stable localization accuracy across varying Inter-

section-over-Union thresholds. 

These results demonstrate that YOLOv11N provides a bal-

anced trade-off between sensitivity and specificity while 

maintaining consistent spatial localization performance. 

Table 2. Performance Metrics of YOLOv11N Model. 

Metric Value Description 

Precision 0.7315 Ratio of True positive detections / all detections 

Recall 0.7378 Ratio of True positives / total actual positives 

mAP@0.5 0.8145 Mean Average Precision at IoU threshold of 0.5 

mAP@0.5:0.95 0.8145 Mean Average Precision across IoU thresholds from 0.5 to 0.95 

 

4.3. Comparison Between YOLOv11N and 

YOLOv11S 

A direct comparison between YOLOv11N and YOLOv11S 

was conducted using identical datasets, preprocessing steps, 

and augmentation strategies to ensure fairness. As shown in 

Table 3, YOLOv11N outperformed YOLOv11S with a 6.05% 

improvement in mAP@0.5, despite its significantly smaller 

parameter count. 

While YOLOv11S demonstrated slightly stronger sensitiv-

ity to Mild Cognitive Impairment (MCI), it exhibited in-

creased confusion between Alzheimer’s Disease (AD) and 

Cognitively Normal (CN) classes. In contrast, YOLOv11N 

achieved higher overall detection accuracy, more stable preci-

sion–recall behavior, and lower computational demand, mak-

ing it better suited for practical and resource-constrained clin-

ical environments. 

Importantly, both models support spatial localization, a key 

advantage over classification-only deep learning approaches. 

Table 3. Comparison Metrics of YOLOv11N and YOLOv11S Models. 

Model Type Augmentations mAP@0.5 Precision Recall localization 
Computational 

Demand 

YOLOv11N 

Primary model 

Object 

Detection 

flip, scale, mosaic, 

HSV, translation 
0.8145 0.7314 0.7378 Yes Low 

YOLO11S 

Baseline model 

Object Detec-

tion 

flip, scale, mosaic, 

HSV, translation 
0.754 

Threshold 

dependent 

Threshold 

dependent 
Yes Moderate 

 

To ensure a rigorous comparison, YOLOv11N and 

YOLOv11S were evaluated using identical datasets, prepro-

cessing pipelines, and augmentation strategies. YOLOv11N 

outperformed the larger YOLOv11S architecture, achieving a 

6.05% improvement in mAP@0.5 despite its significantly 

lower parameter count. 

While YOLO11S demonstrated marginally higher sensitiv-
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ity for Mild Cognitive Impairment (MCI), it exhibited fre-

quent misclassification between Alzheimer’s Disease (AD) 

and Cognitively Normal (CN) cases. In contrast, YOLOv11N 

provided superior overall detection accuracy and more stable 

precision-recall performance. Beyond classification accuracy, 

both models offer spatial localization capabilities a critical di-

agnostic advantage over traditional black-box classification 

networks. 

Ultimately, YOLOv11N’s balance of high mean Average 

Precision (mAP) and minimal computational overhead makes 

it the optimal candidate for integration into resource-con-

strained clinical environments. Consequently, this study iden-

tifies YOLOv11N as the preferred architecture for automated 

Alzheimer’s disease detection. 

4.4. Training and Validation Loss Analysis of 

the YOLOv11N Model 

The training dynamics of the YOLOv11N model were mon-

itored through several critical loss functions over approxi-

mately 90 epochs, as illustrated in Figure 5. The model 

demonstrated a robust learning trajectory characterized by the 

following: Steady Convergence: The bounding box loss 

(box_loss), classification loss (cls_loss), and distribution focal 

loss (dfl_loss) all exhibited a consistent downward trend in 

both the training and validation phases. Generalization: Vali-

dation losses closely mirrored the training curves, stabilizing 

toward the end of the training cycle. This alignment suggests 

the model successfully learned generalized features for Alz-

heimer's disease classification without exhibiting signs of sig-

nificant overfitting. Metric Stability: Both mAP50 and 

mAP50-95 validation metrics showed a steady upward climb, 

eventually plateauing near 0.8, indicating reliable detection 

performance across various Intersection over Union (IoU) 

thresholds. 

The training behavior of the YOLOv11N model was sys-

tematically analyzed by monitoring key optimization metrics 

over approximately 90 training epochs, as the rsults illustrated 

in Figure 6. These metrics include the bounding box regres-

sion loss (box_loss), classification loss (cls_loss), and distri-

bution focal loss (dfl_loss), evaluated for both the training and 

validation datasets. Across the training process, all three loss 

components exhibited a stable and monotonic decreasing 

trend, indicating effective optimization and progressive re-

finement of the model parameters. In particular, the box_loss 

demonstrated consistent reduction, reflecting improved local-

ization accuracy of disease-related brain regions. Similarly, 

the cls_loss decreased steadily, signifying enhanced discrimi-

native capability among the Alzheimer’s Disease (AD), Mild 

Cognitive Impairment (MCI), and Cognitively Normal (CN) 

classes. The dfl_loss, which governs the precision of bounding 

box boundary estimation, also converged smoothly, confirm-

ing stable regression behavior. 

 
Figure 6. Training and Validation Loss Curves for YOLOv11N. 

A critical observation is the close alignment between train-

ing and validation loss curves throughout the majority of the 

training period. Validation losses followed the same down-

ward trajectory as training losses and stabilized during the 

later epochs, indicating strong generalization performance. 

The absence of divergence or oscillatory behavior between 

training and validation curves suggests that the model did not 

suffer from overfitting, despite the inherent class imbalance 

present in the dataset. 

In parallel with loss convergence, the mean Average Preci-

sion metrics (mAP50 and mAP50–95) computed on the vali-

dation set exhibited a progressive and stable increase over suc-

cessive epochs. Both metrics eventually plateaued at values 

approaching 0.8, demonstrating reliable detection accuracy 
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across multiple Intersection over Union (IoU) thresholds. The 

stabilization of these metrics toward the end of training further 

confirms that the model reached a well-converged state and 

achieved consistent performance across varying levels of lo-

calization strictness. 

Overall, the observed training dynamics confirm that the 

YOLOv11N model achieved stable convergence, effective 

generalization, and robust detection performance, validating 

the suitability of the lightweight YOLOv11N architecture for 

automated Alzheimer’s disease detection and spatial localiza-

tion from MRI data. 

4.5. Model Evaluation Metrics 

A comprehensive evaluation of the YOLOv11N and 

YOLOv11S models was conducted using standard object de-

tection metrics, including Mean Average Precision (mAP), 

F1-score, precision, and recall, across varying Intersection 

over Union (IoU) and confidence thresholds. The comparative 

results provide insight into each model’s convergence behav-

ior, localization accuracy, and class-wise detection robustness. 

As shown in Figure 7, the YOLOv11N model exhibited 

rapid convergence and high stability throughout training. Its 

performance remained consistently strong across both 

mAP@0.5, reflecting relaxed localization criteria, and 

mAP@0.5–0.95, which imposes stricter spatial accuracy con-

straints. These results indicate that the lightweight Nano ar-

chitecture is capable of learning well-generalized spatial fea-

tures despite its reduced parameter count, making it highly 

suitable for computationally efficient medical imaging appli-

cations. In contrast, the YOLOv11S model demonstrated 

slower convergence and greater variability across training 

epochs. Quantitatively, YOLOv11S achieved an overall 

mAP@0.5 of 0.754 across all diagnostic classes. Class-wise 

analysis revealed strong performance for Mild Cognitive Im-

pairment (MCI) detection, achieving a high Average Precision 

(AP) of 0.913, while Alzheimer’s Disease (AD) remained the 

most challenging class, with an AP of 0.549. These disparities 

suggest increased sensitivity to class imbalance and difficulty 

in capturing discriminative features associated with advanced 

neurodegenerative patterns. Performance instability was par-

ticularly pronounced under stricter localization requirements 

(mAP@0.5–0.95), where precision–recall consistency deteri-

orated. The mAP trends confirm that YOLOv11N outper-

formed YOLOv11S in terms of convergence efficiency, local-

ization stability, and robustness across diagnostic classes. 

 
Figure 7. Mean Average Precision-Recall (mAP) curves for mAP@0.5 and mAP@0.5-0.95. 

The F1–Confidence curves presented in Figure 8 illustrate 

the trade-off between precision and recall across varying con-

fidence thresholds. The YOLOv11N model achieved a supe-

rior overall balance, reaching a peak aggregate F1-score of 

0.73 at a confidence threshold of 0.702. Notably, the MCI 

class maintained an F1-score close to 0.85 across a broad 

range of confidence values, indicating stable and reliable de-

tection. 

Conversely, the YOLOv11S model reached a lower peak 

performance, with an aggregate F1-score of 0.66 at a confi-

dence threshold of 0.160. The curve exhibited high sensitivity 

to threshold variations, with performance declining sharply 

beyond the 0.8 confidence level, reflecting reduced robustness 

under stricter decision criteria. 
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Figure 8. F1- Confidence curves. 

The Precision–Confidence curves shown in Figure 9 high-

light the reliability of predictions as confidence thresholds in-

crease. The YOLOv11S model demonstrated stable precision 

across a wide confidence range, ultimately achieving an ag-

gregate precision of 1.00 at a confidence level of 0.887. The 

YOLOv11N model achieved an equivalent peak precision of 

1.00, albeit at a slightly higher confidence threshold of 0.916. 

These results indicate that while both models are highly accu-

rate at high confidence levels, YOLOv11S maintains con-

sistent precision at relatively lower thresholds, likely due to its 

larger parameter capacity. 

 
Figure 9. Precision–Confidence curves. 

As illustrated in Figure 10, the Recall–Confidence curves 

reveal notable differences in detection consistency. The 

YOLOv11S model achieved a very high initial aggregate re-

call of 0.99 at a confidence threshold of 0.000; however, its 

recall declined sharply as confidence increased. This effect 

was particularly evident for the Alzheimer’s Disease class, 

where recall dropped below 0.40 before reaching a confidence 

level of 0.20. 

In contrast, the YOLOv11N model demonstrated more bal-

anced recall behavior, achieving an aggregate recall of 0.97 at 

zero confidence while maintaining substantially higher recall 

for the AD class (above 0.80) up to a confidence threshold of 

0.50. This indicates superior consistency in detecting clini-

cally critical Alzheimer’s cases across varying confidence lev-

els. 
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Figure 10. Recall–Confidence curves. 

These evaluation metrics demonstrate that YOLOv11N pro-

vides a more stable and balanced performance profile, partic-

ularly for Alzheimer’s Disease detection, while maintaining 

high localization accuracy and computational efficiency. Alt-

hough YOLOv11S exhibits strong precision at lower confi-

dence thresholds, its sensitivity to confidence tuning and re-

duced robustness for the AD class limit its suitability for scal-

able and reliable clinical deployment. 

Per-class performance metrics for both models are reported 

in Tables 2 and 3. YOLOv11N achieved balanced detection 

performance across all classes, with particularly strong results 

for AD and CN. AD detection benefited from higher recall and 

improved separability, while CN classification achieved the 

most stable precision–recall trade-off. 

YOLOv11S achieved the highest sensitivity for MCI, re-

flecting its ability to capture subtle early-stage features. How-

ever, this increased sensitivity came at the cost of higher mis-

classification rates between clinically similar categories. 

YOLOv11N, while slightly less sensitive for MCI, provided 

improved robustness and reduced class overlap. 

4.6. Confusion Matrix Analysis 

As part of this research results, the analysis presented in the 

confusion matrices provide a detailed evaluation of the classi-

fication performance of the YOLOv11S and YOLOv11N 

models across three clinically relevant categories: Alz-

heimer’s Disease (AD), Cognitively Normal (CN), and Mild 

Cognitive Impairment (MCI). These matrices illustrate the 

distribution of correct classifications and misclassifications, 

offering insight into each model’s ability to discriminate be-

tween healthy, early-stage, and advanced pathological brain 

states. 

 
(a) Unnormalized Model                                 (b) Normalized Model 

Figure 11. Confusion Matrix for YOLO11S. 
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As shown in Figure 11, the confusion matrices that demon-

strates YOLOv11N model results markedly superior perfor-

mance in identifying Alzheimer’s Disease. The normalized 

confusion matrix shown in Figure 11 indicates that 83% of AD 

cases are correctly classified, with minimal misclassification 

into MCI (4%) and no confusion with CN. This high level of 

accuracy suggests that the Nano architecture effectively cap-

tures the distinct structural biomarkers associated with ad-

vanced neurodegeneration. In contrast, confusion matrices 

presented in Figure 12 using YOLOv11S model exhibits sub-

stantial difficulty in accurately detecting AD. Only 38% of AD 

cases are correctly identified, with a large proportion misclas-

sified as MCI (44%) or CN (19%). This pattern indicates lim-

ited separability between advanced and early-stage disease 

features within the Small variant, reducing its diagnostic reli-

ability for clinically critical AD detection. 

YOLOv11N achieves strong performance in identifying 

cognitively normal individuals, correctly classifying 85% of 

CN cases. The model shows no confusion between CN and 

AD, although a modest overlap with MCI (15%) is observed, 

reflecting the subtle anatomical similarities between normal 

aging and early impairment while YOLOv11S attains a lower 

CN classification accuracy of 59% and demonstrates a higher 

false-positive rate. Notably, 37% of CN scans are misclassi-

fied as MCI, suggesting that the Small variant may be overly 

sensitive to minor anatomical variations that are not indicative 

of pathological decline. 

 
  (a) Unnormalized Model                           (b) Normalized Model 

Figure 12. Confusion Matrix for YOLOv11N. 

YOLOv11S exhibits higher sensitivity to Mild Cognitive 

Impairment, correctly identifying 86% of MCI cases. This 

performance indicates an enhanced ability to detect subtle 

early-stage features; however, this sensitivity comes at the 

cost of increased confusion with AD and CN, reducing overall 

class separability. 

YOLOv11N achieves a slightly lower MCI accuracy of 

73%, yet maintains improved clinical consistency by limiting 

misclassifications into the AD category. This balanced perfor-

mance suggests that YOLOv11N favors robustness and diag-

nostic clarity over aggressive sensitivity. 

5. Discussion 

The results demonstrate that the proposed YOLOv11N-

based framework achieves competitive diagnostic perfor-

mance while maintaining high computational efficiency. More 

importantly, this work demonstrates how detection-based 

deep learning can be structured to support clinically interpret-

able decision-making, bridging the gap between algorithmic 

performance and practical healthcare impact. 

The integration of localized attention maps provides clini-

cians with transparent insight into model behavior, addressing 

a key limitation of conventional deep learning systems in 

medical diagnostics. This interpretability, combined with 

strong generalization performance, positions the proposed 

system as a viable candidate for real-world clinical deploy-

ment. 

The use of 2D slices introduces important limitations. Slice-

based models do not explicitly capture inter-slice spatial con-

tinuity or volumetric context, which may limit their ability to 

fully characterize global brain atrophy patterns and long-range 

structural relationships associated with Alzheimer’s disease 

progression. As a result, diagnostic predictions are influenced 

primarily by localized features within individual slices rather 

than holistic 3D anatomical changes. 

YOLOv11N consistently achieves higher precision, recall, 
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and localization stability across confidence thresholds, sup-

porting its suitability for scalable and real-world clinical de-

ployment. A summary of class-wise strengths and limitations 

is presented in Table 4, which identifies YOLOv11N as the 

most balanced model among the evaluated variants. 

Table 4. Comparative Performance Metrics of YOLOv11N and YOLOv11S Models. 

Metric YOLOv11N YOLOv11S Explanation 

Model Variant Nano Small 

YOLOv11N is a lightweight architecture optimized for speed and 

efficiency, while YOLOv11S is deeper with higher representational 

capacity. 

Approx. Parameters ~1–3 million ~7–10 million 
YOLOv11N has significantly fewer parameters, reducing computational 

cost and memory usage. 

Input Resolution 320 × 320 320 × 320 
Both models were trained and evaluated under identical input conditions 

to ensure a fair comparison. 

mAP@0.5 0.8145 0.754 
Mean Average Precision at IoU = 0.5; YOLOv11N achieves higher over-

all detection accuracy. 

mAP@0.5–0.95 0.8145 
Lower and less sta-

ble 

Indicates localization robustness across strict IoU thresholds; 

YOLOv11N shows stronger consistency. 

Precision (Overall) 0.7315 
Threshold-depend-

ent 

YOLOv11N maintains stable precision across confidence thresholds, 

whereas YOLOv11S varies more. 

Recall (Overall) 0.7378 
Threshold-depend-

ent 

YOLOv11N achieves balanced sensitivity across classes; YOLOv11S re-

call drops rapidly with higher confidence. 

F1-Score (Peak) 
0.73 @ conf 

= 0.70 
0.66 @ conf = 0.16 

YOLOv11N achieves a higher and more stable balance between precision 

and recall. 

AD Class AP 0.690 0.549 
YOLOv11N detects Alzheimer’s Disease more reliably with fewer mis-

classifications. 

MCI Class AP 0.925 0.913 
YOLOv11S shows slightly higher sensitivity to early-stage impairment, 

though at the cost of stability. 

CN Class AP 0.827 0.810 
Both models perform well on cognitively normal cases, with YOLOv11N 

showing improved consistency. 

Localization Capa-

bility 
Yes Yes 

Both models provide spatial localization, a key advantage over classifica-

tion-only approaches. 

Training Stability High Moderate YOLOv11N converges faster with smoother loss and mAP curves. 

Computational De-

mand 
Low Moderate 

YOLOv11N is better suited for real-time and resource-constrained clini-

cal environments. 

Overall Verdict 
Best Overall 

Balance 

High MCI Sensitiv-

ity 

YOLOv11N offers superior robustness, efficiency, and class balance; 

YOLOv11S prioritizes sensitivity. 

 

A broader comparison with representative deep learning ap-

proaches is provided in Table 5. Conventional classification-

based methods, including 3D CNNs and CNN–LSTM archi-

tectures, often report high predictive accuracy but lack spatial 

localization capabilities and require substantial computational 

resources. Multimodal frameworks partially improve feature 

representation; however, they offer limited image-level inter-

pretability. 

In contrast, the proposed YOLO-based framework inte-

grates joint classification and spatial localization, enabling di-

rect visualization of diagnostically relevant brain regions. 

Among the evaluated YOLO variants, YOLOv11N achieves 

the most effective balance between accuracy, interpretability, 

and computational efficiency, positioning it as a practical and 

clinically meaningful solution for automated Alzheimer’s dis-

ease detection. 
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Table 5. Comparative Performance of YOLOv11N with Representative Deep Learning Approaches. 

Model Type Accuracy Provides Localization Computational Demand 

YOLOv11N (In the study) Object Detection 0.8145 mAP@0.5 Yes Low-Moderate 

3D CNN (Wen et al., 2022) Classification 85.12 AUC No High 

Qiu et al. (2022) Classification 0.558 (4-class accuracy) Yes Very High 

Faster R-CNN Object Detection 0.70 mAP@0.5 Yes High 

 

By enabling earlier and more reliable detection of Alz-

heimer’s disease, the proposed system has the potential to di-

rectly improve patient outcomes through timely intervention 

and personalized treatment planning. Unlike traditional ma-

chine learning studies that emphasize accuracy alone, this 

work demonstrates a clinically integrated approach that prior-

itizes interpretability, efficiency, and deployment feasibility 

the key determinants of healthcare impact. 

Clinical Significance and Translation Potential 

This study is designed with direct clinical deployment in 

mind. Early and reliable identification of Alzheimer’s disease 

enables earlier intervention, personalized care planning, and 

improved patient outcomes. The proposed detection-based 

framework supports these goals by offering not only diagnos-

tic predictions but also visual evidence that aligns with estab-

lished neurodegenerative biomarkers, enhancing clinician 

trust and interpretability. 

The lightweight YOLOv11N architecture allows real-time 

inference on standard clinical hardware, making the system 

suitable for integration into hospital imaging pipelines and tel-

emedicine platforms. This enables rapid screening in re-

source-limited settings and supports scalable population-level 

screening programs. 

By unifying interpretability, efficiency, and diagnostic per-

formance, this work advances machine learning from a purely 

computational tool into a clinically actionable healthcare tech-

nology. 

6. Conclusion 

This study validates the effectiveness of the YOLOv11N 

framework for automated Alzheimer’s disease detection using 

structural MRI scans. The proposed approach achieved strong 

performance, with a precision of 0.7315, recall of 0.7378, and 

mean Average Precision (mAP@0.5) of 0.8145, while simul-

taneously providing clinically meaningful spatial localization 

of disease-related regions. This combined capability of classi-

fication and localization represents a significant advancement 

over conventional deep learning classifiers, which lack direct 

interpretability at the image level. 

The lightweight design of YOLOv11N enables efficient 

training and inference without compromising diagnostic accu-

racy, making it particularly suitable for real-world clinical en-

vironments and resource-constrained healthcare systems. Alt-

hough the differentiation of Mild Cognitive Impairment from 

cognitively normal cases remains challenging due to the subtle 

nature of early pathological changes, the results demonstrate 

the feasibility and reliability of applying modern object detec-

tion architectures to neuroimaging-based diagnosis. 

Several limitations warrant further investigation, including 

the modest dataset size, the reliance on 2D MRI slices, and the 

presence of class imbalance. Future work should focus on ex-

panding the dataset, incorporating volumetric 3D architec-

tures, integrating multimodal imaging sources, and enhancing 

explainability mechanisms to further improve diagnostic ro-

bustness and clinical trust. 

Comparative analysis confirms that YOLOv11N provides a 

more balanced and clinically robust classification profile than 

YOLOv11S, with clearer separation between healthy, early-

stage, and advanced disease categories. While YOLOv11S ex-

hibits higher sensitivity for MCI detection, its elevated mis-

classification rates between Alzheimer’s Disease and cogni-

tively normal classes reduce its overall diagnostic reliability. 

In contrast, YOLOv11N achieves superior normalized accu-

racy for Alzheimer’s Disease and maintains consistent perfor-

mance across all diagnostic categories, establishing it as the 

preferred model for automated Alzheimer’s disease detection 

and localization in this study. 

Overall, YOLOv11N offers a scalable, interpretable, and 

computationally efficient foundation for next-generation neu-

roimaging diagnostics, with strong potential for future refine-

ment and clinical deployment. 

Abbreviations 

AD Alzheimer’s Disease 

MCI Mild Cognitive Impairment 

CN Cognitively Normal 

MRI Magnetic Resonance Imaging 

ADNI Alzheimer’s Disease Neuroimaging 

Initiative 

CNN Convolutional Neural Network 

YOLO You Only Look Once 

YOLOv11N YOLO Version 11 Nano 

YOLOv11S YOLO Version 11 Small 
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DL Deep Learning 

CV Computer Vision 

mAP Mean Average Precision 

mAP@0.5 Mean Average Precision at 

Intersection-over-Union Threshold of 

0.5 

mAP@0.5–0.95 Mean Average Precision averaged over 

IoU thresholds from 0.5 to 0.95 

IoU Intersection over Union 

FPN Feature Pyramid Network 

PANet Path Aggregation Network 

CSP Cross Stage Partial (Network) 

ROI Region of Interest 

HSV Hue, Saturation, Value 

GPU Graphics Processing Unit 

AP Average Precision 

F1-score Harmonic Mean of Precision and 

Recall 

FDG-PET Fluorodeoxyglucose Positron Emission 

Tomography 

NMR Nuclear Magnetic Resonance 

AUC Area Under the Curve 

LSTM Long Short-Term Memory 
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