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A wide variety of medical diagnoses depend on the study and testing of 

the dis-ease images. Anemia is one of the cases separated in the 

populations. Deep Learning (DL) is one of the subfields of artificial 

intelligence (AI) techniques applied in the healthcare system to diagnose 

diseases. In this work, YOLOv11 with its versions Nano (n), Small (s), 

Medium (m), Large (l), and Extra-large (x) produces deep-learning models 

to detect anemia based on the palm images. The models train on 4260 color 

images of children under 5 years labeled anemic and nonanemic. The 

models train using two different dataset splits, with two input image sizes, 

(64x64) and (128x128). The high training accuracy achieves at 

YOLOv11n 99.3% at the group two dataset with an input image size of 

128 and YOLOv11n 98.9% at the group one dataset with an input image 

size of 128. All models are test, and the best test results obtains with the 

Yolov11n models, 98.9% and 99.5% of the two groups at input image size 

128, which predicted correctly with a high percentage in a very short time. 

We produce these models to assess medical images, providing precise 

automated estimations and reducing diagnosis time and errors. 

Additionally, they help reduce death rates and promote early intervention 

to enhance the quality of life for patients. 
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1. Introduction 

         Anemia is a dangerous global public health 

problem that specifically affects young children, 

menstruating adolescent girls, pregnant women, and 

postpartum women [1]. Anemia is characterized by 

a reduction in the number of red blood cells, 

hemoglobin concentration, or abnormal structure of 

red blood cells, which results in a reduction in the 

oxygenation of tissues, leading to a variety of 

clinical symptoms and complica-tions [2,3].The 

WHO estimates that 40% of children 6–59 months 

of age, 37% of pregnant women, and 30% of women 

15–49 years of age worldwide are anemic[4]. 

Anemia, particularly in children and expectant 

mothers, increases maternal and in-fant mortality 

risk. It impairs children's cognitive and physical 

development and low-ers adult productivity. Causes 

include dietary deficiencies, infections, 

inflammation, chronic illnesses, gynecological 

conditions, inherited red blood cell disorders, and 

defi-ciencies in folate and vitamins B12 [4]. Table 1 

shows the human normal range of hemoglobin  [5]. 

Table 1. Human normal range of hemoglobin 

Age with Gender Normal range 

Adult men 14 - 18 g/dL 

Adult women 12 - 16 g/dL 

pregnant female >11 g/dL 

Newborn (male, female) 14 -24 g/dL 

0 - 2 weeks 12 -20 g/dL 

2 - 6 months 10 – 17 g/dL 

6 months – 1 year & 1 - 6 

years 

9.5 – 14 g/dL 

6 -18 years 10 - 15.5 g/dL 

         The complete blood count (CBC) test, which 

includes components like red blood cells (RBCs), 

white blood cells (WBCs), hemoglobin, hematocrit, 

and platelets, is typically the first test to be carried 

out for the diagnosis of anemia [6]. This approach is 

the gold standard for detecting anemia; it can be 

time-consuming, expensive, labor-intensive, and 

expose medical professionals to the risks of blood-

transmissible illnesses [7]. In several circumstances, 

quick assessment of clinical indicators of anemia, 

such as lowering the eyelids and evaluating 

conjunctiva pallor, could offer a prompt indication 

of the patient's condition; however, these techniques 

are inaccurate due to a lack of instruments. The 

usage of computational systems could be quite 

beneficial in overcoming this obstacle [8]. Non-

invasive techniques have gained popularity as an 

alternative to invasive methods for measuring 

hemoglobin since they don't require a blood sample, 

leave no scars, have a low risk of infection, allow for 

real-time patient monitoring, and are portable [9]. 

Actually, several factors have increased the use of 

artificial intelligence algorithms in significant 

scientific fields, including medicine, due to their 

remarkable ability to recognize faces and images 

and to comprehend patterns [10]. Machine learning 

and deep learning are crucial in disease 

classification and prediction, especially in 

computer-assisted medical imaging, aiding early 

detection, mitigating risk, and aiding physicians in 

making definitive diagnoses  [11]. YOLO, or You 

Only Look Once, is a modern deep learning 

algorithm introduced in 2015 by Joseph Redmon, 

Santosh Divvala, Ross Girshick, and Ali Farhadi for 

real-time object identification[12]. To obtain 

important insights, YOLO can be combined with 

computer vision techniques such as object 

identification, image classification, and instance 

segmentation in a variety of industries, from 

autonomous driving to medical imaging [13]. The 

Sustainable Development Goals (SDGs) of the 

United Nations place a strong emphasis on health 

and well-being, especially Goal 3, which seeks to 

guarantee healthy lives and advance well-being for 

people of all ages. These objectives are in line with 

efficient anemia detection by Improving Health 

Outcomes: Early detection based on deep learning 

can lead to timely treatment, reducing the morbidity 

and mortality associated with anemia. The 

enhancement of economic production is possible 

since anaemia can affect mental and physical 

functioning, which affects worker productivity and 

education. Improving health can lead to greater 

economic stability and growth for communities. 

Increasing Access to Healthcare: Deep learning 

algorithms can improve screening abilities in low-

resource settings, increasing underserved 

populations' access to healthcare [4] . 

 

2.   Related Literature Review 

          Many studies have been produced for anemia 

detection, as follows: 

 

       In 2015 Carlo Barbieri et al, developed a 

machine learning model using feed-forward 

artificial neural networks (ANN) to predict 

hemoglobin levels in patients with secondary 

anemia in end-stage renal disease undergoing 

dialysis. Using feed-forward artificial neural 

networks (ANN) real data from 313 patients, the 

ANN model was implemented and has achieved 

accuracy of 93% [14] . In 2016 Shaun Collings et al, 

produced a non-invasive method for detecting 

anemia by quantifying conjunctiva pallor using 

digital photographs taken with a camera or 

smartphone. The study involved 106 participants, 

who were given 188 images analyzed using Image 
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software to calculate an erythema index (EI). The 

best results were reported for detecting anemia using 

the palpebral conjunctiva erythema index, with a 

sensitivity of 93% and specificity of 78%  [15]. In 

2017 Azwad Tamir et al, designed a noninvasive 

mechanism. Detection of Anemia uses a 

smartphone-based conjunctiva pallor analysis to 

detect anemia. With a 78.9% accuracy rate, the 

model reported 15 cases from 19 cases, based on 

digital photographs taken under suitable lighting 

conditions [16] . In 2018 R. G. Mannino et al , 

designed smartphone app has been to detect 

noninvasively anemia by analyzing fingernail bed 

photos. The app estimates hemoglobin levels based 

on color and metadata, with an accuracy of ±2.4 

g/dL and a sensitivity of 97%. The dataset used 

consists of 337 subjects ages (1 to 60 years old) [17]. 

In 2019 Shubham Bauskar et al. proposed a 

noninvasive technique to detect anemia using eye 

conjunctiva images, extracting ROI and mean 

intensity values. Tested on 99 images, a machine 

learning algorithm predicted anemia with 93% 

accuracy [18]. In 2020, Laith Alzubaidi et al. 

proposed three deep learning models to classify red 

blood cells in microscopy images for sickle cell 

anemia diagnosis, achieving 99.54% accuracy on the 

erythrocyte IDB1 dataset and 98.87% accuracy on 

the collected dataset using a convolutional neural 

network [19]. In 2021 T. K. Yıldız et al , produced a 

study classified 12 anemia types using artificial 

neural networks, SVM, Naïve Bayes, and decision 

trees, with the highest accuracy (85.6%) achieved 

using decision trees[20].In 2022, Aixian Zhang et al. 

proposed a deep learning method to predict anemia 

using facial images from 316 videos of 217 patients, 

using a convolutional neural network. The model 

achieved 84.02% accuracy, outperforming senior 

doctors' assessments, making it suitable for 

emergency settings [21]. In 2023 S.Dhanasekaran et 

al ,  proposed a CNN All Net that outperformed 

DenseNet121 and Efficient Net B3 ,YOLO v5 

detecting anemia from microscopic palm images on 

a dataset of 3,000 images, with CNN All Net 

achieving the highest accuracy of 96.8% [22] . In 

2024, Nilesh Bhaskarrao Bahadure et al. developed 

a deep learning model, YOLOv6, classifying anemia 

from blood samples. The dataset consists of 551 

blood samples collected from women in 

underprivileged areas, achieving an accuracy of 

97.60% [23]. The studies that have been produced 

range from machine learning to deep learning. The 

studies have utilized a variety of data types, 

including CNN nets and mobile applications. This 

work focuses on using a new version of YOLO, 

YOLOv11, with its versions Nano (n), Small (s), 

Medium (m), Large (l), and Extra-large. The model's 

success for training and testing with different 

accuracy percentages on the PC software Visual 

Studio Code app. 

 

 

3.  YOLO 

            You Only Look Once (YOLO) is a cutting-

edge, real-time object detection method introduced 

in 2015 by Joseph Redmon, Santosh Divvala, Ross 

Girshick, and Ali Far-hadi. It is a modern deep 

learning technique employed across multiple 

domains [12] . YOLO is a convolutional neural 

network (CNN) specifically engineered for object 

detection and image segmentation tasks. In contrast 

to conventional object identifi-cation techniques that 

classify and localize independently, YOLO treats 

the issue as a unified regression problem. It divides 

an image into a grid and instantly predicts bounding 

boxes and class probabilities from the whole image 

in a single evaluation, which makes real-time 

applications faster and more efficient [24]. 

 

3.1 YOLO versions 

         YOLO was produced in several versions, from 

YOLOv1 to YOLOv11, the last version. Each 

version is different in input image size, with the 

internal structure shown in Table 2 [25] .   

Table 2. YOLO versions from v1 to v11 

Version 

Maximum 

size of the 

Input image 

Release 

date 

Version 1 (v1) (488 x 488) 2016 

Version 2 (v2) (416 x 416) 2017 

Version 3 (v3) (608 x 608) 2018 

Version 4 (v4) (608 x 608) 2020 

Version 5 (v5) (608 x 608) 2020 

Version 6 (v6) (640 x 640) 2022 

Version 7 (v7) (640 x 640) 2022 

Version 8 (v8) (640 x 640) 2023 

Version 9 (v9) (640 x 640) 2024 

Version 10 (v10) (640 x 640) 2024 

Version 11 (v11) (640 x 640) 2024 

 

          Each version has subversions Nano (n), Small 

(s), Medium (m), Large (l), and Extra-large (x). The 

YOLOv11 release in September of 2024, developed 

by the time of ultralytics, has task detection, pose 

estimation, segmentation, tracking, and 

classification  [26]. 

 

3.2  YOLO classification 

         It is performed to obtain essential information 

and insights from medical images. The classification 

achieves improved accuracy and delivers useful 

information on the affected area by the diseases. The 

YOLOv11 version has been extracted, and the 

features depend on resizing the input image and its 

layers. Nano (n) and small (s) 112 layers, medium 

(m) 138 layers, large (l) and extra -large (x) 227 

layers, training in the YOLO has three stages: input 
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stage, input image, features extraction stage, and 

prediction stage as shown in Fig. 1. 

 

 

Fig. 1. YOLO process stages 

3.2.1   Backbone: extraction of features 

 

       The backbone extracts key elements from the 

input image made up of several convolutional layers. 

YOLOv11's improved backbone architecture 

enhances feature extraction capabilities, leading to 

more accurate object detection. One notable inno-

vation is the insertion of the C3k2 block into the 

backbone of YOLOv11. This block improves the 

Cross Stage Partial (CSP) bottleneck by using 

smaller 3x3 kernels for more efficient computing 

while preserving the model's ability to gather crucial 

image data. [28]. 

 

3.2.2   Neck fusion of features 

 

         The neck component prepares features from 

different stages of the backbone for the head by 

processing and combining them. The Spatial 

Pyramid Pooling - Fast (SPPF) module in the neck, 

which was included in YOLOv11, enhances the 

model's ability to handle objects at different scales 

by combining data from several regions of the im-

age [29]. 

 

3.2.3   Head: predictions specific to the task 

 

         YOLOv11 uses the C2PSA technique in the 

head to improve the accuracy of de-tection and focus 

on important image areas, making final predictions 

for object clas-sification and localization [29]. 

 

3.3    Why YOLO? 

        YOLO (You Only Look Once) model is a 

contemporary choice because it provides many 

options, like object detection, classification, and 

other capabilities. It has exhibited remarkable 

efficiency in categorizing palm images with 

outstanding execution speed. YOLO executes 

detection and classification in a singular stage, 

rendering it more rapid than conventional models 

like Faster R-CNN. YOLO has significant 

computing efficiency, rendering it appropriate for 

implementation on low-power devices. This study 

updated the model for binary classification (anemic 

vs. non-anemic), showing that it can be used to 

evaluate palm features related to anemia. Because of 

these qualities, YOLO was chosen because it has the 

best balance of speed, efficiency, and accuracy, 

making it perfect for computer vision-based medical 

classification tasks. 

 

  4.     Methodology 

         The proposed system has been using the 

dataset that is labeled into two classes, anemic and 

nonanemic, and converted it to the JPG type. We 

split the dataset into two groups based on 

percentages: group one comprises 70% training, 

15% validation, and 15% testing, while group two 

consists of 80% training, 10% validation, and 10% 

testing. Each dataset group trained at two sizes of 

input images, 64x64 and 128x128, based on 

YOLOv11 versions n, s, m, l, and x. The high 

accuracy of training was 98.9% at group one dataset 

splitting when the input image size was 128 and 

99.3% at group two dataset splitting when the input 

image size was 128 in the YOLOv11n. We tested all 

models using the dataset's test images. We illustrate 

the methodology in Fig. 2 below. 

 
 

Fig. 2. Block diagram of methodology 

4.1   Dataset 

        The dataset consists of 710 microscopic palm 

images of children under 5 years old, divided into 

two classes, anemic and non-anemic, which include 

426 and 284 images, respectively. To create 

divergences of the original images, the dataset was 

augmented with 4260 labeled images for both 

classes. These divergences improve dataset 

diversity, model robustness, and generality. Fig. 3 

shows samples of datasets for the anemic and non-

anemic classes. 

 

Fig. 3. (a) Anemic image (b) Non-anemic image  [27]. 
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4.2   Prepare the dataset 

      YOLOv11 classification deals with specific 

partitions for training, as Fig. 4 below illustrates. 

 

Fig. 4. Preparation of the dataset 

4.3   Preprocessing 

         The dataset was converted from PNG to JPG, 

which led to easy processing using a program in 

Matlab 2022a. 

4.4   Data splitting 

        The dataset is divided into two groups using a 

program in MATLAB 2022. The first group consists 

of 70% of the 2982 training images. 1810 anemic 

and 1172 non-anemic images, 15% validation 639 

images, 386 anemic and 253 non-anemic images, 

and 15% of the 639 images. 366 anemic with 273 

non-anemic images, the second group of data was 

split to 80% train, 3408 images, 2072 anemic and 

1336 non-anemic images, 10% validation. 426 

images, 243 anemic and 183 non-anemic images, 

and 10% test, 426 images, 35 anemic with 391 non-

anemic images, as Fig. 5 below illustrates. 

 

 

Fig. 5. The two groups of the dataset splitting percentage 

4.5    build models 

      The Visual Studio Codes program used 

YOLOv11 to build deep learning models, which 

Python 3.12.7 then implemented 

 

4.5.1   YOLO setup and start 

       Initiating the use of YOLO is expeditious and 

uncomplicated. The Ultralytics package can be 

installed via pip, allowing for rapid setup within 

minutes. This step is a funda-mental installation 

command [13] : 

pip install ultralytics  

YOLOv11 classification starts using the command 

[13] : 

YOLO11 (version)-cls  

 

4.6    Training the first group 

       YOLO v11with its versions n, m, s, l, and x were 

trained on a dataset split into 70% training, 15% 

validation, and 15% test, using two stages of input 

images sized 64 and 128 over 100 epochs. 

 

4.7   Training the second group 

         The YOLO v11 with its versions n, m, s, l, and 

x were trained on a dataset that was split to 80% 

training, 10% validation, and 10% test with two 

stages of input images size 64 and 128 with 100 

epochs. 

 

4.8     Feature extraction 

        YOLOv11, a flexible deep learning model, 

excels not only in object recognition but also in 

image classification. After being trained for image 

classification, YOLOv11 assigns an image to a 

particular class by processing it through a sequence 

of layers intended to extract and analyze features. 

YOLOv11 gathers features during its classi-fication 

training. 

 

4.8.1   The input layer 

       The input layer is the first step in the process, 

where the image is shrunk to a standard size 

appropriate for the model. This resizing guarantees 

consistency and alignment with the architecture of 

the network. [28]. 

 

4.8.2   Layer of global pooling 

        A global pooling layer reduces the spatial 

dimensions of the feature maps following feature 

extraction. By combining data, this layer creates a 

condensed representation that highlights the most 

important characteristics for classification. 

 

4.8.3   Full connected Layer 

         Thereafter, the condensed characteristics are 

sent to fully linked layers, which help with decision-

making by interpreting the features that were 

extracted. These layers associate the corresponding 

classes with the high-level features. 

 

4.8.4   Output layer 

          The final output layer uses an activation 

function, such as softmax, to generate probability 

scores for each class. For the input image, the model 

predicts the class with the highest probability. 

YOLOv11's architecture improves image 

classification by gathering detailed information and 

complex patterns across different categories. This is 

done by making feature extraction and computation 

more efficient. In this work, the input image is set to 

a new size, either 128 or 64, meaning 128x128x3; 

the maximum size of YOLOv11 is 640x640; the 

original size of images varies between 126x240x3 
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and 138x126x3; and therefore, 128 has been chosen. 

Fig. 6 illustrates the classification process. 

 

 

Fig. 6. Classification process 

4.9   Testing the models  

       All YOLOv11 models have been trained and 

tested on test images of the dataset and evaluated 

the test results. 

5      Results and Discussion 

       The work is done by PC that specification  

Processor: Intel(R) Core (TM) i7-4600M CPU @ 

2.90GHz 2.89 GHz 

Installed RAM: 8.00 GB (7.61 GB usable) 

System type: 64-bit operating system, x64-based 

processor 

Edition: Windows 10 Pro 

Version: 22H2 

 We have developed models for training and 

testing on two sets of datasets using Python 3.12.7 

in the Visual Studio Code app. All models were run 

100 times with 64- and 128-bit images as input, 

YOLO v11 versions n, m, l, and x, and the ultralytics 

library was used to classify features of diagnostic 

images. 

5.1   Training results of group one datasets  

        YOLOv11 with its versions n, m, s, l, and x has 

been running with dataset splitting 70% training, 

15% validation, and 15% test at 100 epochs. For an 

input size of 64×64, the maximum accuracy 

achieved was 96.2% (YOLO v11s), but the 

minimum was 92.3% (YOLO v11x). The highest 

accuracy attained for a 128x128 input size was 

98.9% (YOLO v11n), while the lowest was 96.9% 

(YOLO v11x). Augmenting the input image size 

from 64 to 128 often enhanced accuracy, suggesting 

that the model gains from more intricate images. 

Reduced values signify enhanced learning 

throughout training. With a 64×64 input, the 

minimum loss recorded was 0.14449 (YOLO v11s), 

whereas the maximum was 0.30234 (YOLO v11x), 

indicating that YOLO v11s exhibited greater 

stability. With a 128×128 input, the minimum loss 

recorded was 0.07632 (YOLO v11n), while the 

maximum was 0.14368 (YOLO v11x), indicating 

that smaller models exhibited superior performance 

with bigger image dimensions. With a 64x64 input, 

the lowest validation loss recorded was 0.35729 for 

YOLO v11s and the highest was 0.40359 for YOLO 

v11x. This suggests that YOLO v11s was better at 

generalization on the validation dataset. With a 

128×128 input, the minimum validation loss 

recorded was 0.32738 (YOLO v11n), whereas the 

maximum was 0.3527 (YOLO v11x), indicating the 

superior performance of YOLO v1n in validation. 

For optimal accuracy, YOLO v11n (128×128) is the 

superior choice. For optimal accuracy and speed, 

YOLO v11s (128×128) delivers commendable 

performance (97.7%) alongside minimal validation 

loss. Training results of this part are shown in                        

Table 3, Fig. 7 illustrates the training accuracy 

curves for the first dataset when the input image is 

64. 

5.2   Training results of group two datasets 

        YOLOv11 with its versions n, m, s, l, and x has 

been running with dataset splitting 80% training, 

10% validation, and 10% test at 100 epochs. For an 

input size of 64×64, the maximum accuracy 

achieved was 98.8% (YOLO v11s), while the 

minimum was 93% (YOLO v11x). YOLO v11n, 

YOLO v11m, and YOLO v11l all attained accuracy 

exceeding 96%, signifying consistent performance. 

For an input size of 128×128, the maximum 

accuracy achieved was 99.3% (YOLO v11n), 

indicating exceptional performance. YOLO v11l 

and YOLO v11x achieved commendable 

performance, with accuracies of 99.1% and 98.4%, 

respectively, shown in Figure 8. Nonetheless, 

YOLO v11s decreased to 97.2%, which is inferior to 

its 64×64 accuracy. Increasing the input dimensions 

from 64 by 64 to 128 by 128 improved accuracy for 

most models, with the YOLO v11n model achieving 

the highest accuracy of 99.3%. Regarding Training 

Loss for an input size of 64×64, the minimum 

training loss recorded was 0.12873 (YOLO v11s), 

indicating effective learning. The peak training loss 

was 0.40498 (YOLO v11x), indicating instability. 

For an input size of 128×128, the minimum training 

loss recorded was 0.06362 (YOLO v11n), indicating 

optimal learning performance. YOLO v11x showed 

substantial improvement, achieving a score of 

0.08116, surpassing its performance at 64×64. 

Observation: YOLO v11n exhibited the greatest 

advantage from a 128×128 input size, attaining the 

minimal training loss of 0.06362. Validation Loss 

(Val/Loss) For an input size of 64×64, the minimum 

validation loss recorded was 0.33128 (YOLO v11s), 

indicating robust generalization. The maximum was 

0.42313 (YOLO v11x), indicating inadequate 

validation performance. For an input size of 
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128×128, the minimum validation loss recorded was 

0.32252 (YOLO v11n), hence affirming its 

dependability. The maximum was 0.34327 (YOLO 

v11s), indicating it had difficulties with 

generalization at elevated resolutions. YOLO 

version 11 consistently exhibited the lowest 

validation loss, indicating superior generalization 

compared to the other models, as shown in Figure 9. 

YOLO v11n (128×128) attained the best accuracy 

(99.3%) and the lowest validation loss (0.32252), 

establishing it as the preferred option. YOLO v11l 

(128×128) exhibited commendable performance 

with an accuracy of 99.0%, albeit with a little 

elevated loss. YOLO v11s (64×64) demonstrated 

exceptional accuracy (98.8%) and little validation 

loss (0.33128), rendering it an optimal choice for 

speed and efficiency. Nonetheless, at 128×128, its 

performance decreased to 97.2%, indicating 

potential scalability issues. YOLO v11x exhibited 

the poorest performance at 64×64, achieving 93% 

accuracy and a maximum validation loss of 0.42313. 

Nevertheless, it showed a big improvement at 

128x128 (98.4% accuracy), as shown in Table 4, 

which suggests that bigger images are better. YOLO 

v11n (128×128) is the optimal selection for 

achieving the greatest accuracy and generalization. 

When speed and efficiency are prioritized, YOLO 

v11s (64×64) delivers robust accuracy (98.8%) at a 

little computational expense. I do not prefer YOLO 

v11x at (64×64) because it has high losses and 

reduced accuracy. 

 

 

 

 

 

Fig. 7. Training accuracy models group one image size 

64 

 

Fig. 8. Training accuracy models second dataset with 

image size 128 

                       Table 3. Training results of YOLOv11 versions of the group one dataset 

 

Training results of group one dataset 

 Input image size (64 x64) Input image size (128x128) 

YOLOv11 

versions 

Accuracy Train / loss Val /loss Accuracy Train / loss Val/loss 

n 95.6% 0.18154 0.36417 98.9 % 0.09102 0.32843 

s 96.2 % 0.15999 0.35729 97.7 % 0.08354 0.34625 

m 93.7 % 0.16314 0.38309 97.3 % 0.11413 0.34244 

l 95.5 % 0.16816 0.36309 97.8 % 0.11992 0.34185 

x 92.3  % 0.31744 0.40359 96.9 % 0.14938 0.35545 

Table 4. Training results of YOLOv11 versions of the group two dataset 

Training results of group two dataset 

 Input image size (64 x64) Input image size (128x128) 

YOLOv11

versions 

Accuracy Train / loss Val /loss Accuracy Train / loss Val/loss 

n 97.9 % 0.21559 0.3526 99.3 % 0.06362 0.32252 

s 98.8 % 0.12873 0.33128 97.2 % 0.09842 0.34327 

m 97.9  % 0.17572 0.3413 98.4 % 0.10653 0.33481 

l 96.9 % 0.20822 0.35429 99.1 % 0.06597 0.32647 

x 93 % 0.40498 0.42313 98.4 % 0.08106 0.33392 
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Fig. 9. Training loss of models at second dataset with 

image size 128. 

5.3   Test results 

       We tested YOLOv11 versions using the 

dataset's test file, and the models displayed different 

results. The test image results in the models were 

different depending on a number of things, such as 

the number of datasets, how the datasets were split 

to give the model's features, the number of epochs, 

the PC's specs, and the type of YOLO versions used, 

including the version layer. As a result, the best test 

result we had at group one models exhibited 

enhanced performance with a 128×128 input size, 

resulting in improved accuracy and feature 

extraction. In the 64×64 configuration, YOLO v11s 

exhibits the greatest equilibrium, attaining an 

accuracy of 96.5%, whereas YOLO v11x 

demonstrates the least performance at 94.6%. For 

128×128, YOLO v11n exhibits the highest accuracy 

at 98.9% with superior recall, succeeded by YOLO 

v11x at 98.1% accuracy. Optimal choice: YOLO 

v11n (128×128) for maximum accuracy. Optimal 

for minimal input: YOLO v11s (64×64) for 

equitable performance, as shown in  

Table 6. In the second group of models, increasing 

the input size to 128×128 enhances performance in 

all models except for YOLO v11s, which 

experiences a minor decline in accuracy. YOLO 

v11x exhibited suboptimal performance at 64×64 

with an accuracy of 87.8% but showed substantial 

improvement at 128×128, with an accuracy of 

97.8%. The optimal model for 64×64 resolution is 

YOLO v11s, succeeded by YOLO v11n. The 

optimal model at 128×128 is YOLO v11n (99.5% 

accuracy, 1.00 recall and precision). YOLO v11x 

necessitates larger images (128×128) for optimal 

performance. Utilize YOLO v11n (128×128) for 

Table 5. Test results of group one dataset 

                                   Test Results of Dataset 70% training, 15% validation, 15% test 

 

YOLO 

v11 

Version 

64×64 

Accuracy 

64×64 

Precisio

n 

64×64 

F1 

Score 

64×64 

Recall 

128×128 

Accurac

y 

128×128 

Precision 

128×128 

F1 

Score 

128×128 

Recall 

n 95.7% 0.96 0.94 0.93 98.9% 0.99 0.98 0.97 

s 96.5% 0.96 0.96 0.95 97.9% 0.98 0.97 0.96 

m 95.3% 0.95 0.94 0.93 97.8% 0.97 0.97 0.97 

l 96.5% 0.98 0.96 0.93 97.0% 0.97 0.96 0.96 

x 94.6% 0.95 0.94 0.92 98.1% 0.98 0.97 0.98 

 

 

Table 6. Test results of group two dataset 

Test Results of Dataset 80% training, 10% validation, 10% test 

YOLOv11 

Version 

64×64 

Accuracy 

64×64 

Precision 

64×64 F1 

Score 

64×64 

Recall 

128×128 

Accuracy 

128×128 

Precision 

128×128 

F1 Score 

128×128 

Recall 

n 98.7% 1.00 0.99 0.97 99.5% 1.00 0.99 1.00 

s 99.5% 1.00 0.99 0.99 98.2% 0.99 0.98 0.97 

m 96.9% 0.97 0.97 0.96 98.7% 0.98 0.99 0.99 

l 97.4% 0.98 0.97 0.96 98.7% 0.99 0.99 0.98 

x 87.8% 0.90 0.86 0.82 97.8% 0.98 0.98 0.97 
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optimal accuracy; if limited to 64×64, YOLO v11s 

is the superior option, as shown in Table 5. The 

results found that YOLO v11x, a model with subpar 

performance at 64x64, showed a significant 

improvement at 128x128. YOLO v11n, a superior 

model, achieved 99.5% accuracy and 100% recall at 

128x128 resolution. YOLO v11s also excelled at 

64x64, with 99.5% accuracy. The models' superior 

performance is due to image quality and the 

percentage of the splitting dataset. 

6.  Conclusion 

        In this work, deep learning models successfully 

classify the anemia after training in the new version 

of YOLO models, YOLOv11, with its versions n, s, 

m, l, and x at JPG microscopic palm images labeled 

two classes: anemic and non-anemic. The models 

deal with two splitting datasets named the first 

group, which splits to 70% train, 30% validation, 

and test, and the second group, which splits to 80% 

train, 20% validation, and test. All models are tested 

with the test images of the dataset; the models have 

varying results depending on the features of the 

training image and the type of YOLO version used. 

High training accuracy has been obtained at 

YOLOv11n at two types of splitting datasets with a 

personal PC at the Visual Studio Code app. using the 

YOLOv11 deep learning model to produce a 

noninvasive model to detect the anemia with high 

accuracy of prediction, a very short time for testing, 

a low-cost using software on a personal PC, the 

ability to develop in the future for software, and the 

production of a hardware tool. Also, this technology 

can enhance early intervention, improve health 

outcomes, promote social justice, and boost 

economic output. This technology can also 

contribute to public health campaigns, gender 

equality, and the Sustainable Development Goals, 

ensuring healthy lives and overall well-being. 
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