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Abstract 
Palmar morphology offers a unique and complex taxonomy of features; however, its 
analysis in traditional practices is still hindered by human subjectivity and inconsistent 
interpretation. While biometrics have advanced, the automated detection of 12 diverse and 
fine-grained palmar elements remains a significant challenge due to high spatial 
complexity. This study aims to establish a standardized digital framework for identifying 
12 heterogeneous palmar morphologies, bridging the gap between traditional taxonomy 
and modern computer vision while supporting palmistry knowledge representation 
through structured and computationally reproducible morphological analysis. We propose 
a comparative benchmark between anchor-based (YOLOv5) and anchor-free (YOLOv8) 
architectures. Optimization strategies were implemented through transfer learning using 
MS COCO pre-trained weights to overcome small-scale dataset constraints and enhance 
multi-scale feature extraction on subtle biological markers. Experimental results 
demonstrate that YOLOv8-L is the superior model, achieving an mAP@0.5 of 0.9244, 
significantly outperforming YOLOv5 in localizing fine-grained features. The integration 
of C2f structures and the anchor-free paradigm proved effective in handling intricate 
spatial relationships, achieving a high inference speed of 97.2 FPS. This research presents 
an automated and standardized framework for biological feature extraction, enabling 
objective digital documentation and consistent interpretation of palmar morphological 
features. The findings also indicate that anchor-free models are more robust for detecting 
complex biological morphologies. 
Keywords: Palmar morphology; YOLOv8, Anchor-free, Fine-grained object detection, 
Comparative analysis 
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I. INTRODUCTION 

The human hand is a fundamental organ for environmental interaction, 
manifesting significant anatomical and functional complexity (Hanger & 
Higgins, 2025). Its capacity for fine motor tasks, ranging from power grips to 
precision dexterity, is essential for both daily activities and high-level cognitive 
functions. Furthermore, specific epidermal configurations on the palm serve as 
unique biometric identifiers for individual recognition (Cummins & Midlo, 
1943), while also functioning as biological markers capable of indicating genetic 
anomalies through surface morphological analysis (J. Li et al., 2022).  

Evidenced by these diverse biophysical utilities, hand pattern analysis has 
become a cornerstone in computational intelligence, driving innovations in 
biometric authentication, human-computer interaction (HCI), and fine-grained 
object recognition frameworks.Beyond its established scientific value, the hand 
is a central object in the traditional practice of palmistry. In the context of this 
research, palmistry is positioned as a source of a unique, heterogeneous, and 
systematic feature taxonomy. This taxonomy provides a comprehensive 
categorization of features, including hand-type geometric configurations, the 
morphology of palmar mounts, line frequency density, spatial relationships 
between digits, and the intrinsic characterization of palmar creases (Goldberg & 
Bergen, 2016). However, feature detection within this taxonomy often yields 
inconsistent interpretations, as the identification process remains heavily reliant 
on human subjectivity. Dependence on a reader's intuition leads to instability in 
hand pattern identification; therefore, a transformation from manual methods 
toward a computational approach is required to automate palmar morphology 
detection objectively, ensuring accuracy and analytical uniformity. In addition, 
the transition toward computational analysis facilitates palmistry knowledge 
representation by encoding traditional morphological observations into a 
standardized digital framework that can be consistently reproduced across 
different observers and applications. 

Recent research in hand pattern recognition reveals a continued reliance on 
hand-crafted feature extraction methods alongside the emerging adoption of 
deep learning architectures. Prior studies deployed algorithms such as Random 
Forests (RF) and Linear Support Vector Machines (SVM) to predict individual 
characteristics based on the four Major Lines (Patil, 2025). To facilitate this, these 
methodologies utilize multi-stage pipelines incorporating Gaussian smoothing 
and Canny edge detection to capture boundaries, from which geometric 
descriptors such as contour arc length and line depth are extracted. However, 
these approaches are constrained by their dependency on deterministic feature 
engineering and an analytical scope that is limited to predefined linear and 
contour structures. While Deep Neural Network (DNN) approaches, such as 
Convolutional Neural Networks (CNN) and U-Net, have been introduced to 
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reduce manual intervention, a research gap persists regarding multi-class palmar 
feature detection (Ariyanto et al., 2018; Van et al., 2020). These frameworks 
primarily focus on either image-level global classification or pixel-level 
segmentation masks, which do not inherently provide the direct, multi-class 
bounding-box localization required to analyze heterogeneous palmar structures 
alongside macro-geometric finger proportions. 

Initial efforts to address these limitations were conducted using the 
YOLOv5 model. However, this model faces significant challenges in detecting 
micro-objects, such as the Lower Mars Mount, or features with indistinct visual 
boundaries (Rusjayanthi et al., 2025). This limitation stems from YOLOv5’s 
reliance on rigid anchor-based mechanisms, which struggle to adapt to the 
biological geometry of objects with high aspect ratio variability. To bridge this 
gap, this study presents an innovation in palmar morphology-based feature 
detection using the YOLOv8 architecture. Unlike YOLOv5, YOLOv8 implements 
an anchor-free approach, which is theoretically more adaptive in capturing 
irregular biological features. Furthermore, the integration of the C2f structure in 
YOLOv8 enables superior feature extraction (G. Wang et al., 2023), particularly 
in identifying fine-grained palmar morphologies with low inter-class variance. 

This implementation serves as a strategic approach to overcome small-scale 
dataset constraints through a transfer learning mechanism utilizing the Microsoft 
Common Objects in Context (MS COCO) dataset. By adopting pre-trained 
weights, the model effectively performs domain adaptation from general objects 
(Reddy & Basha, 2025; Reis et al., 2023) to complex palmar textures and 
geometries. This research conducts an in-depth comparative analysis between 
YOLOv5 and YOLOv8 (Small and Large variants) to evaluate the effectiveness of 
this architectural transition. The primary contributions of this study involve 
providing a comparative benchmark between anchor-based and anchor-free 
architectures specifically optimized for fine-grained biological feature detection 
and establishing a standardized digital framework for the identification of 12 
heterogeneous palmar morphologies. This framework bridges the gap between 
traditional taxonomy and modern computer vision by enabling the automated 
extraction of diverse and complex features and supporting palmistry knowledge 
representation through machine-interpretable morphological classifications that 
preserve their semantic relationships.  

II. Method 
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Figure 1: Research Methodology Workflow for Palmar Element Detection 

As illustrated in Figure 1, the workflow for detecting palmar morphological 
elements in this study was developed through a series of systematic stages, 
beginning with data selection. In this phase, the dataset was constructed by focusing 
on intricate hand features based on a palmar morphological taxonomy, which 
encompasses variations in geometry, linear structures, and palmar mounts. The 
subsequent stage involves image annotation, where class labels were precisely 
assigned to the selected raw images by determining pixel coordinates. This 
structured annotation process also serves as the basis for palmistry knowledge 
representation by converting qualitative morphological descriptions into 
quantitatively defined computational entities. Each object was localized using 
bounding boxes corresponding to the highly detailed hand features across the 12 
palmar-based element classes.  

Following annotation, both geometric and photometric data augmentation 
techniques were employed to expand the annotated sample size. This procedure is 
crucial for preventing overfitting and ensuring the model remains robust in 
recognizing features under heterogeneous color intensities and lighting conditions. 
To prepare the data for the subsequent network architecture, a stochastic split 
scheme was performed, allocating 70% of the data for the training set, 15% for the 
validation set to monitor performance during the learning process, and the 
remaining 15% as an independent test set to evaluate the model's generalization 
capability.  

The training and validation processes were conducted to develop a model 
capable of extracting fine-grained features across multiple scales. In this study, a 
transfer learning strategy was implemented by utilizing pre-trained weights from 
the MS COCO dataset to accelerate model convergence on a smaller-scale biological 
dataset. Finally, a comparative analysis was performed between the YOLOv5 and 
YOLOv8 architectures. This evaluation focused on benchmarking accuracy and 
efficiency metrics to determine the effectiveness of the anchor-free approach in 
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YOLOv8 versus the anchor-based mechanism in YOLOv5 in handling complex and 
irregular palmar geometric variability. 

The dataset for this study was comprehensively structured based on a palmar 
element taxonomy, encompassing hand types, the morphology of the lower Mars 
mount, pinky finger proportions, and palmar line characteristics (line frequency and 
the Saturn line). The resulting taxonomy provides a consistent semantic structure for 
palmistry knowledge representation, enabling each morphological characteristic to 
be encoded as an identifiable computational category. Primary data were selected 
from three widely recognized public databases: the 11k Hands Dataset (Afifi, 2019), 
the Birjand University Mobile Palmprint Database (BMPD) (Mahdie Izadpanah, 
2019), and the COEP Palm Print Database (Autonomous Institute of Government of 
Maharashtra, 2024). 

The dataset is categorized into twelve classes representing heterogeneous 
features, which include hand types, the lower Mars mount, pinky finger length, line 
frequency, and the Saturn line. The hand type category comprises Water, Fire, Earth, 
and Air classes, while the lower Mars mount is categorized into Low and High 
classes. The pinky finger is differentiated into Short and Long classes based on its 
distal position. Furthermore, line frequency is classified as High, Medium, and Low 
depending on the density of minor lines, and the Saturn line is identified by the 
presence of a specific vertical line in the central palmar region. The total dataset, 
including augmented samples generated through saturation adjustment, vertical 
flipping, and horizontal flipping, consists of 1,000 images. In accordance with the 
defined distribution, the dataset was partitioned into training, validation, and testing 
sets, with the detailed data distribution per class presented in Figure 2. 

 
Figure 2: Class Distribution 

The annotation criteria for each element and its corresponding classes were 
defined based on specific morphological characteristics (Goldberg & Bergen, 2016). 
For hand type, annotations encompassed the entire palm and finger regions as 
illustrated in Figure 3. 



853/ Journal of Daoist Studies 19-4s (2026) 
 

    
(a) (b) (c) (d) 

Figure. 3 Annotation results for hand type: (a) Water, (b) Earth, (c) Fire, and (d) Air 
The Water class is characterized by a rectangular palm and finger structure, 

while the Earth class tends toward a square shape. In contrast, the Fire class features 
rectangular palms combined with square fingers, and the Air class typically exhibits 
a square palm with rectangular fingers. Furthermore, the lower Mars mount feature 
was localized on the palm between the base of the index finger and the thumb's basal 
joint, as shown in Figure 4. 

  
(a) (b) 

Figure 4: Annotation Results for the Lower Mars mount: (a) Low, and (b) High 

The High class was annotated for prominent or expansive mount areas, whereas 
the Low class was applied to regions that appeared flatter or where fine lines reduced 
the perceived height of the mount. Annotations for the pinky finger focused on the 
relationship between the little finger's tip and the ring finger’s distal knuckle, as 
depicted in Figure 5. 

  
(a) (b) 

Figure 5. Annotation Results for the Pinky Finger: (a) Long, and (b) Short 

The Long class was assigned when the fingertip exceeded the knuckle, while the 
Short class was used when it did not. Regarding line frequency, this element was 
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annotated based on the density of minor or fine lines on the palm, excluding the 
principal lines, as illustrated in Figure 6. 

   
(a) (b) (c) 

Figure 6: Annotation Results for Line Frequency: (a) High, (b) Medium, and (c) 
Low 

The High class represents a dense concentration of numerous, less distinct lines, 
while the Medium class was used for minor lines that were numerous but more 
clearly visible, and the Low class was assigned where fine lines were sparse. Finally, 
the Saturn line was localized as a vertical line situated between the middle finger and 
the base of the palm, as illustrated in Figure 7. 

 
Figure 7: Annotation Results for the Saturn line 

The selection of YOLOv5 and YOLOv8 for this comparative study is based on 
the fundamental architectural differences in how both methods process spatial 
information. YOLOv5 employs an anchor-based mechanism that relies heavily on 
predefined bounding box priors (Azevedo & Santos, 2024; Khanam & Hussain, 2024). 
Theoretically, this dependency poses a significant constraint in recognizing palmar 
morphology; unlike rigid industrial objects, hand features exhibit organic variability 
in scale, texture, topography, and aspect ratios that often exceed the capacity of fixed-
ratio anchors. Consequently, the transition to the anchor-free approach in YOLOv8 
becomes crucial. By eliminating anchor constraints, the model gains greater flexibility 
to localize features based on the object's center of mass and direct distance regression 
(Casas et al., 2024; Shukhratov et al., 2024; Yaseen, 2024). This enables more precise 
detection of 12 heterogeneous palmar morphologies, ranging from thin linear lines to 
amorphous dermal texture areas. 

The architectural superiority of YOLOv8 over YOLOv5 is supported by four key 
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technical evolutionary components. First, in the backbone network, YOLOv8 
introduces the C2f module (Cross-Stage Partial with 2 Convolutions), replacing the 
C3 module found in YOLOv5. Through a gradient shunt mechanism, the C2f module 
bifurcates input feature maps to enrich gradient flow while preserving contextual 
information (G. Wang et al., 2023), which is instrumental in maintaining fine-grained 
textural details. Second, YOLOv8 implements a decoupled head structure that 
separates the classification and regression processes into distinct network branches 
with independent weight parameters (G. Wang et al., 2023; J. Wang et al., 2023). This 
separation ensures that fine-grained spatial details are not distorted by the abstract 
textural features required for classification—a contrast to the coupled detection head 
in YOLOv5, which often triggers task conflicts. 

Third, regarding localization optimization, YOLOv8 integrates Distribution 
Focal Loss (DFL) alongside Complete Intersection over Union (CIoU), calculated 
using Eq. 1 and Eq. 2. Unlike the rigid coordinate estimation in YOLOv5, DFL models 
boundary locations as a continuous probability distribution, effectively handling 
positional uncertainty in micro-features with soft edges (Guo et al., 2025; Zhou et al., 
2025). The DFL is formulated as shown in Eq.  (1): 

𝐿஽ி௅(𝑃௜ , 𝑃௜ାଵ) = −൫(𝑦௜ାଵ − 𝑦) 𝑙𝑜𝑔(𝑃௜) + (𝑦 − 𝑦௜) 𝑙𝑜𝑔(𝑃௜ାଵ)൯       
(1) 

In the DFL equation, y represents the ground truth label or target value, while 
P_i  and P_(i+1) represent the predicted probabilities of the discrete bins flanking the 
target value y. These probabilities are generated through a Softmax activation 
function to ensure a valid probability distribution. Furthermore, y_i and y_(i+1) 
denote the values of the nearest discrete bins surrounding the ground truth label. This 
mechanism forces the model to concentrate the probability distribution on the bins 
closest to the actual value, which is particularly beneficial for localizing palmar 
features with indistinct visual boundaries. 

The localization accuracy is further optimized using the CIoU loss function. 
Unlike the standard IoU, CIoU accounts for three critical geometric factors, namely 
overlap area, central point distance, and aspect ratio, as defined in Eq. (2): 

𝐿஼ூ௢௎ = 1 − 𝐼𝑜𝑈 +
ఘమ൫௕,௕೒೟൯

௖మ + 𝛼𝑣                    (2) 

In the CIoU loss calculation, IoU is the intersection area divided by the union 
area of the predicted bounding box and the ground truth. The termρ^2 (b,b^gt 
)represents the squared Euclidean distance between the central points of the 
predicted box and the ground truth box, while c is the diagonal length of the smallest 
enclosing box. Additionally, α serves as a positive trade-off parameter used to 
measure aspect ratio consistency, and v is the parameter that quantifies the 
consistency of the aspect ratio between the two boxes. The calculation of α dan v is 
detailed in Eq. (3) and (4): 
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In the aspect ratio parameter calculation, w^gt and h^gt represent the width and 
height of the ground truth bounding box, while w and h denote the width and height 
of the predicted bounding box. Finally, in terms of sample management, YOLOv8 
adopts a Task-Aligned Assigner and utilizes Binary Cross-Entropy (BCE) for 
classification loss (Wu et al., 2024). The Task-Aligned Assigner ensures a more 
accurate and task-specific assignment of object proposals by dynamically calculating 
an alignment score t for each anchor, as defined in Eq. (5) (X. Li et al., 2024): 

𝑡 =  𝑠ఈ ⋅ 𝐼𝑜𝑈ఉ                        (5) 

Within the alignment formula, t is the calculated alignment score, s is the 
predicted classification score, and IoU is the Intersection over Union value. The 
variables α and β are weighting hyper-parameters that control the relative influence 
of the classification score and the box regression accuracy, respectively. Furthermore, 
the classification task is optimized using BCE Loss, as shown in Eq. (6): 

𝐿஻஼ா(𝑦, 𝑦ො) = −
ଵ

ே
∑ [𝑦௜ 𝑙𝑜𝑔(𝑦పෝ) + (1 − 𝑦௜) 𝑙𝑜𝑔(1 − 𝑦పෝ)]ே

௜ୀଵ                    (6) 
In the classification loss equation, y_i is the ground truth label for the i-th 

sample, which is assigned a value of 1 if the object is present and 0 otherwise. The 
term (y_i ) ̂ represents the predicted probability for the class after passing through the 
Sigmoid activation function for the i-th sample, and N denotes the total number of 
samples included in the calculation. The removal of the Objectness Loss branch 
present in YOLOv5 theoretically reduces false negatives in indistinct features, as the 
model prioritizes dynamic alignment between classification and localization (Gao & 
Li, 2025; Huang et al., 2025).   

The model training and evaluation experiments were conducted using a cloud-
based infrastructure via Kaggle Notebooks, accelerated by dual NVIDIA Tesla T4 
GPUs with 16GB GDDR6 per unit. The training process was configured for 200 
epochs utilizing the Adam with Decoupled Weight Decay (AdamW) optimization 
algorithm and an input resolution of 320 x 320 pixels. This specific resolution was 
selected to maintain an optimal balance between computational efficiency and 
feature fidelity across the twelve detected palmar morphologies, ensuring that fine-
grained details are preserved during the feature extraction process. 

To mitigate the risk of overfitting on the limited dataset, a transfer learning 
mechanism using MS COCO pre-trained weights was implemented, complemented 
by mosaic augmentation techniques. These techniques were crucial for enhancing the 
model's robustness against organic variability in palmar textures. The entire technical 
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implementation was developed using the Python programming language and the 
Ultralytics framework to ensure a consistent and rigorous evaluation environment 
between the YOLOv5 and YOLOv8 architectures. 

Performance evaluation was measured using standard multi-class object 
detection metrics, including mean Average Precision at a 0.5 Intersection over Union 
(mAP@0.5) and the average mAP across the 0.5 to 0.95 range (mAP@0.5:0.95). 
Furthermore, Precision, Recall, and F1-Score were utilized to provide a 
comprehensive overview of the model's capability to balance relevant detection with 
the minimization of false positives. These metrics specifically address the visual 
challenges inherent in micro-object classes, such as the Lower Mars mount and 
specific digit landmarks, providing an objective benchmark for architectural 
comparison. Beyond evaluating detection performance, the experimental protocol 
also examines the feasibility of employing deep learning models as reliable 
computational instruments for palmistry knowledge representation. 

III. Results and Discussions 

Baseline Performance and Local Feature Characteristic Analysis (YOLOv5)  

The performance analysis initiates by evaluating the YOLOv5 architecture as 
the baseline model to dissect how anchor-based detection mechanisms respond to 
the morphological variability of the palm. As a model reliant on static reference 
boxes or pre-defined anchors, YOLOv5 provides crucial insights into the constraints 
of mapping biometric features linearly through rigid coordinate regression. 
Experimental data indicates that the YOLOv5-L variant demonstrates superiority 
with a mean Average Precision at 0.5 (mAP@0.5) of 0.8896, outperforming the 
YOLOv5-S variant, which is constrained at 0.8507, as illustrated in Figure 8. 
However, an in-depth class-level analysis reveals significant performance 
disparities rooted in the inability of anchor-based architectures to handle objects 
with high organic variability. 

Regarding the efficacy in linear textural features, the data demonstrates that 
YOLOv5, particularly the Small (S) variant, exhibits high efficacy in extracting low-
level features. This is evidenced by an Average Precision (AP) of 0.9900 for the Low 
Line Frequency class. Technically, this feature is dominated by distinct lines with 
high visual contrast against the dermis, allowing the convolution kernels in the C3 
blocks of the CSP-Darknet53 architecture to recognize repetitive patterns without 
requiring extreme network depth. This success indicates that for biometric features 
with low spatial complexity and high-frequency edge information, models with 
limited parameters already reach an accuracy saturation point. Consequently, 
increasing parameters in the Large variant yielded no significant marginal 
improvement, as these features do not require a deep hierarchy of abstract features 
for precise recognition. 

Fundamental limitations of the anchor-based mechanism emerge when 



Fine-Grained Palmar Morphology 
Detection: A Comparative Analysis of 

YOLOv5 and YOLOv8 Architectures for 
Palmistry Knowledge Representation 

confronted with objects defined by global spatial proportions, such as Hand Types. 
For the Fire class, YOLOv5-S recorded its lowest score of 0.7397. Morphologically, 
the Fire hand type is determined by specific ratios between short finger lengths and 
wide palms, and this low accuracy stems from the inability of static anchors to 
generalize across objects with non-rigid organic shape variability. Although the 
Large (L) variant increased accuracy to 0.8573, this disparity underscores that 
detecting heterogeneous hand morphologies requires a broader receptive field and 
larger parameter capacity to simultaneously process the relational features between 
fingers and the palm. 

Furthermore, a performance anomaly was observed in the detection of palmar 
mounts, specifically the High and Low Lower Mars classes, which possess abstract 
boundaries. While YOLOv5-L achieved maximum precision of 0.9900, YOLOv5-S 
suffered a performance degradation to 0.9093. From a computer vision perspective, 
palmar mounts are objects with low-contrast boundaries relative to the surrounding 
skin texture, demanding sharp gradient sensitivity to distinguish topographical 
elevations from background noise. This limitation is associated with the C3 block 
architecture in YOLOv5, which utilizes a more linear gradient flow scheme 
compared to the C2f modules in its successor. The relative failure of the S variant 
suggests constraints in receptive field capacity, where shallower layers fail to map 
functional features that require a broader spatial context, causing essential biometric 
features to be misclassified as irrelevant background dermis. Operationally, 
although YOLOv5-L provides higher detection accuracy, it recorded the lowest 
inference speed at 64.6 frames per second (FPS), as illustrated in Figure 8. 

 
Figure 8: Inference Speed (Frames per Second) Across All Tested Model 
Configurations 

The Small variant led with 69.1 FPS; however, this marginal speed difference 
of approximately 4.5 FPS does not justify the drastic accuracy drop in critical classes 
such as Hand Types and Lower Mars Mounts. These findings suggest that reliance 
on anchor mechanisms creates an inefficient computational load relative to accuracy 
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gains, as the inability of anchors to adapt to fine-grained objects forces the network 
to perform redundant calculations on misaligned bounding boxes. 

The systematic failure of the anchor-based mechanism to adapt to organic 
variability provides a strong justification for evaluating more flexible architectures. 
The performance disparity between the Small and Large variants of YOLOv5 
indicates that increasing parameter capacity alone is insufficient to overcome spatial 
ambiguity in subtle biometric features. Therefore, the next section will analyze how 
the transformation toward the anchor-free paradigm and the integration of C2f 
modules in YOLOv8 reduce computational redundancy while enhancing 
localization precision for features that previously challenged the baseline model. 

Overall Performance 

The comprehensive presentation of experimental results aims to provide an 
objective comparative overview between the YOLOv5 baseline models and the 
proposed YOLOv8 models. All model variants were evaluated using the same 
palmar morphology dataset to ensure the validity of the comparison. The multi-
metric evaluation results, encompassing precision, recall, and mean Average 
Precision, are summarized in Figure 9. 

 
Figure 9: Comparative Analysis of Detection Metrics (mAP@0.5, mAP@0.5:0.95, 

Precision, and Recall) 
 
Based on the data presented in Figure 9, it is generally observed that the 

YOLOv8 architecture provides a consistent performance enhancement across all 
metrics compared to YOLOv5. The YOLOv8-L model recorded the highest values 
for mAP@0.5 at 0.9244 and mAP@0.5:0.95 at 0.6628. When compared to the Large 
variant of the previous generation (YOLOv5-L), there is a significant increase in 
mAP of 3.48%, indicating sharper and more accurate localization. This enhancement 
suggests that the transition from anchor-based to anchor-free paradigms allows the 
model to better adapt to the non-rigid geometries of biological palm features. From 

0.7

0.75

0.8

0.85

0.9

0.95

mAP@0.5 Precision Recall F1-Score

Performance Comparison (All Model 
Variants) 

YOLOv8-L YOLOv8-S YOLOv5-L YOLOv5-S



Fine-Grained Palmar Morphology 
Detection: A Comparative Analysis of 

YOLOv5 and YOLOv8 Architectures for 
Palmistry Knowledge Representation 

the perspective of palmistry knowledge representation, improved localization 
accuracy enables more faithful computational encoding of subtle morphological 
characteristics that traditionally depend on manual observation. 

To further understand the model's effectiveness on each specific feature, an 
analysis of the Average Precision (AP) per class was conducted. The detection 
results for the twelve palmar feature classes are presented in Figure 10. 

 
Figure 10: Class-wise AP@0.5 Comparison 

The data in Figure 10 demonstrates that YOLOv8- L is highly superior in 
detecting element features and Lower Mars areas. The most significant 
improvement is observed in the Low Lower Mars class, with a notable increase of 
21.01% compared to the baseline. However, for the High Line Frequency class, the 
YOLOv5-L model actually recorded a higher score. This phenomenon indicates that 
certain feature characteristics exist where the anchor-based architecture remains 
competitive, specifically in patterns with high-frequency edges and consistent 
aspect ratios. Despite this, YOLOv8-L remains the most stable model in terms of 
overall mean Average Precision. 

This indicates that the proposed model has a very low rate of false positives, 
which is critical for biometric and morphological analysis. Although the Recall for 
YOLOv8-L at 0.8293 is slightly below that of the Small variant, the integration of 
these metrics resulted in an F1-Score of 0.8670. This balance reinforces YOLOv8-L’s 
position as the most optimal model for identifying palmar morphological features 
in this study, successfully mitigating the visual challenges inherent in fine-grained 
object classes. 

 
Comparative Analysis of YOLOv8: Anchor-Free Transformation in Complex 
Objects 

The transition from YOLOv5 to YOLOv8 marks a fundamental paradigm shift 
in palmar feature detection, moving from a reliance on static reference boxes to an 
anchor-free approach centered on object points. Based on the experimental results, 
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YOLOv8-L achieved peak performance with a mean Average Precision at 0.5 
(mAP@0.5) of 0.9244, representing a significant 3.48% improvement over the highest 
YOLOv5 variant. This analysis reveals how architectural evolution directly 
correlates with increased accuracy in biometric objects characterized by high spatial 
complexity. 

One of the most critical findings is the ability of YOLOv8 to overcome 
localization barriers in features with extreme aspect ratios through coordinate 
regression flexibility. In the previous generation, features such as the Mercury 
Finger often encountered detection failures due to the mismatch between rigid 
anchor boxes and the long, slender morphology of the fingers. In contrast, YOLOv8-
L successfully achieved an Average Precision (AP) of 0.9702 in this class. By directly 
predicting the object's center point, YOLOv8 eliminates the geometric bias inherent 
in fixed-anchors, enabling coordinate regression that is more adaptive to variations 
in respondents' finger poses and lengths. 

Furthermore, YOLOv8 also demonstrates superior robustness in handling 
biometric objects with abstract boundaries or soft edges, such as palmar mounts, 
thereby resolving spatial ambiguity. For instance, the Low Lower Mars class was 
detected with a perfect AP score of 0.9900. This success is driven not only by the 
integration of C2f modules that enrich gradient flow but also by the implementation 
of Distribution Focal Loss (DFL). This loss function allows the model to represent 
coordinate boundaries as a continuous probability distribution, which is highly 
effective in distinguishing the topographical elevations of the palm from the 
surrounding dermal texture. This architectural advancement successfully addresses 
the challenge that frequently caused false negatives in the single-value regression 
mechanism of the baseline model. 

Finally, a notable performance surge was observed in the classification of 
global morphologies, particularly the Fire and Water hand types, which achieved 
AP scores of 0.9029 and 0.9900, respectively. This achievement proves that the 
YOLOv8 architecture is superior in performing feature disentanglement between 
finger and palm components through classification-localization synergy. The 
implementation of the Task-Aligned Assigner plays a pivotal role by aligning 
classification scores with localization accuracy during the training process. In the 
context of fine-grained detection, this mechanism ensures that class identity remains 
consistent and also minimizes predictive ambiguity across wide and heterogeneous 
palmar regions. The improved localization capability strengthens the representation 
of heterogeneous palmistry features by reducing ambiguity in the digital 
interpretation of morphological structures. 

 
Model Scalability and Operational Efficiency 

Beyond accuracy, computational efficiency and parameter scalability are 
crucial factors in standardizing real-time palmar analysis. This subsection dissects 
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the relationship between model capacity or scaling and its ability to perform feature 
disentanglement on low-contrast objects. Cross-scale testing indicates that 
increasing parameters in the Large (L) variant yields a non-linear impact on the 
accuracy of specific classes. While features with low visual complexity, such as Low 
Line Frequency, reach accuracy saturation in the Small (S) variant, significant 
performance gaps emerge in abstract biometric objects that require a deeper 
hierarchy of features. 

A prominent case analysis can be observed in the High Lower Mars class, 
where a performance degradation occurred in YOLOv8-S with a score of 0.6018, 
which subsequently surged to 0.9874 in the YOLOv8-L variant. This phenomenon 
suggests that the Small variant suffers from limitations in the network depth 
required to construct a feature hierarchy capable of distinguishing palmar 
topographical elevations from skin texture noise. In contrast, the Large variant, with 
its increased number of bottleneck blocks, possesses the representational capacity 
necessary to precisely extract palmar mount areas that lack distinct edges. This 
confirms that scalability in network depth is essential for mapping functional 
features with high organic variability. 

Inference speed data obtained from testing demonstrates the efficiency of the 
YOLOv8 architecture. YOLOv8-S recorded a peak speed of 106.7 frames per second 
(FPS), while the YOLOv8-L variant maintained a speed of 97.2 FPS. This 
performance is impressively faster than the smallest variant of the previous 
generation, YOLOv5-S, which was limited to 69.1 FPS. These achievements confirm 
that optimizations in the C2f blocks and the Decoupled Head successfully reduced 
computational redundancy while maintaining high throughput. 

This speed advantage is fundamentally driven by the implementation of the 
anchor-free paradigm. By eliminating thousands of predefined reference boxes or 
anchors, the model reduces the computational overhead during the post-processing 
stage, specifically minimizing latency in the Non-Maximum Suppression (NMS) 
process. This provides the flexibility for implementation in high-resolution video-
based biometric systems without the risk of data throughput bottlenecks. The 
reduction in complexity allows the Large variant to achieve superior accuracy while 
still performing well above the 30 FPS threshold required for real-time applications. 

Evaluation of the mAP@0.5:0.95 metric, often referred to as the COCO mAP, 
further reveals that the Large variant provides significantly superior localization 
stability, with YOLOv8-L scoring 0.6628 compared to 0.6222 for the Small variant. 
In the domain of palmar biometrics, the precision of bounding boxes at strict 
Intersection over Union (IoU) thresholds is a determinant of reliability for advanced 
morphological analysis. A shift of just a few pixels can alter the interpretation of 
micro-features, making high localization stability a critical requirement for 
automated identification systems. 
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The empirical superiority of YOLOv8-L in this metric validates that the 
synergy between Distribution Focal Loss (DFL) and the anchor-free paradigm 
produces more precise object boundary estimations compared to the deterministic 
coordinate regression in YOLOv5. Although a speed margin of approximately 9 FPS 
exists between the S and L variants, this increase in spatial precision is a justifiable 
trade-off. The minimal reduction in operational speed is outweighed by 
comprehensive detection reliability, solidifying the Large variant as the optimal 
configuration for standardizing automated hand feature identification that 
demands high accuracy without sacrificing real-time performance. The combination 
of localization precision and computational efficiency demonstrates that the 
proposed architecture is suitable for scalable palmistry knowledge representation 
in future digital documentation systems. 

Limitations and Future Directions 

Despite achieving high localization precision, this research acknowledges 
constraints that provide a trajectory for future study. The current dataset, while 
optimized through transfer learning as established in the introduction, remains 
limited in demographic diversity and environmental variance. Future work should 
implement Generative Adversarial Networks (GANs) to synthesize high-fidelity 
samples, addressing data scarcity and enhancing robustness against rare 
topographical features. 

Furthermore, while this study successfully automates a traditional feature 
taxonomy into a digital framework, the transition from detection to functional 
application, such as behavioral biometrics or medical genetic marker screening, 
requires deeper interdisciplinary validation. Integrating Human-in-the-Loop 
(HITL) protocols with domain specialists and employing Explainable AI (XAI) will 
be crucial to verify that the model's feature prioritization aligns with anatomical 
truth. Such interdisciplinary validation would further improve the semantic 
reliability of palmistry knowledge representation by ensuring consistency between 
computational outputs and expert morphological interpretation. Lastly, migrating 
these high-parameter architectures to edge-computing platforms remains a vital 
step for the real-time, field-based identification of complex palmar morphologies. 

IV. Conclusion 

The comparative analysis conducted in this study demonstrates that 
YOLOv8 significantly outperforms YOLOv5 in the detection of 12 distinct palmar 
morphological features. Beyond improving detection performance, the proposed 
framework contributes to palmistry knowledge representation by providing a 
structured computational mechanism for encoding and standardizing 
heterogeneous palmar morphological information. Achieving a mean Average 
Precision (mAP@0.5) of 0.9244, the YOLOv8 architecture proves that the 
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transition from anchor-based to anchor-free paradigms provides superior 
flexibility in localizing organic hand features characterized by extreme variability 
in scale and aspect ratios. This performance leap is technically supported by the 
integration of the Task-Aligned Assigner and Decoupled Head, which 
dynamically synchronize classification scores with localization precision through 
a dedicated alignment metric. Furthermore, the implementation of the C2f 
module successfully preserves high-frequency spatial information, ensuring that 
fine-grained dermal textures are maintained throughout the feature extraction 
process. While these findings validate the model's efficacy, this study 
acknowledges limitations concerning the controlled environment and 
constrained dataset scale, which may not fully reflect the stochastic noise of 'in-
the-wild' biometric scenarios. To mitigate data scarcity, future research should 
implement Generative Adversarial Networks (GANs) to synthesize high-fidelity 
samples, thereby improving robustness against rare topographical variations. 
Furthermore, as this work serves the digitalization of intangible cultural heritage, 
future validation should involve a Human-in-the-Loop (HITL) approach with 
cultural and behavioral specialists. Integrating Explainable AI (XAI) will be 
essential to ensure that feature prioritization aligns with anatomical landmarks, 
while optimizing the architecture for edge-computing remains a critical step for 
real-time field deployment. Overall, this study establishes that fine-grained object 
detection can function not only as an accurate recognition tool but also as a 
computational foundation for palmistry knowledge representation, supporting 
objective, reproducible, and standardized digital interpretation of complex 
palmar morphology. 
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