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Abstract: Kinship identification from facial images aims to determine biological relationships between
individuals based on shared facial characteristics. However, subtle kinship-related facial cues are often
obscured by variations in illumination, pose, age, and facial expressions, making reliable kinship classi-
fication challenging. To address this problem, this study proposes a hybrid framework that integrates
handcrafted texture descriptors with deep features for multiclass kinship identification. A prepro-
cessing pipeline consisting of image resizing to 224 X 224 pixels, noise reduction, intensity normaliza-
tion, and facial region extraction is first applied to improve image consistency and feature quality. Three
complementary local texture descriptors, namely Local Binary Pattern (LBP), Local Ternary Pattern
(LTP), and Local Directional Pattern (LDP), are then employed to capture fine-grained facial texture
and directional information. These handcrafted representations are fused with 2048-dimensional deep
features extracted from a ResNet-50 model. The resulting 4562-dimensional pair representation is clas-
sified using a Support Vector Machine (SVM) under a four-class setting comprising father—son, father—
daughter, mother—son, and mother—daughter relationships. Experiments on the KinFaceW-I dataset
demonstrate that the proposed hybrid framework achieves a mean accuracy of 82.97%, with mean
precision, recall, and F1-score of 82.99%, 83.00%, and 82.98%, respectively. The results further show
consistent performance across all four relationship categories and competitive performance against
existing methods, demonstrating the effectiveness of combining complementary local texture de-

scriptors with deep semantic representations.

Keywords: Deep Learning; Facial Kinship Recognition; Feature Fusion; Hybrid Framework;
KinFaceW-I; Machine Learning; ResNet-50; Support Vector Machine.

1. Introduction

Kinship identification from facial images has emerged as an important research area in
computer vision because of its wide range of practical applications. Beyond academic interest,
kinship recognition plays a significant role in real-world scenarios such as missing person
identification [1], forensic investigations |2], [3], child trafficking prevention [4], [5], genealogy
analysis [6], immigration verification |7], family reunification [8], and family-based photo ot-
ganization on social media platforms [9]. In forensic and law enforcement applications, auto-
mated kinship analysis can assist investigators in establishing potential biological relationships
when direct identity evidence is unavailable. Similarly, genealogy and ancestry systems can
benefit from facial analysis techniques to infer familial connections from historical or un-
structured image collections.

Unlike conventional face recognition, which primarily aims to determine the identity of
an individual, facial kinship identification seeks to infer biological relationships between dif-
ferent individuals based on shared facial characteristics [7]. This distinction makes kinship
identification particularly challenging because inherited facial traits can be subtle and may be
obscured by variations in age, facial expression, illumination, pose, and genetic diversity. Con-
sequently, reliable kinship identification requires computational models capable of capturing
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discriminative hereditary cues while remaining robust to variations in real-world facial appear-
ance [10].

A major challenge in kinship identification is the substantial visual variability observed
among related individuals. Vatiations in illumination, pose, facial expression, and age differ-
ences between related individuals can introduce considerable intra-family facial variability
[11]. These factors may obscure shared facial characteristics and increase the difficulty of
distinguishing genuine familial resemblance from incidental visual similarity. Although deep
learning approaches have substantially advanced facial analysis, relying exclusively on deep
representations may limit their ability to generalize effectively across the diverse conditions
encountered in kinship recognition [12]. Therefore, developing representations that are sen-
sitive to subtle genetic cues while remaining robust to visual variations remains an important
research problem.

Traditional handcrafted texture descriptors, including Local Binary Pattern (LBP) [13],
Local Ternary Pattern (L'TP) [14], and Local Directional Pattern (LDP) [15], can capture fine-
grained local facial texture and have demonstrated strong discriminative capability in various
facial analysis tasks. However, handcrafted descriptors generally have limited capacity to en-
code high-level semantic information and complex facial structures. In contrast, deep convo-
lutional neural networks such as ResNet-50 can learn hierarchical and highly informative rep-
resentations of facial appearance. Nevertheless, deep networks may lose fine-grained texture
information through progressive spatial downsampling and can be affected by variations in
environmental conditions [16]. These complementary characteristics suggest that combining
handcrafted and deep representations may provide a more comprehensive representation of
facial characteristics [17]—[20].

Despite this potential, existing kinship recognition approaches still face several limita-
tions. First, deep models primarily learn global and hierarchical facial representations, which
may result in the loss of fine-grained texture patterns and local edge information during suc-
cessive convolution and pooling operations. Such micro-level characteristics may contain use-
ful hereditary cues for distinguishing related individuals. Second, existing hybrid approaches
often rely on a limited number of handcrafted descriptors, such as standard LBP, which may
not sufficiently capture directional structures or remain robust under noise, illumination
changes, and facial expression variations. These limitations motivate the integration of multi-
ple complementary local descriptors with deep facial representations within a unified frame-
work.

To address these limitations, this study proposes a multi-scale feature fusion framework
that integrates LBP, LTP, LDP, and ResNet-50 for multiclass kinship identification. LBP
captures local surface texture patterns, while LTP introduces a threshold-based mechanism
to improve robustness to small intensity variations and noise. LDP complements these de-
scriptors by capturing directional edge responses across eight orientations using Kirsch
masks. The resulting handcrafted representations are then fused with deep features extracted
from ResNet-50 to jointly represent fine-grained local characteristics and high-level facial
structure. Through this combination, the proposed framework aims to preserve complemen-
tary information that may be overlooked when individual descriptors are used independently.

The primary objective of this study is to investigate whether the combination of com-
plementary handcrafted texture descriptors and deep facial representations can provide a
more discriminative representation for multiclass kinship classification. In particular, the
study evaluates the individual and combined contributions of LBP, LTP, LDP, and ResNet-
50 and examines whether their fusion improves the classification of four kinship relationship
categories: father—son (F-S), father—daughter (F-D), mother—son (M-S), and mother—daugh-
ter (M-D). The proposed framework is evaluated on the KinFaceW-I dataset using a mul-
ticlass Support Vector Machine (SVM) classifier. The main contributions of this study are
summarized as follows:

e A hybrid kinship identification framework that integrates handcrafted texture de-
scriptors (LBP, LTP, and LDP) with deep hierarchical features extracted from ResNet-

50 to construct a richer facial representation.

e A standardized preprocessing pipeline incorporating noise reduction, normalization, fa-
cial cropping, and image resizing to 224 X 224 pixels to improve input consistency and
facilitate feature extraction.
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e A multiclass SVM-based classification strategy for distinguishing four kinship relation-
ship categories: father—son, father—daughter, mother—son, and mother—daughter.

e A systematic ablation study evaluating individual descriptors, their progressive combina-
tions, ResNet-50 alone, and the complete hybrid configuration to examine the contribu-
tion of different feature components to the classification performance.

e A comprehensive experimental evaluation on the KinFaceW-I dataset, including class-
wise performance analysis and comparison with existing kinship recognition methods.

The remainder of this paper is organized as follows. Section 2 reviews related studies on
facial kinship identification, handcrafted and deep facial features, and feature fusion ap-
proaches. Section 3 describes the proposed framework, including preprocessing, feature ex-
traction, feature fusion, and multiclass classification. Section 4 presents the experimental
setup and discusses the evaluation results, comparative analysis, and ablation study. Finally,
Section 5 concludes the study, discusses its limitations, and outlines directions for future re-
search.

2. Literature Review

This section reviews representative studies on facial kinship identification, with particu-
lar emphasis on deep learning, handcrafted feature extraction, feature fusion, and approaches
designed to address variations in age, illumination, and facial appearance. Wu et al. [21] pro-
posed a facial kinship verification approach based on remote photoplethysmography (rPPG)
signals extracted from facial videos. Their method uses a one-dimensional convolutional neu-
ral network (1D-CNN) enhanced with a kinship contrastive loss and an attention mechanism
to learn discriminative kinship-related information from multiple facial regions. Experiments
on the UvA-NEMO Smile Database demonstrated the feasibility of using tPPG signals for
kinship verification, providing an alternative to conventional image-based facial analysis.

Jiang et al. [22] introduced AutoSox, a framework designed to expand kinship verifica-
tion datasets through synthetic facial image generation. The approach generates facial varia-
tions across different ages, genders, ethnic characteristics, and imaging conditions to improve
dataset diversity. The authors augmented KinFaceW-I using ten styles and incorporated Kin-
Face-CSFE, a Siamese-network-based feature extraction module combining channel-wise
processing and hybrid-kernel spatial attention. YOCO-based augmentation was further em-
ployed to simulate challenging real-world imaging conditions. Experiments on KinFaceW-1,
KinFaceW-II, and Syn-KinFaceW-I reported accuracies of 82.7%, 94.1%, and 83.2%, respec-
tively.

Fibriani et al. [23] proposed SSCNetViT, which combines a Siamese Sequential Classifi-
cation Network with a Vision Transformer for kinship verification based on facial microex-
pressions. Using the L32 backbone, the framework achieved an average accuracy of 90.07%
on the Lalndo and FIW datasets, with reported accuracies of 99.5% for the BB relationship
and 84.0% for the FD relationship. The B16 and B32 configurations achieved accuracies of
88.0% and 83.3%, respectively. These results indicate the potential of combining sequential
classification and transformer-based representations for kinship analysis.

Oruganti et al. [24] developed a childhood image kinship recognition approach that com-
bines the Curvelet Transform (CLT) for sub-band feature extraction with CNN-based texture
descriptors. The method employs a threshold-optimized classifier and was evaluated on Kin-
FaceW-1, KinFaceW-1I, FIW, TSKinFace, UBKinFace, and childhood image datasets. The
reported results demonstrate the applicability of multiscale frequency-domain features for
kinship recognition under substantial age-related variations. Yan and Liu [25] proposed a
lightweight CNN incorporating multi-scale feature fusion and channel-spatial attention. The
method achieved accuracies of 83.85% on KinFaceW-I and 91.75% on KinFaceW-II, demon-
strating the potential of combining multi-scale representations with attention mechanisms for
facial kinship analysis.

Nader et al. [26] proposed a kinship verification framework that fuses color and texture
features extracted from multiple color spaces. Their approach combines Local Binary Pattern
(LBP), Scale-Invariant Feature Transform (SIFT), Heterogeneous Auto-Similarities of Chat-
acteristics (HASC), Dense Color Histogram (DCH), and Color Correlogram (CC). The frame-
work consists of preprocessing, feature extraction, normalization, feature fusion, representa-
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tion, and verification stages. Experiments on KinFaceW-I and KinFaceW-II achieved accu-
racies of 79.54% and 90.65%, respectively, demonstrating the potential of combining com-
plementary handcrafted representations for kinship verification.

Othmani et al. [27] addressed class imbalance in kinship recognition using a deep learn-
ing framework based on ResNet-50, one-hot encoding, and data augmentation. Evaluated on
the Families in the Wild (FIW) dataset, the method demonstrated improved recognition per-
formance compared with the considered existing approaches, highlighting the importance of
addressing class imbalance in kinship recognition.

Zhu et al. [28] introduced Distance and Direction Based Deep Discriminant Metric
Learning (D-DDML), which incorporates both distance and directional information within a
multitask learning framework. The method aims to improve the discrimination between kin
and non-kin pairs while reducing computational requirements. Evaluations on KinFaceW-I,
KinFaceW-II, Cornell, and UBKinFace demonstrated competitive performance against ex-
isting approaches. Kim et al. [29] proposed RA-GAN, a kinship verification framework based
on face age transformation to address age-related variations. The method generates age-pro-
gressed facial images and aims to reduce age discrepancies between parent and child images.
Experiments on KinFaceW-I, KinFaceW-1I, and FIW showed improvements in kinship
recognition performance across father—son, father—daughter, mother—son, and mother—
daughter relationships.

Chen et al. [30] proposed Deep Discriminant Generation-Shared Feature Learning
(D2GFL), which employs a two-stream architecture for extracting parent- and child-specific
features together with a shared feature-learning module. By incorporating local and global
family identity cues, the method reported accuracy improvements of 3.5%, 1.5%, and 0.8%
on KinFaceW-1, Cornell, and TSKinFace, respectively. A deep learning approach based on
MobileNetV2 was developed to segment key facial and human regions, including hair, head,
clothing, torso, and skin, for kin and non-kin classification [31]. The method was evaluated
on a self-collected dataset and reported improvements in accuracy and F-score, indicating its
potential for family-photo identification and related forensic applications.

Mukherjee et al. [32] introduced FuseKin, which combines kinship information from
multiple images of the same individual. The framework employs weighted multi-sample fu-
sion and patch-based discriminant analysis to improve feature selection. Experiments on
Family101 and FIW demonstrated competitive performance compared with existing ap-
proaches. Abbas et al. [33] proposed a facial kinship verification framework that combines a
Siamese neural network with a Lifespan Age Transformation (LAT) algorithm to reduce do-
main-mismatch errors in transfer learning and align parent—child images across different ages.
The framework achieved an overall accuracy of 76.38%, demonstrating the potential of age
alignment for kinship verification.

Liu et al. [34] introduced an Age-Invariant Adversarial Feature (AIAF) learning frame-
work that uses adversarial learning to disentangle identity- and age-related facial representa-
tions. An Identity Feature Weighted (IFW) module is subsequently used to emphasize puri-
fied kinship-related features. The approach was evaluated across multiple benchmark datasets
and reported competitive verification performance. A baseline accuracy of approximately
71% on the FIW MM benchmark [35] further highlights the difficulty of kinship recognition
under challenging conditions. Table 1 summarizes these representative approaches and their
corresponding datasets and architectures.

Table 1. Summary of Representative State-of-the-Art Kinship Identification Methods.

Classifier /
Ref. Year Methodology Dataset(s) Architecture
+ ion + i
1) 2005 PO T Attention TCONIISIVE 1y NEMO Smile ID-CNN
[22] 2025  AutoSox + KinFace-CSFE  intaceW-1, KinFaceW-IL Syn- o\ iy cspR
KinFaceW-1
et-Vi1 , Lalndo et + Vi
23] 2025 SSCNet-ViT FIW, Lalnd SSCNet + ViT

KinFaceW-1, KinFaceW-1I, UB-
KinFace, FIW

[25] 2024 Multi-scale CNN + Attention  KinFaceW-I, KinFaceW-1I ~ Multi-scale CNN

[24] 2024  Curvelet Transform + CNN CNN + Curvelet
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Table 1 cont.

[26] 2023 HASC + CC + DCH KinFaceW-I, KinFaceW-II ~ Gentle AdaBoost
27] 2023 Deep CNN FIW ResNet-50
[ p

KinFaceW-1, KinFaceW-II, Cor- D-DDML + Tri-
[28] 2023 D-DDML nell, UBKinFace plet Loss
[29] 2023 Face Age Transformation KmFaceW—;,II\;;nFaceW—H, ResNet-50, VGG
B0 2022 D2GFL KlnFaceW—I,F g;)ernell, TSKin- DNN
[31] 2022 MobileNetV2 Self-collected MobileNetV2
32] 2022 NRML + PDA + WMSF Family101, FTW NRML

y
33] 2022 LAT + Siamese Network REFIW Siamese Network
[
KinFaceW-1, KinFaceW-1I,  Fully Connected

[34] 2022 AIAF + IFW FIW Network

Based on Table 1, existing studies have explored deep representations, attention mech-
anisms, age transformation, synthetic augmentation, and handcrafted feature fusion for kin-
ship recognition. However, the systematic combination of multiple complementary local tex-
ture descriptors (LBP, LTP, and LDP) with deep ResNet-50 representations remains insuffi-
ciently investigated, particularly for multiclass classification of the four kinship relationships
in KinFaceW-1. This motivates the proposed framework, which evaluates both the individual
and combined contributions of these feature components.

3. Proposed Method

3.1. Overview of the Proposed Framework

The overall workflow of the proposed hybrid framework is illustrated in Fig. 1. The
framework is designed for multiclass facial kinship classification and consists of four main
stages: preprocessing, parallel feature extraction, feature fusion, and classification. Given a
pair of facial images, the preprocessing stage performs image resizing, noise removal, intensity
normalization, and facial cropping to obtain standardized facial inputs.

Input Facial Images
— = 'ii‘
<k

o

Preprocessing
Image Resizing :: Noise Removal

Normlization Facial Cropping

v

f Feature Extraction \

Handcrafted Feature =~ —» Fusion —<€— Deep Feature

LBP LTp LDP ¢ ResNet50

Classification

Support Vector Machine

FS § FD i MS i MD

Evaluation

i Recall Fl-Scme%

i Accuracy i Precisior

Figure 1. End-to-End Overview of the Proposed Framework Pipeline
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Following preprocessing, two complementary types of facial representations are ex-
tracted in parallel. The first branch employs three handcrafted local texture descriptors,
namely Local Binary Pattern (LBP), Local Ternary Pattern (LTP), and Local Directional Pat-
tern (LDP), to capture fine-grained texture and directional information. The second branch
uses ResNet-50 to extract high-level deep features representing broader facial structure and
semantic information. The handcrafted and deep feature vectors are subsequently concate-
nated to form a unified representation for each facial image and then combined at the pair
level. The resulting pair-level feature representation is classified using a Support Vector Ma-
chine (SVM) with an RBF kernel under a multiclass one-vs-one (OvO) strategy. The classifier
predicts one of four kinship relationship categories: father—son (F-S), father—daughter (F-D),
mother—son (M-S), and mother—daughter (M-D). The final classification performance is eval-
uated using accuracy, precision, recall, and F1-score.

3.2. Dataset

This study uses the KinFaceW-I dataset, introduced by Lu et al. [36], as the primary
benchmark for facial kinship analysis. The dataset contains 1,066 facial images representing
individuals and their relatives collected under uncontrolled imaging conditions. It includes
variations in pose, illumination, background, facial expression, ethnicity, age, and partial oc-
clusion, making it suitable for evaluating kinship classification under diverse facial conditions.
Representative samples are shown in Fig. 2.

(b) Father Son

gy

(¢) Mother Daughter (d) Mother Son

Figure 2. Sample Images from the KinFaceW-I Dataset

The dataset contains four parent—child relationship categories: father—son (F-S), father—
daughter (F-D), mother—son (M-S), and mother—daughter (M-D), comprising 156, 134, 116,
and 127 pairs, respectively. The detailed class-wise distribution and corresponding training
and testing partitions are presented in Table 2.

Table 2. Class-wise Details of the KinFaceW-I Dataset

Kinship (o) paigs TrAINING Pairs Testing Pairs Tf;iﬁ;“;zis Final Total
Relation (70%) (30%) et Pairs
F-S 156 109 47 545 592
F-D 134 94 40 470 510
M-S 116 81 35 405 440
M-D 127 89 38 445 483
Total Pairs 533 373 160 1,865 2,025
Total Images 1,066 746 320 3,730 4,050

Note: The 70-30 split uses standard rounding to the nearest whole pair. The augmented training set
represents five times the original training set size, while the testing set remains unchanged.
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To address the limited sample size, data augmentation was applied exclusively to the
training set. The original dataset was first divided into 70% training and 30% testing pairs
before augmentation, resulting in 373 training pairs and 160 testing pairs, corresponding to
746 and 320 facial images, respectively. The training images were then augmented using geo-
metric and photometric transformations, including horizontal flipping, random rotation
within +15°, brightness adjustment, scaling, and translation. This increased the training set
from 746 to 3,730 images, while the original 320 testing images remained unchanged. This
split-before-augmentation strategy prevents transformed versions of testing images from be-
ing introduced into the training set, thereby reducing the risk of data leakage and preserving
the independence of the evaluation set. The final dataset consists of 4,050 images, including
3,730 augmented training images and 320 original testing images.

3.3. Preprocessing

The preprocessing stage is applied to standardize the facial images before feature extrac-
tion. Fach image undergoes four sequential operations: resizing, Gaussian smoothing, inten-
sity normalization, and facial region-of-interest (ROI) extraction. First, all input facial images
are resized to 224 X 224 pixels to provide a consistent spatial resolution and match the input
requirements of the ResNet-50 architecture. A Gaussian smoothing filter is then applied to
reduce high-frequency noise and minor image distortions that may affect subsequent feature
extraction. Next, pixel intensity values are normalized to the range |0, 1] to provide a con-
sistent intensity scale across the dataset and reduce variations caused by different illumination
conditions. Finally, a Haar Cascade classifier is used to detect and extract the facial region of
interest. This step removes irrelevant background information and focuses the subsequent
feature extraction on the facial region containing the most relevant visual information. The
resulting images have a standardized resolution, intensity range, and facial region, and are
subsequently used as inputs for both handcrafted texture and deep feature extraction.

3.4. Feature Extraction

Following preprocessing, two complementary types of features are extracted from each
facial image in parallel: handcrafted texture features and deep hierarchical features. The hand-
crafted branch uses LBP, L'TP, and LDP to capture fine-grained local texture and directional
patterns, whereas the ResNet-50 branch extracts higher-level facial representations. This par-
allel strategy is designed to preserve complementary local and global facial information for
subsequent feature fusion.

3.4.1. Handcrafted Feature Extraction

Three local texture descriptors, namely LBP, LTP, and LDP, are employed to charactet-
ize complementary facial texture and structural information. Their parameter settings and
resulting feature dimensions are summarized in Table 3.

1. Local Binary Pattern (LBP)

LBP [13] is used to capture fine-grained local texture patterns by comparing each neigh-
boring pixel y; with the corresponding reference pixel Y, within a local neighborhood.
Given M neighboring pixels and radius R, the LBP code at each pixel is computed as

M
LBRys = ) 2716 (y; — 1) )
=1
where the thresholding function ¢(+) is defined as:
1 ifz=0,
¢(2) = {0 otherwise, @

In this study, M=8 and R=1 are used. The resulting LBP codes ate accumulated into a
histogram to represent the local texture distribution of each facial image. To reduce histogram
sparsity, a uniform LBP mapping is applied. With eight neighbors, 58 uniform patterns are
retained, while all non-uniform patterns are grouped into a single additional bin, resulting in
a 59-dimensional feature vector, denoted as X;pp. The LBP encoding process is illustrated
in Fig. 3.
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Figure 3. Illustration of LBP Encoding Using a 3 X 3 Neighborhood

LBP provides an efficient representation of local facial texture and is relatively insensitive to
monotonic grayscale variations. However, its strict binary thresholding can make it more sen-
sitive to local noise. This limitation motivates the use of LTP as a complementary texture
descriptor.
2. Local Ternary Pattern (LTP):

LTP [14] extends the binary encoding of LBP by introducing a tolerance threshold .
Rather than assigning a binary state to every neighboring pixel, LTP assigns three states ac-
cording to the intensity difference between the neighboring pixel B, and the center pixel Cp:

+1 B =2C i+t
T(PiCuT) =3 0 |B—C <7 3)
-1 P,<C—1

where T controls the tolerance to small intensity variations. The resulting ternary pattern is
decomposed into positive and negative binary patterns, which are computed using Eqs. (4)

and (5).
N-1 L .
ifz=>1
b r;) ST = pe) 2 @) = {0 otherwise ©)
N-1 L )
- - - itz=>-1
o nZ:(:) PP 2 5T = {0 otherwise ©
LTP - 93 Org Image LTP * 128
1 0 I 4 0 0 ‘ 0
0 0 8 0 0 0
64 0 ‘ 16 0 32 ‘ 16
Apply 1 weight ) . Apply 4 Weight
1 2 4 15 22 18 1 2 4
128 | 25 | 8 28 | 25 | 20 128 | 25 | 8
64 | 32 | 16 16 | 30 | 12 64 | 32 | 16
Apply Weight ,L Pr - Cp Apply Weight
1 0 1 0| 3| 7 0 ‘ 0o | o
0 0 1 3 25 | 5 0 0 0
1 0 1 9 5 | 13 0 ‘ 1 0
LTI5' Apply Ternary¢ Encoding LTP*
-1 0o | -
0 25 | A
-1 1 -1

Figure 4. Tllustration of L'TP Encoding Using a 3 X 3 Neighborhood
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In this study, 7=3 is used, while the neighborhood configuration follows R=1 and B,
=8. Each positive and negative binary pattern is represented using the same 59-bin uniform
mapping as LBP. Consequently, the two components produce 118 dimensions (59 + 59),
denoted as Xjrp. This dual representation provides greater tolerance to small local intensity
variations while retaining complementary texture information.

3. Local Directional Pattern (LDP):

LDP [15] is incorporated to capture directional edge information that is not explicitly
represented by LBP and LTP. For each pixel location (x,y), the image is convolved with
eight 3X3 Kirsch compass masks kg, kq,...,k;, producing eight directional responses
To, T, -, T7. The K strongest responses are then used to construct the LDP code according
to:

LDP®(X,Y) = > I(r; * 14y). 2" ©)

7
i=0
1, z=20

0, otherwise’
The resulting LDP codes are accumulated into a histogram over the image to construct
the final feature representation:

M N
Xipp(D) = §(LDPYO(X,Y),1) (7)

where §(a,b)=1if a = b and 0 otherwise. In this study, K=3 is used to select the three
most prominent directional responses, resulting in a 56-dimensional feature vector, denoted
as Xy pp. By capturing directional edge structures, LDP provides complementary information
to the local intensity patterns captured by LBP and LTP. The LDP encoding process is illus-
trated in Fig. 5.

where the indicator function I(-) is defined as 1(z) = {

15 22 18

Ov
: —> 28 25 20

)J 16 | 30 | 12

Image For k-th Selection (k = 3)

Direction | 1 2 3 4 5 6 7

Response |-83 | -3 |-43| 37 |-11|-115-147|109

Bit O, 1 (0] 1 [0]0)0]1

Weight | 1 | 2 | 4 | 8 | 16|32 |64 128

Value 0O/2 (0| 8|00/ 0128

LDP=2+8+ 128 =138
Figure 5. Illustration of LDP Encoding Using a 3 X 3 Neighborhood

3.4.2. Deep Feature Extraction Using ResNet-50

ResNet-50 [16] is used to extract high-level facial representations that complement the
local texture information obtained from the handcrafted descriptors. The model is pretrained
on the ImageNet dataset and receives the preprocessed facial images as input. Features are
extracted from the Global Average Pooling (GAP) layer, which provides a compact represen-
tation of high-level facial structure and appearance.

The resulting ResNet-50 representation contains 2048 dimensions and is normalized be-
fore feature fusion. Let Xpesnyerso denote the resulting deep feature vector. The ResNet-50
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architecture used for feature extraction is illustrated in Fig. 6, and the configurations of all
feature extraction components are summarized in Table 3.

Tlnput Image ¢ m
s 3— 3 <t 2 = © < & I ] g
= HE-EE - BEHE | BHH: < N - |E
5224x224x35 S = 3 @ 8 :
X3 X3
Figure 6. ResNet-50 Architecture for Deep Feature Extraction
Table 3. Configuration of the Feature Extraction Components
Component Parameter Value / Setting Dimension
LBP Radius (R), Neighbors (M), Type R=1, M=8, Uniform 59
LTP Radius (R), Neighbors (F,;), Threshold () R=1, P,=8, 7=3 118
LDP Mask size, Selected responses (K) 3%3 Kirsch, K=3 56
ResNet-50 Output layer Global Average Pooling 2048

3.5. Feature Fusion

The extracted handcrafted and deep features are concatenated to preserve their comple-
mentary information in a unified representation. For each facial image, the individual feature
vector is defined as

Xina = [XuepIX0rp I1X ppll Xresnetso) ®
and its dimensional composition is
Xing = [59 11 118 ]| 56 | 2048 ©

whete || denotes vector concatenation. With 59 LBP, 118 L'TP, 56 LLDP, and 2048 ResNet-
50 features, each facial image is represented by 2,281 features.

Because the proposed framework performs multiclass kinship relationship classification,
each sample is represented by a pair of parent and child facial images. The feature vectors of
the two images are therefore concatenated side-by-side to preserve the complete representa-
tion of both individuals:

Xrusion = Xparent ”XChild (10)

whete Xpysion denotes the resulting pair-level representation. This produces a total of 4,562
features per kinship pair.

Feature concatenation is adopted because the four feature groups represent different
types of information. LBP and LTP primarily capture local intensity and texture patterns,
LDP provides directional edge information, and ResNet-50 provides higher-level facial rep-
resentations. Concatenation retains these representations independently rather than forcing
them into an element-wise mathematical interaction that could suppress information from
individual descriptors. It therefore provides the classifier with access to the complete set of
local and global characteristics.

No dimensionality reduction, such as Principal Component Analysis (PCA), is applied
because reducing the fused representation could discard fine-grained information captured
by the handcrafted descriptors. The resulting 4,562-dimensional pair representation is directly
provided to the SVM classifier. To prevent differences in feature magnitude from dispropor-
tionately affecting the classifier, feature-wise normalization is applied to the fused represen-
tation. This scaling is particularly important because ResNet-50 activations and histogram-
based handcrafted descriptors may have different numerical ranges. The normalization en-
sures that no feature group dominates the SVM optimization solely because of its scale.
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3.6. Multiclass Classification

The fused pair-level representation integrates local texture information from LBP, LTP,
and LDP with high-level features extracted by ResNet-50. This representation is provided to
an SVM classifier for multiclass kinship relationship classification. SVM is selected because
of its established use in kinship recognition [26], [37], [38] and its suitability for high-dimen-
sional feature representations. Given the relatively small size of KinFaceW-I, an SVM pro-
vides a lightweight classification strategy while reducing the risk of overfitting associated with
more parameter-intensive classifiers.

The classification task is formulated as a four-class problem, with the relationship labels
defined as father—son (F-S), father—daughter (F-D), mother—son (M-S), and mother—daughter
(M-D). This formulation differs from binary kinship verification, which predicts whether a
pair is kin or non-kin. Accordingly, the proposed framework directly predicts the specific
kinship relationship rather than using binary positive/negative pair terminology. For the mul-
ticlass classification task, SVM learns separating decision boundaries between the four rela-
tionship categories. The decision hyperplane is expressed as

WiX+b=0 1

where W represents the normal vector to the hyperplane and b denotes the bias term. To
accommodate nonlinear relationships in the high-dimensional fused feature space, a Gaussian
Radial Basis Function (RBF) kernel is employed:

k(x;, x;) = exp (— y ||xl- ,xj||2) (12)

The proposed framework uses a one-vs-one (OvO) strategy to distinguish the four kin-
ship categories. Under this strategy, binary SVM classifiers are constructed for each pair of
relationship classes, resulting in K(K — 1)/2 = 6 binary classifiers for K=4 classes. For a
new sample X, the final relationship label is determined through majority voting across the
binary classifiers:

6
FGx) = arg max ) [(fu() = ) (13)
m=1

whete I(+) denotes the indicator function and h,, (x) tepresents the prediction of the m-th
binary classifier.

The SVM hyperparameters, including C, which controls the trade-off between the clas-
sification margin and misclassification error, and ¥, which determines the width of the RBF
kernel, are optimized using grid search combined with cross-validation. The selected config-
uration is then used to classify unseen kinship pairs.

4. Results and Discussion

This section presents the experimental results of the proposed framework, including the
evaluation metrics, individual and fused feature configurations, overall classification perfor-
mance, comparison with existing methods, and ablation analysis.

4.1. Evaluation Metrics

The proposed framework is evaluated on the KinFaceW-I dataset using accuracy, preci-
sion, recall, and F1-score for the four kinship relationship categories: father—son (F-S), father—
daughter (F-D), mother—son (M-S), and mother—daughter (M-D). These metrics provide
complementary perspectives on multiclass classification performance. For each relationship
category, precision measures the proportion of samples predicted as a particular class that are
correctly assigned to that class, whereas recall measures the proportion of actual samples from
that class that are correctly identified. The F1-score represents the harmonic mean of preci-
sion and recall and therefore provides a balanced measure when both types of errors are
considered. Overall accuracy measures the proportion of all kinship pairs that are correctly
classified across the four relationship categories. The metrics are calculated as follows:
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Total Correct Predictions

Overall Accuracy = (14

Total Samples

Precision — Correct Predictions for Class 15)
recision = All Predictions for Class

Recall = Correct Prediction 16)
et = All Actual Samples

F1M ) Precision X Recall a7
=2X
easure Precision + Recall

Because the proposed task is formulated as four-class kinship relationship classification,
the reported class-wise precision, recall, and Fl-score provide additional information beyond
overall accuracy and help characterize how consistently the framework distinguishes the in-
dividual relationship categories.

4.2, Evaluation Results Using Individual and Fused Feature Descriptors

The performance of the individual handcrafted descriptors, their combinations, and the
ResNet-50 representation is evaluated to examine their respective contributions to kinship
classification. The results are summarized in Table 4.

Table 4. Classification results for individual and fused feature models

Model é‘t“esgh;fy Accuracy (%) Precision (%) Recall (%)  Fl-score (%)
F-D 64.33 32.98 41.33 36.69
LBp F-S 67.67 34.29 32.00 33.10
M-D 66.00 30.99 29.33 30.14
M-S 68.00 33.85 29.33 31.43
F-D 72.33 45.00 48.00 46.45
L1p F-S 63.67 27.03 26.67 26.85
M-D 65.00 29.73 29.33 29.53
M-S 67.00 33.33 32.00 32.65
F-D 68.33 38.37 44.00 40.99
Dp F-S 69.33 38.96 40.00 39.47
M-D 73.67 46.97 41.33 43.97
M-S 68.67 36.62 34.67 35.62
F-D 70.33 41.86 48.00 44.72
F-S 68.00 41.46 68.00 51.52
LBP-LTP
M-D 74.67 49.18 40.00 44.12
M-S 75.67 53.33 21.33 30.48
F-D 76.67 54.55 40.00 46.15
F-S 73.67 47.96 62.67 54.34
LBP-LTP-LDP M-D 78.00 57.14 48.00 52.17
M-S 69.00 39.29 44.00 41.51
F-D 78.00 56.52 52.00 54.17
ResNet.50 F-S 78.67 56.32 65.33 60.49
M-D 78.33 57.14 53.33 55.17
M-S 73.67 47.30 46.67 46.98

Among the handcrafted descriptors, LBP and LTP provide relatively limited perfor-
mance when used individually. LBP achieves accuracies ranging from 64.33% to 68.00%
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across the four relationship categories, while LTP ranges from 63.67% to 72.33%. LDP per-
forms better overall among the individual handcrafted descriptors, achieving its highest accu-
racy of 73.67% for the M-D category. This result suggests that directional information pro-
vides useful complementary information for distinguishing facial kinship relationships. The
ResNet-50 representation provides a stronger individual baseline than the handcrafted de-
scriptors, with accuracies of 78.67%, 78.00%, 73.67%, and 78.33% for F-S, F-D, M-S, and
M-D, respectively. This indicates that the deep representation captures discriminative facial
characteristics that are not sufficiently represented by the individual local texture descriptots.

The results also show an improvement when handcrafted descriptors are combined. The
LBP-LTP configuration achieves its highest accuracy of 75.67% for M-S, while adding LDP
produces the LBP-LTP-LDP configuration, which reaches 78.00% for M-D and 76.67% for
F-D. These results provide empirical evidence that combining different local descriptors can
preserve complementary texture and directional information that may not be captured by a
single descriptor. Overall, the results indicate that the handcrafted descriptors and ResNet-50
provide different levels of facial information. The handcrafted descriptors focus on local tex-
ture and directional patterns, whereas ResNet-50 provides a higher-level representation. The
subsequent fusion of these feature types is therefore investigated as the proposed hybrid con-
figuration.

4.3. Evaluation Results Using Hybrid Multi-Descriptor Fusion

The performance of the complete hybrid framework is evaluated using the fused LBP,
LTP, LDP, and ResNet-50 representation. The class-wise results are summarized in Table 5.
The framework achieves its highest performance for the mother—daughter (M-D) category,
with precision, recall, Fl-score, and accuracy of 87.91%, 87.29%, 87.60%, and 87.29%, re-
spectively. The father—son (F-S) category follows with an accuracy of 83.26% and an F1-score
of 83.25%. The mother—son (M-S) and father—daughter (F-D) categories show relatively
lower performance, with accuracies of 81.06% and 80.28%, respectively. The corresponding
F1-scores are 80.51% and 80.55%, indicating that the differences are also reflected when pre-
cision and recall are considered rather than accuracy alone.

Across the four categories, the framework obtains mean precision, recall, Fl1-score, and
accuracy of 82.99%, 82.97%, 82.98%, and 82.97%, respectively. The relatively close values of
these metrics indicate that the model does not rely solely on correct predictions for a partic-
ular class, although some differences remain among the individual relationship categories.
The class-wise variation is further examined through the confusion matrix in the subsequent
analysis. The proposed framework is formulated as a four-class kinship relationship classifi-
cation problem, in which each facial pair is assigned to one of the F-S, F-D, M-S, or M-D
categories. Therefore, the reported results should be interpreted as relationship classification
performance rather than conventional binary kinship verification.

Table 5. Performance Metrics of the Proposed Hybrid Multi-Descriptor Fusion Framework

Mettic M-S (%) E-S (%) M-D (%) F-D (%)  Average (%)
Precision 79.96 83.24 87.91 80.83 82.99
Recall 81.06 83.26 87.29 80.28 82.97
Fl-score 80.51 83.25 87.60 80.55 82.98
Accuracy 81.06 83.26 87.29 80.28 82.97

4.4. Comparison with Existing Methods

Table 6 compares the proposed framework with representative methods that have re-
ported results on the KinFaceW-I dataset. The reported values for the compared methods
are taken from their respective publications, while the result for the proposed framework is
obtained from the experiments conducted in this study. Therefore, the comparison is in-
tended to provide a benchmark-level positioning of the proposed method rather than a reim-
plementation-based comparison.

The proposed framework achieves an overall accuracy of 82.97%, which is higher than
most of the methods listed in Table 6. Its performance is comparable to Jiang et al. [22]
(82.70%), Kim et al. [29] (82.40%), and Zhu et al. [28] (82.10%). The highest reported accu-
racy in the table is achieved by Yan and Liu [25] at 83.85%, which remains 0.88 percentage
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points above the proposed framework. Thus, the proposed method demonstrates competi-
tive performance on KinFaceW-I but does not achieve the highest reported accuracy among
the compared methods.

The comparison also shows that the proposed framework performs better than several
earlier approaches, including NRCML-LE [39] (66.30%), EPSM [40] (72.60%), NESN-KVN
[41] (78.63%), and AdvKin [42] (78.68%). However, differences in model architecture, train-
ing procedures, preprocessing, augmentation, and experimental implementation may affect
the reported values. Consequently, the results should be interpreted as a comparison with
previously reported benchmark results, rather than as evidence of strict superiority under
identical reimplementation conditions. More importantly, the comparative results indicate
that the proposed relatively simple feature-fusion framework can achieve performance close
to several more complex deep learning and attention-based approaches. This provides moti-
vation for further investigating the contribution of the individual feature components through
the ablation analysis presented in the next section.

Table 6. Performance comparison with existing methods on KinFaceW-I

Reference Year Methodology Accuracy (%)
Jiang et al. [22] 2025 AutoSox + KinFace-CSFE 82.70
Oruganti et al. [24] 2024 CLT + CNN 81.01
Yan and Liu [25] 2024 Multi-scale CNN + Attention 83.85
Nader et al. [20] 2023 HASC + CC + DCH 79.54
Zhu et al. [28] 2023 D-DDML 82.10
Kim et al. [29] 2023 Face Age Transformation 82.40
Yan et al. [39] 2017 NRCML-LE 66.30
Meenpal et al. [40] 2023 EPSM 72.60
Wang et al. [41] 2020 NESN-KVN 78.63
Duan et al. [42] 2020 AdvKin 78.68
Sun et al. [43] 2025 FDFN 81.30
Nazari et al. [44] 2025 FNN 82.09
Su et al. [45] 2023 FaCoRNet 81.55
Proposed 2026 Multi-Descriptor Texture + Deep Fusion 82.97

4.5. Ablation Analysis

To examine the contribution of the individual feature components, an ablation analysis
was conducted using the same experimental setting as the proposed framework. The results
are presented in Table 7, covering standalone handcrafted descriptors, their progressive com-
binations, the ResNet-50 baseline, and the complete hybrid representation.

Among the standalone handcrafted descriptors, LBP, LTP, and LDP obtain mean accu-
racies of 66.50%, 67.00%, and 70.00%, respectively. LDP provides the strongest performance
among the three handcrafted descriptors, particularly for the M-D category, where it achieves
73.67%. This result suggests that directional information provides useful structural cues that
are not fully captured by intensity-based local patterns alone. ResNet-50 achieves a higher
mean accuracy of 77.17% when used independently, indicating the contribution of high-level
facial representations to the classification task.

Progressive fusion of the handcrafted descriptors further improves the results. Combin-
ing LBP and LTP increases the mean accuracy to 72.16%, while the addition of LDP raises it
to 74.33%. The complete fusion of LBP, LTP, LDP, and ResNet-50 achieves the highest
mean accuracy of 82.97%, representing an improvement of 5.80 percentage points over the
ResNet-50-only configuration.

These results provide empirical support for retaining both handcrafted and deep feature
representations. In particular, the progressive improvement from the handcrafted combina-
tions, followed by the additional gain obtained after incorporating ResNet-50, indicates that
the feature groups provide complementary information. The results also support the use of
direct feature concatenation without applying dimensionality reduction before classification.
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Table 7. Ablation analysis of different feature extraction configurations on the KinFaceW-1 dataset

Configuration F-S (%) F-D (%) M-S (%)  M-D (%) Mean Accuracy (%)
LBP Only 67.67 64.33 68.00 66.00 66.50
LTP Only 63.67 72.33 67.00 65.00 67.00
LDP Only 69.33 68.33 68.67 73.67 70.00
LBP + LTP 68.00 70.33 75.67 74.67 72.16
LBP + LTP + LDP 73.67 76.67 69.00 78.00 74.33
ResNet-50 Only 78.67 78.00 73.67 78.33 77.17
Proposed 81.06 83.26 87.29 80.28 82.97

4.6. Discussion

The results indicate that the effectiveness of the proposed framework is primarily asso-
ciated with the complementary characteristics of the feature representations. The handcrafted
descriptors and ResNet-50 operate at different levels of facial representation: LBP and LTP
describe local intensity patterns, LDP emphasizes directional structures, while ResNet-50 pro-
vides higher-level facial representations. Their combination therefore provides a broader rep-
resentation than any individual component.

The ablation results support this interpretation. The handcrafted descriptors alone
achieve lower mean accuracies than ResNet-50, but their progressive combination consist-
ently improves performance from 66.50—70.00% for individual descriptors to 72.16% and
74.33% for the two- and three-descriptor configurations, respectively. Adding these local de-
scriptors to ResNet-50 further increases the mean accuracy to 82.97%. This pattern suggests
that the handcrafted descriptors retain local information that is complementary to the higher-
level representation provided by the deep network.

The class-wise results also provide an indication of where the fused representation is
more effective. Same-gender relationships, particularly M-D and F-S, obtain the highest ac-
curacies in the final model. In contrast, F-D and M-S remain relatively more difficult to dis-
tinguish. The confusion matrix analysis in Fig. 7 similarly shows that several misclassifications
occur between cross-gender relationship categories. These differences suggest that facial sim-
ilarity across relationship categories cannot be captured equally well by a single representation
and that local and global cues may contribute differently depending on the relationship type.

From a feature-representation perspective, LBP provides fine local texture patterns, LTP
introduces tolerance to small intensity variations, and LDP emphasizes directional edge struc-
tures. ResNet-50 complements these descriptors by representing broader facial structure and
appearance. Rather than assuming that any individual descriptor is sufficient, the proposed
framework preserves these representations and allows the SVM classifier to use them jointly.
This interpretation is consistent with the progressive gains observed in the ablation study.
Overall, the findings suggest that the proposed fusion strategy is useful for representing kin-
ship relationships from both local and higher-level facial information. However, the remain-
ing differences between relationship categories also indicate that the framework does not
completely resolve the difficulty of cross-gender classification. This limitation is important
for future work, particularly for models that aim to learn more discriminative relationship-
specific representations.

5. Conclusions

This study presented a hybrid framework for multiclass kinship identification by com-
bining handcrafted local texture descriptors (LBP, LTP, and LDP) with deep features ex-
tracted using ResNet-50. The feature fusion strategy provides complementary local and high-
level facial representations, enabling the model to distinguish four kinship categories: Father-
Son (F-S), Father-Daughter (F-D), Mother-Son (M-S), and Mother-Daughter (M-D). Exper-
iments on the KinFaceW-1I dataset achieved an overall accuracy of 82.97%, with the ablation
results supporting the contribution of combining handcrafted and deep features.

Despite these results, the study has several limitations. The evaluation is based on the
KinFaceW-I benchmark, which contains relatively limited and semi-controlled facial data and
therefore may not represent the variability encountered in unconstrained environments. In
particular, the robustness of the framework under substantial illumination changes, occlusion,
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pose variations, and large age differences remains to be further investigated. Future work will
therefore consider more flexible feature-fusion strategies, including attention-based and vi-
sion-transformer architectures, to improve the representation of complementary facial cues.
Evaluation on larger, unconstrained, and cross-age kinship datasets will also be important for
assessing the generalizability of the framework beyond the current benchmark.
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