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 In the real world, objects are categorized hierarchically. However, deep 

learning (DL)-based computer vision (CV) approaches typically learn to 

classify objects in a flat manner, which limits their ability to generalize to 

new objects and scenarios. To address this limitation, a new network called 

human identification and classification network (HICNet) is proposed for 

hierarchical-based object identification and classification. HICNet is a 

hierarchical object identification and classification network with feature 

extraction layers, an identification branch, and a classification branch. 

HICNet was evaluated on the labeled faces in the wild (LFW) and labeled 

faces in the wild-A (LFWA) datasets, where it achieved an identification 

accuracy of 99.27% and an average classification accuracy of 98.61%. These 

results demonstrate that HICNet is able to classify objects beyond the 

training sample(s) by tracing the hierarchy and correlation of the object. 

HICNet can be used in a variety of CV applications, such as visually 

impaired aids and robot guidance as it provides a comprehensive insight into 

the objects. 
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1. INTRODUCTION 

Recently, motivated by the success of deep learning (DL), computer vision (CV) approaches have 

enabled computers to understand images or videos at a high level. Therefore, DL architectures, especially 

convolutional neural network (CNN), have been widely used for object recognition [1]−[10], object 

identification [11]−[29] and human head attribute classification [30]−[42]. However, the success rate of these 

approaches is limited when they are used in real-world applications, such as visually impaired people and 

robot guidance. The main problem with these approaches is that they are limited to training data and cannot 

identify or recognize objects outside the scope of this data. This problem results from the limitations of DL in 

global generalization, hierarchical learning, and correlation learning [43]−[46]. Therefore, these approaches 

learn to identify or recognize objects in a shallow way (i.e. they learn the categories of the same level) 

without being able to follow the hierarchy of objects. 

In the real world, an object can be assigned to different categories (labels) that represent the object’s 

family tree. These categories are organized hierarchically and known as the object hierarchy, which is used to 

recognize the type of object or identify the identity of the object [47]. The category at the top of the hierarchy 

represents the most important generic object type [47], [48]. The lower categories represent a specific 
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subtype of object. The categories at the bottom of the object hierarchy represent the identity of the object, i.e. 

the most characteristic categories of an object. Figure 1 shows an example of the human object hierarchy. As 

can be seen in Figure 1, the human category is at the top of the hierarchy, which is divided into two main 

types: male and female. Male and female are divided into several sub-categories, namely: man, woman, boy, 

and girl. In addition, the subcategories at the bottom of the hierarchy represent the identities used to 

differentiate between objects of the same kind, for example, names such as (Ahmed and Hind) can be used to 

differentiate between people. 

 

 

 
 

Figure 1. An example of an object hierarchy 

 

 

Humans are dependent on the object hierarchy to adapt and identify or recognize the object without 

prior knowledge. In doing so, they first try to determine the identity of the object, and if this fails, they try to 

recognize its type or subtype, or even do this all at once. In contrast, DL-based CV approaches cannot adapt 

like humans because they cannot transfer between the categories of the object hierarchy. This problem, as 

mentioned earlier, is due to the limitations of DL in global generalization, hierarchical learning, and 

correlation learning. Therefore, these approaches fail in identifying or recognizing objects outside the scope 

of the training data. Real-world applications must mimic human performance to increase their success rate. 

Accordingly, there is an urgent need for an approach that can identify an object, recognize its type, or at least 

classify its parts by tracing the hierarchy of the object. To achieve this, another challenge must first be 

overcome. This challenge is that the visual features are different for different subsets of objects. Therefore, 

the identity of an object, its type and its parts should have different features [49]−[51] in order to be 

distinguished. However, DL-based CV approaches only rely on extracting high-level features that are not 

semantic enough to recognize parts or subsets of object parts [50], [52], [53]. Therefore, in order to identify 

an object, recognize its type and classify its parts, appropriate features must be extracted for each task. 

Consequently, this study aims to overcome these challenges and proposes to integrate the tasks of 

object identification and object part classification into a single network for hierarchical-based object 

identification and classification. The proposed network is called the human identification and classification 

network (HICNet). The HICNet consists of i) feature extraction layers to extract the appropriate feature level 

for each task, and ii) identification branch and classification branch to identify human identity and classify its 

head parts. The rest of the article is organized as follows. Section 2 gives a brief background on visual 

geometry group-face (VGG-Face) [16] and multi-output convolutional neural network (MOCNN) [42]. The 

proposed network with the parameters used in building the layers of the network is described in detail in 

section 3. The training setup of the proposed network in section 4. Section 5 presents the experimental results 

of the proposed network. Finally, section 6 contains the conclusion. 

 

 

2. BACKGROUND ON VISUAL GEOMETRY GROUP-FACE AND MOCNN 

The main objective of this study is to develop a DL network that integrates the tasks of object 

identification and human head attribute classification to identify and classify humans based on the object 

hierarchy. To achieve this goal, this study proposes the integration of the VGG-Face net [16] with the 

MOCNN. Therefore, two configurations, A and B, are considered for integration in this study, which are 

further explained in section 3. In addition, the details of the VGG-Face net and the MOCNN are presented in 

the next subsections. 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 5, October 2026: 4412-4423 

4414 

2.1.  Visual geometry group-face 

VGG-Face is a deep CNN introduced by Parkhi et al. [16] in 2015 for face recognition. VGG-Face 

is based on the visual geometry group network 16 (VGGNet)-16 architecture [54] proposed by the visual 

geometry group (VGG) in 2014. VGG-Face consists of 26 layers with an input layer, 16 convolutional layers, 

five max-pooling layers, three fully linked layers and a linear softmax activation as the last layer. The input 

layer is fed with colored face images of size 224 × 224 pixels. All convolutional layers are followed by a 

rectified linear unit (ReLU) activation, while each convolutional block is followed by a max-pooling layer, 

except for the last block, which is followed by three fully-linked layers. The fully linked layers are listed as 

convolution layers because they are a special case of convolution. These layers employ filters of a size is 

equal to the size of the input data to capture data from the entire image. In addition, a dropout is applied at a 

rate of 0.5 after the first and second fully-connected layers. Finally, the last fully-connected layer is followed 

by a flattened layer before softmax activation. The exact components of the VGG-Face are shown in Figure 2 

and the structure of the VGG-Face is detailed in Table 1, including the parameters used in building the layers. 
 
 

 
 

Figure 2. The components of VGG-Face 
 

 

Table 1. Architecture details of the VGG-Face net 
Layer type Input size Parameters Filter size Pooling size Output size 

Input 224 × 224 × 3 - - - 224 × 224 × 3 

Convolutional (1) 224 × 224 × 3 1,792 3 × 3 - 224 × 224 × 64 

Convolutional (2) 224 × 224 × 64 36,928 3 × 3 - 224 × 224 × 64 

Max Pooling (1) 224 × 224 × 64 - - 2 × 2 112 × 112 × 64 

Convolutional (3) 112 × 112 × 64 73,856 3 × 3 - 112 × 112 × 128 
Convolutional (4) 112 × 112 × 128 147,584 3 × 3 - 112 × 112 × 128 

Max Pooling (2) 112 × 112 × 128 - - 2 × 2 56 × 56 × 128 

Convolutional (5) 56 × 56 × 128 295,168 3 × 3 - 56 × 56 × 256 
Convolutional (6) 56 × 56 × 256 590,080 3 × 3 - 56 × 56 × 256 

Convolutional (7) 56 × 56 × 256 590,080 3 × 3 - 56 × 56 × 256 

Max Pooling (3) 56 × 56 × 256 - - 2 × 2 28 × 28 × 256 
Convolutional (8) 28 × 28 × 256 1,180,160 3 × 3 - 28 × 28 × 512 

Convolutional (9) 28 × 28 × 512 2,359,808 3 × 3 - 28 × 28 × 512 

Convolutional (10) 28 × 28 × 512 2,359,808 3 × 3 - 28 × 28 × 512 
Max Pooling (4) 28 × 28 × 512 - - 2 × 2 14 × 14 × 512 

Convolutional (11) 14 × 14 × 512 2,359,808 3 × 3 - 14 × 14 × 512 

Convolutional (12) 14 × 14 × 512 2,359,808 3 × 3 - 14 × 14 × 512 
Convolutional (13) 14 × 14 × 512 2,359,808 3 × 3 - 14 × 14 × 512 

Max Pooling (5)  14 × 14 × 512 - - 2 × 2 7 × 7 × 512 

Convolutional (fully connected 1) 7 × 7 × 512 102,764,544 - - 1 × 1 × 4,096 
Dropout 1 × 1 × 4,096 - - - 1 × 1 × 4,096 

Convolutional (fully connected 2) 1 × 1 × 4,096 16,781,312 - - 1 × 1 × 4,096 

Dropout 1 × 1 × 4,096 - - - 1 × 1 × 4,096 
Convolutional (fully connected 3) 1 × 1 × 4,096 10,742,334 - - 1 × 1 × 2,622 

Flatten 1 × 1 × 2,622 - - - 2,622 

Softmax  2,622 15,079,627 - - 2,622 



Int J Artif Intell  ISSN: 2252-8938  

 

Human identification and classification network based on object hierarchy (Loai Alamro) 

4415 

2.2.  Multi-output convolutional neural network 

The MOCNN is a multiple-output convolutional network introduced by Alamro et al. [42] in 2022 

for human head attribute classification. The MOCNN consists of sixteen layers with one input layer, two 

convolutional layers, two pooling layers, one flattened layer, five fully connected layers and five output 

layers. Similar to the proposed low-level feature extraction network, all convolutional layers of the proposed 

MOCNN contain ReLUs units for linear transformation and nonlinear mapping. The input layer of the 

proposed network was fed with images of size (178 × 218 × 3 or 256 × 256 × 3) pixels. In addition, a 5 × 5 

convolutional filter was used in the first convolutional layer to implement the convolutional operations and 

extract the features. Next, a 2 × 2 top pooling layer was used to reduce the dimensionality of the outputs of 

the convolutional layer. The outputs of the maxpooling layer are fed into the second convolutional layer to 

perform its convolutional operations. In the second convolutional layer, a 3 × 3 convolutional filter was used 

to perform the convolutional operations and create the feature map. A maxpooling layer of size 2 × 2 was 

used after the second convolutional layer to reduce the dimensionality of the generated feature map. 

Furthermore, a flattening layer was used to reduce the outputs of the maxpooling layer into a 1-dimensional 

vector. Then, a multi-output classifier is connected to the flatten layer to classify the parts of the human head. 

The classifier consists of five fully connected layers, each connected to an output layer with a sigmoid 

classifier to predict the probability of the categories and implement the human head attributes classification. 

The components of the MOCNN are shown in Figure 3 and the exact structure of the MOCNN is detailed in 

Table 2, including the parameters used to build the layers. 

 

 

 
 

Figure 3. The components of the MOCNN 

 

 

Table 2. Details of MOCNN structure 
Layer type Input size Parameters Filter size Pooling size Output size 

Input 218 × 178 × 3 - - - 218 × 178 × 3 

Convolutional 1 218 × 178 × 3 896 3 × 3 - 218 × 178 × 32 

Max pooling 1 218 × 178 × 32 - - 2 × 2 109 × 89 × 32 
Convolutional 2 109 × 89 × 32 - - - 109 × 89 × 64 

Max pooling 2 109 × 89 × 64 - - - 54 × 44 × 64 

Flatten 54 × 44 × 64 - - - 152,064 
Fully connected 1 152,064 38,928,640 - - 256 

Fully connected 2 152,064 38,928,640 - - 256 

Fully connected 3 152,064 38,928,640 - - 256 

Fully connected 4 152,064 19,464,320 - - 128 

Fully connected 5 152,064 19,464,320 - - 128 

Output 1 256 2,313 - - 9 
Output 2 256 2,827 - - 11 

Output 3 256 2,313 - - 9 

Output 4 128 645 - - 5 
Output 5 128 774 - - 6 
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3. PROPOSED NETWORK 

The structure of the VGG-Face consists of sixteen layers: an input layer, thirteen convolutional 

layers, three fully connected layers and an output layer, as described in subsection 2.1. The MOCNN 

network, on the other hand, consists of one input layer, two convolutional layers, five fully connected layers 

and five output layers, as described in subsection 2.2. In this context, it should be noted that both networks 

have a number of identical components. In practice, the input layer is identical in both networks because the 

size of the input data is the same in both networks. Furthermore, the first and second convolutional layers of 

the VGG-Face are identical to the second convolutional layer of the MOCNN, as filter of the same number 

and size (i.e. 64 × 3 × 3) are used in these layers. Therefore, this study considers two configurations, A and 

B, based on two different ways of integrating the VGG-Face with the MOCNN. 

The integration in configuration A is based on the sharing of the input layer by both networks. The 

integration in configuration B, on the other hand, not only shares the input layer, but also the first 

convolutional layer of the VGG-Face with the second convolutional layer of the MOCNN. Based on this 

strategy, configuration A consists of two parallel branches, one responsible for identifying humans and the 

other for classifying head attributes. The structure of the identification branch adopts the structure of the 

VGG-Face layers, while the structure of the classification branch adopts the structure of the MOCNN layers. 

The integration process is carried out without any change to the standard layers of both networks, except for 

the unification of the input layer. The detailed structure of configuration A is shown in Figure 4. 
 
 

 
 

Figure 4. Structure of the network (A) proposed to integrate the object identification network and the  

multi-output classification network 
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Configuration B, on the other hand, consists of the same branches as configuration A, but with a 

different integration process. The integration process of configuration B consisted of two steps: i) unification 

of the input layer and ii) integration of the first convolutional layer of the VGG-Face with the second 

convolutional layer of the MOCNN network by adding a concatenation layer. Then, the concatenation layer 

is connected to the second convolutional layer of the VGG-Face and the flattened layer of the MOCNN to 

form the identification and classification branches. The integration of the convolutional layers of both 

networks allows multiple levels of features to be extracted and each branch of the network to be supplied 

with the appropriate level of features to perform the assigned task. The detailed structure of the configuration 

B is shown in Figure 5. 

 

 

 
 

Figure 5. Structure of the network (B) proposed for the integration of the object identification network and 

the multi-output classification network 
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4. TRAINING SETUPS FOR INTEGRATION OF VGG-FACE AND MOCNN 

This section describes the training procedure for the two proposed networks (A and B). The 

proposed networks were implemented based on the open-source platform TensorFlow 2.0, using Intel Core 

i7-7700 CPU, 64 Gigabyte RAM and NVIDIA GEFORCE RTX 3090 GPU to accelerate the training process. 

The training procedure follows the training details of VGG-Face [18] and MOCNN [45]. In general, 

networks A and B are trained for 74 epochs with a batch size of 64. The size of the input images is  

224 × 224 pixels, randomly cropped from the images in the dataset. The identification branch is regularized 

by a weight drop of 5 × 10-4 and a dropout rate of 0.5 is applied to the first and second fully connected layers. 

In addition, the learning rate of the network was initially set to 10-2 and decreased three times by a factor of 

10 when the validation accuracy stopped increasing. On the other hand, the learning rate of the classification 

branch was first set at 10-4 and then lowered to 10-6. Furthermore, learning in the classification branch is 

stopped after ten epochs to avoid overfitting. In both networks (A and B), triple-loss learning is implemented 

by freezing all layers in the branches of each network, except for the last fully connected layer in the 

identification branch. This layer is then learned for 10 epochs using Stochastic gradient descent (SGD) with a 

fixed learning rate of 0.25. 
 

 

5. EXPERIMENT RESULTS 

This section presents the results of the proposed A and B networks and discusses their implications, 

interpretations and significance. The aim of this study was to overcome the limitations of current DL-based 

CV approaches [1]‒[29] in tracing the object hierarchy, which affect their performance in real-world 

applications. In this study the focuses on tracing the hierarchy of the human object. Therefore, the experiment 

was conducted on the labeled faces in the wild (LFW) [55] and labeled faces in the wild-A (LFWA) [55] 

datasets. LFW is a is a large-scale dataset introduced in 2007 for face verification. LFW is composed of 

13,233 color images of 5,749 persons, where 1,680 identities have two or more images. LFWA is an updated 

version of LFW dataset, which was presented in 2015 for human head attributes classification. The LFWA 

inherits the images of the LFW dataset, then it provides each image with 73 annotations of different parts of 

the human head. The proposed networks are evaluated by comparing the accuracy of the identification branch 

of both networks and comparing the average classification accuracy of the classification branch of the 

networks. In addition, the classification accuracy of the proposed networks is compared for each human  

head attribute. 

Through rigorous analyses and investigations, this study found that the proposed network B 

outperforms the proposed network A. The proposed network A achieved an identification accuracy of 

98.95%, which is equivalent to the accuracy of the original VGG-Face net, as shown in Figure 6. Similarly, 

network A achieved an average classification accuracy of 97.93%, which is also equivalent to the average 

classification accuracy of the original MOCNN, as shown in Figure 7. In contrast, the proposed network B 

outperformed the proposed network A in both identification accuracy and average classification accuracy. 

Network B achieved an identification accuracy of 99.27%, which is an improvement of 0.32 over network A 

and the original network. In addition, network B achieved an average classification accuracy of 98.61%, an 

improvement of 0.68% over Network A. 

The results presented in this paper emphasize the efficiency of the proposed network B, which 

showed superior performance compared to network A and the established baseline models. Network B 

showed remarkable improvements in identification accuracy and average classification accuracy, 

outperforming both network A and the original benchmark networks. Furthermore, the results show that 

Network B consistently outperformed network A in all evaluated groups of human head attributes, as 

shown in Figure 8 (see Appendix). Interestingly, although the two branches of network A use the same 

input layer, there is no performance improvement over the VGG-Face and MOCNN networks before 

integration. This is mainly due to the fact that the two network branches are not involved in any activity 

(e.g. feature extraction) along the network pipeline, but each works on its own. In contrast, network B 

achieved a significant improvement compared to the performance of the original networks (i.e. VGG-Face 

and MOCNN) and network A. This improvement is due to the integration of the first convolutional layer 

of the identification branch with the second convolutional layer of the classification branch, which enables 

joint feature learning. 

The experimental results show the ability of the proposed network B to trace the hierarchy of human 

objects, allowing it to identify, recognize and classify humans even when they are outside the scope of the 

training data. For example, even if the proposed network cannot identify the identity of a person, it is able to 

recognize him as human and determine their gender, i.e. male or female. Moreover, it can characterize him 

by classifying the parts of his head, such as the hair color, the shape of the face and nose. Accordingly, the 
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performance of the proposed network outperforms existing DL-based CV approaches such as object 

recognition [1]‒[10] and object identification [11]‒[29] in real-world applications. 

 

 

 
 

Figure 6. Comparison of the verification accuracy (in %) between the identification branches of network A 

and network B on LFW dataset 

 

 

 
 

Figure 7. The average accuracy (in %) comparing between the classification branches of network A and 

network B on the LFWA dataset 

 

 

6. CONCLUSION 

This study presents the integration process of a human identification network with a human head 

attribute classification network to form a unified network for hierarchical-based object identification and 

classification. The study uses the VGG-Face and the MOCNN to develop the unified network. In this study, 

two configurations, A and B, have been proposed based on different ways of integrating VGG-Face and 

MOCNN. The integration in network A is based on unifying the input layers of both networks into one main 

network. Integration into network B is achieved by unifying the input layer and integrating the first 

convolutional layer of the VGG-Face with the second convolutional layer of the MOCNN using a 

concatenation layer to form the main network. Experiments on the LFW and LFWA datasets for 

identification and classification tasks have shown that network B is a better network A and even has higher 

accuracy compared to the original networks (i.e. the standalone network). Furthermore, the proposed network 

B is able to trace the object hierarchy, which gives it an advantage over existing DL-based CV approaches in 

real-world applications. The proposed network is limited to identifying and describing only one part of a 

human object-namely the head. In the future, however, other human attributes must also be considered to 

obtain a complete and comprehensive picture of a human being. 
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Figure 8. Comparison of classification accuracy (in %) between network A and network B for the 40 

categories of the LWFA dataset 
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