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A two-stage clustering-based distributed framework for
large-scale face identification
Sayed Mohammad Ahmadi- & Rouhollah Dianat

Department of Computer Engineering and Information Technology, Faculty of
Engineering, University of Qom, Qom, Iran.

Abstract

Face recognition can be divided into two types: identification and verification of faces. Face

identification is one of the most prevalent fields in computer vision in recent decades. With the

enhancement of intelligent models in face recognition, its practical use has become widespread,

especially in applications involving a large number of individuals. Compared to other image processing
d. ) tasks, such as object detection, face identification poses greater challenges. In object detection, the
"JJ categories that need to be distinguished are distinct enough from each other, but in face identification,
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all the categories to be identified have a similar oval structure, and the identification system must focus
on the details of the face images. In addition to this complexity, the increase in the number of individuals
in face identification poses a major challenge, leading to three additional sub-challenges: accuracy
degradation, increased memory requirements, and increased temporal complexity. Various solutions
have been proposed to address these challenges. Some solutions focus on strengthening elements within
deep neural networks, such as loss functions or introducing new blocks in the networks. Another
category of solutions, particularly for memory and time complexity challenges, resort to distributed
approaches. Many methods have fallen short of addressing one or two additional challenges. This study
introduces a two-stage distributed approach claiming to effectively tackle all three challenges
simultaneously. The proposed method comprises three units: a sub-nets unit, a clustering unit, and a
final decision-making unit. A distinguishing feature of the proposed method from existing distributed
approaches is its utilization of clustering as a distribution method to sub-nets unit. Each sub-net is a
supervised deep neural network trained with training data relevant to its classes. The advantage of using
clustering instead of random distribution is that with high confidence, the cluster containing the main
category can be found by comparing the feature vector of the test image with the representative features
of all clusters. Then, the identification operation is performed on the desired cluster, which contains
fewer categories. Therefore, the clustering unit compares the similarity of feature vectors of test data
with the average feature vectors of the classes and finds the best cluster. This is not possible in methods
based on random distribution. In other words, no entity from each sub-net can provide a good and
suitable representation of the members of the sub-net. The clustering unit compares feature vectors of
test data with the average feature vectors of classes to find the best cluster. Ultimately, the final decision-
making unit selects the best class by combining the results of the two preceding units. Results indicate
that the proposed method outperforms similar methods in terms of accuracy, recall, and F1 score. This
method is not only faster but also more accurate than non-distributed methods, and compared to
randomly distributed methods, it offers comparable speed and higher accuracy. Experiments were
conducted on several well-known and reputable face recognition datasets such as VGGFace2, MS-Celeb-
1M, and GIint360K, each containing images of numerous individuals. Implementation results
demonstrate that the proposed method exhibits superior performance and scalability in face recognition.

Keywords: face identification, clustering, deep learning, distributed learning.
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(Figure-1) (a: right) data dispersion within each

cluster after clustering; (b: left) data dispersion
before clustering. The green lines show the amount
of scatter in the data.
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Figure 2. Fortunate in ISM: when the actual class
does not face significant competition within its
submodel.
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Figure 3. Unfortunate in ISM: When the actual class faces
competition from similar classes within its submodel, as well
as similar classes in other submodels that lack serious
competitors.
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(Figure-4) The main concept in the pre-processing phase
involves distributing all classes into multiple subnetworks
using clustering. Each subnetwork contains similar classes.
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(Figure -5) . The main idea of the paper in the testing phase involves initially extracting features from the test input image.

Subsequently, using the clustering module, the best cluster corresponding to the test input data is selected. Then, employing the
selected subnetwork model, predictions are made, and the final decision unit identifies the selected class as
the one with the highest output value.
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(Figure- 6) Accuracy drops rates in various scenarios for the VGGFace2 dataset [33] and using InceptionResnetV1 [44] for feature
extraction. From right to left: precision, accuracy, and F1 score
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(Figure -7) Accuracy drops rates in various scenarios for the MS-Celeb-1M dataset [34] and using InceptionResnetV1 [44] for
feature extraction. From right to left: precision, accuracy, and F1 score
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(Figure- 8) Accuracy drops rates in various scenarios for the Glint360K dataset [31] and InceptionResnetV1 [44] for feature
extraction. From right to left: precision, accuracy, and F1 score
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Table- 3): comparison of training times for each epoch of all toilers*(
The values in the table are expressed in seconds. The system used for model execution includes an NVIDIA GeForce GTX 1660
SUPER GPU with 6GB of memory, an Intel Core i7-6700K CPU, and 32GB of RAM.
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