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ARTICLE INFO ABSTRACT

Editor name: Aboul Ella Hassanien Literature has it that the performance of most face recognition algorithms still decline in
Keywords: multiple constrained environments (Occlusions and Expressions), despite the achieved successes
FaceNet algorithm of deep learning face recognition algorithms. Using expression variant test face images syn-
MICE thetically occluded at 30% and 40% rates, the study evaluated the performance of FaceNet
MissForest deep learning model for face recognition under the aforementioned constraints and when three
RegEM (3) statistical multiple imputation methods (Multivariable Imputation using Chain Equations
Occlusion (MICE), MissForest and Regularized Expectation Maximization (RegEM)) are adopted for occlu-
Varying expressions sion recovery. Results of the study showed improved recognition rates of the study algorithm

Augmentation schemes when the imputation-based recovered faces were used for recognition compared with using

their multiple constrained counterparts. However, test faces reconstructed with the MissForest
imputation method were more accurately recognized using the FaceNet deep learning algorithm.
Furthermore, the study demonstrated that some simple augmentation schemes sufficed to
further enhance the performance of the FaceNet model. Specifically, the FaceNet algorithms
gave the highest average recognition rates (85.19% and 79.5% for 30% and 40% occlusion levels
respectively) under augmentation scheme IV (slight rotations, horizontal flipping, shearing,
brightness adjustments, and stretching) using MissForest as the de-occlusion mechanism. The
study also found that, no disparity existed in its performance with the choice of either Support
Vector Machines (SVM) or City Block (CB) for classification under augmentation scheme IV.
The study recommends using the MissForest imputation method in dealing with moderately
high occluded test faces with varying expressions to enhance the performance of the FaceNet
face recognition model.

Introduction

Knowing the identity of unknown people is crucial in most jurisdictions, particularly among humans, to establish communication,
promote peaceful coexistence, gain access to necessary services, and safeguard lives and property. Modern times have seen
recognition technologies based on biometric information to speed up the procedure. It is typically necessary for facial recognition
systems to be trained to identify unfamiliar faces using photographs of people. However, the problem of limited images for training
as well as the prevalence of inimical environmental factors and constraints (eg. expressions, lighting, occlusions, head-tilt or poses,
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ageing etc.) continue to hamper the performance of even the best-performing algorithms [1,2]. It is known that the performance
of face recognition algorithms generally decline when trained on images acquired under particular environmental constraints but
are tested on images acquired under different environmental constraints. Some studies [3,4] have reported that when recognition
involves matching features selected from train-image databases containing only the neutral-expression face images of subjects with
that of test faces acquired under non-neutral expressions (eg, angry, sad, disgust, fear, happy), the recognition rates are often poorer.
This, according to Goren and Wilson [5], could be due to the magnitude of geometric dissimilarity between the train and test face
images. Also, these constraints acts as noise and hence degrade the image quality. Multiple constrained environment is defined as
the presence of more than one constraint (either expression, occlusion, lighting, head-tilt or pose, ageing, etc.). An image is said to
be acquired under multiple constraints when more than one of the above listed constraints exist during the image acquisition. In
this study, the constraints under consideration are occlusions and expressions. Alyiiz et al. [6] and Lahasan et al. [7] details how
occlusions account for the poor performance of many automatic face recognition systems . As underscored in [8], the presence of
occlusions could block access to facial features, rendering a more degraded version of the real image of the subject. Occlusions
could also corrupt the pixels in the acquired images and as well affect their distribution and any facial embeddings thereof. To
deal with the occlusion challenge in test faces, considerable amounts of efforts have focused on pre-training algorithms with images
obtained under similar constraints. However, the universality of this approach is debatable, as in most instances the success of this
approach may be contingent on the availability of such training datasets, which is often limited. Therefore, the search for face
recognition systems that are invariant to the presence of occlusions or those that might require some form of image enhancements
to improve their performance continue to be central to ongoing research works in automatic face recognition. Image reconstruction
or restoration is one such method.

Image reconstruction techniques could be broadly classified as machine learning-based or Statistical (model) based. The former
class of methods attempts to reconstruct an image by generating a data model from the dataset with missing values and then
using the model to perform classification that imputes the missing values [9]. This class of methods are known to be fast but have
sub-optimal properties such as poor resolution-noise tradeoff for some class of images. Besides, they are characterized by complex
architectures [10]. The model-based reconstruction methods, on the other hand, iteratively obtain estimates of the missing pixels in a
degraded image based on statistical model(s) [11]. They assume that the population of image pixel values are realizations of random
variables, characterized by unknown population parameters (and therefore perform parameter estimation), together with assumed
prior information about the underlying unknown image such as smoothness, or sparsity in a transformed domain. These iterative
methods are known to improve image quality by reducing noise and artefacts [12,13]. Although there is some evidence to show
that the Multivariate Imputation with Chain Equations (MICE) could enhance the performance (recognition distances) of Principal
Component Analysis (PCA) recognition algorithms, under low levels of random occlusions [14], to the best of our knowledge, no
prior works have investigated the effects of using statistical multiple imputation schemes for occlusion recovery on the performance
of the FaceNet deep learning face recognition model when moderately high occlusions and varying expressions are the underlying
constraints.

Using algorithms in research is essential because they allow for the systematic and practical completion of complex tasks, data
analysis, and problem-solving. Algorithms also allow research to be replicated since they can be recorded and shared with others,
aiding in confirming the accuracy and reliability of results [15]. Deep learning-based models or algorithms often involve the use
of artificial neural networks comprising several layers [16]. In deep learning, non-linear transformations and model abstractions
of high levels are applied to large databases [17]. Deep learning has been widely applied in areas such as image super-resolution,
inpainting, decolorization and characterization [18], Medicine [19-22], Biometrics [23] and handwritten character recognition [24].
FaceNet is a pre-trained deep learning algorithm developed by Google [25]. FaceNet directly learns a mapping from face images
to a compact Euclidean space where distances directly correspond to a measure of face similarity [25]. One of its advantages is its
ability to allow one to extract high-quality features from faces called face embeddings that can be used to train face identification
systems [26]. Applications of FaceNet includes real-time web-based face recognition systems for detecting faces [27], early fatigue
detection while working at the computer and real-time masked face recognition [28]. The performance of the FaceNet model has
been reported by some authors in literature. In [27], the authors implemented a real-time web-based face recognition system. They
compared three different face recognition modules (FaceNet-SVM, PCA-SVM, K-NN). The results indicated that the FaceNet-SVM
recognition module attained the highest accuracy on three different datasets. In [28], the authors demonstrated that combining
FaceNet with K Nearest Neighborhood (KNN) classification improved the accuracy compared with using multiclass Support Vector
Machine (SVM) for classification (94.66% and 89.87% respectively). However, combining FaceNet with multiclass SVM attained a
relatively lower runtime. The authors Adhinata et al. [29] investigated the use of FaceNet with three classifiers (SVM, K-NN, Random
Forests) in a real-time masked face recognition problem. Their results showed that FaceNet with Random Forests attained the least
accuracy (54.04%) while FaceNet with multi-class SVM attained the highest accuracy (96.15%). However, all three FaceNet modules
had a relatively similar runtime. In other works, Golla and Sharma [30] evaluated the performance of FaceNet on low resolution
face images compared to high resolution face images.

Despite the high performance of the FaceNet model as reported in existing works, little is known about its performance under
multiple constraints (the presence of moderately high levels of occlusions (30% & 40%) in test faces also acquired under varying
expressions), especially when one image per subject is available for training. The use of statistical multiple imputation-based
reconstructed faces in deep learning face recognition tasks is particularly crucial, not only to evaluate the efficacy of reconstruction,
but also to assess the relative merits of their use with deep learning face recognition models. This study, therefore, seeks to assess
the performance of the FaceNet model in the presence of multiple constraints and the relative merits of using different statistical
multiple imputation schemes on its performance, with and without train image data augmentation where there is only a limited
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(b) Sample of face images from the Cohn-Kanade Database

Fig. 1. Sample of faces of subjects in the train-image database.

number of images per subject for training. The main performance assessment metrics would be the average recognition rate and
the run-time or computational time of the study algorithm.

The remaining parts of the paper are arranged as follows: The Methods and Material section contains a description of acquired
data and the methods used for the study. The section also presents the de-occlusion methods and the augmentation schemes
considered in the study. The Results and Discussion section contains the performance assessment results of the study algorithm across
the various augmentation schemes and de-occlusion mechanisms. The conclusion section summarizes the findings and provides
directions for future research.

Methods and materials
Data acquisition

Databases: The Japanese Female Facial Expression (JAFFE) and the AU-Coded Cohn-Kanade (CKFE) databases were used to
benchmark the performance of the study recognition algorithms.

» Train-image database: This contains the neutral expression faces of 36 subjects (10 from JAFFE and 26 from CKFE databases).
These images will serve as a basis for six (6) train-image data augmentation schemes in Section “Train Image Data
Augmentation Schemes”. A sample of subjects in the train-image database is presented in Fig. 1.

Test-image databases: The expression variant (angry, disgust, fear, happy, sad, surprise) faces of the 36 subjects in the train-
image database were synthetically occluded randomly to create 30% and 40% missingness in the faces’ pixels. The resultant
images were, thus, characterized by both varying occlusions and expressions and hereafter referred to as multiple constrained
test faces. Fig. 2 depicts a sample of the multiple constrained face images. These multiple constrained faces were subsequently
reconstructed using the MICE, MissForest and RegEM multiple imputation methods and the resultant images were captured
into separate test-image databases.

Reconstruction mechanisms

One of the main factors that affect the performance of face recognition algorithms is the presence of degradations and noise
in acquired or processed images [31]. As such, enhancing the quality of face images may suffice to improve the performance of
recognition algorithms. Three statistical multiple imputation methods were adopted in an attempt to reconstruct missing facial
information due to the 30% and 40% synthetic occlusion rate in the expression variant test faces.
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(b) Sample of 40% Synthetically occluded images (Sad expression)

Fig. 2. Synthetically occluded faces.

Regularized expectation maximization (RegEM)

Owing to the fact that the noise in pixel intensities of a face image is Gaussian [32] and the image matrix representation
corresponding to an occluded face is under-sampled, it is natural to consider the reconstruction problem as an optimization
problem in which a regularized least-squares cost function is minimized [11]. The Regularized EM reconstruction casts the image
reconstruction problem as an optimization problem as follows:

X = arg min xg(x)+ fR(x), (€]

where, x is an unknown face image, g(x) is a data-fidelity term (least-squares cost function), R(x) is a regularizer that forces the
reconstructed image £ to have some assumed prior properties such as smoothness or sparsity in a transformed domain (eg. wavelet,
Fourier) and g is a regularization parameter that controls the trade-off between over-fitting the (noisy) image data and sparsity or
over-smoothing the image. Since face images are naturally “near sparse”, L2 regularization was performed, and the regularization
parameter was chosen by the method of cross-validation [33]. Refer to the works of Liu and Brown [34], Le et al. [35], Liang
et al. [36] and Liu et al. [37] for detailed information about the regularized expectation maximization (RegEM) algorithm and its
applications.

Multivariate Imputation by Chain Equations (MICE)

The MICE multiple imputation method is a flexible parametric imputation method [38]. As such it has been used to handle
missing data in diverse domains of study [39]. The MICE algorithm operates on the assumption that the probability of a data missing
may depend on the observed values (Missingness mechanism is Missing at Random (MAR)). For each variable (column) with missing
data, the MICE multiple imputation algorithm iteratively imputes missing values as random draws from the conditional distribution
of the variable, given all other variables [40] as follows:

1. Perform variable mean imputation for each variable (column) with missing pixel intensities.

2. Starting with a column X in the occluded face image with missing pixel intensities, regress X on all other columns other
than X to obtain the parameters of the regression model.

3. Using the regression model, with the model parameters calculated (in step 2), obtain new random estimates of the missing
values in X and replace the former estimates accordingly.

4. Repeat steps 2 and 3 for all columns with missing intensities.

5. Iterate through steps 2 and 3 until convergence or for a specified number of iterations.
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(c) Sample of 30% RegEM reconstructed faces

Fig. 3. Sample of 30% reconstructed faces.

In this work a maximum of 10 iterations were carried out during the reconstruction process. The following Resche-Rigon et al. [41],
Hughes et al. [42] and Resche-Rigon and White [43] are some notable works about Multivariate Imputation by Chain Equations
(MICE) algorithm and its application in literature.

MissForest

Research into Random forest-based imputation models are becoming increasingly popular in diverse fields of study [44]. The
MissForest imputation algorithm is one of such machine learning-based algorithms that is known to handle mixed-type of data
(continuous and categorical), non-linearities as well as complex interactions in data without requiring any distributional assumptions
about the variables [45]. This notwithstanding, the imputation ability of MissForest still remains inconclusive in literature, as mixed
performances have been reported by several authors [46-48]. The MissForest imputation method works sequentially as the MICE,
but instead creates random forest models for each variable with missing pixels and generates predictions from such models [45].

Figs. 3 and 4 show some sample multiple imputation based reconstructed expression faces at 30% and 40% occlusion rates
respectively.

Train image data augmentation schemes

Data augmentation mechanisms have been proposed as a viable approach to increasing the number of images for pre-training
algorithms in the case of limited training data [49]. These augmentations may comprise one or several variations of the subjects in
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(c¢) Sample of 40% RegEM reconstructed faces

Fig. 4. Sample of 40% reconstructed faces.

the training datasets. Six (6) augmentation schemes were explored in an attempt to enhance the performance of the study recognition
algorithm.

Augmentation using left reconstructed faces (Scheme I)

The first (Scheme I) augmentation scheme comprised augmenting the neutral image of each subject in the train-image database
with their respective left half reconstructed face.

The left half-face images obtained by vertical segmentation of the neutral images of subjects are reconstructed as follows:

i. Denote the left segmented neutral half-face as H;,.
ii. Transpose the left segmented half image followed by a rotation of the resultant image through 90 degrees in the clockwise
direction and denote it as H,.
iii. Concatenate H;, and H;, as

Ty = [Hp |Hp,). 2
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Fig. 5. Sample images of two subjects in augmentation schemes I and II.
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Fig. 6. Sample images of a subject obtained using augmentation scheme IV.
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Augmentation using right reconstructed faces (Scheme II)

The second (Scheme II) augmentation scheme comprised augmenting the neutral image of each subject with their respective right
reconstructed images created from half segmentation of the neutral images. The right half-face images acquired are reconstructed
as follows:

i. Denote the right segmented neutral half image as Hpg,.
ii. Rotate the right segmented half image 90 degrees in the anticlockwise direction and transpose the resultant image and denote
it as Hg,.
iii. Concatenate Hy, and Hpg, as

Tg = [HRI |HR2] . 3)

Augmentation schemes I and II were motivated by the study of the authors in [32] who demonstrated that left and right
reconstructed faces may be suitable to recognize frontal faces in PCA-based face recognition under partial (half) occlusion constraints,
although in their case they explored their use as test faces. Fig. 5 shows the left and right reconstructed faces of two subjects with
neutral expression as used in augmentation schemes I and II.

Augmentation using both left and right reconstructed faces (Scheme III)
This augmentation scheme combined schemes I and II. Thus, both left and right reconstructed face images of each subject were
used for augmentation.

Augmentation Scheme IV

This augmentation scheme sought to incorporate five additional face images per subject to their neutral faces. This augmentation
approach involved applying various transformations, including slight rotations, horizontal flipping, shearing, brightness adjustments,
and stretching. Each of the five augmented images combined up to two of these parameters. Fig. 6 shows images emanating from
augmentation scheme IV for a subject in the JAFFE database.

Augmentation Scheme V

This comprised the neutral expression faces of each subject, their left constructed faces (from scheme I), their right reconstructed
faces (from scheme II) and the resulting images from Scheme IV. Thus, there were eight (8) images per subject available for training
under this augmentation scheme.
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Fig. 7. FaceNet architecture.

Augmentation Scheme VI

This scheme comprised 18 images per subject for training the study algorithm. These images comprised the 8 images per subject
as in scheme V and 10 additional images per subject obtained by using the transformations in scheme IV (slight rotations, horizontal
flipping, shearing, brightness adjustments, and stretching) on the left and right reconstructed faces.

Feature extraction — FaceNet

Feature extractors or extraction techniques aim to find discriminative features from each face image for the purposes of matching
against those of other faces to find a correct match. The FaceNet model aims to generate highly discriminative embeddings for
faces, enabling accurate face identification and verification. It is a pre-trained deep convolutional neural network model which
performs facial recognition using only 128 bytes per face [30]. According to William et al. [50], FaceNet is a method that uses
deep convolutional networks to optimize its embedding, compared to using intermediate bottleneck layers as a test of previous
deep learning approaches. They further described FaceNet as a one-shot learning method using Euclidean space to calculate the
similarity distance for each face.

The FaceNet model learns a mapping function that directly maps input face images into a high-dimensional Euclidean space,
where the distances between the embeddings of different faces reflect their similarity or dissimilarity [25]. This is achieved through
a deep convolutional neural network (CNN) architecture that employs the inception module, enabling the model to capture features
at different scales. During training, FaceNet uses a triplet loss function, which encourages the embeddings of matching faces to be
closer in distance than those of non-matching faces. This facilitates the learning of highly discriminative features that are robust
to variations in lighting conditions, poses, and other facial attributes [25]. FaceNet has demonstrated exceptional performance
on popular face recognition benchmarks including, Labeled Faces in the Wild [51] and MegaFace [52]. The model has achieved
state-of-the-art accuracy and outperforms previous approaches in various face recognition tasks. One of the significant advantages
of FaceNet is its ability to generalize well across different datasets and domains, exhibiting robust performance even in the presence
of large variations in facial appearance. Fig. 7 shows the FaceNet architecture.

Triplet loss

The triplet-based loss function is an adaptation of Kilian Weinberger’s Large Margin Nearest Neighbor (LMNN) classifier for deep
neural networks. Simply, the LMNN classifier continuously pulls together images of the same person and pushes away images of
any other person.

Triplet loss training methods have three main elements namely anchor, positive and negative. The triplet loss works by
minimizing the distance between anchors positively and maximizing the distance between anchors negatively. Where this positive
has the same identity as the anchor and negative has a different identity from the anchor [50].

The process of training involves computing two Euclidean distances, say E, and E,, between the anchor and the positive image
and between the anchor and the negative image, respectively. The purpose of the training procedure is to reduce E, and increase
E, as much as possible. This will lead to the formation of an embedding space in which images that are similar to one another will
be located close to one another, while images that are vastly different will be located far apart. Fig. 8 shows the learning process
using the triplet-based loss function.

Classification

The classification stage is the last stage in the face recognition process. In this stage, the facial embeddings created from the
train images are matched against those from a test image using a classifier. In this regard, the study assessed the relative gains in
recognition rates using three different classifiers.
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Fig. 8. Triplet loss — Learning process.

Support Vector Machine (SVM)

The SVM has been used for nonlinear classification, regression as well as outlier detection [53]. It uses a linear separating
hyperplane to create a classifier with maximal margins [54].

For a given set of data which belongs to multiple classes, the Support Vector Machine classifier finds a hyperplane termed as
the optimal separating hyperplane (OSH) that maximizes the distance from each class to the hyperplane. The hyperplane helps to
classify or determine the most likely label for a new data.

Pisner and Schnyer [55] assert that the popularity of Support Vector Machine in classification problems is based on the fact that
it is relatively simple and flexible. They further contend that SVMs typically provide a balanced predictive performance even in
situations with limited sample sizes as well as being highly versatile across different data science scenarios. This assertion is also
corroborated by Tian et al. [56], who state that SVMs have attractive properties such as good mathematical representations, strong
generalization abilities as well as bright empirical performance. Application areas of SVMs include information security [57], speech
recognition [58], and face verification and recognition [59].

Euclidean distance

The Euclidean distance-based classifier is widely recognized for its excellent discriminant performance when dealing with high-
dimensional data [60]. In the context of image retrieval systems, Euclidean distance is used to determine the similarities between
two pair of images. Some applications of Euclidean distance include performance comparison of distance matrices in content-based
retrieval applications, and Photovoltaic single-diode model parameterization. As an application to calculus, Euclidean distance
was applied to an I-V curve [61] and Rough IPFCM Clustering Algorithm and its Application on Smart Phones with Euclidean
Distance [62].

City block

The City block distance, which is also known as the Manhattan distance, measures the sum of the absolute difference between
two vectors. The City-Block Classifier is a supervised machine learning algorithm. Vargas et al. [17] also defines this classifier as an
algorithm that examines the absolute difference between two objects. Some applications of City Block distance include Graphical
Based Authentication Method Combined with City Block Distance for Electronic Payment Systems, Pain Detection in Biophysiological
Signals: Knowledge Transfer from Short-Term to Long-Term Stimuli Based on Distance-Specific Segment Selection [20] and City
Block Distance for Identification of Co-expressed MicroRNAs.

Results and discussion

We present the results of assessing the performance of FaceNet model when the test faces are characterized by moderately high
occlusions (30% and 40% missingness), when statistical multiple imputation techniques (MICE, MissForest, RegEM) are used for
occlusion recovery and under various augmentations of the single-image per person.

Assessment of the performance of FaceNet subject to occlusions and expressions on reconstructed faces

Table 1 shows the recognition rates of the FaceNet model under occlusion and expression variant constraints using the Support
Vector Machines (SVM), Euclidean Distance (EUC) and City Block (CB) as classifiers. From Table 1, it can be seen that regardless of
the classifier, the recognition rates were below 40% when the expression variant test faces were occluded at 30% and 40% rates.
This performance is abysmally poor as it depicts that more than half of the images in the test-image database were wrongly matched
by the FaceNet algorithm. The presence of higher levels of occlusions and varying expressions (multiple constraints) might have
eroded significant facial features, thus, affecting the facial embeddings obtained by the FaceNet model.

From Table 2, the relative merit of using different statistical multiple schemes for occlusion recovery becomes more apparent.
Particularly, the recognition rates associated with using all three imputation schemes are higher compared with recognition rates
presented in Table 1. It is worthy to note that the highest recognition rates were obtained at both 30% and 40% reconstruction
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Table 1
Recognition rates of FaceNet algorithm subject to occlusions and expressions constraints across
the adopted classifiers.

Occlusion rate SVM EUC CB
30% 31.48% 36.58% 36.57%
40% 21.67% 25.0% 25.0%
Table 2
Recognition rates of FaceNet algorithm on expression variant face images after de-occlusion.
Occlusion rate De-Occlusion method SVM EUC CB
MICE 63.42% 81.48% 80.84%
30% MissForest 64.81% 83.33% 83.80%
RegEM 63.43% 81.48% 81.94%
MICE 58.79% 73.61% 74.08%
40% MissForest 62.80% 79.52% 78.59%
RegEM 51.85% 67.60% 67.60%
Table 3

Performance of the FaceNet algorithm subject to augmentation scheme I (left half reconstructed faces) after
de-occlusion.

Occlusion rate De-Occlusion method SVM EUC CB
MICE 50.91% 81.94% 81.94%

30% MissForest 51.35% 83.79% 83.79%
RegEM 54.74% 81.48% 81.48%
MICE 46.76% 74.07% 74.53%

40% MissForest 51.33% 79.06% 78.15%
RegEM 45.81% 76.29% 70.36%

rates (83.8% and 79.52% with City block and Euclidean distance classifiers respectively) using the MissForest imputation scheme,
with the SVM classifier attaining the least marginal gains. This could be attributable to the limited number of images available for
training the FaceNet model. Specifically, using MICE imputation mechanism, the FaceNet algorithm recorded its highest average
recognition rates of 80.84% and 74.08% at 30% and 40% occlusion rates respectively through the City block classifier. Also, using
the RegEM de-occlusion mechanism, the FaceNet algorithm recorded its highest average recognition rates of 81.94% and 67.60%
at 30% and 40% occlusion rates through the City block and Euclidean distance classifiers respectively.

Assessing the effects of train-image data augmentation on the performance of the FaceNet model

Augmentation schemes help provide adequate data or information on the subjects in the study database to aid the recognition
process. They present the recognition module with several image acquisition possibilities relevant for training. That is, sufficient
information on subjects in the study database are provided for training of the FaceNet recognition algorithm. These also help to
prevent overfitting of the recognition module.

The study employed six (6) train-image data augmentation schemes aimed at enhancing the performance of the FaceNet model
and the results are presented in Tables 3-8.

From Table 3, it can be seen that augmenting the neutral train images of subjects with their left reconstructed images obtained
from their half segmented faces (Scheme I) resulted in a moderate increase in recognition rate particularly for the MICE imputation
mechanism. Specifically, using the MICE imputation mechanism, the performance of the FaceNet algorithm increase from its highest
of 81.48% (with Euclidean distance classifier) and 74.08% (with City block classifier) for 30% and 40% occlusion rates in Table 2
to 81.94% (with City block classifier) and 74.53% (with City block classifier) respectively under augmentation scheme I. It is also
evident from Tables 2 and 3 that the performance of the FaceNet algorithm recorded some marginal decline using the Missforest
and RegEM de-occlusion mechanism under augmentation scheme I (left half reconstructed face).

From Table 4, the performance of the FaceNet model when the single train images of subjects were augmented with their right
reconstructed faces (Scheme II) was lower relative to the use of the left reconstructed face. Specifically, the performance of the
FaceNet model declined from its highest of; 83.80% to 82.87% (using Missforest at 30% occlusion rate), 81.48% to 79.63% (using
MICE at 30% occlusion rate) except for RegEM at 30% occlusion rate which increased from 81.94% to 82.41%. Similar trend can be
observed from Tables 2 and 4 for the 40% occlusion rate. This result is consistent with [32,63] who explored the bilateral symmetry
property of the human face in face recognition. They found that, recognition algorithms have relatively higher average recognition
rates and lower average recognition distances when left half reconstructed face images are used as test images for recognition.

A noticeable result from Table 5 is the increase in performance of the FaceNet model using the SVM for classification when both
left and right reconstructed faces were used to augment the neutral face images of each subjects for training, although the recognition
rates attained were significantly lower compared with the use of Euclidean distance (EUC) and City Block (CB) classifiers. The
average recognition rates of FaceNet algorithm using the RegEM de-occlusion mechanism increased slightly its highest of 81.94%

10
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Table 4
Performance of the FaceNet algorithm subject to augmentation scheme II (right half reconstructed faces) after
de-occlusion.

Occlusion rate De-Occlusion method SVM EUC CB
MICE 48.61% 79.63% 79.11%
30% MissForest 53.24% 82.87% 82.39%
RegEM 54.17% 81.48% 82.41%
MICE 46.76% 72.22% 72.22%
40% MissForest 48.84% 78.59% 77.66%
RegEM 44.44% 67.59% 66.21%
Table 5

Performance of the FaceNet algorithm subject to augmentation scheme III (left and right reconstructed faces)
after de-occlusion.

Occlusion rate De-Occlusion method SVM EUC CB
MICE 69.91% 80.55% 80.47%
30% MissForest 69.45% 83.80% 83.34%
RegEM 66.66% 81.48% 81.95%
MICE 58.79% 73.15% 74.08%
40% MissForest 68.37% 78.12% 77.20%
RegEM 54.17% 70.37% 69.91%
Table 6
Performance of the FaceNet algorithm subject to augmentation scheme IV after de-occlusion.
Occlusion rate De-Occlusion method SVM EUC CB
MICE 83.33% 82.41% 81.48%
30% MissForest 85.19% 84.26% 85.19%
RegEM 81.95% 82.40% 82.87%
MICE 74.04% 73.61% 74.07%
40% MissForest 79.52% 78.13% 79.52%
RegEM 70.37% 66.66% 68.06%

to 81.95% (at 30% occlusion rate) and 67.60% to 70.37% (at 40% occlusion rate). The use of both left and right reconstructed
images in augmentation scheme III provides more information on the subjects in the recognition module. This could account for the
marginal increase in the average recognition rates with the SVM classifier. It is also evident from Tables 2 and 5 that, the effect of
the augmentation scheme III on the performance of FaceNet module is not too appreciable except for the marginal gains using the
SVM classifier.

The performance of the FaceNet model subject to augmentation scheme IV is presented in Table 6. It is seen that this
augmentation scheme sufficed to enhance greatly the performance of the FaceNet model with SVM and CB classifiers, using the
MissForest imputation scheme for occlusion recovery. Specifically, the average recognition rates of the FaceNet algorithm increased
from its highest in Table 2 of; 81.48% to 83.33% (using MICE at 30% occlusion rate), 83.80% to 85.19% (using Missforest at
30% occlusion rate) and 81.94% to 82.87% (using RegEM at 30% occlusion rate) whereas at 40% occlusion rate, the performance
of the FaceNet model remained somewhat stable in Table 6. Generally, the augmentation schemes help provide adequate data or
information on the subjects in study database to aid the recognition process. The performance of the recognition algorithms tends
to improves as the data in the augmentation schemes increase. This is evident from the findings in Tables 3-6 on augmentation
schemes I, II, III and IV and very obvious using the SVM classifier.

From Tables 7 and 8, there were marginal differences in average recognition rates under augmentation schemes V and VI, across
all imputation mechanisms (MICE, Missforest and RegEM) and classifiers (SVM, EU and CB). This suggests some level of saturation
in reference to availability of training samples for the model.

In effect, among all the six train-image data augmentation schemes considered, augmentation scheme IV (applying various
transformations, including slight rotations, horizontal flipping, shearing, brightness adjustments, and stretching) resulted in the
highest recognition rates (85.19% and 79.52%) of FaceNet model at 30% and 40% occlusion rates using MissForest occlusion
recovery respectively and corresponded to the choice of SVM or CB for classification. Under this augmentation scheme, the average
run-time for the FaceNet algorithm in recognition of an image in the test database was about 0.98 s (less than 1 s).

Comparison of the performance of the FaceNet model with some PCA-based algorithms
Table 9 presents the average recognition rates using PCA-based algorithms following different preprocessing mechanisms

(Discrete Cosine Transform (DCT) or Histogram Equalization and Discrete Wavelet Transform (HE-DWT) or Discrete Wavelet
Transform (DWT)) and the City Block distance for classification. It worthy to note that the MICE, MissForest and RegEM imputation
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Table 7
Performance of the FaceNet algorithm subject to augmentation scheme V after de-occlusion.
Occlusion rate Method SVM EUC CB
MICE 81.95% 81.95% 81.02%
30% MissForest 84.52% 83.80% 83.34%
RegEM 81.49% 81.49% 81.02%
MICE 71.76% 73.15% 74.54%
40% MissForest 77.67% 76.74% 76.27%
RegEM 69.44% 67.13% 67.96%
Table 8
Performance of the FaceNet algorithm subject to augmentation scheme VI after de-occlusion.
Occlusion rate Method SVM EUC CB
MICE 82.87% 81.95% 81.48%
30% MissForest 82.41% 83.80% 83.80%
RegEM 80.55% 82.87% 82.41%
MICE 72.22% 75.46% 74.54%
40% MissForest 77.66% 77.66% 78.59%
RegEM 68.06% 68.06% 68.06%
Table 9
Performance of PCA algorithms on reconstructed faces.
Occlusion rate Method HE-DWT-PCA DWT-PCA DCT-PCA
MICE 75.93% 55.09% 72.69%
30% MissForest 76.85% 47.69% 78.24%
RegEM 68.98% 59.26% 73.61%
MICE 70.37% 26.85% 58.33%
40% MissForest 67.81% 39.81% 64.81%
RegEM 57.41% 42.59% 61.57%

mechanisms were used to reconstruct the occluded face images (30% and 40% occlusion levels) before passing them into the PCA-
based face recognition module recognition. It can be observed that the choice of preprocessing mechanism (HE-DWT, DWT or DCT)
also impacted significantly on the recognition rates attained with the use of the different preprocessed reconstructed faces as test
faces.

The DCT-PCA algorithm recorded the highest average recognition rate (78.24%) at 30% occlusion rate using Missforest imputa-
tion mechanism for reconstruction/de-occlusion and HE-DWT-PCA algorithm has the highest average recognition rate (70.37%) at
40% occlusion rate using MICE imputation mechanism for reconstruction/de-occlusion. Although the PCA-based methods have lower
computational complexities and runtimes, the FaceNet algorithm subject augmentation scheme IV out-performed the enhanced PCA-
based methods at both 30% and 40% occlusion rates, recording relatively higher average recognition rates of 85.19% and 79.52%
respectively.

Conclusions and recommendations

The study sought to investigate the performance of the FaceNet face recognition model when test faces are acquired under
multiple constraints (moderately high occlusions and varying expressions) and the effect of using statistical multiple imputation
techniques to solve the occlusion challenge. 128-D FaceNet’s facial embeddings were generated for face images and their similarities
were subsequently attained using three classifiers (SVM, Euclidean distance, and City Block). It can be concluded from the results
of the study that;

+ the presence of multiple constraints greatly affected the performance of the FaceNet model at both 30% and 40% occlusion
rates. This can be attributed to the presence of occlusions degraded critical facial components, affecting the embeddings created
by using FaceNet for feature representations. These findings underscore the effect of poor image quality on the performance
of face recognition algorithms [64,65] and suggest the need for corrective mechanisms.

the use of the three multiple imputation-based (MICE, MissForest, and RegEM) test faces for recognition enhanced the
performance of the FaceNet model relative to that of the occluded expression variant faces, affirming the relative effectiveness
of using some statistical imputation methods in dealing with occlusions as noted in [14,66]. Particularly, the findings of
the study showed that MissForest imputation methods could be harnessed for addressing occlusion-related challenges in face
images when FaceNet embeddings are sought for face representation.

the FaceNet model outperformed some existing enhanced PCA-based algorithms recording relatively higher average recognition
rates of 85.19% and 79.5% at 30% and 40% occlusion levels respectively.
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» the performance of the FaceNet model could be further enhanced in using data augmentation schemes. Particularly for this
study, the augmentation scheme IV (slight rotations, horizontal flipping, shearing, brightness adjustments, and stretching) was
found as the most suitable scheme for training of the FaceNet recognition module.

Overall, the study highlighted the importance of carefully considering the choice of classifier, as its inherent characteristics
can impact the gains derived from the use of statistical imputation-based approaches in face recognition systems. These findings
provide valuable insights into the potential use of statistical multiple imputation methods in multiple constrained face recognition
problems, particularly with deep learning face recognition algorithms. The study therefore recommends the MissForest multiple
imputation method as an occlusion recovery technique as well as data augmentation for performance enhancement when there are
limited images per subject for training. The proposed deep learning module can be applied in health science for the detection of
defective organs and for the recognition of foreign objects in the human body using X-ray images. In Agriculture, it can be used to
detect diseased plants using images of parts of the plants (leaves, stem, branches etc.). It can also be applied to fingerprint and iris
recognitions.

As shown by William et al. [50], the training process of the FaceNet algorithm requires complex computing and a long
computational time. By integrating the Tensorflow learning machine and pre-trained model, they achieved a relatively shorter
training time with similar computational complexity. In this study, the recommended FaceNet algorithm under imputation scheme
IV gave an average run-time of 0.98 s per image. This is relatively high as compared to the run-time of most PCA-based techniques
in Literature. As shown in Table 9, the performance of the enhanced PCA-based methods is still hindered by higher levels of
occlusions and varying expressions. Future works would focus on enhancing the PCA-based methods which has been shown to
have lower computation complexity and shorter run-time to adequately recognize expression variant face images with higher levels
of occlusions.
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