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A B S T R A C T

Recognition of degraded frontal face images acquired under occlusion constraints remain
challenging despite the plethora of reconstruction mechanisms. Though recent works have lever-
aged on some imputation mechanisms in this regard, their robustness in multiple constrained
environments may not be guaranteed and may be affected by the choice of pre-processing
mechanism. This paper proposes enhancement mechanisms that augment or complement the
use of three (3) multiple imputation mechanisms for facial reconstruction in the presence of
multiple constraints (10% and 20% occlusions and varying facial expressions). Specifically, we
propose the use of a Discrete Cosine Transform-based (DCT) denoising or a Discrete Wavelet-
based denoising following Histogram Equalization (HE-DWT) of the reconstructed face images
prior to recognition. Experimental results showed that the proposed augmented enhancements
improved significantly the recognition rates (90.63% & 91.15% and 86.98% & 85.94% for DCT
and HE-DWT at 10% and 20% occlusion levels respectively for Missforest de-occluded face
images) as compared with DWT in recognizing degraded frontal face images under moderately
low levels of occlusions and varying expressions.

Introduction

With the birth of the digital age, access to digital images for planning and decision-making has dramatically improved. For
instance, people are always seen taking photographs using their mobile and photographic devices, satellite images are picked up by
remote sensors every microsecond for weather forecasting [1] and monitoring, surveillance and access-control systems constantly
report human activities over 24-hour periods and raise red flags, when necessary, for national security interventions. For the latter,
the use of biometrics (face images) for identification or verification is widespread due to the non-invasive nature of the face
acquisition systems [2]. In health, [3] achieved characterization of abnormalities in breast cancer images using a nature-inspired
metaheuristic optimized convolutional neural networks model. Also, [4] proposed multi-stage faster RCNN-based iSPLInception
(MFRCNN-iSPLI) method to classify both benign and malignant tumors efficiently. The proposed classifier was used to overcome
the overfitting problem associated with Convolutional neural networks (CNNs) when used to classify melanoma skin cancer images.

Their methods’ accuracy (95.82%), precision (96.85%), recall (96.52%), and F1 score (0.95%) values were calculated, and the
results are compared with the existing methods such as CNN, hybrid DL, Inception v3, and VGG19. The output analysis of each
measure verified the prediction and classification effectiveness of their method.

In automatic face recognition systems, face images are acquired and analyzed for identification or verification purposes. The
process involves four key stages which are: image acquisition using digital devices such as cameras; preprocessing of acquired
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images to enhance their quality; selection of unique features that characterize the image by employing techniques that minimize
information loss such as Principal Component Analysis (PCA); and image classification or recognition which involves matching the
unique features of a probe face to those of known faces in the gallery, by means of a classifier such as the Euclidean or City Block
distance (L1).

A key issue of concern in automatic face recognition is the sub-optimal performances of recognition algorithms as a result of the
cquisition and use of poor-quality images acquired from uncontrolled environments, which affect the quality of features used for
lassification [5].

The effects of occlusions and varying facial expressions are known to be more pronounced, especially for recognition systems
ased on Principal Component Analysis (PCA) features [6]. The presence of random occlusions, particularly, lead to the loss of
ertinent facial features or pixel values, thus, resulting in incomplete feature matrix representations of the affected images. Under this
ircumstance, the estimation of the vector of mean values and covariance matrix becomes difficult [7]. To overcome this challenge,
ne may consider estimating the covariance matrix, for example, from only the non-missing pixels in the affected face images.
owever, a covariance matrix which is not necessarily semi-positive definite may result, and PCA could give erratic results.

Some approaches to handling the occlusion challenges involve learning occlusion robust features for recognition. In [8], the
uthors proposed an approach invariant to occlusion in face recognition based on 2D PCA. They first detected occluded parts
y applying a combined k-NN and 1-NN classifier. Then, they conducted partial matching only on the non-occluded parts after
liminating the occlusion effect. This approach has the advantage of using a few features for face representation and, therefore may
e less computationally expensive. However, with moderate levels of occlusions, such an approach may be deficient.

In [9], the authors proposed a robust feature extraction under partial occlusions by combining Gabor transform, Local Binary
attern (LBP) and local histograms. However, according to [10], Local Gabor Binary Pattern has a high feature dimension and
herefore has a high computational requirement.

In [11], the authors also achieved robustness to occlusions by using a point set matching method that utilizes geometric and
exture features. However, according to [10], the method employed lacks flexibility and reduces recognition performance when
he occlusion area is large. One may consider learning occlusion robust features using deep learning techniques for classification.
owever, the complexity of such architectures may offset the gains made [12]. Image reconstruction, particularly using multiple

mputation techniques, have been considered in recent years due to their flexibility and ease of implementation [13].
In [13], the relative merits of using the MICE multiple imputation algorithm to resolve 5% random occlusions in test faces

ere explored. The authors demonstrated that the use of the MICE-reconstructed faces for recognition resulted in lower recognition
istances compared with the use of the occluded test faces for recognition. From their study, the MICE algorithm was recommended
or reconstruction at 5% occlusion rate.

[14] proposed an efficient technique for face detection from still images from public dataset AR face dataset and Color FERET
ataset captured under occlusion and non-uniform illumination (multiple constraints). They presented a face detection technique
sing a combination of YCbCr, HSV and 𝐿 × 𝑎 × 𝑏 color model.

[15] proposed a novel face de-occlusion model based on face segmentation and 3D face reconstruction, which is robust to
rbitrary kinds of face occlusions. The proposed model consists of a 3D face reconstruction module, a face segmentation module,
nd an image generation module. They demonstrated that, with the face prior and the occlusion mask predicted by the first two,
espectively, the image generation module can faithfully recover the missing facial textures.

In recent works, the performance of PCA-based algorithms were evaluated under multiple constraints (occlusions and varying
acial expressions) for recognition [16,17]. Specifically in [17], numerical evaluation of their study algorithm gave reasonable
verage recognition rates of 77.31% and 76.85% for left and right reconstructed face images with varying expressions, respectively.

Although the above results are appreciable, it is evident that the PCA-based algorithms are still challenged when used for
ecognition under multiple constraints (presence of more than one environmental constraints such as occlusion, expressions, lighting
tc.).

In this paper, we propose appropriate enhancement mechanisms that augment three (3) (MICE, MissForest and RegEM) multiple
mputation algorithms for reconstruction in PCA-based facial recognition when test faces are acquired with 10% or 20% occlusions
nd varying facial expressions. The MICE and Missforest multiple imputation mechanisms were chosen in quest to assess the
mputation performance of parametric multiple imputation mechanisms (eg. MICE), non-parametric imputation mechanisms (eg.
issForest) but the RegEM mechanism was chosen because it is well-known for having desired qualities such as minimal cost

er iteration, simplicity of implementation, and reliable global convergence. The proposed enhancements leverage on transform
omain-based filtering such as Discrete Cosine Transforms (DCT) and Contrast Enhancement using Histogram Equalization (HE).

It has been shown in [18] that image filtering mechanisms can further enhance the quality of degraded images, thereby improving
he performance of face recognition algorithms. However, specifying the right combination of image enhancement mechanisms to
chieve the optimum recognition rate is a challenging task.

The remaining parts of the paper are organized as follows: Section (Materials and Methods) presents the data acquisition process,
n overview of the multiple imputation methods used for image reconstruction, adopted enhancement mechanisms, the research
esign and implementation. In Section (Results and Discussion), we evaluate the performance of recognition modules under the
roposed augmented enhancement mechanisms. Section (Conclusion and Recommendation) summarizes the overall achievement of
he study with some recommendations and direction for future studies.
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Fig. 1. Train-image database.

Materials and methods

The performances of facial recognition algorithms are benchmarked using standard databases of face images. For this work, the
Japanese Female Facial Expression (JAFFE) and the Cohn Kanade AU-coded Facial expression (CKFE) databases were used.

• Dataset 1: The Japanese Female Expression (JAFFE) dataset contains the face images of ten (10) Japanese female subjects
captured with seven principal emotions (neutral, angry, disgust, fear, sad, surprise and happy).

• Dataset 2: The Cohn-Kanade AU-Coded Facial Expression (CKFE) database contains face images of twenty-two (22) subjects
also captured along the above seven principal emotions.

Thirty-two (32) neutral expressions of subjects in both databases (Dataset 1 (JAFFE) and Dataset 2 (CKFE)) were captured into
the train images (following face detection and cropping) for training the study algorithm. Fig. 1 shows the face images of some
subjects in the train image database.

The face images of subjects acquired under other principal expressions were synthetically occluded at 10% and 20% occlusion
rates and captured into test image databases 1 and 2, respectively, following face detection and cropping. The images in these two
test image databases are, thus, characterized (constrained) by occlusions of varying magnitudes as well as varying facial expressions
and are hereafter referred to as multiple-constrained test faces. Figs. 2 and 3 show the multiple-constrained faces of some subjects
in the test image databases 1 and 2 respectively.

These multiple-constrained face images (Figs. 2 and 3) are subsequently reconstructed using the MICE, MissForest and RegEM
imputation techniques and captured into different test image databases. Test image database 3 contains the MICE, MissForest and
RegEM reconstructed images from the 10% occluded images while test image database 4 contains the MICE, MissForest and RegEM
reconstructed images from the 20% occluded faces.

Reconstruction via multiple imputation methods

Multiple imputation by chain equations (MICE)
The MICE algorithm [19] is a parametric (regression-based) multiple imputation algorithm. As with all multiple imputation

algorithms, MICE creates 𝑚 copies (via Gibbs Sampling) of each missing pixel intensity value in an occluded face image data matrix
and obtains single imputations by pooling. MICE uses the distribution of observed pixels in the data matrix corresponding to a
multiple-constrained face to obtain plausible values for the missing pixels. This is achieved by fitting conditional (regression) models
for each variable (column) based on all other variables. This is iterated until a stopping criterion is met.

MissForest
The MissForest imputation method is a non-parametric imputation algorithm based on random forests [20]. Random forest is an

extension of classification trees, which are predictive models that recursively subdivide the data based on values of the predictor
variables [21]. It is a supervised learning algorithm that grows and combines multiple decision trees to create a forest. Random forest
3
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Fig. 2. Sample faces of subjects with 10% synthetic occlusions, showing sad and surprise expressions.

models are able to handle well-mixed types of data (categorical and continuous) and address complex interactions and nonlinearities.
In missForest, the imputation of missing values is carried out by regressing each variable (column) in turn on all other variables,
just as in MICE, but predictions for the dependent variable are obtained from the fitted forest as the average of the outputs of all
trees. This is iterated until a stopping criterion is met.

Regularized Expectation Maximization (RegEM)
The Expectation Maximization (EM) algorithm is based on the concept of maximum likelihood for estimating unknown population

parameters. By modeling it as a prediction (regression) task, the EM technique is used to compute parameter estimates in the presence
of missing data [22]. The EM algorithm is well-known for having desired qualities such as minimal cost per iteration, simplicity of
implementation, and reliable global convergence [23]. The Regularized EM technique is a penalized regression approach proven to
work well, especially when the design matrix is ill-conditioned. L2 Regularization or ridge regression was used in this study, and the
regularization parameter was calculated using the generalized cross-validation technique [24]. The missing pixels in the occluded
facial photographs were imputed as follows:

Starting with an initial mean and covariance matrix estimate,

• Regress each column with missing pixel intensity values on all other columns to get the (ridge multiple) regression parameters
for each row of the image matrix of an occluded face with missing pixel intensity values.

• Then obtain the conditional expectation values as a product of observed pixels and the estimated regression coefficients and
use it to fill in the missing pixel intensity values.

• Re-estimate the mean and covariance matrix, then continue steps 1–3 until convergence is achieved.

Figs. 4 and 5 show the de-occluded face images using MICE, RegEM and the Missforest algorithms at 10% and 20% occlusion rates
respectively.
4
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Fig. 3. Sample faces of subjects with 20% synthetic occlusions, showing sad and surprise expressions.

Research design

First, frontal face images (having neutral expressions with no occlusions as shown in Fig. 1) in the train-image database are
passed to the recognition module, denoised in the DCT-based transform domain or DWT-based Transform domain following contrast
enhancement via Histogram Equalization. The enhanced images are then sent to the extraction chamber and PCA-based feature
extraction is carried out. The resultant features are stored in memory as a created knowledge for recognition. When a test image
(form either database 3 or 4) reaches the recognition module, it is also enhanced, as in the case of the train images, and its
discriminative PCA-based features are extracted. The extracted features are passed on to the recognition unit and matched with
the stored knowledge created from the train images for recognition. The City Block distance (L1) is used for classification and
a closer match is obtained when the corresponding distance is minimum. We note that only one multiple imputation method is
employed for facial reconstruction at a time and that only one test face image is passed to the recognition module along with the
train images at a time. The design of the recognition module is presented in Fig. 6.

Preprocessing

Most image preprocessing procedures aim to enhance the quality of an image to obtain more details for further analysis while
minimizing possible distortions or degradation. The main preprocessing mechanisms adopted in this study are Discrete Cosine
Transform (DCT) denoising, Discrete Wavelength Transform (DWT), Histogram Equalization (HE) and Mean Centering (MC).

Discrete Cosine Transform (DCT)
The Discrete Cosine Transform is a transform-based image enhancement technique. As such, it converts an image from the spatial

domain to the frequency domain for the purposes of image enhancement, compression or information hiding/embedding. The DCT
is an invertible linear transform whose kernel is defined by a set of complete orthogonal discrete cosine functions [25]. The DCT
5
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Fig. 4. Sample (10%) de-occluded faces acquired with varying expressions (Test-image database 3).

decomposes an image into a series of cosine harmonic functions [26]. Thus, the input image is expressed as a linear combination
of weighted sinusoidal basis functions that relate to its frequency components [27]. A remarkable feature of DCT is that after
transformation, the resultant image has good time–frequency property and the visual quality is greatly enhanced [28]. DCT aim to
separate the gross features key to visualizing an image from the fine detail, which are less essential and sometimes imperceptible
by the eye. Due to its high energy compaction, the DCT has found wide applicability in pattern recognition and data compression.
The DCT is closely related to the Discrete Fourier Transform. For a sequence of length 𝑁 , a corresponding 2𝑁-point sequence is
obtained by mirroring the former. The DCT is then obtained as the first 𝑁 points of the 2𝑁-point Discrete Fourier Transform [29].
As with the Discrete Fourier Transform, the computational efficiency of the DCT is achieved via fast algorithms which could be
based on other discrete orthogonal transforms (eg. Fast fourier transform (FFT)), thus rendering it practically feasible [30].

Given a 2𝐷 reconstructed face image 𝑓 , the DCT computes the (𝑖, 𝑗)𝑡ℎ entry of the 2𝐷 DCT-transformed image using the following
equations:

𝐷(𝑖, 𝑗) = 𝜔(𝑖)𝜔(𝑗)
𝑁−1
∑

𝑁−1
∑

𝑓 (𝑥, 𝑦) cos
[

𝜋(2𝑥 + 1)𝑖
2𝑁

]

cos
[

𝜋(2𝑦 + 1)𝑗
2𝑁

]

, (1)
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Fig. 5. Sample (20%) de-occluded faces acquired with varying expressions (Test-image database 4).

where 𝑓 (𝑥, 𝑦) is the (𝑥, 𝑦)𝑡ℎ element (pixel intensity) of the image matrix 𝑓 , 𝑁 is the size of the image matrix on which DCT is
performed, 𝐷(𝑖, 𝑗) is the (𝑖, 𝑗)𝑡ℎ DCT coefficients for 𝑖, 𝑗 = 0, 1, 2,… , 𝑁 − 1 and

𝜔(𝑖) = 𝜔(𝑗) =

⎧

⎪

⎨

⎪

⎩

1
√

𝑁
𝑖, 𝑗 = 0

√

2
𝑁 𝑖, 𝑗 ≠ 0

. (2)

A zero-mean Gaussian filter is then applied to denoise and normalize illuminations, and then the image is reconstructed using
Inverse Discrete Cosine Transform (IDCT).

The inverse transform is

𝑓 (𝑥, 𝑦) =
𝑁−1
∑

𝑖=0

𝑁−1
∑

𝑗=0
𝜔(𝑖)𝜔(𝑗)𝐷(𝑖, 𝑗) cos

[

𝜋(2𝑥 + 1)𝑖
2𝑁

]

cos
[

𝜋(2𝑦 + 1)𝑗
2𝑁

]

(3)

𝑥, 𝑦 = 0, 1, 2,… , 𝑁 − 1.
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Fig. 6. Research design.

Histogram equalization
Histogram equalization (HE) is a well-known contrast enhancement technique in image processing. Global Histogram equal-

ization modifies the distribution of pixel intensities in an image to approximate uniform distribution for maximum entropy [31].
Though global histogram equalization contrast enhancements are known to cause unnatural effects in images, it could potentially
enhance the recognition accuracy of automatic face recognition modules when used with other enhancement mechanisms.

Let 𝐼 = 𝐼(𝑥, 𝑦) denote a discrete gray scale face image of size 𝑀 × 𝑁 (number of pixels) with 𝐿 intensity levels, where
𝐼(𝑥, 𝑦) ∈ {0, 1, 2,… , 𝐿 − 1} represents the intensity level of the pixel at location (𝑥, 𝑦).

• The histogram of the image intensities is {𝑛𝑘}, where 𝑛𝑘 is the number of pixels whose intensity level is 𝑘.
• The associated probability density function (pdf) (normalized histogram) and cumulative density function (cdf) are 𝑝(𝑘) =
𝑛𝑘
𝑀

×𝑁 and 𝐹 (𝑘) = ∑𝐿−1
𝑘=0 𝑝(𝑘) respectively, with 𝐹 (𝐿 − 1) = 1.

• The equalized intensity level in the output image is obtained by

𝐼𝐸𝑄 = 𝐼𝐸𝑄(𝑘) = (𝐿 − 1) × 𝐹 (𝑘), (4)

where 𝑘 = 0, 1, 2,… , 𝐿 − 1.

Discrete Wavelet Transform (DWT)
Denoising the face images via a 1-level Discrete Wavelet Transform (DWT) comprised decomposing the image into four (4) sub-

bands (LL, LH, HL, HH) of various frequency components, applying a gaussian filter to the respective sub-bands and reconstructing
the image via inverse Discrete Wavelet Transform. The LL sub-band gives the low-resolution form of the image and contains global
information whilst the remaining sub-bands give the high-resolution forms of the image and contain local information such as eyes,
mouth and nose.

According to [32], DWT is the most stable invertible transform in transforming signals in diverse domains. Its efficacy in denoising
signals can be attributed to its multiresolution property which allows the analysis of a signal at different resolutions or scales,
making it easier to identify patterns and anomalies in large datasets. The Haar wavelet, among other well-known wavelets (Coiflet,
Daubechies), was chosen for the purposes of this study due to its simplicity and orthogonal property.

Although the different enhancement mechanisms could give satisfactory results when applied independently, we posit that a
unified enhancement framework that combines Histogram equalization and Discrete Wavelet Transform can jointly leverage the
advantages of each method to improve recognition accuracy in multiple constrained environments where the MICE, Missforest and
RegEM multiple imputation methods are used for image reconstruction.
8
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Feature extraction: Principal Component Analysis (PCA)

The human face image is a high-dimensional structure. Therefore, processes involving their use and analysis suffer from the
roblems associated with of high-dimensional data. As such, dimensionality reduction is of utmost importance in developing efficient
ace recognition systems. Given a data matrix  , dimensionality reduction techniques seek a lower dimensional representation 𝛤

that captures the essential or discriminative features of the matrix without or with minimal loss of information.
According to [33], the need for such techniques is due to the fact that not all image features of an image are important for

understanding an underlining phenomenon. Hence, these methods come in handy to offset the high computational cost associated
with methods that deals with high dimensional data, even though such methods could yield high level of accuracy in predictions.

The principal component analysis is a statistical dimensional reduction technique that has achieved much success in many facets
of high dimensional data analysis, with minimal loss of information in terms of the mean square error [34]. Given a feature matrix
associated with a set of face images, PCA finds an orthogonal set of vectors of the feature matrix with the largest variance. For
face images, varying facial expressions cause larger intra-personal variation in appearance relative to inter-personal variation in
appearance. Such intra-personal variations in facial appearance are known to be handled well by discriminatory-based methods
such as PCA [35]. Therefore, PCA is adopted for feature extraction in this study.

For a given set of 𝑛 face images, the feature matrix associated with each of the images is vectorized and stored as a column of
the face matrix  = (1,2,… ,𝑛), where 1,2,… ,𝑛 are the vectorized face images. Next,  is mean-centered by subtracting
the mean image from the individual images (columns) in  .

The mean is given by

̄𝑗 = 𝐸(𝑗 ), 𝑗 = 1, 2,… , 𝑛.

The variance–covariance matrix is calculated, following mean centering, as;

 = 1
𝑛
𝑇 , (5)

here the mean centered matrix is  = (𝑤1, 𝑤2,… , 𝑤𝑛).
The eigenvalues and their corresponding eigenvectors of the variance–covariance matrix are then calculated via singular value

ecomposition (SVD),  = 𝜮𝑇 .
This decomposes the covariance matrix  into two orthogonal matrices  and  and a diagonal matrix 𝜮.
The eigenfaces can be obtained by

𝑧𝑗 = 𝑤𝑗𝑢
𝑇
𝑗 , (6)

where 𝑢𝑗 is the 𝑗𝑡ℎ column vector of  .
From the training set, the principal components are extracted (by multiplying them with the eigenvectors which act as weighting

coefficients) as;

𝜸𝑗 = 𝑧𝑇𝑗 (𝑗 − ̄), (7)

and 𝛤 𝑇 = [𝛾1, 𝛾2,… , 𝛾𝑛].
When a new face (test image) is passed through the recognition module, its unique features are extracted as;

𝛾∗𝑗 = 𝑧𝑇𝑗 (𝑟 − ̄),

and 𝜞 ∗𝑇
𝑟 = [𝛾∗1 , 𝛾

∗
2 ,… , 𝛾∗𝑛 ].

Then, recognition is done using the city block distance as a classifier. The distances are computed as;

𝝍 = ‖𝛤 − 𝛤 ∗
𝑟 ‖. (8)

The minimum city block distance 𝑑𝑗𝑖 = 𝑚𝑖𝑛[𝜓], 𝑗 = 1, 2,… , 𝑛 and 𝑖 = 1, 2 are used for classification.

Results and discussion

Numerical evaluation: Recognition performance with DCT and HE-DWT as enhancement mechanisms

The average recognition rate: measures the number of correct recognitions relative to the total number of face images in the
test image database passed to the recognition module for recognition. This is a numerical measure used to assess the accuracy of
recognition algorithm in recognizing face image captured under the study constraints.

First, we present the results (decisions and associated recognition distances), for a sample of subjects, when the DCT was used
as an enhancement mechanism following facial reconstruction for all three reconstruction algorithms.

Fig. 7 shows the results of using the 10% reconstructed expression test faces, following DCT enhancement, for twelve (12)
subjects [six (6) each from JAFFE (Fig. 7a) and CKFE (Fig. 7b)] databases for recognition. It can be observed that there were no
mismatches when the DCT-enhanced MICE and RegEM test faces were used for recognition. However, there was one (1) mismatch
(wrong match) when the DCT-enhanced MissForest reconstructed expression test faces were used for recognition. Fig. 8 shows the
9
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Fig. 7. Sample recognition results per reconstruction method for the JAFFE and CKFE database (10% occlusions).

matches corresponding to the use of the DCT-enhanced MICE, RegEM and MissForest test faces were three (3), three (3) and two
(2) respectively. It is, therefore, obvious that there is an increase in the number of mismatches, relative to the results obtained under
a 10% reconstruction rate.

Next, we present in Table 1 the recognition rate of the study algorithm (PCA/SVD-L1) obtained with DCT-based enhancement
or DWT-based enhancement following Histogram Equalization (HE-DWT) for all three (3) reconstruction/imputation algorithms at
10% and 20% occlusion rates.

It is evident from Table 1 that, the DCT and HE-DWT enhancement mechanisms augment well the MissForest imputation method
for reconstruction and recognition of face images acquired under multiple constrained environments. This is because, the use of test
faces reconstructed using Missforest imputation mechanism resulted in the highest recognition rates (90.63% & 91.15% using DCT
and HE-DWT preprocessing mechanisms respectively at 10% Occlusion rate). Also, at 20% occlusion rate the Missforest gave the
10
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Fig. 8. Sample recognition results per reconstruction method for the JAFFE and CKFE database (20% occlusions).

highest recognition rates (86.98% & 85.94% using DCT and HE-DWT preprocessing mechanisms respectively). Also, the DCT and
HE-DWT enhancement mechanisms gave appreciable recognition rates, for MICE and RegEM reconstruction algorithms. The average
runtime for the recognition of a subject in the test-image database was less than one second for each algorithm.

Statistical evaluation

A statistical evaluation was performed to establish the equivalence or otherwise of the DCT and HE-DWT enhancement
mechanisms. A statistical evaluation of the observed difference in average recognition distances (pairwise comparison) obtained
with the DCT and HE-DWT was conducted at 𝛼 = 0.05 significance level. Specifically, the recognition distances obtained by using
11



Scientific African 22 (2023) e01964J.A. Mensah et al.

w
b
S
(
m
s
s
r
e

Table 1
Recognition rates using the proposed augmented enhancement mechanisms with MICE, MissForest and RegEM

for reconstruction.
Recognition rates

Occlusion rate Method DCT DWT HE-DWT

MICE 87.50% 85.94% 85.94%
10% MissForest 90.63% 68.75% 91.15%

RegEM 84.47% 84.44% 84.49%

MICE 80.73% 78.65% 83.85%
20% MissForest 86.98% 54.69% 85.94%

RegEM 82.81% 76.54% 81.25%

Table 2
Normality of difference: Doornik-Hansen test.

Occlusion rate Test stat df 𝑝-value MVN

10% 9.855105 12 0.6287 YES
20% 12.92368 12 0.374612 YES

the de-occluded images following DCT enhancement for recognition was compared with the recognition distances obtained for the
de-occluded images following HE-DWT enhancement.

Generally, a relatively lower average recognition distance signifies a closer match. The multivariate pairwise comparison test
as employed to first ascertain whether statistical significant difference exist between the two algorithms (DCT enhanced PCA-
ased algorithm and HE-DWT enhanced PCA-based algorithm) across the principal facial expressions (Angry, Disgust, Fear, Happy,
ad, and Surprise). If there exist statistically significant difference in average recognition distance between the two algorithms
enhancement mechanisms), then the algorithm with relatively lower average recognition distance is preferred since it gives closer
atches. This multivariate test of difference is a more data-driven evaluation mechanism adopted to established whether statistically

ignificant difference exist between the average recognition distance obtained with the distinct study algorithms. This was done
eparately for the MICE, MissForest and RegEM de-occlusion methods. For brevity of presentation we would present only the
esults for MissForest de-occlusion mechanism since it outperformed the MICE and RegM de-occlusion mechanisms in the numerical
valuation shown in Table 1.

For any two treatments 𝑟 and 𝑠, let 𝑑𝑗𝑒𝑟 and 𝑑𝑗𝑒𝑠, 𝑗 = 1, 2,… , 𝑛, 𝑒 = 1, 2,… , 𝑝 denote the recognition distances for the 𝑗𝑡ℎ subject
having 𝑝 facial expressions in the treatment databases 𝑠 and 𝑟 respectively. Then the observed difference is

𝐷𝑗𝑒 = 𝑑𝑗𝑒𝑟 − 𝑑𝑗𝑒𝑠. (9)

We test the assumption that the paired difference 𝐷 = (𝐷𝑗1, 𝐷𝑗2,… , 𝐷𝑗𝑝) is multivariate normal. That is 𝐷 ∼ 𝑁𝑝(𝑢, 𝛴𝐷). The
hypothesis to be tested under the Hotelling’s 𝑇 2 test is 𝐻0 ∶ 𝑢 = 0. The Hotelling’s 𝑇 2 statistic is

𝑇 2 = 𝑛𝐷̄′𝜮𝐷𝐷̄. (10)

𝐷̄ is the mean of the observed difference 𝐷. Under 𝐻0,

𝑇 2
∗ = 𝛽(𝑛, 𝑝)𝑇 2 ∼ 𝐹𝑝,𝑛−𝑝(𝛼). (11)

where 𝛽(𝑛, 𝑝) = 𝑛 − 𝑝
𝑝(𝑛 − 1)

, 𝐹𝑝,𝑛−𝑝(𝛼) is the upper (100𝛼) percentile of a F-distribution with (𝑛, 𝑛− 𝑝) degrees of freedom. Therefore, 𝐻0

is rejected if 𝑇 2
∗ > 𝐹𝑝,𝑛−𝑝(𝛼).

The Bonferroni 100(1 − 𝛼)% simultaneous confidence interval for the individual mean differences is

𝑢𝑖 = 𝑑𝑖 + 𝑡𝑛−1

(

𝛼
2𝑝

)

√

𝜏2𝑑𝑖
𝑛
, (12)

where 𝜏2𝑑𝑖 is the 𝑖th diagonal element of 𝛴𝐷.
Table 2 shows the results of the test of normality of observed difference in recognition distances. The observed differences in

recognition distances were found to be multivariate normal with the use of both (10% and 20%) de-occluded set of images.
Table 3 gives the average recognition distances and their respective standard errors (under DCT and HE-DWT) corresponding to

the use of the various (10% and 20%) MissForest de-occluded expression test images for recognition. The observed mean difference
in recognition distance between DCT and HE-DWT enhanced images are also shown in Table 3. The result gives some indication that
the recognition distances are lower under the DCT enhancement mechanism. Table 4 shows the results of testing for a significant
difference in the observed average recognition distances using the multivariate paired test. It is seen that there exists statistically
significant difference in recognition distance (𝑝 < 0.05) under DCT and HE-DWT enhancement with the use of each of the 10% and
20% MissForest de-occluded test images for recognition. It can be inferred from Tables 3 and 4 that, at 5% level of significance, the
average recognition distances are lower under DCT enhancement relative to HE-DWT enhancement, making the DCT enhancement
12

preferable since it gives a closer match.
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Table 3
Mean and Standard Deviation of the recognition distance per expression.

Occlusion rate Expressions DCT HE-DWT Mean difference

Mean S.e Mean S.e (DCT) - (HE-DWT)

Angry 744.1767 49.7777 965.2719 60.9281 −221.0952
Disgust 762.1061 40.4855 1023.1750 64.4541 −261.0689

10% Fear 689.7295 39.9497 937.4438 67.3649 −247.7142
Happy 638.1117 47.6348 914.8531 74.5677 −276.7414
Sad 664.5213 54.6439 957.9094 85.5900 −293.3881
Surprise 941.1787 65.8231 1303.0438 101.7442 −361.8651

Angry 881.0605 60.8198 1201.2438 90.7440 −320.1833
Disgust 925.9782 55.8913 1291.378 92.1291 −365.4000

20% Fear 839.2603 52.8494 1201.8812 97.1722 −362.6210
Happy 784.1014 58.1735 1182.291 108.5025 −398.1893
Sad 772.4425 57.0739 1188.9250 114.2386 −416.4825
Surprise 982.0889 67.8732 1470.375 118.4195 −488.2861

Table 4
Multivariate test of difference (Hotelling’s 𝑇 2).

Occlusion rate Test statistic F df 𝑝-value

10% 75.8181 10.59823 (6, 26) 5.809 × 10−6

20% 59.35826 8.297392 (6, 26) 4.4528 × 10−5

Table 5
Confidence Interval.

Number Expressions 10% 20%

Lower limit CI Upper limit CI Lower limit CI Upper limit CI

1 Angry 100.5440 341.6464 152.6187 487.7479
2 Disgust 122.8378 399.3000 184.5800 546.2199
3 Fear 121.3165 374.1119 181.7394 543.5026
4 Happy 163.6841 389.7987 215.7959 580.5826
5 Sad 153.5196 433.2566 197.7809 635.1842
6 Surprise 212.5932 511.1370 299.4959 677.0763

The results of constructing a 95% Bonferroni Simultaneous Confidence Interval to assess the direction of the achieved significance
s presented in Table 5. It can be seen from Table 5 that there exist statistically significant difference in average recognition distances
etween DCT and HE-DWT enhanced MissForest de-occluded test images across all the principal face expressions (Angry, Disgust,
ear, Happy, Sad and Surprise).

onclusion and recommendation

This study sought to propose enhancement mechanisms that augment the use of three (3) multiple imputation methods (MICE,
issForest and RegEM) for image reconstruction in PCA-based face recognition characterized by multiple constraints. It was demon-

trated that the proposed enhancement mechanisms (DCT and HE-DWT) improved the recognition rate in recognizing frontal face
mages acquired under moderately low occlusion rates and varying facial expressions compared with using DWT as an enhancement
echanism for all three reconstruction methods employed in this study. The highest recognition rates (90.63% and 86.98%) were

ttained when MissForest was used for reconstruction at both 10% and 20% reconstruction rates respectively. Subsequent statistical
valuation revealed that average recognition distance with DCT augmentation, following MissForest reconstruction, was found to be
elatively lower at a 5% level of significance, making the DCT enhancement mechanism preferable when compared to the HE-DWT
nhancement mechanism.

The achieved average recognition rates are improvements over those of [17], who attained average recognition rates of 77.31%
nd 76.85% under similar multiple constraints. The above findings are also consistent with those of [36] who conducted a
omprehensive survey on recognition techniques under occlusion.

The study also revealed that there exists a statistically significant difference in average recognition distances between DCT and
E-DWT enhanced MissForest reconstructed test images across all the principal face expressions (Angry, Disgust, Fear, Happy, Sad
nd Surprise). The DCT enhanced algorithm gave relatively lower average recognition distances (closer matches) than the HE-DWT
nhanced algorithm.

Overall, the study recommends augmenting DCT enhancement with MissForest reconstruction for PCA-based face recognition
odules when moderately low levels of occlusion (10% and 20%) and varying facial expressions are the underlying constraints.

uture work will focus on assessing the relative merits of using these multiple imputation mechanisms in highly constrained
nvironments as well as exploring the suitability of the proposed enhancement mechanisms on other face recognition algorithms
hen used for recognition under multiple constraints.
13
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