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ABSTRACT
A recent work on 2D whitening reconstruction has been developed for enhancing the robustness of the PCA [1]. The
gist is to perform whitening on a single image, where each
row of that image is treated as the data point, as compared
to the commonly adopted whitening method that treats each
vectorized image as a data point, and performs whitening in a
large data matrix. In this work, we have shown the connection
between the two and proposed a more generalized whitening
process called locality-aware whitening (LAW). The LAW
partitions the image data into more meaningful sub-data by
keeping the locality of the neighboring pixels, instead of just
taking the rows of the image to be the sub-data which results
in weak semantic links between them. In addition, the parameterization in LAW allows us to tune the granularity of the
whitening algorithm, leading towards a special-purpose preprocessing step for each individual image. Experiments on
illumination invariant face recognition on Extended YaleB,
CMU PIE, and AR Face datasets have shown the effectiveness of the proposed method. In a larger sense, being able to
parameterize the whitening reconstruction brings us one step
closer towards an end-to-end trainable system with data preprocessing component included.
Index Terms— PCA, 2D Whitening Reconstruction
1. INTRODUCTION
Principal component analysis (PCA) is perhaps the most
widely exercised machine learning algorithm for dealing
with high dimensional data. However, PCA does not perform robustly when the matrix is grossly corrupted [2]. In
face recognition applications, gross corruption could be due
to illumination variations, facial expression variations, or
occlusions, and PCA usually exhibits inferior performance
when the faces are under these gross degradations. Twodimensional whitening reconstruction (TWR) [1] was established as a pre-processing step to significantly reduce the
influence of gross errors on PCA and its variants via reducing
the pixel redundancy of the internal image and maintaining
important intrinsic features, and meanwhile making each face
image to be close to a Gaussian signal. The gist of TWR
is to perform whitening on a single image, where each row
of that image is treated as the data point, as compared to
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Fig. 1: Example of square (a,b) vs. non-square patches (c,d). Overlapping
(b,d) vs. non-overlapping patches (a,c).

the commonly adopted whitening method that treats each
vectorized image as a data point, and performs whitening in
a large data matrix. In this work, we have shown the connection between the two, and proposed a more generalized
whitening process called locality-aware whitening (LAW).
The LAW reconstruction method partitions the image data
into more meaningful sub-data by keeping the locality of the
neighboring pixels, instead of just taking the rows of the image to be the sub-data which results in weak semantic links
between them. Being able to look beyond just the horizontal
dimension in the image allows the algorithm to capture more
intrinsic structural details. In addition, the LAW allows us
to tune the granularity of the whitening algorithm, leading
towards a special-purpose pre-processing step for each individual image. Experiments on illumination invariant face
recognition on both the Extended YaleB, CMU PIE, and AR
Face datasets have shown the effectiveness of the proposed
methods over its competitors.
Related Work: The earliest application of PCA on human face images can be traced back to [3, 4]. The authors
have argued that any face image could be approximately reconstructed by a weighted sum of a small collection of images. Turk and Pentland [5] have presented the well-known
Eigenfaces method for face recognition, which marked the
beginning of extensive exploration of PCA on all kinds of
problems in the next couple decades. Vertically centered PCA
process (PCA I) and horizontally centered PCA process (PCA
II) have been discussed in [6, 7], as a major performance
booster for the superiority of both Architecture I and II in
ICA approach [8, 9] over PCA. Both PCA I and PCA II still
transform the 2D face matrix into a concatenated 1D vector
before feature extraction, which leads to a high-dimensional
image vector and a high-dimensional covariance matrix as
well. In order to overcome this problem, two-dimensional
PCA (2DPCA) [10] has been proposed, allowing the evaluation of the covariance matrix to be both accurate and efficient.
PCA and its variants are sensitive to the aforementioned gross
degradations. Thus, improving the robustness of PCA and its
variants are important tasks.

2. ALGORITHMIC APPROACH
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Overview of TWR: Let us begin by briefly reviewing the
two-dimensional whitening reconstruction (TWR) algorithm
proposed in [1]. The gist of the algorithm is to perform
whitening on a single image, where each row of that image
is treated as the data point, as compared to the commonly
adopted whitening method that treats each vectorized image
as a data point, and performs whitening in a large data matrix.
More specifically, given an image X = [x1 , x2 , . . . , xn ] ∈
Rp×n , the row-mean vector u ∈ Rn is first calculated, and
then the row-mean vector is subtracted from each row in
the original image, leading towards Xv . Next, SVD is performed on this image matrix: Xv = U DV T , and finally,
the two-dimensional
whitening reconstruction is obtain by
ev = √nU (:, 1 : m)V (:, 1 : m)T , where m is usually the
X
rank of the row-mean-removed image matrix, or the number
of significant eigenvectors kept, as specified by the user.
LAW Reconstruction: The gist of TWR is to whiten each
single image by treating rows of the image as the data points,
instead of treating an entire vectorized image as a data point
and performing whitening transform on the whole data matrix. Although taking rows of the image and treat them as
data points for whitening purposes has been inspired by [6],
[7], there is no reason not to look beyond just rows of the
image. In fact, local facial structure are usually contiguous.
For example, eyes, nose, mouth, eyebrows, etc. are all shown
as block regions on human faces [11, 12, 13, 14]. In addition, local corruptions are also usually contiguous. This intuition allows us to think beyond just collecting rows of the
face images to be the data points. Perhaps a better way of
partitioning the face images can lead to better whitening reconstruction than TWR. Another way to think of this is as
follows. In traditional image whitening procedure, as is usually performed before PCA is carried out, each training image
is vectorized first, and the whitening is performed on the entire data matrix, where the columns consist of the vectorized
images. When vectorizing the image, we are actually losing
the spatial locality information of the image, because after
the vectorization, the algorithm is agnostic about where each
pixel comes from. Permuting the pixels in the vectorized image for the entire data matrix will lead to the same whitening
results, namely it is a permutation-invariant algorithm. Similarly, in TWR, permuting rows within the image would lead
to the same whitening results. This is due to the fact that when
collecting local data points within each image, the algorithm
does not look beyond horizontal dimension.
In this regard, we propose to generalize the TWR algorithm by taking into account local image information in both
horizontal and vertical dimensions, making it locality-aware
such that aforementioned permutation will not lead to the
same whitening results. This is advantageous over TWR
because it allows us to partition the image data into more
meaningful sub-data by keeping the locality of the neighbor-
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Table 1: Possible block sizes (p, q) for the LAW reconstruction with nonoverlapping local patches. Patches are only shown for the 3rd row.

ing pixels, instead of just taking the rows of the image to be
the sub-data which results in weak semantic links between
them. In addition, it allows us to tune the granularity of the
whitening algorithm, leading towards a special-purpose preprocessing step for each individual image. For simplicity, we
call the proposed method a locality-aware whitening (LAW)
reconstruction. Instead of just taking the rows, we now partition the image into various patches of the same size. As
shown in Figure 1, we can partition the image using overlapping patches, or non-overlapping patches. We can also
choose to select the aspect ratio of the patch. For example,
the patches can be square-shaped with various sizes, or it can
be rectangular-shaped with specified width and height.
Overlapping vs. Non-Overlapping Patch: Taking overlapping patches obvious leads to a more redundant representation, and sometimes it can lead to a more stable performance,
especially when the face image is corrupted. If there is no
other constraint, one should always favor overlapping patches
over non-overlapping patches. However, there is one slight
caveat that some sort of pooling or averaging procedure is required after the whitening and during the reconstruction of the
image, because each pixel has been used by multiple patches
and should account for contributions from multiple patches
when being reconstructed.
The other good thing about taking overlapping patches is
that, one can have an extra free parameter, step size, to allow
for more flexibility in the algorithm, especially when dealing
with face images of different sizes, conditions, etc.
On the other hand, taking non-overlapping patches is
quite straight-forward, and the reconstruction will be exact
because each pixel is only used by one patch. However, it
also comes with one caveat. One needs to carefully select the
size of the patch, with respect to the size of the entire image.
A less thoughtful selection of the dimensions will lead to the
following two cases: either the image is not fully covered by
the patches, or some zero-padding is need.
Square vs. Non-Square Patch: The intuition for using
square patches is again straight-forward because the face image crops are usually in square shape, and putting up a grid
to equally partition the image seems very natural and reasonable. However, it is also interesting to see how different patch
shapes could affect the whitening performance. In fact, the

previously discussed TWR method is a special case of LAW,
where the patch is taken to be of 1×q, where q coincides with
the image width. Perhaps, one should favor one dimension to
the other, leading to a rectangular patch.
Patch Size Determination: The selection of patch size is
greatly affected by the image size. In this work, we will follow the protocols set forth by the work of TWR [1], and their
experiments are heavily based on images of size 32 × 32.
Hence, this is the size of the whole image we start with.
To facilitate the following experiments, we add two constraints: (1) use non-overlapping patches for simplicity, and
they have to cover the image entirely without the further need
of zero-padding. (2) the obtained per-image data matrix after partitioning the image needs to be a square matrix or a fat
matrix, thus avoiding the small-sample-size problem.
To satisfy the first constraint, a patch of size p×q will have
to be selected from the possible factors of 32. In other words,
p, q ∈ {1, 2, 4, 8, 16, 32}. For the second constraint, the perimage data matrix whose size is r × s will need to satisfy the
following relationship: r ≤ s and r × s = 1024 ⇒ r ≤
1024
⇒ r ≤ 32 where r = p × q is the dimension of each
r
patch, and s is the number of non-overlapping patches. This
established relationship p×q ≤ 32 has eliminated many patch
size possibilities. The remaining valid patch sizes are listed
in Table 1 and Table 2. Among these 21 (p, q) choices, we
choose the best patch size according to Fisher ratio criterion,
as practiced in linear discriminant analysis (LDA) [15] which
is a good indicator of class separation. The validation dataset
we use is the “target” portion of the FRGC v2 dataset [16]
which contains 16,028 frontal images from 466 subjects [17,
18, 19]. Images are aligned by the two eye locations [20, 21,
22] and cropped to be 32 × 32, in order to be consistent with
the following main experiments, to be discussed in the next
section.
We will whiten all the images in the validation set using
the aforementioned 21 patch sizes and then check the multiclass separability using Fisher ratio. The best performing
patch size will be used in the subsequent main experiments.
It is worth noted that, our major experiments will be on face
classification. Evaluating class separability using Fisher ratio at this point serves a similar purpose while still maintains
some differences between the evaluation criterion at hand and
the ones to be used in the following experiments, with the
hope that algorithmic biases can be mitigated.
The Fisher ratio is defined as follows. We know that LDA
aims to find the projection
PC such that the ratio of the>betweenand the
class scatter SB =
i (µi − µ)(µi − µ)
i=1 N
P
C P
within-class scatter SW =
(x
−
µ
k
i )(xk −
i=1
xk ∈Ci
µi )> is maximized, where µi is the mean image of class Ci ,
µ is the mean image of all the images, C is the total class
number, and Ni is the number of images in class Ci . In light
of this, the multi-class Fisher ratio can be calculated through
trace(SB )
Fisher Ratio , trace(S
. The Fisher ratios are consolidated
W)

in Table 2. It can be seen that (4, 8) achieves the highest
Fisher ratio and will be used for the following experiments.
Table 1 illustrates some visual results for carrying out whitening reconstruction using various patch sizes.
Discussion on the Patch Size Parameters: We think that
perhaps the most important contribution of this work is the
parameterization of the whitening process. The proposed
method looks beyond just the horizontal dimension (as done
in TWR), and allows for more meaningful partition of the
image, for better whitening performance. We have seen that
choosing an optimal patch size can lead to superior performance using LAW approach. In a broader sense, such parameters in the whitening stage themselves can be even updated
or determined automatically through data and the given tasks.
In a recent work called the spatial transformer networks [23],
the affine transformation parameters are updated along with
the update of the convolutional filters, making such a CNN
capable of dealing with images under such transformations
much more robustly because the model has learned invariance to translation, scale, rotation and more generic warping,
through such parameterization. Similarly, for our case, being
able to parameterize the whitening reconstruction brings us
one step closer towards an end-to-end trainable system with
data pre-processing component included.
3. EXPERIMENTS
We will carry out two major experiments: face classification and face clustering. We follow the protocols set forth in
[1]. The purpose of these experiments is to study whether the
proposed locality-aware whitening reconstruction, which is a
generalization of TWR [1] can further improve the robustness
of PCA and its variants. Three databases are used:
(1) Extended YaleB Face Database [24]: We choose the
frontal pose with all 64 illumination conditions for the 38 subjects from the YaleB database, yielding a total of 64 × 38 =
2432 face images. All faces are aligned and cropped to be
32 × 32 in size, with the exception that for Experiment I
(2), faces are cropped to be 96 × 96 in size. (2) CMU PIE
database [25]: We also choose the frontal pose with all 43
illumination conditions and 4 different expressions, for the
68 subjects from the CMU PIE database, yielding a total of
43 × 4 × 68 = 11696 face images. All faces are aligned
and cropped to be 32 × 32 in size. (3) AR database [26]:
We choose 100 subjects (50 male and 50 female) out of 126
subjects from the AR database randomly, each under 26 various facial expressions, illumination conditions, and occlusions, yielding a total of 100 × 26 = 2600 face images. All
faces are aligned and cropped to be 32 × 32 in size.
Face Classification Experiments: We carry out illumination invariant face classification tasks, and apply the proposed LAW reconstruction approach to PCA, PCA I, PCA
II, and 2DPCA. Performance will be compared against TWR
applied to PCA and its variants [1].
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Fisher Ratio
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Fisher Ratio

(1, 1)
4.1114
(4, 1)
8.3810

(1, 2)
6.5770
(4, 2)
9.3931

(1, 4)
7.8623
(4, 4)
12.7406

(1, 8)
8.4254
(4, 8)
13.2605

(1, 16)
11.4345
(8, 1)
8.4901

(1, 32)
10.6504
(8, 2)
12.0694

(2, 1)
7.5850
(8, 4)
12.8768

(2, 2)
7.7059
(16, 1)
11.4538

(2, 4)
9.5171
(16, 2)
9.7955

(2, 8)
11.7768
(32, 1)
10.5877

(2, 16)
10.9778

Table 2: For 32 × 32 face images, the following are the possible block sizes (p, q) we choose to carry out the locality-aware whitening reconstruction. Local
patches are obtained in a non-overlapping fashion in this work. Corresponding Fisher ratios are also shown.
Method
Fisherface
CRC
PCA
PCA I
PCA II
2DPCA
ULR+PCA
ULR+PCA I
ULR+PCA II
ULR+2DPCA
IN+PCA
IN+PCA I
IN+PCA II
IN+2DPCA
DFD+PCA
DFD+PCA I
DFD+PCA II
DFD+2DPCA
TWR+PCA
TWR+PCA I
TWR+PCA II
TWR+2DPCA
LAW+PCA
LAW+PCA I
LAW+PCA II
LAW+2DPCA

q = 2
38.5 ± 1.3
52.7 ± 2.6
11.2 ± 1.0
14.9 ± 1.2
48.1 ± 2.0
19.4 ± 1.5
48.0 ± 2.3
48.0 ± 2.3
52.2 ± 2.1
49.4 ± 2.2
46.1 ± 2.5
46.1 ± 2.5
68.4 ± 2.0
56.6 ± 2.3
48.7 ± 2.9
48.6 ± 2.9
46.7 ± 2.2
46.0 ± 2.8
62.6 ± 2.5
62.4 ± 2.5
72.6 ± 2.2
63.3 ± 2.7
69.3 ± 2.1
68.9 ± 2.1
78.8 ± 2.2
70.1 ± 2.2

q = 4
63.8 ± 2.2
76.4 ± 2.2
11.9 ± 1.1
17.0 ± 1.3
67.3 ± 1.2
24.3 ± 1.9
62.9 ± 1.1
68.8 ± 1.1
70.0 ± 1.0
64.7 ± 1.3
59.9 ± 2.9
60.0 ± 2.9
76.3 ± 2.4
71.8 ± 2.7
80.4 ± 2.7
80.3 ± 2.7
80.3 ± 2.2
80.1 ± 2.8
77.9 ± 2.0
77.9 ± 2.1
88.8 ± 1.3
78.5 ± 2.0
83.9 ± 2.1
83.6 ± 1.7
94.1 ± 1.3
86.0 ± 2.2

q = 6
74.7 ± 1.4
86.1 ± 1.0
11.6 ± 1.0
17.9 ± 1.1
75.4 ± 1.6
26.8 ± 1.8
70.0 ± 1.7
70.0 ± 1.7
78.3 ± 1.7
71.8 ± 2.0
66.2 ± 3.0
66.3 ± 3.0
90.1 ± 1.1
78.1 ± 2.8
85.5 ± 1.7
85.5 ± 1.7
83.5 ± 1.5
85.5 ± 1.7
84.1 ± 1.8
84.0 ± 1.8
93.3 ± 0.7
85.0 ± 1.8
89.3 ± 2.0
89.6 ± 2.1
97.8 ± 1.5
91.2 ± 1.6

q = 8
80.0 ± 1.5
90.1 ± 0.8
11.7 ± 1.1
19.2 ± 1.2
80.6 ± 1.7
29.3 ± 2.0
74.0 ± 1.9
74.0 ± 1.9
84.0 ± 1.4
75.9 ± 2.2
71.7 ± 2.7
71.8 ± 2.8
94.2 ± 1.4
83.3 ± 2.1
88.6 ± 1.5
88.6 ± 1.5
85.6 ± 1.8
88.8 ± 1.4
88.6 ± 2.1
88.6 ± 2.1
96.0 ± 0.9
89.6 ± 2.0
92.3 ± 0.9
92.4 ± 1.8
97.9 ± 1.5
93.8 ± 1.8

Method
Fisherface
CRC
PCA
PCA I
PCA II
2DPCA
ULR+PCA
ULR+PCA I
ULR+PCA II
ULR+2DPCA
IN+PCA
IN+PCA I
IN+PCA II
IN+2DPCA
DFD+PCA
DFD+PCA I
DFD+PCA II
DFD+2DPCA
TWR+PCA
TWR+PCA I
TWR+PCA II
TWR+2DPCA
LAW+PCA
LAW+PCA I
LAW+PCA II
LAW+2DPCA

q = 1
28.4 ± 1.8
88.1 ± 1.0
24.1 ± 1.2
37.0 ± 1.2
78.8 ± 1.3
45.1 ± 1.3
88.2 ± 1.8
88.3 ± 1.8
90.6 ± 1.3
88.7 ± 1.7
63.6 ± 3.0
63.6 ± 3.0
76.4 ± 2.4
68.5 ± 2.8
45.1 ± 4.0
44.9 ± 4.0
54.7 ± 3.2
44.5 ± 3.7
93.3 ± 1.1
93.1 ± 1.0
96.4 ± 0.5
93.4 ± 1.0
97.5 ± 0.9
98.0 ± 1.1
99.6 ± 0.6
98.8 ± 0.8

q = 2
87.9 ± 1.4
99.3 ± 0.3
28.8 ± 1.4
43.9 ± 1.1
93.9 ± 1.8
58.3 ± 1.6
95.3 ± 0.7
95.3 ± 0.6
99.0 ± 0.3
95.5 ± 0.7
72.1 ± 2.2
72.1 ± 2.2
95.3 ± 0.6
79.2 ± 1.6
95.6 ± 0.7
95.6 ± 0.7
97.9 ± 0.4
96.0 ± 0.6
97.0 ± 0.7
97.0 ± 0.7
99.7 ± 0.2
96.9 ± 0.7
98.8 ± 0.6
98.5 ± 0.3
100
100

q = 3
95.2 ± 1.1
99.9 ± 0.1
31.3 ± 1.3
46.7 ± 1.5
96.9 ± 0.6
63.7 ± 2.0
97.3 ± 0.5
97.3 ± 0.5
99.6 ± 0.2
97.6 ± 0.5
78.0 ± 2.2
78.0 ± 2.1
97.0 ± 0.4
84.3 ± 1.7
97.0 ± 0.7
97.0 ± 0.7
98.8 ± 0.3
97.2 ± 0.7
98.4 ± 0.4
98.4 ± 0.4
99.9 ± 0.1
98.4 ± 0.4
99.9 ± 0.3
99.7 ± 0.3
100
100

q = 4
95.2 ± 1.1
100
32.7 ± 1.9
48.6 ± 1.5
97.7 ± 0.6
67.6 ± 2.1
98.4 ± 0.4
98.4 ± 0.4
99.7 ± 0.2
98.5 ± 0.4
80.4 ± 1.9
80.5 ± 1.9
97.6 ± 0.5
86.5 ± 1.3
97.8 ± 0.6
97.8 ± 0.6
99.2 ± 0.3
97.8 ± 0.5
99.2 ± 0.3
99.2 ± 0.3
100
99.2 ± 0.4
100
100
100
100

Table 3: Classification results: mean accuracy ± std. (%) on Extended
YaleB (top) and CMU PIE Database (bottom) under lighting variations.

Training Faces under Illumination Changes: For Extended YaleB database, we randomly select q = [2, 4, 6, 8]
images as the training set, following the same protocol as in
[1], and the remaining images are used for testing, where q is
the number of training images of each subject.
Similarly, for CMU PIE database, we are only using face
images with frontal pose. For each subject, there are 43 illumination variations, including one with neutral lighting.
In this experiment, we use the 42 images with illumination
changes by randomly choosing q = [1, 2, 3, 4] images as the
training set and the remaining images for testing. We repeat
this process for 20 times and report the mean recognition
accuracy as well as its standard deviation.
The baseline algorithms we adopt are the Fisherface [15]
and collaborative representation based classification (CRC)
[27] approach, which will give us an idea on how well PCA
and its variants (PCA I, PCA II, and 2DPCA) perform. Since
we are dealing with illumination-invariant face recognition
tasks, we also study 3 illumination pre-processing techniques.
They are unsupervised low-rank representation (ULR) [28],
illumination normalization (IN) [29] , and discriminant face

Method
LRC
CRC
SRC
RSRC
HQ-A
HQ-M
NMR
TWR+PCA II
TWR+LRC
TWR+CRC
TWR+SRC
TWR+RSRC
TWR+HQ-A
TWR+HQ-M
TWR+NMR

S2
100
100
98.5
100
99.8
99.8
100
100
100
100
100
100
100
100
100

S3
100
100
93.4
100
96.3
96.3
100
100
100
100
100
100
99.6
99.6
100

S4
87.6
88.0
78.4
80.3
67.9
75.8
90.2
92.2
92.2
95.1
97.9
97.2
90.7
90.5
98.5

S5
42.2
35.7
28.8
36.7
31.3
36.8
47.9
76.4
76.4
76.8
86.8
85.2
60.2
58.0
88.2

Method

S2

S3

S4

S5

LAW+PCA II
LAW+LRC
LAW+CRC
LAW+SRC
LAW+RSRC
LAW+HQ-A
LAW+HQ-M
LAW+NMR

100
100
100
100
100
100
100
100

100
100
100
100
100
100
100
100

94.2
94.2
95.0
96.4
98.1
93.7
93.4
100

81.3
80.8
76.8
88.9
87.6
64.4
63.5
92.5

Table 4: Classification accuracy (%) on faces under illumination variation
changes from slight (Subset 2) to severe (Subset 5) on Extended YaleB.

descriptor (DFD) [30], all of which can improve face recognition performance under illumination variations.
Classification will be carried out using the nearest centroid classifier [31], except for CRC. Table 3 shows the mean
classification accuracies and standard deviation for all the preprocessing methods applied to PCA and its variants on Extended YaleB and CMU PIE databases. We can observe that,
all of ULR, IN, DFD and TWR can boost the classification
results. In addition, the proposed LAW can further improve
upon the TWR results, when applied to PCA and its variants.
Training Faces under Neutral Lighting Condition: In this
experiment, we partition the Extended YaleB database into
five subsets with increasing level of harshness in illumination
changes. We select Subset 1 as the training set (least harsh
set), and used Subsets 2-5 for testing. The face image was
cropped and resized to 96 × 96 in size. We pick the following
baseline algorithms: LRC [32], SRC [33], CRC [27], RSC
[34], NMR [35], HQ A and HQ M [36]. Together with the
best performing PCA II (see Table 3), we study how TWR
and LAW can further improve upon these aforementioned algorithms. The classification results are shown in Table 4. As
can be seen, TWR does largely improve the classification performance on these methods, while our proposed LAW can
take it one step further, by showing even higher performance.
Conclusion: In this work, we have proposed a localityaware whitening (LAW) reconstruction as a generalization
of the TWR [1] approach, for improving the robustness of
PCA. The LAW reconstruction method partitions the image
data into more meaningful sub-data by keeping the locality
of the neighboring pixels, instead of just taking the rows of
the image to be the sub-data which results in weak semantic links between them [1]. In addition, the parameterization
of LAW allows us to tune the granularity of the whitening
algorithm, leading towards a special-purpose pre-processing
step for each individual image. Experiments on illumination invariant face recognition on both the Extended YaleB,
CMU PIE, and AR Face datasets have shown the effectiveness of the proposed methods over its competitors. In a larger
sense, being able to parameterize the whitening reconstruction brings us one step closer towards an end-to-end trainable
system with data pre-processing component included.
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