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Abstract

Traditional low-rank methods overlook residuals as corrup-
tions, but we discovered that low-rank residuals actually keep
image edges together with corrupt components. Therefore,
filtering out such structural information could hamper the dis-
criminative details in images, especially in heavy corruptions.
In order to address this limitation, this paper proposes a novel
method named ESL-LRR, which preserves image edges by
finding image projections from low-rank residuals. Specifi-
cally, our approach is built in a manifold learning framework
where residuals are regarded as another view of image data.
Edge preserved image projections are then pursued using a
dynamic affinity graph regularization to capture the more ac-
curate similarity between residuals while suppressing the in-
fluence of corrupt ones. With this adaptive approach, the pro-
posed method can also find image intrinsic low-rank repre-
sentation, and much discriminative edge preserved projec-
tions. As a result, a new classification strategy is introduced,
aligning both modalities to enhance accuracy. Experiments
are conducted on several benchmark image datasets, includ-
ing MNIST, LFW, and COIL100. The results show that the
proposed method has clear advantages over compared state-
of-the-art (SOTA) methods, such as Low-Rank Embedding
(LRE), Low-Rank Preserving Projection via Graph Regular-
ized Reconstruction (LRPP_GRR), and Feature Selective Pro-
jection (FSP) with more than 2% improvement, particularly
in corrupted cases.

1 Introduction

As real-world images often contain redundant and corrupt
features, such as noise and occlusion, their high dimension-
ality nature not only puts a huge computational burden on
machine learning algorithms but also makes interpretation
very difficult. Hence several efforts have been made over
the years to overcome these limitations. Recent study (Par-
sons, Haque, and Liu 2004) indicates that multiple low di-
mensional subspaces can be leveraged to characterize high
dimensional data. Consequently, Low-Rank Representation
(LRR) (Liu et al. 2010, 2013) was proposed to learn low
dimensional subspaces corresponding to a given high di-
mensional data. LRR excels in capturing the global struc-
ture of data and can also remedy the influence of corrup-
tion (Zhang et al. 2019; Abhadiomhen et al. 2021). How-
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Figure 1: The left image in each row is the original data, the
middle is the low rank part while the right one is the residual
part. Our goal is to preserve those discriminative edges by
finding robust image projections from low-rank residuals.

ever, LRR lacks feature extraction functionality. As a result,
it cannot be used directly for linear dimensionality reduc-
tion (LDR). Although some LDR approaches exist such as
classical PCA (Belhumeur, Hespanha, and Kriegman 1997)
and Linear Discriminant Analysis (LDA)(Turk and Pentland
1991), they are not robust and therefore unable to preserve
the geometrical structure of data in the projected subspace.
Motivated by the above challenges, many methods have
been proposed recently incorporating LDR into LRR (LRR
and LDR), mainly for learning image subspace representa-
tion. Notably, Low-Rank Embedding (LRE) (Wong et al.
2017) tries to uncover the inherent relationship in data for
robust feature extraction. Low-Rank Sparse Preserving Pro-
jections (LSPP) (Xie et al. 2018) focuses on enhancing ac-
curacy in corrupted data. Sparse Low-Rank Preserving Pro-
jection (SLRPP) (Liu et al. 2019) combines LRE and PCA
models; an Li-norm is further imposed on the low-rank
representation to capture the local structure of data simul-
taneously. Similarly, to improve interpretability, Low-Rank
Preserving Projection via Graph Regularized Reconstruction
(LRPP_GRR) (Wen et al. 2019) applies a graph constraint
and a sparse constraint to data reconstruction error and data
projection, respectively. Feature Selective Projection (FSP)
(Tang et al. 2020) was subsequently introduced to ensure
a selective feature projection by merging LRR, feature ex-
traction, and feature selection in a unified model. The more
current methods, Double Low-Rank Representation (DLR-
RPD) (Fu et al. 2021) and Robust Clustering with Low-
Rank Linear Embedding (RCLR) (Zhou et al. 2022) exploits
global and local geometrical structures of data together us-
ing projection distance penalty and local property preser-
vation, respectively. Despite the promising performances of



existing LRR and LDR methods, there are still some limita-
tions. Specifically, they strive to keep the overall data struc-
ture which often neglects image edges that help enhance dis-
criminability between images. This drawback is inherited
from the traditional LRR model, which treats image edges
as high-frequency signals that must be filtered out together
with corrupt elements to preserve a low-rank structure, as
shown in Figure. 1.

To tackle the above problem, this paper proposes a new
LDR and LRR method named ESL-LRR, which can effec-
tively preserve image edges by regarding low-rank resid-
uals as another view of image data to find image projec-
tions. Firstly, through a coupled regularization term, we fur-
ther integrate manifold learning into the LRR framework to
learn the structure of its residuals. A dynamic affinity graph
regularization is also introduced simultaneously to capture
their similarity by using similar points to reconstruct one
another. In other words, if two different residuals are more
similar (with minimal distance), the corresponding weight
value in the affinity graph is larger; and these points are
perceived as harboring image edges as their principal com-
ponent. Edge-preserved image projections are then learned
adaptively from such residuals, with the influence of signif-
icantly distant pairs (corrupt or unrelated) being suppressed
by a much smaller weight in the affinity graph. Further-
more, as a more precise affinity graph would result in better
preservation of the geometric structure of data, the proposed
approach can also find an intrinsic low-rank representation
concurrently. Therefore, fusing both optimal LRR and the
edge preserved projections, ESL-LRR further achieves ro-
bust linear dimensionality reduction to enhance accuracy.
Section. 3 contains more detailed explanation and imple-
mentation specifics of the proposed method.

Our major contributions are summarized as follows:

1) Different from the conventional LRR approach, which
consider residuals as corruptions, we discovered that
low-rank residuals also keep image edges together with
corrupt components. As a result, a new method is pro-
posed named ESL-LRR, which views low-rank residuals
as a combination of both structures.

The proposed ESL-LRR preserves the image edges by
pursuing robust image projections from low-rank residu-
als through a manifold learning framework. In this way,
the influence of corrupt residuals are adaptively subdued
using a dynamic affinity graph regularization.

With our adaptive approach, ESL-LRR can find image
intrinsic low-rank representation and much discrimina-
tive edge preserved projections simultaneously, unlike
existing LRR and LDR methods which focus only on
extracting the low-rank part. Thus, our strategy helps
achieve more robustness to corruption.

Several experiments are performed in classification
tasks. Extensive evaluation of ESL-LRR and SOTA
methods reveal that the proposed method has superior
advantages, especially in corrupted cases.

2)

3)

4)

The remainder of this paper is structured as follows. Sec-
tion. 2 presents a review of related works. Section. 3 for-
mulates the proposed method. Experiments and analysis are
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given in Section. 4. And then, Section. 5 concludes the paper
and highlights future works.

2 Related Works

This section describes LRR and LDR methods that are most
closely related to our method. First, the baseline method
LRR can be formulated as follows.
minZ || Z”* + )\ || E||2717 (1)
st., X=XZ+E,

where X and Z denotes a given data (simultaneously used
as self-dictionary) and its low-rank matrix, respectively, E is
the residual matrix introduced to capture the corrupt com-
ponents. Thus, LRR can recover clean data with XZ (Wang
et al. 2021).

Considering this perspective, various LDR methods were
proposed based on LRR. These methods mainly focus on re-
solving the limitations of previous LDR approaches, which
can be categorized into classical and graph-based methods.
The classical approaches, including PCA, LDA, and their
variants, such as block PCA (Benyong 2005) and Regular-
ized LDA (Guo, Hastie, and Tibshirani 2007; Xu, Zhang,
and Yang 2010), have the drawback of being unable to keep
the geometric structure of the data in the projected subspace.
Whereas, the graph-based approaches like Locality Preserv-
ing Projections (LPP) (He and Niyogi 2004) and Neighbor-
hood Preserving Embedding (NPE) (He et al. 2005), are
limited because they do not fully exploit the data’s self-
expression property in generating a similarity graph to en-
sure that unrelated samples are not connected. As a result,
noise and outliers can impact their accuracy negatively. To
tackle these disadvantages jointly, the LRR and LDR meth-
ods such as LRE and FSP, which are closely related to our
proposed method, provide interesting techniques. For in-
stance, by incorporating LDR directly into LRR, LRE can
simultaneously capture data’s global structure while tackling
corruption relatively through the following model.

minzgp || Z[[« + A [| El|2,1, )
s.t., PTX = PTXZ + E.

As can be seen in the above formulation, LRE mainly
presents a new data representation with PTX, which is in-
tegrated into Eq. (1) to learn a projection P to transform X
from d original high-dimensional space to a projected r low-
dimensional subspace where » < d. FSP then combines
LRR, feature extraction, and feature selection in a unified
model to facilitate selective feature projections using a spar-
sity term || P*||5,;. This term allows for row sparsity of P.
However, when it is removed, FSP can easily reduce to the
LRE model.

3 Proposed Method

This section formulates the proposed method and presents
an optimization algorithm to solve it.

3.1 Model Formulation

Specifically, when viewed from the frequency domain, it
can be seen that LRR actually learns low-frequency sig-
nals, which are presumed to be the overall data structure,



and they delete the high ones, which are often a combi-
nation of corrupt elements and edge signals. It thus lim-
its the LRR and LDR methods since edges usually re-
tain enough discriminative features. Therefore, our approach
aims to preserve image edges by finding robust projections
P = (p;,ps;--.,Pp,) from low-rank residuals. On the other
hand, we want to use only a subset of the residuals to achieve
that since some will hold more corrupt components than
edge features. As a result, manifold learning is further incor-
porated into Eq. (1) to learn the structure of low-rank resid-
uals and subdue the influence of corrupt ones in obtaining P
using the following model.

minpews D | Ple; — Ple;[3Wi; + A3 || W%,

0.
st, PITP=LX=XZ+E Wl=1W,;; =0W2>0,

3
where % il P'e; — P'e;||3W,; is a coupling term and
is an integral part of our model since we do not know be-
forehand which part of the data is corrupt. Therefore, we
suppose that E could easily be exploited to reveal such prior
knowledge. The reason is simple because, for two similar
samples, X; and X;, much smaller values of e; and e; would
mean a good fit between them and their reconstruction Xz;
and Xz; in low dimensional space. As a result, the Euclidean
distance between e; and e; will be very small. And it is easy
to deduce that these points will have image edges as their
main components. In contrast, the distance between e; and
e; would increase if one or both predominantly holds corrupt
elements. In principle, these points are perceived unrelated
even though they may belong to the same class. The latter
is also true if, ideally, they are not similar samples’ residu-
als. Motivated by these, the affinity graph W is obtained by
using similar points in E to reconstruct each other. In this
way, a smaller distance || PTe; — P"e;|| between data points

PTe; and PTej corresponds to a larger weight W;;, and zero
otherwise to suppress the influence of such a combination in
obtaining P. In facilitating our approach, the non-negative
constraints W;; = 0 and W > 0 prevents the entries of W
from being negative. W1 = 1 is imposed to guarantee a nor-
malized affinity graph where the sum of each row is equal to
1. In addition, the Frobenius norm is applied on the graph to
further enforce it to be block-diagonal.

Therefore, combining Eq. (1) and Eq. (3), the ESL-LRR
model described in Figure. 2 is formulated as follows:

minpz,we 3 E | PTe; — PTe;[I3Ws; + Ay || Z] .

+>\2 | Ell2,1 + Az || W%,
st, PTP=LX=XZ+EWl=1 W“ =0,W >0,

“
As depicted by Eq. (4), ESL-LRR adaptively learns P with
the orthogonal constraint PTP = I to find more discrimina-
tive projections that would cause the discrepancy between
similar residuals to be significantly minimized. In such a
way, ESL-LRR can more effectively preserve the structural
information in residuals and eliminate the actual corrup-
tions. This helps to prevent negative correlations to a large
extent since corruption could initially cause two unrelated
residuals to stay close and be perceived as similar samples.
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Figure 2: The framework of ESL-LRR. As illustrated us-
ing the above corrupted scenario, image edges are preserved
by adaptively finding robust image projections P from low-
rank residuals. P X and PT X Z are then used for classi-
fication tasks where Z denotes the intrinsic low-rank repre-
sentation of images and X is the actual data matrix.

Besides, it also induces a dynamic structure on W to capture
the better similarity between residuals concurrently. Thus, a
more intrinsic low-rank representation Z is learned along-
side P. Therefore, while the existing techniques like LRE
and FSP can obtain low-rank projections, they do not pro-
vide such robustness to preserve the image edges to enhance
accuracy. Hence, it is the main difference between them and
the ESL-LRR model.

To solve Eq. (4), we propose an efficient optimiza-
tion algorithm based on Augmented LaGrange Multiplier
(ALM) strategy (Lin, Chen, and Ma 2010). First, the cou-
pling term 3, || P'e; — P'e;||?W,; is reformulated as
2tr(PTELwETP), where Ly = D — W is the graph Lapla-
cian of W in which D = diag(}_, W;;) is a diagonal matrix.
Then, we introduce the following auxiliary terms S = Z and

E = E to make Eq. (4) easier to solve (Abhadiomhen, Wang,
and Shen 2021). As a result, Eq. (4) is rewritten as:

minp, we. E2tr(PTELwE P)+ A || S|
X || El21 + A3 || W||
st, PTP=LX=XZ+EE=ES=2ZWl=1,
W, =0,W>0.
(5
Besides, we also introduced another variable F to avoid
Sylvester’s equation (Feng, Wu, and Jing 2021) appearing
in solving E. Thus, we have:

. T
mlnP,Z,WEEF2tT(PT(FLWE )P) + A1 || S|

W%,
st, PTP=1X = XZ+EE E.S=Z Wl=1,
W,; =0, W > 0.

(6)

3.2 Optimization of ESL-LRR

Before the optimal solution of each variable in Eq. (6) can
be described, the Augmented LaGrange function of Eq. (6)
needs to be obtained first (Gong, Chen, and Chen 2020) as



Algorithm 1: The Algorithm of ESL-LRR.

1: Input: Data X € R4*™ , parameter A1, Ao, A3
2: Initialize: P with orthogonal column vector, Z = S
E=W=E=F=0Y,=Y,=Y;=Y,=0,p
L1 =10"% fimax = 1056 = 107°;
while not converged do
Fix others and update P by Eq. (9).
Fix others and update Z by Eq. (11).
Fix others and update S by Eq. (13).
Fix others and update E by Eq. (15).
Fix others and update W by Eq. (22).
Fix others and update E by Eq. (24).
Fix others and update F by Eq. (26).
Update the multipliers.
)41 Y1+ u(X—XZ-E)
Ys Yo+ u(S—2Z)

Ys Yg-f-M(E—E)
Y, Y4+M(F—E)

Update 1 by p = min(pp, fmaz)-
Check the convergence conditions:
| X—XZ-E|w<e,[|S—Z||ec <e
N E—E|o <cand || F —E|o < ¢
14: end while
15: Output: P € R¥*" and Z € R™*" .

TeY RN hAEw

—_—

12:
13:

follows.

ming ye e 26r(PT(FLWE )P) + X, | S|
20 || Ellz + As | WIZ + tr(Y{ (X — XZ ~ E))
+tr(YS (S —Z)) + tr(YS£(E—E)) + tr(Y{ (F — E))
+4(| X~ XZ ~E[3+ || S~ Z|%
+ | E-E|%+ | F - E[3),
st, PTP=LW1=1,W; =0,W >0,

(7
where Y7, Y5, Y3, and Y, are LaGrange multipliers required
for solving constrained problems. Therefore, separating the
disconnected terms in Eq. (7), the minimization problem and
each variable’s ideal solution are given below.

P subproblem:

minptr(PT(FLwE )P), ®
sit., PTP =1

Denoting FLWI:ZT = Q, P is obtained using the following
eigenvalue decomposition problem whose optimal solution
involves the set of k eigenvectors of the topmost k& smallest
eigenvalues of Q.

minptr(PTQP), ©)
sit., PTP =1
Z subproblem:
ming | X - XZ - E+ 23+ | S-Z + %2, (0)
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Setting the derivative a%’ the optimal Z is obtained through
the following.

Z= (X"X+1) ' (X"X ~X"E + S + LXTy; + 22),
(11)
S subproblem:
mingAr || S||. + 5 | S — Z + 223 (12)

Using the singular value thresholding (SVT)(Cai, Candes,
and Shen 2010), the optimal S is obtained as:

S=a(Z-2%), (13)
m
where ® is a soft-thresholding operator.
E subproblem:
mingXy | El21+4 | X - XZ -E+ 13 (14)
+5 1 E—E+ 3%
A2

the i-th column of E is updated by the following formula.

ltill =74 - ,
E(,i) =4 Tt 7 <t (15)
0, otherwise
W subproblem:
minw 3 || PTE; — PTE;[5Wy; + 3¢ || W], 16

2%
S.t., W1 = ].,W” = O,W > 0.

Since Eq. (16) is independent for each ¢, W; is solved sepa-

rately as follows.
minw, > (|| P'E; — PTE;[3)W,; + 3¢ || Wil|%, an
S.t., W1 = Lwii = O,W > 0.

For simplicity, we use A;; to symbolize P'E, — PTEj such
that A; is a vector whose j-th element is A;;. As a result,
we have:

minw, 3 || W, + 43,

J (18)
st., WI=1,W; =0,W>0.
Furthermore, Eq. (18) is unconstrained as:
minw, 3 || Wi + 23 — n(1"W; — 1) — ("W,
J
(19)
Therefore, setting the derivative % = 0, we have:
W+ —p1—¢=o. (20)
W,’s j entry is given as follows.

Wij + 5% =1 =G =0. 1)

According to KKT conditions(Gordon and Tibshirani 2012),
the optimal W;; is obtained through the following formula.

Wi = (St +1),, (22)



To arrive at the above, we suppose that A;1, Ao, ..., Ajy, are
ordered from small to large. In order to impose W;; = 0, we
always let A;; place this value last despite having A;; = 0.
Refer to (Nie et al. 2016) for a detailed derivation and proof.

E subproblem:

. - T -
mingtr(P'FLwE P) + | E-E+22|%. (23)
Setting the derivative aii?: =0, E is obtained in the following

way.
B = (2uE—PP;FLw—2Y3). 24)

i
F subproblem:
~T A~

mingtr(PTFLWE P) + 4 [ F—E+ 23 (25

Setting the derivative % = 0, F is obtained as follows:

F— (2uE—PPTELw " —2Y})
= o )
The complete solution of the ESL-LRR model is summa-
rized in Algorithm 1.

(26)

3.3 Computational Complexity

ESL-LRR’s computational complexity mainly depends on
multiplication operations, which cost (¢ + 1)O(n?) (where ¢
is the iteration count), nuclear norm minimization and in-
verse of a matrix operation, which cost O(n?) each, and
eigen decomposition, which cost O(d?r). As a result, the
overall computational complexity of ESL-LRR in each of
the iteration is O(3n® + (r + 1)n3 + d?r).

3.4 Linear Multi-Classifier for Classification
Following the multivariate ridge regression (Zhang, Jiang,
and Davis 2013), a new linear classifier is introduced for the
proposed model as follows:

miny || Y — MP'X Z||% + X | M||3. (27)

where Y is the label matrix of the training data
X. Thus, by setting the derivative % 0,

(MP'XZ — Y)Z"X"P + \M = 0, the weight M can
be obtained using the following formula:

M = YZ'X"P(P"XZZTX"P + \I) ' (28)
Therefore, for a given test data Xcq¢, Zyest, is calculated
using Eq.(11), where z; denotes the representation of 7 test
sample. As aresult, the label for ¢ can be obtained as follows:

L = arg maxy, (MPTXzZ-) (29)

4 Experiments

In this section, several experiments are performed to as-
sess the effectiveness of ESL-LRR in image classification.
Firstly, we describe the experimental settings, including
datasets, compared methods, and parameter selection, fol-
lowed by the results and analysis in Section. 4.2.
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Dataset  No of samples Dimension No of classes
MNIST 70000 784 10
USPS 1854 256 10
Yale 165 4096 15
LFW 2484 4096 38
COIL100 7200 4096 100

Table 1: Summary of the datasets

4.1 Experiment Settings

Dataset: To conduct various experiments, five popular
benchmark image datasets are utilized: MNIST' and USPS
2 for handwritten image experiments, LFW? and Yale* for
facial image experiments, and COIL100° for object image
experiments. Section. 4.1 briefly describe each dataset.

Compared Methods: The performance of ESL-LRR is
compared with that of seven SOTA methods, namely, Sparse
Representation-based Classification (SRC) (Wright et al.
2008), Latent Low-rank Representation (LatLRR) (Liu and
Yan 2011), LRE (Wong et al. 2017), LRPP_GRR (Wen et al.
2019), FSP (Tang et al. 2020), Generalized Least-squares
Approach Regularized with Graph Embedding (GLSRGE)
(Shen et al. 2020), and DLRRPD (Fu et al. 2021). In these
experiments, each algorithm’s recognition accuracy is first
studied on original dataset using uniform selected projec-
tions of » = 80 dimensions, similar to the approach of
FSP. Next, the datasets are unsystematically divided into
two groups to study the robustness of each method to data
corruption. Thus, pepper noise of 20% and 40% densities
are randomly added to the images of MNIST, Yale, and
COIL100 by replacing original pixel values. In the second
category, block occlusions (some black blocks) of 12x12
and 18x 18 sizes are randomly introduced into the images of
LFW while USPS is corrupted with 3x3 and 9x9 sizes in
concurrence with its original dimensions.

Parameter Selection: For parameters in each algorithm,
we set the values according to optimal settings found in their
respective literature. In the case of ESL-LRR, parameters
A1, A2, and A3 need tuning to achieve a robust solution based
on the objective function of Eq. (6). However, because there
are three parameters and several datasets involved, finding
a good combination of the parameters is tricky. As far as
we know, it is still an open problem in the literature. Hence,
a reasonable strategy is adopted from reference (Wen, Xu,
and Liu 2020) to find optimum values of the parameters us-
ing [0.001,0.01,0.1, . ..,1000] as the candidate set. First, a
good combination of A; and A, is pursued by varying them
while keeping A3 fixed to a random value from above. Then,
after setting A1 and Ao, to their best values from the previous
round, A3 is tuned to arrive at the final optimal set.

For uniformity, the k-nearest neighbor classifier is applied
on matrix PTX of each algorithm with the k-nearest neigh-

"http://yann.lecun.com/exdb/mnist/
“https://www.kaggle.com/bistaumanga/usps-dataset
3http://vis-www.cs.umass.edu/Ifw/
“http://vision.ucsd.edu/content/yale-face-database
Shttps://www.kaggle.com/jessicali9530/coil 100



Noise density

0%

20%

40%

SRC 81.02£2.19(76)
LatLRR 83.27+2.82(74)
LRE 87.67£2.36(74)
LRPP_.GRR  89.95+1.40(43)
FSP 93.08£1.57(75)
GLSRGE 95.11£1.18(70)
DLRRPD 96.70+0.76(73)
ESL-LRR 97.86+0.58(62)

77.874+1.12(77)
79.3242.15(78)
83.9442.04(79)
88.87+1.55(55)
87.731.46(60)
90.91-£1.33(55)
92.1041.49(72)
93.52-:1.01(72)

72.3141.64(58)
74.434+2.20(63)
80.3642.27(60)
83.50--2.03(68)
85.38-£1.61(64)
88.2241.21(53)
87.6541.76(64)
91.41+1.38(78)

Table 2: Mean Classification Accuracy =+ standard deviation(%) of different algorithms on MNIST dataset corrupted with

various degrees of random pepper noise. The best dimension is reported, and it is denoted in the bracket

Datasets Yale COIL100
Noise density 0% 20% 40% 0% 20% 40%
SRC 35.484+5.16(34) 29.22+5.01(22) 28.62+4.68(45) 79.834+3.21(34) 74.60+2.30(77) 72.82+1.83(38)
LatLRR 71.17+£4.90(43) 68.26+£5.44(68) 62.73+6.12(28) 81.08+2.30(32) 78.62+2.12(25) 76.2441.68(50)
LRE 51.1345.13(31) 47.52+4.53(78) 45.93+£4.05(26) 86.204+1.25(22) 81.71+1.54(18) 78.30+1.72(54)
LRPP_.GRR  56.34+6.82(14) 51.46£5.60(70) 46.444+6.91(47) 95.69+1.10(33) 94.82+1.02(22) 89.68+1.24(68)
FSP 72.794+4.31(37) 69.70+£5.22(73) 62.14£5.45(33) 97.154+1.23(58) 88.22+2.25(74) 86.74+1.44(35)
GLSRGE 79.62+5.10(61)  75.38+4.84(65) 72.334+6.42(46) 97.16+1.09(28) 96.00+£0.77(26) 92.7641.28(28)
DLRRPD 79.61+4.64(58) 74.77£5.75(73) 71.974+4.53(38) 97.77+0.24(36) 97.48+0.34(39) 94.474+1.16(27)
ESL-LRR 86.191+4.82(59) 80.38+4.31(64) 78.02+5.24(56) 100(22) 99.69+0.02(45) 97.54+0.74(25)

Table 3: Mean Classification Accuracy = standard deviation(%) of different algorithms on MNIST, Yale, and COIL100 datasets
corrupted with various degrees of random pepper noise. The best dimension is reported, and it is denoted in the bracket

bor equally set to 1. Therefore, to prevent generalization
loss, all experiments are performed ten times, and the mean
classification accuracy and standard deviation are reported.
Note that 70% of samples are randomly selected as training
set and 30% as testing set in experiments based on findings
in the literature, which reveals that the best results can be
obtained from such split. Also, ESL-LRR’s classification
accuracy is evaluated using the introduced classifier in
Section. 3.4. And all experiments were performed using
Matlab 2020a installed on an AMD Ryzen 9-5950X system
with 64GB RAM.

4.2 Result and Analysis

Here, we analyze the results presented in Tables. 2 to 5 and
Figure. 3.

Tables. 2 and 3 displays the recognition accuracy of dif-
ferent algorithms on MNIST, Yale, and COIL100 datasets
under various degrees of random pepper noise. According to
the results, ESL-LRR achieves the best performance than the
compared methods. However, one may notice that the per-
formance gap between the proposed method and the newer
LRR and LDR methods is not significant on clean data. The
reason is that these methods can extract the discriminative
low-rank features in such cases. Thus, the effectiveness of
ESL-LRR is more evident in corrupted subjects. In particu-
lar, while its accuracy is better than DLRRPD and FSP by
1.16%, and 4.78% on MNIST, it becomes much better in
noisy settings by 1.42%, 5.79% with 20% noise and 3.76%,
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6.03% with 40% noise. ESL-LRR also obtains more supe-
rior results on Yale and COIL100, notably with 40% noise
contamination. It validates the effectiveness of our edge-
preserving approach. Besides, Figure. 3 shows the images
recovered by newer algorithms with five top basis vectors
of their respective projections acquired on Yale. As can be
seen in the figure, ESL-LRR better preserves image edges
than other methods.

Table. 4 presents the recognition accuracy of different al-
gorithms on USPS and LFW datasets with various sizes of
random continuous pixel block occlusions. As can be ob-
served in the table, ESL-LRR maintains the best perfor-
mance with only 3.57% degradation on USPS. GLSRGE
and DLRRPD which uses graph embedding and projection
distance penalty, respectively, to retain global and local ge-
ometrical data structures, have the closest performance to
our method. However, DLRRPD displays slightly less re-
sistance to occlusion in handwritten recognition than other
algorithms, with a performance decrease of 6.98%. In addi-
tion, ESL-LRR is more robust in facial recognition (LFW
dataset), with over 4% better accuracy than DLRRPD in the
case of 18x 18 occlusion block size.

Table. 5 shows the recognition rate of ESL-LRR using the
new classification strategy presented in Section. 3.4. Com-
pared with the results obtained on the KNN classifier, it can
be observed that ESL-LRR achieves a higher classification
accuracy using the proposed classifier due to the impact of
added low-rank representation with PTXZ. Nonetheless, the
results are fairly close, confirming that our image projec-



Datasets USPS LFW
Occlusion size Original data 3x3 9%x9 Original data 12x12 18x18

SRC 92.78+3.81(57) 89.56+£2.86(45) 85.134+2.95(37) 70.38+2.32(53) 69.26+£2.31(75) 61.68+2.48(53)
LatLRR 97.914+0.89(37) 94.42+1.12(44) 90.52+£1.47(46) 72.0843.40(56) 65.98+3.78(74) 63.64+2.31(57)
LRE 88.264+3.81(22) 86.65+4.64(76) 83.85+£5.38(20) 74.2943.16(80) 66.49+1.82(80) 64.24+1.47(55)
LRPP_GRR 84.19£5.18(25) 82.824+4.27(34) 80.30+3.54(19) 76.23+£2.77(76) 69.214+2.71(73) 68.06+1.85(65)
FSP 91.97+1.92(56) 89.55+3.51(35) 85.6143.22(15) 74.80+1.54(79) 72.11£2.22(72) 67.58+2.12(60)
GLSRGE 95.9941.69(22) 95.48+1.98(26) 91.88+£2.17(37) 76.67+2.10(77) 71.17+1.88(62) 69.78+1.83(71)
DLRRPD 98.08+0.50(16) 97.75+0.69(38) 91.1042.38(34) 77.57+2.41(70) 72.05+2.40(66) 70.30+1.83(57)
ESL-LRR 99.80+0.02(13) 98.74+0.01(22) 96.23+0.02(27) 80.66+1.40(64) 75.85+2.01(53) 75.08+1.50(58)

Table 4: Mean Classification Accuracy £ standard deviation(%) of different algorithms on USPS and LFW datasets corrupted
with various degrees of random continuous pixel block occlusions. The best dimension is reported, and it is denoted in the
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Figure 3: Images recovered by different algorithms from five
top basis vectors of respective data projections obtained on
the Yale dataset. (a) Original data, (b) 20% random pepper
noise. The first row in each figure contains the original data.
The second, third, fourth, fifth and sixth rows are the images
recovered by LRE, LRPP_GRR, FSP, DLRRPD and ESL-
LRR, respectively.

tions have a strong discriminability which is appropriate for
classification, regardless of the classifier.

4.3 Parameter Sensitivity and Convergence
Analysis

Parameter Sensitivity: ESL-LRR’s sensitivity to the tun-
able parameters is investigated using MNIST and COIL100
(with 20% random pepper noise added) datasets by adopt-
ing the settings described in Section. 4.1. As can be seen in
Figure. 4, the accuracy of ESL-LRR is relatively stable, with
low or high values for A;. In contrast, more superior results
are obtained on both datasets with high values from 10 up to
1000 for As.

Convergence Analysis: The convergence of the inexact
ALM method with a maximum of two sub-problems has
been theoretically verified (Lin, Chen, and Ma 2010). How-
ever, proving the convergence of the inexact ALM method
with three or more sub-problems is still difficult (Luo et al.
2018; Li et al. 2019). Moreover, ESL-LRR has seven sub-
blocks, making it even more challenging to prove. Fortu-
nately, as experimentally verified on actual data using Fig-
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Data type Original data Corrupted data
MNIST  98.40£0.23(47) 96.31£1.02(59)
USPS 100(15) 100(17)
LFW 82.07£1.28(57) 78.13£1.49(59)
Yale 87.80£2.75(43)  82.76£2.35(43)
COIL100 100(18) 100(40)

Table 5: Mean Classification Accuracy 4 standard devia-
tion(%) of ESL-LRR using the introduced classifier on clean
and corrupted data: MNIST, YALE, and COIL100 (20% ran-
dom pepper noise). LFW (12 x 12 random continuous pixel
block occlusions) and USPS (3 x 3 type)

ure. 5(b), our algorithm has strong convergence property.
Furthermore, as shown in Figure. 5(a), the runtime of ESL-
LRR is comparable to that of most algorithms, affirming that
it is efficient.

5 Conclusion

A new method named ESL-LRR is proposed in this paper for
image classification. Unlike existing LRR and LDR methods
which focus only on extracting the low-rank features of im-
ages, ESL-LRR preserves image edges by finding robust im-
age projections from low-rank residuals through a manifold
learning framework. ESL-LRR can also learn image intrin-
sic low-rank representation together to enhance accuracy.
Several experiments were performed on five benchmark im-
age datasets to evaluate the effectiveness of ESL-LRR on
classification tasks. The experimental results clearly show
that it significantly outperforms SOTA methods, especially
in corrupted scenarios. Also, the computational time experi-
ments reveal that ESL-LRR’s runtime is at the same level as
most compared methods. However, because the proposed al-
gorithm has seven sub-blocks to update in each iteration, we
will explore large-scale techniques to improve its efficiency
in future work. Additionally, we intend to explore the deep
paradigm to enhance accuracy further.
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Figure 5: (a) Runtime (in seconds) of different algorithms
and (b) ESL-LRR’s convergence behavior on the norms of
(E — E) (a convergence condition) on three datasets.
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