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Abstract
To leverage set information within image sets for improving image recognition
accuracy and robustness to image variations, thereby substantially reducing
the impact of factors such as pose, illumination, occlusion, and misalignment
on recognition accuracy, we propose an Image Set Prototype and Projection
Learning algorithm (LPSOP) for image set classification. This algorithm si-
multaneously learns representative points (prototypes) for each image set and
an orthogonal global projection matrix, such that each image set in the target
subspace can be optimally classified to the nearest prototype set of the same
class. Using learned prototypes to represent image sets not only reduces inter-
ference from redundant images but also decreases storage and computational
overhead, while the learned projection matrix can significantly improve classifi-
cation accuracy and noise robustness. Experimental results on three datasets
—UCSD/Honda, CMU Mobo, and YouTube Celebrities—demonstrate that LP-
SOP achieves higher recognition accuracy and better robustness compared to
currently popular image set classification algorithms.
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Abstract: To improve identification accuracy and robustness by leveraging
collection information from image sets, thereby greatly reducing the influence
of factors such as posture, lighting, misalignment, and occlusion, this paper
proposes a novel method called Learning Prototype Set and Orthogonal Pro-
jection (LPSOP) for image set classification. This algorithm simultaneously
learns representative points (prototypes) and an orthogonal global projection
matrix for each image set, enabling optimal classification of any image set in
the target subspace to its nearest prototype set of the same class. The learned
prototypes not only reduce redundant image interference but also decrease stor-
age and computational overhead, while the projection matrix significantly en-
hances classification accuracy and noise robustness. Experimental results on the
UCSD/Honda, CMU Mobo, and YouTube Celebrities datasets demonstrate that
LPSOP achieves higher recognition accuracy and better robustness compared
to current state-of-the-art image set classification algorithms.

Keywords: image set classification; prototype learning; scale learning; face
recognition; target recognition; pattern recognition

0 Introduction
With advances in computer chip technology and increasingly diverse image ac-
quisition methods, traditional single-image-based recognition methods have ex-
posed limitations in accuracy and robustness, failing to meet the demands of
natural image variations. Compared to single-image-based recognition, image
set classification studies video frame sequences over time or multiple images
collected under different times, scenes, and lighting conditions. By model-
ing image sets to select appropriate classification criteria, this approach can
easily eliminate adverse factors (such as illumination, pose, and occlusion),
thereby more effectively enhancing discriminative power and improving recog-
nition rates. Consequently, image set classification algorithms have found in-
creasingly widespread application in machine learning domains including face
recognition, object recognition, and security surveillance.

Based on the characteristics of sets themselves, image set classification faces two
primary challenges: set representation (modeling) and similarity measurement
between sets. According to modeling approaches, related methods can be cate-
gorized into four main types: statistical model-based methods such as ProNN
[?] and Stiefel and Grassmann Manifolds [?]; linear subspace-based methods
such as DCC [?]; nonlinear manifold-based methods such as MMD [?, ?]; and
affine subspace-based methods such as ProNN [?] (statistical model + affine
subspace), RNP [?], AHISD, and CHISD [?].

Affine hull-based image set classification methods [?, ?] model image sets as
affine hulls, where similarity between image sets is defined as the distance be-
tween the nearest points in the two affine hulls. This geometric approach makes
classification results dependent on point positions in high-dimensional affine
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space, where outliers in image sets significantly reduce classification accuracy.
To address the problem of overly large geometric regions caused by loose affine
hull modeling, sparse representation-based nearest point methods [?, ?] repre-
sent image sets through sparse linear representation over a dictionary, classifying
image sets based on sparse reconstruction residuals. Regularized nearest point
methods [?] model each image set as a regularized affine hull. These nearest
point-based methods heavily rely on the position of each sample in the image
set, and outliers and noise substantially affect model performance.

To mitigate these effects, reference [?] utilizes covariance matrices and Rieman-
nian kernel functions to represent image sets, measuring similarity between im-
age sets through mapping from Riemannian manifolds to Euclidean space. Con-
sidering correlations between gallery sets, references [?] propose collaborative
representation methods for image sets that further improve recognition accu-
racy. Notably, Wang Wen from the Chinese Academy of Sciences proposed an
effective image set classification algorithm PDL [?], which learns a projection
matrix to map samples from the original space to a target subspace, then mod-
els image sets as affine hulls within the target subspace, updating prototype
positions by refining affine coefficients, with the learned projection matrix and
prototypes jointly optimizing classification performance.

Although these methods achieve good classification results, several shortcomings
remain: (a) they require samples to satisfy certain probability distributions; (b)
they involve large computational and storage costs when processing extensive
data; and (c) they exhibit low robustness and classification accuracy in the
presence of noise or outliers. In recent years, while deep learning has achieved
remarkable success in some tasks, its application to image set classification
remains limited.

To address these issues, this paper proposes a Learning Prototype Set and Or-
thogonal Projection (LPSOP) algorithm for image set classification. For each
image set, the algorithm first learns a set of representative samples as initial
base prototypes through sparse representation and linear discriminant analysis.
It then proposes an objective function based on minimizing classification error
probability to simultaneously learn optimal prototypes and a linear projection
matrix. The final learned representative points (prototypes) can optimally de-
scribe the image set while reducing computational time and space overhead, and
the learned orthogonal projection matrix significantly enhances the discrimina-
tive capability of the prototype set. Furthermore, to further enhance stability
and robustness in the target subspace, the projection matrix is constrained to
be orthonormal.

To simultaneously optimize prototype and projection learning, this paper devel-
ops a gradient descent algorithm that alternately iterates between optimizing
the prototype set and projection matrix. Unlike PDL, this paper first utilizes
the Fisher discriminant criterion to learn base prototypes rather than modeling
image sets as affine hulls, then learns the global projection matrix while updat-
ing prototype positions. Comparative experiments on the UCSD/Honda, CMU
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Mobo, and YouTube Celebrities datasets against eight popular recent image
set classification algorithms confirm that LPSOP achieves higher recognition
accuracy and better robustness.

1.1 Basic Prototype Learning
For a classification scenario with 𝐶 image sets {𝑇1, 𝑇2, … , 𝑇𝐶}, where x𝑐,𝑖 ∈ ℝ𝑑

is the 𝑑-dimensional column vector obtained by vectorizing the 𝑖-th image in
the 𝑐-th class, we learn a representative subset 𝑃𝑐 ⊆ 𝑇𝑐 based on reference [?]
by learning a sparse coefficient matrix 𝑀𝑐 (where 𝑀𝑐 is the sparse coefficient
submatrix corresponding to 𝑇𝑐). The learning model is:

min
𝑀𝑐

1
2‖𝑇𝑐 − 𝑇𝑐𝑀𝑐‖2

𝐹 + 𝛼‖𝑀𝑐‖2,1 + 𝛽𝑓(𝑀𝑐) (1)

where the first term is the reconstruction error, ‖ ⋅ ‖2,1 denotes the mixed ℓ2,1
norm, 𝑓(𝑀𝑐) is a discriminant function on coefficient matrix 𝑀𝑐, and 𝛼 and 𝛽
are scalar balancing parameters.

To ensure good discriminative capability between classes, we employ the Fisher
discriminant criterion to minimize within-class scatter 𝑆𝑊 (𝑀) and maximize
between-class scatter 𝑆𝐵(𝑀). The scatter calculations are as follows:

𝑆𝑊 (𝑀) =
𝐶

∑
𝑐=1

∑
m𝑘∈𝑀𝑐

(m𝑘 − 𝜇𝑐)(m𝑘 − 𝜇𝑐)𝑇 (2)

𝑆𝐵(𝑀) =
𝐶

∑
𝑐=1

𝑛𝑐(𝜇𝑐 − 𝜇)(𝜇𝑐 − 𝜇)𝑇 (3)

where m𝑘 is the 𝑘-th column of 𝑀 , 𝜇𝑐 and 𝜇 are the mean vectors of 𝑀𝑐 and
𝑀 respectively, and 𝑛𝑐 represents the number of samples in class 𝑐. Combining
equations (2) and (3), the discriminant term 𝑓(𝑀) is:

𝑓(𝑀) = tr(𝑆𝑊 (𝑀)) − 𝜂 ⋅ tr(𝑆𝐵(𝑀)) (4)

Substituting equation (4) into equation (1) yields:

min
𝑀

1
2‖𝑇 − 𝑇 𝑀‖2

𝐹 + 𝛼‖𝑀‖2,1 + 𝛽 (tr(𝑆𝑊 (𝑀)) − 𝜂 ⋅ tr(𝑆𝐵(𝑀))) (5)

Optimizing objective function (5) yields a reduced representative prototype set
𝑃 = 𝑇 𝑀 , where the representative prototype set 𝑃 not only optimally describes
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the training image sets 𝑇 but also provides good discriminative capability be-
tween classes. To address the problem of decreased classification accuracy and
stability caused by noise or outliers in practical applications, this paper proposes
an algorithm that simultaneously learns prototypes and a projection matrix to
further enhance classification accuracy and robustness.

1.2 Objective Function Design
After obtaining the corresponding prototype set 𝑃 from the original image set
𝑇 through the prototype learning algorithm in Section 1.1, LPSOP optimizes
not only the position of each prototype point p𝑐 in 𝑃 but also simultaneously
learns a linear projection matrix 𝑊 that projects samples from the original space
to a low-dimensional target space, reducing redundant features and improving
classification discriminative capability. Figure 1 [Figure 1: see original paper]
illustrates the block diagram of the proposed algorithm.

For any sample image x, its projection mapping is represented as y = 𝑊 𝑇 x.
This paper designs an objective function 𝐽(𝑃 , 𝑊) based on nearest neighbor
(NN) classification error estimation to simultaneously learn an optimized proto-
type set 𝑃 and linear projection matrix 𝑊 . The objective function is defined
as:

𝐽(𝑃 , 𝑊) =
𝐶

∑
𝑐=1

∑
x∈𝑇𝑐

𝑆𝛽(𝑄(x)) (6)

where 𝑆𝛽(⋅) is a step function: 𝑆𝛽(𝑧) = 0 when 𝑧 ≤ 0, and 𝑆𝛽(𝑧) = 1 otherwise.
From a classification perspective, 𝐽(𝑃 , 𝑊) can be viewed as the sum of classifica-
tion errors. Therefore, we aim to solve min𝑃,𝑊 𝐽(𝑃 , 𝑊). However, this function
is non-differentiable. To enable gradient descent for simultaneously learning the
optimal prototype set 𝑃 and projection matrix 𝑊 , this paper uses a Sigmoid
function with slope 𝛽 and center at 0 to approximate the step function:

𝑆𝛽(𝑧) = 1
1 + 𝑒−𝛽𝑧 (7)

When 𝛽 is large, 𝑆𝛽(𝑧) approximates a “window”function that reaches its
maximum when 𝑧 ≥ 0 and vanishes when 𝑧 < 0. If 𝛽 is large, 𝑆′

𝛽(𝑧) approximates
a Dirac delta function, whereas if 𝛽 is small, 𝑆′

𝛽(𝑧) is approximately constant
within the feasible range of 𝑧. Furthermore, this paper defines the discriminant
function 𝑄(x) as:

𝑄(x) = ‖y − 𝑊 𝑇 p𝑤𝑛
𝑐 ‖2 − ‖y − 𝑊 𝑇 p𝑏𝑛

𝑐 ‖2 (8)
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where p𝑤𝑛
𝑐 and p𝑏𝑛

𝑐 are the nearest neighbor prototypes to x in the projected
target subspace that belong to the same class and different classes, respectively.
They are defined as:

p𝑤𝑛
𝑐 = arg min

p𝑎∈𝑃,Class(p𝑎)=Class(x)
‖𝑊 𝑇 x − 𝑊 𝑇 p𝑎‖2 (9)

p𝑏𝑛
𝑐 = arg min

p𝑏∈𝑃,Class(p𝑏)≠Class(x)
‖𝑊 𝑇 x − 𝑊 𝑇 p𝑏‖2 (10)

In the original space, samples belonging to the same class as x and those be-
longing to different classes are projected into the target subspace via projection
matrix 𝑊 to obtain two sets. The nearest prototype points are selected from
these two sets respectively, yielding prototype points p𝑤𝑛

𝑐 and p𝑏𝑛
𝑐 . Here, x𝑤𝑛

𝑐
and x𝑏𝑛

𝑐 are the corresponding samples in the original space for the nearest pro-
totype points p𝑤𝑛

𝑐 and p𝑏𝑛
𝑐 . Moreover, for all x, if 𝑄(x) > 0, the function value

𝑆𝛽(𝑄(x)) approximates zero, indicating that x is correctly classified; conversely,
it is considered misclassified.

To further enhance stability and robustness in the target subspace, this paper
imposes an orthogonal constraint on the projection matrix 𝑊 , i.e., 𝑊 𝑇 𝑊 = 𝐼
(where 𝐼 is the identity matrix).

1.3 Algorithm Optimization
To obtain the optimal prototype set 𝑃 and linear projection matrix 𝑊 , this
paper develops an alternating gradient descent method to minimize the objective
function 𝐽(𝑃 , 𝑊): we compute the partial derivatives of 𝐽 with respect to
𝑊 and 𝑃 , and perform alternating iterative updates. Considering that the
definition of 𝑄(x) involves p𝑤𝑛

𝑐 and p𝑏𝑛
𝑐 , and that for some x, when the positions

of 𝑊 and 𝑃 change, these nearest prototypes also change. It is not difficult to
see that the search process for nearest prototypes depends on 𝑊 and 𝑃 . Since
when the positions of 𝑊 and 𝑃 change, although x remains unchanged, p𝑤𝑛

𝑐 and
p𝑏𝑛

𝑐 will also change. This involves discontinuities and implicit dependencies.
Therefore, this paper assumes that when one of the projection or prototype
positions changes slightly, the other remains unchanged. That is, when solving
the optimization problem, we can fix 𝑃 to solve 𝑊 , or fix 𝑊 to solve 𝑃 .

Under this approximation, the partial derivative of 𝐽 with respect to 𝑊 is:

𝜕𝐽
𝜕𝑊 ≈

𝐶
∑
𝑐=1

∑
x∈𝑇𝑐

𝑆′
𝛽(𝑄(x)) ⋅ ((x − x𝑤𝑛

𝑐 )y𝑇 − (x − x𝑏𝑛
𝑐 )y𝑇 ) (12)
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In equation (12), y𝑘 is the 𝑘-th column of 𝑊 , and 𝑦𝑘 is the 𝑘-th element of
vector y. For the 𝑐-th class image set 𝑇𝑐, the partial derivative of the optimal
prototype set 𝑃𝑐 = {p𝑐,1, p𝑐,2, … , p𝑐,𝑚𝑐

} with respect to 𝑃 is:

𝜕𝐽
𝜕p𝑐,𝑖

≈ ∑
x∈𝑇𝑐

𝑆′
𝛽(𝑄(x))⋅(𝑊 𝑇 (y − 𝑊 𝑇 p𝑤𝑛

𝑐 ) ⋅ 𝕀(p𝑐,𝑖 = p𝑤𝑛
𝑐 ) − 𝑊 𝑇 (y − 𝑊 𝑇 p𝑏𝑛

𝑐 ) ⋅ 𝕀(p𝑐,𝑖 = p𝑏𝑛
𝑐 )) (13)

where 𝕀(⋅) is the indicator function. Using equations (12) and (13), the gra-
dient descent update equations are (where 𝛾 and 𝜈 are learning step factors
respectively):

𝑊 (𝑡+1) = 𝑊 (𝑡) − 𝛾 𝜕𝐽
𝜕𝑊 (𝑡) (14)

𝑃 (𝑡+1)
𝑐 = 𝑃 (𝑡)

𝑐 − 𝜈 𝜕𝐽
𝜕𝑃 (𝑡)

𝑐
(15)

1.4 Classification
First, using the optimization method from Section 1.3 with the gallery sets as
input, we learn the optimal prototype set 𝑃 ∗ and linear projection matrix 𝑊 ∗.
Next, both the test set and prototype set 𝑃 ∗ are transformed into the target
space using the linear projection matrix 𝑊 ∗. Then, the distance between the
test image set and prototype set in the target space is computed, specifically
the shortest Euclidean distance between test set samples and the correspond-
ing prototypes in the gallery set. Finally, the test set is assigned to the class
of the image set containing the nearest prototype, completing the image set
classification.

2 Experiments
To validate the effectiveness of the proposed LPSOP algorithm for image set
classification, this paper compares and analyzes eight popular recent image set
classification algorithms on three public databases, recording their respective
classification accuracies and standard deviations.

2.1 Image Sets and Sample Settings

This paper uses three datasets for algorithm evaluation: UCSD/Honda [?], CMU
Mobo [?], and YouTube Celebrities (YTC) [?].

The UCSD/Honda dataset contains 59 videos from 20 subjects, with each image
in the videos undergoing pose, illumination, and expression variations. Each
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face image in the dataset is resized to 20×20 grayscale images and processed
with histogram equalization [?]. All video sequences are divided into two groups,
with 20 video sequences randomly selected as the training set and the remaining
39 as the test set.

The CMU Mobo dataset contains 96 video sequences from 24 subjects, with each
subject having 4 video sequences, each corresponding to a specific walking pat-
tern. First, faces are extracted using the Viola-Jones face detector framework,
then resized to 30×30 grayscale images. Finally, one image set is randomly
selected from each subject’s video as the training set, with the remainder used
as the test set.

The YTC dataset consists of 1910 videos from 47 celebrities, where each video
sequence contains significant pose, illumination, and expression variations. Since
most videos in this dataset are low-resolution, with large pose variations and
diverse lighting intensities, this dataset is more challenging than the previous
two. For this dataset, this paper resizes the extracted facial regions to 20×20
grayscale images. In each video segment, 3 image sets are randomly selected as
the training set and 6 image sets as the test set. Figure 2 [Figure 2: see original
paper] shows sample images from YTC, where each row of face photos belongs
to the same image set (the YTC dataset contains naturally collected images
with low quality and noise, making it suitable for testing recognition accuracy
and robustness).

2.2 Comparison Algorithms and Parameter Settings

To demonstrate the effectiveness of LPSOP, this paper compares it with sev-
eral popular image set classification algorithms, including DCC [?], MMD [?],
AHISD [?], CHISD [?], SANP [?], RNP [?], SSDML [?], and PDL [?]. The
source code for these algorithms can be downloaded from the respective au-
thors’homepages. To ensure fair experimental results, the relevant parameters
for each algorithm are configured according to the recommended experimental
parameters in their respective references. In our experiments, each image set
consists of randomly selected 50, 100, or 200 face images, and all experimen-
tal results for classification accuracy and standard deviation are obtained by
averaging over 10 runs. Additionally, the projection dimension of 𝑊 is set to
100.

2.3 Experimental Results and Analysis

This paper first conducts experiments on the UCSD/Honda database, setting
image set sizes to 50, 100, and 200 to test LPSOP’s recognition accuracy and
standard deviation. Table 1 compares LPSOP with eight other popular algo-
rithms on the UCSD/Honda dataset. The results show that LPSOP achieves
higher recognition accuracy and lower standard deviation than other related
algorithms, proving the effectiveness of our method. Notably, RNP, PDL, and
LPSOP all achieve 100% recognition rate when the image set size is 200.
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Table 1. Classification accuracy and standard deviation data on
UCSD/Honda (%)

Algorithm 50 images 100 images 200 images
DCC 77.1±3.5 82.2±2.4 84.3±2.0
MMD 68.9±4.4 84.3±2.9 91.8±1.9
AHISD 87.4±2.6 83.8±2.0 86.3±2.0
CHISD 82.2±2.4 87.2±3.1 84.6±3.6
SANP 84.3±2.9 90.1±2.1 84.4±1.9
RNP 83.8±2.0 91.8±3.2 91.8±2.0
SSDML 87.2±3.1 84.3±2.0 88.9±1.9
PDL 90.1±2.1 95.1±3.0 91.8±1.8
LPSOP 95.9±2.3 96.1±1.3 100.0±0.0

Next, experiments are conducted on the CMU Mobo database, again testing
LPSOP’s recognition accuracy and standard deviation with image set sizes of 50,
100, and 200. Table 2 presents the comparative data between LPSOP and other
algorithms. The results show that LPSOP still achieves the best classification
performance. Compared to UCSD/Honda, the CMU Mobo database is more
challenging, yet LPSOP’s recognition rate can still reach up to 96.73%, which
is 1.33% higher on average than the similar method PDL.

Table 2. Classification accuracy and standard deviation data on CMU
Mobo (%)

Algorithm 50 images 100 images 200 images
DCC 81.7±3.2 91.5±3.4 94.8±1.6
MMD 91.1±2.5 91.8±3.0 95.4±1.7
AHISD 90.8±2.7 91.2±3.1 90.4±2.3
CHISD 91.5±3.4 91.7±2.8 95.5±0.9
SANP 91.8±3.0 94.4±2.0 91.7±2.6
RNP 91.2±3.1 83.5±2.7 97.4±2.2
SSDML 91.7±2.8 93.5±2.2 97.2±1.5
PDL 94.4±2.0 93.9±2.1 97.4±2.7
LPSOP 95.1±2.3 95.4±1.2 98.3±0.9

Finally, experiments are conducted on the more challenging YTC database, with
image set sizes set to 50, 100, and 200 as in the previous experiments. Table 3
shows the final results. The table demonstrates that LPSOP outperforms other
popular algorithms. When image set sizes are 50, 100, and 200, the classifi-
cation accuracy is 0.5%, 1%, and 0.5% higher than the second-best algorithm,
respectively. Particularly when image set sizes are small (50 and 100), LPSOP
shows greater advantages.
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Table 3. Classification accuracy and standard deviation data on
YouTube (%)

Algorithm 50 images 100 images 200 images
DCC 75.7±2.3 78.4±4.3 73.5±4.4
MMD 76.2±4.4 72.5±4.2 71.7±4.5
AHISD 68.9±4.4 77.7±5.2 72.8±7.6
CHISD 74.6±4.9 77.4±3.3 73.3±5.3
SANP 78.4±4.3 78.9±2.5 74.9±6.0
RNP 72.5±4.2 73.5±4.4 68.1±5.3
SSDML 77.7±5.2 71.7±4.5 75.3±5.0
PDL 77.4±3.3 73.4±4.1 75.2±3.8
LPSOP 78.9±2.5 79.3±3.6 76.3±3.6

The proposed prototype reduction and orthogonal projection learning method
simultaneously learns optimal prototypes and a linear projection matrix. The
learned prototype set can effectively describe the structure and features of sam-
ples in the image set, while the linear projection matrix can be viewed as a
global scale that significantly improves algorithm accuracy and robustness. To
demonstrate the learning results of our algorithm, Figure 3 [Figure 3: see orig-
inal paper] shows images corresponding to some learned prototypes from the
YTC database, where each row belongs to the same prototype set. The figure
shows that the learned prototypes contain important facial contour and land-
mark information. Figure 4 [Figure 4: see original paper] displays the projection
matrix 𝑊 (400×100), where the varying element values indicate that this linear
projection matrix contributes weights as a global scale.

2.4 Algorithm Convergence

Although this paper does not provide a direct theoretical proof of LPSOP’s
convergence properties, experimental analysis demonstrates that the algorithm
exhibits fast and smooth convergence characteristics. The convergence curve
tested on the YTC database is shown in Figure 5 [Figure 5: see original paper].
As iterations proceed, the loss function value stabilizes after approximately 30
iterations, indicating good convergence performance.

2.5 Problems and Future Directions

As shown in Tables 1-3, compared to eight other image set classification methods,
LPSOP achieves the highest recognition accuracy and lowest standard deviation
on all three datasets. This success primarily stems from two innovations: (a)
learning a set of representative prototype points through sparse representation
and linear discriminant analysis; and (b) simultaneously learning an optimal
prototype set and a global linear projection matrix to enhance the discrimi-
native capability of image sets. However, LPSOP may suffer from overfitting.
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Future work will introduce regularization terms to improve LPSOP, such as ℓ2
regularization, ℓ1 sparse regularization, or structured sparse regularization.

3 Conclusion
This paper proposes a Learning Prototype Set and Orthogonal Projection (LP-
SOP) algorithm for image set classification. The algorithm simultaneously
learns a prototype set and a linear projection matrix for image sets. The learned
prototype (representative point) set can optimally describe the image set, while
the learned orthogonal projection matrix significantly enhances the discrimi-
native capability of the prototype set. Furthermore, to enhance stability and
robustness in the target subspace, the projection matrix is constrained to be
orthonormal. To simultaneously optimize prototype and projection learning,
this paper develops a gradient descent algorithm that alternately iterates be-
tween the prototype set and projection matrix. Experiments on three public
datasets demonstrate that LPSOP achieves higher recognition accuracy and
better robustness compared to other state-of-the-art algorithms for image set
classification.

However, this paper does not consider the hidden and exploitable features con-
tained in the gallery sets themselves. Future work will employ relevant low-rank
algorithms to capture these hidden features and further improve recognition ac-
curacy.
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