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Abstract: Extracting  infrared  small  targets  from  heterogeneous
backgrounds  remains  a  challenging  task,  as  these  targets  lack
salient  texture  and  morphological  features  while  the  back-
grounds  are  cluttered  with  noise.  Therefore,  effectively  extract-
ing  discriminative  features  is  essential  for  achieving  complete
and  accurate  detection.  To  address  this  issue,  this  paper  pro-
poses an algorithmic framework based on robust principal com-
ponent  analysis  (RPCA),  specifically  designed  for  infrared  small
target  detection  in  complex  backgrounds.  First,  infrared  small
target detection is formulated as a generalized RPCA problem. A
discriminative and reconstructive dictionary is constructed using
supervised learning. Next,  by introducing an ideal  regularization
term,  the  infrared  image  is  reconstructed  without  losing  struc-
tural  information,  yielding  a  discriminative  principal  component
representation with respect to the learned dictionary. Finally, the
structural features of infrared small targets are reconstructed via
sparse coding,  thereby enabling the extraction of  infrared small
targets.  Extensive  experimental  results  demonstrate  the  effec-
tiveness of the proposed method.
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 1. Introduction
Infrared small target detection has become a key research
focus  in  computer  vision,  aiming  to  automatically  loca-
lize  and identify  objects  of  interest  within  visual  data.  It
serves as a critical component in a wide range of intelli-
gent systems. This technology has seen extensive practi-
cal applications, including the automated recognition and
tracking  of  suspicious  individuals  in  intelligent  surveil-
lance  systems,  as  well  as  the  perception  of  vehicles  and

pedestrians  in  autonomous  driving  scenarios  to  enhance
operational  safety.  Owing  to  its  capability  to  effectively
model  complex  visual  scenes,  object  detection  plays  an
indispensable  role  in  advancing  industrial  applications
and  cutting-edge  intelligent  technologies.  Despite  the
inherent  advantages  of  infrared  imaging  in  challenging
environments,  achieving  reliable  and  real-time  detection
of  small  infrared  targets  remains  a  significant  challenge
in  practice.  On  the  one  hand,  such  targets  are  typically
characterized  by  limited  spatial  extent  and  extremely
weak  texture  information,  resulting  in  a  scarcity  of  dis-
criminative geometric and structural cues, which compli-
cates  robust  identification.  On  the  other  hand,  infrared
imagery  is  often  affected  by  low  signal-to-noise  ratios
and  pronounced  background  noise,  further  diminishing
the  contrast  between  targets  and  their  surrounding
regions. Moreover, complex natural backgrounds, such as
cloud boundaries and sea clutter, tend to introduce strong
interference, substantially increasing false alarm rates and
ultimately constraining the overall performance of detec-
tion algorithms.
Single-frame  infrared  small-target  detection  methods

are typically divided into two main categories: local con-
trast-based  filtering  approaches  and  global  property-
driven  convex  optimization  models.  Early  single-frame
techniques,  including  the  top-hat  operator,  maximum
mean or median filtering strategies, and two-dimensional
minimum mean  square  error  adaptive  filters,  are  mainly
designed  under  the  assumption  that  background  regions
are  locally  smooth  and  homogeneous.  Based  on  this
assumption,  background  components  are  modeled  and
estimated  within  local  neighborhoods  to  suppress  clutter
and highlight  potential  targets  [1,2].  Following the  same
background  consistency  principle,  local  contrast  opera-
tors  [3]  and  multi-scale  contrast-based  methods  [4]  fur-
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ther  enhance  target  saliency  by  amplifying  the  intensity
discrepancy  between  small  targets  and  their  surrounding
regions.
With  the  rapid  advancement  of  artificial  intelligence,

deep  learning  has  triggered  a  paradigm  shift  in  infrared
small  target  detection,  gradually  steering  research  from
traditional  model-driven  frameworks  toward  data-driven
learning-based  approaches  [5].  Leveraging  the  powerful
representation learning capability of convolutional neural
networks (CNNs), these models are able to automatically
extract  high-level  semantic  features  from  large-scale
infrared  datasets,  leading  to  notable  improvements  in
detection  accuracy.  Some  studies  reformulate  infrared
small target detection as an image segmentation problem
[6], where pixel-wise prediction enables precise localiza-
tion  of  target  regions.  However,  segmentation-based
approaches  typically  require  dense  inference  over  the
entire  image,  involving  extensive  pixel-level  computa-
tions, which results in high computational cost and strin-
gent hardware requirements, thereby limiting their appli-
cability in real-time scenarios. Moreover, the emphasis on
per-pixel  classification often leads to  insufficient  model-
ing of global target structure and semantic context, which
can  degrade  performance  in  target-level  representation
and category discrimination. Alternatively, infrared small
target  detection  has  also  been  directly  formulated  as  an
object  detection  task  [7],  adopting  well-established  deep
learning-based  detection  frameworks.  Representative
examples  include  faster  regional  CNN  [8]  and  the  “you
only look one” (YOLO) family of models [9], which have
been  extensively  explored  in  this  domain.  These
approaches  exploit  hierarchical  convolutional  architec-
tures with successive down-sampling operations to jointly
capture  fine-grained  local  details  and  global  semantic
information in infrared imagery. As a result, target local-
ization and category prediction can be performed within a
unified detection framework, enabling automated infrared
small target detection.
In recent years, graph neural networks (GNNs), which

exhibit  strong  capability  in  modeling  local  structural
information,  have  attracted  increasing  attention  in
infrared  small  target  detection.  Chen  et  al.  [10]  con-
structed a graph representation with super-pixels as nodes
by  integrating  shallow  and  deep  spectral  features,  and
developed  a  GNN  framework  that  alternates  between
graph  convolution  operations  and  attention  mechanisms
to  simultaneously  capture  local  neighborhood  interac-
tions  and  long-range  dependencies.  From  another  per-
spective, the adaptive residual contrast deep (ARCD) net-
work  [11]  employs  dynamic  graph  modeling  and  multi-

scale  graph  convolution  to  effectively  represent  fine-
grained local features. Despite the significant progress of
neural  network-based  approaches,  their  dependence  on
end-to-end feature embedding inevitably results in partial
information degradation during feature propagation. This
limitation  becomes  particularly  pronounced  in  infrared
small target detection, where targets are characterized by
extremely  small  spatial  scales  and  weak  texture  cues,
thereby  reducing  the  robustness  of  such  models  in  com-
plex environments. Motivated by these challenges, recent
studies have shifted toward higher-order modeling strate-
gies  that  explicitly  integrate  external  prior  knowledge  to
better  exploit  the  structural  and  statistical  properties
inherent in infrared imagery. For instance, by incorporat-
ing  non-local  autocorrelation  characteristics  of  infrared
backgrounds together with sparse representation assump-
tions, the method in [12] enables accurate separation and
detection of small targets. Liu et al. [13] further enhanced
detection  performance  by  introducing  an  effective  stra-
tegy  that  accounts  for  target  scale  variation  and  spatial
positional information. More recently, Xia et al. [14] pro-
posed  an  approach  that  constructs  spatiotemporal  patch
tensors  and  imposes  non-local  patch  similarity  con-
straints  to  facilitate  infrared  data  completion  and  recon-
struction. Beyond these approaches, several recent works
have  explored  low-rank  tensor  modeling  for  infrared
small target detection, aiming to uncover latent non-local
correlations within background components.  Representa-
tive efforts include a Hankel tensor-based subspace repre-
sentation  model  combined  with  non-convex  tensor  com-
pletion  techniques,  which  enables  effective  recovery  of
low-rank  background  structures  from  infrared  images
[15].
In  this  work,  infrared  small  target  detection  is  formu-

lated  within  a  generalized  robust  principal  component
analysis  (RPCA) framework.  A supervised learning stra-
tegy is adopted to construct a dictionary that is both dis-
criminative and capable of  faithful  signal  reconstruction.
To effectively incorporate label information into the dic-
tionary  learning  process,  an  ideal  coding  regularization
term  is  introduced  into  the  optimization  objective.  Fur-
thermore,  by  imposing  sparsity  constraints  on  the  low-
rank  formulation,  the  proposed  model  is  able  to  learn
sparse  and  structurally  meaningful  representations  of
infrared imagery.
The main contributions of this study are summarized as

follows:
(i)  A  novel  image  representation  method  based  on

structured  robust  principal  component  analysis  is  pro-
posed,  which enables effective detection of small  targets
embedded in complex backgrounds.
(ii)  A  discriminative  yet  reconstructive  dictionary  is
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designed to jointly capture the low-rank background com-
ponent and the sparse target component of infrared images.
(iii)  The  proposed  algorithm  demonstrates  strong

robustness,  maintaining  reliable  detection  performance
even in infrared scenes with heavy clutter and extremely
weak small target signals.

 2. Related works
Many  researchers  have  focused  on  infrared  small-target
detection  using  data  structures,  where  small  targets
exhibit  inherently  sparse  properties  that  facilitate  their
separation.  Such  detection  methods  are  categorized  into
single-frame  approaches,  which  analyze  individual
images,  and  multi-frame approaches,  which  exploit  tem-
poral information across consecutive frames.

 2.1    Single-image infrared small target detection

Recent  studies  have  also  explored  infrared  small  target
detection from the  perspectives  of  weak supervision and
computationally efficient modeling. Ying et al.  [16] pro-
posed  a  label  evolution  strategy  based  on  single-point
annotations, where intermediate predictions generated by
a convolutional  neural  network during training are  itera-
tively exploited to propagate sparse labels, enabling end-
to-end  pixel-level  learning  of  target  masks.  To  address
the  issue  of  insufficient  target-background  contrast,
Zhang et al. [17] drew inspiration from Taylor finite-dif-
ference  theory  and  designed  an  edge-enhancement  mo-
dule  coupled  with  a  bidirectional  attention  aggregation
scheme,  which  effectively  emphasizes  target  boundaries
and  captures  fine-grained  shape  information.  From  a
semantic modeling viewpoint,  Nian et  al.  [18] integrated
gradient-flow-based  segmentation,  local  nonlinear  fea-
ture representations, and multi-scale feature fusion to sig-
nificantly strengthen the semantic expressiveness of small
targets.
To  balance  semantic  abstraction  with  detail  preserva-

tion, Zhang et al. [19] introduced a parallel encoder block
(PEB) that combines Transformer and convolutional archi-
tectures,  and  further  proposed  a  stochastic  connection
attention mechanism to sparsity information flow, thereby
reducing model complexity and parameter count. In terms
of network light-weighting, Zhang et al. [20] incorporated
a  wavelet-structured  regularization-guided  soft  channel
pruning  strategy,  achieving  improved  detection  accuracy
while substantially decreasing computational cost. In addi-
tion,  Wu  et  al.  [21]  constructed  a  dedicated  dataset  for
spaceborne  infrared dim small  vessel  detection,  providing
valuable data support for subsequent research.
With  respect  to  architectural  innovations,  Zhang et  al.

[22]  redesigned  the  encoder-decoder  structure  of  seg-

ment  anything  model  (SAM)  and  introduced  a  Perona-
Malik diffusion-based feature enhancement module along
with a granularity-aware decoder, leading to superior per-
formance  across  multiple  evaluation  metrics.  Further-
more,  Zhang  et  al.  [23]  combined  a  context-mixing
decoding scheme with spatial-frequency attention mecha-
nisms and an eye-shaped enhancement module, resulting
in  notable  improvements  in  overall  infrared  small  target
detection performance.

 2.2    Multi-frame infrared small target detection

From the  perspective  of  modeling target  scale  variations
and  spatial  positional  information,  Liu  et  al.  [24]  pro-
posed  an  effective  strategy  to  enhance  detection  perfor-
mance. Concurrently, a range of emerging network archi-
tectures  has  been  applied  to  infrared  small  target  detec-
tion,  including  Transformer-based  models  [25],  implicit
neural  representation  frameworks  [26],  and  graph  neural
networks  leveraging  non-local  relational  modeling  [27].
These methods are designed to build more discriminative
representations  in  high-dimensional  feature  spaces,
thereby  improving  detection  robustness  in  complex  and
dynamically  changing  background  environments.  Never-
theless,  most  data-driven  methods  tend  to  approximate
infrared  images  using  quasi-convex  distributions  and
learn  direct  mappings  from  input  imagery  to  segmenta-
tion  masks.  Such  formulations  often  fail  to  adequately
capture  the  intrinsic  structural  characteristics  of  infrared
backgrounds.  To  address  this  limitation,  Xia  et  al.  [28]
proposed  constructing  spatiotemporal  patch  tensors  and
imposing  non-local  patch  similarity  constraints  to  facili-
tate  completion  and  reconstruction  of  infrared  sequence
data. Beyond the line of work, recent studies have incor-
porated low-rank tensor modeling into infrared small tar-
get  detection  to  explicitly  exploit  non-local  correlations
within  background  components.  For  example,  a  Hankel
tensor-based  subspace  representation  model  combined
with  non-convex  tensor  completion  was  introduced  to
recover  low-rank  structural  features  from  infrared
imagery [29].
Building  upon  these  advances,  Liu  et  al.  [30]  intro-

duced the tensor nuclear norm (TNN) to naturally extend
conventional matrix completion frameworks to the tensor
domain, where the TNN is defined as a weighted summa-
tion of the nuclear norms of unfolded tensor matrices. Mu
et al. [31] further reformulated the nuclear norm of square
matrices  constructed  from  tensors  via  re-parameterized
modeling.  However,  existing  studies  have  demonstrated
that reconstruction accuracy based on nuclear norm mini-
mization  can  deteriorate  significantly  under  high  sam-
pling ratios along rows or columns, highlighting inherent
limitations of such approaches [32].
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 3. Infrared small target detection technology
optimization

 3.1    Problem description

Infrared small  target detection can be viewed as an opti-
mization  problem:  perform  robust  principal  component
analysis on the input infrared image, i.e.,

X = L+S (1)

where L is a low-rank matrix and S is a sparse matrix.
Decompose  the  input  X  into  L+S  and  minimize  the

rank of L:

min
L,S

rank (L)+λ||S||0

s.t. X = L+S (2)

where λ is a balancing parameter.
The  above  is  an  non-deterministic  polynomial  hard

problem. Minimizing the rank of L can be approximated
by  minimizing  the L  nuclear  norm,  which  is  feasible  in
mathematical  theory.  Therefore,  the  above  optimization
problem can be transformed into:

min
L,S
||L||∗+λ||S||1

s.t. X = L+S (3)

||L||*
||S||1 L1

where    is  the nuclear norm of L,  that  is,  the sum of
singular values;   is the   norm of S.
The  background  of  infrared  images  is  low-rank  com-

pared  to  infrared  small  targets;  using  principal  compo-
nent  analysis,  the  infrared  background  is  decomposed
during  the  alternating  optimization  of  low-rank  and
sparse  components.  Consider  the  infrared  small-target
detection  problem.  Here,  the  dataset  is  a  union  of  many
subjects;  samples  of  one  subject  tend  to  be  drawn  from
the  same  subspace,  while  samples  of  different  subjects
are  drawn  from different  subspaces,  as  shown  in Fig.  1.
For the image on the left, a discriminative and reconstruc-
tive  dictionary  is  constructed  through  robust  principal
component analysis using a supervised learning approach,
thereby obtaining the image on the right with the desired
characteristics.  A  more  general  rank-minimization  prob-
lem is formulated as

min
L,S
||Z||∗+λ||S||2,1

s.t. X = DZ+S (4)

where Z  is  the  representation  matrix,  and D  is  a  dictio-
nary that  linearly spans the data space.  The quality of D
will  affect  the  small-target  extraction  capability  of  the
representation S.

 

Fig. 1    Construction of the required image
 
Learn  low-rank  and  sparse  representations  of  images.

Low-rankness  reveals  structural  information.  Sparsity
separates  background  and  small  targets.  Given  a  dictio-
nary D, the objective function is formulated as

min
Z,S
||Z||∗+λ||S||1+β||Z||1

s.t. X = DZ+S (5)

where λ, β control the sparsity of the noise matrix S and
the representation matrix Z, respectively.

||Z−Q||2F
Learn  a  semantically  structured  dictionary  via  super-

vised learning. We add a regularization term   to
incorporate  structural  information  into  the  dictionary
learning process, where Q is the ideal representation of Z.
The dictionary learning objective is defined as

min
Z,S,D
∥Z∥∗+λ∥S∥1+β∥Z∥1+α∥Z−Q∥2F

s.t. X = DZ+S (6)

where α is the weight controlling the regularization term.

 3.2    Optimization procedure

To solve the proposed optimization problem, an auxiliary
variable W is first introduced to make the objective sepa-
rable. The problem can be rewritten as

min
Z,S,D
||Z||∗+λ||S||1+β||W||1+α ||W−Q||2F

s.t.
X = DZ+S

W = Z
(7)

where W is a auxiliary variable.
Its augmented Lagrangian function is

L (Z,W,S,D,Y1,Y2,µ) =

||Z||∗+λ||S||1+β||W||1+α ||W−Q||2F+

h (Z,W,S,D,Y1,Y2,µ)−
1

2µ

(
||Y1||2F+ ||Y2||2F

)
(8)

where
h (Z,W,S,D,Y1,Y2,µ) =

µ

2

(∣∣∣∣∣∣∣∣∣∣X− DZ−S+
Y1

µ

∣∣∣∣∣∣∣∣∣∣2
F

+

∣∣∣∣∣∣∣∣∣∣Z−W+
Y2

µ

∣∣∣∣∣∣∣∣∣∣2
F

)
, (9)

ηY1 and Y2 are two multiplier  terms,  and μ and   are two
equilibrium coefficients.
Minimize this function by alternately updating the vari-

ables Z, W, S. The specific steps are as follows:
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Z j+1Update  :

Z j+1 = arg min
1
ηµ
∥Z∥∗+

1
2

∥∥∥∥∥∥Z− Z j+[
−DT

(
X− DZ j−S j+Y j

1/µ
)
+

(
Z−W j+Y j

2/µ
)]

η

∥∥∥∥∥∥2

F

. (10)

W j+1Update  :

W j+1 = arg min
w

β

2α+µ
∥W∥1+

1
2

∥∥∥∥∥∥W−(
2α

2α+µ
Q+

1
2α+µ

Y j
2 +

µ

2α+µ
Z j+1

)∥∥∥∥∥∥2

F

. (11)

S j+1Update  :

Sj+1 = arg min
s

λ

µ
∥S∥1+

1
2

∥∥∥∥∥∥S−
(

1
µ

Yj
1+X− DZ j+1

)∥∥∥∥∥∥2

F

. (12)

By  the  above  alternating  direction  method  of  multip-
liers,  the  small  targets  in  infrared  images  can  be  ulti-
mately solved by iteration.

 4. Experimental validation
To  objectively  demonstrate  the  superiority  of  our  algo-
rithm, we compare it with several advanced methods on a
public  infrared  small-target  detection  dataset.  The  com-
pared  methods  are  the  top-performing  algorithms  from
the past  two years.  These methods involve different  net-
work  architectures,  such  as  convolutional  neural  net-
works  (CNN)  and  Transformers.  The  compared  algo-
rithms  include  graph-based  context  learning  network
(GCLNet)  [33]  (2025),  spatial-channel  cross  transformer
network  (SCTransNet)  [34]  (2024),  dense  nested  atten-
tion  network  (DNA-Net)  [35]  (2023),  and  attention-
guided pyramid context network (AGPCNet) [36] (2023).
All  our  training,  testing,  and  validation  experiments  are
performed on a host equipped with an i9 CPU and 64 GB
RAM.

 4.1    Quantitative comparison experiments

pd Fa

F1

The  quantitative  comparison  experiments  are  conducted
on the commonly used public dataset Infrared Small Tar-
get  Detection-1k  (IRSTD-1k).  Comparison  metrics
include detection rate ( ), false alarm rate ( ), intersec-
tion over  union (IOU),  normalized IOU (nIOU),  and the
 measure.  The  formulas  for  these  five  metrics  are  as

follows.
Detection rate:

Pd=
Npred

Nall
(13)

Npred

Nall

where    is  the  number  of  correctly  predicted  targets;
 is the total number of targets.
False alarm rate:

Fa=
Nfalse

Nall
(14)

Nfalsewhere   is the number of false positive targets.
nIOU:

nIOU=
Ai

Au
=

N∑
i=1

TP [i]

N∑
i=1

(T [i]+P [i]−TP [i])

(15)

where TP (true positive) represents the number of pixels
(or  area)  where  the  predicted  region  overlaps  with  the
true target region, T (ground truth target) denotes the area
of the true labeled target region (the total number of true
target pixels), P (prediction) signifies the area of the pre-
dicted target region (the total number of target pixels pre-
dicted  by  the  algorithm), Ai  (intersection  area)  indicates
the intersection area between the predicted region and the
true  region, Au  (union  area)  represents  the  union  area  of
the predicted region and the true region.

F1  metric:

F1 =
2Prec ·Rec
Prec+Rec

(16)

where Prec and Rec are precision and recall, respectively.
Table 1 shows quantitative comparison results between

the  proposed  algorithm  and  four  state-of-the-art  infrared
small-target  detection  algorithms,  including  GCLNet,
SCTransNet, DNA-Net, and AGPCNet. Among them, the
underlined  data  represents  suboptimal  results,  and  the
bolded  data  represents  the  optimal  results.  The  results
indicate  that  the  proposed  robust  principal  component
analysis-based  infrared  small-target  detection  algorithm
achieves  excellent  quantitative  results,  with  the  highest
detection  rate  among  all  compared  algorithms.
SCTransNet,  based  on  the  Transformer  framework,  also
performes  well,  achieving  the  lowest  false  alarm  rate.
AGPCNet’s  results  are  unsatisfactory;  its  designed  net-
work structure has significant flaws, putting it at a disad-
vantage across all metrics. The attention mechanism built
in  DNA-Net  effectively  aggregates  target  features,
thereby successfully detecting small targets.
 
 

Table 1    Quantitative comparison experiment results conducted on
the public dataset IRSTD-1k

Algorithm
IRSTD-1k

IOU nIOU F1 Pd Fa

GCLNet [33] 81.45 82.31 91.32 97.26 17.26

SCTransNet [34] 80.26 80.78 87.16 90.25 13.25

DNA-Net [35] 76.33 77.51 83.10 91.64 31.00

AGPCNet [36] 63.25 65.07 76.81 95.20 36.25

Proposed method 81.56 82.30 92.56 98.21 17.77
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 4.2    Qualitative comparison experiments

In addition to quantitative comparison experiments, quali-
tative  comparisons  are  also  conducted. Fig.  2  shows  the
results of qualitative comparison experiments. From these
results,  it  can  be  seen  that  across  diverse  test  scenarios,
all  compared  algorithms  performed  fair  detection.  Even

in  the  face  of  complex  backgrounds,  it  can  still  effec-
tively eliminate  clutter.  The six displayed scenes are  va-
ried,  including  aerial  targets  and  complex  backgrounds.
Scenes involve branches, buildings, artificial streetlights,
pedestrians, and so on. The scenes are very complex and
representative,  and  are  the  kinds  of  situations  infrared
cameras often face in crowded or wild areas.

 
 

(b) AGPCNet(a) Input (c) DNA-Net (d) GCLNet (e) SCTransNet (f) Proposed method

Fig. 2    Experimental results in typical scenarios
 

In the comparison results, although the AGPCNet algo-
rithm detects all targets, its false alarm rate is high. Many
results  contain  background  information  because  its  net-
work’s  threshold  for  distinguishing  background  and  tar-
gets  is  low  and  its  capability  is  weak.  SCTransNet’s
detection  results  are  unsatisfactory;  in  many  common
scenes it almost fails to detect targets, and even though it
has the lowest false alarm rate,  that  does not help detec-

tion  much.  DNA-Net’s  results  are  relatively  good,  but
there are still many visible clutters, as can be seen in the
results of Fig. 3. For handling clutter, SCTransNet is not
as  strong  as  GCLNet;  GCLNet  achieves  impressive
experimental results and a decent detection rate. Even so,
it  is  still  below the algorithm we propose.  Our  proposed
algorithm is  unique in  handling clutter  and noise:  robust
principal component analysis can accurately extract small-

784 Journal of Systems Engineering and Electronics Vol. 37, No. 3, June 2026



target  features  and  summarize  background  information.
The results show that the algorithm proposed in this paper

detects all small targets, and even when faced with com-
plex backgrounds, the detection results are still the best.
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Fig. 3    Three-dimensional intensity maps of six scenarios and the detection results of all algorithms
 

 5. Conclusions
This paper proposes an effective robust principal compo-
nent analysis model to address the small-target detection
problem  in  complex  scenes.  To  tackle  the  difficulty  of
extracting  small-target  features  in  complex  scenes  and
their  susceptibility  to  interference,  we  propose  an  algo-
rithmic  framework  based  on  robust  principal  component
analysis  specifically  designed  for  infrared  small-target
detection  in  complex  backgrounds.  First,  we  formulate
infrared small-target detection as a general robust princi-
pal component analysis process and construct a discrimi-
native learned dictionary. Second, by introducing regular-
ization terms, we reconstruct infrared images without los-
ing structural information to obtain discriminative princi-
pal component representations relative to the constructed
dictionary.  Finally,  we reconstruct  the structural  features
of  infrared  small  targets  via  sparse  coding  to  extract  the
infrared small targets. In future work, we will continue to
optimize  the  robust  principal  component  analysis  model
and design more appropriate regularization terms and dic-
tionaries to improve detection results.
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