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LCPNet: Latent Consistent Proximal Unfolding Network

for Infrared Small Target Detection

Tianfang Zhang, Fengyi Wu, Lei Li, Chang Liu, Zhenming Peng, Huaping Zhang, Xiangyang Ji

Abstract—Infrared small target detection (IRSTD) aims to
identify long distance small targets from complex infrared
backgrounds, and is a fundamental task in remote sensing. Deep
learning methods have improved IRSTD by learning discrimi-
native image-to-mask mappings, but such feed-forward designs
often underuse physical decomposition structure between targets
and backgrounds. Deep unfolding methods partially address this
issue by embedding model-driven iterations into neural networks,
yet existing designs still operate mainly in image domain and
use updates and memory mechanisms that are not fully coupled
with underlying optimization process. To address these limita-
tions, we propose Latent Consistent Proximal unfolding network
(LCPNet). First, we verify that low-rank prior remains valid in
latent representations and perform unfolding in this space, pre-
serving physical constraint while avoiding repeated compression
of intermediate states. Second, we derive a Latent Consistent
Proximal (LCP) solver that evolves each latent variable from
its previous state rather than reconstructing through an indi-
rect residual, and stabilizes small target updates through task-
adaptive normalization and gain control. Third, we introduce
Shared Optimization Memory (SOM), a common historical state
shared by all decomposition variables to provide coordinated
guidance across unfolding stages. Extensive experiments on four
public benchmarks demonstrate that LCPNet outperforms state-
of-the-art methods while achieving accurate and robust detection
with low false alarms and competitive efficiency. Model and code
are available at https://github.com/Tianfang-Zhang/L.CPNet.

Index Terms—Infrared small target detection, deep unfolding
network, interpretability, low-rank and sparse decomposition,
image segmentation.

I. INTRODUCTION

NFRARED small target detection (IRSTD) is a fundamen-

tal capability for long-range perception systems, with broad
value in remote sensing monitoring, maritime and aerial early
warning, and security reconnaissance [1], [2]. Compared to
other imaging techniques, infrared sensors capture thermal
radiation and can operate under weak illumination, nighttime
conditions, and high disturbance. This passive imaging mech-
anism renders IRSTD uniquely effective in scenarios where it
is difficult to observe targets through conventional visual cues.
Leveraging these advantages, IRSTD offers significant practi-
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Fig. 1. Comparison of F,(1075)-ToU scatter plots for infrared small target
detection algorithms on IRSTD-1k [7]. Circle size indicates the parameter
number. Points closer to top-left indicate better performance.

cal value and is one of the most prominent and challenging
tasks in low-level vision and remote sensing.

The difficulty of IRSTD stems from the inherent imaging
characteristics of infrared small targets. In long-range ob-
servations, a target often occupies only a few pixels, lacks
stable shape and texture, and appears as an extremely sparse
response embedded in a large background region [1], [2]. Such
targets provide insufficient semantic evidence for conventional
object detection pipelines. Meanwhile, infrared backgrounds
are often highly nonuniform: cloud edges, sensor noise, and
other locally bright clutter may exhibit target-like contrast,
leading to false alarms [3]. Therefore, IRSTD relies more
on reliable background suppression, weak target enhancement,
and the precise distinction between sparse target responses and
residual clutter signals [4]-[6].

Recent deep learning methods have substantially advanced
IRSTD by learning more powerful multiscale and context-
aware representations from annotated infrared images. CNN-
based segmentation models, U-shaped architectures, attention
mechanisms, and dense nested networks have improved target
localization and background discrimination under complex
scenes [3], [6], [8]-[12]. These methods demonstrate that data-
driven feature learning can compensate for the weak appear-
ance of infrared small targets. However, most traditional deep
learning models remain confined to an end-to-end learning
paradigm that directly maps infrared images to target masks.
Under this paradigm, the learned behavior is mainly shaped by
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Fig. 2. Visualization of the low-rank property in latent domain. From top
to bottom are the original infrared image, a visualized channel from the
latent, and Tucker rank analysis of the latent. It can be observed that,
whether in simple scene (sky XDUS82 in NUDT-SIRST [9]) or complex scene
(forest XDU41), the latent exhibits distinct low-rank property in both visual
visualization and Tucker rank analysis. For more scenes and rank analyses,
please refer to Appendix D.

network architecture, loss supervision, and training data, rather
than by an explicit physical model of infrared image formation.
Consequently, it neglects the realistic physical modeling of
background-target-noise decomposition. This limitation causes
models to generate excessive and cumulative false positives in
complex scenarios.

Physical modeling for IRSTD motivates a review of the
model-driven methods. Infrared small target image naturally
admits a low-rank and sparse decomposition formulation,
where the observation can be regarded as the superposition of
a structured background, sparse target, and noise component,
i.e., X = B+ T+ N as shown in Fig. 2. Classical RPCA and
infrared patch-image models provide an interpretable founda-
tion for separating sparse targets from low-rank backgrounds
[5], [13]-[15]. Howeyver, traditional optimization-based meth-
ods rely on fixed handcrafted priors, require iterative matrix
computations, and are sensitive to regularization parameters
and background statistics. Deep unfolding offers a principled
compromise by unrolling iterative optimization into a finite
number of learnable stages, thereby combining interpretable
algorithmic structure with data-driven representation learn-
ing [16]-[18]. This paradigm is particularly attractive for
IRSTD because each stage can be associated with a target-
background-noise separation process while still adapting the
solver to real infrared data.

Despite this progress, existing deep unfolding methods
still face three key limitations. First, to preserve the image-
domain physical constraint, most unfolding frameworks trans-
mit image-domain variables between adjacent stages [17],
[18]. This design requires each stage to project its intermediate
representation back to low-dimensional images. Such repeated
compression preserves explicit physical interface, but it would
weaken the high-frequency and low-contrast responses that
are critical for small target detection. Second, existing learned
proximal solvers often obtain variables through indirect resid-
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Fig. 3. Tllustration of design differences between methods. (a) Upper: formula-
based modeling. Lower: feature visualization. In previous studies (left), B¥—1
and B* are similar, but the update using D¥—1 — T*—1 violates feature
consistency. In our LCP solver (right), the current state is directly determined
by previous state, thereby ensuring feature consistency. (b). Previous methods
(left) only used branch-level memory when updating B. Our SOM (right)
features a shared optimization memory state for all variables, which directly
participates in all updates, ensuring the historical memory of each one.

ual reconstruction, rather than directly evolving the previous
state [16]-[18] as shown in Fig. 3(a). This weakens the conti-
nuity of background trajectory and may cause target leakage.
Moreover, batch normalization is not well suited to IRSTD,
since its statistics are dominated by abundant background
pixels and fluctuate under small training batches, which can
dilute weak target responses and destabilize repeated unfolding
updates [19]-[22]. Third, existing cross-stage memory mecha-
nisms are typically attached to a single decomposition variable,
so historical information is reused only within a local update
[18], [23]. Such branch-specific memory does not represent
a shared optimization state of the unfolding process as in
Fig. 3(b)(left), and therefore cannot provide common historical
guidance for all coupled decomposition variables.

To address these issues, we propose Latent Consistent Prox-
imal Unfolding Network (LCPNet) for infrared small target
detection. After verifying that the low-rank physical prior
remains valid in latent representation, we lift the execution
domain of unfolding from image to latent, preserving the
decomposition constraint while avoiding repeated projection of
intermediate states. Then, LCPNet derives a Latent Consistent
Proximal (LCP) solver for direct proximal updates, where
each variable is evolved from its previous state rather than
reconstructed from an indirect residual. Its updater further uses
group-wise normalization and spectral gain control to better
fit the small-batch and background-dominated characteristics
of IRSTD. Finally, LCPNet replaces branch-specific memory
with Shared Optimization Memory (SOM), which is accessible
to all decomposition variables and provides unified guidance
for the coupled latent optimization across stages.

The main contributions of this work are summarized as
follows:
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Fig. 4. Overall architecture of LCPNet. An infrared image is first lifted into the latent domain, where latent-space decomposition is performed through K
unfolding stages, and the final target representation is decoded to image domain for detection.

o We verify that the low-rank decomposition prior remains
valid in latent representations. Based on this observa-
tion, we formulate latent-domain unfolding to preserve
the physical constraint while avoiding repeated variable
compression.

e We derive a LCP solver for consistent proximal-state
updates, allowing each latent variable to evolve from
its previous state instead of indirect residual reconstruc-
tion. A group-wise and gain-controlled updater is further
adopted to suppress background induced false alarms.

o We propose SOM as a system-level historical state for the
unfolding process. SOM is shared by all decomposition
variables and provides unified guidance for latent updates
across stages.

o We propose LCPNet for infrared small target detection
and extensive experiments on multiple IRSTD bench-
marks demonstrate its superior detection accuracy, robust
scene adaptability, and effective false-alarm suppression
under diverse infrared scenes as shown in Fig. 1.

II. RELATED WORK
A. Infrared Small Targets Detection

Existing IRSTD methods can be broadly grouped into
Human Visual System (HVS)-based methods, optimization-
based methods, and deep learning-based methods [1], [2],
[24]. HVS-based methods are among the earliest solutions.
They assume that small targets exhibit local intensity discon-
tinuity relative to their surrounding background and therefore
enhance target-like responses through handcrafted filters or
local contrast measures. Representative methods include Top-
hat filtering [25], max-mean and max-median filtering [26],
local contrast measure (LCM) [4], and multiscale patch-based
contrast measure (MPCM) [27]. These methods are simple,
and computationally attractive, but their handcrafted saliency
assumptions are often fragile in complex scenes.

Optimization-based methods regard infrared backgrounds as
containing strong structural redundancy and can be represented
by low-rank priors, while small targets are sparse outliers
embedded in the observation. Based on this idea, the infrared
patch-image (IPI) model formulates small target detection as a

low-rank and sparse decomposition problem [5]. NRAM fur-
ther introduces non-convex rank approximation with structured
sparsity to better characterize target components [14], while
PSTNN exploits patch-tensor modeling with nonlocal priors
for single-frame detection [15]. Compared with HVS-based
methods, optimization-based methods provide clearer physical
interpretability. However, they usually require iterative solvers,
manually designed priors, and carefully tuned parameters,
which limits their efficiency.

Deep learning-based methods have recently become the
dominant paradigm for IRSTD. Most of these methods are
non-unfolding networks, which directly learn a segmentation
mapping from the infrared input to the target mask in an end-
to-end manner. Early data-driven studies such as MDvsFA
treat IRSTD as small object segmentation and consider the
tradeoff between missed detections and false alarms [3]. Sub-
sequent works improve representation learning by designing
IRSTD-specific networks, including asymmetric contextual
modulation [8], attentional local contrast learning [6], dense
nested attention [9], UNet-in-UNet structures [10], attention-
guided pyramid context aggregation [11], and shape-aware
supervision [7]. More recent methods further explore scale and
location sensitivity [12], SAM adaptation for infrared small
targets [28], learnable saliency kernels [29], pinwheel-shaped
convolution and scale-aware loss design [30], and low-level
feature modeling [31]. These networks have greatly improved
detection accuracy, but their inference process is usually a
black-box input-to-mask mapping.

Another emerging branch is deep unfolding-based IRSTD,
which converts iterations of a traditional optimization al-
gorithm into trainable stages [16]. This paradigm preserves
model interpretability while replacing expensive analytical
subsolvers with learnable neural modules. RPCANet and RP-
CANet++ instantiate this idea by unfolding RPCA-like decom-
position for infrared small target detection and enhancing it
with learnable stage-wise modules [17], [18]. With its ability
to integrate physical priors and data-adaptive learning, deep
unfolding provides a promising foundation for more reliable
and interpretable IRSTD models.
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B. Deep Unfolding in Vision Models

Deep unfolding transforms an iterative optimization algo-
rithm into a trainable network by mapping each iteration to
a network stage and replacing fixed algorithmic components
with learnable parameters or neural operators [16]. It bridges
model-driven optimization and modern deep vision by pre-
serving algorithmic structure and reducing iterative inference
cost.

The idea first became influential in sparse coding and
compressive sensing [32], [33]. ISTA-Net unfolds ISTA into
a structured network with learnable transforms, achieving
interpretable and efficient reconstruction [34], while LDAMP
and AMP-Net unfold denoising-based approximate message
passing for compressive image recovery [35], [36]. ADMM-
Net similarly unfolds ADMM for MRI, replacing shrinkage
functions with trainable counterparts [37]. Beyond this, un-
folding has been widely adopted in image inverse problems
[38], [39]. These methods avoid learning the entire inverse
mapping from scratch; instead, they constrain certain calcula-
tions using known physical laws, while neural modules learn
the missing prior [40], [41]. Low-rank and sparse decompo-
sition is another natural domain for unfolding [13]. Learned
RPCA extends this idea by unfolding scalable RPCA iterations
and learning thresholds [42]. For IRSTD, RPCANet and RP-
CANet++ instantiate this principle and retain the background-
target decomposition structure [17], [18].

Diffusion and score-based generative models can also be
viewed as broad deep unfolding vision models, since they
parameterize long denoising trajectories with learned stage-
wise operators [43]-[49]. This broader view links unfolding,
iterative generation, and inverse vision models through a
shared emphasis on stage design, update stability, and state
propagation.

C. Recurrent and State-Space Optimization in Vision

In unfolding vision networks, historical states help each
stage reuse previous residuals along the optimization trajec-
tory. This view is consistent with classical momentum and
optimization [50], and is often implemented with recurrent
modules such as LSTM, GRU, and ConvLSTM, which pre-
serve temporal states through gated transitions [23], [51], [52].

Recurrent state modeling has been adopted in several
inverse-vision solvers. Recurrent inference machines learn
iterative inverse-problem updates with a hidden state [53]
and MRI reuse cross-stage estimates through dense recur-
rent connections and recurrent variational networks [54]-
[56]. These methods show that treating stage history as part
of the solver state can improve reconstruction quality and
optimization efficiency. State-space models further broaden
this idea for visual representation. S4 and Mamba propagate
hidden states over long sequences with efficient structured
[57], [58], while vision mamba adapt such state propagation to
images through bidirectional visual scans [59], [60]. Motivated
by these developments, LCPNet uses a shared optimization
memory to represent the historical trajectory of the coupled
latent decomposition variables, allowing system-level state to
guide all primal-variable updates across unfolding stages.

III. METHODOLOGY

This section presents the methodology of LCPNet in a
progressive manner. We first verified that physical priors
remain valid in latents and reformulate the decomposition in
latent domain. We then derive LCP solver for direct proximal-
state updates, followed by the SOM that provides historical
guidance for all coupled variables. Finally, we describe how
these components are instantiated in the network architecture.

A. Latent-Space Decomposition Formulation

Classical low-rank and sparse decomposition methods for-
mulate IRSTD as an image-domain separation problem. Given
an infrared observation X, the background, target, and noise
components are estimated directly in the physical image space:

X=B+T+N, st X,B,T,NeR>W (1
This formulation is the basis of representative model-driven
methods such as IPI, NRAM, and PSTNN [5], [14], [15],
and it is also inherited by recent image-domain unfolding
frameworks such as RPCANet and RPCANet++ [17], [18].
Its main advantage is that the optimization variables remain
directly interpretable in the physical image domain. How-
ever, when this formulation is unfolded into a deep network,
each stage still exchanges single-channel physical variables
and repeatedly projects the optimization trajectory back to
RZ*W This low-dimensional stage interface can attenuate
high-frequency small-target clues during reconstruction and
prevents background, target, and noise representations from
evolving persistently in a high-dimensional feature space.

To address these limitations, we first verified the low-rank
property of latent variable through visualization and singular
value analysis, as shown in Fig. 2. The singular values plot
of the feature tensor decay rapidly, and indicates that latent
representation still satisfies the low-rank physical assumption.
This prior is applicable to both simple and complex scenarios,
and Appendix D further demonstrates this prior from multiple
perspectives. More specifically, we use a set of encoders to
map image-domain variables to latent variables:

X = EX(X)7
T = Er(T),

B= EB(B)7

N = Ex(N). @

The decomposition constraint is then imposed in the latent
space:

X=B+T+N, st X,B7T,NecRIXWxC (3

Compared with the image-domain formulation, the latent
manifold provides a high-dimensional stage interface, allow-
ing small-target and background structures to be propagated
through C-channel optimization variables. This design pre-
serves weak high-frequency target evidence across stages and
lets background, target, and noise representations evolve on
a richer latent manifold. After the iterative decomposition,
projectors map the target-related latent variables back to the
image domain for final detection output.
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Fig. 5. Details of our custom-designed modules. (a) Illustration of the k-th unfolding stage, f*~1 € {B,T,N,Y}*~1 is a set of latent variables. (b)
Illustration of LCP solver, each solver contains N convolutional modules. ks denotes convolutional kernel size, and g denotes the group number in GN. (c)

Tlustration of SOM, where OF~1 = Cat([X, {f*~1}]).

Under this latent-space physical model, the general decom-
position objective of IRSTD can be written as

L(p) =Rp(B) + R7(T) + Ry(N;0) + F(B, T,N), 4

Fidelity Item

Constraint Items

where Rp(-), R7(:), and Rar(-;0) denote the constraint
items, and these constraint functions are assumed to be un-
known in the latent space. The fidelity item enforces consis-
tency with the latent observation and is usually instantiated as
FB,TN)=5|X-B-T-N|3.

Following the Alternating Direction Method of Multipliers
(ADMM) [61], we introduce the latent dual variable )/ and
write the augmented Lagrangian as:

Lu(B, T, N,Y) =Rs(B) + R7(T) + Ry (N 0)

5
+<y,X—B—T—N>+gHX—B—T—NH?. ©)
ADMM decomposes this objective into three main subprob-
lems for B, T, and V. Since these subproblems share the same
proximal form, we take the B-subproblem as the representative
case, with the detailed derivation provided in Appendix A:

B =arg mgn Rp(B)

4 Iype c©

+“HXBT’“N’“
2 %

F

The next subsection details how LCPNet turns this implicit
latent proximal step into a direct learnable solver.

B. Latent Consistent Proximal (LCP) Solver
We derive the LCP solver from the B-subproblem. For
compactness, define the problem as:

Vg—l . Tk*l _Nk*l 4 Lykfl' (7)
KB

Then the B update can be written in the proximal form

. 1B _1p2
Bk = arg min Ri(B) + o 1B-vE .- (8)
In conventional optimization-based IRSTD models, the reg-
ularizer R(-) is manually specified to encode a prescribed
background prior, such as low-rank priors with nuclear norm
| - ||« constraints. However, there is an inherent gap between
manually specified priors and the true physical attributes,
so no analytical constraint can fully characterize the desired
component. We therefore regard R;(-) as an unknown latent
regularizer. Specifically, assume that VRp is L p-Lipschitz
continuous:
IVRsMU) ~ VRsW)p < L U~ V] O
Under the Lipschitz condition in Eq. 9, the smooth Taylor
upper bound [50] gives:

Ri(B) < Re(B"1) + (VRp(B*1),B—B"1)

L _1n2 (10
+ BB, BRI
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Substituting the majorization in Eq. 10 into the proximal
subproblem in Eq. 8, and removing constants independent of
B, gives the surrogate objective:

1
Bkt - —
B (B 17

B

. L 2
Ts(B) = =

+ B2 B -vE

VRB(B’“‘l))

F (1D

The surrogate objective in Eq. 11 is the sum of two quadratic
terms. Its minimizer admits the following closed-form update,
with the detailed derivation provided in Appendix B:

k__ Ls
Lp+ 1B

UB
Lp+ up

k—1 k—1_VRB(Bk_1)

. (12)
B Lp+ 1B

The closed-form solution in Eq. 12 is strictly equivalent to
a gradient-like descent step:

1
Br_pgk-1___ - (VRB(Bk_l) +up(BE1 _Vg—l)).
Lp+pup
(13)
Equivalently, this update can be written as:
BF = Bl —ppght (14)

where ng = 1/(Lp+up). This formulation explicitly anchors
the update on the previous state B*~!, providing a more
directly reference for estimating the next background state 3.
By substituting Eq. 7 into Eq. 13 and defining the current
latent residual as PF~1 = X — BF—1 — 7k-1 _ NE-1 the
ideal update direction is directly obtained as:

Gy ' =VRp(B"") —ppP" " =YL 5)

However, directly computing G ?1 inside a network module
is not practical. First, R(-) is an unknown latent regularizer,
so VRs(B*~1) has no explicit analytical form. Second, ex-
plicitly concatenating Y*~1, B¥~!, and P*~1 as solver inputs
increases the input complexity of each unfolding stage. Third,
the true update direction should not depend only on the current
variables, it should also reflect the historical optimization
trajectory across previous stages. Therefore, we replace the
ideal direction in Eq. 15 with a learnable latent proximal
surrogate:

Gyt Gt = Up(BFTL - PR Rk, (16)

Instead of directly concatenating all solver variables, BE-1_
PF-1 serves as a compact variable-centered residual that
fuses the current background estimate and the decomposition-
consistency violation into a single surrogate cue. Based on
this approximation, we obtain a more direct Markov-like LCP
solver that incorporates historical trajectories:

BY =B —npUp(BT - PHLAN), a7
h¥ complements the current variables with global memory
from previous stages. The construction of this shared state
and its role in encoding historical optimization trajectories are
detailed in Section III-C.

C. Shared Optimization Memory (SOM)

Existing recurrent unfolding methods usually place the
memory mechanism inside a specific branch of the unfolding
network. For example, RPCANet++ introduces a memory-
augmented module to alleviate inter-stage transmission loss in
background approximation module, mainly aiming to preserve
background features across stages [18]. The stored memory
mainly serves the background branch, and thus cannot directly
modulate the target and noise updates. The target branch
can only benefit from this memory indirectly through the
background representation. Moreover, the variables B, T, N,
Y, and X are not encoded as a coupled decomposition sys-
tem, so the historical optimization trajectory is only partially
represented.

To address these limitations, LCPNet constructs a SOM for
the whole decomposition process. At stage k, we form a joint
observation by concatenating the current latent variables:

or = [BE, TF NV X). (18)

An optimization state cell then maps this joint observation
into a shared state hj through a gated recurrent mechanism
[52]:

zr = o(W, x [og, hi—1] + b)),

ry = o(Wy * [og, hg—1] + by,
hy = tanh(W, * [og, Tk @ hi—1] + by),
he=(1—2;) ©hg—1+ 2O ilk.

(19)

As shown in Fig 5(c), * denotes convolution, zj is the
update gate, 7y is the reset gate, and © denotes element-wise
multiplication. Unlike branch-specific memory, hj is shared
by the B, T, and N update branches and is directly fed into
their proximal surrogate updaters. Therefore, the same system-
level state can modulate all primal updates, making h a global
control variable for the unfolding solver.

The adaptive gates aggregate historical decomposition ob-
servations into a high-order effective memory of the unfolding

trajectory. Recursively expanding Eq. 19 gives
k k 3 k
i=1 t=1 i=t+1
(20)

Eq. 20 shows that Ay, is a gated accumulation of all previous
candidate states, where historical information is adaptively
retained across stages. The detailed proof is provided in
Appendix C, and this expansion indicates that SOM forms a
shared high-order memory for the whole latent system rather
than isolated branch-wise states.

D. Network Architecture

The overall architecture of LCPNet is shown in Fig. 4.
Given an infrared image, LCPNet first lifts the input into latent
domain and then performs K stages of latent decomposition
unfolding. As illustrated in Fig. 5(a), each stage updates the
background, target, noise, and dual variables under the latent
decomposition constraint, while SOM provides historical guid-
ance for the stage-wise proximal surrogate updates. The final
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target representation is decoded back to the image domain to
generate the detection map.

The update module in each stage is shown in Fig. 5(b).
Following the LCP solver derived in Eq. 16, the module
estimates the learned proximal direction from the variable
residual and shared optimization state. The same design is
used for different primal variable branches.

For the updater in LCP solver, a standard batch normal-
ization design is sensitive to mini-batch statistics, which is
not ideal for IRSTD because infrared backgrounds vary across
scenes and small targets occupy only a few pixels [19]. We
therefore use Group Normalization (GN) to normalize features
within each sample, reducing the dependence on batch-level
statistics while preserving scene-specific feature variations
[20]. Furthermore, Spectral Normalization (SN) is adopted
to constrain the gain of the convolutional updater, preventing
background fluctuations from being repeatedly amplified and
improving the discrimination of weak target responses:

W

SN(W) = (W)

2n

where o (W) denotes the largest singular value of the
convolutional weight W, and the normalized operator is used
in the recurrent unfolding updater [22]. As shown in Fig. 5(b),
the final update module combines this gain-controlled convolu-
tion with sample-wise normalization and nonlinear activation,
providing a smoother approximation to the learned proximal

direction G ]1;— L

IV. EXPERIMENTS

This section evaluates the proposed method from several
complementary perspectives. We first introduce the datasets,
metrics, and implementation settings, and then compare the
proposed method with SOTAs in terms of quantitative accu-
racy, visual detection quality, and computational efficiency.
Then, ablation studies are conducted to examine the contri-
bution of each key design. Finally, we discuss the differences
and limitations of our method compared to other approaches,
as well as our outlook for the future.

A. Implementation Details

1) Datasets and Metrics: We evaluate LCPNet on four pub-
licly available benchmarks, namely NUDT-SIRST [9], IRSTD-
1K [7], SIRST [8], and SIRST-Aug [11]. NUDT-SIRST [9]
contains 1327 images with a resolution of 256 x 256, and is
widely used to evaluate robustness under diverse backgrounds
and complex clutter conditions. Following the protocol of [9],
the training and test sets are split 1:1. IRSTD-1K [7] is a
realistic infrared small target detection benchmark, comprising
manually annotated real-world infrared images. It contains 800
training images and 201 test images. SIRST [8] is one of
the earliest and most widely used single-frame benchmarks.
It contains 341 training images and 86 test images in various
sizes. SIRST-Aug [11] is an augmented version derived from
SIRST [8] through data augmentation. It contains 8525 train-
ing images and 545 test images and provides more sufficient
training samples for deep models.
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TABLE I

COMPARISON WITH STATE-OF-THE-ART IRSTD METHODS IN TERMS OF 10U(%), F1(%), P4(%) AND F(10~°) ON FOUR BENCHMARKS. THE BEST
AND SECOND-BEST RESULTS UNDER EACH METRIC ARE HIGHLIGHTED IN BOLD AND UNDERLINED, RESPECTIVELY. INFERENCE SPEED IS MEASURED ON

AN NVIDIA GEFORCE RTX 3090 GPU AND AN AMD EPYC 7502 CPU.

NUDT-SIRST IRSTD-1K

SIRST

Model

SIRST-Aug

Params Flops Time(ms)

IoUt Fit Pyt Fal [loUT Fit Pyt Fal [IoUT F1T Pyt Fal [IoUT Fi1 Pyt Fol | (M) (G) (CPU/GPU)
HVS-Based Methods
Tophat [25] 22.2536.4191.2175.73| 6.64 12.46 81.09 14.24(26.93 42.44 88.99 18.27|16.37 28.14 81.15160.3| - - 0.08/-
Max-Median [26](20.49 34.01 84.97 31.27|20.76 34.38 85.56 21.21|32.56 49.12 94.46 3.38 |16.88 28.89 79.36 8.25 - - 7836/-
MPCM [27] 9.26 16.9570.58 32.72(15.70 27.13 62.54 12.47|22.30 36.47 90.83 5.56 [19.76 33.00 93.39 3.14 - - 69.78/-
HBMLCM [24] |7.60 14.13 60.74 17.84(12.60 22.38 57.73 10.08{11.95 21.36 79.81 41.32| 2.37 46.37 50.61 146.1| - - 6107/-
Optimization-Based Methods
IPI [5] 34.6251.4392.38 7.54 |25.27 40.35 83.51 20.93(44.83 61.90 97.25 3.76 |21.93 35.97 80.05 3.62 - - 8004/-
NRAM [14] 11.4420.5265.71 2.35 (17.97 30.46 59.79 5.71 [26.39 41.75 88.07 1.60 [10.41 18.86 76.06 3.26 - - 2443/-
NOLC [62] 18.6031.37 70.68 3.96 (10.90 19.65 64.26 1.83 [20.35 33.82 83.48 1.36 | 8.68 15.97 59.00 6.69 - - 102.3/-
PSTNN [15] 25.1740.22 80.21 7.61 |24.3939.22 65.29 15.77|35.17 52.04 88.99 2.57 (12.38 22.04 60.79 2.98 - - 62.46/-
Deep learning-Based Methods
ACM [8] 69.46 81.98 97.14 13.11|54.16 70.25 83.84 7.32 |66.77 80.07 98.16 11.03|67.79 80.80 95.87 32.52| 0.51 042  -/7.17
AGPCNet [11] [85.0291.9097.88 4.34 |60.44 75.3490.72 6.10 |68.19 81.08 99.10 12.09|72.07 83.77 98.6229.39| 12.4 43.0 -/14.71
DNANet [9] 87.7393.47 97.67 5.52 |62.2376.72 92.44 5.64 [73.12 84.48 99.08 10.26/70.56 82.74 96.56 36.49| 4.69 13.9 -/22.64
UIUNet [10] 88.9494.1595.23 1.53 |63.08 77.36 92.10 6.09 {72.15 83.8298.16 7.90 (70.76 82.88 96.70 34.30| 50.5 542 -/27.50
MSHNet [12] 75.96 86.34 95.23 8.28 |64.83 78.67 92.78 7.14 |64.64 78.52 98.16 15.66(71.93 83.67 99.03 32.06| 4.06 6.01 -/13.52
SCTransNet [63] |89.49 94.4597.67 1.02 [62.04 76.56 73.47 2.36 |71.1583.1497.24 0.89 |72.0583.2097.76 5.20 | 11.3 10.0 -/31.42
ALCNet [6] 80.75 89.3597.56 9.56 |60.69 75.53 85.57 5.17 {70.31 82.57 99.08 11.36/67.38 80.51 97.94 28.68| 0.43 0.38  -/9.51
ISNet [7] 87.0593.08 96.83 4.05 |63.00 77.29 88.66 5.52 |66.96 80.20 96.33 9.85 |71.1083.11 97.66 30.33| 1.08 30.3  -/28.30
IRSAM [28] 87.8593.5399.05 3.21 |63.58 77.7492.10 4.21 [67.97 80.93 99.08 8.34 |72.29 83.9599.0225.94| 10.5 37.6 -/75.06
L2SKNet [29]  [93.08 96.42 97.88 1.35 |57.07 72.67 90.03 37.90(62.54 76.96 97.25 10.63|71.89 83.65 98.62 31.56| 1.07 592  -/9.38
Deep Unfolding-Based Methods
RPCANet [17] 89.3194.3597.14 2.87 |63.21 77.45 88.31 4.39 (70.37 82.61 95.41 7.42|72.54 84.08 98.21 34.14| 0.68 44.3 -/15.40
RPCANet++ [18](94.3997.1298.41 1.34 |64.9378.73 89.70 4.35 |74.63 85.47 100.0 10.22|69.97 82.33 98.76 28.00| 2.96 190  -/43.61
DRPCANet [64] 94.1696.99 98.41 1.35(64.14 78.1592.09 5.16 |75.52 86.05 99.08 7.15 |76.50 86.69 98.62 30.65| 1.16 73.2  -/86.50
LCPNet-4 95.7097.80 97.57 0.03 |65.15 78.89 86.60 1.58 [71.18 83.17 94.50 0.87 [72.5584.0995.74 2.87 | 1.15 752 -/23.54
LCPNet-6 95.77 97.84 97.35 0.09 (65.95 79.48 87.63 1.55|72.95 84.36 96.33 0.89 [72.49 84.0596.84 2.29 | 1.72 112  -/31.38

For quantitative evaluation, we adopt five commonly used
metrics, including mean Intersection over Union (IoU), F}
score, Probability of detection (P4), and F,lse alarm rate (F,).
They assess performance from the perspectives of overall seg-
mentation quality, the ability to correctly detect real objects,
and the risk of false alarms in cluttered backgrounds, respec-
tively. Additionally, we included area under the ROC curve
(AUC) to summarize the detection performance at different
decision thresholds based on the ROC curve.

2) Experimental Settings: All implementations were devel-
oped based on PyTorch. The experiments were conducted on
a workstation equipped with an NVIDIA GeForce RTX 3090
GPU and an AMD EPYC 7502 CPU. For training, all input
images were resized to a base size of 256 x 256, and the batch
size was set to 8. The model was trained for 800 epochs on
NUDT-SIRST, IRSTD-1K, and SIRST, and for 400 epochs
on SIRST-Aug. We used the Adam optimizer with an initial
learning rate of 1 x 10~%, and adopted the poly learning rate

scheduler with a power of 0.9. The network is supervised by
SoftloU loss [3].

B. State-of-the-Art Comparison

To provide a comprehensive evaluation, we compare LCP-
Net with representative IRSTD methods on NUDT-SIRST
[9], IRSTD-1K [7], SIRST [8], and SIRST-Aug [11] under
the same evaluation protocol described above. The com-
pared methods cover four categories: HVS-based methods,
optimization-based methods, deep learning networks, and re-
cent deep unfolding models. This selection allows us to
examine detection accuracy, false-alarm suppression, visual ro-
bustness, and the efficiency-accuracy tradeoff across different
model families.

1) Quantitative Comparison: Table 1 shows that LCPNet
provides the most consistent quantitative performance among
the compared model families. On the two larger benchmarks
e.g. NUDT-SIRST [9], IRSTD-1K [7], LCPNet-6 obtains
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Fig. 7. ROC curves of different state-of-the-art methods across four infrared small target detection datasets. Our method is represented by the red line.

the best performance, with IoU/F; of 95.77%/97.84% and
65.95%/79.48%, respectively. More importantly for IRSTD,
where small bright clutter easily causes false alarms, the
LCPNet variants achieve the lowest F, on all four benchmarks,
indicating that the proposed decomposition is not merely more
accurate in overlap but also more conservative in suppressing
background responses.

This behavior is closely related to the design of LCP-
Net. The latent-space unfolding gives each stage a higher-
dimensional representation for separating target and back-
ground structures, while the proximal surrogate and shared
memory stabilize the update trajectory across stages. As a
result, LCPNet is particularly strong in cluttered scenes. Even
when some baselines obtain higher individual P; or IoU/F;
on SIRST and SIRST-Aug, LCPNet reduces F, to 0.87 and
2.29, respectively, showing a better balance between detecting
weak targets and avoiding spurious responses.

The ROC results in Fig. 7 provide the same evidence
from a threshold-independent view: after zooming into the
high-sensitivity region, the red LCPNet curve stays closest
to the upper-left corner. Consistently, Table II reports the
best AUC on three benchmarks, where LCPNet-6 reaches
0.9941, 0.9656, and 0.999998, and remains competitive on the
augmented one with an AUC of 0.9803. Overall, these results
suggest that the proposed latent space unfolding strategy
improves not only peak segmentation metrics but also the
robustness of detection decisions across thresholds.

2) Qualitative Visual Comparison: Fig. 8-Fig. 11 provide
representative visual comparisons, where green boxes denote
correct detections and red boxes denote false alarms or missed
targets. These examples cover several typical difficult cases,
including tree-branch clutter, multiple adjacent targets, cloud
background structures, and complex terrain textures.

In Fig. 8, traditional optimization-based methods such as
MPCM, NRAM, and PSTNN leave many clutter responses,
while only RPCANet and LCPNet-6 correctly detect the
true target. This result suggests that unfolding-based de-
composition is more robust than hand-crafted priors when
the background contains structured bright interference. The
advantage of LCPNet becomes clearer in Fig. 9 with multiple
targets. Most competing methods either miss one target or
mix the target response with nearby background, whereas
LCPNet-6 completely detects both targets. For the cloud and

TABLE I
AUC COMPARISON OF DIFFERENT METHODS ON FOUR INFRARED SMALL
TARGET DETECTION DATASETS. HIGHER VALUES ARE MARKED AS BOLD
AND INDICATE BETTER DETECTION PERFORMANCE.

Method NUDT-SIRST IRSTD-1K SIRST SIRST-Aug
NRAM [14] 0.7403 0.7777  0.936405 0.7794
PSTNN [15] 0.8968 0.8114  0.892235 0.5069
ACM (8] 0.9867 0.9363  0.990813 0.9834
ALCNet [6] 0.9909 0.9281  0.999975 0.9909
ISNet [7] 0.9861 0.9446  0.981616 0.8436
UIUNet [10] 0.9761 0.9604  0.995389 0.9833
RPCANet [17] 0.9804 09415  0.961126 0.9909
RPCANet++ [18] 0.9925 0.9484  0.999972 0.9937
DRPCANet [64] 0.9931 0.9639  0.999986 0.9936
LCPNet-6 0.9941 0.9656  0.999998  0.9803

terrain examples in Fig. 10 and Fig. 11, many baselines are
distracted by background textures and generate multiple red-
box responses. LCPNet-6 localizes the real targets with more
compact responses and fewer clutter activations, although a
small residual false alarm remains in the cloud scene. Overall,
the visual results support the quantitative findings: LCPNet
improves practical detection reliability by better separating
small targets from structured background clutter.

To further inspect the feature-level behavior, Fig. 6 visu-
alizes the last-layer feature maps of different methods using
the most informative PCA component. Across sky and ground
background scenes, as well as single-target, multi-target, and
heavy-clutter cases, LCPNet produces clearer target-focused
activations than the competing methods. The target responses
are more concentrated around true small objects, while back-
ground structures are less likely to dominate the heatmaps.
This suggests that the proposed latent space unfolding process
provides more reliable feature evidence for subsequent target
detection and segmentation.

3) Computational Efficiency Analysis: Beyond detection
accuracy, Table I also reports the model parameters, FLOPs,
and CPU/GPU inference time. HVS-based methods do not
involve trainable parameters, but their CPU runtime varies
greatly because they depend on hand-crafted filtering or lo-
cal contrast operations. Optimization-based methods are also
parameter-free in the neural-network sense, yet their iterative
solvers are generally slow on CPU and lack efficient GPU
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Fig. 8. Qualitative comparison on image XDU685. Green boxes denote correct detections, while red boxes denote false alarms or missed targets. Best view

in color.

NUDT-SIRST: 000660.png

Fig. 9. Qualitative comparison on image 000660. Green boxes denote correct detections, while red boxes denote false alarms or missed targets. Best view in

color.

inference.

Deep learning-based methods improve inference efficiency
by replacing iterative solvers with feed-forward networks,
but their cost differs substantially across architectures.
Lightweight models such as ACM and ALCNet are fast,
whereas larger context aggregation or nested U-shaped designs
introduce noticeably higher FLOPs and latency. However,
these faster non-unfolding networks usually trade interpretabil-
ity and often show weaker robustness in the quantitative and
visual comparisons above.

Among deep unfolding-based methods, LCPNet provides a
practical balance between accuracy, model size, and runtime.
Compared with RPCANet++, LCPNet-4 uses fewer parame-
ters and substantially lower FLOPs, while also running faster
on GPU. LCPNet-6 increases the unfolding depth to improve
accuracy but still keeps the runtime below heavier unfolding
baselines such as RPCANet++ and DRPCANet. Therefore,
LCPNet does not achieve its performance by simply enlarg-
ing the network. Its efficiency mainly comes from perform-
ing compact latent-domain updates with shared optimization
memory, yielding a favorable accuracy-efficiency tradeoff for
infrared small target detection.

C. Ablation Studies

To verify the effectiveness of each component in LCPNet,
we conduct a series of controlled ablation studies by modifying
one design factor at a time while keeping the remaining
settings unchanged. Together, these studies provide an overall
validation of the main architectural choices and their impact
on detection performance.

1) Effect of Execution Domain: We first examine whether
the unfolding process should be executed in the image domain
or in the latent domain. In Table III, variants (b) and (c) use
the same surrogate-style solver and batch-based updater, so
their comparison isolates the effect of the execution domain.
Moving the updates from X to X improves IoU by 0.72, F;
by 0.39, and P4 by 0.84, indicating that the latent variables
provide a more informative representation for preserving weak
target responses. However, the F, value is not reduced in
this setting, which suggests that latent execution alone is
insufficient when the updater is weakly constrained.

The benefit becomes clearer when the updater is equipped
with stronger regularization. Under the same solver and reg-
ularized updater setting, variants (e) and (f) show that latent-
domain execution brings gains of 2.83 in IoU, 1.49 in Fy,
and 1.06 in P4, while reducing F, from 0.080 to 0.025. This
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Fig. 10. Qualitative comparison on image 000971. Green boxes denote correct detections, while red boxes denote false alarms or missed targets. Best view

in color.

NUDT-SIRST: 000523.png

result indicates that the expanded latent representation can
better separate target and background components when the
update process is stable enough to exploit it. Overall, these
two comparisons show that latent-domain unfolding is more
effective than directly updating image-domain variables.

2) Effect of Solver Design: We evaluate the solver design
used to generate the stage-wise update direction. The R-
style design, adopted by the RPCANet series [17], [18], [64],
directly reconstructs the next background variable from the
current decomposition residual through a learned correction:

B =D —T" !+ F(DFT T, (22)

This form is simple and effective, but the update of B does
not explicitly use B*~1. Therefore, the background trajectory
is mainly regenerated from the residual at each stage, which
weakens the continuity of the unfolding process.

In contrast, the proposed LCP solver design in Eq. 17 keeps
the proximal surrogate form while removing the SOM-related
state input for a fair comparison. This design updates current
latent variable from its previous state and a decomposition-
consistency residual, making the learned direction closer to a
proximal descent step rather than an indirect residual mapping.

)

Fig. 11. Qualitative comparison on image 000523. Green boxes denote correct detections, while red boxes denote false alarms or missed targets. Best view
in color.

The comparison between variants (a) and (b) in Table III
verifies this effect under the same image-domain and batch-
based updater setting. Replacing the R-style solver with the
S-style solver brings gains of 1.27 in IoU and 0.71 in Fy,
while lowering F, by 2.72. Although P, decreases by 3.38,
the much lower false alarm rate and higher overlap metrics in-
dicate that the S-style solver suppresses background responses
more effectively. Overall, the proximal surrogate formulation
provides a more stable and discriminative update rule for the
unfolding decomposition.

3) Effect of Updater Regularization: We further analyze the
regularization strategy inside the updater. In Table III, variants
(c), (d), and (f) keep the latent execution domain and S-style
solver unchanged, and only vary the updater regularization.

Replacing BN with GN gives the main improvement. From
variant (c) to (d), IoU, Fy, and P, increase by 4.29, 2.29,
and 2.65, respectively, while F, is reduced by 0.260. This
large gain is consistent with the characteristics of IRSTD,
where infrared scenes often have heterogeneous background
statistics and small targets occupy only a tiny portion. A batch-
dependent updater can therefore be sensitive to mixed scene
statistics, whereas GN normalizes features within each sample
and provides a more stable update direction.
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TABLE III
ABLATION STUDY OF EXECUTION DOMAIN, SOLVER DESIGN, AND
UPDATER REGULARIZATION IN TERMS OF [I0U(%), F1(%), P4(%) AND
Fo(1075) oN NUDT-SIRST [9]. B, G AND S REPRESENT BATCH
NORMALIZATION, GROUP NORMALIZATION, AND SPECTRAL
NORMALIZATION, RESPECTIVELY.

. Solver Updater NUDT-SIRST
Index Domain

Design Regular | IoUT Fi11 P4t Fal
(a) Image R-style B 89.31 9435 97.14 287
(b) Image LCP B 90.58 95.06 93.76 0.152
(c) Latent LCP B 91.30 95.45 94.60 0.389
(d) Latent LCP G 95.59 97.74 97.25 0.129
(e) Image LCP G+S |92.87 96.31 96.51 0.080
®) Latent LCP G+ S |9570 97.80 97.57 0.025

TABLE IV

ABLATION STUDY OF MEMORY TYPE IN TERMS OF 10U (%), F1(%),
P4(%) AND F,(10~%) ON NUDT-SIRST [9] AND IRSTD-1K [7].

NUDT-SIRST IRSTD-1K
Memory
IoUt F11 P4l Fol |IoUt Fit P4t Fold
None 95.12 97.50 96.51 0.074|64.35 78.31 86.60 1.45
Cat 95.33 97.61 96.40 0.051|64.31 78.28 85.57 1.41

ConvLSTM|95.43 97.66 97.25 0.046|64.72 78.58 86.94 1.38
SOM  |95.70 97.80 97.57 0.025[65.15 78.89 86.60 1.58

Adding spectral normalization on top of GN brings a smaller
but consistent gain. From variant (d) to (f), IoU and F; further
increase by 0.11 and 0.06, P; improves by 0.32, and F, is
further reduced by 0.104. Overall, GN is the primary factor
for improving updater stability, and SN further regularizes
the unfolding update process, leading to more reliable target-
background separation.

4) Effect of Memory Type: We then evaluate how his-
torical information is represented across unfolding stages.
Table IV compares four settings, including no memory, simple
concatenation, ConvLSTM-style recurrent memory used in
RPCANet++ [18], and the proposed SOM. Compared with no
memory, simple concatenation brings only a marginal IoU gain
of 0.21 on NUDT-SIRST and shows no clear improvement
on IRSTD-1K, indicating that static feature aggregation is
insufficient for modeling the stage-wise optimization history.
ConvLSTM gives more consistent gains, improving IoU by
0.31 and 0.37 on the two benchmarks and reducing F, on
both datasets. This result confirms that recurrent memory is
useful for preserving cross-stage information.

SOM further improves segmentation quality by treating
the decomposition variables as a coupled optimization state
rather than storing branch-specific memory. Compared with
ConvLSTM, SOM increases [oU/F; by 0.27/0.14 on NUDT-
SIRST and 0.43/0.31 on IRSTD-1K. It also improves P; on
NUDT-SIRST by 0.32 and reduces F,, by 0.021, although its
F, on IRSTD-1K is not the lowest. Overall, SOM provides
stronger overlap accuracy and more stable target preservation,
showing that a shared optimization memory is more effective
than others.

TABLE V
ABLATION STUDY OF THE UNFOLDING STAGE NUMBER IN TERMS OF
10U(%), F1(%), P4(%) AND F,(10~%) oN NUDT-SIRST [9] AND
IRSTD-1K [7].

Stages NUDT-SIRST IRSTD-1K

IoUT F1t Pgt Fol [IoUT Fi1t Pyt Fal
K=2 [94.27 97.05 95.03 0.046|64.28 78.25 82.47 1.12
K=3 [95.16 97.52 97.14 0.011|64.36 78.31 84.88 1.29
K=4 [95.70 97.80 97.57 0.025|65.15 78.89 86.60 1.58
K=5 [96.11 98.02 98.52 0.028|65.85 79.41 87.63 1.53
K=6 [95.77 97.84 97.35 0.092|65.95 79.48 87.63 1.55

5) Effect of Stage Number: Finally, we study the influence
of the unfolding stage number in Table V. Increasing the
number of stages generally improves the detection quality
because more decomposition updates allow the latent variables
and the shared state to be refined progressively. For example,
increasing the depth from K = 2 to K = 4 improves [oU/F;
by 1.43/0.75 on NUDT-SIRST and 0.87/0.64 on IRSTD-1K,
while P, also increases on both benchmarks.

The improvement becomes less regular when the network
is further deepened. The setting K = 5 gives a notably high
result on NUDT-SIRST, but this behavior is more like an
isolated fluctuation under the current evaluation rather than
the main trend. We therefore do not take it as the primary
result. Overall, a moderate-to-deep unfolding depth provides
better representation refinement, while excessively increasing
the number of stages brings smaller and less stable gains.

D. Discussion and Analysis

1) Technical Discussion: LCPNet follows the same model-
driven spirit as recent deep unfolding methods, but differs from
them in how the decomposition process is represented and up-
dated. Traditional optimization-based methods operate directly
in the image domain and rely on hand-crafted low-rank/sparse
priors, while RPCANet-style networks unfold an RPCA-like
process with learnable modules in the image domain. LCPNet
instead lifts the observation and decomposition variables into
a latent domain. This transformation does not discard the
physical decomposition constraint, but gives each stage a
higher-dimensional interface where small target responses,
background structures, and noise components can evolve more
flexibly.

The solver design also differs from the residual-style update
used in RPCANet-related methods. In the R-style formulation,
the next background estimate is mainly regenerated from the
current residual through a learned correction, and the previous
background state is not explicitly involved in the update.
LCPNet adopts an S-style proximal surrogate update, where
each variable is updated from its previous state and the current
decomposition-consistency residual. This makes the learned
update closer to a proximal descent step and gives the unfold-
ing trajectory stronger continuity. Moreover, the SOM further
separates LCPNet from RPCANet++. The memory module in
RPCANet++ mainly serves a specific branch, whereas SOM
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encodes the coupled state of B, 7, N, ), and X and feeds the
same historical state to all primal-variable updates. Through
the gated recurrence, this state forms an unbounded-order
effective memory of the whole latent decomposition system
rather than a branch-level feature cache.

2) Limitations and Future Work: Although LCPNet
achieves a favorable accuracy-efficiency tradeoff, its inference
time still has room for further reduction. The latent-domain
updates and recurrent state propagation introduce additional
computation compared with very lightweight feed-forward
detectors, especially when more unfolding stages are used.
Future work can further compress the updater, simplify the
state transition, or design adaptive early-exit strategies so that
easy samples require fewer stages. We expect these directions
to support more efficient and robust infrared small target
detectors, especially for real-time deployment on resource-
constrained platforms.

V. CONCLUSION

In this paper, we introduced LCPNet for infrared small
target detection. By confirming that low-rank decomposition
prior remains valid in latent representations, LCPNet extends
unfolding from image domain to latent domain, preserving
the physical constraint while avoiding repeated compression of
intermediate states. Through modeling and detailed derivations
on latents, the proposed LCP solver turns indirect residual
reconstruction into direct proximal-state evolution and intro-
duces regularized update dynamics for stable small target
separation. The SOM further upgrades branch-specific mem-
ory into a shared optimization state, so historical information
can guide all coupled decomposition variables across stages.
Extensive experiments on four public benchmarks demonstrate
the effectiveness of LCPNet. Quantitative and qualitative re-
sults show that LCPNet achieves accurate and robust detection
across cluttered scenes and multiple-target cases. Ablation
studies progressively demonstrate that these benefits stem from
the proposed improvements. Overall, LCPNet provides an
effective and interpretable framework for IRSTD.
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APPENDIX A
DERIVATION OF ADMM SUBPROBLEMS

This section derives the background, target, and noise
subproblems from the augmented Lagrangian in Eq. 5. The
dual and quadratic penalty terms in Eq. 5 can be merged by
completing the square:

DX =B-T-N)+ 5 X -B-T - N3
2 (23)

| S VAT 2
_QHX B-T-N+y VI

1
Poo2K
Since the last term is independent of B, 7, and N during

primal-variable updates, it can be absorbed into a constant C.
Therefore, the equivalent primal objective is

L,(B,T,N,Y)= Rg(B)+Ryr(T)+ Rnx(N;0)
2 (24)
+ C.

+“HX—B—T—N+1J/
2 T ™

ADMM then updates one latent component while fixing the
others. For the background component:

B =arg mBin Ri(B)

1 2 (25
+£ HX —B—TF 1t NEL g R
2 W rF
For the target component:
TF =arg m7i_n Rr(T)
2 (26)
, 1.
+ £ HX—Bk — T —NF 4 —pEt
2 W F
For the noise component:
N* =arg rr}\i/n Ry (Ns0)
2 27

+“H2€—B’“—T’“—N+1y’“
2 H

F

These three subproblems have the same latent structure:
each branch minimizes an unknown latent regularizer plus a
quadratic consistency term. This shared structure motivates the
surrogate solver derived in the next section.

After the three primal variables are updated, ADMM up-
dates the latent dual variable by accumulating the decomposi-
tion residual:

V=Y (X - B = TF - NF). (28)
APPENDIX B
DETAILED DERIVATION OF THE ADMM SURROGATE
UPDATE

This section derives the analytical update of the B-
subproblem under the Lipschitz-continuous gradient assump-
tion. Starting from the background subproblem in Eq. 8, we
first define

Vg_l - X — Tk—l _Nk—l 4 %yk—l. (29)
B

Then the B-subproblem can be written as

B = argmin Rs(8) + 52 [B-VE (. GO

Because hand-crafted constraints cannot be perfectly
aligned with the physical prior of the latent background, we
treat Rg(-) as an unknown regularizer rather than manually
specifying its analytical form. We then use the Taylor upper-
bound argument induced by the descent lemma to construct
a quadratic majorization. Assume that VR is Lp-Lipschitz
continuous, i.e.,

[VRsU) = VRsW)llp < Lp U =V|p. G

Then R ;5(1B) satisfies the following upper bound around B*~1:

Rs(B) < Rp(B" ')+ (VRg(B*'),B—B"")
L (32)
+ BB B[, VBeRHXWxC,
2
Completing the square gives the equivalent surrogate regular-
izer
2

- L
Ri(B,B"1) = 73

B- (B’“ — LlBVRB(B“))

E
(33)
where Cp is independent of B and therefore does not affect
the minimizer. Substituting the surrogate regularizer in Eq. 33
into the B-subproblem in Eq. 30 gives

R L 1 2
JIs(B) = 73 B— (Bkl - LBVRB(BICI))

1B 5 v

F (34

Since jB(B) is the sum of two quadratic terms, we differen-
tiate it with respect to 3:

N 1
VJs(B) = Lp <B - Bkt 4 LBVRB(B’f—l)> +up (B=VE).

. (35
Setting V.J3(B) = 0 yields

1
Lp (B - By LVRB(Bk‘1)> +up (B=Vy ') =0.
B
(36)
Rearranging the above equation gives the optimal solution

k _ Ly k—1 HB k—1_ 1 VRs(B*1).
Lp+pp Lp+pp Lp+pup 37
APPENDIX C

DERIVATION OF THE HIGH-ORDER MEMORY IN SOM

This section derives the high-order memory form of the
Shared Optimization Memory (SOM). At stage k, SOM first
constructs a joint optimization observation:

Ok:[BkaTkaNkaykax]a (38)

where oy, denotes the concatenated latent observation, B*, 7%,
and N'* are the background, target, and noise variables at stage
k, V¥ is the latent dual variable, and X is the lifted infrared

+Cp,
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Fig. 12. Supplementary on the visualization of last layer feature maps produced by different methods. For each method, the feature map is projected by
PCA, and the most informative principal component is selected for visualization. Rows 1 is XDU67 in IRSTD-1k [7]. Row 2,3,4 are 000762 000410 000589

in NUDT-SIRST [9].

image representation. The optimization state cell updates the
shared state hy by
2z = o(W, * [og, hig—1] + b2),
T = U(WT * [Ok, hkfl] + br),
hy = tanh(Wy * [og, 7% © hi—1] + by),
hie =(1—2;) © hg—1 + 21 ®l~7/k'

(39)

Here hy is the shared optimization state at stage k. The
functions o(-) and tanh(-) denote the sigmoid and hyperbolic
tangent activations. Since zg, Tk, Bk, and hj have compatible
tensor shapes, all products below are element-wise.

The last line of Eq. 39 can be viewed as a gated interpolation
between the previous state and the current candidate state. To
expose its memory structure, we expand the state transition.
For stage k, we have

he = (1= 2,) @ hi—1 + 21 © hys. (40)

The previous state hj_; follows the same recurrence:
Pt = (1= 25-1) O hgeg + 251 O hg_1.  (41)

Substituting Eq. 41 into Eq. 40 gives

hie=(1—2) (1 — 25-1) ® hg—2 + 25—1 © hg—1

+ 2, © ilk
=(1—-2,) O — 2k-1) ® hg—2
F+(1—2) O 251 © ﬁk—l + 2 © }le

(42)

Similarly, expanding hg_o and substituting it into Eq. 42
yields

hy=(1=2z) (1 —2,-1) © (1 — 2—2) © hg—3
F+(1—2) O(1 = 2p—1) © 2k—2 © hg—2
+(1—2) 021 @ ilk_l + 2 © ilk.

(43)

Eq. 43 shows the pattern of the recursive expansion, each
historical candidate h; is first injected through its own update
gate z;, and then propagated to stage k through the retention
gates (1 — z441),..., (1 — zx).

After expanding the recurrence for m steps, where 1 < m <
k, the state can be written as:

k
hy, = ( H (1 _Zi)) © hg—m

i=k—m-+1

k
2
t=k—m-+1
When t = k, the product Hf:kﬂ(l — z;) is an empty
product and is defined as an all-one tensor with the same shape

as hy, so the last term becomes szka. Setting m = k expands
the recurrence back to the initial state hg:

k k k
hk:(H(l_Zi)>®h0+Z 2 O hy © H(l_zl)]
=1 t=1 i=t+1 ds)

This is the same expansion as Eq. 20. In this expression, the
contribution of each candidate state h; is controlled by its up-
date gate z; and the subsequent retention gates Hf:t 11 (1=2).

(44)

k
zoho [] (1—Zi)]-

1=t+1
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Fig. 13. Visualization of the low-rank property in latent domain. From left to right are the original infrared image, a visualized top three channels of the
latent selected via PCA, rank of each channel and Tucker rank analysis of the latent. It can be observed that the latent exhibits distinct low-rank property in
both visual visualization and rank analysis. The images include sky scene (Top XDUI45 in IRSTD-1k [7]) and ground scene (bottom XDU202).
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Fig. 14. Qualitative comparison on image XDU709. Green boxes denote correct detections, while red boxes denote false alarms or missed targets. Best view

in color.
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Fig. 15. Qualitative comparison on image XDU343. Green boxes denote correct detections, while red boxes denote false alarms or missed targets. Best view
in color.
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Therefore, hj is not determined only by hi_; or a fixed the actual contribution of each historical state is adaptively
short window of previous states. Instead, it contains a gated controlled by the update gates.

sum of all candidate states {hl,hQ,...,hk} together with

the retained initial state hg. Thus, SOM has an unbounded

effective memory order in its recurrent formulation, while
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Fig. 16. Qualitative comparison on image 001176. Green boxes denote correct detections, while red boxes denote false alarms or missed targets. Best view

in color.

APPENDIX D
MORE EXPERIMENTAL RESULTS

This section provides additional qualitative results to com-
plement the visual comparisons in the main paper. Fig. 13
further visualizes the low-rank property of the latent repre-
sentation, where the latent features exhibit distinct low-rank
characteristics in both visual and rank analysis. Fig. 12 further
visualizes the last-layer feature responses, where LCPNet
shows more concentrated target-related activations and weaker
background interference in challenging scenes. Figs. 14-16
present additional detection examples with different target
appearances and background structures. Across these cases,
LCPNet maintains compact responses around true targets and
produces fewer clutter-induced false alarms, further supporting
the robustness of the proposed latent-state unfolding design.



