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Abstract. Bio-inspired Small Target Motion Detection (STMD) mod-
els often suffer “false alarm collapse” due to non-stationary environ-
mental interference, failing to adapt to dynamic background statistics.
We propose a bio-inspired architecture integrating macro-motion decou-
pling with micro-scale Adaptive Gain Control (AGC). Macroscopically, it
leverages lobula plate tangential cells (LPTC)-based population coding
to eliminate ego-motion-induced baseline drifts in real-time with mini-
mal overhead. Microscopically, we introduce an adaptive shunting inhi-
bition operator inspired by Natural Scene Statistics (NSS). By quan-
tifying local temporal variance, this mechanism maps non-stationary
clutter into a gain control factor to suppress heavy-tailed noise from
high-frequency flickers. This versatile plug-and-play module integrates
seamlessly into existing STMD frameworks. Extensive experiments on
synthetic and real-world datasets demonstrate that our model signifi-
cantly reduces false alarms while maintaining high sensitivity for dim
targets, achieving state-of-the-art precision and robustness in complex
dynamic environments. Our code is publicly available at AGC

Keywords: Bio-inspired vision - Small target motion detection - Non-
stationary environmental interference - Shunting inhibition - Natural
scene statistics

1 Introduction

The real-time and robust detection of extremely small moving targets (typically
subtending 1-3 degrees of the visual field [30,41]) in complex dynamic environ-
ments remains a formidable challenge in computer vision [23,44]. Due to the
severe lack of target features and the pervasive sensor noise [, this task is ex-
ceptionally difficult, yet it is crucial for strategic applications such as low-altitude
UAV defense, infrared search and track, and autonomous navigation [i@,24,29].
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To tackle this challenge, bio-inspired STMD models [61], derived from insect
visual systems, have emerged as a promising paradigm owing to their high effi-
ciency and low-power potential. By simulating neural cascade computations, a
series of STMD architectures—ranging from the seminal ESTMD [&1] to the re-
cent Feedback STMD [39,40] have demonstrated remarkable feature extraction
capabilities under stationary background assumptions.

Despite their theoretical elegance, the practical deployment of existing STMD
models is fundamentally bottlenecked by a two-fold environmental challenge.
First, because their core mechanisms rely heavily on basic temporal luminance
contrast [42)], traditional feed-forward architectures are notoriously fragile against
non-stationary local flickers (e.g., rustling leaves or water glints). These localized
stochastic oscillations violate the smoothness assumptions of NSS [, 83], caus-
ing models to frequently misclassify them as genuine moving targets. Second, this
vulnerability is drastically compounded under camera ego-motion. When global
optical flow couples with local dynamic textures, conventional spatial-temporal
filters fail to decouple the target’s smooth physical translation from chaotic back-
ground disturbances. Consequently, even with basic motion compensation, these
models lack adaptive regulation and inevitably suffer from a catastrophic surge
of background false positives in complex real-world scenarios [26].

To reconcile the discrepancy between biological efficiency and artificial fragility
in cluttered environments, this paper proposes a hierarchical spatio-temporal vi-
sual enhancement system. Our framework orchestrates a synergistic cascade of
macro-scale global kinematic decoupling and micro-scale adaptive neuromodu-
lation. This architecture replicates the dual-stream processing found in insect
vision, where the LPTC integrate wide-field motion for ego-motion estimation,
while the STMDs maintain high-fidelity selectivity for micro-transients. At the
macro-scale, we leverage the population coding principles of the LPTC net-
work [89] to perform feedforward compensation, effectively stabilizing the visual
input into a quasi-stationary reference frame. At the micro-scale, we transcend
traditional static filters by embedding the canonical mechanisms of sensory adap-
tation [9,02,22 81] and shunting inhibition [B,012,16,33] into the detection path-
way. By mathematically abstracting these processes as steady-state solutions to
nonlinear neural dynamics, our system quantifies local spatio-temporal uncer-
tainty to pinpoint high-entropy flicker sources. This triggers a rapid, variance-
driven “Gain Collapse” that suppresses heavy-tailed noise while strictly pre-
serving legitimate target signals. Consequently, this design confers a robust,
context-aware homeostatic regulation capability on the artificial visual system,
as illustrated in the system architecture (Fig. ). The primary contributions of
this paper are summarized as follows:

— Macro-Statistical Stabilization via LPTC: We leverage a hierarchical
LPTC population coding mechanism [39] to compensate for camera ego-
motion, providing a stable foundation for micro-motion extraction.

— Sealing the Gaps of Local Uncertainty: We propose an adaptive AGC
operator that eliminates non-stationary local disturbances—a critical vulner-
ability that LPTC-based stabilization [39] alone cannot resolve.
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Fig. 1: The system is organized into four synergistic blocks: Block 1: The front-end vi-
sual cascade, simulating the insect Retina-Lamina-Medulla-Lobula pathway for spatio-
temporal feature extraction. Block 2: Macro-motion compensation, which leverages
LPTC-based population coding and Maximum Likelihood Estimation (MLE) to de-
couple global camera ego-motion. Block 3: Micro-scale AGC module, which quantifies
local temporal variance and maps statistical uncertainty into an inhibitory gain factor
w via a Lateral Inhibition (LI) operator and Adaptive Suppression (AS) mapping. Block
4: Multiple Inhibition stage, where the raw model output is modulated by the suppres-
sion mask through multiplicative gating, effectively sealing false-alarm vulnerabilities
induced by non-stationary flickers while preserving genuine moving targets.

— Synergistic “Plug-and-Play” Architecture: Designed as an indepen-
dent adaptive gate, our module is purely plug-and-play and can be seamlessly
integrated into mainstream Bio-inspired STMD architectures.

2 Related Work

2.1 Small Target Detection Paradigms

Two primary computational paradigms exist for extracting extremely small tar-
gets. Deep learning (DL) models [@,29], leveraging feature pyramids [24], at-
tention mechanisms, and context modulation [23,44], achieve high accuracy on
controlled benchmarks. However, their practical edge deployment is hindered by
three major bottlenecks: the prohibitive cost of pixel-level annotations, exces-
sive convolutional overhead, and the reliance on computationally heavy optical
flow networks [B5,B6] for ego-motion compensation. To circumvent these bot-
tlenecks, bio-inspired STMDs [80] offer a lightweight alternative. Foundational
architectures—ranging from the seminal ESTMD [d1] to variants with directional
selectivity [38] and temporal feedback [40] excel under stationary background
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assumptions but are highly vulnerable to global optical flow. While the recent
STFeedbackSTMD [39] effectively mitigates this by compensating for global
camera ego-motion, its inherent reliance on relative temporal contrast leaves
a critical structural vulnerability: the inability to adapt to non-stationary local
high-frequency clutter. Consequently, existing models still frequently fail when
exposed to the complex real-world dual impact of global moving backgrounds
and localized dynamic disturbances [B].

2.2 Global Dynamics Compensation for Moving Backgrounds

In dynamic observation platforms, global background displacement induces mas-
sive false alarms. Traditional methods for motion compensation generally fall
into two categories: classical iterative algorithms, such as Lucas-Kanade [27] or
dense feature alignment, which suffer from local optima in low-contrast, tex-
tureless scenarios; and modern DL-based optical flow models (e.g., RAFT [36],
StreamFlow [35], and DPFlow [28]). While these deep learning approaches of-
fer enhanced precision, they are typically plagued by prohibitive computational
overhead and high latency when deployed on resource-constrained UAV plat-
forms [M]. Conversely, insects exhibit remarkable agility by utilizing LPTC to
perceive global optical flow efficiently [d, 17, 20]. Recent neuro-computational
studies reveal that LPTC arrays can encode complex global motion through
low-dimensional population coding rather than pixel-wise optimization [&,[I8].
By integrating this bio-inspired MLE architecture [39], our framework bypasses
the heavy burden of iterative pixel-level alignment. This enables ultra-fast, feed-
forward global motion compensation, establishing a quasi-stationary reference
frame at a minimal computational cost—a critical prerequisite for our down-
stream micro-feature extraction module [B].

2.3 Non-stationary Clutter Suppression and Adaptive Gain Control

Even with ideal background alignment, pervasive micro-scale clutter (e.g., fo-
liage, water glints) induces catastrophic false alarms in traditional STMDs [2].
This stems from their reliance on static normalization, which fails to adapt to
non-stationary local statistics. While recent approaches like context-aware fu-
sion [43] and attention-based filtering [23] mitigate such interference, they often
impose prohibitive computational costs. Neuro-biological evidence suggests that
neurons maintain homeostasis through sensory adaptation [9,22] and shunt-
ing inhibition [6,83], dynamically suppressing high-variance noise that violates
NSS [82]. Drawing on these principles and top-down modulation [{5], we intro-
duce a temporal-variance-based AGC mechanism into the STMD domain. By
mapping non-stationary local statistics into a gating factor, our plug-and-play
module suppresses high-frequency flickers while preserving the lightweight, real-
time efficiency of bio-inspired architectures.
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3 Method

3.1 Macro-motion Compensation and Residual Generation

When dealing with global optical flow shifts induced by a moving camera, tra-
ditional dense optical flow methods incur prohibitive computational costs. To
establish a reliable reference frame for subsequent target detection, our first step
is to compute a globally aligned difference residual signal, F(z,y,t), which strips
away the low-frequency macro-displacement caused by camera translation:

E(l‘,y,t):I($7y,ﬁ)—I($—¢,y—1/}7t—At) (1>

where T denotes the input image sequence, and (¢, 1)) represent the cumulative
macro-displacements of the background in the 2D physical plane.

To efficiently estimate macro-dynamic parameters (¢,1) without pixel-level
iterative optimization, we adopt the LPTC-based ego-motion compensation frame-
work from [89]. This biological module decodes global kinematic cues—specifically,
motion direction 6 and velocity v(e)—via MLE on a population of directionally-
tuned neurons. By integrating these parameters over time, we derive the accu-
mulated background displacements (¢, 1)) between reference time s and current
time ¢:

(;S(t,s):/ v(€) cos Ode, w(t,s):/ v(e) sin Ode (2)

where (¢, 1) map historical background coordinates into the current quasi-stationary
reference frame, enabling ultra-fast, feedforward motion compensation.

3.2 Micro-scale AGC via Shunting Inhibition

Ideally, the macro-compensated residual E(z,y,t) (Eq. 0) should contain only
low-energy Gaussian noise. However, the LPTC module, acting as a macroscopic
integrator, fails to address ubiquitous micro-scale, non-stationary clutter. These
high-frequency flickers manifest as intense, heavy-tailed distributions [33], which
trigger catastrophic false alarm collapses in existing STMDs |28, 49].

To suppress this residual noise, we draw inspiration from biological sensory
adaptation [9,22], which endows neurons with homeostatic regulation to dynam-
ically adjust gain based on local statistics. Specifically, we model the neuron’s
adaptation state o2(t) for variance sensing using the Leaky Integrator dynam-
ics [R,d]:

do?(t)
dt
where 7 governs the memory decay (forgetting rate), and E?(t) denotes the
instantaneous input energy of the residual.

To implement this continuous neural process in our discrete detection frame-

work, we apply the Euler method to discretize Eq. (8) with a temporal step At:

= —o?(t) + E*(t) 3)

o%(t) — o%(t — At)
At

_ % (—02(t — At) + E2(t)) (4)
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final detected point (Q)

O target detected by models
model output (Q) © real target

Fig.2: An input video sequence featuring extreme non-stationary clutter caused by
violently swaying branches (highlighted by red dashed circles) alongside a genuine
small target (green circle). Middle: The raw baseline output (Q) suffers from massive
false alarms in these high-variance regions. Concurrently, the AGC module generates
a suppression mask (w) by precisely capturing the local temporal uncertainty. Right:
Through multiplicative gating (Q = w - @), the final detection map completely elimi-
nates the motion-induced artifacts within the red boundaries while strictly preserving
the signal of the legitimate target. In the detection maps, red solid circles denote the
objects detected by the model.

Rearranging the terms yields the discrete-time update rule:
At At
o2 (t) = (1 - ) o?(t — At) + —E*(t) (5)
T T
Starting from o%(z,y,0) = 0, Eq. (8) is mathematically equivalent to the Expo-
nential Moving Average (EMA) with temporal forgetting characteristics:
o?(z,y,t) = (1 = 7)o’ (x,y,t — At) + yE*(2,y,1) (6)

where the adaptation parameter v corresponds precisely to the biophysical ra-
tio At/7. Subsequently, a spatial receptive field W; integrates this fluctuation
information over the image domain (2, yielding the clutter metric C(z,y, t):

C(z,y,t) = //Q o?(u,v,t) - We(x — u,y — v) dudv (7)

The kernel Wy is formulated as a center-surround antagonistic profile to distin-
guish target-like transients from broad clutter:

Wy=A-[Gs, —e-Goy —p|" +B-[Gs, —e- Gy — p]” (8)

where G, and G, are 2D Gaussian kernels. To optimize the response, s is tuned
to the expected target scale, while s3 defines the inhibitory context. Regulatory
weights A and B, along with inhibitory strength e and threshold p, further refine
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Fig. 3: (a) Raw model output (blue line) where both the genuine small target (red
dashed box) and non-stationary flickers (green dash-dotted boxes) exhibit indistin-
guishable high-amplitude peaks, posing a severe false-alarm risk for traditional STMD
operators. (b) Suppressed output (purple line) after adaptive modulation. (¢) Com-
parative overlay highlighting selective suppression. By dynamically perceiving the high
temporal variance inherent in flickering disturbances, the system triggers a rapid “Gain
Collapse” in these regions. Consequently, non-stationary flickers are significantly damp-
ened, while the detection strength of the legitimate small target is precisely preserved,
effectively widening the margin between the true target and background clutters.

the suppression of heavy-tailed noise. T and ~ denote the positive and negative
parts, respectively.

Grounded in Efficient Coding Theory [I3,22], which suggests neurons max-
imize information efficiency by suppressing high-variance redundant noise, we
utilize C' as a metric for local spatio-temporal uncertainty. In neural compu-
tational terms, C' corresponds to the magnitude of inhibitory conductance [6].
Specifically, the membrane potential Q of a neuron driven by an excitatory feed-
forward input Q(¢) and an inhibitory conductance g;nn(t) is governed by the
shunting inhibition dynamical system [16]:

dQ

Assuming the fast-spiking dynamics reach a rapid steady-state (% = 0), the

response converges to Q = Q /(14 ginn), the canonical divisive normalization [6].

Inspired by this mechanism, we design an adaptive gain inhibition factor
w(z,y,t) as a functional abstraction of the shunting process. By mapping the
inhibitory conductance to a nonlinear exponential proxy of the uncertainty met-
ric C, i.e., ginn = exp(C?/A\?) — 1, the modulation emerges as a dynamic gating

factor: ) o 2

x7y’
where the constant A determines the system’s tolerance threshold for heavy-
tailed noise. This formulation effectively identifies high-frequency oscillations
inexplicable by the LPTC, signaling clutter zones where Eq. (I0) triggers a
rapid “Gain Collapse” to normalize neural responses while strictly preserving
the transients of genuine moving targets.

(10)
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Acting as a versatile, late-stage plugin, this dynamic gain factor w is then
directly applied to the raw output Q(z,y,t) of any baseline feedforward STMD
operator via multiplicative gating, yielding the final modulated output Q(z, y, t):

Q(xa:%t) ZW(,’L‘,y,t) 'Q(xa:%t) (11)

When encountering a genuine small moving target, its displacement is rel-
atively smooth and brief, resulting in an extremely low local uncertainty C.
Consequently, the gain w =~ 1, and the system strictly maintains its utmost
detection sensitivity for dim targets. Conversely, once a region exhibits high-
frequency flickering, the surge in C triggers a rapid exponential “Gain Collapse”
via Eq. (I0), driving w — 0. As visually demonstrated in Fig. B, when compared
to the raw output of the state-of-the-art STFeedbackSTMD [BY], our suppression
mechanism empowers the system to correctly identify the genuine small target
within a highly cluttered dynamic background, effectively eradicating the vast
majority of false alarms.

Beyond these two extremes, the exponential mapping in Eq. () is itself
Lipschitz-continuous, smoothly bounding the unbounded clutter metric C? into
a gain within (0, 1]. Acting as a continuous soft-threshold rather than a hard
cut-off, it avoids the abrupt, discontinuous transitions of binary gating, thereby
ensuring a graceful and stable degradation of the response as local uncertainty
grows. This property prevents legitimate yet faint targets near the suppression
boundary from being erroneously discarded, further enhancing the robustness of
the mechanism.

This mechanism effectively simulates the adaptivity of biological visual sys-
tems in complex dynamic environments. By selectively dampening non-stationary
false alarms without altering the native motion-selective structural properties of
the network, it provides a robust filter against severe clutter. From a signal-level
perspective, Fig. B illustrates the selective suppression capability of our proposed
AGC mechanism.

4 Experiments

4.1 Experimental Setup

Details regarding the dataset specifications, the construction of the synthetic
flicker scenarios, the definitions of quantitative evaluation metrics, and compre-
hensive implementation configurations (including hardware deployment details
and baseline parameter settings) are provided in the Supplementary Material
(SM). To assess the performance of the proposed AGC-augmented STMD frame-
work, we evaluate the system across three domains—Vision Egg [34], RIST [37],
and the Infrared Detection Dataset [I9]—using AUC, Precision, F'1-score, De-
tection Rate, and FA Suppression Ratio (FASR) as primary evaluation criteria.
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Fig. 4: Parameter sensitivity analysis of the temporal update rate v and the tolerance
threshold A. Each sub-panel illustrates the variations of the minimum suppression gain
w (blue bars, left y-axis) and the Detection Rate (purple dashed line, right y-axis)
as a function of A. The results demonstrate that the optimal balance between noise
suppression and target preservation is achieved at small A values across various <y
configurations.

4.2 Parameter Sensitivity Analysis

Sensitivity analysis via grid search on the temporal update rate v and threshold
A (Fig. @) reveals that A regulates “Gain Collapse” intensity—where excessively
small values risk over-suppressing dim targets, while large values fail to reject
clutter-and a small v maintains a stable temporal context for distinguishing
smooth target motion from stochastic oscillations. We achieve peak performance
at A = 0.05 and v = 0.1, which provides sufficient suppression depth for robust
generalization across diverse dynamic environments without sacrificing sensitiv-
ity to ultra-weak targets. While currently fixed as a heuristic, these parameters
offer theoretical potential for future kinematic-temporal coupling to enable dy-
namic velocity-adaptive decay.

4.3 Impact of LPTC Displacement Compensation

Experimental results demonstrate that LPTC-based macro-motion compensa-
tion is essential for the stability of our AGC module. Without this alignment,
global background ego-motion induces significant ghosting artifacts in the tem-
poral residual (F), which the AGC mechanism erroneously identifies as local
statistical uncertainty (C'). As visualized in Fig. B, this misidentification trig-
gers an undesired “Gain Collapse” in texture-rich regions such as leaf edges
and sky-background transitions, leading to severe desensitization and the loss
of legitimate target signals. Conversely, by incorporating LPTC-based feedfor-
ward compensation, we effectively eliminate motion-induced residuals and re-
store a quasi-stationary background. This ensures that the AGC operator can
precisely distinguish between genuine, non-stationary flickers and simple back-
ground translations, thereby maintaining high detection sensitivity in complex
dynamic environments.

To further probe the influence of LPTC compensation, we conduct a con-
trolled robustness study in which we deliberately inject a bias into the esti-
mated ego-motion, emulating imperfect macro-motion alignment, and exam-
ine whether the AGC module remains effective. As shown in Fig. B(a), detec-
tion accuracy degrades gradually and monotonically as the injected bias grows,
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origin without LPTC overlay with LPTC overlay

Fig. 5: Visualization of the suppression gain w with and without LPTC compensation.
Red regions in the overlay columns indicate areas where “Gain Collapse” (w — 0) is
triggered. Without LPTC, background ego-motion induces spurious residuals that are
misidentified as clutter. LPTC alignment effectively eliminates these motion-induced
artifacts, restoring detection sensitivity across diverse natural scenes.

rather than collapsing abruptly, and consistently surpasses the raw STFeedback-
STMD (9] baseline across the tested range. This graceful degradation indicates
that the AGC operator does not rely on perfectly accurate ego-motion esti-
mation; instead, it tolerates the bounded residual error inherent in the LPTC
population-coding framework, since moderate misalignment perturbs the tempo-
ral residual F only mildly and is therefore absorbed by the variance-based gating
rather than being misinterpreted as genuine clutter. Beyond this robustness, we
benchmark the computational efficiency of LPTC against representative classi-
cal motion-compensation methods—Phase Correlation [21], Lucas-Kanade [27],
and Farneback optical flow [I0]. As reported in Fig. B(b), LPTC attains the low-
est per-frame latency of 0.15 ms-roughly 4x to 47x faster than these classical
alternatives—while retaining a highly competitive Residual MAE. Together, these
results confirm that LPTC-based compensation supplies the quasi-stationary ref-
erence frame required by our AGC operator at a favorable robustness—efficiency
trade-off, making the full pipeline well suited to real-time, resource-constrained
deployment.

4.4 Comparison on Synthetic and Real-world Datasets

Baseline Performance in Flicker-free Environments To ensure our mech-
anism does not penalize legitimate targets, we first evaluated it on flicker-free
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Fig. 6: Robustness and efficiency of LPTC-based macro-motion compensation, eval-
uated on a controlled translation sequence (true motion 0.25 px/frame). (a) De-
tection performance and suppression gain w under artificially injected LPTC com-
pensation bias; solid lines denote our full pipeline, dashed lines the raw STFeed-
backSTMD [BY] baseline without AGC. (b) Module-level benchmark against clas-
sical motion-compensation methods (Phase Correlation [21], Lucas-Kanade [27],
Farneback [00]), comparing per-frame runtime (left, ms/frame, log scale) and Residual
MAE (right, gray levels).

Fig. 7: (a) ROC curves, (b) flicker size, (c) flicker frequencies, (d) flicker quantities.

synthetic sequences (details in SM). In these clean scenarios, our module main-
tains signal integrity and yields marginal improvements in detection rates at low
false alarm levels, demonstrating its compatibility and reliability as a versatile
plug-and-play enhancement.

Robustness Under Controlled Flickering Scenarios To further demon-
strate the superiority of the proposed adaptive mechanism in highly cluttered
environments, we introduced three critical flicker-related parameters: quantity,
frequency, and spatial size, using the Vision Egg framework [34]. By default,
these parameters were set to 25, 250 Hz, and 5 x 5 pixels, respectively. To distin-
guish flickers from legitimate targets, all flicker points were motion-synchronized
with the background. We evaluated the impact of each parameter by varying it
individually while keeping the others constant.

As shown in Fig. @, the integration of our adaptive suppression module yields
substantial and consistent performance gains over the original STMD baselines.
Our approach maintains a stable and significant detection margin across varying
flicker frequencies and quantities (Fig. @a, c, d). However, a performance bound-
ary is observed regarding the spatial scale of disturbances (Fig. b): as flicker
size exceeds 9 x 9 pixels, the baselines’ inherent size-selectivity begins to recover,
narrowing the performance gap. At extreme sizes (near 15 x 15 pixels), a minor
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Table 1: Performance Comparison on Synthetic Data.

Method Variant AUC DR Prec F1 FASR Spd
ESTMD (&) Ous L 0202 0000 0000 0000 275 s
T
PodbadkSTMD 18] U8 (700 000 0507 0755 065 4

Orig. 0.858 0.840 0.257 0.393  — 10

STFeedbackSTMD [59] 4 0910 0.910 1.000 0.953 100.0 11

crossover occurs, indicating that while our local-variance operator is highly effec-
tive for micro-scale clutter, extending its robustness to large-scale non-stationary
disturbances remains a promising direction for future optimization.

Table O evaluates our AGC plugin across four STMD baselines. We find that
the plugin’s efficacy correlates with the baseline’s ability to generate distinct
feature responses. For rudimentary models like ESTMD [41], the mechanism
yields marginal results; we attribute this to the inherently low output feature
contrast, where our variance-based operator may inadvertently penalize faint tar-
gets alongside noise. In contrast, the advantages become prominent as baseline
complexity increases. For sophisticated architectures like FeedbackSTMD [d0)]
and STFeedbackSTMD [BY], the integration of AGC delivers substantial im-
provements across all key metrics, achieving near-total suppression of flickering-
induced false alarms. These findings highlight the high synergy between our
AGC and spatio-temporal feedback loops: by effectively mapping local temporal
variance to a gain control factor, our plugin enables precise localization of non-
stationary clutter via dynamic “Gain Collapse”. With negligible overhead, this
versatile module achieves a superior performance-efficiency trade-off, serving as
an effective, universal enhancement for bio-inspired vision systems.

Comparison in Controlled Real-World Scenarios Since the original RIST
dataset focuses primarily on natural backgrounds, it lacks the high-frequency
point flickers—such as neon lights or aviation obstruction lights—commonly en-
countered in dynamic surveillance. To rigorously verify the robustness of our
adaptive suppression operator w, we introduce a controlled experimental design
by injecting simulated flicker points into these real-world video sequences. As
evidenced in Table B, integrating our AGC plugin delivers consistent perfor-
mance gains across all STMD baselines, particularly in precision and F'l-score.
By quantifying local temporal uncertainty to trigger precise “Gain Collapse” on
non-stationary flickers, the AGC operator effectively mitigates the false-alarm
vulnerabilities inherent in relative temporal contrast models. These results con-
firm the plugin’s efficacy as an architecture-agnostic enhancement, significantly
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Table 2: Performance Comparison on RIST.

Method Variant AUC DR Prec F1 FASR Spd

Orig. 0.566 0.270 0.140 0.184  — 6
Ours T 0.824 0.340 0.352 0.346 62.3 7

Orig. 0.346 0.260 0.045 0.076 26

ESTMD [41]

DSTMD [63] Ours T 0.360 0.205 0.181 0.192 83.3 26
- Orig. 0408 0.380 0.039 0.070 — 7

FeedbackSTMD [A0] -  C4 (776 0.540 0.543 0.541 95.2 8
Orig.  0.209 0.190 0.017 0.032 — 19

STFeedbackSTMD [89] (0 (387 0.200 0.228 0.256 90.9 19

Table 3: Performance Comparison on Infrared Data.

Method Variant AUC DR Prec F1 FASR Spd
/.. Orig.  0.391 0.210 0.100 0.136 — 4
ESTMD [1] Ours +  0.425 0.280 0.145 0.191 12.2 4
Orig.  0.700 0.420 0.139 0.209 — 18
DSTMD [&z] Ours +  0.707 0.420 0.313 0.359 64.6 18
. Orig. 0734 052002040293 — 4
FeedbackSTMD [40] -y 4 0760 0.710 0.464 0.561 59.6 4
Orig. 0.724 0.584 0.248 0.348 11
STheedbackSTMD [89] (y " (760 0.713 0.735 0.724 85.5 11
DNANet [23] - 0.086 0.290 0.029 0.053 — 44
SCTransNet [44] - 0.215 0.265 0.072 0.113 34
HCFNet [43] - 0.394 0.796 0.200 0.320 — 68

stabilizing bio-inspired vision pipelines against deceptive background noise in
complex, real-world environments.

Performance on Infrared Datasets Performance on flicker-injected infrared
sequences, characterized by low signal-to-noise ratio and complex thermal clut-
ter, further validates our AGC plugin’s generalization capabilities. Table B shows
consistent performance gains across all STMD baselines when integrated with
our mechanism. Notably, while deep learning models [23,43,44] struggle with
these non-stationary disturbances, our approach maintains superior detection
precision by selectively suppressing flicker-induced false alarms. This transforma-
tive improvement in F'1-score and precision, coupled with the high FASR values,
confirms our AGC module’s robust suppression capability. Given its negligible
computational overhead, this bio-inspired enhancement provides a hardware-
efficient, plug-and-play solution for small target detection in diverse and chal-
lenging infrared environments.
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Table 4: Quantitative Comparison of Different Models

Model Precision Recall F1 ~AUC AP Speed(ms)
DNANet [23] 0.1320 0.4800 0.2071 0.3958 0.2838  46.7
SCTransNet [d4] 0.1572 0.5000 0.2392 0.4117 0.3769  41.6
HCFNet [43] 0.1580 0.2750 0.2007 0.2410 0.1753  126.9
ResUNet_ DTUM [25] 0.0191 0.0550 0.0283 0.0553 0.0190  37.1
Ours 0.7908 0.9450 0.8610 0.9518 0.9410 12.4

A Stress Test for Robustness To evaluate generalization against out-of-
distribution dynamic clutter, we designed a stress test using synthetic sequences
injected with high-frequency flickering. As shown in Table B, state-of-the-art DL
models [23,25,43,d44] experience severe performance degradation due to their re-
liance on static training distributions, which renders them vulnerable to unseen
temporal noise. In stark contrast, augmenting the STFeedbackSTMD [39] base-
line with our adaptive suppression mechanism achieves superior precision and
recall. This advantage stems from our bio-inspired prior: by modeling temporal
uncertainty as a deterministic physical constraint, our model effectively sup-
presses unpredictable flickers to precisely localize genuine small targets (Fig. B).
These results demonstrate that biological priors are indispensable for robust
detection against dynamic interference, where data-driven DL models falter.
Finally, our approach maintains a significantly lower computational footprint,
underscoring its efficiency for real-time, resource-constrained edge deployment.

Complexity Analysis: We analyze the per-frame complexity in terms of the
image resolution H x W. The pipeline comprises three sequential feedforward
stages: the front-end visual cascade performs spatial filtering at O(HW K?),
where K is the receptive-field radius; the LPTC compensation, using popula-
tion coding over L directionally-tuned neuron groups, costs O(HW L) with L a
small constant; and the AGC module combines element-wise EMA variance sens-
ing, exponential gain mapping, and multiplicative gating (O(HW)) with a single
fixed-size center-surround convolution (O(HW k?), with a constant kernel of side
k). Since K, L, and k are all constants independent of the resolution, the total
per-frame time complexity is O(HW) up to a constant per-pixel factor, with a
spatial complexity of O(HW) for buffering intermediate states. Unlike methods
relying on dense optical flow or iterative optimization, whose heavy convergence
requirements incur prohibitive cost, our feedforward architecture scales linearly
with the pixel count, incurring only constant per-pixel overhead. Together with
its reliance on a few 2D buffers and basic arithmetic, this makes the pipeline in-
herently amenable to parallel acceleration on FPGA or neuromorphic hardware,
and well suited to real-time, resource-constrained edge deployment.
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Origin DNANet SCTransNet Ours

’ -

Fig. 8: Qualitative comparison in natural scenes with injected flickers. Green circles
mark ground truth. DL baselines are misled by non-stationary clutter, whereas our
framework suppresses distractors and preserves the true targets.

5 Conclusion

To bridge theoretical bio-inspired models and complex real-world dynamics, we
present a hierarchical spatio-temporal adaptive system. By decoupling macro-
scale ego-motion via LPTC population coding and suppressing micro-scale flick-
ers through AGC, our model resolves the long-standing “false alarm collapse”
in small target detection. Extensive evaluations show that this architecture-
agnostic plugin significantly boosts the precision of SOTA models with negligi-
ble added latency, offering a robust, hardware-friendly paradigm for bio-inspired
vision. Despite its effectiveness, the framework faces integration challenges with
standard DL pipelines: global competition mechanisms such as Softmax or NMS
often cause “signal quenching”, where strong distractors suppress weak targets.
This “winner-take-all” logic is fundamentally incompatible with the localized,
parallel autonomy of our biological model. Future work will embed our localized
adaptive operators into DL backbones to alleviate these bottlenecks, toward a
robust hybrid sensing paradigm, and implement the full processing cascade on
neuromorphic hardware for ultra-low-power, real-time performance on resource-
constrained UAV platforms.
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