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Highlights

What are the main findings?

e  CTP-DA improved cross-turbidity target-background ranking, while RG-OBS reduced
expanded background responses after adaptation. Comparisons with conventional and
learning-based detectors, together with matched internal interventions, characterized
their complementary roles.

What are the implications of the main findings?
e  Combining ordered adaptation with spatial response calibration offers a way to main-
tain target-specific detection without explicitly estimating water optical parameters.

Abstract

Detecting submerged objects becomes difficult when suspended particles alter spectral
signatures and reduce target-background contrast. A detector trained in clear water can
consequently lose discrimination and produce extensive background responses as turbidity
increases. Here, we present a target-specific framework that couples progressive domain
adaptation with object-level response calibration. A nonlinear unmixing autoencoder first
learns the target representation from labeled clear-water observations. Cross-turbidity
progressive domain adaptation (CTP-DA) then transfers model states, target prototypes,
and prediction memory through ordered unlabeled domains. Risk-gated object-level back-
ground suppression (RG-OBS) subsequently limits background activation while protecting
supported target regions. Across the L1-L5 target domains of the controlled brick-and-
stone benchmark, the framework achieved an average precision of 0.9282. This exceeded
the strongest external comparator evaluated here by 7.10 percentage points. Ablation ex-
periments linked the ranking improvement to progressive adaptation and the reduction
in background response to subsequent spatial calibration. Together, these findings sup-
port combining intermediate unlabeled domains with spatial target evidence to sustain
underwater detection across controlled turbidity changes.

Keywords: underwater hyperspectral imaging; target detection; progressive domain adap-
tation; nonlinear unmixing; object-level background suppression
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1. Introduction

Foreign objects such as bricks, stones, and construction debris can obstruct urban
drainage pipelines. Conventional closed-circuit television inspection is sensitive to wa-
ter conditions, illumination, and visibility [1]. Hyperspectral imaging provides spatial
structure and narrow-band spectral responses that may distinguish submerged materials
from their surroundings. Its feasibility in sewers has also been studied for non-contact
pollution monitoring [2].

Turbid water changes more than overall brightness. Wavelength-dependent attenuation
and distinct transmission and backscattering processes can alter spectral shape and target—
background contrast [3]. Conventional detectors use target similarity, background statistics, or
subspace structure. Examples include spectral angle mapper (SAM) [4], constrained energy
minimization (CEM) [5], adaptive cosine estimator (ACE) [6], matched filter (MF) [7], and
orthogonal subspace projection (OSP) [8]. Their performance can decline when the source
target spectrum or estimated background no longer represents the turbid scene.

Underwater hyperspectral detection has addressed these changes through physical spectral
models [9], target- and depth-constrained band selection [10,11], and joint depth estima-
tion and detection [12]. TUTDF uses depth-dependent synthetic source domains to reduce
synthetic-to-real mismatch [13]. Autoencoder-based unmixing connects reconstruction with
abundance estimation [14]. UTD-Net incorporates target priors [15]; NUN-UTD adds prior-
preserving and pseudo-mixture constraints with nonlinear decoding [16]. HUTDNet jointly
estimates endmembers, abundances, and spectral features [17], whereas NCSS-Net combines
target-prior unmixing, self-supervised band selection, and negative-correlation constraints [ 18].
These approaches motivate target-prior detection, but continual updating across an ordered
turbidity sequence requires additional control of response drift.

Progressive domain adaptation decomposes a large shift into successive transitions
using intermediate domains [19,20]. In related hyperspectral work, TASR updates target
references at test time [21], ICLTD addresses multitemporal spectral variation through
contrastive learning [22], and SPADA uses prototypes and stage-wise training for cross-scene
classification [23]. SPADA may query target annotations in later stages, so its supervision
differs from the present setting. Here, target-domain updating uses unlabeled cubes of the
same physical entity, with all L1-L5 masks reserved for evaluation.

Representation adaptation alone does not constrain the extent of connected background
responses. Spatial-spectral background suppression [24], adaptive background endmem-
bers [25], and self-supervised background learning [26] address related interference. Re-
cent underwater vision also examines joint image enhancement and captioning [27] and
region-aware captioning with foundation-model-derived foreground and background in-
formation [28]. These image-to-text studies provide related context for degraded-image
representation and regional perception. The present task instead produces target-specific
pixel scores from hyperspectral cubes, without language supervision or caption generation.

We address these coupled difficulties by combining CTP-DA, which adapts target—
background ranking across turbidity levels, with RG-OBS, which constrains spatial back-
ground activation after adaptation.

The main contributions of this study are as follows:

1. We construct a controlled underwater hyperspectral cross-turbidity dataset. The pri-
mary cross-turbidity benchmark contains 78 hyperspectral cubes collected from 13
physical targets under six increasing relative turbidity levels, LO-L5. LO is the labeled
source domain, whereas L1-L5 are unlabeled target domains introduced in a prescribed
order. Their masks are used only for offline evaluation after complete inference. Addi-
tional wooden-target and altered-illumination acquisitions extend the full evaluated
inventory to 108 cubes across 18 condition-specific sequences (Section 4.6).
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2. We propose CTP-DA based on a target-prior nonlinear unmixing autoencoder. The
method transfers model states, dynamic target prototypes, and unlabeled prediction
memory along the prescribed turbidity order and progressively updates the continuous
detection response using multi-evidence response fusion, high-confidence pseudo-
anchors, and a teacher—student consistency constraint.

3. We propose RG-OBS as a response-calibration module independent of cross-stage
parameter updates. The module assesses background-response expansion risk from
the area and connectivity of the continuous response and applies soft suppression
with target-core and boundary protection using multiple sources of target support and
candidate connected objects. When the risk is low or no reliable candidate object is
obtained, the original CTP-DA response is retained.

2. Dataset Construction and Problem Formulation
2.1. Experimental Environment and Target Materials

We constructed a controlled scene resembling a drainage pipeline to examine how tur-
bidity affects hyperspectral target detection. The acquisition system comprised a transparent
acrylic tank, a halogen lamp, and a hyperspectral imager within a dark room enclosed by
blackout curtains. The lamp illuminated the tank at approximately 45° to the horizontal
plane. During push-broom acquisition, a linear translation stage moved the tank while
the imager and lamp remained stationary. Maintaining the imaging geometry within
each sequence allowed the turbidity gradient to be examined under comparable viewing
conditions.

Six bricks and seven stones represented the solid foreign objects considered in this study.
Each specimen was imaged individually on the tank bottom, with magnetic positioning
maintaining its location across the six relative turbidity levels, L0-L5. The six cubes acquired
for one physical target formed a paired cross-turbidity sequence. The resulting benchmark
comprised 13 sequences and 78 hyperspectral cubes, allowing each target to be followed as
water conditions changed.

The material evaluation also included three wooden specimens, branch1-branch3, each
imaged through LO-L5 under the original illumination. Illumination variation was examined
using brickl alone. The lamp head was rotated 45° left (lightl) or right (light2) relative to
its original orientation, without moving the lamp mount, imager, or target. Each orientation
remained fixed throughout LO-L5. All acquisitions followed the same acquisition and
processing protocol. The evaluated inventory therefore comprised 16 physical targets, 18
condition-specific sequences, and 108 cubes. Primary comparisons and ablations used the
13-target benchmark; the material and illumination evaluations are reported in Section 4.6.

2.2. Turbidity Design and Data Acquisition

Kaolin was used to produce a repeatable gradient of particle-induced turbidity. Its
weighed additions provided control over suspended scattering particles, avoiding the
variable composition of natural sediment and the predominantly absorptive effect of ink.

The tank measured 60 x 20 cm and contained approximately 10 L of water at a depth of
8.5 cm. Successive kaolin additions generated clear-water L0 and five increasingly turbid
conditions, L1-L5 (Table 1). These mass-defined levels describe the experimental gradient
rather than calibrated turbidity units or the full composition of wastewater.
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Table 1. Relative LO-L5 turbidity levels, cumulative kaolin addition, and domain roles in the primary
benchmark.

Level Cumulative Kaolin Added at This Nominal Domain Role Cubes
Mass (g) Stage (g) Concentration (g L™1)
LO 0 0 0 Labeled source 13
L1 0.5 0.5 0.05 Unlabeled target 13
L2 1 0.5 0.10 Unlabeled target 13
L3 2 1 0.20 Unlabeled target 13
L4 4 2 0.40 Unlabeled target 13
L5 5 1 0.50 Unlabeled target 13

The water was stirred before each acquisition to reduce variation caused by particle set-
tling. Figure 1 documents the resulting visibility changes with RGB reference photographs,
which were not used as model inputs.

m N

Figure 1. RGB reference photographs of brick1 at relative turbidity levels LO-L5.

Spectronon Pro was used for focusing, white-panel signal checks, and acquisition control.
Each push-broom scan recorded 1000 lines and was stored in BIL format with an associated
HDR header.

The raw cubes contained 1000 x 1600 pixels and 462 spectral bands spanning 388.31-1005.85

1

nm. Acquisition used a frame rate of 20 frames s™', an integration time of 49.0 ms, and a

gain of 0 dB. Sample/Spectral/Line binning was set to 1/2/1 throughout the measurements.

2.3. Data Correction and Preprocessing

Radiometric correction combined dark-field subtraction with the imager calibration files
to convert raw digital numbers into radiance. Each radiance cube was then normalized
by the mean white-panel spectrum measured at the corresponding turbidity level. The
resulting panel-referenced relative reflectance provided a common radiometric basis for
comparing target responses across the sequence.

A common 800 x 800-pixel region was extracted from each 1000 x 1600-pixel cube,
beginning at x,; = 600 and y,, = 100. Keeping this window fixed across LO-L5 preserved
the spatial correspondence required for sequence-level evaluation.
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Pronounced noise at the spectral extremes motivated removal of the corresponding
bands. We retained software-indexed bands 50230, covering 452.83-692.14 nm, to obtain
181 consecutive spectral channels. Combined with the spatial crop, this selection yielded
800 x 800 x 181 inputs for detection.

2.4. Dataset Annotation and Evaluation Protocol

Reference masks were delineated as polygonal regions on the clear-water LO images
in ENVI 5.6, where target outlines were most visible. Magnetic positioning and the fixed
crop supported direct transfer of these masks to L1-L5, without additional registration or
boundary redrawing. The selected object was labeled as target and all remaining pixels as
background. This common geometric reference allowed changes in detection response to
be evaluated as turbidity increased.

We assessed the spatial correspondence with a boundary-support diagnostic using
Gaussian-smoothed Sobel gradients from 12 evenly sampled bands in L1-L2. Searching
translations within +12 pixels gave a median estimated displacement of 4.1 pixels across
26 target-level pairs; the 95th percentile was 10.9 pixels. Figure 2 illustrates brick4. These
gradient-support shifts are not independently measured registration residuals and were
not used to modify masks or fit the detector.

LO: source annotation

L1: transferred LO boundary L2: transferred LO boundary

Figure 2. L0 reference contours for brick4 across L0-L2: (a) source annotation at LO; (b) LO reference
contour transferred to L1; (c¢) LO reference contour transferred to L2. Estimated boundary-support
displacements at L1 and L2 were 3.2 and 5.1 pixels, respectively.

Target-domain masks were reserved for offline evaluation. Their transfer from L0
prevented target-label use during adaptation but did not provide independent target-
domain annotations. Boundary metrics therefore quantify consistency with the transferred
reference and remain subject to its spatial uncertainty.

2.5. Problem Formulation for Target Detection

Letn € {1,...,13} denote a physical-target sequence, and let I € {0, ...,5} denote a
relative turbidity level. The hyperspectral cube of sequence n at level [ is defined as

Xl(n) = RHXWXB. (1)

where H = W = 800 and B = 181. Each physical-target sequence has an independently fitted
detector, with labeled clear-water LO followed by unlabeled L1-L5 in cumulative-kaolin
order. Pixels are not randomly divided into training, validation, and test sets.

L0 and its mask provide supervised training, target/background median spectra, target
area, and the fixed 181-dimensional target prior. The prior initializes the target endmember
and supplies prior-target similarity at each stage. L1-L5 masks enter only offline evaluation
and visualization after the complete sequence; they do not enter losses, pseudo-anchor
selection, model updates, response computation, or threshold selection.
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The pixel-level continuous target response produced by the model in target domain [ is
defined over the range
S e [0,1]HW. (2)

Higher scores indicate stronger target support. Detection is binary and target-specific,
using a prior spectrum; bricks and stones are evaluated as targets, rather than separate
recognition classes.

3. Proposed Method
3.1. Owverall Framework

Using the sequence notation in Section 2.5, let G, denote the L0 mask and r the fixed
prior target spectrum. Figure 3 shows the detector architecture and progressive processing.

As shown in Figure 3, the framework combines labeled LO representation learning,
ordered CTP-DA and output-only RG-OBS. Algorithm 1 summarizes the stage updates and
conditional calibration. The final RG-OBS response is used for visualization and evaluation;
later stages inherit student parameters, the prototype and uncalibrated response memory:.
Saved student snapshots also supply the frozen older teacher from L2 onward.

Algorithm 1 Progressive adaptation and response calibration.

Input: labeled L0 cube X, and mask Gy; fixed prior r; ordered unlabeled cubes X, ..., X5; known stage/ma-

terial metadata; fixed settings in Section 4.1.

Output: five stage-response maps Sgg.

Notation: S, C abbreviate the uncalibrated response/confidence S,CTP, C;; M stores (S, C); p is the prototype;

K* denotes the undilated seed core associated with the selected candidate.

1 Train the L0 autoencoder; initialize source statistics, p = py, Ay = |Gyl and H = @ (Equations (3)-(7)).

2 Forl=1,..,5do

3 Initialize student/EMA teacher from the preceding student; freeze the stage-(I — 2) student as older

teacher for | > 2. Prepare spatial-field correction, contrast/PCA features and context model
(Sections 3.3 and 4.1).

4 Fort=1,2,3do

5 Compute semantic/abundance, spectral-contrast and context evidence with stripe handling,
reliability fusion, memory and graph propagation, yielding uncalibrated S, C
(Equations (13)-(43)).

6 Select equal, disjoint pseudo-anchor classes with history-aware scores, supervision weights and
stage fractions (Equations (44)-(49); Section 4.1).

7 Reset Adam; optimize CTP-DA with L0 replay, constraining the decoder and updating EMA after
each step (Equations (50)—(52)). Update p from corrected-spectrum medians selected using this
round’s pre-training S, C (Equations (53) and (54)).

8 End for

9  Recompute final S, C and support maps; preserve the student, p and H < (S, C) for the next stage.

10 SetS;, < N(S); at L4-L5 replace it by the core-halo calibrated response only if all Section 3.3
acceptance tests pass.

11  Compute U, Qqeeq(Sin, U) and z(S;,) (Equations (55)—-(57)); set Q « N(Qqeeq)s SrG < Sin-

12 If z = 0: emit Sgg and continue to the next stage.

13 Search fixed thresholds: seed by [high Q OR (high U AND rank(S;,) > 0.5)], falling back to max-Q
pixels. Use up to five connected seed components per seed threshold; grow, close/fill holes, reject
overgrowth and trim while preserving seed cores; retain the best-scoring (O, K*) (Equations (58) and
(59))-

14  Final fallback check: if O is absent or |O| < 0.25A,, emit Sgg and continue to the next stage.

15  Apply preset area adjustment; conditionally run SGR at L4-L5. Replace O by its refinement only if
seed/connectivity/area checks pass; otherwise retain pre-SGR O (Section 3.4).

16  Build distance-decaying W from final O, with radius limits, protection floors, smoothing and
weak-support caps, in the order specified in Section 3.4 (Equation (60)).

17 Apply accepted SGR probabilities; otherwise set W[O] « 1, retaining exterior W. Always set

WIK*] < 1.
18  Set Sgg < min(S;, © W, S;,) and emit Sig (Equation (61)).
19 End for

20 Return the five stage-response maps.

Operators and settings follow Sections 3.3—3.4 and 4.1. Output calibration leaves saved states unchanged. Target masks are
used only after the complete sequence for evaluation.
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3.2. Target-Prior-Guided Nonlinear Unmixing Autoencoder

We use a target-prior-guided nonlinear unmixing autoencoder as the source detector,
following the unmixing formulation in [14,16,29]. With K, = 4 candidate scene components
and one target component, the encoder maps each pixel spectrum x € R? to an abundance
vector with K = K, +1 =5:

a=fy(x) € RK (3)

The fifth abundance channel ax provides the pixel-level target response. Encoder widths
follow B — 18K, — 9K, — 6K, — 3K, — K, with Leaky ReLU hidden activations and
batch normalization, Softplus, and Softmax at the output. Softmax enforces nonnegative
abundances that sum to one, preserving the unmixing interpretation.

The decoder retains an abundance interpretation by combining endmembers according
to their estimated weights. A learned nonlinear residual supplements this mixture to
represent spectral deviations that the linear combination alone cannot capture.

(a) Target-prior nonlinear unmixing

! (b) Cross-turbidity progressive domain adaptation

I I
I I
: initialize encode unmix decode reconstruct detect 1

1
: Linear decoder I |
: Ea i / 1
1 Nonlinear residual 'G/WN—W |
I 9%(Ea) i wr ar 1
: 1
: LO HSI cube Xo 4 VCA candidates Encoder: Abundance map A Reconstructed Source 1
,  800x800x181 + target prior r 181-72—-36—-24-12-5 So =A_target spectrum response So |

|
! Eo =[Eyca, 1] € R85 LeakyReLU + BN + Softplus + X = Ea + go(Ea) |
L Softmax )

EMA teacher - same target-prior AE

Spatial field c,

Three complementary evidence branches

Semantic
Sysem

Balanced pseudo-anchor selection

[P{P0-0-0

181 72 36 24 12 5

g_ consistency target  EMA parameter update

Positive anchors P;* Negative anchors Py
Reliability-weighted | high response + low response +

Context
Syeon Spetx

Contrast n N
Student - trainable target-prior AE

X =cX

fused response S,cTP |confidence + prototype  low prototype

Ordered adaptation: L0 - L1 - L2 -L3 - L4 L5

[ LO source replay

Input response S;n

(c) Risk-gated object-level background suppression

background
expansion

risk?

high risk

|
low risk: retain S,in 1
|
I

grow score protect suppress = VNV N
! Offline evaluation only ! !
I
= ~ _ | AUROC-AUPR-F1-FPR |l
i
: Target-domain GT enters 1
1 here only 1
L "
Top-K seeds Connected object Support + boundary Soft weight W, Suppressed responseSfe T T T T T oo oo mmmmoo !

response RG-OBS is output-only; it does not

I
I
propagate gradients or update the
student, prototype, or stage memory. |

Figure 3. Framework comprising (a) target-prior-guided nonlinear unmixing and labeled L0 source
learning, (b) ordered unlabeled cross-turbidity progressive domain adaptation (CTP-DA), and
(¢) output-only risk-gated object-level background suppression (RG-OBS). Blue, green, and orange
dashed outlines distinguish the three modules, respectively. Arrows indicate data flow and parameter
updates as labeled. Target-domain masks are used only for offline evaluation.
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Vertex component analysis (VCA) extracts four candidate components from the complete
L0 cube [30]. These components are not assumed to be pure background endmembers.
Concatenating them with the target prior initializes the bias-free decoder, which reconstructs
spectra through linear and nonlinear residual branches:

Ey = [EVA,r] € RBXK, (4)

Xy ¢ = Ea, + g, (Ea,,). (5)

Here, E is trainable, whereas the reference spectrum r remains fixed throughout the

sequence. Its initialized decoder column is updated at a smaller learning rate and remains

nonnegative. The residual function g, uses widths 181 — 36 — 72 — 181 — 181, sigmoid
activations after the first three linear layers, and a linear output.

L0 labels supervise the target-abundance channel, while spectral reconstruction and
abundance regularization constrain the learned representation. The source objective is

Ly = AgupLipcr + AtecLiec + AabLab- (6)

Here, Lgpcr is class-balanced, smoothed binary cross-entropy, and L3 is the source-
domain mean-squared error (MSE) averaged over pixels and bands. For each pixel, the
population variance is computed across its K abundance components. The abundance
regularizer sums this variance-based penalty over N pixels:

N 1
Ly = ;logw[—vﬂ(an) - 8]. (7)

= 20, A%¢ = 0.20, and A, = 107°. Labels are smoothed
to 0.95 and 0.05, with class weights 0.5/N* and 0.5/N~ for equal positive and negative

The loss weights are A,
contributions. The resulting student parameters 63 initialize adaptation. LO also supplies
target/background median spectra, the initial prototype p,, and the target area Ay = |G|
for the subsequent modules.

3.3. CTP-DA: Cross-Turbidity Progressive Domain Adaptation

CTP-DA adapts the detector along LO - L1 — -+ — L5 to accommodate changing
spectral contrast and spatial responses. Each stage receives the current cube X;, preceding
student parameters 6} |, target prototype p;_;, and response memory H;_;. Three evidence
branches construct the stage response, which then guides pseudo-anchor selection and
teacher-student updates (Figure 4).

Spatial intensity correction first addresses slowly varying brightness and scan-line
fluctuations. Throughout this section, the robust normalization operator is

Y_qa(Y) )
qb(Y) - %(Y) + e’

Here, g, and g, are image-wide percentiles, and N abbreviates N 5 o9 5. If the percentile

N, p(Y) = Clip( (8)

range degenerates, the image minimum and maximum replace its endpoints. The field
estimator receives the log-band-mean image

1 B
Zl(ll]) = ]\[;1,99(10g|:£ + E ;Xl(i/]'/ b):|> (9)

The positive constant & prevents a zero logarithm argument or denominator. The estima-
tor fits a smoothed intensity field Z;™°°" with total-variation regularization. Its background-
fitting mask B}Dg excludes the highest 8% of initial responses:

b
Zi,j Blg|F;%E _ Z?mooth|

bg
Zi,j Bl

field = + Apy TV(FPE). (10)
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The field estimator is fitted on a bilinearly downsampled 256 x 256 intensity image. Its
estimated field is bilinearly upsampled to the original 800 x 800 size before row-median resid-
ual compensation. This compensation gives the empirical field F,. Its clipped exponential
defines a positive coefficient applied equally to all bands of each pixel:

= ChP[eXP(_'YFl)/Cmin/ Cmax]' (11)
ch(l/]/) = Cl(i/]')Xl(i/j/:)‘ (12)
Stage inputs A Semantic abundance evidence Reliability and fusion
S7e™ = N0.4N(A) + 0.4N(RP™) + 0.2 N(RP")] Certainty - stability

Memory agreement
Core quality - stripe correlation

EMA teacher: target-prior unmixing autoencoder
181 - 72 — 36 — 24 — 12 — 5; BN — Softplus — Softmax

[ x
sem
S/ Ssem asem
Current cube X; Agbun RlF"OtO Rlprior
and corrected X; .
B Bidirectional spectral contrast / =
o
ﬁ Band-wise median / MAD P = N(1 - m)N(Q)
S 1'1'[# standardT|zat|on —_ +mN(=q)] x _ |
qg=2z; JAi
LO target and Sf°" = N10.85P; + 0.154;7°] getx Qetx
background medians gcon l
Fixed target prior r /

Raw-cube evidence; corrected-cube counterpart measures stability

Slevi = N(zaesl,e)
e

C Background-context evidence /

Response-memory blend

®;: PC1-PC3, abundance, prior similarity, reconstruction residual Disagreement-dependent weight

Current prototype

(t-1) . Learned anomaly !
P; 21 x 21 input patch AE
Masked 5 x 5 center - E o Four-neighbor PCA graph
Context autoencoder B = 0.10; stripe removal
Previous memory \ Center—surround / getx ¢
Mi—1,Ki-1 Eloc. 5731 /
(L2-L5) I
Sf™ = NMO0.35MEP) + 0.65M(E,*)] .
S5

Figure 4. Cross-turbidity progressive domain adaptation (CTP-DA): (A) semantic abundance ev-
idence; (B) bidirectional spectral contrast; and (C) background-context evidence. Blue, orange,
and green distinguish the three evidence branches, respectively. Arrows indicate evidence flow
through branch construction, reliability-weighted fusion, response-memory blending, and principal
component analysis (PCA) graph propagation to produce S¢'F.

On the corrected cube, the exponential moving average (EMA) teacher estimates target
abundance A" and reconstruction residuals using the student’s architecture. Spectral-
angle similarities to the fixed prior and current prototype are

) SAM(x{ 1)
RP () =1 - —— 2~ (13)
7T
SAM(x,,, pi ")
RP(u) =1 - - o (14)
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Here, t = 1, 2,3 indexes adaptation rounds, with the preceding-stage prototype used on
entry. These maps and the abundance response form the semantic evidence:

Seem = /\[[0.40N<A?bun) +0.20N (RP™) + 0.40N (Rf“’“’)]. (15)

A second branch represents bidirectional target-background contrast. The current cube
is standardized by its band-wise median and median absolute deviation (MAD), estimated
from up to 100,000 uniformly strided pixels. Applying this scale to the L0 target/back-
ground median spectra gives yi! and !. The standardized pixel z; , is projected along their
discriminative direction:

t_ b
=11 H b”’ : (16)
Iy — pflly + &
Pyw) = N[ (1 = m) Nz dp) + mN (=], dp) |- (17)

Equation (17) normalizes the positive and negative projection directions separately
before blending; it does not apply positive-part truncation. The negative-polarity weight is

) J . (1-15 af —a;
7, = sigmoid| clip 075~ 0003 ,—8,8 | (18)

The affinities 2" and a;” are mean cosine similarities to the LO target median within the

highest 1% of the respective directional responses. This weighting allows the preferred
polarity to change with turbidity and current spectral evidence. The branch also includes
standardized spectral magnitude:

1 B
A?peC(u) :/V( E Zzlz,u,b). (19)
b=1

Sson (1) = N[0.85P, (1) + 0.15A% (u) . (20)

The active contrast branch is evaluated on the original cube X;. Its counterpart on X;
measures correction stability; semantic evidence instead uses Xj.

Background context provides the third evidence source. Its six-channel feature tensor
®, contains three PCA components: target abundance, prior similarity, and reconstruction
residual. A context autoencoder learns masked-center reconstruction from low-response
background patches. For each of the six feature channels, the local anomaly takes the
absolute difference between 5 x 5 and 31 x 31 window means. These absolute differences
are averaged across channels and then normalized by N to obtain E}°°. It complements the
learned reconstruction anomaly:

Ss% = N[0.35N(EE) + 0.65 N (EL°) . (21)

The context network uses 21 x 21 patches and Smooth-L1 reconstruction of the masked
5 x 5 center. It has convolutional widths 6 — 24 — 24 — 12 — 24 — 6, with GroupNorm
and SiLU hidden transformations.

Before fusion, the semantic responses from the corrected and original cubes and both
contrast responses undergo directional stripe removal. For a normalized map S, let i, and
h. be its row- and column-median profiles minus their Gaussian-smoothed profiles. The
operation is

Dy(8)(,j) = NIN(S) (i, j) = n{h, (i) + h.(j)}]. (22)

The Gaussian width is 5 pixels; # = 1 before fusion. In the following fusion definitions,
branch maps denote these processed responses. Raw-cube semantic and corrected-cube

contrast counterparts are denoted by 57" and 5;°"°.
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Reliability weighting determines how the three branches contribute at each pixel. For
e € {sem, con, ctx}, response certainty is

co(u) =2|S;,(u) —0.5]. (23)

Semantic internal agreement additionally compares the three normalized constituent
maps V; = {N(A™), N(RP*°), N(RP™)}:

L(u) = clip[l - r‘;}ia‘% V(u) + ‘r/rél‘r}l V(u),O,l]. (24)

;- {/\ﬂ(cell), e = sem, (25)

N(c,), e € {con,ctx}.

The stability term compares responses before and after correction, or the learned and

local context cues:
1 —|syem — Syem vy, e = sem,

v, = 11— |S5om — §7°n, e = con, (26)

1= IN(EPF) = N(EP9)l, e

ctx.

Historical memory H,_; stores the preceding uncalibrated response M;_; and confidence
K;_1. Memory scores are normalized by N when read. The temporal agreement is

1/ l = 1,
t, = (27)
1—1S;, —Mp_yl, [>2.

Global quality factors use nonnegative response-memory correlations #,, response—
stripe correlations b,, and mean map values, denoted by angle brackets. Correlations are
Pearson correlations after robust scaling, evaluated on up to approximately 50,000 uniformly
strided pixels; a degenerate map gives zero. The stripe map is the normalized mean absolute
row/column high-frequency field of the three PCA channels. For the highest 5% response
core, quality is the largest-component fraction minus the fraction of core pixels on the image
edges. Semantic core reliability k., linearly maps this quality from [0.80,0.92] into [0,1],
with clipping. The global factors are

Geom = clip[0.15 + 0.25k,, + 0.15¢I;) + 0.10(0 e ) + 045k,

28
+0.20 max{0, (3 — I)/2)(I;) — 0.20b,,,, 0.05,1]. (28)
Qeon = Clip[0.20 + 0.40h., + 0.15[277; — 1| + 0.10(00) 29)
+0.20(1 — (I;)) — 0.25b,,,,,0.05,1].
Gete = clipf 0.03 + 0.25, + 0.20h5p 1oc + 0.10(0,) — 0.40b,,, 0.01,0.08].  (30)

Here, A 1, is the nonnegative correlation between learned and local context anomalies,
and h, = 0 at L1. If semantic—contrast correlation is at most —0.25 and their core qualities
differ by at least 0.35, the lower-quality branch’s global factor is multiplied by 0.20. This veto
limits strongly conflicting evidence. The implemented reliability and normalized fusion are

r,(u) = clip{g3[0.25 + 0.75¢, (11)1[0.45 + 0.550, (11)]

(31)
x [0.45 + 0.55t,(11)],1074,1}.

T (1)
S te(u) +1076

With the implemented context cap, 0.08* < 107#, so the enabled context branch has

w,(Uu) = (32)

rax = 107%. Its normalized weight still varies with the other branches. Context supplies
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floor-weighted auxiliary evidence and contributes to inter-branch disagreement; its raw
reliability is not independently modulated under these presets.

S?Vi(u) = Nji:zﬂce(u)sl,e(u)]- (33)

The fused confidence uses response certainty c,, rather than the internal-agreement-
adjusted ¢,, together with mean response and normalized disagreement:

~ 1
Si=3 ; S (34)
1 _
Dy = Nogos| 3 > 1S = Sil|- (35)
Cevi = clip[(l - Dy Z &,C,, 0, 1]. (36)

At L1, no response memory is available and m; = 0. From L2 onward, historical confidence,
branch disagreement, and historical response certainty determine the memory weight:

my(u) = clip{0.90[0.35 + 0.65x;,_, (11)][0.75 + 0.25D; ()]

(37)

x [0.5 + |M;_; () — 0.5]1,0,0.90}.
S;nem = /\4:(1 — ml)SleVi + mlMl_l]. (38)
Crem = clipf (1 — my)C8 + myx;_4,0,1]. (39)

The memory response then undergoes one four-neighbor graph-propagation step. Let
f.. denote the three normalized PCA features after row/column stripe removal, and b(u)
their stripe map. For adjacent pixels, the edge weight is

(W fR3
Wuo = eXP( 0.05 ) (40)

x exp{ —2{max(b(u), b(v)) + s,,,}] clip(C**™(v), 0.05,1).

The directional term s,,, is the mean absolute row-profile residual divided by each PCA
channel’s standard deviation, averaged over channels, for horizontal edges; column profiles
are used for vertical edges. Edges crossing the image boundary have zero weight. With
self-weight 2, graph propagation is

graph 257 (1) + Lpe Ny PuaST T ()
S (u) = N > . (41)
+ ZveN‘l(u) Wy
mem raph
SCTP = Q)M(N{(l — B)Smem 4 BGEP ]). (42)

Here, B = 0.10. The stripe diagnostic b; is the pixel-wise maximum of the PCA, semantic,
contrast, and final-response stripe maps. Response stripe maps are the normalized absolute
field removed in Equation (22). The final confidence passed to adaptation and memory is

C; = clif Cmem(1 — 0.5b7),0.02, 1]. (43)

For unlabeled adaptation, equal numbers of positive and negative pseudo-anchors are
ranked using S = N(SF™7), R = ]\[(Rfrom), and confidence C;. Without history, their scores
are

QF = SC(0.5 + 0.5R). (44)

Qr =1-5CGA-R). (45)
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For L2-L5, temporal agreement is
a = 1-— |S — Ml—l" (4:6)
Historical conflict reduces confidence when a4; < 0.60 and x;_; > 0.60:

~ 0.5, a; < 0.60 and x;_; = 0.60,
1, otherwise.

Qi = SC;(0.5 + 0.5R)[0.5 + 0.5{x;_1M;_; + (1 — x;_1)S}]. (48)
Qr = (1-9C (1 = R)[0.5+0.5{x;_1(1 = My_y) + (1 — x5_1) (1 = $)}]. (49)

Positive anchors are selected first; negative anchors exclude all selected positives. Each
class uses its stage-dependent top-ranked fraction, with at least 512 pixels and at most half
the image. Selected joint scores are clipped to [0.05,1] as supervision weights. The student
starts from the preceding-stage parameters and minimizes

Letp = BLpseudo + 8Leplay + 2Lema + 0-5L1

replay
(50)
+ 0.03L5e™" + 10Lp .

The first two terms are class-balanced, smoothed binary cross-entropy for weighted
target pseudo-anchors and labeled LO replay, respectively. The consistency terms are target-
abundance MSE against the current teacher and the earlier-stage teacher; the latter is active
from L2 onward. Proximity regularization averages squared parameter deviations from
stage initialization. Unlike the pure source MSE in Section 3.2, the adaptation reconstruction
term includes the implemented scale and source replay:

Lie = 10[MSE(X;", Xi) + 025 MSE(XJ, X |- (51)

Here, B3 and &R denote target-anchor and source-replay mini-batches; each MSE is
averaged over spectra and bands. Thus, the effective MSE coefficients in the adaptation
objective are 0.30 and 0.075, respectively. The source reconstruction coefficient remains 0.20.

After each student optimizer update, the teacher is updated by EMA without backprop-
agation [31]:

0F « ubl + (1 — )67. (52)

Prototype updating occurs once after each adaptation round. Let J,(t) contain the highest

1% of pixels ranked by normalized response times confidence, with a minimum of 64 pixels.
With unit denoting L2 normalization, the corrected-spectrum median gives

p?and,(t) = unit[rr;tee%i(gn xf,u]. (53)
7
p" = unif punit(p{™) + (1 — p)p V], £=1,2,3. (54)

The current-domain prototype starts from p,(()) = p;_1, and its final value 7’1(3) becomes p,
for the next stage. The momenta are p = 0.995 and p = 0.90. After three rounds, the final
teacher and prototype recompute the stage response and confidence. Student parameters,
the final prototype, and uncalibrated response memory pass to the next stage.

For core-halo output calibration at L4-L5, write S = N/(SF™F) and exclude its upper
3% from background estimation: M = 1[S < qq;(S)], where g,, is the spatial pth percentile.
With G4, denoting Gaussian smoothing of width 60 pixels and nearest-edge padding,

~ max(Ggy * M, 10-4)’

S=N(S—BF), (B Bs) = (0.050.20).
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The candidate S is accepted if its Pearson correlation with S, computed after robust scaling
as above, is at least 0.98; its top-5% core quality decreases by at most 0.05; and its median
upper-3%-versus-remaining-pixel gap retains at least 0.98 of the original gap. Quality is the
largest-component fraction minus the image-edge fraction defined above; each map uses its
own quantiles. Otherwise, S is retained. This output-only calibration leaves pseudo-anchors,
prototypes, and transferred memory unchanged.

3.4. RG-OBS: Risk-Gated Object-Level Background Suppression

RG-OBS constrains connected background responses after adaptation. Its input Si" is the
accepted core-halo response at L4-L5, or the normalized uncalibrated response otherwise.
Additional inputs are abundance A3™™", prior/prototype similarities R, RP™, and L0
area Ay. Risk diagnosis covers L1-L5; calibration leaves gradients and all states transferred
to the next stage unchanged.

We first compute the pixel-percentile rank of each of the three target-support maps and
take their pixel-wise maximum to form the integrated target support. This support and the
rank of the RG-OBS input response Si" jointly define the object-seed score:

U(u) = max{rank(A?bu“), rank(R’lPrior), rank(RfrOto)}, (55)

Q?eed(u) — rank(Siln)[O.S + 0.5U;(u)]. (56)

This construction requires high-response regions to receive abundance or spectral-
similarity support, rather than determining target objects from response amplitude alone.
Background-response expansion risk is diagnosed using the area ratios of two high-response
levels and the largest connected component at a low threshold. The low and high thresholds
are used to identify potential large-area response expansion and to determine whether
high-confidence background false responses are present, respectively.

2K = 1[7,(0.2) > To, V 1(04) > To, V m™(0.2) > kAl (57)

In Equation (57), r,(7) is the proportion of pixels whose input response exceeds thresh-
old 7, and nj***(0.2) is the area of the largest connected component in the mask defined by
the 0.2 threshold. The parameters 7, and 7 4 are the response-area thresholds at the two
levels, and « scales the connected-component risk threshold according to the labeled LO
target area A,. The risk gate determines whether RG-OBS enters object search or passes
through its input response. The fixed risk values are 7y, = 0.10, 754 = 0.05, and x = 5.

Under high risk, RG-OBS extracts connected cores at multiple high-percentile seed
thresholds and performs connected growth, closing, and hole filling within a region jointly
constrained by the response and target support. The score of each candidate object combines
its regional response, seed strength, target spectral support, consistency with the source-
domain object scale, and inner-versus-outer boundary contrast. It also penalizes area
mismatch, anomalous expansion, and contact with the image boundary:

O} =arg max J,(0O). (58)

J1(0) = 0185 + 0.27pq + 040U + 0.15C, e

(59)
+ 0.50 clip(Cpng, —0.20,0.20) — Py,

In Equation (59), us and pg are the mean input response and mean seed score of the
candidate region; U, is the regional target support; C,.., and C,,4 quantify area consistency
and inner-versus-outer boundary contrast, respectively; and P, summarizes the penalties
for area mismatch, anomalous expansion, and boundary contact. The support U is the
average of the regional mean and 95th-percentile support. Within the allowed area interval,
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Carea decreases from one according to absolute log area-ratio deviation, normalized by
log 8 and clipped to [0,1]. Outside that interval, it is the clipped ratio of candidate area
to minimum area, or maximum area to candidate area, respectively. The penalty weights
are 0.65 for relative area violation, 0.30 for relative excess above the soft area cap, and
0.10 for image-border contact. Boundary contrast averages the inner-minus-outer mean
differences of the input response and integrated target support within a five-pixel band.
After candidate generation, overgrowth rejection, and core-preserving trimming, the highest-
scoring candidate is retained. A final fallback returns the input response if no candidate is
found or the selected area is below 0.25A, (Equation (61)).

Before SGR, undersized objects undergo support-guided growth, whereas oversized
objects undergo core-preserving trimming; the source-relative lower/upper triggers are
0.75/4.0 for brick and 0.50/3.0 for stone, with both routes disabled for the generic preset.

For valid candidates at L4 and L5, RG-OBS further refines the object boundary using
seeded graph refinement (SGR) based on PCA graph features, foreground /background
seeds, and four-neighbor smoothing. If the refined area falls outside the allowed range, the
SGR result is discarded and the original candidate is retained. SGR is therefore a condi-
tional boundary-refinement procedure for highly turbid stages, rather than an independent
detector.

The final object O defines Euclidean distance d. The base distance weight is

dzo(u)]

202 (60)

c

WPse (1) = Ky + (1 — Koye) exp[—

To obtain the effective weight W,, use Equation (60) within support radius R, and
outside. Let T = rank( S}“), V be the maximum normalized abundance/prior/prototype
support, and V, its object mean. Outside O, cap weights at w where d, < Rand V < fV,.
Raise weights to at least s on M, = {dp < R, U; > qgo(U)), T > ge5(T),V > fV}. Apply
floor b on M, the five-pixel outer square band satisfying U; > q,0(U;), T = q¢o(T), V > f V.
Here, 9p denotes the spatial pth percentile. Brick, stone, and generic presets use (f,w,s,b) =
(0.50,0.50,0.82,0.86), (0.55,0.52,0.90,0.92), and (0.55,0.52,0.86,0.88), respectively.

Set object weights to one, smooth with a 1.5-pixel Gaussian, and clip to [#,,, 1]. Reapply
the exterior weak-support cap within R + 4.5 pixels. The undergrowth-rescue route instead
uses f = 0.35,w = 0.08 for this second cap and raises object weights to at least 0.92. Define
protection set P = dilate;; (O) UM;UM,, using square dilation. For accepted SGR probability
p € [0,1], seta = 0.18 4+ 0.82p, bp = 0.08 + 0.64p. Replace weights by a on O \ K* where
p < 0.55; elsewhere in O, take their maximum with a. On P \ O, take their maximum with
b,. Without accepted SGR, retain exterior weights, and set object weights to one. Finally, set
W;[K*] =1, and clip to [0,1]. The response is

(61)

S}‘G _ {S}“, zfiSk = 0 or no reliable object is found,

min{Si" © W, SI"}, otherwise.

Here, x,,, is far-field retention and o, the preset distance-decay scale. Algorithm 1 gives
the execution order; Section 4.1 supplies R and o..

Brick and stone presets were selected from known sequence metadata and fixed across
levels and seeds. Wood used the generic preset; the additional brick illumination sequences
used the brick preset. A small-stone area cap applied only when A, < 30,000 pixels.
Inference used L0 area and unlabeled responses/support, never target-domain masks or
coordinates.
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Brick

Stone

4. Experiments and Results
4.1. Experimental Settings

L0 served as the labeled source, and L1-L5 formed the ordered unlabeled target domains.
For each sequence, the target prior was obtained by averaging the 1296 spectra within a
36 x 36-pixel patch inside the LO target region. The resulting 181-dimensional spectrum
remained fixed throughout adaptation. Figure 5 shows representative inputs across the
turbidity gradient.

The source model was trained with Adam using a learning rate of 107%, weight decay
of 1074, and batch size 1024. The linear decoder used 0.1 times the current learning rate.
Source training ran for 50 epochs, followed by 30 adaptation epochs at each target level,
divided into three rounds of ten epochs. Adaptation used a learning rate of 5 x 107%; each
epoch used at most 150 mini-batches, further limited by the selected-anchor loader length.
Teacher and prototype momenta were 0.995 and 0.90, respectively.

The spatial-field estimator usedal - 8 —» 16 —» 8 — 8 — 1 channel architecture on
256 x 256 inputs. It was trained for 120 steps at a learning rate of 10-3, with TV weight
0.05, target-smoothing width 5 pixels, and row-residual smoothing width 1.5 pixels. The
correction strength was y = 0.70, with coefficients clipped to [0.70,1.40]. The background-
context network used 12,000 patches per epoch sampled from the lowest 70% of initial
responses. It was trained for eight epochs with batch size 128 and learning rate 5 x 107%.
PCA used three components estimated from up to 50,000 sampled spectra. The per-class
pseudo-anchor fractions for L1-L5 were 0.010, 0.0125, 0.015, 0.020, and 0.025, respectively.

Fixed pseudo-colour mapping: R=649.3 nm, G=549.5 nm, B=470.0 nm

L1 L2 L3 7 L4 L5

Red boxes indicate target locations; identical display limits are used for all panels.

Figure 5. Representative L0-L5 inputs using fixed R/G/B bands at 649.3/549.5/470.0 nm and common
display limits. Red boxes locate targets for visualization only.

RG-OBS searched seed percentiles 99.8,99.7, 99.5, 99.3, and 99.0, retaining up to five seed
components at each threshold. Allowable growth masks used percentiles 92, 90, 88, 85, 82,
80, 75, and 70; core dilation used a seven-pixel radius. The brick, stone, and generic presets
used distance-decay scales/support radii of 25/32, 40/45, and 30/35 pixels, respectively.
Their soft/hard area caps were 3.5/5.0, 4.0/6.0, and 4.0/6.0 times A,; the small-stone branch
used 3.0/4.5. The candidate-area utility used 0.354, as a reference bound, not a hard
rejection threshold; areas below 0.254 triggered the final input-preserving fallback. Far-
field retention was 0.08. Conditional SGR at L4-L5 used 24 iterations, a 35-pixel candidate
radius, and foreground threshold 0.52. These presets were fixed across levels and seeds; no
target-domain evaluation labels were used to select them.
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Learning-based methods were evaluated with seeds 36-40. Within each seed, results
were averaged equally over 13 targets and five target-domain levels, yielding 65 scenes. We
report the mean and sample standard deviation across the five seed-wise averages. Level-
wise results were first averaged over targets and then summarized across seeds. The five
classical detectors produced deterministic responses; their ranking scores were computed
once, whereas variation in source metrics reflected the five shared L0 calibration subsets.

4.2. Evaluation Metrics

Ranking was evaluated by the area under the receiver-operating-characteristic curve
(AUROC) and average precision (AP). AP, also reported as AUPR in the ablations, was
computed without trapezoidal interpolation:

K
AP =AUPR =) (Ry —Re_)P,,  Ry=0. (62)
k=1

Here, P, and R, denote precision and recall at successive distinct score thresholds.
With TP, FP, TN, and FN denoting true/false positives/negatives, thresholded metrics were
Precision = TP/(TP + FP), Recall = TP/(TP + FN), F; = 2TP/(2TP + FP + FN), and
FPR = FP/(FP + TN).

Boundary F1 combines boundary precision and recall with a two-pixel tolerance. It
measures agreement with the transferred reference contours, rather than independently
annotated target-domain boundaries. Mean background response is the average scene-
normalized score outside the target mask and quantifies residual background activation.

To compare source-threshold transfer consistently, all methods used the same L0 cali-
bration pixels for each target and seed: 180 target pixels and 180 background pixels. Each
model’s threshold maximized F1 on these 360 source pixels, with ties resolved by choosing
the highest threshold. Native saved responses were used without scene-wise min—-max nor-
malization. The shared protocol therefore standardized calibration pixels and the selection
rule, rather than imposing one numerical threshold on all methods.

For Full and the other sequence systems, the source-model threshold was frozen along
L1-L5; HUTDNet-based likewise retained its LO model and threshold. DANN, TSDA, and
SVHAE fitted a separate model for each target level. Each fitted model was evaluated
on the same L0 calibration indices to obtain its own threshold, which was applied to the
corresponding target level. Target-domain evaluation labels were not used to select these
operating points. The calibration subset belonged to the source training domain and was
not a held-out validation set.

The ablation and historical mask-perturbation analyses used full-L0 threshold selection
after scene-wise normalization. The additional boundary checks used native scores and
common L0 calibration subsets. Their operating-point F1 values are reported separately.

Adaptive F1 uses an unlabeled selector based on response strength, target support, LO
area consistency, and component plausibility. F1@0.4/0.6 applies fixed normalized-score
thresholds. Oracle Best F1 is the offline maximum over target thresholds; PA@FAR = 0.001
is the highest evaluated detection rate below the false-alarm limit. These last two are
evaluation diagnostics, not deployment thresholds.

Paired analyses used 13 physical targets after averaging seeds and levels within each
target. Exact two-sided signed-rank permutation tests enumerated all 8192 sign assignments,
using average ranks for tied absolute differences. Holm correction covered ten comparators
for AP and Source F1 (20 tests); pointwise 95% intervals used 20,000 paired target-bootstrap
resamples. Full’s AP advantage over SVHAE was 0.0710 (95% CI 0.0302-0.1054; adjusted p
= 0.0161), providing statistical support for the observed AP advantage under this protocol.
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4.3. Comparative Experiments

The comparison retained the five conventional detectors SAM, CEM, ACE, MF, and
OSP [4-8]; the nonlinear-unmixing baseline NUN-UTD [16]; and four additional learning
methods. HUTDNet combines hyperspectral unmixing with target detection [17]. SVHAE
uses a spectral-variability-aware hybrid autoencoder to model underwater spectral varia-
tion [32]. DANN learns domain-adapted features through adversarial training [33], while
TSDA combines self-distillation and test-time adaptation in a two-stage framework [34].
Together with Full, these eleven systems cover conventional spectral detection, learned
unmixing, and domain adaptation.

All methods were evaluated on the same cubes, spatial crops, transferred masks, and
common L0 calibration subsets. SVHAE and HUTDNet-based, marked with an asterisk,
were independently implemented for the present task. HUTDNet-based was trained using
L0 supervision and applied directly to L1-L5 without target-domain adaptation. DANN
and TSDA adapted independently from L0 to each target level, whereas Full inherited states
along the ordered sequence. Architectures, supervision amounts, and training budgets
were method-specific. These results compare the declared implementations rather than
reproduce every method’s complete published protocol; the matched controls in Section 4.5
more directly examine adaptation routing and module contributions.

DANN used a spectral-network adaptation with batch size 256 for 20 epochs and 150 up-
dates per epoch. TSDA was adapted from the authors’ code to binary detection with 7 x 7
patches and 180 labeled LO pixels per class. Its first stage used 50 epochs and batch size 32.
Test-time adaptation performed one update in 223 tasks, two in 81, and none in 21; all 325
outcomes were retained.

SVHAE was fitted independently at each target level for 100 epochs with batch size
4096, using the L0 target prior, VCA initialization, and equal numbers of original and syn-
thetic spectra. The independent implementation used convex-mixing coefficients sampled
from U(0.2,0.6) and equally weighted KL, MSE, and spectral-angle reconstruction terms.
HUTDNet-based was trained on LO for 100 epochs with batch size 2048 and 9 x 9 patches. It
used BF16 training and FP32 evaluation before direct application to L1-L5. Initial learning
rates were 0.01 for DANN, 0.1 for TSDA, and 10~ for both SVHAE and HUTDNet-based.
DANN used 3000 joint updates/model; SVHAE and HUTDNet-based each used 31,300 up-
dates per fitted model. Historical NUN-UTD budgets and Full optimizer totals were not
fully recoverable. These are task-specific implementations with method-specific training
budgets, rather than exact reproductions of the original training protocols.

Across the 65 target-domain scenes (Table 2), Full achieved AP = 0.9282 % 0.0009 and
AUROC = 0.9773 £ 0.0009. Its AP exceeded the strongest external comparator, SVHAE,
by 7.10 percentage points. MF was the strongest external comparator by aggregate AU-
ROC (0.9601). These comparisons support an aggregate advantage under the evaluated
conditions, rather than superiority for every target or level.

Under shared LO calibration, Full achieved Source F1 = 0.7750 £ 0.0236, preci-
sion = 0.8339 % 0.0277, recall = 0.7942, FPR = 0.0286, and Boundary F1 = 0.2020. It had
the highest mean Source F1 and Boundary F1 and the lowest mean FPR among the eleven
methods. SVHAE obtained Source F1 = 0.2346 + 0.0186 and FPR = 0.2192. TSDA combined
recall = 0.9829 with FPR = 0.8954, illustrating that high recall alone did not establish ac-
curate foreground separation. These common-calibration results complement the ranking
measures; Table 3 further separates offline discrimination potential from source-threshold
transfer.
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Table 2. Overall ranking and operating-point results with shared L0 calibration on L1-L5. AP, average
precision; AUROC, area under the receiver operating characteristic curve; FPR, false-positive rate.

Method

AUROC ?t

APt

Source F1 1

Source Recall t

Source FPR |

Source
Boundary F1 1

SAM

CEM

ACE

MF

osP
NUN-UTD
SVHAE *
HUTDNet-
based *
DANN
TSDA
Ours (Full)

0.8713
0.9011
0.9099
0.9601
0.5444
0.7057 £ 0.0522
0.9521 + 0.0161

0.7563 £ 0.0288

0.6937 + 0.0376
0.5562 £ 0.0190
0.9773 £ 0.0009

0.7242
0.6925
0.6811
0.8047
0.1155
0.4619 £ 0.0507
0.8571 £ 0.0224

0.5827 + 0.0334

0.5055 + 0.0378
0.2623 + 0.0173
0.9282 £ 0.0009

0.2483 + 0.0350
0.4099 £ 0.0127
0.3122 £ 0.0166
0.3767 £ 0.0375
0.1494 £ 0.0002
0.1566 £ 0.0077
0.2346 £ 0.0186

0.2865 £ 0.0309

0.2000 + 0.0123
0.1994 £ 0.0133
0.7750 £ 0.0236

0.5199 + 0.0416
0.4507 £+ 0.0217
0.9435 £ 0.0085
0.4547 + 0.0202
0.9953 £ 0.0034
0.6596 * 0.1664
0.4266 + 0.0274

0.6135 £ 0.0302

0.8402 + 0.0522
0.9829 £ 0.0179
0.7942 £ 0.0449

0.3273 £ 0.0777
0.0907 £ 0.0052
0.4219 £ 0.0291
0.1309 £ 0.0367
0.9936 + 0.0051
0.5903 £ 0.1731
0.2192 £ 0.0295

0.3940 + 0.0622

0.7390 + 0.0443
0.8954 £ 0.0178
0.0286 + 0.0113

0.0625 £ 0.0049
0.0739 £ 0.0058
0.0140 + 0.0012
0.0685 £ 0.0049
0.0092 £ 0.0017
0.0143 £ 0.0036
0.0468 £ 0.0112

0.0665 + 0.0091

0.0226 + 0.0108
0.0298 £ 0.0071
0.2020 + 0.0236

Mean + sample SD over five seed-wise macro averages of 65 L1-L5 scenes. The 180 L0 target and 180
L0 background pixels per target/seed are used only to calibrate thresholds. Source F1, recall, FPR, and
Boundary F1 are evaluated on the L1-L5 target-domain images using native scores. Classical ranking
scores are deterministic; their source SD reflects calibration sampling. * Independent task-adapted
implementations, as defined in Section 4.3. 1 indicates that higher values are better; | indicates that
lower values are better. Bold values indicate the best result in each column.

Table 3. Offline best-F1 and low-false-alarm detection diagnostics. PA@FAR denotes detection
probability at a specified false-alarm rate.

Method Oracle Best F1 1 Pd@FAR = 0.001 1
SAM 0.7218 0.4213
CEM 0.6914 0.2798
ACE 0.6693 0.3162

MEF 0.7703 0.3567
ospP 0.1860 0.0052
NUN-UTD 0.4864 + 0.0376 0.2335 £+ 0.0275
SVHAE * 0.8257 + 0.0181 0.5390 £ 0.0241
HUTDNet-based * 0.6136 + 0.0285 0.2381 + 0.0363
DANN 0.5284 + 0.0331 0.2447 + 0.0171
TSDA 0.3564 + 0.0131 0.0848 + 0.0169

0.8906 + 0.0008

0.6225 + 0.0014

Ours (Full)

Both columns are offline diagnostics using target labels; neither defines a deployment threshold.
Aggregation follows Table 2. 1 indicates that higher values are better. Bold values indicate the best
result in each column. An asterisk marks an independent task-adapted implementation, as described
in Section 4.3.

Full also led the aggregate offline diagnostics in Table 3, with Oracle Best F1 = 0.8906
and PA@FAR = 0.001 of 0.6225. The difference between offline-best and source-calibrated
F1 distinguishes ranking quality from operating-point transfer.

4.4. Detection Performance and Spatial Responses Across Turbidity Levels

Full led all eleven methods in mean AP, AUROC, Source F1, and Source Boundary F1 at
L4-L5 (Figure 6). Its AP reached 0.9661 and 0.9491, exceeding SVHAE by 6.96 and 14.49
percentage points, respectively. Full led mean AP and AUROC from L2 to L5, whereas
HUTDNet-based performed better at L1 (AP 0.8486 versus 0.8141).
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Figure 6. (a) AP and (b) AUROC across L1-L5. Each stochastic-method point is the mean of five
seed-wise averages over 13 targets; error bars are sample standard deviations. MF is deterministic.
Six representative methods are shown for readability; all eleven methods are included in Table 2. *
Implementation definitions follow Table 2.

4.4.1. Qualitative Response Analysis

Figures 7 and 8 compare five detectors on brickl and stone4 (seed 36). Full retained a
localized brick1 response as turbidity increased, whereas MF showed weaker contrast and
NUN-UTD varied more across levels. Full fields of view are preserved; scene-wise response
normalization shows relative spatial contrast, not probabilities calibrated across methods.

Full similarly retained the main stone4 response despite declining visibility, while com-
parator maps showed background expansion, striping, or weakened contrast. Visual dark-
ness alone does not establish poor ranking: HUTDNet-based obtained AP = 0.9762 on
brick1/L2 despite Source F1 = 0, illustrating imperfect source-threshold transfer.

Figure 9 separates ranking from source-threshold errors. On brickl/L5, SVHAE, CTP-
DA-only, and Full had similar AP (0.965-0.967), but Full obtained Source F1 = 0.7483 while
SVHAE missed the target at its source threshold. On stonel/L1, CTP-DA-only and Full
both had AP ~ 0.081 and Source F1 ~ 0.0669, showing the dependence of calibration on
upstream ranking. Section 4.5 isolates RG-OBS using matched inputs.

4.4.2. Sensitivity to Transferred-Mask Perturbations

With detector response maps held fixed, the historical full-L0 normalized-score analysis
yielded AP values of 0.8871-0.9401 under contour perturbations (Figure 10). At the largest
nominal translation of 12 pixels, the least favorable directional mean advantages over MF were
0.0981 for AP and 0.3825 for Source F1. The corresponding pointwise 95% target-bootstrap
intervals were above zero for both metrics, whereas the AUROC interval crossed zero.

Additional native-score checks used common 180+180 LO calibration. For disk-
morphology contour offsets of —6, —4, -2, 0, +2, +4, and +6 pixels, Full Boundary F1
was 0.1370, 0.1631, 0.1895, 0.2020, 0.1964, 0.1776, and 0.1515, respectively, at two-pixel toler-
ance. With the unperturbed reference mask, square-neighborhood tolerances of 2, 5, and 10
pixels gave Full Boundary F1 of 0.2020, 0.3470, and 0.5010, respectively. Paired pointwise
95% intervals for Full minus each comparator (SVHAE and MF) remained above zero across
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the tested contour offsets and matching tolerances; absolute boundary scores remained
reference-dependent.

L1 L2 L3 L4 L5

Input / GT

NUN-UTD

SVHAE*

Relative response

HUTDNet-based*

Full
0.0

Figure 7. Brickl L1-L5 input/GT and responses of MF, NUN-UTD, SVHAE*, HUTDNet-based*,
and Full (seed 36). RGB bands are 649.33/549.45/470.00 nm, with pooled display limits shared
with Figure 8. Red contours are evaluation references; continuous responses use scene-wise min—
max display only. GT (ground-truth reference) denotes the evaluation mask transferred from LO,
without independent target-domain annotation. An asterisk marks an independent task-adapted
implementation, as described in Section 4.3.
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Input / GT

NUN-UTD

SVHAE*

Relative response

HUTDNet-based*

Full

Figure 8. Stone4 L1-L5 input/GT and responses of MF, NUN-UTD, SVHAE*, HUTDNet-based*,
and Full (seed 36). The method selection, RGB bands, pooled input-display limits, and scene-wise
min-max response display match Figure 7. GT (ground-truth reference) denotes the evaluation
mask transferred from L0, without independent target-domain annotation. An asterisk marks an
independent task-adapted implementation, as described in Section 4.3.
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Figure 9. Precision-recall (PR) curves and spatial errors for brickl/L5 and stonel/L1 (seed 36).
Errors use native scores and common 180+180 LO calibration. TN/TP/FP/FN denote true negatives,
true positives, false positives, and false negatives. PR curves are case-specific. CTP-DA-only and
Full are separately evaluated versions, not a matched-input RG-OBS estimate. An asterisk marks an
independent task-adapted implementation, as described in Section 4.3.
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Figure 10. Mask perturbations against MF: contour erosion/dilation (a,b) and least favorable mean
paired differences across eight translation directions (c¢,d). Shading/bars are 95% target-sequence
bootstrap intervals. Only evaluation masks changed; original full-LO calibration applies.

4.5. Ablation Study
4.5.1. Ablation Protocol

We first compared five configurations to separate adaptation from output calibration
(Table 4). Base AE applied the source-trained autoencoder directly to L1-L5. Adding CTP-
DA introduced progressive adaptation and its conditional output-only core-halo calibration;
adding RG-OBS alone calibrated the unadapted responses. Full combined the two modules.
Direct-DA independently adapted the LO model to each target level for 30 epochs, providing
a same-backbone route comparison. All configurations used the same 13 target sequences,
source priors, and seeds 36—40.

Table 4. Overall contributions of CTP-DA, RG-OBS, and adaptation routing.

Configuration AUROC 1 AUPR 1t Adaptive F1 1 Mean BG | Fl1@0.4 1 F1@0.6 1
Base AE 0.6318 + 0.0489  0.4645 + 0.0467  0.6039 + 0.0467  0.4392 +0.0191  0.3673 £ 0.0251  0.3986 + 0.0298
g?rslf_gi + 0.9691 + 0.0002  0.9103 + 0.0004  0.8966 + 0.0004 0.1927 £ 0.0018 0.6761 £+ 0.0037  0.7882 + 0.0030
Base AE +

RG-OBS 0.6433 + 0.0473 04761 +0.0497 0.4589 + 0.0544  0.1306 + 0.0128  0.4230 + 0.0428  0.4199 + 0.0421
Direct-DA 0.9638 + 0.0009  0.8712 £ 0.0041 0.8638 £ 0.0094  0.2445 £+ 0.0014  0.5979 £+ 0.0015  0.7013 £ 0.0063
Full 0.9773 + 0.0009  0.9282 + 0.0009 0.8932 + 0.0072  0.0528 + 0.0040  0.8066 + 0.0023  0.8354 + 0.0021

Five-seed macro means + sample SD. Adaptive F1 uses an unlabeled selector; F1@0.4/0.6 uses
normalized-score thresholds. 1 indicates that higher values are better; | indicates that lower values
are better. Bold values indicate the best mean in each column.
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Internal CTP-DA interventions reran the full adaptation sequence and used a matched
rerun default. In contrast, RG-OBS interventions and parameter scans reused identical
frozen upstream responses, so their differences arose after response construction. Each
comparison retained its corresponding full-L0 source threshold across L1-L5. Table 4 reports
the original module-level runs, while Table 5 separates the matched internal comparisons.

Table 5. Selected internal mechanisms and a matched-input calibration control.

(A) CTP-DA with RG-OBS Disabled

Configuration

AUPR 1t

Source F1 1

Source Boundary F1 1

Source FPR |

Mean BG |

Default CTP-DA

No spatial memory
Equal expert weights
Frozen LO prototype
No spectral contrast
No background context

0.9103 + 0.0004
0.8672 £ 0.0048
0.8081 £ 0.0048
0.9115 £ 0.0005
0.7644 £ 0.0019
0.9098 + 0.0004

0.6517 £ 0.0198
0.6011 £ 0.0165
0.4793 £ 0.0167
0.6514 £+ 0.0197
0.5372 £ 0.0180
0.6481 £ 0.0205

0.1135 £ 0.0097
0.0855 + 0.0049
0.1418 + 0.0037
0.1132 £+ 0.0095
0.0992 £+ 0.0063
0.1087 £+ 0.0102

0.00665 * 0.00195
0.01082 + 0.00211
0.00910 % 0.00180
0.00627 £+ 0.00177
0.06757 £+ 0.00793
0.00673 £ 0.00194

0.1927 £ 0.0018
0.2297 £ 0.0019
0.2350 £ 0.0011
0.1923 £ 0.0018
0.2526 £ 0.0027
0.1917 £ 0.0020

(B) RG-OBS with frozen upstream predictions

Configuration

AUPR 1t

Source F1 1

Source Boundary F1 1

Source FPR |

Mean BG |

Default RG-OBS

Identity of RG input

No risk gate

No additional boundary protection
No SGR

0.9282 + 0.0009
0.9103 £ 0.0004
0.9296 £ 0.0008
0.9282 + 0.0009
0.9302 £ 0.0002

0.6537 * 0.0204
0.6517 £+ 0.0198
0.6537 £ 0.0204
0.6537 £ 0.0204
0.6550 £ 0.0199

0.1173 £ 0.0098
0.1134 £+ 0.0097
0.1174 £ 0.0097
0.1173 £+ 0.0098
0.1186 + 0.0101

0.00429 + 0.00172
0.00665 * 0.00195
0.00429 * 0.00172
0.00429 + 0.00172
0.00431 + 0.00176

0.0528 £ 0.0040
0.1927 £ 0.0018
0.0486 £ 0.0041
0.0528 + 0.0040
0.0524 £ 0.0040

Five-seed macro means + sample SD under full-L0, scene-normalized calibration. A reruns CTP-DA
with RG-OBS disabled; B uses frozen upstream predictions. Identity retains the exact RG input. Other
rows disable the named operation; no-risk-gate retains candidate checks. SGR is L4-L5 seeded graph
refinement. 1 indicates that higher values are better; | indicates that lower values are better. Bold
rows identify the default configurations and do not indicate column-wise optima.

4.5.2. Overall Module Contributions and Adaptation Routing

CTP-DA provided the principal module-level improvement (Table 4), raising AUPR
from 0.4645 to 0.9103 and Adaptive F1 from 0.6039 to 0.8966. RG-OBS applied directly to
Base AE reached only AUPR = 0.4761 and Adaptive F1 = 0.4589, so output calibration alone
did not recover the adaptation benefit.

Full achieved the highest AUROC and AUPR among the five configurations (0.9773 and
0.9282). After RG-OBS, mean background response fell from 0.1927 to 0.0528; F1@0.4 and
F1@0.6 rose to 0.8066 and 0.8354. Adaptive F1 decreased slightly from 0.8966 to 0.8932,
indicating threshold-dependent calibration benefits.

At L5, CTP-DA achieved AUPR = 0.9339 versus 0.8225 for Direct-DA (Figure 11a,b),
although the routes differed in cumulative adaptation budget. RG-OBS then reduced
background response from 0.3140 to 0.0629 and increased F1@0.4 from 0.4131 to 0.7035
(Figure 11c,d), supporting complementary adaptation and calibration roles.

4.5.3. Selected Internal Mechanisms of CTP-DA

To examine the mechanisms within CTP-DA, we removed spatial memory, replaced
reliability-weighted fusion with equal expert weights, froze the LO prototype, or removed
spectral contrast or background context (Table 5A). Equal weighting retained all evidence
branches but changed their final combination; branch-removal variants renormalized the
remaining experts. This design separates the contribution of evidence construction from
the use of historical responses and reliability-dependent fusion.

Reliability-weighted fusion, spatial memory, and spectral contrast provided the clearest
aggregate ranking contributions (Table 5A). Equal expert weighting reduced AUPR by
approximately 10.2 percentage points; removing spatial memory and spectral contrast
reduced it by 4.31 and 14.59 points, respectively. The latter two removals reduced L4-L5
AUPR by 10.29 and 27.77 percentage points, respectively (Figure 12a). These comparisons
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support reliability-aware evidence fusion, historical spatial responses, and spectral contrast
within the tested progressive adaptation procedure.

a Adaptation route b Paired physical-target sequences
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Figure 11. CTP-DA versus Direct-DA across levels (a) and paired target-sequence AUPR differences
(b); CTP-DA versus Full background response (c) and F1@0.4 (d). Bars in (a,c,d) are five-seed sample
SD; (b) shows a 95% interval from 20,000 target-sequence bootstrap resamples. Gray shading marks
L4-15.

The remaining intervention effects depended on the metric and target sequence. Equal
weighting increased Source Boundary F1 from 0.1135 to 0.1418 but reduced Source F1 from
0.6517 to 0.4793, alongside the aggregate AUPR loss. Per-target averages over seeds and
levels showed lower AUPR for all seven stone sequences after spectral-contrast removal,
alongside small increases for the six brick sequences. Removing background context re-
duced L4-L5 Source F1 from 0.7062 to 0.6936 and Source Boundary F1 from 0.0946 to 0.0846.
This supports its auxiliary contribution to thresholded spatial detection at high turbidity.
Freezing the LO prototype yielded AUPR of 0.9115, compared with 0.9103 for the default.
The tested protocol therefore did not establish an independent aggregate ranking gain from
prototype updating.

For brickl and stonel with seeds 36-38, 18 CTP-DA sequences before RG-OBS gave
mean AP of 0.862157, 0.862322, and 0.862558 at replay weights 6.4, 8, and 9.6. Mean AP
varied only slightly over this tested range; the maximum absolute scene/seed Source F1
difference from weight 8 was 0.13394, indicating less uniform operating-point stability.
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Figure 12. CTP-DA intervention losses (a), area-prior sensitivity (b,c), and risk-threshold sensitivity
(d). Negative default-minus-variant values favor the variant. Error bars show five-seed sample SD; n
counts changed gate decisions. Panel (a) reruns adaptation; (b-d) freeze upstream inputs and source
thresholds.

4.5.4. Internal Analysis of RG-OBS

The matched-input identity control leaves the RG-OBS input 5" unchanged, including
any accepted core-halo calibration (Table 5B). Relative to this control, complete RG-OBS
increased AUPR from 0.9103 to 0.9282 and reduced mean background response from 0.1927
to 0.0528. Source FPR decreased from 0.00665 to 0.00429, while Source F1 and Source
Boundary F1 increased from 0.6517 to 0.6537 and from 0.1134 to 0.1173, respectively. With
upstream prediction, normalization, and source thresholds shared, this comparison isolates
the overall contribution of RG-OBS. Figure 13 illustrates its selective suppression and low-
risk pass-through behavior across representative scenes.

The gate controls conditional object search, while SGR refines supported candidates at
L4-L5. Their interventions produced small, metric-dependent changes (Table 5), rather
than uniform independent accuracy gains. Background context assisted in high-turbidity
spatial detection, as shown in Section 4.5.3. Single-operation interventions do not establish
equivalence after joint removal.

We also examined calibration sensitivity. Area-prior multipliers of 0.8-1.2 kept AUPR
within 0.9278-0.9282 and Source F1 within 0.6535-0.6543 (Figure 12b,c). One-at-a-time
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L5 stone4
high-risk calibration
risk area=0.777

L5_brick5
high-risk calibration
risk area=0.777

L1_stone7
low-risk pass-through
risk area=0.053

120% risk-threshold perturbations changed zero to four of 325 gate decisions; the largest
reported L1 AUPR loss was 1.07 points (Figure 12d). This indicates aggregate stability
within the tested range, with local routing sensitivity.

a Input response S[” b Risk and protection masks ¢ Output response S,RG
— 1.0
- 0.8
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@
0.6 5
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1]
o
©
[0}
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®
€
04 5
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0.2
0.0
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Risk pixels (S,’” =0.2) mm Selected object Protected boundary

Figure 13. RG-OBS inputs, risk/candidate/protection states, and calibrated outputs (seed 36).
L5_stone4/L5_brick5 show suppression; L1_stone7 shows pass-through. Shared response limits
are [0,1]; gray/blue/yellow indicate risk pixels/selected objects/protected boundaries.

4.6. Evaluation on Wooden Targets and Altered Illumination

We evaluated Full on the wooden targets and illumination conditions defined in Section 2.1
using the same configuration as the primary experiments. Each sequence started from its own
labeled L0, target prior, and source threshold, followed by adaptation through L1-L5. Results
were summarized over seeds 3640 and analyzed separately from the 13-target benchmark.
The wooden-target macro average weighted the three specimens equally.

4.6.1. Detection of Wooden Targets

Full maintained high ranking performance on all three wooden targets (Table 6), with
macro-average AP = 0.9461, AUROC = 0.9931, and Source F1 = 0.7950. These results extend
the tested materials under the same target-specific training and adaptation procedure.

Figure 14 shows responses concentrated around all three wooden targets, together with
residual background and missed boundary pixels. These full-field examples complement
the five-seed summaries in Table 6.
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Figure 14. Wooden-target AP and Source F1 across levels (a,b), with full-field LO/L5 inputs, L5
responses, and source-threshold errors for branchl-branch3 (c-e; seed 36). Curves show five-seed
means * sample SD. RGB bands are 649.33/549.45/470.00 nm. Red contours denote references;
normalized response colors are for display only; errors use native scores and frozen L0 thresholds.

Table 6. Wooden-target results over L1-L5 and at L5.

Target Overall AP Overall AUROC Overall Source F1 L5 AP L5 Source F1

branch1 0.9338 + 0.0128 0.9892 + 0.0024 0.7778 + 0.0429 0.8752 + 0.0563 0.7121 + 0.0878
branch2 0.9474 £ 0.0007 0.9946 + 0.0001 0.7539 + 0.1584 0.9501 + 0.0021 0.7484 + 0.0739
branch3 0.9572 + 0.0006 0.9956 + 0.0001 0.8533 + 0.0488 0.9657 + 0.0021 0.8127 + 0.0792
Macro average 0.9461 + 0.0043 0.9931 + 0.0008 0.7950 + 0.0473 0.9303 + 0.0184 0.7577 + 0.0343

Five-seed means * sample SD; overall averages L1-L5, and the macro row weights specimens equally.
Source F1 uses each sequence’s common-subset LO threshold. Full only.

4.6.2. Evaluation Under Altered Illumination Directions

Brickl maintained mean AP of 0.9927 and 0.9713 under left- and right-rotated illumina-
tion, respectively (Table 7). Figure 15 shows the retained target responses and remaining
source-threshold errors. Each condition used its own newly acquired LO source, supporting
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adaptation after a lighting change rather than frozen-detector invariance. The historical
original-direction sequence is a reference, not a same-batch control.

(a) Ranking (b) Source-threshold detection
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Figure 15. Brickl under original, left 45°, and right 45° lamp-head orientations. (a,b) AP and Source
F1 across L1-L5, with five-seed means + sample SD. Lower rows show full-field L5 inputs, relative
responses, and source-threshold errors (seed 36). Each condition has its own L0 calibration; original-
direction data are historical references. Red contours indicate the target reference boundaries used
for evaluation. Display conventions follow Figure 14.

Source-threshold detection showed greater variability across seeds, with an L5 Source
F1 of 0.8009 £ 0.2123 under left-rotated illumination (Table 7). The displayed seed 36 case
yielded a Source F1 of 0.423 (Figure 15), illustrating the difference between individual
examples and five-seed summaries.

Table 7. Brickl under historical and left/right 45° lamp-head orientations.

Target Condition Overall AP Overall AUROC  Overall Source F1 L5 AP L5 Source F1

brickl  Historical 0.9772 + 0.0015 0.9966 + 0.0002 0.7606 £ 0.1709 0.9646 + 0.0027 0.7344 + 0.1382
brickl  Left 45° 0.9927 £+ 0.0001 0.9986 + 0.0000 0.9081 + 0.1016 0.9798 + 0.0004 0.8009 + 0.2123
brickl  Right 45° 0.9713 + 0.0009 0.9956 + 0.0001 0.8372 + 0.1466 0.9687 + 0.0009 0.8105 + 0.1433

Five-seed means + sample SD. Overall averages L1-L5. Each condition uses its own L0 source, prior,
and common-subset threshold; conditions are repeated observations of one physical target.
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Together, the wooden-target and brick1 illumination results extend the tested materials
and lighting directions under target-specific training and adaptation. They do not establish
zero-shot recognition or invariance to arbitrary environmental changes.

4.7. Error Propagation Under Early-Stage Pseudo-Anchor Perturbations

We examined early-error propagation on four physical-target sequences spanning brick
and stone (brick1, brick2, stonel, and stone2) using seeds 36—40. In each L1 pseudo-anchor
update round, 10% or 20% of the pseudo-anchor labels were randomly selected within each
pseudo-anchor class and flipped. L2-L5 then followed the normal order, inheriting adapted
states and response memory. Historical clean controls were paired by target, seed, and level.
Evaluation used CTP-DA responses before RG-OBS, with target-domain labels reserved
for offline assessment. Source F1 used a threshold calibrated on native LO scores from the
common subset of 180 target and 180 background pixels, without scene normalization; this
threshold was fixed across L1-L5 and paired conditions. At each level, we calculated the
clean-minus-perturbed metric difference as

A(ll — &ldean _ Uzlperturbed/ (63)

where ) denotes AP, AUROC, or Source F1; positive differences indicate lower performance
after perturbation.

Mean ranking differences did not show sustained growth across levels (Figure 16a). L1
AP gaps were 0.000937 and 0.002285 for 10% and 20% perturbations, respectively. Although
signed differences fluctuated at intermediate levels, the magnitudes of their means remained
below the L1 gaps and approached zero at L5, reaching —0.000015 and —0.000084. AUROC
gaps likewise narrowed from 0.001877 and 0.005847 at L1 to absolute values below 0.00001
at L5. Terminal AP was 0.948449 + 0.001130 for the clean control, 0.948464 + 0.001126 for
10% perturbation, and 0.948533 + 0.001105 for 20% perturbation. Initial effects varied across
targets and seeds, with the largest mean L1 AP loss in stone2.

—o— 10% L1 perturbation —4-- 20% L1 perturbation

a AP gap b Source F1 gap

o 4q 710+ ]
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Figure 16. Early-stage pseudo-anchor perturbation effects across turbidity levels. Clean-minus-
perturbed differences in (a) AP and (b) Source F1 are shown for 10% and 20% L1 pseudo-anchor
label perturbations. Points and error bars denote means + sample SD across five seeds (36-40), after
equal averaging over four targets within each seed. Differences are displayed in units of 10-%; dashed
horizontal lines mark zero. Responses precede RG-OBS.

Fixed-source-threshold detection retained small residual mean differences (Figure 16b).
L5 Source F1 was 0.713350 + 0.052657 for the clean control, 0.711056 + 0.050983 for 10%
perturbation, and 0.708383 + 0.050397 for 20% perturbation, corresponding to mean reduc-
tions of 0.23 and 0.50 percentage points. Within these four target sequences and the tested
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10% and 20% L1 perturbations, CTP-DA maintained terminal ranking performance close to
the clean control, while small Source F1 differences persisted.

4.8. Computational Efficiency and Online Adaptation Cost

Computational costs were measured on an Intel Core i7-14700HX CPU and an NVIDIA
RTX 4070 Laptop GPU. Profiling used brickl-brick3 and stonel-stone3 at L1, L3, and L5
(18 scenes; seed 37), with 800 x 800 x 181 inputs. Each case used one warm-up and three
timed repetitions; neural inputs were FP32 with pixel or patch batches of 1024. Detection
time covered a CPU-resident cube through to a CPU-resident continuous response map,
including data transfers and response processing. Disk and model loading, iterative fitting
or adaptation, metric calculation, and export were excluded; MF and CEM scene-statistic
estimation remained within this boundary.

The profiling subset comprises two representative classical detectors, MF and CEM, and
all six evaluated neural network implementations, including Full (Table 8A). All neural
networks were timed with fitted or adapted states held fixed; TSDA test-time updates and
Full’s adaptation and auxiliary-network fitting were excluded.

Table 8. Computational costs under separately defined measurement scopes. (A) Original eighteen-
scene post-fit detection benchmark. (B) Additional four-case resource checks for brickl and stonel at
L1/L5, seed 37.

(A) Original Eighteen-Scene Detection Benchmark

Network Peak Allocated

Method NetworkParameters (K) GFLOPs,/Cube Detection Time (s/cube) GPU .
Memory (MiB)
MF — — 2.16 £ 0.18 — (CPU)
CEM — — 1.83 + 0.05 — (CPU)
NUN-UTD 73.271 92.98 1.14 £ 0.02 455.99
SVHAE 66.935 21.55 1.08 £0.08 454.39
HUTDNet- 603.682 58,973.54 9.35+0.19 707.77
based
DANN 21.274 26.06 1.04 £ 0.09 455.70
TSDA 809.759 66,870.00 47.67 + 0.60 2115.30
Full 164.977 300.56 30.49 + 2.35 176.05
(B) Additional four-case resource checks
Method B&tscg_ éltei;ge ReCh:;C;:Te (s) Recheck Recheck CPU Recheck GPU Sampled GPU
range (s) between-case SD cubes/min WS/private (GiB) (MiB) board energy (J)

Full 31.41-223.43 49.20 + 34.35 1.22 4.21 / 6.46 176.05 135.76-158.66
NUN-UTD 1.23-11.93 5.87 £ 5.47 10.22 1.73 /272 455.99 13.48-52.37
MF 2.17-2.38 2.02 +0.03 29.75 2.69 /3.05 NA NA

(A) Network parameters include all loaded detector-network parameters, including retained auxiliary
branches; training-only networks and non-network state are excluded. Network GFLOPs count
executed Linear/Conv operations (1 MAC = 2 FLOPs), excluding other operators and CPU processing;
they are not whole-pipeline FLOPs. Detection times are means + sample standard deviations across
18 scene means, each averaged over three repetitions. GPU memory is the maximum PyTorch
(2.10.04-cul26 (CUDA 12.6)) allocation across scenes, excluding CPU memory and GPU reservations.
Dashes indicate non-network quantities or CPU-only execution. The bold method name identifies Full;
numerical values are not bolded. (B) Batch 1 is the earlier post-warm-up benchmark, not cold-start
timing. Ranges and sample SD summarize four case means. Throughput is 60/mean recheck time.
CPU values are sampled maximum working set/private commit (GiB); GPU values are peak allocation.
Recheck GPU-board energy uses trapezoidal integration of NVML power over each separate sampling
call (nominal 0.1 s polling), without idle subtraction. GPU-board energy is inapplicable to CPU-only
MEF; its CPU energy was not measured. For Full/brick1/L5, the energy call lasted 33.25 s (158.66]),
separate from formal calls of 29.72-153.30 s. Neither batch is pooled with A.
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Table 8A places Full between the lightweight spectral models and HUTDNet-based or
TSDA in network size and computation. Full required 30.49 + 2.35 s per cube, approximately
36% less than TSDA, but longer than the other evaluated methods. Its peak allocated GPU
memory was 176.05 MiB, the lowest among the evaluated neural network implementations
under this configuration.

Online adaptation was measured separately over six complete L1-L5 sequences using
seed 37. Across their 30 stages, adaptation, complete detection, and stage-output writing
required 120.12 + 38.71 s per stage (mean + sample standard deviation). Mean sequence
wall time, including sequence preparation and input/output, was 611.45 s (10.19 min),
with a maximum allocated GPU memory of 186.17 MiB. These measurements excluded L0
source training and cannot be combined arithmetically with the detection times in Table 8A.

Four-case resource checks (Table 8B) used three warm-ups and three timed calls per
case in each batch, with separate sampling and profiling. These checks are distinct from the
eighteen-scene Table 8A benchmark. Dedicated profiles gave RG-OBS times of 9.86-15.58 s.
Separate 90-stage CTP-DA diagnostics gave mean per-stage times of 44.36 s for response
components and 41.61 s for adaptation-round training. These diagnostic timings use a
different scope and are not an additive decomposition of Full’s 120.12 s/stage. Caching
transforms and reducing redundant candidates are optimization directions. GPU-board
energy excludes CPU/system consumption; embedded and real-time deployment remain
untested.

5. Discussion

CTP-DA and RG-OBS address complementary problems: maintaining target-background
ranking and suppressing spatial background expansion after adaptation. Reliability weight-
ing, spatial memory, and spectral contrast provided the strongest internal ranking evidence.
Matched-input controls support complete RG-OBS calibration without establishing that
every auxiliary operation is individually necessary.

High AP can coexist with imperfect LO threshold transfer and weak boundary responses.
Boundary agreement also depends on transferred-mask uncertainty; the gradient-support
shifts are not independent registration residuals. Mask perturbations assess reference
sensitivity, while independent target annotations and held-out source calibration would
strengthen operating-point validation.

The target-specific LO reference limits unknown-target detection, which would require
discovery or reference initialization. Area-prior and risk-threshold perturbations assess
calibration uncertainty, rather than physical size, pose, or position changes. Confidence-
guided scale updates remain a possible extension requiring target-preservation checks.

The prescribed LO-L5 order follows cumulative kaolin addition. The evidence is strongest
for controlled, approximately fixed-geometry sequences with a clear-water reference; ar-
bitrary dynamic or nonmonotonic domain transitions require further validation. Natural
water, dynamic flow, camera motion, nonuniform illumination, and shared multi-object
detection require further evaluation. Architectural and training-budget differences limit
cross-system causal attribution; matched internal controls provide more direct module
evidence. The implemented baselines do not exhaust recent underwater or source-free/con-
tinual methods. Early-error propagation and desktop costs are examined in Sections 4.7
and 4.8; real-time and embedded deployment remain untested.

6. Conclusions

We developed a target-specific underwater hyperspectral detector that combines pro-
gressive domain adaptation with risk-gated background suppression. On the controlled
cross-turbidity benchmark, the complete framework achieved AP = 0.9282 % 0.0009 and
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common-L0 Source F1 = 0.7750 + 0.0236. Controlled ablations linked these gains to comple-
mentary improvements in target-background ranking and spatial background calibration.
Additional wooden-target and altered-illumination evaluations extended the tested mate-
rial and lighting conditions, with each sequence using its own labeled L0 reference and
target prior. The results support adapting through intermediate unlabeled domains while
constraining the final response with reliable object evidence. Broader geometric variation,
independent target-domain annotation, shared multi-target detection, and field deployment
remain to be evaluated.
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