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Abstract. Underwater object detection is fundamentally ill-posed due
to severe light attenuation and scattering. These physical degradations
induce highly non-linear geometric distortions in the visual feature space,
deviating significantly from the canonical manifold of clear images and
rendering standard Euclidean convolutions suboptimal. To address this,
we propose PhysFlowNet, that reformulates representation rectification
as a physics-guided geometric evolution on a Riemannian manifold. Phys-
FlowNet first extracts a joint spatial-frequency physical prior to encap-
sulate macroscopic scattering mechanics. Conditioned on this prior, we
introduce the Parallel Physics-Residual Bottleneck (PPRB), which exe-
cutes a metric-preconditioned Riemannian feature retraction to transport
distorted features back to their canonical states. Moreover, to counter-
act cascaded smoothing during scale transitions, we introduce a Physics-
Guided Manifold Downsampling (PMD) strategy to strictly preserve fine
detail textures and structural boundaries. Ultimately, the network is op-
timized via a Unified Evidential-Contrastive Objective (UECO). Com-
prising a Supervised Contrastive Manifold Loss (SCML) and an Eviden-
tial Uncertainty Regulation (EUR), UECO jointly ensures latent geo-
metric alignment and reliable uncertainty calibration. Extensive evalua-
tions across challenging underwater benchmarks demonstrate that Phys-
FlowNet achieves state-of-the-art performance, establishing a principled
geometric paradigm for physically degraded vision tasks.

Keywords: Underwater Object Detection · Spatio-Spectral Physical
Priors · Physics-Informed Learning · Feature Rectification

1 Introduction

Underwater object detection (UOD) is critical for marine applications [12, 24,
29]. Due to wavelength-dependent absorption and particle-induced scattering
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Fig. 1: Feature Rectification via Physics-Guided Riemannian Flow. Underwater degra-
dation causes nonlinear feature drift from the clear-image manifold. PhysFlowNet uses
spectral physics priors to condition a Riemannian rectified flow that geometrically re-
aligns features, improving detection and uncertainty modeling in turbid water.

in the water medium, underwater images often exhibit contrast attenuation,
color distortion, and blur. These degradation mechanisms are modeled by the
Jaffe–McGlamery imaging formulation [2, 40], which explains the fundamen-
tal discrepancy between underwater imagery and standard Euclidean visual
assumptions [23]. Mathematically, these degradations warp the Euclidean fea-
ture space, destroying the linear separability of semantic classes [7,47]. Existing
countermeasures face inherent limitations. Image Enhancement and Restora-
tion (IER) [2, 20, 25, 26, 34] imposes steep computational burdens and criti-
cally tends to over-smooth crucial fine-grained details or hallucinate pseudo-
structures, which misleads downstream detectors [3, 39]. Alternatively, Domain
Adaptation (DA) [7,61] struggles to synthesize the depth-varying physical hetero-
geneity of real water columns [30]. Consequently, standard CNNs are forced into
blind memorization. They consistently fail under low visibility, suffering from
severe missed detections of low-contrast targets and generating high-confidence
false positives driven by backscatter [12,19,33,43].

To resolve this, we postulate that underwater degradation should be modeled
as a physics-conditioned feature rectification process. By explicitly endowing the
latent space with a Riemannian geometry, distorted features can be rigorously
transported back to a canonical semantic state, as illustrated in Fig. 1.

To actualize this paradigm, we propose PhysFlowNet. Motivated by the
relative stability of structural cues in the frequency domain under scattering,
we extract a joint spatio–frequency prior using Hierarchical Physical Context
Embedding (HPCE). Serving as a low-dimensional proxy for the degradation
field, this prior dynamically conditions our Parallel Physics-Residual Bottle-
neck (PPRB). PPRB executes a mathematically rigorous Riemannian retrac-
tion (xt+1 = Rxt

(G−1/2v)) to neutralize physics-induced semantic shifts. Fur-
thermore, to reduce the cascaded smoothing effects during downsampling, we
introduce the Physics-Guided Manifold Downsampling (PMD) strategy to ex-
ecute spatial resolution reduction. PMD explicitly preserves fine textures and
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structural boundaries typically attenuated by standard convolutions [11,36,51],
guaranteeing semantic fidelity across feature pyramids. Finally, we formulate
a Unified Evidential-Contrastive Objective (UECO), which combines a Super-
vised Contrastive Manifold Loss (SCML) for intra-class compactness on curved
space and an evidential uncertainty regularization (EUR) to calibrate epistemic
uncertainty and suppress backscatter-driven false positives [14].

Experiments on four underwater benchmarks (DUO, RUOD, TrashCan, and
Brackish) shows that PhysFlowNet achieves state-of-the-art performance with
improved efficiency, supporting explicit Riemannian-transport modeling of un-
derwater degradation. Our contributions are: (1) We cast UOD as a physics-
guided geometric rectification problem and introduce HPCE, which constructs a
spatio–frequency prior embodying optical degradation cues. (2) Conditioned on
this prior, PPRB performs a preconditioned Riemannian retraction to transport
distorted features toward canonical representations. (3) We propose PMD to pre-
serve fine-grained boundaries during hierarchical downsampling under scattering-
induced smoothing. (4) UECO integrates SCML for manifold-topology regular-
ization and EUR for uncertainty calibration, thereby suppressing background
false positives in turbid scenes.

2 Related Work

Underwater Object Detection. UOD is challenged by wavelength-dependent
absorption and backscatter, leading to contrast collapse, color shift, and spatially
non-uniform veiling, while suspended particles and repetitive textures increase
false positives, especially for small and low-contrast targets [50, 60]. Most UOD
methods inherit terrestrial backbones, spanning two-stage (Faster R-CNN [45])
and one-stage detectors (YOLO [22,59]), and then add attention [55], multi-scale
fusion [6, 8, 57], and augmentation for underwater domain shift [15, 37]. Despite
progress, degradation is often treated as a black-box nuisance, leaving feature
learning without explicit physics conditioning under turbidity and non-uniform
illumination [58]. Consequently, data-driven adaptations can be brittle under
out-of-distribution degradations, motivating physics-conditioned rectification.
Methods Guided by Physics and Geometry. The Jaffe-McGlamery model
catalyzed physics-driven priors in underwater reconstruction [2, 18]. Yet, most
detectors remain physics-agnostic and purely data-driven [35]. Since physical
degradations inherently manifest as spectral shifts, frequency-domain learning
offers a complementary alignment perspective [5,54]. However, conventional fixed
amplitude swapping fails to capture spatially heterogeneous scattering. Further-
more, global domain alignment via statistical [49,56] or adversarial [13,38] meth-
ods frequently overlooks local intrinsic geometry. Transport-based rectified-flows
can explicitly preserve this topology [10, 42, 53], but continuous ODE solving is
computationally prohibitive for real-time detection, and unconstrained manifolds
are brittle without paired anchors. Alternatively, hyperspherical embeddings en-
force angular similarity [27, 31], providing an efficient geometric constraint for
stable rectification. Beyond representation, softmax detectors in turbid scenes
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severely suffer from over-confident errors [17,41]. While Bayesian networks quan-
tify these uncertainties at heavy sampling costs [1, 16], evidential deep learning
directly models predictive uncertainty via Dirichlet evidence [14], offering an ef-
ficient mechanism to suppress scattering-induced false positives. Motivated by
these threads, our method integrates physics-guided Spatio-Spectral condition-
ing and geometric rectification, and evidential uncertainty regulation to improve
detection robustness under heterogeneous underwater degradation.

Fig. 2: Overall architecture of PhysFlowNet. The PPRB corrects semantic shifts
through a dual-stream Riemannian feature retraction. This retraction process is dy-
namically modulated by a unified physical condition zphy, which is extracted by the
HPCE. During spatial scale transitions, the PMD module is employed to preserve de-
tail textures and boundaries. Finally, the entire network is optimized via a unified
evidential-contrastive objective for geometric alignment and uncertainty regulation.

3 Methodology

In this section, we present PhysFlowNet, which casts underwater object de-
tection as a physics-conditioned manifold rectification problem. The framework
first extracts a unified physical prior via Hierarchical Physical Context Em-
bedding (HPCE). Conditioned on this prior, Parallel Physics-Residual Bottle-
neck (PPRB) performs a metric-preconditioned retraction for feature transport,
while Physics-Guided Manifold Downsampling (PMD) preserves boundary cues
across scale transitions. Training is further regularized by a Unified Evidential-
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Fig. 3: Architecture of the Hierarchical Physical Context Embedding (HPCE) module.
HPCE formulates a unified physical condition zphy via two parallel branches. The global
branch captures macroscopic degradation statistics by integrating frequency-domain
power spectra and spatial-domain metrics. Concurrently, the local branch extracts
spatially variant structural cues from the main feature stream Fmain.

Contrastive Objective (UECO), combining a supervised contrastive manifold loss
with evidential uncertainty regulation. The architecture is illustrated in Fig. 2.

3.1 Problem Formulation: A Riemannian Flow Perspective

Underwater image degradation, as commonly formalized by the Jaffe–McGlamery
model (Eq. 1), distorts the canonical feature manifold into a heterogeneous de-
graded space Md.

I(x) = J(x)e−ηd(x) + (J ∗ S)(x) +B∞

(
1− e−ηd(x)

)
, (1)

where J(x) denotes the clean radiance, η is the attenuation coefficient, d(x)
signifies the depth, S is the Point Spread Function (PSF) inducing blur, ∗ de-
notes the convolution operator, and B∞ encapsulates the veiling light driven
by backscattering. To restore feature separability, we reframe the representation
rectification as a Riemannian flow. Given an initial degraded feature h ∈ Md

and physics priors zphy, we apply a retraction update along the geodesic:

hrec = Rh

(
G(h, zphy)

− 1
2 · V(h, zphy)

)
, (2)

where V is the velocity vector field, and the metric tensor G serves as an adaptive
preconditioner correcting spatial and spectral distortions. Complete derivations
and implementation details are provided in the Appendix.

3.2 Hierarchical Physical Context Embedding (HPCE)

To precisely modulate the velocity field V governing the rectification trajectory,
the physical condition zphy must encapsulate both global degradation statistics
(e.g., water turbidity, color shifts) and local structural semantics (e.g., uneven
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illumination, localized contrast variations). To this end, we propose the Hierar-
chical Physical Context Embedding (HPCE) (Fig. 3 (a)), which comprises global
and local branches to formulate a unified conditional representation.
1) Global Spectral and Statistical Prior. We directly extract frequency-
and spatial-domain statistics from the input image to construct a joint physical
proxy. Formally, given an input image x ∈ RB×C×H×W , we compute its power
spectrum via the 2D Real Fast Fourier Transform (rFFT):

P(x)(u, v) = |F(x)(u, v)|2. (3)

For each band Bk, we aggregate the band energy using a learnable kernel Wk

that is normalized within the band by Softmax:

W̃k(u, v) = Softmax
(
Wk(u, v)

)
,

∑
(u,v)∈Bk

W̃k(u, v) = 1. (4)

The channel-wise band descriptor is then defined as

ek,c = log

 ∑
(u,v)∈Bk

W̃k(u, v)Pc(X)(u, v) + ε

 , k = 1, . . . ,K. (5)

Concatenating all channels yields the spectral prior:

efreq = Concat
(
[e1,R, . . . , eK,R], [e1,G, . . . , eK,G], [e1,B , . . . , eK,B ]

)
∈ R3K . (6)

Complementary to the frequency representation, we extract the channel-wise
mean µc and standard deviation σc (c ∈ {R,G,B}) from the RGB image X to
capture color shifts and contrast degradation driven by wavelength-dependent
absorption and particle scattering, respectively. By concatenating these metrics
with the global grayscale standard deviation σgray, which reflects the overarching
contrast degradation—we formulate the spatial statistical prior sspatial ∈ R7.

To bolster numerical stability and adaptively recalibrate the significance of
frequency bands, we introduce a learnable band-gating vector wgate ∈ RK to
reweight efreq. Then the global physical descriptor zglobal ∈ R128 is generated:

zglobal = SiLU
(
LN

(
W1 Concat

(
wgate ⊙ efreq, sspatial

)
+ b1

))
. (7)

Here, W1 and b1 are the learnable parameters of the linear layer.
2) Local Structural Context. To capture spatially variant degradation, we
process the main feature map Fmain extracted from the preceding C3k2 block
via convolutions and activation to get zlocal ∈ RB×64×H′×W ′

:

zlocal = SiLU(BN(Conv1×1(DWConv5×5(Fmain)))) . (8)

Unified Conditional Representation. Finally, zglobal is broadcast and con-
catenated with zlocal to form the unified physical condition zphy ∈ RB×192×H′×W ′

.
zphy acts as the physical conditioning signal for the PPRB, guiding both feature
rectification dynamics and their associated geometric regularization.
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3.3 Parallel Physics-Residual Bottleneck (PPRB)

To operationalize the rectification step defined in Sec. 3.1, we introduce the
PPRB (Fig. 2) (a). PPRB follows a dual-stream design in which a standard se-
mantic branch preserves the backbone representation, while a physics-conditioned
rectification branch explicitly constructs a bounded velocity field v and a diag-
onal SPD metric Gdiag to realize a preconditioned Riemannian retraction.

The Rectification Stream: Riemannian Flow To approximate the exact
analytical transport delineated in Eq. (2), the Rectification Stream is architec-
turally bifurcated into two foundational sub-modules: Velocity Estimation and
Metric Construction.
Velocity Estimation (V). This sub-module computes the explicit update di-
rection v ∈ RB×C×H×W along the manifold tangent space. To ensure the velocity
field reactively adapts to varying environmental degradation intensities, we first
refine the semantic feature by a projection and then modulate the main semantic
features using the prior zphy via Adaptive Group Normalization (AdaGN):

F̃ = Conv3×3(Fmain), (γz,βz) = Ψ(zphy), (9)

AdaGN(F̃ , zphy) = GN(F̃ )⊙ (1+ γz) + βz, (10)

where γz,βz ∈ RB×C×1×1 are generated through a linear projection of zphy,
Ψ : RB×d→RB×C×1×1 predicts the scale–shift parameters which are broadcast
to H ′ ×W ′. The velocity field is formulated through a physics-guided residual
mapping, encompassing the AdaGN layer, a non-linear activation (e.g., SiLU),
and a convolutional projection:

F̃1 = Conv3×3

(
σ
(
AdaGN(F̃ , zphy)

))
, (11)

v = tanh
(
Conv3×3

(
AdaGN(F̃1, zphy)

))
. (12)

The terminal tanh(·) activation explicitly enforces a bounded constraint on the
velocity amplitude, effectively suppressing erratic, large-step gradient updates
during early optimization.
Metric Construction (Gdiag). We introduce the Diagonal Symmetric Positive
Definite (SPD) Metric Estimator to explicitly computes the Riemannian precon-
ditioning term (G+ε)−

1
2 defined in Eq. (2) by approximating the local geometry

via a channel-wise diagonal tensor Gdiag = diag(g1, . . . , gC) ∈ RB×C×H′×W ′
.

The physical prior zphy is first projected via convolution and spatially broad-
casted to align with the resolution of the main semantic features Fmain. It is then
concatenated with Fmain to form a joint embedding Fmetric ∈ RB×2C×H′×W ′

:

Fmetric = Concat
(
Fmain,Broadcast

(
Conv1×1(zphy)

))
. (13)

Fmetric is processed by a dedicated bottleneck module to predict the spatial
curvature variations. The module applies a sequential cascade of a dimension-
reducing 1 × 1 convolution, Group Normalization (GN), and a spatial 3 × 3
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convolution. The intermediate output is then bounded and shifted to formulate
the diagonal elements:

g = Conv3×3

(
GN

(
Conv1×1(Fmetric)

))
, (14)

Gdiag = diag
(
1+ α · tanh(g)

)
, (15)

where diag(·) constructs the explicit diagonal tensor field at each spatial coor-
dinate (x, y), 1 represents the all-ones vector, and the scalar α = 0.9 bounds
the maximum allowable geometric distortion. We zero-initialize exclusively the
terminal 3×3 convolutional weights, reliably anchoring the initial spatial metric
field to the identity matrix I (since tanh(0) = 0). This initialization guarantees
that the feature manifold degenerates into a flat Euclidean space uniformly across
all spatial locations at the onset of training. As training progresses, the physical
guidance continuously calibrates the diagonal elements, executing a pixel-level
adaptive stretching or compression along specific tangent space dimensions.
Preconditioned Retraction. Given v andGdiag, we perform a metric-precondit
ioned retraction:

Frec = GN
(
Fmain + v ⊙ (Gdiag + ε)−

1
2

)
, (16)

where ε is a small constant. Finally, we inject only the corrective displacement
using a learnable spatial gate and a channel-wise scale:

Ggate = σ
(
Conv1×1

(
Concat(Fmain, Frec)

))
∈ RB×C×H′×W ′

, (17)

Fout = Fmain + γ ⊙Ggate ⊙ (Frec − Fmain), (18)

where γ ∈ R1×C×1×1 is initialized to zero. This initialization preserves the orig-
inal backbone behavior at the beginning of training and enables a progressive
activation of the rectification stream.

3.4 Physics-Guided Manifold Downsampling (PMD)

Standard strided convolutions downsample by aggregating local neighborhoods
and thus introduce an implicit low-pass effect. Underwater scattering already
behaves as a strong optical low-pass filter, so naïvely applying strided down-
sampling further attenuates weak boundary cues and reduces the separability of
small objects. From a physical–geometric viewpoint, this scale transition should
preserve two complementary aspects: the macro spatial layout that supports
coarse semantics and the micro locally prominent responses (e.g., boundary and
corner activations) that are most vulnerable to compounded smoothing. Moti-
vated by this, we propose the Physics-Guided Manifold Downsampling (PMD)
module (Fig. 2(b)), which implements a structure-preserving scale transition
through two parallel pathways.
Geometric Path. We employ a strided convolution to perform the primary
resolution reduction and obtain the baseline geometric representation ygeom.
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Physical Prior Path. To counteract the cascaded low-pass effect induced by
scattering and downsampling, we introduce a lightweight predictor Ephy(·) to
estimate a physics-guided modulation and apply it in a single mapping:

yphy = Conv1×1

(
MaxPool

(
x⊙

(
1 + σ

(
Ephy(x)

))))
, (19)

where σ(·) denotes the sigmoid function. This design applies residual gating prior
to MaxPooling, yielding a degradation-aware reweighting and a peak-preserving
downsampling step. Unlike linear aggregation that averages corrupted neighbors,
MaxPooling propagates locally salient responses, thereby retaining fine textures
and boundary/corner cues that survive scattering and would otherwise be di-
luted during subsequent scale transitions. In this way, the rectified structural
details produced by the upstream manifold transport are better preserved across
the feature pyramid. Finally, the two pathways are aggregated by element-wise
summation followed by a non-linear activation:

y = ϕ
(
ygeom + yphy

)
, (20)

where ϕ(·) denotes the activation function. Overall, PMD enables effective scale
reduction while better preserving boundary contrast and local discriminability
under underwater degradation.

3.5 Unified Evidential-Contrastive Objective (UECO)

Under severe turbidity and scattering, rectified features may still exhibit residual
ambiguity and miscalibration driven by background-dominated statistics. We
therefore couple a supervised contrastive manifold regularizer with an evidential
uncertainty term to jointly enforce separability and calibration.
Supervised Contrastive Manifold Loss (SCML). We regularize multi-level
head features with a supervised contrastive loss on assigner-selected foreground
anchors, avoiding heuristic GT-center sampling. Given {F (ℓ)}Lℓ=1 with F (ℓ) ∈
RB×C×Hℓ×Wℓ and positive indices I(ℓ), we extract fi ∈ RC for each i ∈ I(ℓ) and
normalize zi = fi/∥fi∥2 ∈ SC−1. Define P(i) = {p ∈ I(ℓ) | yp = yi, p ̸= i},
A(i) = I(ℓ) \ {i}, and M(ℓ) = {i ∈ I(ℓ) | |P(i)| > 0}; the per-level loss is

L(ℓ)
supcon = − 1

|M(ℓ)|
∑

i∈M(ℓ)

1

|P(i)|
∑

p∈P(i)

log
exp(z⊤i zp/τ)∑

a∈A(i) exp(z
⊤
i za/τ)

, (21)

where τ is the temperature. We apply class-balanced subsampling (e.g., cap
K = 16 anchors per class) to reduce quadratic cost. The multi-level regularizer
is

Lmani =
1

|Lvalid|
∑

ℓ∈Lvalid

L(ℓ)
supcon, Lvalid = {ℓ | |M(ℓ)| ≥ 1}. (22)

Evidential Uncertainty Regulation (EUR). On the same foreground an-
chors, we adopt EDL to obtain Dirichlet parameters from logits si ∈ RC via
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clipped Softplus evidence:

ŝi,c = clip(si,c,−κ, κ), ei,c = softplus(ŝi,c), αi,c = ei,c + 1, Si =

C∑
c=1

αi,c.

(23)
Let yi ∈ [0, 1]C be the assigner-provided soft target. We stop its gradient and
normalize it as

ỹi,c =
yi,c∑C

c=1 yi,c + ε
, yi ← stopgrad(yi). (24)

Using the digamma function ψ(·), the evidential risk is

L(i)
risk =

C∑
c=1

ỹi,c

(
ψ(Si)− ψ(αi,c)

)
. (25)

We regularize mainly the non-target mass via

α̃i,c = (αi,c − 1)(1− ỹi,c) + 1. (26)

Let I =
⋃

ℓ: |I(ℓ)|>0 I(ℓ); the evidential loss is

Ledl =
1

|I|
∑
i∈I

[
L(i)
risk + λt ·KL

(
Dir(α̃i) ∥Dir(1)

)]
, (27)

where the annealing factor λt = min(1, t/Tanneal) stabilizes early training at
epoch t.
Total Objective Function. The overall objective combines standard detection
losses with the proposed manifold and evidential regularizers:

Ltotal = λ1Lbox + λ2Ldfl + λ3

(
Lbce + λ4Ledl

)
+ λ5Lmani, (28)

where Lbox, Ldfl, and Lbce denote the box regression loss, distribution focal
loss, and binary cross-entropy, respectively. The weights λ(·) balance gradient
contributions from localization, classification, and the proposed regularizers.

4 Experiment

4.1 Setting

We evaluate PhysFlowNet on four underwater benchmarks, including DUO [33],
Brackish [43], TrashCan [19] and RUOD [12]. Performance is reported using
COCO-style AP (AP@[.50:.95]) together with AP50 and AP75. All models are
trained from scratch for 300 epochs on a single NVIDIA RTX 4090 GPU with
640 × 640 inputs and batch size 16 using SGD (lr= 0.01, momentum= 0.937,
weight decay= 5× 10−4) and a learning-rate scheduler.
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4.2 Comparisons with the SOTA

Tab. 1 shows PhysFlowNet achieves a new SOTA on DUO. It uses Rieman-
nian manifold rectification to handle scattering, yielding a +8.5% AP gain over
YOLO11 [22] and beating WFDA [36] by +1.0% AP75. Operating at 14.0 GFLOPs
and 39.7 FPS, it demonstrates a vastly superior efficiency-accuracy trade-off
compared to dense spatial attention. As shown in Tab. 2, on the TrashCan
dataset, PhysFlowNet achieves 4.1% improvement over YOLO11. It also main-
tains top-tier performance on RUOD (86.4% AP50) and Brackish (86.1% AP).
This steady performance confirms that our identity-initialized Riemannian met-
ric adapts its curvature to local degradation without overfitting to a specific
dataset bias.

Table 1: Performance comparison on DUO. GOD: General Object Detec-
tion and UOD: Underwater Object Detection. Echi—Echinus; Holo—Holothurian;
Scal—Scallop; Star—Starfish.

Methods AP↑ AP50↑ AP75↑ Echi Holo Scal Star Params
(M)↓

FLOPs
(G)↓ FPS↑

G
O

D

RetinaNet [32] 57.8 78.9 63.0 79.4 68.2 51.1 74.9 55.38 83.2 16.2
Faster R-CNN [45] 61.2 82.7 69.6 70.4 61.4 41.9 71.4 41.3 120 13.5
Cascade R-CNN [4] 61.6 80.5 72.4 69.0 61.9 41.9 72.0 88.15 140 10.3
DetectoRS [44] 60.8 81.4 69.3 69.5 60.9 41.1 70.2 123.23 90.03 6.9
YOLOv7 [48] 49.8 85.4 64.2 73.7 66.3 50.8 74.5 6.2 13.8 40.1
YOLOv8 [21] 59.1 88.1 72.8 75.2 64.8 54.7 70.9 3.2 8.7 51.2
YOLO11 [22] 60.8 89.2 73.9 75.5 64.3 55.2 73.5 2.6 6.7 55.7

U
O

D

Boosting R-CNN [46] 63.7 79.0 72.3 70.0 64.3 46.6 74.8 45.95 169 22.0
RoIAttn [28] 62.2 82.8 69.5 70.7 62.2 40.5 71.4 55.23 331.7 9.7
ERL-Net [9] 63.7 81.9 72.2 70.8 66.6 45.4 73.7 45.95 54.8 8.9
GCC-Net [8] 69.1 87.8 76.3 75.2 68.2 56.3 76.7 36.74 300.79 15.4
AMSP-UOD [59] 40.1 78.5 – 87.5 60.6 42.5 77.5 10.4 23.8 34.5
WFDA [36] 66.3 90.4 79.4 82.3 70.9 60.0 80.0 2.6 7.2 54.0
PhysFlowNet (Ours) 69.3 92.7 80.4 91.9 70.7 64.9 85.9 8.19 14.0 39.7

4.3 Ablation Study

We conduct an incremental ablation on TrashCan under an identical training
protocol to isolate the contribution of each component (Table 3), while ex-
plicitly separating the physical prior design from the rectification mechanism.
The baseline (YOLO11) achieves 61.9/45.1 AP50/AP. Adding PMD improves
performance to 63.0/46.4, indicating that physics-guided downsampling allevi-
ates scattering-amplified information loss during scale reduction. Incorporating
HPCE further raises the score to 63.3/46.8, showing that the learned physical
context provides additional discriminative conditioning. To disentangle archi-
tectural effects from geometric ones, we next enable PPRB with an Euclidean
update (G = I), obtaining 63.6/47.2, which suggests that dual-stream decou-
pling with AdaGN yields limited but consistent gains. In contrast, activating
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Table 2: Benchmarking results between PhysFlowNet and other SOTA methods on
Brackish, TrashCan, and RUOD.

Methods Brackish TrashCan RUOD

AP↑ AP50↑ AP↑ AP50↑ AP↑ AP50↑

RetinaNet [32] 74.0 91.3 29.4 53.8 48.2 74.3
Faster R-CNN [45] 61.2 62.9 31.2 55.3 54.3 74.9
Cascade R-CNN [4] 80.7 98.5 33.6 52.7 56.0 79.7
YOLOv7 [48] 71.3 90.5 26.1 48.8 47.2 76.4
YOLOv8 [21] 80.1 97.7 44.2 61.5 58.0 82.1
YOLO11 [22] 80.4 98.1 45.1 61.9 58.1 81.9

Boosting R-CNN [46] 79.6 97.4 36.8 57.6 52.3 79.8
RoIAttn [28] 79.3 91.2 32.5 56.8 49.7 75.2
ERL-Net [9] 85.4 98.8 37.0 58.9 53.2 80.5
GCC-Net [8] 80.5 98.3 41.3 61.2 56.1 83.2
AMSP-UOD [59] – – – – 65.2 86.1
WFDA [36] 82.6 98.5 46.9 63.9 63.4 86.1
SFUDNet [52] 86.0 98.6 – – – –
PhysFlowNet (Ours) 86.1 99.1 49.2 65.4 64.3 86.4

Table 3: Step-wise ablation study on the TrashCan dataset. Euc.: Euclidean residual
projection; Riem.: our proposed Riemannian retraction flow.

PMD HPCE PPRB Geometry Lmani / Ledl AP50 AP

Euc. (Base) / 61.9 45.1
✓ Euc. / 63.0 46.4
✓ ✓ Euc. / 63.3 46.8
✓ ✓ ✓ Euc. / 63.6 47.2
✓ ✓ ✓ Riem. / 64.9 48.4
✓ ✓ ✓ Riem. ✓/ 65.1 48.8
✓ ✓ ✓ Riem. ✓/ ✓ 65.4 49.2

the diagonal metric and the metric-preconditioned retraction (Gdiag) produces a
clear jump to 64.9/48.4, highlighting the importance of metric-guided updates.
Finally, adding Lmani and Ledl further reaches 65.4/49.2, completing the full
model. More detailed ablations for each module are provided in the Appendix.

4.4 Qualitative Analysis

Visualization of Feature Manifolds.We assess representation quality via t-
SNE on RoI features from 800 randomly sampled instances in the DUO and
RUOD validation sets. RoI embeddings are extracted from the P4 layer be-
fore the detection head. To avoid manual domain labeling, we cluster the 128-
D HPCE physical-prior embeddings using K-Means into three degradation do-
mains, which are encoded by marker shapes, while semantic classes are encoded
by colors. As shown in Fig. 4(a,b), the baseline exhibits strong entanglement:
samples of the same class split into domain-specific sub-clusters. In contrast,
PhysFlowNet yields more compact class-wise clusters with improved inter-class
separation and reduced domain stratification, indicating decreased sensitivity to
heterogeneous underwater degradations.
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Fig. 4: t-SNE visualization of RoI features on (a) DUO and (b) RUOD validation
sets. Left: baseline features are entangled and domain-stratified. Right: PhysFlowNet
features are more class-compact and less domain-dependent. Colors denote object cat-
egories and marker shapes denote three K-Means clustered degradation domains.

Physical Interpretability of the Metric Tensor (Gdiag). To intuitively
interpret the learned metric, Fig. 5 shows representative examples from the
TrashCan and Brackish datasets, including the ground-truth annotation, un-
corrected activation, corrected activation after metric-guided Riemannian re-
traction, and metric deformation ∆Gdiag = ∥Gdiag − I∥. Warmer colors indicate
stronger activations or larger geometric adjustments. After retraction, responses
become more concentrated around object regions, while background clutter is
suppressed. Meanwhile, larger metric deformations often occur near objects or
locally degraded areas, suggesting that Gdiag adaptively applies stronger pre-
conditioning where geometric rectification is needed. This demonstrates that
metric-guided retraction improves object-centric representation and foreground–
background separability.

Fig. 5: Visualization of metric-guided feature rectification on the TrashCan (left)
and Brackish (right) datasets. Columns show the ground truth, uncorrected acti-
vation, corrected activation after Riemannian retraction, and metric deformation
∆Gdiag = ∥Gdiag − I∥. Warmer colors denote stronger activations or larger geomet-
ric adjustments. After retraction, responses become more object-centric with reduced
background clutter.

Qualitative Evaluation of PMD. To assess the information-retention capa-
bility of PMD, we visualize activation maps at the final downsampling stage for
an ablation setting. As shown in Fig. 6(c), the variant without PMD exhibits spa-
tially spread activations, where the small target response is largely suppressed by
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surrounding clutter. In contrast, with PMD (Fig. 6(d)), the activation becomes
noticeably more localized on the target region, while responses to scattering ar-
tifacts are attenuated, indicating that PMD improves boundary/region contrast
and preserves target saliency during scale reduction.

Fig. 6: Ablation of spatial feature activations on TrashCan and Brackish. (a) Raw
images. (b) Ground truth. (c) Ours w/o PMD. (d) Ours with PMD. PMD effectively
concentrates target activations and suppresses background clutter.

Fig. 7: Qualitative results of false-positive suppression via EDL. (a) Input. (b) Ground
truth. (c) Multi-scale vacuity map, where brighter responses indicate higher epis-
temic uncertainty (weaker evidence) and darker responses indicate lower uncertainty
(stronger evidence). (d) Detections overlaid on the vacuity map. PhysFlowNet localizes
true targets in low-vacuity regions and suppresses detections in highly uncertain areas.

Qualitative Evaluation of Evidential Uncertainty. We visualize epistemic
uncertainty (vacuity) to illustrate how the Dirichlet-based EDL module sup-
presses false positives induced by target-like underwater clutter (e.g., marine
snow and light spots), where softmax-based detectors may be overconfident.
Fig. 7(a–d) shows inputs, ground truth, the multi-scale vacuity map, and the
corresponding detections on DUO and RUOD. True objects consistently align
with low-vacuity (dark) regions, indicating sufficient evidence, whereas distrac-
tors yield high vacuity (bright), indicating weak or ambiguous evidence. Conse-
quently, detections concentrate in low-vacuity areas, suggesting that EDL down-
weights uncertain responses and reduces overconfident background detections.
Combined with the Riemannian rectification that improves feature alignment,
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uncertainty-aware calibration further mitigates false positives in severely de-
graded scenes.

5 Conclusion

In this work, we present PhysFlowNet, a physics-conditioned manifold rectifi-
cation framework that tackles underwater degradation from a Riemannian flow
perspective. By modeling degradation as feature-space transport, we propose
HPCE to leverage spatio-spectral physical priors to guide PPRB in performing
stable metric-preconditioned retractions, effectively restoring distorted features
to canonical semantics. Furthermore, we introduce PMD to mitigate cascaded
smoothing during scale transitions via peak-preserving downsampling for robust
object detection, and employ UECO for evidential uncertainty regulation to
suppress backscatter-induced false positives in turbid scenes. Evaluations across
four UOD benchmarks (DUO, Brackish, TrashCan, and RUOD) show that Phys-
FlowNet achieves state-of-the-art accuracy and efficiency, underscoring the im-
mense potential of explicit geometric and physics-guided modeling for reliable
detection in severely degraded environments.
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