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Identification and classification of marine organisms remain challenging due to pose variation, partial oc-
clusions, and underwater imaging conditions. Existing Convolutional Neural Network (CNN) and Trans-
former models often struggle to obtain long-range contextual understanding while maintaining computa-
tional efficiency. This research proposes a new method named PVT Fusion Mamba architecture, which
integrates PVIT-v2-B2 and EfficientNet-B0 in a dual-encoder backbone, followed by a hierarchical fusion
neck and a Mamba-based classification head. This architecture enables effective multi-scale feature in-
tegration and efficient long-range dependency modeling with linear complexity, while dynamically em-
phasizing organism-relevant features and suppressing background noise. We conducted experiments using
the ROUD Dataset across ten marine organism classes. An extensive ablation study confirmed the syner-
gistic effect of the dual-encoder fusion, demonstrating that the combined PVT Fusion Mamba architecture
significantly outperforms its single-encoder counterparts (EfficientNet-B0 and PVI-v2-B2) in terms of con-
vergence speed and final accuracy. Furthermore, in comparative studies against models like ResNet50 and
YOLOWS, our proposed architecture achieved superior performance. The PVT Fusion Mamba architecture
attained state-of-the-art accuracy of 98.6% with an optimized validation loss of 0.062 (at configuration
C1 = 96,Cy = 288,35 = 192). Analysis of the confusion matrix reveals excellent classification perfor-
mance, with most errors occurring only between morphologically similar species. The results demonstrate
that PVT Fusion Mamba successfully overcomes the limitations of previous methods, achieving superior
accuracy and robustness with reduced computational cost compared to established deep learning models.

Povzetek:  Predlagana arhitektura PVT Fusion Mamba zdruzuje dvojni kodirnik PVT-v2-B2 in
Ef ficientNet-BO0 s klasifikacijsko glavo na osnovi modela Mamba, s cimer dosega vrhunsko natancnost
98.6% na naboru podatkov ROUD ter ucinkovito modelira dolgosezne odvisnosti z linearno kompleksnostjo

za robustno identifikacijo morskih organizmov.

1 Introduction

The classification task for underwater objects is an impor-
tant task for exploring underwater conditions and monitor-
ing the environment and empowering underwater objects
[1]. This is still challenging because the underwater en-
vironment often displays images due to unclear images,
distracting backgrounds, and low contrast [2][3][4]. This
makes the classification process using conventional meth-
ods of manual pattern recognition often inefficient and also
prone to errors. Various studies from the use of classic
CNNs show that the models still have limitations and errors
in capturing complex features. VGGNet, ResNet and Mo-
bileNet have been modified to improve accuracy in this task
[5][6]. However, research shows that the CNN model still
has limitations, especially in capturing complex features

and crucial long-range dependencies. This encouraged re-
searchers to explore more sophisticated architectures so that
the Transformer emerged with its self- attention mechanism
which can capture global relationships throughout the im-
age [7]. This approach overcomes object degradation and
uses a hybrid model to combine the power of local feature
extraction. Research by [8] proposed TC_YOLO, a model
that combines features from transformers to improve un-
derwater object detection performance, while [9] came up
with a hybrid CNN-Transformer architecture that has been
explored for underwater object segmentation.

In this paper, we propose the PVT Fusion Mamba ar-
chitecture which integrates EfficientNet-BO and PVT-v2-
B2 within a dual-encoder backbone. Our contribution is
threefold:

— Implement a dual-encoder strategy to simultaneously
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leverage the local efficiency of depthwise convolu-
tions and the global reach of pyramid attention.

— Introduce a hierarchical fusion neck that serves as
an adaptive feature balancer, essentially acting as an
adaptive filter to reconcile conflicting visual data from
the two encoders.

— Employ a Mamba-based classification head that func-
tions as an adaptive control mechanism. By manag-
ing state transitions over time, the Mamba block se-
lectively emphasizes organism-relevant features while
suppressing the noisy backgrounds characteristic of
complex reef environments.

Experimental results on the ROUD dataset demonstrate
that our proposed architecture achieves a state-of-the-art ac-
curacy of 98.6% with significantly reduced computational
cost compared to established deep learning models. This
performance suggests that the integration of adaptive fu-
sion and selective state-space modeling is highly effective
for robust marine organism classification in real-world un-
derwater exploration systems.

2 Related works

Over the last decade, Convolutional Neural Networks
(CNNs) have served as the foundational paradigm for
image classification tasks. Classical architectures such
as AlexNet, VGGNet, and ResNet have demonstrated
significant efficacy in increasing classification accu-
racy, particularly when applied to specialized datasets
[10][T11][12][13][14][15]. In the context of marine biol-
ogy, residual convolutional networks have been specifi-
cally modified to address the inherent challenges of blur-
riness and low contrast when identifying fish and inver-
tebrates [16][17]. Recent studies have also combined
ResNet50 with preprocessing methods like max-RGB and
shades of gray to enhance underwater vision before clas-
sification [18]. Furthermore, CNNs have been integrated
with second-order pooling to capture temporal correlations
in radiated acoustic signals for sonar-based object classi-
fication [19]. Despite these advancements, CNNs remain
limited by their inductive bias, which favors local features
over long-range contextual dependencies [20].

To address the receptive field limitations of CNNs, the
Vision Transformer (ViT) and its variants emerged as a
solution for modeling global relationships between image
patches [21][22]. Specialized attention modules, such as
Inception Attention (IA), have been shown to significantly
outperform classic networks like AlexNet and InceptionV3
in underwater classification tasks [23]. Hybrid approaches
have also explored integrating Swin Transformer attention
into frameworks like YOLOV8 to improve feature extrac-
tion from complex imagery and mitigate background noise
[24]. Other innovations include the use of ensemble deep
learning with YOLOV9 and domain attention mechanisms
that weight input from feature maps to enhance processed
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outputs [25]. Recently, hybrid classical-quantum CNN
methods have even been proposed for on-board underwa-
ter image classification [26].

A key strategy for improving robust classification in-
volves the simultaneous leverage of detailed spatial infor-
mation and high-level semantic data. This is commonly
achieved through Feature Pyramid Networks (FPN) and
multi-pathway fusion methods [27][28][29]. In underwa-
ter research, hybrid models like TC-YOLO have com-
bined transformer features to improve detection perfor-
mance [8], while the FLSSNet architecture explored CNN-
Transformer hybrids for sonar image segmentation [9]. Our
proposed method builds upon these concepts by integrating
EfficientNet-B0 and PVT-v2 as a dual-encoder backbone.

The emergence of State-Space Models (SSMs), specifi-
cally the Mamba architecture, provides a path toward mod-
eling long-range dependencies with linear complexity rel-
ative to spatial resolution [30][31]. Unlike standard self-
attention, the Mamba block utilizes a selective memory
mechanism to dynamically emphasize organism-relevant
regions while suppressing the high-entropy background
noise characteristic of reef environments [32]. This re-
search integrates a Mamba-based classification head as a
robust state-space controller to maintain stable feature ex-
traction even when the input signal is degraded by under-
water conditions.

3 Methodology

This section details the development of the PVT Fusion
Mamba architecture, a hybrid framework engineered for the
robust classification of marine organisms in challenging un-
derwater environments, as well as the dataset preparation
and training steps used for our experiments.

3.1 Architectural overview

The PVT Fusion Mamba is designed as an adaptive control
system to solve the problem of image “noise” in underwater
environments. As shown in Figure 1a, the architecture con-
sists of three main parts that work together to maintain sta-
ble classification performance: a dual-encoder backbone, a
hierarchical fusion neck, and a selective state-space classi-
fication head.

3.2 Multi-scale feature extraction backbone

The backbone serves as the primary sensing unit of the con-
trol system, responsible for converting raw pixel data into
high-dimensional feature representations. As illustrated in
Figure 1b, the architecture utilizes two parallel pathways
via Encoder 1 and Encoder 2 to ensure that both local tex-
tures and global context are captured simultaneously.
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Figure 1: Overview of the model components: (a) shows the high-level PVT Fusion Mamba architecture, and (b) details

the dual-encoder backbone flow.

3.2.1 Encoder1

Encoder 1 utilizes EfficientNet-BO0 to capture fine-grained
spatial details [33]. This encoder is structured through a
series of Mobile Inverted Bottleneck Convolutions (MB-
Conv), which utilize depthwise separable convolutions
to maintain efficiency. Given an input image I €

R3%256%256 the process can be defined as:
1 7
Dopp(l) = {F(f)f F(f)f} )

where Fe(;)f is feature map from ¢-th block output. In this

€ R12x16x16 which represents in-

c R32O><8><8

(5)
model, we used F,,;

termediate local features and F’ e(;) which cap-

tures more complex, high-level spatial patterns.

3.2.2 Encoder 2

Encoder 2 employs PVT-v2-B2 to provide long-range con-
textual understanding [34]. Unlike standard CNNs, the
Transformer uses a pyramid attention mechanism to pro-
cess the image at different resolutions. The core operation
involves a multi-head self-attention (MHSA) function and
the process can be defined as:

D (1) = {FI;{Z, Fzﬁsz} )

where Fzgf,)t is output feature extracted from i-th stage. In
this model, we used the output from stage 3 and 4 fea-

ture map, Fﬁg € R320x16x16 gpd F;Ei?:
By combining these Transformer-based features with the
CNN-based features, the model can effectively identify or-
ganisms even when they are partially occluded or blend into

the background.

c R512><8><8

3.3 Adaptive fusion neck and feature
conversion

The fusion neck acts as an adaptive integration mechanism
that reconciles the distinct visual signals from the dual-
encoder backbone. To ensure the Transformer-based fea-
tures are compatible with the Convolutional features, the
process begins with signal alignment followed by hierar-
chical multi-scale fusion as shown in Figure 2.

3.3.1 Transformer feature converter (TFC)

Before integration, the features from Encoder 2 undergo
standardization to align their dimensionality with the CNN
feature space from Encoder 1. The conversion is defined
by the function ®; ¢.:

3

where X is input data, Convyy is a point-wise convolu-
tion with target channel size ¢, BN denotes Batch Normal-
ization, and o g.ry is the ReLU activation function. This
function convert the channel size of input data, while main-
taining the resolution (width and height).

We want to fuse the feature from Encoder 1 and 2 with
same resolution, so block 5 feature map (from Encoder 1)
will be paired with stage 3 feature map (from Encoder 2),
and block 7 feature map (from Encoder 1) will be paired
with stage 4 feature map (from Encoder 2). Thus we trans-
form the Encoder 2 feature map to match the channel size
from the respective channel size in Encoder 1, and we get
transformed features as:

Q4 ¢0(X, ¢) = orerv(BN(Convi 1 (X, ¢)))

Ft(?i = Pyyc <F,§gz, 112) c R112x16x16 @
Ft(;lg = cI)tfc <FZ§327 320) c R320><8><8 (5)
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Figure 2: Detailed architecture of the hierarchical fusion neck, illustrating the adaptive integration of multi-scale features

from CNN and Transformer encoders.

3.3.2 Hierarchical multi-scale fusion

The fusion neck employs a cascaded strategy to integrate
fine-grained spatial details with high-level contextual pat-
terns while controlling parameter growth. The main fusion
process is defined by the function @ ¢,,:

(I)fub(X, C) = O'ReLU(BI\KCOHV?,X?,()(7 C))) (6)

q)fus(XhXQac) = (I)fub ((bfub(XlHX%c)vc) (7)

where X; and X5 are input tensor data with same reso-
lution, ¢ is the target channel size, and || is channel-wise
concatenation operator. Then the fusion neck process is di-
vided into two adaptive stages:

Same Resolution Fusion. The converted transformer
features from Encoder 2 are concatenated with the respec-
tive CNN features from Encoder 1 with same resolution to
form an integrated tensor by the fusion function:

Fib, =0 (ES) FYLC1) (8)
Fi2, = g0 () BT C2) ©)

The result is a refined representation Fﬁ)s € RC1x16x16

and I ;Z)S € RE2%8x8 where C and C, are target channel
for 16 x 16 and 8 x 8 fused feature, respectively.

Cross Resolution Fusion. To incorporate deeper seman-
tic information, 16 x 16 fused feature is downsampled via
a stride-2 convolution block to halved the resolution, and
fused again with 8 x 8 fused feature:

@ 1own (X) = ogerv (BN(Convsy s srige2(X)))  (10)

Ffused = (I)fus (q)down (F;i)g) 7F]Ei)svc3> (11)

The final output is the representation Fj,seq € RE3*8X8,
where Cf is target channel for fused feature, which pro-
vides a balanced and robust feature set for classification.
This hierarchical approach allows the model to adaptively
emphasize relevant organism features even when the input
signal is degraded by underwater turbidity.

3.4 Selective mamba head

The classification head serves as the final robust filter, re-
sponsible for mapping the high-dimensional fused repre-
sentation Flpyseq € RC=%8%8 into a stable multi class
probability distribution. To maintain structural stability
against underwater noise and pose variations, the head uti-
lizes a Mamba-based state-space block configured with a
4-directional spatial scanning strategy as shown in Figure 3.

3.4.1 Selective state-space modeling

The core of the Mamba block is a discretized State-Space
Model (SSM) that functions as a robust observer. The tran-
sition of the hidden state h; and the filtered output y, are
governed by:

he = Ahi—1 + Bxy, y = Chy (12)

where A and B are discretized transition matrices. To han-
dle underwater uncertainty, the system employs a selection
mechanism where B, C, and the step size A are dynamic
functions of the input x;:

A = Softplus(Parameter + Linear(x;)) (13)
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Figure 3: Detailed architecture of the Mamba-based classification head, illustrating the 4-directional scanning logic (row-
wise, column-wise, and their reversals) to ensure spatial robustness.

This selectivity allows the head to function as an adaptive
controller to remembers organism-relevant signals in the la-
tent state while forgetting stochastic disturbances caused by
background noise or turbidity.

3.4.2 4-directional spatial scanning

Standard Mamba blocks are designed for 1D sequences.
However, underwater organisms appear in unpredictable
orientations. To ensure spatial invariance, the head flattens
the input tensor X € R" > into four distinct scan paths
using this functions:

Scan,.q, (X) = Flatten(X) (14)
Scan; ;o (X) = Flip(Scan,.o, (X)) (15)
Scangq (X) = Flatten(XT) (16)
Scan;.,; (X ) = Flip(Scan,,; (X)) 17)

where Flatten is the standard operation that serializes
the 2D spatial grid into a 1D sequence of length
L = H x W, Flip represents the operator to re-
verse the ordering of sequence. The output of each
function Scan,.,y,, Scan;, .y, Scang,;, Scan;q,; representing
row-major, row-reversed, column-major, and column-
reversed trajectories, respectively.

Given fused feature, we have Ff(L)SE 4 € R®*8 ag i-th fea-
ture map from Ffyseq. Each of feature map will be pro-
cessed separately using this function:

®yean (X, dir) = Scan;! (Mamba(Scang;,- (X)) (18)

®yramba (X)) = Linear (Z B yean(X, dz’r)) (19)

dir

where the summation acts as an ensemble of directional
filters dir € {row,irow,col,icol}, ensuring that the
model captures relevant features regardless of the subject’s
pose or movement direction, and Mamba is Mamba block

function. Thus we get the processed feature Fﬁzwl =

Prmamba (F ;256d> for each 7, and we combine into single

tensor Fiipq € RE3*8X8,

3.4.3 Global pooling and classification

The filtered tensor is processed through a global average
pooling (GAP) layer to reduce the spatial dimensions to a
Cj5 dimension vector. This vector is fed into a fully con-
nected layer:

y = Linear(Pooling(F'finai)) (20)
where Pooling is global average pooling layer and Linear
yielding the final classification across the K marine organ-
ism classes with linear complexity relative to the input res-
olution. Thus we get the output logits y € R¥.

3.5 Dataset adaptation and preprocessing

The study utilizes the ROUD dataset, which was originally
developed for underwater object detection [35]. The orig-
inal dataset comprises approximately 14,000 images con-
taining ten distinct marine organism categories labeled with
bounding boxes.

To adapt this for a classification task, each bounding box
was cropped from the original high-resolution frames. This
process extracted all individual organism instances, result-
ing in the following raw distribution across the ten cate-
gories as shown in Table 1.
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Table 1: Distribution of extracted organism crops from the
original ROUD dataset

Category Count | Category Count
Fish 9,090 | Diver 4,393
Echinus 7,867 | Cuttlefish 3,721
Corals 6,132 | Turtle 2,824
Starfish 5,745 | Jellyfish 1,881
Holothurian 5,244 | Scallop 5,038

To ensure the model learns from the most distinctive
morphological features, we selected the top 1,000 largest
cropped images from each category. This largest-area se-
lection strategy serves as a quality filter, prioritizing sam-
ples where the organism is most visible relative to back-
ground noise and turbidity.By choosing an equal number
of samples per class, we created a balanced dataset of
10,000 images. This prevents the model from developing
a classification bias toward more frequent species, such as
fish. Finally, all selected images were resized to a uniform
256 x 256 resolution to match the input requirements of the
dual-encoder backbone.

3.6 Augmentation and training strategy

To improve generalization and ensure the robustness of the
PVT Fusion Mamba, we implement a data augmentation
pipeline designed to simulate the stochastic nature of un-
derwater environments. The training dataset undergoes a
series of transformations to account for the unpredictable
conditions of the marine medium. These include:

— Spatial Augmentation: To address varied subject ori-
entations, we apply Random Horizontal Flipping and
Random Rotation of up to 10°. All images are resized
to a uniform 256 x 256 resolution to match the input
requirements of the dual-encoder backbone.

— Photometric Augmentation: To simulate variable
lighting and water clarity, we utilize Color Jittering
with adjustments to brightness (0.2), contrast (0.2),
saturation (0.2), and hue (0.1).

— Normalization: Pixel wvalues are normalized
using standard ImageNet statistics (mean =
[0.485,0.456, 0.406], std = [0.229,0.224,0.225]) to
ensure stable gradient flow during optimization.

The model is trained for 20 epochs using the Adam op-
timizer with a weight decay of 10~ to prevent overfitting.
The training parameters are defined as follows:

— Learning Rate Control: We initiate training with a
learning rate of 10~%.

— Adaptive Scheduling: A learning rate scheduler is
implemented to reduce the rate by a factor of 0.2 if
the validation loss does not show improvement for two
consecutive epochs.
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— Gradient Management: Gradient clipping is em-
ployed to maintain numerical stability throughout the
training process.

This combination of robustness-driven augmentation and
precise optimization allows the architecture to achieve high
classification accuracy while maintaining computational
efficiency.

4 Results and discussions

4.1 Training dynamics and convergence
analysis

The learning performance of the proposed architecture was
evaluated over 20 training epochs using cross-entropy loss
and the Adam optimizer. As illustrated in Figure 4, the
model trained with sample hyperparameter setting for chan-
nel size C; = 128, Cy = 320, and C3 = 256 demonstrated
arapid and stable convergence profile, which is critical for
maintaining robust performance under uncertain underwa-
ter conditions.

Training and Validation Loss Training and Validation Accuracy

—e— Taining loss
—e— Validation loss

[ 5 15 20 25 30 33 40 o H 0 15 20 25 % 3B 40
Epochs. Epochs

Figure 4: Training and validation comparison of loss and
accuracy for the PVT Fusion Mamba architecture

The training process exhibited the following characteris-
tics:

— Training Stability: Training accuracy consistently
reached high levels 99.9% using sample hyperpa-
rameter configurations. The training loss effectively
converged to minimal values 0.022, indicating that
the dual-encoder backbone successfully captured the
complex features required for marine organism classi-
fication.

— Validation Performance: This model achieved a
peak validation accuracy of 97.7% with a correspond-
ing validation loss of 0.12. This high performance on
unseen data demonstrates strong generalization capa-
bilities, even when faced with the high-entropy noise
typical of underwater reef environments. The narrow
gap between training and validation accuracy (approx-
imately 2.2%) suggests that the architecture does not
merely memorize the training set but has learned ro-
bust, invariant features.

— Convergence Speed: Models demonstrated high ef-
ficiency, reaching convergence within starts from 12
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Table 2: Hyperparameter sensitivity analysis results across
27 configurations

Ci; Cy (C3 Epoch ValLoss ValAcc
96 256 192 14 0.075 0.981
96 256 224 15 0.069 0.981
96 256 256 13 0.070 0.983
112 256 192 15 0.062 0.983
112 256 224 18 0.068 0.982
112 256 256 13 0.065 0.982
128 256 192 18 0.069 0.982
128 256 224 11 0.068 0.980
128 256 256 15 0.075 0.981
96 288 192 14 0.062 0.986
96 288 224 16 0.066 0.985
96 288 256 13 0.059 0.985
112 288 192 12 0.070 0.977
112 288 224 10 0.072 0.979
112 288 256 9 0.070 0.983
128 288 192 18 0.069 0.982
128 288 224 19 0.072 0.982
128 288 256 11 0.071 0.981
96 320 192 19 0.068 0.983
96 320 224 18 0.076 0.980
96 320 256 12 0.068 0.981
112 320 192 19 0.074 0.982
112 320 224 18 0.072 0.978
112 320 256 18 0.071 0.982
128 320 192 15 0.059 0.982
128 320 224 19 0.075 0.982
128 320 256 12 0.079 0.981

epochs. This rapid learning is aided by the adaptive
learning rate scheduler, which reduced the learning
rate by a factor of 0.2 if the loss failed to improve for
two consecutive epochs.

From a control systems perspective, the stable gap be-
tween training and validation metrics confirms that the
adaptive fusion neck and selective Mamba head function
effectively as robust filters. These components managed
to suppress stochastic background noise and environmen-
tal disturbances, allowing the model to focus on organism-
relevant signals without succumbing to overfitting.

4.2 Hyperparameter sensitivity analysis

The performance of the PVT Fusion Mamba was evaluated
across 27 distinct configurations, systematically varying
the 16 x 16 fusion channel size C; (96, 112,128), 16 x 16
fusion channel size Co (256,288, 320), and cross resolu-
tion fusion channel size C3 (192,224, 256), to determine
the optimal balance between computational efficiency and
classification accuracy. This process is analogous to tuning
a control system to achieve maximum stability despite en-
vironmental noise. Training was performed for 9-19 epochs
until convergence, with the results as shown in Table 2.
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Based on that results, all configurations achieving re-
markably high training accuracy ranging from 99.3% to
99.9%. The training loss consistently converged to very
low values between 0.004 and 0.022, indicating effective
learning across all parameter settings. Validation perfor-
mance showed more variation, with validation accuracy
ranging from 97.7% to 98.6% and validation loss between
0.059 and 0.079.

4.2.1 Impact of 16 x 16 fusion channel size (C7)

The 16 x 16 fusion channel size parameter control the depth
of the adaptive fusion. It shows a pronounced sweet spot
at C1 = 96, where all top-performing configurations clus-
ter. Increasing C; to 112 or 128 consistently resulted in
degraded validation performance, suggesting that higher-
dimensional vision features introduce unnecessary com-
plexity that hampers generalization. This counterintuitive
finding challenges the common assumption that increased
feature dimensionality always improves performance, in-
stead highlighting the importance of feature dimension op-
timization for domain-specific applications. The optimal
C1 = 96 appears to capture sufficient visual information
while avoiding the curse of dimensionality in the marine
organism classification context.

4.2.2 TImpact of 8 x 8 fusion channel size (C5)

The 8 x 8 fusion channel size parameter determines the
granularity at which the model observes the underwater sig-
nal. It demonstrates a clear optimal point at 288, where con-
figurations consistently achieve superior validation perfor-
mance compared to both smaller (Cy = 256) and larger
(Cy = 320) values. This finding suggests that channel
size 288 provides the optimal granularity for capturing ma-
rine organism features while maintaining computational ef-
ficiency. Configurations with C'y = 320, despite achieving
the highest training accuracy (99.9%), exhibited signs of
overfitting with relatively lower validation accuracy, indi-
cating that excessively large patch sizes may lead to over-
parameterization for this specific domain.

4.2.3 TImpact of cross resolution fusion channel size
(Cs)

The cross resolution fusion channel size parameter con-
trol the depth of residual fusion between all encoders and
Mamba-based filtering. It exhibits more nuanced behavior,
with optimal performance achieved across all range of val-
ues when combined with optimal C; and C' — 2 settings.
However, C's = 192 consistently produces the most stable
results with minimal overfitting, suggesting it provides ad-
equate temporal modeling capacity without excessive com-
plexity. The relatively stable performance across different
Cj5 values indicates that temporal features, while beneficial,
are less critical than spatial feature extraction parameters
for static marine organism classification tasks.
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4.2.4 Optimal system configuration

The optimal configuration was identified as C; = 96,
Cy = 288, C3 = 192, achieving the highest validation
accuracy of 98.6% with a validation loss of 0.062 after con-
verging in 14 epochs. This configuration demonstrated su-
perior generalization capability compared to more complex
parameter settings. The second and third best performing
configurations were C; = 96, Cy = 288, C3 = 224
(98.5% validation accuracy) and C7; = 96, C; = 288,
C3 = 256 (98.5% validation accuracy), respectively. No-
tably, all top-performing configurations shared the same
value of C7 = 96 and Cy = 288, suggesting these param-
eters provide an optimal balance for the marine organism
classification task.

The training dynamics analysis reveals interesting con-
vergence patterns across configurations. Models with opti-
mal hyperparameter settings (C; = 96, Cy = 288) demon-
strate rapid convergence within 13-16 epochs, while sub-
optimal configurations require longer training periods or
fail to achieve comparable validation performance. The
consistent achievement of high training accuracy (> 99%)
across all configurations, combined with varying validation
performance, underscores the importance of regularization
and hyperparameter optimization in preventing overfitting.
Early stopping mechanisms prove essential, as several con-
figurations achieve optimal validation performance well
before 20 epochs.

Confusion Matrix

Figure 5: Confusion matrix for the best hyperparameters
scenario

The confusion matrix analysis of the best-performing
model reveals excellent classification performance across
all ten marine organism classes, as detailed in Figure 5.
The model achieved particularly strong performance on vi-
sually distinct classes such as diver (98.68% precision and
recall), turtle (99.47% precision, 98.94% recall), and corals
(97.16% recall, 92.34% precision). Classes with more sub-
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tle morphological differences, such as starfish (94.62% re-
call) and holothurian (95.22% precision and recall), showed
slightly lower but still highly competitive performance met-
rics. This per-class performance analysis demonstrates that
the proposed architecture effectively captures discrimina-
tive features for marine organism classification, with clas-
sification errors concentrated primarily among morpholog-
ically similar species pairs.

4.3 Computational efficiency and hardware
scalability

The hardware evaluation, summarized in Table 3, focused
on inference latency, throughput (FPS), and computational
density (GFLOPs). The model maintains a constant mem-
ory footprint of approximately 261.88 MB with 30.08 mil-
lion parameters, making it viable for edge deployment.

The experimental results reveal several key insights into
the architectural efficiency. First, transitioning from a
single-core baseline to a dual-core configuration yielded the
most substantial performance improvement, reducing infer-
ence latency by approximately 24% (from 190.085 ms to
144.652 ms). This suggests that the dual-encoder backbone
effectively utilizes parallel processing threads for simulta-
neous feature extraction. Second, a phenomenon of dimin-
ishing returns was observed when moving from two to three
cores, with latency decreasing by only 2.8%. This behavior
indicates that the computational gains are partially offset
by the overhead of thread management and data synchro-
nization required by the hierarchical fusion neck. Third,
peak performance was achieved using four cores, reaching
aminimum latency of 126.841 ms and a maximum through-
put of 7.884 FPS. The consistent increase in GFLOPs (from
60.60 to 90.82) demonstrates the model’s ability to leverage
additional compute density.

From an architectural standpoint, while the model is
highly efficient, the scaling is ultimately limited by hard-
ware memory bandwidth bottlenecks. However, the ability
to maintain over 5 FPS on a single core confirms that the
PVT Fusion Mamba is well-suited for low-power, real-time
underwater monitoring systems.

4.4 Comparative analysis with baseline
models

The comparative study evaluated how different architec-
tural designs handle the high-entropy noise of underwater
imagery. As shown in Figure 6, the validation loss curves
illustrate the stability and convergence speed of the pro-
posed model relative to the baselines.

4.4.1 Learning behavior analysis

The baseline models exhibited varying degrees of sensitiv-
ity to underwater image uncertainty. From the convolu-
tional baselines, EfficientNet-BO demonstrated stable loss
convergence (0.089 to 0.103) but was limited by its focus
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Table 3: Hardware performance metrics across different CPU core configurations

CPU Cores Inference Time (ms) FPS RAM Usage (MB) GFLOPs
1 190.085 5.261 966.367 60.603
2 144.652 6.913 974.438 79.638
3 140.592 7.113 966.410 81.937
4 126.841 7.884 973.605 90.820
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Figure 6: Comparative validation loss curves over 20
epochs for different models

on local features, which lacked the global context needed
for complex reef environments. Conversely, ResNet50
showed high and fluctuating loss throughout training, likely
due to exploding gradient issues in the deep residual lay-
ers. From the transformer baselines, PVT-v2-B2 provided
competitive but fluctuating loss (0.095 to 0.115), reflect-
ing the difficulty of maintaining stable global attention in
noisy underwater scenes. Meanwhile from the detection-
based baselines, YOLOv8 exhibited the highest initial loss
(0.313) and required the longest duration to suppress error,
only reaching a loss of 0.105 at the end of training.

4.4.2 Performance summary

The PVT Fusion Mamba successfully integrated the local
extraction strength of EfficientNet and the long-range de-
pendency modeling of PVT-v2. By utilizing the Mamba
block as a robust filter, the proposed model suppressed
loss by approximately 30—40% compared to single-encoder
baselines and up to 50% compared to ResNet50.

These results confirm that our dual-encoder architec-
ture acts as a more effective adaptive control system than
standard single-pathway models, providing higher accu-
racy and stability for marine organism classification.

4.5 Ablation study

The Mamba block is a critical component of the classifica-
tion head, designed to act as a robust state-space filter for
underwater feature refinement. To justify its inclusion, we

conducted an ablation study by replacing the 4-directional
Mamba head with simpler alternative structures.

We compared the proposed architecture against two ab-
lated versions:

— Global Average Pooling (GAP) Only: The Mamba
block was removed, and the final fused features
(Frinal € RY*8%8) were passed directly to a GAP
layer followed by the linear classifier.

— Standard MLP Head: The Mamba block was re-
placed with a multi-layer perceptron (MLP) to test the
impact of a static, non-sequential classification head.

— Single-Encoder Baselines: Performance was also
compared against the standalone EfficientNet-BO and
PVT-v2-B2 backbones to verify the necessity of the
dual-encoder fusion.

In this context, the fusion channel size configuration was
choosed from best performance model. As shown in Ta-
ble 4, the removal of the Mamba block led to a degradation
in classification performance, particularly in distinguishing
morphologically similar species.

The experimental results confirm that the Mamba block
serves as more than a simple feature aggregator. From a
control systems perspective, the MLP and GAP-only con-
figurations act as “static” observers that treat all incom-
ing spatial signals with equal weight. In contrast, the se-
lective state-space mechanism in the Mamba head allows
the model to adjusts the filtering parameters based on the
input noise levels, it actively forgets background interfer-
ence, such as distracting reef structures, while remember-
ing organism-relevant patterns in the latent state, also the
4-directional scanning strategy ensures the model remains
robust against unpredictable subject orientations, a feature
lacking in standard convolutional or MLP heads. The syn-
ergy between the dual-encoder fusion and the Mamba head
is what enables the model to significantly outperform its
single-encoder counterparts in both convergence speed and
final accuracy.

4.6 Error analysis and misclassification
study

The detailed misclassification analysis based on the confu-
sion matrix (Figure 5) reveals systematic patterns that pro-
vide valuable insights into both the model’s learning behav-
ior and the inherent challenges of marine organism classi-
fication. The most frequent bidirectional confusion occurs
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Table 4: Ablation results isolating the Mamba block performance gain

Architecture Configuration Val Loss Val Accuracy (%)
Dual-Encoder + GAP (No Mamba) 0.082 96.1
Dual-Encoder + MLP Head 0.080 96.5
Single Encoder (EffNet-B0O Only) 0.081 96.2
Single Encoder (PVT-v2-B2 Only) 0.095 95.7
PVT Fusion Mamba (Full) 0.062 98.6

(a) True: Turtle
Pred: Corals

(b) True: Holothurian
Pred: Echinus

(c) True: Fish
Pred: Corals

(d) True: Diver
Pred: Turtle

Figure 7: Representative misclassification samples. These errors typically occur in high-entropy scenes where the subject
shares color patterns or gross morphology with the background.

Table 5: Comparison of best validation performance across
models

Model Loss Acc (%)
ResNet50 0.101 94.7
YOLOv8 0.120 93.9
PVT-v2-B2 0.095 95.7
EfficientNet-BO  0.081 96.2
Ours 0.062 98.6

between morphologically similar organism pairs, indicat-
ing that the model has learned biologically meaningful fea-
ture representations while struggling with subtle inter-class
distinctions. Some selected misclassification samples are
shown in Figure 7.

The corals-fish confusion pattern (2 corals misclassi-
fied as fish, 4 fish misclassified as corals) represents a
particularly interesting case of ecological context interfer-
ence. This bidirectional misclassification stems from sev-
eral technical factors, which is the co-occurrence of fish and
corals in natural reef environments creates complex visual
scenes where spatial attention mechanisms may focus on
background coral structures when classifying fish, or con-
versely, incorporate fish-like color patterns present in cer-
tain coral species. The asymmetric nature of this confusion
(more fish—corals than corals—fish) suggests that coral
features are more visually dominant in mixed scenes, po-
tentially due to their larger spatial footprint and more con-
sistent appearance compared to highly mobile fish subjects.

The echinus-holothurian confusion (2 misclassifications
in each direction) highlights challenges in discriminat-

ing between marine invertebrates with similar gross mor-
phology.  Sea urchins (echinus) and sea cucumbers
(holothurian) share several confounding visual character-
istics, which is both exhibit roughly spherical to elongated
body shapes, similar size ranges, and comparable surface
textures at certain image resolutions. The bidirectional na-
ture of this confusion indicates that the model’s feature ex-
traction mechanism struggles to consistently identify dis-
criminative morphological features such as spine patterns
(echinus) versus smooth surface textures (holothurian).
This suggests that the current patch-based attention mech-
anism may be insufficiently fine-grained to capture critical
taxonomic differences at the species level.

The starfish-holothurian confusion pattern (4 starfish
misclassified as holothurian, 3 holothurian misclassified
as starfish) reveals another systematic challenge in ben-
thic organism classification. This confusion likely arises
from pose-dependent feature variation, which is starfish
photographed from certain angles or with arms folded
may present elongated profiles similar to holothurians,
while sea cucumbers in contracted states may appear more
compact and starfish-like. The slight asymmetry (more
starfish—holothurian errors) suggests that starfish features
are more variable across different poses and orientations,
making them more susceptible to misclassification when
appearing in atypical configurations.

From a technical perspective, these misclassification pat-
terns indicate several areas for architectural improvement.
The vision transformer component appears to rely heavily
on global shape and color features while potentially under-
utilizing local texture and fine-grained morphological de-
tails that are crucial for marine taxonomy. The temporal
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fusion mechanism, while effective for capturing movement
patterns in video sequences, may not be optimally config-
ured for distinguishing between organisms with similar lo-
comotion characteristics or static poses. Additionally, the
current attention mechanism may be insufficient for han-
dling the extreme pose variations and partial occlusions
common in underwater imagery.

The misclassification analysis also reveals the model’s
relative robustness to challenging imaging conditions. The
low confusion rates with visually distinct classes (turtle,
diver) demonstrate effective learning of distinctive shape
and texture patterns, while the concentrated confusion
among morphologically similar classes suggests that errors
occur primarily at biologically reasonable boundaries. This
pattern indicates that the model has successfully learned hi-
erarchical feature representations that align with marine bi-
ological taxonomy, failing primarily at fine-grained distinc-
tions that even human experts might find challenging with-
out additional contextual information or higher resolution

imagery.

5 Conclusion

This study introduced the PVT Fusion Mamba architecture,
a dual-encoder framework designed to overcome the in-
herent uncertainties of underwater imaging. By combining
EfficientNet-B0O and PVT-v2-B2 with a hierarchical fusion
neck and a Mamba-based classification head, the system
functions as an adaptive control mechanism. This design
effectively integrates multi-scale features while modeling
long-range dependencies with linear complexity, enabling
stable performance despite challenges like turbidity, blur,
and varied organism poses.

Experimental results across 27 hyperparameter config-
urations confirmed the model’s high accuracy and stabil-
ity. The optimal setting (C; = 96, Cy = 288,35 = 192)
achieved a validation accuracy of 98.6% and a validation
loss of 0.062. Comparative studies further demonstrated
that this architecture outperforms established models like
ResNet50 and YOLOVS, particularly in its ability to con-
verge quickly and maintain a high signal-to-noise ratio in
complex reef environments. Analysis of the confusion
matrix and hardware performance metrics highlighted the
model’s practical utility. While classification errors were
primarily limited to morphologically similar species, the
overall system demonstrated excellent per-class precision.
Furthermore, the model’s efficient design and scalability
across CPU cores make it well-suited for deployment in
real-world autonomous underwater vehicles (AUVs) and
ecological monitoring systems.

Future research will focus on enhancing fine-grained
recognition to better distinguish between closely related
species and further optimizing the selective memory mech-
anism for real-time video stream processing. Ultimately,
the PVT Fusion Mamba provides a balanced and robust
foundation for advancing marine biological research and
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underwater environmental monitoring.
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