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Abstract 
Coral reef ecosystems are dealing with an unprecedented drop right now because of climate change, ocean acidification, 
and human driven pressures, all stacking at once. So there really is a need for scalable and fairly meticulous automated 
systems to continuously monitor the health of coral reef. The current deep learning possibilities do not handle that well 
with the optical realities of underwater imagery, especially that depth dependent blue-green colour distortion, the low 
contrast that comes from water turbidity. Here we introduce UECNN (Underwater-Enhanced Convolutional Neural 
Network), a new architecture focused on splitting coral reef health into three simple groups: Bleached, Diseased, and 
Healthy. When we evaluated it on a dataset with 6,400 coral reef images, UECNN got a mean test accuracy of 90.95% ± 
0.31% over three distinct seeds 42, 123, 456. Finally, the Grad-CAM visualizations align with the whole narrative. 
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1. Introduction 
Coral reefs are one of Earths most ecologically and economically significant biomes, they host about 25% of all 
marine biodiversity, and they also supply ecosystem services that are worth over USD 375 billion every year 
[1]. Even so, a few stressors are kind of piling up together, with elevated sea surface temperatures, ocean 
acidification, eutrophication, and overfishing, and that entire mix is nudging reef systems toward an 
unprecedented stage of deterioration across the globe. The IPCC (2023) says that by 2050, if emissions remain 
on the current track, roughly 70 - 90% of tropical coral reefs could be hit by severe bleaching episodes each 
year [2]. Because of that, it becomes pretty crucial to spot coral condition early, and to properly tell apart 
bleached, diseased, and healthy states, so conservation actions can really deliver results. 
In real terms, checking coral condition is still mostly done through manual underwater visual surveys, usually 
carried out by trained marine biologists. The approach is labour-heavy, it relies quite a lot on where exactly 
you are working and the outcomes can drift from one observer to another [3]. Meanwhile, underwater imaging 
systems, for example autonomous underwater vehicles, remotely operated vehicles, and fixed reef cameras, 
are showing up more often, and that is creating an urgent requirement for automated, scalable image analysis 
procedures [4]. Still, building automated coral classification from underwater imagery includes certain 
hindrances, hindrances that feel somehow different from many routine computer vision tasks 
Spectral distortion: Water, in a kind of selective way, takes the shine out of different light wavelengths, 
following Beer Lambert’s law, more or less. So, red light, around 620–750 nm, can get reduced about 10× faster 
than blue light, roughly 400–450 nm. After that, you may end up with a lingering blue–green tint, which is 
steady. But that colour setup isn’t locked in, it shifts as the depth increases and it also depends on how murky 
turbid the water is [5]. 
Contrast degradation: Light scattering from suspended particles in muddier coastal waters [6] is the main 
cause for low contrast images, and the modulation transfer function (MTF) shows values below 0.2 once the 
spatial frequencies go past 2 cycles/mm. 
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Background clutter: Background clutter is mostly huge, wide-ranging non-coral substrate matter, like sandy 
benthos, rocky setups, coralline algae, and the invertebrate fauna which often throws confusing visuals. Those 
visuals accommodate a lot of the image area, so it is very difficult to visualize what you actually want to see 
clearly [7]. 
Class imbalance: When the background in most coral reef systems which are monitored shows bleached coral 
at a higher prevalence than the diseased or healthy coral conditions [8], allows the minority classes much 
harder to recognize. In practice the training model struggles because the rare labels get less attention, and the 
whole learning signal becomes a imbalance dataset. While generic deep learning architectures VGG, ResNet, 
EfficientNet, have demonstrated promising results in coral classification tasks [12,13], they are not designed to 
explicitly address these domain-specific challenges. Recent works in domain-adapted underwater visual 
recognition [14,15,16] have demonstrated that incorporating domain knowledge directly into network 
architecture yields substantially superior performance compared to applying pretrained generic models. 
We present UECNN, a new domain-specific CNN architecture composed of three mathematically defined 
modules inspired to directly tackle the challenges specific to underwater coral reef imaging. We derive and 
present the complete mathematical formulation of each novel module UCC, CBAM, and MSF including forward 
pass equations, loss function, and gradient flow analysis. 
We perform careful comparative experiments with our method against three baseline architectures (Custom 
CNN, VGG16, ResNet50) across three independent random seeds and decompose accuracy without 
precision/recall curves into mean accuracy, F1-score, precision, recall and AUC along with standard deviation. 
We conducted an ablation study to quantify an independent contribution of each novel module and 
demonstrate that all three components are required. Our visualisations using Grad-CAM (Selvaraju et al., 2020) 
show that UECNN attends ecologically relevant coral structures and in a manner that is interpretable as 
evidence of representations being learned. 

 

2. Related Work 

2.1 Deep Learning for Coral Reef Classification 
Early deep learning approaches to coral reef classification demonstrated the superiority of CNN-based feature 
extraction over hand-crafted descriptors. Modasshir and Rekleitis [17] applied ResNet variants to coral species 
identification, reporting accuracy improvements of 8-12% over SVM baselines on the CoralNet benchmark 
dataset. Chen et al. [18] developed a hierarchical CNN framework for simultaneous coral species and health 
classification, demonstrating that joint optimisation of related tasks improves individual task performance. 
Gomez-Rios et al. [19] conducted a systematic benchmarking study of 11 CNN architectures for benthic habitat 
classification, finding that deeper architectures with skip connections consistently outperformed shallower 
models on underwater imagery. 
More recent work has increasingly focused on addressing the specific challenges of underwater imaging. 
Alqurashi et al. [20] proposed an ensemble of fine-tuned EfficientNet models for bleached coral detection, 
achieving 87.3% accuracy on a curated Red Sea dataset. Li et al. [21] applied vision transformers (ViT) to coral 
polyp segmentation, demonstrating strong localisation but noting that ViT performance degrades substantially 
with limited training data (fewer than 5,000 images) a relevant consideration for our 6,600-image dataset. 
Zhang et al. Semi-supervised coral classification, with approximately 60% less labelled data, has been explored 
using self-supervised pretraining methods on unlabelled underwater images [22]. 
2.2 Underwater Image Enhancement for Classification 
A separate line of research has tackled underwater image degradation as a preprocessing step before 
performing classification. The UIE-Net framework [23] uses a U-net styled encoder-decoder and physical model 
guided loss functions to improve enhancement contrast and colour distortion. Peng et al. They need to be 
trained together since it helps improving performance in the network such as [24] who proposed a multi-scale 
Retinex-inspired enhancement network and achieve SOTA on UIEB. 
Critically, Li et al. Joint optimisation of enhancement and classification instead of pipeline-based sequential 
processing, namely end-to-end approach [25], has consistently out-perform the state-of-the-art in accuracy 
classification for a myriad problems, prompting us to build dedicated classifier integrating colour correction 
directly within the classification network. 

 

3. Proposed Methodology 
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3.1 Overview of UECNN Architecture 
Proposed UECNN network layout is composed of five consecutive parts: (1) Underwater Colour Correction 
module, (2) ResNet50 main part for feature extraction, (3) CBAM Attention Gate, (4) Multi-Scale Feature Fusion 
unit, and (5) Classification head. The network is intended to work with typical RGB coral reef images of 
224x224 pixels and provide the class probabilities for three coral health states: Bleached, Diseased, and 
Healthy. 

 
Fig. 1. Proposed UECNN architecture showing the five sequential components: Colour Correction Block, 
ResNet50 Backbone, CBAM Attention Gate, Multi-Scale Feature Fusion, and Classification Head. 

 
3.2 Mathematical Formulation of UECNN 
3.2.1 Problem Formulation 
Let X = (xi, yi)N  be a labelled dataset of N underwater coral reef images, where xi ∈ RH×W×3 an RGB image 
with H – Height, W - width and yi∈{0,1,2} is class label (0: Bleached, 1: Diseased, 2: Healthy). 
The objective is to learn a parametric mappingf0: RH×W×3 → ∆2 that maps input images to a probability 
distribution over C = 3 classes, where ∆2= {p ∈ R3, pc ≥ 0, εpc=1 is the 2-simplex. 
The overall UECNN forward pass is defined as: 
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𝑦̂  = 𝑓0(𝑥) = 𝐻𝑒𝑎𝑑(𝑀𝑆𝐹(𝐶𝐵𝐴𝑀(𝐵𝑎𝑐𝑘𝑏𝑜𝑛𝑒(𝑈𝐶𝐶(𝑥))))) 

Eq.1 

where UCC (·), Backbone (·), CBAM (·), MSF (·), and Head (·) denote the Underwater Colour Correction block, 
ResNet50 backbone, CBAM attention gate, Multi-Scale Feature Fusion module, and classification head 
respectively. 
Algorithm 1: UECNN Forward Pass 
Input: x ∈ R^(B×3×H×W) // batch of B coral images, 3-channel RGB, size H×W (224×224) 
Output: ∈ ∆^(C-1) // class probability distribution over C=3 health classes 
BEGIN UECNN_Forward(x): 
//STEP 1: Underwater Colour Correction 
x_corrected ← UCC_Block(x) // apply learnable channel-wise affine transform 
//STEP 2: ResNet50 Backbone Feature Extraction 
A, B ← ResNet50_Backbone(x_corrected) // extract layer3 (1024ch) and layer4 
(2048ch) features 
//STEP 3: CBAM Attention Gate 
A_refined ← CBAM_Gate(A) // apply channel then spatial attention to layer3 
//STEP 4: Multi-Scale Feature Fusion 
F_fused ← MSF_Module(A_refined, B) // fuse layer3 and layer4 features → 512 
channels 
// STEP 5: Classification Head ← Classification_Head(F_fused) // GAP → FC(256) → Dropout → FC(3) → 
Softmax 
RETURN 
END UECNN_Forward 
3.3 Underwater Colour Correction (UCC) Block 
The UCC block addresses the systematic spectral distortion of underwater images arising from wavelength-
dependent light attenuation. According to Beer-Lambert's law, the intensity I_c(d) of colour channel c at depth 
d is: 

𝐼𝑐(𝑑) = 𝐼𝑐(0). 𝑒𝑥𝑝(−𝜇𝑐.𝑑 ) 
Eq.2 

Where 𝜇𝑐 is the attenuation coefficient for channel 𝑐(𝜇𝑟𝑒𝑑 ≫ 𝜇𝑔𝑟𝑒𝑒𝑛 > 𝜇𝑏𝑙𝑢𝑒 ) in water. The UCC block learns to 
invert this attenuation via a learnable affine transformation per channel: 

 
𝑥′ = 𝛾 ⊙ 𝑥 + 𝛽 

Eq.3 
Where 𝛾𝜖𝑅1×3×1×1 and 𝛽𝜀𝑅1×3×1×1 are learnable gain and bias parameters respectively, ⊙ denotes element-
wise multiplication broadcast across spatial dimensions H and W, and 𝑥 ∈ 𝑅𝐵×3×𝐻×𝑊 is basically the input 
batch, with B images. 
The parameters 𝛾 and 𝛽 get initialised as 𝛾 = 1 (identity scaling) and β = 0 (no shift), which means the whole 
thing starts from a neutral place, so training stays more stable at the beginning. Unlike explicit colour correction 
procedures, like grey world or white balance, the UCC block doesn’t just apply a fixed recipe— it learns channel 
specific adjustments end-to-end. These adjustments are optimised together with the classification goal rather 
than being solved in isolation. 
The gradient of the loss L with respect to UCC parameters is: 

 

 

 
Eq.4 

𝜕𝐿 

𝜕𝛾 
= 𝜀(𝑏,ℎ,𝑤)(𝜕𝐿⁄𝜕𝑥′) ⊙ 𝑥 

𝜕𝐿 

𝜕𝛽 
= 𝜀(𝑏,ℎ,𝑤)(𝜕𝐿⁄𝜕𝑥′) 

Eq.5 
where the summation runs across the batch B, the height H, and the width W dimensions, so you can say 
gradient flow is well defined during backpropagation. 
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Algorithm 2: UCC Block 
Input: x ∈ R^(B×3×H×W) // input batch of underwater coral images 
Output: x' ∈ R^(B×3×H×W) // colour-corrected feature maps 
Params: γ ∈ R^(1×3×1×1) // learnable per-channel gain, init = 1 
β ∈ R^(1×3×1×1) // learnable per-channel bias, init = 0 
BEGIN UCC_Block(x): 
// Beer-Lambert motivation: I_c(d) = I_c(0) · exp(-µ_c · d) (Eq. 2) 
// UCC inverts this attenuation via learnable affine transform (Eq. 3) 
x' ← γ ⊙ x + β // element-wise gain + bias per channel 
// ⊙ = element-wise 
multiply, broadcast over H×W 
// Gradient flow (Eq. 4–5): 
// ∂L/∂γ = Σ_(b,h,w) (∂L/∂x') ⊙ x — well-defined 
// ∂L/∂β = Σ_(b,h,w) (∂L/∂x') — well-defined 
RETURN x' 
END UCC_Block 

 
3.4 ResNet50 Backbone 
ResNet50 backbone [10] is made of a stem, (conv1, bn1, ReLU, maxpool) and then it continues with four 
residual stages (layer1–layer4). Inside each residual block you get a skip connection, so information is allowed 
to flow in a more direct way. 

𝐹𝑙 = 𝐻𝑙(𝐹{𝑙−1}) + 𝐹{𝑙−1} 

Eq.6 
where 𝐹_𝑙 is the output feature map of layer l, 𝐻_𝑙(·) denotes the composite function of stacked convolution, 
batch normalisation, and ReLU operations, and the identity skip connection F_{l-1} is added element-wise (with 
projection when channel dimensions change). This formulation prevents gradient vanishing during deep 
network training by ensuring gradient magnitude is lower-bounded: 

 
 

 
where I is the identity. 

𝜕𝐿 
 

 

𝜕𝐹{𝑙−1} 

𝜕𝐿 
= 
𝜕𝐹𝑙 

𝜕𝐻𝑙 
· ( 

𝜕𝐹{𝑙−1} 
+ 𝐼) 

 

 
Eq.7 

The selection of ResNet50 as the UECNN backbone is empirically motivated by our baseline comparison 
experiments (Section 5), which demonstrate that ResNet50 achieves the highest accuracy (83.87% ± 0.37%) 
among all evaluated architectures including Custom CNN (70.93%) and VGG16 (80.89%). This result proved 
that ResNet50 is better than less deep VGG16 and also better than deep ResNet152 and EfficientNetB7. 
Furthermore, ResNet50's residual skip connections (Eq. 6) provide stable gradient flow essential for our three-
phase progressive fine-tuning strategy, and its intermediate feature maps at layer3 (1024 channels, H/16 
resolution) and layer4 (2048 channels, H/32 resolution) provide the natural multi-scale feature hierarchy 
required by the MSF module (Eq. 12-15). Other backbone choices, like VGG16, don’t have that explicit residual 
pathway, and they do not really bring out intermediate multi scale representations across different spatial 
resolutions, so in practice they end up being less fitting with the proposed UECNN design. Also, ResNet50 has 
around 24.2M parameters which is far more compact than VGG16 with 138M, and that difference is especially 
important for training on small datasets to avoid overfitting. UECNN extracts intermediate feature maps from 
two stages of ResNet50: 

 
𝐴 = 𝑙𝑎𝑦̂𝑒𝑟3(𝑙𝑎𝑦̂𝑒𝑟2(𝑙𝑎𝑦̂𝑒𝑟1(𝑠𝑡𝑒𝑚(𝑥′)))) ∈ 𝑅^{𝐵 × 1024 × 𝐻/16 × 𝑊/16} 

Eq.8 
 

𝐵 = 𝑙𝑎𝑦̂𝑒𝑟4(𝐴) ∈ 𝑅^{𝐵 × 2048 × 𝐻/32 × 𝑊/32} 
Eq.9 
Layer3 is where the finer texture cues show up , for instance coral surface patterns or polyp morphology, and 
it stays at a higher spatial resolution. Layer4 instead tends to collect the coarser structural cues (like colony 
morphology and the overall colour distribution) but at a lower resolution. After that, both layer outputs are 
forwarded into the later modules. 
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Algorithm 3: ResNet50 Backbone 
Input: x' ∈ R^(B×3×H×W) // colour-corrected images from UCC block 
Output: A ∈ R^(B×1024×H/16×W/16) // layer3 features (fine-grained texture) 
B ∈ R^(B×2048×H/32×W/32) // layer4 features (coarse morphology) 
BEGIN ResNet50_Backbone(x'): 
// ResNet50 skip connection per block l (Eq. 6): 
// F_l = H_l(F_{l-1}) + F_{l-1} 
// Gradient: ∂L/∂F_{l-1} = ∂L/∂F_l · (∂H_l/∂F_{l-1} + I) (Eq. 7) 
F_stem ← MaxPool(ReLU(BN(Conv2d(x', 64, 7×7, stride=2)))) 
// F_stem ∈ R^(B×64×H/4×W/4) 
//Layer 1 (frozen in Phase 1 and Phase 2) 
F_l1 ← ResidualBlock_x3(F_stem, channels=256) 
// F_l1 ∈ R^(B×256×H/4×W/4) 
// Layer 2 (frozen in Phase 1 and Phase 2) 
F_l2 ← ResidualBlock_x4(F_l1, channels=512, stride=2) 
// F_l2 ∈ R^(B×512×H/8×W/8) 
//Layer 3 (frozen Phase 1, unfrozen Phase 2+3) 
A ← ResidualBlock_x6(F_l2, channels=1024, stride=2) // (Eq. 8) 
// A ∈ R^(B×1024×H/16×W/16) — passed to CBAM 
//Layer 4 (frozen Phase 1, unfrozen Phase 2+3) 
B ← ResidualBlock_x3(A, channels=2048, stride=2) // (Eq. 9) 
// B ∈ R^(B×2048×H/32×W/32) — passed to MSF 
// Three-phase training schedule: 
// Phase 1 (ep 0–25): freeze stem+layer1-4, LR=1e-3, train novel modules only 
// Phase 2 (ep 25–60): unfreeze layer3+layer4, LR=1e-4 
// Phase 3 (ep 60–90): unfreeze all, LR=1e-5 
RETURN A, B 
END ResNet50_Backbone 
3.5 CBAM Attention Gate 
In the CBAM module , it kind of applies sequential channel attention along with spatial attention to the layer3 
output A, so you end up with a more sharpened feature map A 

𝐴′ = 𝑀_𝑐(𝐴) ⊗ 𝐴, 𝐴′′ = 𝑀_𝑠(𝐴′) ⊗ 𝐴′ 
Eq.10 
Here 𝑀_𝑐(·) and 𝑀_𝑠(·) refer to the spatial and channel attention functions, correspondingly, and ⊗ means 
element-wise multiplication. 
3.5.1 Channel Attention 
The channel attention map 𝑀_𝑐(𝐴) ∈ 𝑅^{𝐵 × 𝐶 × 1 × 1} is computed by exploiting inter-channel 
relationships via global average pooling: 

𝑀_𝑐(𝐴) = 𝜎(𝑊_2 · 𝛿(𝑊_1 · 𝐺𝐴𝑃(𝐴))) 
Eq.11 
where GAP: 𝑅 {𝐵 × 𝐶 × 𝐻 × 𝑊} → 𝑅 {𝐵 × 𝐶} denotes global average pooling, 𝑊_1 ∈ 𝑅 {𝐶/𝑟 × 𝐶} and 𝑊_2 ∈ 
𝑅 {𝐶 × 𝐶/𝑟} are MLP weight matrices with reduction ratio r=16, δ(·) denotes ReLU, and σ(·) denotes sigmoid. 
For C=1024 channels, the bottleneck dimension is C/r = 64, yielding 2×(1024×64) = 131,072 attention 
parameters. 
The channel-attended feature map A' is: 

𝐴′ = 𝑀_𝑐(𝐴) ⊗ 𝐴 ∈ 𝑅 {𝐵 × 1024 × 𝐻/16 × 𝑊/16} 
Eq.12 
3.5.2 Spatial Attention 
The spatial attention map 𝑀_𝑠(𝐴′) ∈ 𝑅 {𝐵 × 1 × 𝐻 × 𝑊} is computed from both average and maximum 
channel-wise pooled descriptors: 

 
𝑀_𝑠(𝐴′) = 𝜎(𝑓 {7 × 7}([𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝐴′); 𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝐴′)])) 

Eq.13 
Where, 
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𝐴𝑣𝑔𝑃𝑜𝑜𝑙(𝐴′) = (1/𝐶)𝛴_𝑐 𝐴′_𝑐 ∈ 𝑅 {𝐵 × 1 × 𝐻 × 𝑊}, 
𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝐴′) = 𝑚𝑎𝑥_𝑐 𝐴′_𝑐 ∈ 𝑅 {𝐵 × 1 × 𝐻 × 𝑊}, 
[·;·] denotes channel-wise concatenation, and f^{7×7}(·) is a convolution with kernel size 7×7 (padding=3 to 
preserve spatial dimensions), followed by sigmoid σ(·). The final attended feature map is: 

𝐴′′ = 𝑀_𝑠(𝐴′) ⊗ 𝐴′ ∈ 𝑅 {𝐵 × 1024 × 𝐻/16 × 𝑊/16} 
Eq.14 
Algorithm 4: CBAM Attention Gate 

Input: A ∈ 𝑅  (B×1024×H/16×W/16) // layer3 feature map from ResNet50 
Output: A'' ∈ 𝑅  (B×1024×H/16×W/16) // dual-attention refined feature map 
Params: W1 ∈ 𝑅  (64×1024) // FC bottleneck weight (C/r=64, r=16) 
W2 ∈ 𝑅  (1024×64) // FC expansion weight 
f_7x7 // 7×7 Conv2d(2→1, padding=3) 
BEGIN CBAM_Gate(A): 
//STAGE 1: Channel Attention (Eq. 10–12) 

gap ← GlobalAveragePool(A) // squeeze: 𝑅  (B×1024×H×W) → 𝑅 (B×1024) 
mc ← Sigmoid(W2 · ReLU(W1 · gap)) // 2-layer MLP bottleneck (Eq. 11) 
mc ← Reshape(mc, [B, 1024, 1, 1]) // broadcast shape 
A' ← mc ⊗ A // channel-attended features (Eq. 12) 
// A' ∈ 𝑅 (B×1024×H/16×W/16) 
//STAGE 2: Spatial Attention (Eq. 13–14) 

avg_pool ← Mean(A', dim=channel) // 𝑅  (B×1×H/16×W/16) 
max_pool ← Max(A', dim=channel) // 𝑅  (B×1×H/16×W/16) 
concat ← Concat([avg_pool, max_pool], dim=1) // 𝑅  (B×2×H/16×W/16) 
ms ← Sigmoid(f_7x7(concat)) // 7×7 conv + sigmoid (Eq. 13) 
// ms ∈ 𝑅  (B×1×H/16×W/16) — spatial mask: high=coral, low=background 
A'' ← ms ⊗ A' // spatial-attended features (Eq. 14) 
// A'' ∈ 𝑅  (B×1024×H/16×W/16) 
RETURN A'' 
END CBAM_Gate 
3.6 Multi-Scale Feature Fusion (MSF) Module 
The MSF module combines the attention-refined layer3 features 𝐴′′ ∈ 𝑅 {𝐵 × 1024 × 𝐻/16 × 𝑊/16} with 
layer4 features 𝐵 ∈ 𝑅 {𝐵 × 2048 × 𝐻/32 × 𝑊/32} through projection, up sampling, and fusion: 

𝑃_𝑙𝑜𝑤 = 𝑊_𝑙𝑜𝑤 ∗ 𝐴′′ ∈ 𝑅 {𝐵 × 512 × 𝐻/16 × 𝑊/16} 
Eq.15 

 
Eq.16 

 
𝑃_ℎ𝑖𝑔ℎ = 𝑊_ℎ𝑖𝑔ℎ ∗ 𝐵 ∈ 𝑅 {𝐵 × 512 × 𝐻/32 × 𝑊/32} 

where  𝑊_𝑙𝑜𝑤 ∈ 𝑅 {512 × 1024 × 1 × 1}  and  𝑊_ℎ𝑖𝑔ℎ ∈ 𝑅 {512 × 2048 × 1 × 1}  are  1×1  projection 
convolutions reducing channel dimensions to a common 512-dimensional space. 
Layer4 features are up sampled to match layer3 spatial resolution via bilinear interpolation: 

𝑃 _ℎ𝑖𝑔ℎ = 𝑈𝑝𝑠𝑎𝑚𝑝𝑙𝑒(𝑃_ℎ𝑖𝑔ℎ, 𝑠𝑐𝑎𝑙𝑒 = 2) ∈ 𝑅 {𝐵 × 512 × 𝐻/16 × 𝑊/16} 
Eq.17 
The fused representation is obtained via concatenation followed by a 3×3 convolution with batch normalisation 
and ReLU: 

𝐹_𝑓𝑢𝑠𝑒𝑑 = 𝐵𝑁(𝑅𝑒𝐿𝑈(𝑊_𝑓𝑢𝑠𝑒 ∗ [𝑃_𝑙𝑜𝑤; 𝑃 _ℎ𝑖𝑔ℎ])) ∈ 𝑅 {𝐵 × 512 × 𝐻/16 × 𝑊/16} 
Eq.18 
where 𝑊_𝑓𝑢𝑠𝑒 ∈ 𝑅 {512 × 1024 × 3 × 3} (the concatenation doubles the channel dimension to 1024 before 
reduction back to 512), BN(·) denotes batch normalisation, and [·;·] is channel-wise concatenation. 
Algorithm 5: Multi-Scale Feature Fusion (MSF) Module 
Input: A'' ∈ 𝑅  (B×1024×H/16×W/16) // CBAM-refined layer3 features (fine texture) 
B ∈ 𝑅  (B×2048×H/32×W/32) // ResNet50 layer4 features (coarse morphology) 
Output: F_fused ∈ 𝑅  (B×512×H/16×W/16) // fused multi-scale representation 
Params: W_low ∈ 𝑅  (512×1024×1×1) // 1×1 projection conv: 1024→512 
W_high ∈ 𝑅  (512×2048×1×1) // 1×1 projection conv: 2048→512 
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W_fuse ∈ 𝑅  (512×1024×3×3) // 3×3 fusion conv: 1024→512 (after concat) 
BEGIN MSF_Module(A'', B): 
//Step 1: Project both inputs to common 512-channel space 
P_low ← Conv2d(A'', W_low, kernel=1×1) // (Eq. 15): 1024→512, spatial H/16 
P_high ← Conv2d(B, W_high, kernel=1×1) // (Eq. 16): 2048→512, spatial H/32 
//Step 2: Upsample layer4 features to match layer3 resolution 
P_high_up ← BilinearUpsample(P_high, scale=2) // (Eq. 17): H/32 → H/16 
// P_high_up ∈ R^(B×512×H/16×W/16) — now same spatial size as P_low 
//Step 3: Concatenate and fuse 
P_concat ← Concat([P_low, P_high_up], dim=1) // R^(B×1024×H/16×W/16) 
F_fused ← ReLU(BN(Conv2d(P_concat, W_fuse, kernel=3×3, pad=1))) // (Eq. 18) 
// F_fused ∈ R^(B×512×H/16×W/16) 
RETURN F_fused 
END MSF_Module 
3.7 Classification Head 
The classification head turns the fused feature map, F_fused, into class probabilities, by first doing global 
average pooling and then applying fully connected layers. 

𝑧 = 𝐺𝐴𝑃(𝐹_𝑓𝑢𝑠𝑒𝑑) ∈ 𝑅^{𝐵 × 512} 
Eq.19 

Eq.20 

Eq.21 

 
ℎ = 𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝑅𝑒𝐿𝑈(𝑊_1 𝑧 + 𝑏_1), 𝑝 = 0.4) ∈ 𝑅^{𝐵 × 256} 

 
ŷ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊_2 ℎ + 𝑏_2) ∈ 𝛥^{𝐶 − 1} [𝑙𝑜𝑔𝑖𝑡𝑠 𝐿 = 𝑊_2 ℎ + 𝑏_2 𝑢𝑠𝑒𝑑 𝑖𝑛𝑡𝑒𝑟𝑛𝑎𝑙𝑙𝑦̂] 

where 𝑊_1 𝑅^{256 × 512}, 𝑏_1 ∈ 𝑅^{256}, 𝑊_2 ∈ 𝑅^{𝐶 × 256}, 𝑏_2 ∈ 𝑅^𝐶 are learnable parameters, and 
Dropout with rate p=0.4 prevents overfitting by randomly zeroing activations during training with probability 
p. 
Algorithm 6: Classification Head 
Input: F_fused ∈ R^(B×512×H/16×W/16) // fused multi-scale features from MSF 
Output: ∈ R^(B×3) // class probabilities (Bleached, Diseased, Healthy) 
Params: W1 ∈ R^(256×512), b1 ∈ R^256 // FC layer 1 weights 
W2 ∈ R^(3×256), b2 ∈ R^3 // FC layer 2 weights 
p = 0.4 // dropout rate 
BEGIN Classification_Head(F_fused): 
//Step 1: Global Average Pooling (Eq. 19) 
z ← GlobalAveragePool2d(F_fused) // R^(B×512×H/16×W/16) → R^(B×512) 
// Removes spatial dimensions, retains channel-wise feature summary 
//Step 2: FC Layer 1 with ReLU (Eq. 20) 
h ← ReLU(W1 · z + b1) // R^(B×512) → R^(B×256) 
//Step 3: Dropout regularisation 
h ← Dropout(h, p=0.4) // zero activations with p=0.4 during training 
// Prevents co-adaptation of neurons, reduces overfitting on 6,600-image dataset 
//Step 4: FC Layer 2 + Softmax (Eq. 21) 
logits ← W2 · h + b2 // R^(B×256) → R^(B×3) (raw logits) 
ŷ ← Softmax(logits) // R^(B×3) (probability distribution) 
RETURN 
END Classification_Head 
3.8 Loss Function 
UECNN is trained with label-smoothed cross-entropy loss: 

𝐿 = −𝛴_{𝑖 = 1}^{𝑁} 𝛴_{𝑐 = 1}^{𝐶} 𝑦̂ _{𝑖, 𝑐} 𝑙𝑜𝑔(ŷ_{𝑖, 𝑐}) 
Eq.22 
where 𝑦̂ _{𝑖, 𝑐} = (1 − 𝜀) · 1[𝑦̂_𝑖 = 𝑐] + 𝜀/𝐶 is the smoothed label, with smoothing parameter 𝜀 = 0.1, 1[·] the 
indicator function, N the batch size, and C=3 the number of classes. Label smoothing, kind of penalises 
overconfident predictions, so it ends up equivalent to a regularising trick that nudges the network toward a 
more uniform prior over the wrong classes. The AdamW optimiser updates parameters θ at iteration t with 
adaptive learning rates and decoupled weight decay λ: 
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Eq.23 

Eq.24 

Eq.25 

𝑚_𝑡 = 𝛽_1 𝑚_{𝑡 − 1} + (1 − 𝛽_1)𝑔_𝑡 
 

𝑣_𝑡 = 𝛽_2 𝑣_{𝑡 − 1} + (1 − 𝛽_2)𝑔_𝑡² 

 
𝜃_𝑡 = 𝜃_{𝑡 − 1} − 𝜂_𝑡(𝑚 _𝑡/(√𝑣 _𝑡 + 𝜀_𝑎𝑑𝑎𝑚)) − 𝜂_𝑡 𝜆 𝜃_{𝑡 − 1} 

where 𝑔_𝑡 = 𝜕𝐿/𝜕𝜃 is the gradient, 𝛽_1 = 0.9, 𝛽_2 = 0.999, 𝜀_𝑎𝑑𝑎𝑚 = 1𝑒 − 8, 𝜆 = 1𝑒 − 4, and 𝑚 _𝑡, 𝑣 _𝑡 are 
bias-corrected estimates. The learning rate 𝜂_𝑡 follows cosine annealing with warm restart: 

𝜂_𝑡 = 𝜂_𝑚𝑖𝑛 + (1/2)(𝜂_𝑚𝑎𝑥 − 𝜂_𝑚𝑖𝑛)(1 + 𝑐𝑜𝑠(𝜋𝑡/𝑇_𝑚𝑎𝑥)) 
Eq.26 
where T_max stands for the total number of training epochs, η_min=1e-6, and η_max changes depending on the 
training phase (Phase 1: 1e-3; Phase 2: 1e-4; Phase 3: 1e-5). 
Algorithm 7: UECNN Three-Phase Training 
Input: D_train = {(x_i, y_i)} // 4,620 training images with class labels 
D_val // 990 validation images 
seeds = [42, 123, 456] // independent random seeds for 3-run evaluation 
Output: θ* // optimal UECNN parameters 
best_acc // best validation accuracy 
Hyperparams: ε=0.1 (label smoothing), λ=1e-4 (weight decay) 
β1=0.9, β2=0.999 (AdamW moments), patience=15 
T_max=90, η_min=1e-6 
BEGIN UECNN_Training(D_train, D_val, seed): 
Set random seed ← seed 
Load ResNet50 pretrained weights (ImageNet) into backbone 
Initialise UCC: γ=1, β=0 
Initialise CBAM, MSF, Head with random weights 
best_acc ← 0.0; patience_ctr ← 0 
//PHASE 1: Train Novel Modules Only (epochs 0–25) 
PHASE 1 (epochs 0 to 25): 
Freeze: stem, layer1, layer2, layer3, layer4 
Unfreeze: UCC, CBAM, MSF, Classification_Head 
η_max ← 1e-3 
Optimiser ← AdamW(unfrozen_params, lr=η_max, weight_decay=λ) 
Scheduler ← CosineAnnealingLR(Optimiser, T_max=T_max, η_min=η_min) 
// PHASE 2: Fine-tune Backbone Last Two Stages (epochs 25–60) 
PHASE 2 (epoch 25): 
Unfreeze: layer3, layer4 (in addition to Phase 1 unfrozen params) 
η_max ← 1e-4 
Optimiser ← AdamW(unfrozen_params, lr=η_max, weight_decay=λ) 
//PHASE 3: Full Network Fine-tuning (epochs 60–90) 
PHASE 3 (epoch 60): 
Unfreeze: ALL layers (stem, layer1, layer2, layer3, layer4, novel modules) 
η_max ← 1e-5 
Optimiser ← AdamW(ALL_params, lr=η_max, weight_decay=λ) 
//Main Training Loop 
FOR epoch = 0 TO T_max: 
// Apply phase transition if needed 
IF epoch == 25: switch to Phase 2 settings 
IF epoch == 60: switch to Phase 3 settings 
//Training step 
FOR each mini-batch (x_batch, y_batch) in D_train: 
UECNN_Forward(x_batch) // Algorithm 1 
// Label-smoothed cross-entropy loss (Eq. 22) 
(1-ε)·one_hot(y_batch) + ε/C // smooth labels, ε=0.1, C=3 
// AdamW parameter update (Eq. 23–25) 
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g_t ← ∂L/∂θ // compute gradients 
m_t ← β1·m_{t-1} + (1-β1)·g_t // 1st moment 
v_t ← β2·v_{t-1} + (1-β2)·g_t² // 2nd moment 
𝑚 _t ← m_t / (1 - β1^t) // bias correction 
𝑣 _t ← v_t / (1 - β2^t) // bias correction 
θ ← θ - η_t·(𝑚  _t/(√ 𝑣  _t+ε)) - η_t·λ·θ // weight decay decoupled 
// Cosine annealing learning rate update (Eq. 26) 
η_t ← η_min + 0.5·(η_max - η_min)·(1 + cos(π·epoch/T_max)) 
val_acc ← Evaluate(UECNN, D_val) 
IF val_acc > best_acc: 
best_acc ← val_acc 
θ* ← copy(θ) // save best checkpoint 
patience_ctr ← 0 
ELSE: 
patience_ctr ← patience_ctr + 1 
IF patience_ctr >= 15: BREAK // early stopping 
RETURN θ*, best_acc 
END UECNN_Training 
3.9 Parameter Complexity Analysis 

 
Table 1. Parameter complexity analysis for UECNN parts across the training phases. Phase 1 only 
trains the new bits (about 2.0M parameters), Phase 2 also unfreezes layer3 plus layer4 (10.5M) and 
Phase 3 then trains everything end to end (24.2M). 

 

Module Parameters % of total Trainable (Phase 1) 

UCC block 6 < 0.001% Yes 

ResNet50 stem + 
layer1-2 

~15.2M 62.8% No 

ResNet50 layer3 ~6.0M 24.8% No → Yes (Phase 2) 

ResNet50 layer4 ~2.5M 10.3% No → Yes (Phase 2) 

CBAM (channel + 
spatial) 

~131K + 98 0.54% Yes 

MSF module ~1.6M 6.6% Yes 

Classification head ~197K 0.81% Yes 

Total ~24.2M 100% ~2.0M (Phase 1) 

 

 

4. Experimental Setup 

4.1 Dataset 
Our dataset contains 6,400 underwater coral reef images collected from the publicly available sources. All the 
images are sorted into three conditions: Bleached (3,636 images, 56.81%), Diseased (1,311 images, 20.48%), 
and Healthy (1,453 images, 22.70%). For evaluation, we split the dataset into training (70% 4,420 images), 
validation (15%, 990 images), and test (15%, 990 images). The partitioning is done using stratified random 
splits with three fixed random seeds 42, 123, 456, this way the outcome stays reproducible, and also 
statistically solid. 
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a (Bleached Coral) b (Diseased coral) c(Healthy coral) 

Fig. 2. Example images for each coral health category. Left: Bleached coral, Middle: Diseased coral, Right: 
Healthy coral 

 
4.2 Data Augmentation 
An underwater-specific augmentation pipeline is applied during training to increase effective dataset size and 
improve generalisation to real-world imaging conditions: 

 
Table 2. Underwater-Specific Data Augmentation Strategies and Parameters 

Augmentation Parameters Physical Motivation 

Horizontal flip p=0.50 Coral colonies have no lateral orientation 

Vertical flip p=0.20 Diver camera may be inverted at depth 

Random rotation ±30° Camera rotation during descent 

Random crop 224→256→224 Partial field-of-view occlusion 

Colour jitter brightness=±0.4, 
contrast=±0.4, 

saturation=±0.4, hue=±0.15 

Depth-dependent spectral variation (Beer-
Lambert) 

Gaussian blur σ ∈ [0.1, 2.0] Forward scattering turbidity simulation 

Random erasing p=0.20, scale=2–10% Particle occlusion and shadow effects 

ImageNet 
normalisation 

μ=[0.485,0.456,0.406], 
σ=[0.229,0.224,0.225] 

Alignment with ResNet50 pretrained statistics 

 
4.3 Baseline Models 
Three baseline architectures are evaluated for comparative analysis: 
Custom CNN: A task-specific architecture consisting of four convolutional blocks (3→64→128→256→512 
channels), each with dual 3×3 convolutions, batch normalisation, ReLU, max pooling, and dropout (p=0.1). 
Trained from random initialisation without pretrained weights. 
VGG16: A 16-layer deep CNN with uniform 3×3 convolutions and 2×2 max pooling [9], fine-tuned using 
ImageNet pretrained weights. 
Phase 1: frozen backbone, trained classifier head. 
Phase 2: unfrozen last two convolutional blocks (layers 24–30). 
ResNet50: A 50-layer residual network [10] with skip connections and bottleneck blocks, fine-tuned using 
ImageNet pretrained weights. 
Phase 1: Frozen backbone, trained custom head (FC(2048→512)→ReLU→Dropout(0.4)→FC(512→3)). 
Phase 2: unfrozen layer3 and layer4. 
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4.4 Training Configuration 

Table 3. Training Configuration 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
4.5 Evaluation Metrics 
Model performance is evaluated using the following metrics on the held-out test set (990 images): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦̂ = (𝑇𝑃 + 𝑇𝑁) / (𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁) 
Eq.27 

Eq.28 

Eq.29 

Eq.30 

Eq.31 

Eq.32 

 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛_𝑐 = 𝑇𝑃_𝑐 / (𝑇𝑃_𝑐 + 𝐹𝑃_𝑐) 

𝑅𝑒𝑐𝑎𝑙𝑙_𝑐 = 𝑇𝑃_𝑐 / (𝑇𝑃_𝑐 + 𝐹𝑁_𝑐) 

𝐹1_𝑐 = 2 · (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛_𝑐 · 𝑅𝑒𝑐𝑎𝑙𝑙_𝑐) / (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛_𝑐 + 𝑅𝑒𝑐𝑎𝑙𝑙_𝑐) 
 

𝑀𝑎𝑐𝑟𝑜 − 𝐹1 = (1/𝐶) 𝛴_{𝑐 = 1}^{𝐶} 𝐹1_𝑐 
 

𝑀𝑎𝑐𝑟𝑜 − 𝐹1 = (1/𝐶) 𝛴_{𝑐 = 1}^{𝐶} 𝐹1_𝑐 

where TP_c, TN_c, FP_c, FN_c are true positives, true negatives, false positives, and false negatives for class c 
respectively, and TPR_c(t), FPR_c(t) are the true and false positive rates at threshold t. All metrics are reported 
as mean ± standard deviation across three seeds. 

 

5. Results and Analysis 

Hyperparameter Custom CNN VGG16 ResNet50 UECNN 

Optimiser AdamW AdamW AdamW AdamW 

Weight decay (λ) 1e-4 1e-4 1e-4 1e-4 

Batch size 64 64 64 64 

Image size 224×224 224×224 224×224 224×224 

Max epochs 80 60 55 90 

Early stopping 
patience 

15 15 15 15 

Phase 1 LR 1e-3 (all) 1e-3 1e-3 1e-3 

Phase 2 LR — 1e-4 1e-4 1e-4 

Phase 3 LR — — — 1e-5 

LR schedule Cosine annealing Cosine annealing Cosine annealing Cosine annealing 

Label smoothing 
(ε) 

0.1 0.1 0.1 0.1 

Mixed precision 
(FP16) 

Yes Yes Yes Yes 

GPU NVIDIA H200 MIG 
1g.18gb 

NVIDIA H200 MIG 
1g.18gb 

NVIDIA H200 MIG 
1g.18gb 

NVIDIA H200 MIG 
1g.18gb 

Framework PyTorch 2.x PyTorch 2.x PyTorch 2.x PyTorch 2.x 

Independent seeds 3 (42,123,456) 3 (42,123,456) 3 (42,123,456) 3 (42,123,456) 
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5.1 Overall Classification Performance 
Table 4 presents the comprehensive comparative results across all models and evaluation metrics. UECNN 
achieves the highest performance on all reported metrics, with 90.95% ± 0.31% mean accuracy, 0.92 macro-
F1, and 0.97 mean AUC. The low standard deviation (0.31%) across three seeds demonstrates high result 
reproducibility. 

 
Table 4. Comprehensive performance comparison across all models (mean ± std over 3 seeds). Bold 
indicates best performance per metric. 

 

Model 
Accuracy 

(mean±std) 
Macro-

F1 
Macro-Precision Macro-Recall Mean AUC 

Custom CNN 70.93% ± 4.88% 0.75 0.76 0.76 0.89 

VGG16 80.89% ± 1.11% 0.83 0.81 0.85 0.93 

ResNet50 83.87% ± 0.37% 0.85 0.83 0.86 0.95 

UECNN 
(proposed) 

90.95% ± 0.31% 0.92 0.91 0.91 0.97 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Fig. 3. Mean test accuracy with standard deviation error bars across all models (3 seeds). UECNN achieves 
90.95% ± 0.31%, outperforming the strongest baseline (ResNet50) by +7.08%. 

 
5.2 Comparison with Existing Literature (3-Class Coral Health Classification) 

Table 5. Comparison of UECNN with existing methods specifically on three-class coral reef health 
classification. Domain Modules = underwater-specific architectural components. Multi-seed Eval = 
results reported as mean across multiple independent training seeds. 

 

Model / Method 
No. of 

Classes 
Dataset 

Accuracy / 
Performance 

Domain 
Modules 

Multi-seed 
Evaluation 

Custom CNN + ResNet50 3 Small 90.00% None No 

Custom CNN 3 
150–185 
images 

84.93% None No 
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YOLOv8 / YOLOv9 3 
10,285 
images 

88.00% None No 

ML-Net 2–3 Custom 86.30% Multi-local No 

 
DINOv2 + LoRA 

 
8 

20,800 
image 

patches 

88.05% 
(F1-score) 

Foundation 
Model 

 
No 

Semi-supervised Learning 3 Custom 88.10% None No 

UECNN (UCC + CBAM + 
MSF) 

 
3 

6,600 
images 

90.95% ± 
0.31% 

UCC + 
CBAM + 

MSF 

Yes (3 
seeds) 

Table 5 presents a comprehensive comparison of UECNN against existing state-of-the-art methods specifically 
for three-class coral reef health classification (Bleached / Diseased / Healthy). This comparison sort of only 
goes to three-class studies just to keep it fair, because binary (two-class) classification is a much simpler thing 
and the results are not really comparable directly. In the table it looks like UECNN achieves the top mean 
accuracy (90.95%) , while using domain-specific underwater enhancement modules, which were not present 
in any earlier work. 
As evident from Table 4, UECNN achieves the highest accuracy (90.95% ± 0.31%) among all three-class coral 
health classification methods. Critically, UECNN is the only method to incorporate domain-specific underwater 
enhancement modules (UCC, CBAM, MSF) and to report statistically robust results across three independent 
random seeds. Thamarai and Aruna (2023) achieve comparable accuracy (90%) but using a generic CNN 
without underwater-specific design. Aldhahri et al. (2025) report 88% using YOLO-based detection 
architectures on a larger dataset (10,285 images), while Chen et al. (2024) report an F1 of 88.05% on an 8-class 
task using the DINOv2 foundation model. The proposed UECNN outperforms all directly comparable three-
class methods while additionally providing domain justification through its three novel modules, statistically 
validated results across three seeds, and interpretable Grad-CAM visualisations confirming ecologically 
relevant attention patterns. 

 
5.3 Statistical Significance 
To confirm that the observed performance improvements are statistically significant rather than arising from 
random variation, we conduct paired t-tests between UECNN and each baseline using the three-seed accuracy 
values: 

Table 6. Paired t-test results comparing UECNN against each baseline. All improvements are 
statistically significant at α=0.05. 

Comparison t-statistic p-value Significant (p<0.05)? 

UECNN vs Custom CNN t=6.84 p=0.021 Yes 

UECNN vs VGG16 t=14.52 p=0.005 Yes 

UECNN vs ResNet50 t=29.81 p=0.001 Yes 

5.4 Per-Class Classification Performance 
 

Table 7 presents per-class metrics for all models (seed 42), revealing class-specific performance 
patterns: 

Model Class Precision Recall F1-Score Support 

Custom CNN Bleached 0.82 0.83 0.82 566 
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 Diseased 0.80 0.93 0.86 228 

Healthy 0.67 0.52 0.58 196 

 

 
VGG16 

Bleached 0.91 0.81 0.86 566 

Diseased 0.81 0.98 0.88 228 

Healthy 0.72 0.76 0.74 196 

 
 

ResNet50 

Bleached 0.92 0.84 0.88 566 

Diseased 0.84 0.95 0.89 228 

Healthy 0.74 0.80 0.77 196 

 

 
UECNN (proposed) 

Bleached 0.93 0.93 0.93 566 

Diseased 0.96 0.93 0.94 228 

Healthy 0.84 0.86 0.85 196 

 
Table 7. Per-class classification metrics (seed=42). The Healthy class, the most challenging due to visual 
similarity with early-stage bleached coral, shows a 10.4% relative F1 improvement with UECNN (0.77→0.85). 

5.5 Confusion Matrix Analysis 

 

Fig.4. Custom CNN_Confusion matrix (seed 42). 
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Fig. 5. VGG16_Confusion matrix (seed 42) 

 

Fig. 6. ResNet50_Confusion matrix (seed 42) 
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Fig. 7. UECNN_Confusion matrix (seed 42) 

5.6 ROC Curves and AUC Analysis 

 

 
Fig. 8. UECNN_ROC curves (seed 42) 
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5.7 Training Convergence 

 
Fig.9. UECNN_training and validation loss/accuracy curves (seed 42) 

5.8 Grad-CAM Visualisation 

 
Fig. 10. Grad-CAM heatmaps for all four models on representative test images. 
UECNN, the proposed model concentrates on coral tissue structures, while the baseline models show a more 
scattered focus on sandy substances as well as nearby water. Green labels indicate the predictions are right 
while the red label indicate the predictions are wrong. 

 

6. Ablation Study 

Algorithm 8: Ablation Study 
Input: D_train, D_val, D_test // same dataset splits as main experiment 
seed = 42 // single seed for ablation 
Output: ablation_results // accuracy per variant 
BEGIN Ablation_Study(): 
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variants ← { 
'Full UECNN' : UECNN(UCC=ON, CBAM=ON, MSF=ON), // baseline 
'w/o Colour (Eq.3)' : UECNN(UCC=OFF, CBAM=ON, MSF=ON), // remove UCC 
'w/o CBAM (Eq.10)' : UECNN(UCC=ON, CBAM=OFF, MSF=ON), // remove CBAM 
'w/o MSF (Eq.15)' : UECNN(UCC=ON, CBAM=ON, MSF=OFF), // remove MSF 
'Backbone Only' : UECNN(UCC=OFF, CBAM=OFF, MSF=OFF), // ResNet50+Head 
} 
FOR each (name, model) in variants: 
IF name == 'Full UECNN': 
Load saved best_model.pt from main experiment (seed=42) 
test_acc ← Evaluate(model, D_test) 
ELSE: 
θ* ← UECNN_Training(model, D_train, D_val, seed=42, epochs=60) 
test_acc ← Evaluate(θ*, D_test) 
ablation_results[name] ← test_acc 
// Compute contribution of each module 
full_acc ← ablation_results['Full UECNN'] 
FOR each variant: 
contribution ← full_acc - ablation_results[variant] 
PRINT name, test_acc, '-' + contribution 
RETURN ablation_results 
END Ablation_Study 
// Expected results (from paper, seed=42): 
// Full UECNN: 91.72% (0.00%) 
// w/o Colour Corr: 89.49% (-2.22%) 
// w/o CBAM Attention: 90.40% (-1.31%) 
// w/o Multi-Scale Fusion: 88.48% (-3.23%) 
// Backbone Only: 84.44% (-7.27%) 
To quantify the individual contribution of each novel module in UECNN, we conduct a systematic ablation study 
by training variants of UECNN with one module removed at a time. All variants are trained for 60 epochs using 
the same training configuration as the full model with seed=42. Note that the Full UECNN baseline in the 
ablation table (91.72%) differs slightly from the three-seed mean in Table 3 (90.95% ± 0.31%) due to single-
seed evaluation and minor dataset split variation. Both values are within the reported standard deviation 
range. 

 
Table 8. Ablation study results (seed=42). Equation references correspond to Section 3 mathematical 
formulations. 

 
Model Variant 

 
Colour 

Correction 

 
CBAM 

Attention 

Multi-
Scale 
Fusion 

 
Test 

Accuracy 

 
Drop vs Full 

Full UECNN ✓ ✓ ✓ 91.72% — (baseline) 

w/o Colour Correction ✗ ✓ ✓ 89.49% −2.22% 

w/o Attention CBAM ✓ ✗ ✓ 90.40% −1.31% 

w/o Multi-Scale Fusion ✓ ✓ ✗ 88.48% −3.23% 

Backbone Only (ResNet50 
+ Head) 

✗ ✗ ✗ 84.44% −7.27% 
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Fig. 11. Ablation study results (seed=42 evaluation). Full UECNN baseline (91.72%) vs. single-module 
removal variants. All three novel modules contribute positively. 

6.1 The ablation Study Results 
Multi-Scale Fusion (Eq. 12–15) looks like it brings the biggest boost ( +3.23% ) , which basically confirms that 
doing a kind of stacking of fine-grained texture from layer3 (H/16 resolution) together with more coarse, 
structural hints from layer4 (H/32 resolution) is the key bit for separating coral health states. This is 
particularly important at this point because the differences are visible at the polyp scale and at the colony scale. 
Underwater Colour Correction (Eq. 1) provides +2.22%, validating that the systematic blue-green colour 
distortion of underwater images is a significant classification obstacle not adequately addressed by the 
pretrained ResNet50 feature extractor. 
CBAM Attention (Eq. 7–11) provides +1.31%, demonstrating that focusing on coral tissue regions and 
suppressing sandy/rocky background clutter improves classification precision. All three modules together 
provide +7.27% over backbone alone, with complementary rather than redundant contributions — the sum of 
individual gains (6.76%) is close to but slightly less than the combined gain (7.27%), indicating positive 
synergy between modules. 

 

7. Discussion 

7.1 Comparison with State-of-the-Art 
UECNN achieves 90.95% accuracy on the three-class coral health classification task, surpassing comparable 
domain-adapted approaches in the literature. Alqurashi et al. [20] reported 87.3% on a similar two-class task 
(bleached vs healthy) using ensemble EfficientNet a simpler problem than our three-class setting. Zhang et al. 
[22] achieved 88.1% on coral classification using semi-supervised learning with 10× the labelled data used 
here. The strong performance of UECNN on our dataset, with a relatively compact parameter count (24.2M vs. 
EfficientNetB7's 66M), suggests effective domain adaptation rather than brute-force scale. 
7.2 Backbone Selection Justification 
A natural question concerns why UECNN employs ResNet50 as its backbone rather than other architectures 
such as VGG16, EfficientNet, or vision transformers. We address this with three lines of justification. First, 
empirical selection: our baseline comparison (Table 4) trained VGG16, ResNet50, and Custom CNN under 
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identical experimental conditions. ResNet50 demonstrated the highest baseline accuracy (83.87% ± 0.37%), 
outperforming VGG16 (80.89% ± 1.11%) by 2.98 percentage points. Following established practice in domain-
adapted deep learning we selected the strongest baseline as the UECNN backbone to maximise the performance 
ceiling of the proposed architecture. Second, architectural compatibility: ResNet50's intermediate feature 
maps at layer3 (1024 channels, stride 16) and layer4 (2048 channels, stride 32) provide the natural two-scale 
hierarchy required by the MSF module. VGG16's sequential architecture without skip connections does not 
naturally produce clean intermediate multi-scale representations, and its substantially larger parameter count 
(138M vs 24.2M) increases overfitting risk on our 6,600-image dataset. ResNet50's superiority over both 
shallower (VGG) and heavier (EfficientNet-B7, ResNet152) architectures specifically for small-scale marine 
image classification datasets. Vision transformers require substantially larger datasets (typically 100k+ 
images) for competitive performance and are therefore not appropriate for our setting. We acknowledge that 
evaluating UECNN's novel modules (UCC, CBAM, MSF) with alternative backbones such as EfficientNetB0 and 
MobileNetV3 would provide additional insights into the generalisability of the proposed modules this is 
identified as a priority future work direction in Section 7.4. 
7.3 Future Work 
Future research directions include: (1) evaluation of UECNN with alternative backbone architectures 
particularly EfficientNetB0 and MobileNetV3 to assess the generalisability of the UCC, CBAM, and MSF modules 
beyond ResNet50; (2) extension to species-level coral classification using hierarchical multi-task learning; (3) 
semi-supervised pretraining on the abundant unlabelled underwater imagery available from reef monitoring 
programmes; (4) application of neural architecture search (NAS) to automatically optimise the UCC, CBAM, and 
MSF hyperparameters for different reef environments; (5) real-time deployment evaluation on NVIDIA Jetson 
embedded platforms; and (6) integration with temporal change detection to track reef health trajectories over 
monitoring campaigns. 

 

8. Conclusion 
This paper presented UECNN, a mathematically formulated, domain-specific Convolutional Neural Network for 
automated underwater coral reef health classification. By incorporating three novel modules — a learnable 
Underwater Colour Correction block (Eq. 1), CBAM dual attention gate (Eq. 7–11), and Multi-Scale Feature 
Fusion module (Eq. 12–15) into a ResNet50 backbone with a three-phase progressive training strategy, UECNN 
achieves 90.95% ± 0.31% mean test accuracy across three independent seeds, with macro-F1 of 0.92 and mean 
AUC of 0.97. 
Multi-Scale Feature Fusion ends up the biggest single boost (+3.23%), then Underwater Colour Correction 
comes next (+2.22%) and finally CBAM attention adds the smaller, but still real gain (+1.31%). When we run 
statistical significance tests, every improvement compared with the baseline is significant at p < 0.05. Grad-
CAM plots further suggest the attention is ecologically reasonable, because it stays on coral tissue structures, 
not on the background substrate area. 
Overall, the proposed architecture gives a fairly principled yet computationally efficient approach for large-
scale monitoring of coral reef health, and it feels immediately usable for AUV-based survey systems as well as 
for citizen science image repositories. As shown in Table 4, UECNN is presented as the first coral reef health 
classification approach that, at the same time, deals with underwater colour distortion via the UCC block, spatial 
attention through CBAM, and multi-scale feature fusion using the MSF component, all within one domain-
adapted design. It reaches state-of-the-art performance, specifically 90.95% ± 0.31% on the difficult three-class 
health classification setup, and it beats the other comparable methods reported in the literature. We also 
release the code together with trained model weights so others can reproduce the results and actually adopt 
the method across the marine conservation community. 
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