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Abstract: Accurate segmentation of shipwreck targets in sonar imagery is important for underwater archae-
ology, marine monitoring, and search operations, but the task remains difficult because labeled sonar masks 
are scarce and full adaptation of transformer models can be computationally expensive. This study evaluates 
whether parameter-efficient fine-tuning can provide a practical alternative for binary sonar shipwreck seg-
mentation. Using SegFormer-B0 initialized from a pretrained checkpoint, three adaptation strategies were 
compared under a consistent protocol: full fine-tuning of all model parameters (FullFT), training only the 
segmentation head (Head-only), and LoRA-based adaptation of selected linear layers together with head 
training (LoRA-A+Head). Models were selected by the best validation epoch and evaluated on a held-out 
test set. Across three random seeds, FullFT achieved the best performance, with a Dice score of 0.614 ± 0.008 
and IoU of 0.487 ± 0.007. LoRA-A+Head achieved a Dice score of 0.546 ± 0.010 and IoU of 0.401 ± 0.008 while 
updating only 1.57% of the parameters, whereas Head-only reached 0.494 ± 0.010 Dice and 0.354 ± 0.008 IoU. 
These results show a clear accuracy efficiency trade off, full fine-tuning gives the highest accuracy, whereas 
LoRA-A+Head offers a practical option when reducing the number of updated parameters is important. The 
findings support the use of parameter-efficient adaptation for sonar segmentation in compute-limited set-
tings. 

Keywords: Parameter-efficient fine-tuning; Sonar shipwreck segmentation; SegFormer-B0; LoRA; Model  
efficiency; Dice; IoU; Training efficiency; Segmentation accuracy. 
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1. Introduction 
Sonar shipwreck segmentation is an important task in 

marine exploration, Deep Sea rescue operations, underwa-
ter archaeology, and ocean monitoring, where identifying 
submerged wreck structures helps researchers analyze 
maritime history and underwater environments. The task 
focuses on generating pixel level segmentation masks that 
accurately separate shipwreck objects from the surround-
ing seabed and underwater terrain. 

Sonar imagery is difficult to analyze because it often 
contains noise, shadow effects, irregular textures, and low 

contrast between objects and background. These factors 
make segmentation a challenging computer vision prob-
lem compared to natural image segmentation tasks [1], [2]. 
In addition, high-quality labeled datasets are limited be-
cause creating ground-truth segmentation masks for sonar 
images requires expert knowledge and extensive manual 
annotation effort [3]. Data collection is also expensive and 
hazardous due to severe weather conditions, heavy 
storms, and near-zero visibility at depth. Due to these lim-
itations, segmentation models must be able to perform 
well even when training data is relatively small or imbal-
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anced. Deep learning techniques have significantly im-
proved image segmentation performance in many do-
mains, including medical imaging, satellite imagery, and 
underwater analysis. 

In recent years, transformer-based architectures have 
become highly effective for semantic segmentation be-
cause they capture global context and long-range depend-
encies within images [4]. One notable architecture is Seg-
Former, which combines hierarchical feature extraction 
with transformer-based attention mechanisms to produce 
accurate segmentation results with efficient computation 
[5]. Several studies have demonstrated that transformer-
based models outperform many traditional convolutional 
neural network (CNN) approaches in complex segmenta-
tion tasks, including maritime and sonar imaging applica-
tions [5]. Despite these advantages, adapting these models 
to specialized tasks such as shipwreck segmentation can 
still be computationally demanding. A key limitation of 
full fine-tuning is that it requires updating all model pa-
rameters, a process commonly referred to as Full Fine-
Tuning (FullFT).  

While FullFT often provides the best performance, it 
requires significant computational resources, including 
GPU memory, training time, and energy consumption [6], 
[7]. This challenge is further compounded when working 
with large transformer models containing millions of pa-
rameters that must be updated during training. Research 
has shown that the cost of training and adapting such 
models can limit their use in smaller research environ-
ments or projects with restricted hardware resources [8]. 
Consequently, researchers have started exploring alterna-
tive methods that reduce training cost while maintaining 
strong performance. Parameter-Efficient Fine-Tuning 
(PEFT) methods have emerged as a promising approach to 
address the limitations of full model training. Rather than 
updating all parameters, PEFT methods modify only a 
small portion of the model while keeping most pretrained 
weights unchanged. One of the most widely used PEFT 
techniques is Low-Rank Adaptation (LoRA), which intro-
duces additional low-rank matrices into selected layers of 
the model [9]. This method allows models to adapt to new 
tasks with significantly fewer trainable parameters while 
preserving most of the original model knowledge [10]. 
Previous studies have demonstrated that PEFT ap-
proaches can achieve competitive results while reducing 
computational cost and memory requirements [11]. In ad-
dition, LoRA-based methods have shown promising re-
sults in applications related to underwater imaging and 
maritime analysis [1]. 

Despite growing interest in PEFT methods, their ap-
plication in sonar-based segmentation tasks remains lim-
ited. Many previous studies have focused on general im-
age segmentation or object detection tasks, rather than do-
main-specific challenges such as sonar shipwreck detec-
tion [12]. Furthermore, there is limited empirical analysis 

comparing PEFT methods with full fine-tuning ap-
proaches in sonar imagery datasets. As a result, the trade-
off between segmentation accuracy and computational ef-
ficiency in this domain is not yet well understood [13].  

This study aims to evaluate the effectiveness of differ-
ent model adaptation strategies for binary sonar ship-
wreck segmentation using the SegFormer-B0 architecture. 
Three training strategies are investigated: 

• Full Fine-Tuning (FullFT), where all model param-
eters are updated during training. 

• Head-only tuning, where only the segmentation 
head is trained while the backbone remains fro-
zen. 

• LoRA-A+Head adaptation, where LoRA modules 
are applied to selected layers while also training 
the segmentation head.  

To ensure reproducibility and reliable evaluation, the 
study follows a structured experimental protocol. Each ad-
aptation method is trained using three different random 
seeds (123, 456, and 789) to measure stability across exper-
iments [14]. The best-performing model is selected based 
on validation performance, and final results are reported 
using a held-out test dataset. Performance is evaluated us-
ing segmentation metrics such as Dice coefficient and In-
tersection over Union (IoU), which are commonly used in 
segmentation research [7]. This research is guided by the 
following key questions: 

1) How much segmentation performance is affected 
when replacing full fine-tuning with parameter-
efficient fine-tuning methods for sonar shipwreck 
segmentation? 

2) What is the trade-off between computational effi-
ciency and segmentation accuracy among FullFT, 
Head-only, and LoRA-based adaptation strate-
gies? 

The contributions of this study are as follows: 
• Provides a direct benchmark of FullFT, Head-

only, and LoRA-A+Head for binary sonar ship-
wreck segmentation using SegFormer-B0. 

• Uses a reproducible evaluation protocol with 
three random seeds, validation-based checkpoint 
selection, and final reporting on a held-out test set. 

• Reports both segmentation accuracy and practical 
efficiency indicators, including Dice, IoU, traina-
ble-parameter percentage, peak VRAM, and time 
per epoch. 

• Presents quantitative and qualitative analyses that 
clarify the trade-off between accuracy and param-
eter efficiency in sonar segmentation. 

Together, these contributions provide a compute-
aware benchmark for adapting transformer models to so-
nar shipwreck segmentation. 

The remainder of this paper is organized as follows. 
Section 2 reviews related studies. Section 3 describes the 
dataset, model architecture, adaptation strategies, and 
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evaluation protocol. Section 4 presents the results and dis-
cussion. Section 5 concludes the paper and outlines limita-
tions and future work. 

 
2. Related Work 
2.1. Deep Learning & Transformer-Based Models for Sonar 
Image Segmentation 

Sonar image analysis has gained increasing attention 
in recent years due to its importance in underwater explo-
ration, marine monitoring, and shipwreck detection. Tra-
ditional image processing methods often struggle with so-
nar data because sonar images contain noise, shadows, 
and low contrast, making object boundaries difficult to de-
tect accurately [1]. Recent research has shown that deep 
learning models can significantly improve segmentation 
performance in sonar-based applications compared to 
conventional techniques [15]. several studies have applied 
convolutional neural networks (CNNs) and deep learning 
approaches to detect underwater structures & seabed 
anomalies. However, many of these approaches rely heav-
ily on large labeled datasets, which are often unavailable 
in real-world sonar datasets [13]. 

Transformer architectures have recently emerged as 
powerful models for computer vision tasks, including se-
mantic segmentation. Unlike CNN-based models, trans-
formers are capable of capturing global contextual infor-
mation across an entire image, which improves segmenta-
tion accuracy in complex scenes [4]. The SegFormer archi-
tecture has been proposed as an efficient transformer-
based model designed specifically for semantic segmenta-
tion tasks [5]. SegFormer combines hierarchical feature 
representation with lightweight attention mechanisms, al-
lowing it to perform well while maintaining computa-
tional efficiency. These advances suggest that transformer 
models may also be effective for sonar shipwreck segmen-
tation tasks.  
 
2.2. Challenges in Fine-Tuning Large Models 
         Despite their strong performance, transformer mod-
els are often large and require significant computational 
resources to fine-tune on new datasets. Full fine-tuning in-
volves updating all model parameters during training, 
which can be computationally expensive and time-con-
suming [6]. This problem becomes more severe in re-
search environments with limited hardware resources or 
when working with small datasets. Several studies have 
highlighted that training large models can increase GPU 
memory usage, training time, and energy consumption 
[16]. These challenges motivate the development of more 
efficient training strategies that can reduce computational 
requirements without sacrificing model performance.  
 
2.3. Parameter-Efficient Fine-Tuning (PEFT) 

Parameter-Efficient Fine-Tuning (PEFT) techniques 
have recently been introduced to address the limitations 

of full model training. instead of updating the entire 
model, PEFT methods modify only a small subset of pa-
rameters, making training faster and more efficient. One 
of the most widely used PEFT techniques is Low-Rank Ad-
aptation (LoRA), which introduces trainable low-rank ma-
trices into selected layers of the model [9]. LoRA allows 
models to adapt to new tasks while keeping most pre-
trained weights unchanged, reducing memory and com-
putation requirements. Research has shown that LoRA 
and similar approaches can achieve competitive perfor-
mance compared to full fine-tuning while significantly re-
ducing the number of trainable parameters [11], [17]. 
These methods have been successfully applied in various 
domains, including natural language processing, com-
puter vision, and underwater imaging tasks [18]. 
 
2.4. PEFT in Sonar Applications & Research Gap 

Although PEFT techniques have been widely studied 
in general machine learning tasks, their application in ma-
rine and sonar imaging is still limited. Some recent studies 
have explored efficient model adaptation strategies for 
maritime object detection and underwater imaging sys-
tems [12]. other research has investigated deep learning 
approaches for sonar segmentation, but most of these 
studies rely on conventional fine-tuning methods rather 
than parameter-efficient approaches [14]. Additionally, 
there is limited empirical comparison between different 
adaptation strategies in sonar datasets, particularly when 
evaluating both accuracy and efficiency [19].  

Based on the existing literature, several key limita-
tions can be identified Limited research specifically focus-
ing on transformer-based segmentation for sonar ship-
wreck detection. Lack of comparative studies evaluating 
PEFT methods in sonar datasets. Insufficient analysis of 
the trade-off between segmentation performance and 
computational efficiency in underwater imaging models. 
Addressing these gaps is important for developing effi-
cient and practical segmentation models that can be used 
in real-world marine research environments. This study 
builds upon previous research in sonar image segmenta-
tion and parameter-efficient fine-tuning methods. Unlike 
earlier works, this research provides a direct comparison 
between three adaptation strategies, 

• Full Fine-Tuning (FullFT). 
• Head-only training. 
• LoRA-based adaptation combined with head 

training. 
The study focuses on evaluating both segmentation 

accuracy and computational efficiency, which is a key fac-
tor for real-world deployment of deep learning models in 
underwater exploration tasks.  

 
3. Proposed Method 

This section describes the methodology used to eval-
uate  parameter-efficient  fine-tuning  strategies  for  sonar 
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Figure 1. Overview of the proposed framework based on the Seg-
Former-B0 architecture with different fine-tuning strategies. 

shipwreck segmentation. The approach is based on a 
transformer segmentation architecture and compares dif-
ferent adaptation strategies under a consistent experi-
mental setup. The overall objective is to analyze how effi-
ciently pretrained transformer models can be adapted to 
sonar imagery with limited training data while maintain-
ing segmentation performance. The overall framework of 
the proposed sonar segmentation pipeline is illustrated in 
Figure 1. 
 
3.1. Model Architecture 

The backbone used in this study is the SegFormer-B0 
model, a transformer-based architecture designed for se-
mantic segmentation tasks. SegFormer combines hierar-
chical transformer encoders with a lightweight decoding 
head, enabling efficient segmentation without heavy com-
putational overhead [5]. Transformer-based segmentation 
models have demonstrated strong performance in various 
computer vision applications due to their ability to capture 
global contextual information across an image [4].  The 
SegFormer-B0 model used in this work is initialized from 
the pretrained checkpoint nvidia/segformer-b0-finetuned-
ade-512-512, which was originally trained on the ADE20K 
dataset for multi-class semantic segmentation. Since the 
task in this study involves binary segmentation (ship-
wreck vs background), the final classification layer of the 
model is modified to output a single-channel segmenta-
tion mask. Each pixel prediction represents the probability 
that the pixel belongs to a shipwreck object. Using pre-
trained transformer models has been shown to improve 
segmentation performance when labeled datasets are lim-
ited, particularly in specialized domains such as sonar im-
aging and underwater object detection [20]. The detailed 
architecture of the SegFormer-B0 model is presented in 
Figure 2. 
 
3.2. Adaptation Strategies 

To evaluate the trade-off between computational effi-
ciency and segmentation performance, three adaptation 
strategies are investigated in this study. 

 
3.2.1. Head-only Tuning 

The Head-only tuning strategy freezes the pretrained 
backbone and updates only the segmentation decoder 
head. This significantly reduces the number of trainable 
parameters and computational cost while still allowing the 
model to adapt to the new segmentation task. Previous 
studies have shown that freezing backbone layers while 
training task-specific heads can provide a lightweight 
baseline when computational resources are limited [8], 
[16]. However, since the encoder features remain un-
changed, the model may struggle to capture domain-spe-
cific characteristics present in sonar imagery.  
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Figure 1. Architecture of the proposed SegFormer-B0 adaptation 
pipeline for binary sonar shipwreck segmentation. 

 
3.2.2. Full Fine-Tuning (FullFT) 

In the Full Fine-Tuning approach, all model parame-
ters are updated during training, as illustrated in Figure 1. 
This includes both the transformer encoder layers and the 
decoder head responsible for generating segmentation 
masks. Full fine-tuning is commonly used when adapting 
pretrained models to new tasks, as it allows the model to 
fully adjust to domain-specific features [5]. Although this 
method typically provides the highest segmentation accu-
racy, it also requires substantial computational resources 
due to the large number of trainable parameters in trans-
former-based models [11]. Therefore, FullFT serves as a 
performance benchmark for comparison with more effi-
cient adaptation strategies. 

The figure illustrates the end-to-end pipeline, begin-
ning with sonar image preprocessing (512×512 resizing, 3-
channel replication, and ImageNet normalization), fol-
lowed by the hierarchical transformer encoder comprising 
four feature extraction stages at progressively reduced 
spatial resolutions. The LoRA-A+Head adaptation module 
is shown alongside the encoder attention layers, applying 
low-rank matrix decomposition (W' = W₀ + AB) to update 
only 1.57% of parameters. Multi-scale features (F1–F4) are 

passed to the All-MLP decoder head, which produces a 
single-channel logit map thresholded at 0.5 for binary 
mask prediction. The combined training loss (L = 𝐿!"# + 
𝐿$%&') and evaluation metrics (Dice and IoU) are defined 
within the figure. The legend at the bottom distinguishes 
the three adaptation strategies compared in this study: 
FullFT (100% parameters), LoRA-A+Head (1.57%), and 
Head-only (10.63%). 
 
3.2.3. LoRA-A+Head (Parameter-Efficient Fine-Tuning) 

Low-Rank Adaptation (LoRA) is a parameter-effi-
cient fine-tuning technique that introduces additional low-
rank matrices into selected linear layers of a pretrained 
model [11]. Instead of updating the full model, LoRA mod-
ifies only a small subset of parameters, reducing training 
cost while maintaining performance. in this study, LoRA 
modules are applied to the attention layers of the Seg-
Former encoder, while the decoder head is also trained 
simultaneously. This strategy enables the model to adapt 
to sonar-specific features while keeping most of the pre-
trained weights frozen. Parameter-efficient fine-tuning 
methods such as LoRA have been shown to achieve com-
petitive results with significantly fewer trainable parame-
ters compared to full fine-tuning approaches [11].  

 
3.2.4. Evaluation Metric Equations 

Segmentation performance was evaluated using the 
Dice coefficient and Intersection over Union (IoU). Let 
𝑃denote the set of predicted foreground pixels and 𝐺de-
note the set of ground-truth foreground pixels. The Dice 
coefficient is defined as: 
 

𝐷𝑖𝑐𝑒 =
2 ∣ 𝑃 ∩ 𝐺 ∣
∣ 𝑃 ∣ +∣ 𝐺 ∣ 

(1) 

 
and IoU is defined as: 
 

𝐼𝑜𝑈 =
∣ 𝑃 ∩ 𝐺 ∣
∣ 𝑃 ∪ 𝐺 ∣ 

(2) 

 
where ∣⋅∣ denotes the number of foreground pixels. For 
numerical stability in implementation, a small constant 
𝜀can be added to the numerator and denominator when 
needed. Predictions were thresholded at 0.5 to obtain 
binary masks. In addition, samples with empty ground-
truth masks were excluded from metric aggregation under 
the EMPTY_POLICY = ignore setting to avoid inflating 
performance with trivial empty cases. 

The training objective combines binary cross entropy 
loss and Dice loss to balance pixel-wise classification and 
region overlap quality: 

 

𝐿 = 𝐿!"# + 𝐿$%&' (3) 
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(a) 
 

 
(b) 

Figure 3. Training and validation curves across epochs (valida-
tion Dice and train loss). 
 
where, 
 

𝐿!"# = −
1
𝑁6

[𝑦(log	(𝑦>() + (1 − 𝑦()log	(1 − 𝑦>()]
)

(*+

 (4) 

 
and 
 

𝐿$%&' = 1 −
2∑ 𝑦()

(*+ 𝑦>( + 𝜀
∑ 𝑦()
(*+ +∑ 𝑦>()

(*+ + 𝜀
 (5) 

 
Here, 𝑦(is the ground-truth label for pixel 𝑖, 𝑦>(is the 

predicted probability, 𝑁is the number of pixels, and 𝜀is a 
small constant for numerical stability. This combined 
objective was used for all compared methods. 
 
3.3. Dataset  

The dataset used in this study is the AI4Shipwrecks 
dataset, which consists of sonar images annotated with bi-
nary masks representing shipwreck regions. images of 
shipwrecks and corresponding binary labels collected dur-
ing 2022 and 2023 at the NOAA Thunder Bay National Ma-
rine Sanctuary in Alpena, MI. The data collection platform 
was an Iver3 Autonomous Underwater Vehicle (AUV) 
equipped with an EdgeTech 2205 dual-frequency ultra-
high resolution sidescan sonar and 3D bathymetric sys-
tem. The labels were compiled from reference labels cre-

ated by experts in marine archaeology. [21] To ensure re-
producibility, the dataset is divided into three subsets. 
Training split, Validation split, Test split. Images with 
empty ground-truth masks are excluded from evaluation 
using the “EMPTY_POLICY = ignore” setting to maintain 
consistent performance measurement.  
 
3.4. Data Preprocessing 

Before we conducted the training, several prepro-
cessing steps are applied to the dataset to ensure compati-
bility with the SegFormer model. First, all images are 
resized to 512 × 512 pixels to match the input resolution 
expected by the model. Second, since sonar images are 
typically single-channel, they are replicated into three 
channels to align with models pretrained on RGB datasets 
such as ImageNet. Finally, image normalization is applied 
using ImageNet mean and standard deviation values, 
which is a common preprocessing approach for pretrained 
vision models [1].  

Figure 3 illustrate the optimization behavior of the 
compared methods across training epochs. This figure 
shows the overall training dynamics, including both opti-
mization behavior (train loss) and performance progres-
sion (validation Dice) across epochs. FullFT consistently 
reached the highest validation Dice and IoU values, which 
is consistent with its superior test performance. LoRA-
A+Head followed a similar trend but converged to a lower 
plateau, indicating that the parameter-efficient updates 
captured part, but not all, of the domain adaptation gained 
by full fine-tuning. Head-only plateaued earlier and at a 
lower level, suggesting that restricting optimization to the 
decoder head limited the model’s ability to learn sonar-
specific representations. The curves also show relatively 
consistent trends across seeds, which supports the claim of 
stable optimization under the fixed experimental split. 
 
3.5. Training and Evaluation Protocol 

A consistent training and evaluation protocol is used 
to ensure fair comparison among the different adaptation 
strategies. Models are trained for 20 epochs with a batch 
size of 2. The “AdamW optimizer” is used with a learning 
rate of 1e-4 and weight decay of 1e-2. A cosine annealing 
learning rate scheduler is applied during training. Mixed-
precision training using Automatic Mixed Precision 
(AMP) is enabled to improve training efficiency and re-
duce GPU memory usage. Model selection is based on the 
best validation Dice score, and the final performance is 
evaluated on a held-out test dataset. Segmentation perfor-
mance is measured using Dice coefficient and Intersection 
over Union (IoU). These metrics are widely used in seg-
mentation research for evaluating model performance [7]. 
we ensure reproducibility of each experiment using three 
repeated random seeds such as “123”, “456”, “789”. Re-
sults are reported as mean ± standard deviation across the 
three runs. 
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Figure 4. Failure cases showing segmentation challenges in low-contrast sonar images. 
 

 
Figure 5. Example segmentation results comparing FullFT, LoRA-A+Head, and Head-only methods on selected test images. Qual panel 
good. 
 

The qualitative examples shown in Figure 5 further 
clarify the differences among the three adaptation 
strategies. In representative high-contrast cases, all meth-

ods were able  to identify the shipwreck region reasonably 
well, although FullFT generally produced cleaner and 
more   spatially  continuous   masks.  LoRA-A+Head  often 

Input                                        GT                                        FullFT                              LoRA-A+Head                          Head only 

Input                                        GT                                        FullFT                              LoRA-A+Head                          Head only 
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Table 1. Seed-averaged test performance (mean ± std over three seeds) and efficiency metrics for the compared adaptation strategies. 

Method Seeds 
Dice 

(mean ± std) 
IoU 

(mean ± std) 
Trainable 

(%) 
VRAM  

(GB) 
Time/Epoch 

(s) 
FullFT 3 0.614 ± 0.008 0.487 ± 0.007 100 0.89 7.8 
LoRA-A+Head 3 0.546 ± 0.010 0.401 ± 0.008 1.57 0.84 8.0 
Head-only 3 0.494 ± 0.010 0.354 ± 0.008 10.63 0.65 7.1 
LoRA-A only(f) 3 0.295 ± 0.034 0.198 ± 0.022 N/A N/A N/A 
 
Table 2. Additional seed-averaged accuracy comparison includ-
ing the LoRA-A only(f) ablation. 

Method Seeds Dice  
(mean ± std) 

IoU 
(mean ± std) 

FullFT 3 0.567 ± 0.006 0.458 ± 0.007 
LoRA-A+Head 3 0.495 ± 0.017 0.376 ± 0.015 
Head-only 3 0.485 ± 0.011 0.362 ± 0.009 
LoRA-A only(f) 3 0.295 ± 0.034 0.198 ± 0.022 
 
preserved the main wreck structure but showed occa-
sional boundary fragmentation or partial omission in dif-
ficult regions. Head-only was more prone to under-seg-
mentation and boundary loss, especially when the sonar 
target exhibited weak contrast or irregular texture. In fail-
ure cases, all methods struggled when the target boundary 
was faint or the seabed pattern introduced strong visual 
ambiguity, as illustrated in Figure 4. These observations 
are consistent with the quantitative results and suggest 
that low-contrast sonar scenes remain a major source of er-
ror for all compared strategies. 

The combined training loss is defined in Section 3.2.4 
(Equation 6) and applied consistently across all compared 
methods. 

𝐿 = 𝐿,-. + 𝐿/-. (6) 

 

4. Experimental Results and Discussion 
This section presents the quantitative and qualitative 

results for evaluating the three adaptation strategies Full 
Fine-Tuning (FullFT), Head only Tuning, and LoRA-
A+Head for sonar shipwreck segmentation using Seg-
Former-B0 Results are reported on the full99 dataset split, 
as well as few-shot settings, with all experiments con-
ducted using three random seeds (123, 456, 789). Metrics 
include Dice coefficient, Intersection over Union (IoU), 
trainable parameters, VRAM usage, and time per epoch.  
 
4.1. Main quantitative results (FULL99 Split) 
4.1.1. Validation Performance 

These results reveal a clear trade-off between compu-
tational efficiency and segmentation performance across 
the three adaptation strategies. FullFT achieves the highest 
Dice and IoU on validation, providing the strongest seg-
mentation accuracy. LoRA-A+Head provides a reasonable 
trade-off between accuracy and efficiency, updating only 
1.57% of the parameters. Head-only performs slightly 
worse than LoRA-A+Head but remains a computationally 

efficient baseline. LoRA-A only (head frozen) performs 
poorly, emphasizing the necessity of training the decoder 
head alongside the encoder. 

The held-out test performance and efficiency metrics 
are summarized in Table 1. FullFT achieved the strongest 
segmentation accuracy, with a Dice score of 0.614 ± 0.008 
and IoU of 0.487 ± 0.007, showing that full adaptation of 
the pretrained model remained the most effective option 
in this dataset. LoRA-A+Head achieved the second-best 
performance, with 0.546 ± 0.010 Dice and 0.401 ± 0.008 IoU, 
and outperformed Head-only by a clear margin. This indi-
cates that limited encoder adaptation through low-rank 
updates is more effective than restricting learning to the 
segmentation head alone. At the same time, the measured 
VRAM and training-time differences among methods 
were modest in this setup, so the main efficiency benefit of 
LoRA-A+Head should be interpreted as reduced traina-
ble-parameter budget rather than a large reduction in 
runtime. For completeness, Table 2 provides an additional 
accuracy comparison including LoRA-A only(f), which 
yielded substantially lower accuracy (Dice 0.295 ± 0.034, 
IoU 0.198 ± 0.022). Because the corresponding efficiency 
metrics were not recorded, its trainable-parameter, 
VRAM, and time-per-epoch fields are reported as N/A.  
 
4.1.2. Test Performance 

Seed-averaged test results were evaluated using 
test_pairs.csv with best-validation checkpoints. Table 1 
shows that FullFT achieved the highest test performance, 
indicating that updating the full backbone remained the 
most effective strategy for adapting SegFormer-B0 to the 
sonar domain. LoRA-A+Head ranked second on both Dice 
and IoU and clearly outperformed Head-only, which sug-
gests that limited encoder adaptation is more effective 
than training only the decoder head. LoRA-A only(f), as 
also reflected in Table 2, remained well below the other 
methods, confirming that decoder-head adaptation is es-
sential for this task. 

However, the efficiency advantage of LoRA-A+Head 
was expressed mainly in the number of trainable parame-
ters rather than large reductions in runtime or VRAM. 
Head-only required the least memory and shortest epoch 
time, but this came with the lowest segmentation accuracy 
among the three primary methods. Overall, the results in-
dicate that the choice of adaptation strategy depends on 
whether the priority is maximum accuracy, low memory 
usage, or reduced parameter updates.
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Table 3. Detailed per-seed Dice/IoU stability across seeds. 

FullFT LoRA-A+Head Head-only 

Seed123: Dice 0.6123, IoU 0.4842 Seed123: Dice 0.5372, IoU 0.3936 Seed123: Dice 0.4953, IoU 0.3560 
Seed456: Dice 0.6081, IoU 0.4812 Seed456: Dice 0.5561, IoU 0.4090 Seed456: Dice 0.5034, IoU 0.3614 
Seed789: Dice 0.6230, IoU 0.4947 Seed789: Dice 0.5439, IoU 0.3995 Seed789: Dice 0.4839, IoU 0.3454 

 

 
Figure 6. Correlation heatmap of segmentation performance and 
efficiency metrics across the compared adaptation strategies. 
 
Table 4. Best-validation checkpoints for the three primary com-
pared methods. 

Method Seed Best Epoch IoU  
(mean ± std) 

FullFT 123 12 0.561 
FullFT 456 14 0.566 
FullFT 789 16 0.573 
LoRA-A+Head 123 17 0.492 
LoRA-A+Head 456 12 0.513  
LoRA-A+Head 789 19 0.480 
Head-only 123 19 0.487 
Head-only 456 18 0.494 
Head-only 789 16 0.473 
 
Table 5. Few-shot validation performance. Head-only and 
LoRA-A only(f) were not evaluated in the few-shot setting and 
are therefore reported as N/A. 

Method 10-shot 
Dice 

10-shot 
IoU 

25-shot  
Dice 

25-shot 
IoU 

FullFT 0.428 0.331 0.454 0.336 
LoRA-A+Head 0.438 0.340 0.434 0.335 
LoRA-B 0.211 0.137 0.235 0.151 

 
4.1.3. Per-Seed Test Results 

Detailed per-seed Dice and IoU results are reported 
in Table 3. Notably, the low standard deviation across the 
three random seeds indicates stable optimization behavior 
under a fixed train/validation/test split. However, because 
the data split was not varied, this analysis reflects sensitiv-
ity to training stochasticity rather than full robustness to 

data variability. Broader robustness assessment would re-
quire repeated experiments with alternative dataset splits 
or external sonar datasets. 

To provide an additional descriptive view of the rela-
tionship between segmentation quality and efficiency, Fig-
ure 6 presents a correlation heatmap computed from the 
reported evaluation metrics across the compared adapta-
tion strategies. Figure 6 provides a descriptive summary 
of how the reported evaluation metrics vary across the 
compared methods. As expected, Dice and IoU show a 
very strong positive relationship because both measure 
segmentation overlap quality. The heatmap also shows 
that VRAM usage is positively associated with segmenta-
tion performance in this small comparison, reflecting that 
the strongest-performing setting, FullFT, also required the 
largest resource allocation. By contrast, time per epoch and 
trainable-parameter percentage do not show equally 
strong alignment with accuracy, which is consistent with 
the main results indicating that the advantage of LoRA-
A+Head lies primarily in reducing the parameter-update 
budget rather than in producing large reductions in 
runtime or memory. Because this analysis is based on a 
small number of compared methods, it should be inter-
preted as an exploratory visualization rather than as a sta-
tistical claim. 
 
4.1.4. Best on Validation Checkpoints 

Per-seed checkpoint details were retained only for 
FullFT, LoRA-A+Head, and Head-only; the LoRA-A 
only(f) ablation is therefore summarized separately in Ta-
ble 2. FullFT, LoRA-A+Head, and Head-only models were 
selected based on highest validation Dice, as summarized 
in Table 4.  
 
4.2. Training dynamics and Learning Curves 

The few-shot experiments, summarized in Table 5, 
provide an initial view of adaptation behavior under lim-
ited training data. In the 10-shot setting, LoRA-A+Head 
slightly outperformed FullFT on validation metrics, 
whereas in the 25-shot setting the two methods showed 
very similar performance. By contrast, LoRA-B remained 
clearly weaker in both settings. Head-only and LoRA-A 
only(f) were not evaluated in the few-shot setting and are 
therefore marked as N/A in Table 5. Because these experi-
ments were limited in scope and reported only on the val-
idation split, they should be interpreted as exploratory ra-
ther than definitive. Nevertheless, the results suggest that 
parameter-efficient   adaptation   can   remain   competitive  
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Figure 7. Validation loss trends across epochs. 

 
when the number of labeled training samples is small. 
Learning curves visualize model convergence and stabil-
ity across epochs. The validation loss trends across train-
ing epochs are illustrated in Figure 7, providing a more de-
tailed view of generalization behavior. 
FullFT converges to the highest Dice and IoU values con-
sistently. LoRA-A+Head shows slightly slower conver-
gence but remains competitive throughout training. Head- 
only plateaus early, achieving lower maximum metrics. In 
qualitative analysis, FullFT generally produces the most 
accurate masks, with the best boundary continuity. LoRA-
A+Head maintains competitive segmentation quality de-
spite its minimal trainable parameter count. Head-only is 
prone to errors in low-contrast regions but remains com-
putationally lightweight.  

  
4.3. Few-shot Experiments 

In the few-shot experiments, the primary goal was to 
test how well the model could adapt to sonar shipwreck 
segmentation with limited training data. To this end, we 
evaluated the performance of the model using 10-shot and 
25-shot settings, where the training data was intentionally 
restricted to only a few samples. As shown in Table 5, 
LoRA-A+Head performed competitively with FullFT in 
these low-data scenarios, achieving Dice scores of 0.438 
and 0.434 for the 10-shot and 25-shot settings, respectively, 
compared with FullFT values of 0.428 and 0.454. LoRA-B 
remained clearly weaker in both settings. Head-only and 
LoRA-A only(f) were not evaluated in this few-shot exper-
iment and are therefore reported as N/A in Table 5. These 
findings provide an initial indication that parameter-effi-
cient adaptation can remain competitive when labeled 
training data are scarce, although broader few-shot evalu-
ation is still needed. 
 
4.4. Comparison with Prior Studies 

When comparing our results with prior work in the 
field of sonar shipwreck segmentation and parameter-effi-
cient fine-tuning (PEFT), our findings show consistent 
trends with previous studies while offering some novel in-
sights. Prior studies, such as [9], have demonstrated the ef-

ficiency of LoRA-based methods in reducing the number 
of trainable parameters while retaining competitive accu-
racy. In our study, we found that LoRA-A+Head offered a 
good trade-off between accuracy and efficiency, with only 
1.57% of parameters being trainable while maintaining 
strong segmentation performance (Dice: 0.546 ± 0.010, IoU: 
0.401 ± 0.008), aligning with similar PEFT strategies re-
ported in [5]. Moreover, our research builds on earlier in-
vestigations into the performance of transformer-based 
models for sonar segmentation, like those seen in [22], by 
incorporating more advanced adaptation strategies and 
comparing them against a well-established baseline 
(FullFT). Notably, our Head-only adaptation strategy, 
while computationally efficient, falls short in segmenta-
tion quality compared to LoRA-A+Head, which highlights 
the crucial role of encoder feature adaptation for this task. 
The comparative analysis with other PEFT techniques 
such as AdapterFusion [17] and quantized LoRA variants 
[10] further reinforces our conclusion that LoRA-A+Head 
strikes the best balance for resource-constrained applica-
tions without compromising segmentation accuracy too 
much. 

Compared with earlier sonar segmentation studies 
that primarily emphasized architecture design or conven-
tional fine-tuning, the present work focuses on the adap-
tation strategy itself. The main contribution is therefore 
not a new backbone, but a controlled comparison between 
full fine-tuning, head-only tuning, and LoRA-based pa-
rameter-efficient adaptation under the same dataset split 
and evaluation protocol. The results show that full fine-
tuning remains the strongest option in absolute accuracy, 
while LoRA-A+Head offers a more parameter-efficient al-
ternative with moderate loss in segmentation quality. This 
positions the study as a compute-aware benchmark for so-
nar shipwreck segmentation rather than as a claim of state-
of-the-art performance across all sonar segmentation 
methods. 
 
5. Analysis and Interpretation 
5.1. Key Findings 

Experiments highlight a clear trade-off between seg-
mentation accuracy and computational efficiency across 
the evaluated adaptation strategies. As for Full Fine-Tun-
ing (FullFT) Achieves the highest segmentation accuracy 
with a test Dice score of 0.614 ± 0.008 and IoU of 0.487 ± 
0.007. Benefits from full access to model capacity, learning 
both high-level and low-level features requires all model 
parameters to be trained, resulting in higher computa- 
tional cost and memory usage (0.89 GB VRAM, 7.8 
s/epoch). Produces most contiguous and accurate segmen-
tation masks in qualitative results and handles low-con-
trast wreck boundaries better than other methods. 

LoRA-A+Head offers a strong accuracy–efficiency 
balance, achieving Dice 0.546 ± 0.010 and IoU 0.401 ± 0.008. 
Only 1.57% of model parameters are trainable, making it 
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computationally efficient (0.84 GB VRAM, 8.0 s/epoch). 
Qualitative results show that LoRA-A+Head approxi-
mates FullFT in well-defined wreck scenarios but strug-
gles in low-contrast areas. It is suitable for deployment in 
resource-constrained environments and aligns with prior 
research on LoRA-based PEFT efficiency [9], [11].  

Head-only is the most computationally efficient strat-
egy, training only 10.63% of parameters with the lowest 
VRAM usage (0.65 GB) and fastest per-epoch runtime (7.1 
s). Test accuracy is lowest among methods (Dice 0.494 ± 
0.010, IoU 0.354 ± 0.008), reflecting the inability to adapt 
encoder features, which are critical for sonar-specific fea-
ture extraction. It is suitable for extremely resource-limited 
scenarios but is not recommended for high-accuracy seg-
mentation tasks. 

LoRA-A only (head frozen) performs poorly (Dice 
0.295 ± 0.034, IoU 0.198 ± 0.022), demonstrating the im-
portance of adapting the decoder head in PEFT strategies. 
This near-zero test performance confirms that task-specific 
adaptation requires both encoder and decoder adjust-
ments. The low standard deviation across random seeds 
(123, 456, 789) indicates consistent and reproducible per-
formance, reinforcing the reliability of the conclusions 
drawn from the quantitative results. 
  
5.2. Interpretation of Results 

FullFT outperforms other methods by leveraging full 
model capacity, capturing both low-level sonar features 
and high-level structural patterns. This aligns with litera-
ture showing full fine-tuning of transformer models yields 
the best segmentation performance [9]. LoRA-A+Head 
provides a practical alternative to FullFT for situations 
with limited computational resources, achieving competi-
tive accuracy while substantially reducing trainable pa-
rameters. This reflects previous findings that LoRA-based 
PEFT can maintain performance with fewer updates [11]. 
Head-only is efficient but unable to fully adapt the en-
coder, resulting in weaker feature extraction. 

This mirrors prior studies showing that decoder-only 
adaptation is insufficient for domain-specific tasks [7]. 
LoRA-A only (head frozen) confirms the critical role of the 
decoder head in task-specific segmentation. Without de-
coder adaptation, the model fails to generalize to sonar 
shipwrecks, supporting prior PEFT findings [13].  

Regarding efficiency, LoRA-A+Head trains only 
1.57% of parameters with moderate VRAM usage and 
runtime, balancing efficiency and performance and mak-
ing it suitable for on-board deployment in underwater ve-
hicles. Head-only is the fastest and least memory-intensive 
strategy, but its lower accuracy makes it appropriate only 
for high-speed, low-resource applications. FullFT achieves 
the highest accuracy at the cost of greater computational 
resources, making it best suited for offline, high-precision 
tasks where hardware constraints are not a concern. 
LoRA-A only (head frozen) is not practical due to poor 

segmentation performance despite its efficiency benefits. 
From a qualitative standpoint, high-contrast sonar images 
are well-segmented by all methods, with FullFT providing 
the best boundary continuity and precision. LoRA-
A+Head is slightly less precise but still produces high-
quality masks. In failure cases, low-contrast or noisy sonar 
images reveal boundary fragmentation in LoRA-A+Head 
and Head-only, highlighting the need for enhanced low-
contrast feature handling in PEFT methods. 

Although the Head-only setting may appear concep-
tually simpler (training only the decoder head), the num-
ber of trainable parameters depends on the size of the seg-
mentation head relative to the low-rank matrices inserted 
in the LoRA-A+Head method. In our implementation, the 
trainable decoder head accounted for a larger fraction of 
parameters than the selected low-rank adapter matrices in 
LoRA-A+Head. This explains why Head-only ended up 
with a higher trainable-parameter percentage (10.63%) 
than LoRA-A+Head (1.57%). We have thoroughly re-
checked the parameter counting procedure and confirmed 
that the reported values are accurate. 

As for These findings have several practical implica-
tions. LoRA-A+Head offers efficient and practical segmen-
tation for resource-limited marine applications, with po-
tential utility in underwater archaeology, marine monitor-
ing, and search-and-rescue operations, where processing 
speed and computational efficiency are critical for timely 
decision-making. The choice of PEFT method ultimately 
depends on the accuracy-efficiency trade-off relevant to 
the deployment context, guiding strategy selection for em-
bedded systems or large-scale analyses. 

LoRA-A+Head achieved intermediate performance 
between FullFT and Head-only. It improved substantially 
over Head-only while requiring far fewer trainable param-
eters than FullFT. In this experimental setting, the main 
advantage of LoRA-A+Head lies in reducing the parame-
ter-update budget rather than in large reductions in wall-
clock training time or VRAM usage. 
 
5.3. Limitations & Future Work 

This study is limited to SegFormer-B0; future work 
should explore larger transformer models such as Seg-
Former-B2/B5. Results are based on the AI4Shipwrecks da-
taset, and generalizability to other sonar datasets remains 
untested. LoRA-A+Head and Head-only both struggle 
with low-contrast sonar data, suggesting that enhanced 
feature extraction or targeted data augmentation strategies 
are needed. Future directions include evaluating LoRA-
A+Head on larger backbones (SegFormer-B2/B5) to im-
prove segmentation while retaining parameter efficiency, 
applying contrast enhancement and domain-specific pre-
training for low-contrast scenarios, incorporating post-
processing steps such as morphological operations or con-
ditional random fields (CRFs) to refine predicted bounda-
ries, and testing all methods on additional sonar datasets 
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collected from diverse environments to assess broader 
generalizability.  
 
6. Conclusion 

This study evaluated three adaptation strategies for 
binary sonar shipwreck segmentation using SegFormer-
B0: FullFT, Head-only, and LoRA-A+Head. Full fine-tun-
ing achieved the best performance on the held-out test set, 
with a Dice score of 0.614 ± 0.008 and IoU of 0.487 ± 0.007. 
LoRA-A+Head ranked second, with 0.546 ± 0.010 Dice and 
0.401 ± 0.008 IoU, while updating only a small fraction of 
model parameters. Head-only required the least memory 

and shortest training time per epoch, but it produced the 
lowest segmentation accuracy among the three main 
methods. These results show that the main benefit of 
LoRA-A+Head in this setup is parameter efficiency rather 
than a large reduction in runtime. The findings therefore 
support FullFT when the goal is maximum accuracy and 
support LoRA-A+Head when reducing the number of up-
dated parameters is more important. Because the experi-
ments were limited to SegFormer-B0 and a fixed dataset 
split, future work should include additional sonar da-
tasets, alternative splits, and larger backbones to examine 
the generality of these conclusions.
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