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Abstract—Vision-language models (VLMs) such as CLIP [1]
perform well on land-based imagery but struggle in underwater
environments due to color distortion, turbidity, and noise [2]. A
benchmark is performed to assess CLIP ViT-B/32, CLIP ViT-
L/14, and DINOv2 performance on the AQUA20 dataset [3] of
6,559 testing images across 20 marine species. CLIP achieves
42.99% and 54.08% accuracy, while DINOv2 [4] reaches
92.45% using only visual features. Two main limitations are
identified: semantic ambiguity between labels and degradation
of visual features under poor imaging conditions. These results
suggest that language-supervised models are poorly suited for
underwater recognition without domain-specific training.

Index Terms—vision-language models, underwater imaging,
marine species classification, CLIP, DINOv2

I. INTRODUCTION

Autonomous Underwater Vehicles (AUVs) are being in-
creasingly utilized for biodiversity assessment, aquaculture
management, and sea-life monitoring [5]. However obtaining
useful data from marine images presents challenges that
do not exist on land. Light attenuation, color distortion,
turbidity, and low resolution degrade image quality in ways
that standard computer vision models are not trained to
handle [2].

Vision language models (VLMs) such as CLIP [1] have
demonstrated strong performance in zero-shot classification
when tested on land-based benchmarks. However, CLIP per-
formance declines significantly under domain shift, particu-
larly in remote sensing applications [6]. Underwater imagery
represents an even more extreme domain shift where the pre-
training data for these models is comprised almost entirely
of land-based images with little marine representation.

Despite the growing use of VLMs in robotic perception,
their underwater performance remains poorly understood,
limiting their viability in safety-critical marine missions. This
benchmark shows that CLIP often confuses classes such as

“fish” and “rayfish” due to language bias, and investigates
how these failures can inform the design of more effective
domain-specific VLMs.

A benchmark test is performed comparing CLIP ViT-
B/32, CLIP ViT-L/14, and DINOv2 [4] on the AQUA20
dataset [3], comprising of 6,559 underwater training images
and 20 different marine species. This comparison produced
three key insights:

e A benchmark of both CLIP models and DINOv2 on
marine species classification revealed a 38.37% accuracy
gap between language-supervised models and unlabeled
visual models.

e The two main sources of error are from semantic
ambiguity between visually similar species, and feature
degradation under underwater imaging conditions.

e There is evidence that CLIP failures are driven by
language bias rather than image degradation, supported
by DINOV2 achieving 93.4% accuracy on fish images
where CLIP achieves only 2.59%

II. RELATED WORK
A. Vision-Language Models

Vision-Language Models (VLMs) are a class of machine
learning systems designed to align visual and textual infor-
mation in the same representation space [7]. These models
use large datasets of image-text pairs to learn the correspon-
dence between natural language descriptions and their visual
representation. Since both modalities are embedded in the
same space, VLMs enable a large array of machine learning
tasks like image classification, visual question answering, and
captioning, often without domain-specific tuning.

A commonly used VLM is CLIP (Contrastive Language
Image Pretraining) [1], which utilizes an architecture consist-
ing of an image encoder and a text encoder. During training,



CLIP tries to maximize the cosine similarity between the
text embedding and the matched image while minimizing
the similarity between mismatched pairs. At inference time,
CLIP enables zero-shot classification by comparing an image
embedding with the embeddings of the textual prompts
representing a candidate’s class. The benefit of CLIP is its
ability to learn semantic representations without supervision
for specific tasks. There is no longer a need to label the
datasets in many applications.

Despite their impressive capabilities, VLMs exhibit many
limitations. One key limitation is a sensitivity to distributional
shift and image transformations, such as occlusion, compo-
sitional rearrangement, and repeated object occurrences [8].
Additionally, VLMs often fail to correctly associate attributes
with multiple objects in a scene, a phenomenon known as the
binding problem [9]. For example, the model would struggle
to distinguish between “a blue fish swimming above coral”
and “coral with a blue fish swimming underneath”. This
indicates that VLMs have a lack of fine-grained relational
reasoning. Additionally, biases in training data can propagate
into model predictions, which leads to reliability concerns in
specialized domains. Addressing these limitations is an active
area of machine learning research.

B. Self-Supervised Visual Models

Unlike CLIP, DINOv2 [4] is a self-supervised model that
does not rely on paired text-image data. DINOv2 is built
using self-distillation training, where a student network is
trained to match the output of its teacher network through
a series of augmentations on the same image [4]. These
augmentations include random cropping, color modifications,
resolution changes, which teach the model to recognize the
object regardless of how it appears. This removes the need
for manual annotation and makes the approach practical at
scale.

DINOV2 is built on Vision Transformers [4], which are
well-suited for capturing fine-grained spatial relationships in
images. Additionally, DINOv2 implements several training
refinements, including feature normalization, sharpening of
the teacher outputs, and exponential-moving average updates
to stabilize the teacher-student training process and prevent
representation collapse. Data curation is applied to ensure
that the model is exposed to diverse and high-quality images
during pretraining.

The resulting visual features transfer well across various
computer vision tasks without fine-tuning. Although DINOv2
has no language component, it can serve as an encoder in
VLM pipelines. When implemented in a VLM, it is used as
a language-free baseline to determine whether CLIP failures

in underwater environments stem from poor visual encoding
or from the language-vision alignment mechanism itself.

C. Out-of-Distribution Performance

While CLIP-style VLMs demonstrate remarkable zero-
shot capabilities on natural images, their performance suf-
fers when applied to out-of-distribution (OOD) data. This
trend has been well-documented in specialized fields such
as medical imaging, where CLIP struggles with fine-grained
medical features like tumors [10], and remote sensing, where
the aerial perspective of satellite imagery differs significantly
from the images the model is trained on [11]. In fact, VLM
frameworks such as MMLGNet demonstrates that CLIP’s vi-
sual data processing structure must often be augmented with
specialized encoders and multimodal alignment strategies to
achieve the necessary semantic performance in domain spe-
cific applications [11]. The underwater environment similarly
presents a set of domain-specific challenges, including light
attenuation, scattering, and turbidity, which pose difficulties
for VLMs trained on terrestrial data. By discussing under-
water perception in the larger context of OOD performance,
we show that the problem is a general limitation of current
foundation models, not just a problem with one dataset.

D. Underwater Computer Vision

Computer vision underwater is much harder than it is
in terrestrial environments because the water distorts with
what the camera captures [2]. Light absorption and scattering
cause images to appear blurry and low contrast, meaning
that marine species in the images will rarely look the way
they would on the surface. Waves introduce additional noise
that further degrades image quality. Additionally, marine
life moves unpredictably and frequently blends into natural
features like coral, making it tough for computer vision
models to accurately extract useful information [5].

Approaches to marine species classification have changed
considerably over time. Earlier methods focused on manually
designing features, like color patterns, textures, or shapes,
and then applying algorithms like SVMs or k-NN to classify
them. More recently, Convolutional Neural Networks, have
become the most commonly applied approach [3]. These neu-
ral networks learn features automatically from data instead of
relying on user designed features. Additionally, augmentation
has been used during preprocessing steps to further improve
classification models by training the model on a more diverse
dataset.



III. DATASET AND MODELS
A. AQUA20 Dataset

All experiments use the AQUA20 dataset [3], a dataset of
underwater images designed for marine species classification.
The full dataset contains 8,171 images spread across 20
classes, each corresponding to a specific marine species. For
this study, all benchmark tests are performed on the testing
partition, which consists of 6,559 images. The dataset is
heavily imbalanced, with some species significantly overrep-
resented compared to others. For example, the “fish” class has
approximately 2,200 images, while rare classes such as “oc-
topus” contain only about 20 images. This imbalance makes
the benchmark more realistic, since models must perform
well even when certain species have very little data to draw
from. Furthermore, the dataset reflects underwater conditions,
including variations in lighting, visibility, and color distortion
making AQUA20 a suitable dataset for assessing underwater
computer vision models.

Fig. 1 illustrates the class imbalance across all 20 species.
The dataset is dominated by common species such as fish
(2,200 images) and coral (1,562 images), while rare classes
such as octopus contain as few as 20 images. A logarithmic
scale is used to visualize the smallest classes alongside the
largest.

Class Distribution

Number of Images (log scale)

T N L e
IR RO S N St
& oF V&« c»"f & *y EA &
&£ &

P @ & &
P & & &
@& o & W
S
& @

o
R
&

Fig. 1: Class distribution of the AQUA20 dataset across 20
marine species on a logarithmic scale.

B. Models

The benchmark tests 3 models: CLIP ViT-B/32, CLIP ViT-
L/14 [1], and DINOV2 [4]. The two CLIP models classify
images by comparing image embeddings against text embed-
dings for each class. Text prompts of the form “a photo of a
[species]” are created for all 20 marine species. The model
predicts the class whose text embedding is most similar to
the image embedding. The primary difference between the
two CLIP variants is model size. ViT-L/14 is significantly
larger than ViT-B/32, which allows us to investigate whether
increasing model size improves performance in underwater
conditions.

DINOV2 [4] is used in a different way, serving as a visual
feature extractor rather than a zero-shot classifier. Each image
is passed through the model to obtain a token embedding,
and a k-Nearest Neighbors classifier with k = 5 is used to
assign labels based on the closest embeddings in the feature
space. An 80/20 train-test split is applied for this evaluation.
This benchmark test enables us to assess how well self-
supervised visual features perform compared to language-
supervised approaches like CLIP, and more importantly, to
determine whether observed failures are due to limitations in
visual understanding or in the alignment between vision and
caption.

It should be noted that the comparison between models
is not identical in terms of experimental conditions. CLIP is
evaluated fully zero-shot with no exposure to the AQUA20
dataset, while DINOV?2 is provided labeled training examples
via the 80/20 data split. This is intentional, since the goal
is not to compare models under identical conditions, but to
evaluate the best capability each paradigm can offer. CLIP
represents the strongest language-supervised approach, while
DINOV2 represents the strongest visual feature approach with
minimal supervision.

IV. EXPERIMENTS
A. Evaluation Metrics

Two metrics are used to evaluate model performance. The
first is overall classification accuracy, which measures the
percentage of images where the model correctly identifies the
species. Accuracy is the most straightforward way to compare
how well each model performs, but it can produce misleading
results. Since AQUA20 is heavily imbalanced, a model could
show high accuracy overall while having low accuracy on a
rare species. For this reason, the per-class accuracy of all 20
species was also collected.

ROC curves and AUC are also reported for both CLIP
models, capturing how well each model ranks the correct
class regardless of threshold. AUC is omitted for DINOv2
since k-NN does not produce calibrated probability scores.
This is particularly informative in cases where a model
assigns reasonably high probability to the correct class but
is consistently outranked by a competing class. For example,
with the fish class, CLIP achieves an AUC of 0.87 despite
only 2.59% classification accuracy, indicating that the failure
is not due to the correct class being ranked poorly overall,
but rather due to a specific class consistently scoring higher.

In addition to accuracy and AUC, precision, recall, and F1
score are reported for each model. Given the class imbalance
in AQUA?20, overall accuracy alone is an insufficient metric.
Since fish and coral together account for the majority of



images in the dataset, a model could achieve a high overall
accuracy while completely failing on rare classes such as
octopus and shrimp. This failure would be largely unrepre-
sented in the accuracy number. The F1 metric addresses this
by computing F1 separately for each class and averaging
them equally, ensuring that a failure on octopus penalizes
the summary metric just as much as a failure on fish. For
a given class, precision measures the fraction of positive
predictions that are correct, and recall measures the fraction
of true positives that are detected. F1 is the harmonic mean,
defined by the equation:

Fl—9x Prec%s%on x Recall 0
Precision 4+ Recall

Table I reports precision, recall, and F1. DINOv2 achieves
balanced scores of 91.25% and 91.93%, while CLIP ViT-
L/14 shows a recall of 73.49% against a precision of 61.90%,
indicating excess false positives. The F1 scores confirm the
accuracy gap is not an artifact of class imbalance.

TABLE I: Overall Performance on AQUA20

Model Accuracy (%) Precision (%) Recall (%) F1 (%)
CLIP ViT-B/32 42.99 50.83 53.84 42.75
CLIP ViT-L/14 54.08 61.90 73.49 59.80
DINOv2 ViT-B/14 92.45 91.25 91.93 91.50

Fig. 2 shows the per-class ROC curves for both CLIP
variants across all 20 marine species.

ROC Curves — CLIP Small vs CLIP Large

Fig. 2: Per-class ROC curves for CLIP ViT-B/32 (blue) and
CLIP ViT-L/14 (orange) across all 20 marine species on the
AQUAZ20 dataset.

B. Results

Table I summarizes overall accuracy. DINOv2 achieves
92.45%, compared to 54.08% for CLIP ViT-L/14 and 42.99%
for CLIP ViT-B/32, displaying a 38.37% gap showing that
zero-shot language-supervised methods struggle in underwa-
ter environments. Table II shows per-class results. DINOv2
achieves 100% on seven classes including jellyfish, shark,
turtle, and squid, and exceeds 90% on fourteen of twenty
classes. CLIP ViT-L/14 performs well on visually distinctive
species such as diver (100%) and jellyfish (96.9%), but
struggles on fish (10.6%) and fishInGroups (11.0%). The fish
and fishInGroups classes are the most problematic for both
CLIP variants, despite fish having the largest image count,
both models fail to classify it reliably, suggesting language
bias rather than data scarcity as the root cause. Fig. 3a shows
the per-class accuracy comparison visually.

TABLE II: Per-Class Accuracy (%) on AQUA20

Species CLIP-S CLIP-L DINOv2
coral 76.9 80.9 93.6
crab 32.6 95.4 66.7
diver 98.0 100.0 90.0
eel 27.5 63.8 93.8
fish 2.6 10.6 93.4
fishInGroups 114 11.0 74.1
flatworm 38.0 62.0 70.0
jellyfish 86.6 96.9 100.0
marine_dolphin 80.0 95.0 100.0
octopus 50.0 75.0 100.0
rayfish 23.8 78.0 93.5
seaAnemone 72.0 87.3 93.3
seaCucumber 80.0 94.3 100.0
seaSlug 13.9 40.5 62.5
seaUrchin 86.1 93.0 91.3
shark 76.1 81.7 100.0
shrimp 54.6 59.1 75.0
squid 20.8 95.8 100.0
starfish 63.3 91.6 97.0
turtle 82.7 99.3 100.0
Overall 43.0 54.1 92.5

V. ANALYSIS
A. Limitation 1: Language-Semantic Ambiguity

One major source of error with the CLIP models is
language-semantic ambiguity, where species that appear iden-
tical are confused due to overlapping or imprecise textual
descriptions. A clear example of this occurs with the “fish”
and “rayfish” classes. Despite substantial visual differences,
both classes share the word “fish” in their text prompts, which
biases the language-supervised model toward systematic mis-
classification. Analysis of all 2,200 fish images shows that
CLIP ViT-B/32 predicts rayfish in 1,074 cases, accounting



v
& & ¢ AR
o8

&

A A A SRS R

(a) Per-class accuracy comparison across models.

Language Bias — What Does CLIP Predict for Fish Images?

True Label: fishinGroups

(b) CLIP prediction bias for fish classes.

Fig. 3: Model performance and failure case analysis on
AQUA20.

for 48.8% of all fish misclassifications. This pattern is con-
sistent across both CLIP variants, as shown in Fig. 3b. This
suggests that the failure is likely not caused by poor visual
encoding, but rather stems from the way CLIP aligns textual
embeddings with visual features [6]. CLIP uses Byte-Pair
Encoding (BPE) for subword segmentation. In CLIP, rare or
domain-specific words like ’rayfish’ are likely not present as
single tokens in the models dictionary. Instead, the tokenizer
decomposes them into more frequent subwords, such as
ray’ and ’fish’. Consequently, the model’s text embedding
for ’rayfish’ becomes heavily biased toward the generic
“fish’ component, leading to the high misclassification rate
observed in the results [1].

B. Limitation 2: Visual Degradation

Another source of error stems from visual degradation
under underwater conditions [2]. CLIP models frequently
misclassify coral as diver, particularly in images with strong
color distortion, low contrast, or dark lighting. These degra-
dations obscure the distinguishing features in an image, mak-
ing it difficult for the model to differentiate between objects
with similar shapes or patterns. Fig. 5 shows examples where
CLIP fails while DINOvV2 is successful, illustrating how
environmental degradations remove the visual cues that CLIP
models rely on. In contrast, DINOv2, which relies solely
on visual feature representations, is less sensitive to these
distortions.

(b) CLIP ViT-L/14

(c) DINOv2

Fig. 4: Confusion matrices for all three models on the
AQUA20 dataset.



Failure Cases

Fig. 5: Examples of images where CLIP fails but DINOv2
succeeds. Underwater colour distortion and low contrast
remove visual cues that CLIP relies upon for classification.

C. Effect of Model Size

Scaling from CLIP ViT-B/32 to ViT-L/14 improves overall
accuracy by 11.09%, with notable accuracy increases on
species such as crab (+62.8%) and squid (+75.0%). However,
increasing the model size from CLIP ViT-B/32 to ViT-
L/14 does not eliminate failures due to language-semantic
ambiguity. While the larger model is better at extracting
general visual information, increasing model size predomi-
nantly helps with feature recognition rather than resolving
biases introduced by overlapping textual prompts. These
results suggest that language-driven failures in underwater
classification cannot be overcome by using a larger model,
and that architectural changes or domain-specific training are
needed to address the root cause of error.

VI. CONCLUSION

A benchmark was conducted comparing CLIP ViT-B/32,
CLIP ViT-L/14, and DINOv2 on the AQUA20 underwater
species classification dataset. DINOv2 outperformed both
CLIP models by a wide margin, achieving 92.45% accuracy
compared to 54.08% for CLIP ViT-L/14 and 42.99% for
CLIP ViT-B/32. Two areas of failure were identified in CLIP:
language-semantic ambiguity between overlapping class la-
bels, driven by BPE tokenization seperating domain-specific
terms into generic subwords, and visual degradation under
underwater imaging conditions. Scaling to a larger model
improved general recognition ability but did not resolve
language-driven failures, confirming that the root cause of

error is related to model architecture as opposed to model
capacity.

This study has two main limitations. The comparison is
intentionally asymmetric, since DINOv2 uses labeled training
examples while CLIP is fully zero-shot, so the gap reflects the
best of each paradigm rather than an identical comparison.
Results are also limited to a single dataset. Future work
should explore underwater preprocessing and marine-specific
fine-tuning for CLIP, and evaluate DINOvV2 as a visual back-
bone in a full VLM pipeline for reliable marine perception.
This work serves as a diagnostic benchmark for understand-
ing the limitations of current vision-language models under
underwater domain shift and provides a foundation for the
development of domain-specific vision-language systems for
marine perception.
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