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Abstract

Long-term monitoring of benthic ecosystems is essential for
understanding marine biodiversity. Traditional methods such
as trawling and physical sampling are invasive, costly, and
inefficient. Although deep learning methods offer a promis-
ing non-invasive alternative for automated monitoring, most
existing approaches rely on datasets unrelated to benthic
species and lack systematic evaluation in realistic underwa-
ter environments. To address this gap, we present Benthic
Benchmark, a large-scale, high-resolution underwater image
dataset covering seven representative benthic species, under
three task settings: image classification, object detection, and
image recognition using large multimodal models. We sys-
tematically evaluate 14 representative model architectures,
such as ResNet, ViT, YOLO-v11, DETR, SAM, LLaVA, and
identify three common challenges in benthic imagery: poor
visibility, incomplete object integrity, and lack of size stan-
dardization. This benchmark serves as a standardized plat-
form for marine visual understanding and facilitates future
research on multimodal approaches to ecological monitoring.

1 Introduction

The benthos play a vital role in maintaining biodiversity,
contributing to nutrient cycling, stabilizing sediments, pre-
venting erosion, and maintaining seabed structure (Kris-
tensen et al. 2012). Estimating the spatial distribution of
benthic populations is essential for assessing and sustain-
ing the health of marine ecological-economic infrastructure.
To wit, in fiscal year 2022, commercial landings of Atlantic
sea scallop yielded 31.6 million pounds of meats and gen-
erated $478 million in revenue, according to the National
Oceanic and Atmospheric Administration Fisheries (NOAA
2022). Traditional benthic survey methods, such as dredg-
ing (Hart and Rago 2006), will physically disturb the seabed
and hence be destructive to benthic habitats (Chang, Shank,
and Hart 2017). Their utility is further stretched by limited
spatial coverage and high labor costs, as they rely on point
sampling rather than continuous observation. In response,
underwater optical survey (UOS) systems have emerged
as non-invasive alternatives for benthic monitoring (Davis,
Gallager, and Solow 1992; Gallager et al. 2005; Taylor et al.
2008; Singh, Ornélfsdéttir, and Stefansson 2013).

A standard UOS pipeline involves acquiring high-
resolution seafloor imagery and subsequently identifying
and enumerating benthic organisms from these images.
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Figure 1: Comparison of scallop distribution across the Mid-
Atlantic Bight using human annotations (blue stripes) and Al-
powered UOS (heatmap). A rough consistency is observed between
the two, motivating this study: while Al systems offer scalability for
processing vast volumes of seafloor imagery, how closely can their
outputs align with those of trained human annotators?

Alas, this process is currently performed by trained human
annotators, making it difficult to scale across expansive ma-
rine regions that routinely yield millions of images (Chang
et al. 2016; Roman, Lin, and Rudders 2024). Recent ad-
vances in artificial intelligence (AI) have led to an abun-
dance of computer vision (CV) algorithms, spanning im-
age classification, object recognition, and semantic segmen-
tation, which are seemingly plausible solutions to automate
the UOS pipeline. For example, as shown in Figure 1, human
annotation typically relies on stratified sampling along pre-
defined transect stripes, where each stripe serves as a sam-
pling stratum. Abundance estimates are then extrapolated
using autocorrelation-based techniques (Chang et al. 2016;
Chang, Shank, and Hart 2017). In contrast, we post-train
YOLOvVI11 (Jocher and Qiu 2024) using only 2,000 labeled
scallop images, evaluate its performance on over 15,000 im-
ages spanning a much broader spatial extent than the original
sampled strata. We note a rough spatial consistency between
the two distributions.



No. | Dataset | #Images | # Classes | Overlapped
1 | Pascal VOC | 10K+ | 20 | None
2 CIFAR-100 60K 100 Crab, Flat-
fish
| COCO | 330K | 80 | Crab
4 Open Im- | 9M+ 600 Crab
ages
5 | ImageNet | 14M+ | 1000 | Crab
6 Marine Ani- | 806 9 None
mal
7 | SUIM | 1,635 | 8 | None
8§ | URPC2021 | 8200 | 4 | Scallop
9 | WildFish | 54459 | 1000 | None
10 | Sea Animals | 13K+ | 23 | Eel, Crab

Table 1: Summary of common public vision datasets and
marine-focused datasets regarding marine-related categories
and overlapping species with our datasets.

Motivated by this, we propose Benthic Benchmark, aim-
ing to field-test the effectiveness and standardize the use of
representative vision algorithms in automating benthic or-
ganism detection and counting with high accuracy. We col-
laborate with NOAA Fisheries to curate a large-scale collec-
tion of over 720 thousand benthic images, spanning over 10
years and covering two ecologically and commercially sig-
nificant regions, namely, Mid-Atlantic Bight and Georges
Bank. These images are acquired using Habitat Mapping
Camera (HabCam), a towed dual-camera system that cap-
tures high-resolution (2.7K) seafloor images in real time (30
frames per second). We identify seven economically vital
species, including scallop, crab, whelk, eel, skate fish, flat-
fish, and roundfish. These species pose varying levels of dif-
ficulty for current Al algorithms in terms of detection, classi-
fication, and segmentation, presenting a diverse and realistic
challenge for automated benthic analysis.

2 Existing Testbeds and Gap

Recent advances in automated image analysis have led to
the widespread adoption of both traditional computer vision
models, like image classification and object detection mod-
els (Ren et al. 2015; He et al. 2016; Redmon et al. 2016),
and large multi-modal models (LMM:s) (Touvron et al. 2023;
Liu et al. 2023), with impressive performance demonstrated
across various domains. However, their effectiveness in ben-
thic imagery analysis remains largely unexplored and uncer-
tain. A comprehensive evaluation of existing models on ben-
thic imagery is essential, serving two purposes: 1) Select the
optimal CV model architectures for the benthic modeling
tasks; and 2) Verify if LMMs are more effective modeling
alternatives before we scale them up.

Standard CV models are now open-source and ready to
use, their performance largely depends on the data they were

trained on. However, as summarized in Table 1, existing
public datasets have very little overlap with benthic imagery,
and most of our seven target species are not included. Given
this gap, even if a model can extract useful features from
benthic images, its classifier is likely to make random or in-
correct predictions due to the lack of relevant training data.
To address this, it is necessary to build a dedicated benthic
dataset, retrain representative CV models on it, and evalu-
ate their performance in order to identify the most suitable
model architectures. However, no prior work has conducted
a comprehensive evaluation of whether these models can ac-
curately capture the features of benthic imagery, how well
they perform in this domain, and finally which architectural
designs are most effective for this benthic task.

Large multi-modal models trained on vast and heteroge-
neous internet-scale datasets (Radford et al. 2021; Kirillov
et al. 2023), offer a compelling alternative to conventional
computer vision approaches. LMMs are therefore consid-
ered capable of showing strong generalization across var-
ious downstream tasks, such as directly recognizing ben-
thic organisms without additional fine-tuning. Recent stud-
ies (Cheng et al. 2024) also suggest that LMMs possess
open-vocabulary capabilities, allowing them to identify pre-
viously unseen objects through descriptive prompts; for ex-
ample, a scallop may be recognized as “an orange, fan-
shaped marine organism.” Despite these advances, the de-
ployment cost of LMMs is substantially higher than tradi-
tional CV models; for example, deploying LLaMA2-70B
requires around 42,000 GPU hours, costing approximately
$218K (Agrawal et al. 2024). Therefore, it is necessary to
first evaluate their suitability for benthic image recogni-
tion and determine which model family offers better per-
formance in this domain before deployment. However, no
existing work has systematically evaluated the recognition
performance of LMMs on benthic imagery, nor examined
whether their open-vocabulary capability remains effective
for benthic species as well.

3 Problem Statement and Challenges

To effectively evaluate CV models on benthic organism im-
agery, two major issues must be addressed: the lack of a
large, well-annotated dataset tailored to benthic species, and
the unique visual characteristics of seafloor imagery that
complicate model assessment.

First, constructing a comprehensive dataset of represen-
tative benthic species is a fundamental challenge due to the
large proportion of seafloor images containing no visible or-
ganisms and the significant manual effort required for ac-
curate annotation. Most existing CV models ranging from
classification to object detection networks and LMMs have
yet to be thoroughly evaluated in the context of benthic or-
ganism research. Such a dataset is essential both for training
conventional models and for benchmarking the zero-shot ca-
pabilities of LMMs on benthic imagery. The initial step of
filtering out empty frames is labor-intensive, and precise an-
notations demand marine science expertise since they must
include species-level labels and accurate localization for ob-
ject detection tasks, greatly increasing dataset curation costs.
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Figure 2: These examples illustrate three key challenges. (a)
A large skate whose body is barely visible due to the dark
background. The underexposed image severely reduces tar-
get visibility. (b) A large skate, whose head and partial body
are invisible due to its size exceeding the image frame. (c) A
scallop that is difficult to detect due to its small size.

Even when evaluating LMMs, a well-annotated dataset is in-
dispensable, providing the ground truth necessary to verify
whether these models generate correct and meaningful inter-
pretations of benthic images.

Second, several characteristics inherent to benthic im-
agery may further degrade the performance of both CV
models and LMMs. Although recent advances in underwa-
ter imaging have reduced issues such as blue-green distor-
tion caused by light absorption and scattering (Anwar and
Li 2020), other quality-related challenges persist. Visibility
is frequently compromised by turbid water conditions from
sediment disturbance and by species-specific behaviors such
as partial or full burial in the substrate - common among
scallops and skates. Additional degradations stem from un-
derexposure, overexposure, and low visual contrast between
organisms and their environments (e.g., scallops camouflag-
ing among shell hash), all of which obscure object bound-
aries. Image integrity is also a recurring issue: because ben-
thic imagery is captured using towed camera systems, organ-
isms often appear only partially in frame - such as a skate’s
tail or a scallop’s shell edge - limiting the availability of key
visual features like shape, size, and texture. Compounding
these challenges is the lack of scale standardization; wide-
angle imaging used to capture larger organisms often ren-
ders smaller individuals (e.g., juvenile flatfish) too small to
resolve with adequate detail. Collectively, these factors cre-
ate a highly complex visual domain that diverges substan-
tially from the clean, well-structured datasets on which most
models are trained, as illustrated in Figure 2.

4 Field-Tests and Evaluation
4.1 Datasets

The dataset used in this study was collected by the Hab-
Cam, a specialized towed imaging system capturing high-
resolution seafloor images at six frames per second, pro-
ducing continuous visual records of the benthic environ-
ment. Since most raw images do not contain benthic or-
ganisms, marine science experts manually filtered out empty
frames and annotated the remaining images with species la-
bels and precise organism locations. Data are organized by
year, with 2015, 2016, and 2022 selected for experiments.
Images from 2015 and 2022, prioritized for their higher
quality and richer annotations, include over 90,000 cropped

640x640 sub-images used to evaluate overall model perfor-
mance and challenges related to image integrity and size
standardization. The 2016 dataset, affected by increased sed-
imentation and lower image quality, contains over 20,000
sub-images divided into high- and low-visibility subsets for
testing model robustness under visibility challenges. To en-
sure consistent evaluation, each annotated organism was
cropped into a 640x640 sub-image centered on its annota-
tion. Objects were categorized as ‘Large’ or ‘Small’ based
on bounding box area, and sub-images with crop regions
extending beyond the original image boundaries were la-
beled as ‘Non-Integrity’. The dataset includes seven benthic
species: scallop, crab, whelk, skate fish, flatfish, roundfish,
and eel. Please refer to Section 1 in the appendix for details
on dataset collection, processing, and statistics.

4.2 Models and Implementation

Models We select a set of widely used open-source mod-
els across classification, object detection, and multi-modal
learning, with an emphasis on architectural diversity and
practical relevance. For classification models, we include
convolutional architectures such as (1) ResNet (He et al.
2016), (2) MobileNet (Howard 2017), and (3) Efficient-
Net (Tan and Le 2019), which cover both standard and
lightweight designs. We also include (4) Vision Transformer
(ViT) (Dosovitskiy et al. 2020) and (5) Swin Transformer
(Swin) (Liu et al. 2021) to represent attention-based mod-
els. For object detection models, we consider both two-
stage detectors such as (1) Faster R-CNN (Ren et al. 2015)
and (2) Cascade R-CNN (Cai and Vasconcelos 2018), and
a one-stage detector, (3) YOLOv11 (Jocher and Qiu 2024;
Redmon et al. 2016), to cover different detection paradigms.
We further include (4) DETR (Carion et al. 2020) as a repre-
sentative transformer-based detector. In addition, we evalu-
ate a semantic segmentation model, (5) SAM (Kirillov et al.
2023), which outputs instance-level masks without classifi-
cation. It is treated as a special case of object detection and
is paired with a classification model to assign species labels.
For multi-modal models, we start with (1) CLIP (Radford
et al. 2021), a lightweight contrastive model for image-text
alignment. We further include three more advanced vision-
language models with stronger multi-modal reasoning capa-
bilities: (2) LLaMA (Touvron et al. 2023), (3) LLaVA (Liu
et al. 2023), and (4) Janus (Wu et al. 2024).

Training Protocol Our study evaluates four distinct
model types. The classification model processes each input
sub-image holistically, applying a feature extractor followed
by a classification head to predict a single label (Figure 3a).
In contrast, the object detection model identifies and classi-
fies multiple regions within a sub-image, outputting bound-
ing boxes, class labels, and confidence scores for each de-
tected object (Figure 3b). Regions without valid targets are
assigned a ‘background’ class. The segmentation model out-
puts object-level masks, which we evaluate by measuring
spatial overlap (e.g., Intersection over Union) with ground-
truth annotations and verifying label correctness. This com-
bined assessment of localization and classification enables
us to treat the segmentation model as an object detector in
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Figure 3: Classification, object detection, and segmentation models in this study. All models share a common setting where the
pretrained backbones are frozen, and only the task-specific classification heads are trained for their respective recognition tasks.

rPrompt: You are an expert in marine biology specializing in benthic environments. h

Your task is to analyze the provided image and identify the specific species shown in it.
Below, you will find a list of candidate species descriptions.

Carefully examine the image and select the one candidate description that

most accurately identifies the species shown.

% A. This is a figure of scallop.
B. This is a figure of crab.
o C. This is a figure of roundfish.
X D. This is a figure of skate.
E. This is a figure of flatfish.
2 F.This is a figure of Eel.

G. This is a figure of whelk.
Based on the image provided,
it appears to show a marine organism on a sandy or benthic substrate.
The circular shape and distinct appearance closely match the description of a scallop.

Answer: A. This is a figure of scallop.

J

Figure 4: Example of large multi-modal model performing
visual identification via text prompts.

the context of this work. Blue modules in Figure 3 denote
pretrained components (e.g., feature extractors) that are kept
frozen during training, while red modules (e.g., classifica-
tion heads) represent trainable components fine-tuned for
downstream tasks. Figure 4 shows how we evaluate LMMs.
We input each image to the model along with a fixed ques-
tion asking it to identify the species shown. The LMM pro-
cesses the image and directly returns an answer, selecting
the most appropriate label from a predefined list.

Metrics We adopt three evaluation metrics in our experi-
ments: average classification accuracy (ACC), detection rate
(DR), and average object detection accuracy (AODA).
Average Accuracy (ACC) measures the proportion of
correctly classified samples across all categories. It is com-
puted as: Avg Acc = + vazl I(9: = vi), AcCeass =

class

are where N is the total number of samples, and I(-) is

total
the indicator function, which returns 1 if §; = y; and 0 oth-
erwise. N3 is the number of correctly predicted samples

in a class, and N9%5 is the total number of samples.

Detection Rate (DR) is used for object detection models
to measure how many images contain at least one valid de-
tection: DR = % where N 1s the total number of test
images and Ngetected 1S the number of images in which the
model produces at least one high-confidence detection that
matches a ground-truth object.

Average Object Detection Accuracy (AODA)
evaluates the classification correctness over de-

tected objects with sufficient confidence: AODA =

Nd:md vazdel‘“‘“ I(C; >05A¢; =y;) where C; is the
classification confidence of the selected detection in the i-th
detected image. The indicator function I(-) returns 1 if the
confidence exceeds 0.5 and the predicted label ¢; matches

the ground truth y;.

4.3 Results and Analysis

Table 2 summarizes the performance of all three model types
on the benthic datasets. Overall, CV models consistently
outperform the LMMs across all evaluation conditions.
Among classification models, Swin Transformer achieves
the highest overall accuracy at 67.2%, followed by ViT at
58.2% and MobileNet at 55.1%. ResNet and EfficientNet
yield slightly lower accuracies, reaching 56.1% and 54.2%,
respectively. This suggests that transformer-based architec-
tures, particularly those employing hierarchical designs, are
able to extract more informative features than convolutional
models, leading to improved performance in benthic species
classification tasks. All models demonstrate strong perfor-
mance on Eels, with Swin achieving 93.9% accuracy and
ResNet achieving 90.4%. In contrast, Whelk becomes more
challenging. For example, ResNet reports only 41.0% accu-
racy on Whelk, suggesting insufficient discriminative fea-
tures in these categories. Under high-visibility conditions,
all models exhibit a significant performance boost, with an
average accuracy improvement of 12.7% compared to low-
visibility scenarios. Object integrity also emerges as a crit-
ical factor: when benthic organisms are fully intact and un-
obstructed, classification accuracy improves across all mod-
els, resulting in an average increase of 15.9% relative to
cases involving partially occluded or truncated instances.
For standardization, larger objects do not lead to improved
classification performance. One possible explanation is that
the small object group is dominated by scallops, whereas
the large group contains a higher proportion of three fish
species. Because of better performance for scallops com-
pared to fish, the overall accuracy in the small-object setting
is higher, despite the small size.

For object detection models, the performance trends are
generally consistent with those observed in classification
models. All detectors perform well on scallop instances,
with an average accuracy of 85.8%, while performance
drops significantly for categories such as whelk and flatfish,



Table 2: Performance comparison of vision and multi-modal models on the benthic benchmark dataset

Model Category Avg(/DR) Visibility Integrity Standardization
Scallofrab ~ Whelk  SF FF RF Eel Low High No Yes  Small Large

ResNet 60.6 405 410 69.5 257 357 904 56.1 579 668 468 57.8 503 50.9
EfficientNet 527 535 33.0 57.5 349 404 76.8 51.2 473 507 451 517 508 48.9
MobileNet 585 60.9 314 613 411 296 842 55.1 552 608 470 558 509 499
ViT 593 624 42.3 790 68.0 479 873 58.8 579 66.8 56.1 602 625 56.5
Swin 70.5 58.1 55.8 76.8 565 485 939 67.2 67.2 767 581 679 548 441
Faster R-CNN 88.6 534 30.9 834 102 529 864 84.8/57.3 887 953 752 86.1 751 87.8
Cascade R-CNN  90.0 67.1 63.1 827 532 484 813 82.7/857 823 949 808 828 8§92 82.0
YOLOv11 83.0 8l1.1 86.2 86.7 827 814 96.7 82.1/80.7 80.1 92.0 778 86.7 727 72.8
DETR 81.7 51.1 31.9 59.1 148 252 758 70.6/99.3 572 70.1 714 705 79.8 68.3
SAM 60.5 24.0 00.1 73.8 429 09.7 005 50.0/957 501 56.1 49.1 531 772 50.4
CLIP 775 245 021 020 347 138 71.1 62.9 574 586 609 63.1 745 63.7
LLama 52.5 00.0 37.5 05.8 004 015 012 40.4 109 113 450 398 495 39.5
LLava 654 034 006 027 138 13.7 000 50.9 238 266 556 495 633 50.5
Janus 00.0 00.0 96.6 07.7 060 41.8 50.0 06.2 04.1 048 058 066 01.2 07.3

which achieve average accuracies of 53.0% and 49.7%, re- 080

spectively. In addition, both high visibility and complete ob- 075

ject integrity contribute positively to detection performance. ~070

On average, high-visibility scenes improve detection accu- &

racy by 11.9%, while complete object views lead to an av- 5068

erage gain of 13.5% across all models. A key observation K o0 =

across detection models is the trade-off between detection et

rate and classification accuracy. Although all models are oo o

trained on the same dataset, some tend to adopt more conser- 050 0 200 200 500

vative detection strategies, focusing only on the most confi- Epochs

dent instances. For example, Faster R-CNN achieves a rela-
tively high classification accuracy of 84.8%, but its detection
rate is limited to 57.3%. In contrast, DETR detects nearly all
possible objects in each image, achieving the highest cover-
age of 99.3%, but its classification accuracy drops to 70.6%.
YOLO strikes the best balance between the two, achieving
both high detection rate with 80.7% and strong classification
accuracy with 82.1%. Notably, SAM is a semantic segmen-
tation model and demonstrates a different behavior. While
it can segment almost every object instance in the image,
its masks often cover only a portion of the actual target ob-
ject. As aresult, the model struggles to provide semantically
complete inputs for classification, leading to near-zero accu-
racy on several categories, such as whelk, roundfish, and eel.

LMMs exhibit a distinct behavior compared to classifica-
tion and detection models. While these models appear to per-
form classification by producing plausible predictions and
achieving reasonable accuracy on certain categories, they re-
veal a collapse of predictions into a single dominant class,
with limited attention to fine-grained distinctions. For in-
stance, CLIP, LLaMA, and LLaVA actually assign most im-
ages to the Scallop category, whereas Janus predicts most
images as Whelk. This prediction bias limits category diver-
sity and undermines the reliability of their results.

Figure 5: Overall accuracy of different classification models
across multiple training epochs.

5 In-Depth Analysis and Discussion

5.1 Relationship between training Epochs and
accuracy performance

When the feature extractor is frozen and only the classifi-
cation head is updated, additional training time still leads
to noticeable gains in accuracy. Figure 5 presents the over-
all classification accuracy of five models, MobileNet, Effi-
cientNet, ResNet, ViT, and Swin, trained with 100, 200, 400,
and 600 epochs. Across all models, a general upward trend
in accuracy is observed as training epochs increase. Swin
achieves the highest accuracy at 400 epochs with 77.4%,
although a slight decline is observed at 600 epochs. ViT
shows the second-best performance and the most consis-
tent improvement, increasing steadily from 58.8% at 100
epochs to 72.7% at 600 epochs. Models like MobileNet and
EfficientNet also benefit from extended training, with Mo-
bileNet improving from 55.1% to 67.6%, and EfficientNet
from 51.1% to 65.0%. ResNet follows a similar trend to
Swin, improving up to 65.3% at 400 epochs before slightly
declining. These results validate that longer training can fre-
quently improve classification performance, even under con-
strained fine-tuning settings where only the classification
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Figure 6: Patch-level attribution analysis of CLIP, ResNet, and ViT on two scallop images under high and low visibility. Each
subfigure shows (from left to right): the patch importance heatmap and attribution overlay

head is trained while the feature extractor remains frozen.
Overall, the optimal number of training epochs varies by
model architecture, as some models may experience per-
formance saturation or slight degradation when over-trained
without further feature-level training. Of particular note,
transformer-based architectures such as Swin and ViT out-
perform convolutional-based models in general, especially
under extended training.

5.2 Why LMMs generally fail in benthic
imaginary tasks

LMMs appear to underperform in benthic species classifi-
cation relative to classification and object detection models,
despite their success on general vision-language tasks and
access to extensive pretraining data. Fine-tuning LMMs re-
quires substantial computational resources and large-scale
domain-specific data, which are beyond the scope of this
study. Instead, we focus on analyzing the underlying factors
that may contribute to their suboptimal performance in this
domain-specific context.

In this section, we select CLIP as a representative mul-
timodal model to investigate potential reasons for under-
performance. CLIP’s open-source availability and relatively
simple architecture make it well-suited for detailed analysis
and interpretability. Its modular design allows us to system-
atically examine the individual contributions of the image
and text encoders to the model’s overall performance.

First, we try to explore whether CLIP can extract discrim-
inative feature information related to benthic species from
the input image. Specifically, we divide each image into a
7 x 7 patch grid. We occlude each patch by replacing it
with a black square and recompute the image embedding.
The importance of each patch is quantified by the /5 dis-
tance between the occluded and original embeddings, where
a larger distance indicates a greater contribution to the origi-
nal representation. Figure 6 illustrates two scallop examples
to highlight the performance contrast. In the successful case,
the model correctly identifies the scallop as the most salient
region; its orange shell contrasts with the dark background,

making it visually distinctive. In the failed case, however, the
scallop is partially obscured by sediment, with only a faint
white edge visible. Under these conditions, the image en-
coder mistakenly assigns high salience to unrelated white re-
gions near the image border—background noise rather than
the organism itself. Despite CLIP’s exposure to large-scale
training data, it struggles to extract meaningful features from
low-visibility benthic imagery. Consequently, the resulting
representation lacks the visual cues necessary to match the
image to the appropriate text prompt, making the misclassi-
fication a plausible outcome.

We further repeated the same occlusion-based experiment
using standalone ViT and ResNet models. As shown in Fig-
ure 6¢ and Figure 6d, the ResNet model, which is based on
a convolutional architecture, demonstrates more robust fea-
ture extraction under both high and low-visibility conditions.
In particular, it performs noticeably better than CLIP when
processing low-visibility images, capturing the relevant ob-
ject regions more clearly, as shown in Figure 6g. Although
ViT also adopts a transformer-based architecture similar to
CLIP, it still shows improved recognition in the low visi-
bility case. It is able to partially localize the true scallop
in the upper-right region while avoiding distraction from
background noise, as shown in Figure 6h. These results sug-
gest that, despite being trained on large-scale datasets, CLIP
struggles to extract benthic-relevant features under challeng-
ing visibility conditions. The resulting image representation
lacks the necessary visual cues to match the image to the cor-
rect text prompt, making the misclassification an expected
outcome. Furthermore, convolutional architectures may out-
perform transformer-based models in this domain, possibly
because they are better at capturing fine-grained local fea-
tures that are critical for identifying benthic organisms.

We next assess CLIP’s ability to align image and text em-
beddings within a shared semantic space. As shown in Fig-
ure 7b, the image encoder correctly localizes the roundfish in
the input image and extracts relevant visual features. To eval-
uate alignment, we compute the cosine similarity between
the image embedding and each text embedding. Despite ac-
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Figure 7: An example of roundfish image. From left to right: (a) a high-visibility input image, (b) patch-level attribution maps
and overlays, and (c) similarity results with simple prompts, more detailed prompts, and word-level importance visualizations

for the descriptive prompt.

curately identifying the roundfish visually, CLIP assigns the
highest similarity to the ‘Eel’ prompt, misclassifying the
image. This highlights a misalignment between the visual
and textual representations, even when the image features
are extracted correctly. To probe this further, we extract the
four most relevant fish-related categories and replace simple
prompts with more descriptive ones:

* a round fish which has a cylindrical black body with a
rounded belly and a symmetrical appearance.

¢ a flatfish which has a flattened body with both eyes on
one side, blending well with the ocean floor:

* a skate fish which has a flattened, diamond-shaped body
with wing-like pectoral fins and a long tail.

* an eel which is a long, slender fish with a smooth, snake-
like body and small fins.

However, while the detailed prompts add richer semantic
cues, the prediction remains incorrect: the roundfish image
is still labeled as being most similar to the eel description, as
shown in Figure 7c. This suggests that the open vocabulary
capability of CLIP may not necessarily improve classifica-
tion accuracy, as the model fails to leverage the added se-
mantic detail to distinguish between visually similar benthic
species. To further support this observation, we apply a sim-
ilar occlusion strategy to the text modality. We assess the
importance of each word by masking it and measuring the
decrease in cosine similarity between the image embedding
and the modified text embedding, relative to the similarity
from the unmasked sentence. As shown in Figure 7c, de-
scriptive terms such as round and cylindrical, which are ex-
pected to be informative, instead reduce the similarity score,
suggesting a misalignment between textual semantics and
visual representation. While this provides a single illustra-
tive example, our global accuracy results in Table 2 sug-
gest CLIP struggles to capture the fine-grained semantic dis-
tinctions necessary for accurate benthic species recognition.
Our analysis reveals this is likely driven by three key limita-
tions. First, the image encoder frequently attends to coarse or
background features rather than the organism itself, result-
ing in the extraction of misleading visual representations.
Second, the text encoder exhibits weak grounding, where
critical descriptive terms often fail to meaningfully improve
image-text alignment. Third, some visual differences be-
tween benthic species are inherently difficult to express in
natural language, limiting the effectiveness of CLIP’s text-

based reasoning. Together, these challenges underscore the
difficulty of applying large, pre-trained multimodal models
directly to domain-specific tasks like benthic imagery clas-
sification without targeted adaptation or fine-tuning.

6 Open Problem

For standard CV models, we freeze the backbone and re-
gion proposal components and only fine-tune the classifi-
cation heads. This setup is intended to isolate classification
capability, but it leaves open the question of whether pre-
trained models, which are trained on non-benthic datasets,
can effectively extract low-level and mid-level features rele-
vant to benthic imagery. As a result, the full potential of dif-
ferent architectures has not been fully explored. Future work
could investigate end-to-end training on benthic datasets to
better assess model capacity, although this would involve
higher computational costs. For LMMs, our evaluation cen-
ters on species recognition through image-to-species name
matching. Although we explored the influence of descrip-
tive prompts in a limited set of cases, we did not perform a
systematic, dataset-level analysis. Future work should eval-
uate the prompt sensitivity of LMMs more comprehensively,
examining whether specific prompt designs consistently im-
prove performance and are more effective.

7 Conclusion

In this work, we introduce Benthic Benchmark, a large-
scale, high-resolution underwater image dataset designed to
evaluate the performance of classification, object detection,
and multi-modal models on benthic species recognition. The
dataset contains three inherent recognition challenges: lim-
ited visibility, incomplete object integrity, and inconsistent
object scale. We construct two standard tasks, image classi-
fication and object detection, and benchmark a diverse set of
representative architectures including CNNs, Transformers,
detection models, and LMMs. We further analyze the influ-
ence of each challenge through controlled subset evaluation
and observe that these factors reduce model performance
generally, with varying degrees across different architec-
tures. In particular, LMMs such as CLIP struggle to gen-
eralize in benthic settings, showing issues related to seman-
tic mismatch and prompt sensitivity. These findings demon-
strate the limitations of current models and establish Benthic
Benchmark as a foundation for domain-specific evaluation
and future research in benthic visual understanding.
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