
 

SINERGI Vol. 30, No. 2, June 2026: 591-604 
http://publikasi.mercubuana.ac.id/index.php/sinergi 

http://doi.org/10.22441/sinergi.2026.2.022 
 

 
 

T. Dewi et al., Benchmarking YOLOv8 and vision transformers for intelligent fish … 591 

 

Benchmarking YOLOv8 and vision transformers for 
intelligent fish monitoring in aquaponics and controlled 
aquarium environments  

 

 
Tresna Dewi1*, Yurni Oktarina1, Sri Rezki Artini2, Gita Ayu Juliantika1, Jhony Satria3 
1Department of Electrical Engineering, Politeknik Negeri Sriwijaya, Indonesia 
2Department of Civil Engineering, Politeknik Negeri Sriwijaya, Indonesia 
3Koi Agro Farm, Indonesia 

 

Abstract  
Sustainable aquaculture requires reliable and accurate fish 
monitoring systems capable of operating across heterogeneous 
environmental conditions. Conventional monitoring approaches are 
labor-intensive and prone to human error, while recent advances in 
deep learning have enabled vision-based automation for aquatic 
environments. Convolutional object detectors such as YOLO and 
emerging Vision Transformer (ViT) models have demonstrated 
promising performance; however, most existing studies remain 
limited to single-environment evaluations and rarely address energy-
constrained, real-world deployment. To bridge this gap, this study 
presents a systematic benchmark of YOLOv8 and ViT across two 
complementary settings: a controlled aquarium environment and a 
solar-powered, off-grid aquaponics system. The proposed framework 
integrates 1080p CCTV video acquisition, dataset annotation and 
augmentation, and standardized training and evaluation using COCO 
metrics. Experimental results show that ViT consistently outperforms 
YOLOv8 in detection accuracy and prediction stability across both 
environments. ViT achieves 99.73% accuracy in the controlled 
aquarium and ≥99.6% accuracy performance (99.68–99.73%) in 
aquaponics, while YOLOv8 records 87.90% accuracy in the 
aquarium and 93.92–97.92% across aquaponics fish classes, 
exhibiting higher sensitivity to background clutter. Statistical 
validation using McNemar’s test (p < 0.001) confirms that these 
differences are statistically significant. Beyond accuracy, the results 
reveal a trade-off between robustness and computational efficiency. 
ViT provides superior resilience under occlusion and glare, whereas 
YOLOv8 offers faster inference suitable for real-time operation on 
resource-limited edge devices. End-to-end deployment on a solar-
powered NVIDIA Jetson Xavier NX demonstrates the feasibility of 
continuous, off-grid aquaculture monitoring and provides practical 
guidance for context-aware model selection in intelligent aquaculture 
systems. 
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INTRODUCTION 

The rising global demand for aquatic 
protein underscores the importance of 
advancing aquaculture systems capable of 
maintaining productivity while safeguarding 

environmental integrity [1, 2, 3, 4, 5]. Modern 
aquaculture is increasingly aligned with 
biodiversity protection, climate change 
mitigation, and circular economy strategies [2, 3, 
4, 5]. Circular resource flows promote 
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wastewater reuse [3], while microbial-based 
interventions such as Bacillus cultures improve 
water quality and reduce environmental impact 
[6]. These measures contribute to sustainable 
resource management and ecosystem resilience 
[4]. 

Integrating renewable energy into 
aquaculture supports off-grid, low-carbon 
operations. Solar-powered aquaponics merges 
clean energy generation with integrated fish–
plant production [7][8]. Hybrid solar–hydro 
energy management with deep learning 
forecasting optimizes resource use [7], while 
hybrid machine learning for photovoltaic (PV) 
prediction enhances energy reliability [8]. 
Agrivoltaic systems further apply AI to crop 
growth and harvest prediction [9]. For fish 
welfare, accurate dissolved oxygen (DO) 
prediction is critical; this has been advanced 
through long-term multivariate modeling [10] and 
transformer-based adaptive forecasting [11]. 
These capabilities support energy-autonomous 
aquaculture, though visual monitoring remains 
essential for biomass estimation, behavior 
analysis, and species identification. 

Fish detection has evolved from geometry-
based to deep learning approaches. Structured-
light and multi-target tracking enabled precise 
spatial measurements but were constrained by 
environmental limitations [12]. CNN-based 
methods improved robustness, with YOLO 
frameworks enabling real-time detection in 
complex aquatic scenes [13, 14, 15]. 
Applications span deep-sea crawler imaging 
[14], morphometric classification with temporal 
modeling [16], and optimized CNN pipelines for 
high-speed recognition [17]. Transfer learning 
with SE-ResNet152 addressed small dataset 
limitations [18], while EfficientNet-based dual 
attention models enabled feeding behavior 
analysis [19]. 

YOLO adaptations have been deployed 
for fish passage monitoring [20], biomass 
estimation in turbid waters [21], morphometric 
measurement via attention-based keypoint 
detection [22], and multi-species counting in 
hydropower fishways [23]. Fisheries monitoring 
has also benefited from automated event 
detection [24]. Reviews consolidate deep 
learning best practices for fish habitat monitoring 
[12][13]. 

Segmentation approaches complement 
detection by enabling precise size estimation. 
Automatic segmentation for morphometric 
analysis has shown promise [25], while semi-
supervised and weakly supervised strategies 
address data scarcity [26]. Underwater image 
enhancement improves detection reliability 

under turbidity and distortion [27]. Fully 
convolutional segmentation, such as SegNet, 
supports spatio-temporal identification in net 
cages [28]. 

Transformers have redefined detection 
methodologies. DETR introduced end-to-end 
transformer-based detection [29], followed by 
Vision Transformers (ViT) [30] for scalable 
recognition. Variants like Twins [31] improve 
efficiency and accuracy balance. In aquaculture, 
transformers have excelled in counting occluded 
or dense fish populations [32, 33, 34], drawing 
from crowd counting methods [35][36] and 
graph-modulated designs [37]. 

Instance segmentation advances, 
including BlendMask [38], Mask R-CNN [39], 
and underwater-specific WaterMask [40] deliver 
fine-grained localization. Foundation models 
such as Segment Anything (SAM) [33] and SAM-
guided salient segmentation [35] offer label-
efficient adaptation. Dense-scene modeling 
approaches, including TransCrowd [35] and 
Gramformer [37], further enhance fish school 
counting. Beyond aquaculture, YOLO variants in 
precision agriculture show transfer potential [41]. 

Despite this progress, three research gaps 
remain clear. First, most existing studies are 
restricted to single environments, limiting 
insights into conditions with distinct optical 
properties such as solar-powered aquaponics 
and controlled aquarium [13, 14, 15, 16, 17, 18, 
19, 20]. Second, while YOLO has been widely 
applied, direct benchmarking of YOLO-based 
and Vision Transformer-based detectors is rare. 
Although recent ViT-related studies [31]–[33] 
demonstrate strong potential for handling dense 
and occluded fish populations, they do not 
systematically compare ViTs with YOLOv8 
under heterogeneous aquaculture 
environments. Third, trade-offs between 
accuracy, inference speed, and energy 
efficiency remain underexplored, particularly for 
continuous monitoring in energy-autonomous 
systems [7, 8, 9, 10, 11]. 

This study benchmarks YOLOv8 and ViT 
models for intelligent fish monitoring in two 
complementary environments: a controlled 
aquarium and a solar-powered real-world 
aquaponics system. The evaluation compares 
detection accuracy, inference latency, and 
energy-aware throughput under identical 
protocols. By analyzing model architecture, 
detection performance, and deployment 
feasibility, this work establishes a dual-
environment benchmarking framework that 
extends recent ViT-based aquatic vision studies 
[31, 32, 33] through direct comparison with 
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YOLOv8, providing practical guidance for 
intelligent off-grid aquaculture monitoring. 

The remainder of this paper is organized 
as follows. Section II discusses the proposed 
method. Section III presents the results and 
discussion. Section IV concludes the paper, 
highlighting the effectiveness of the proposed 
approach. 
 
METHOD 

This study developed and evaluated a real-
world, off-grid aquaponics platform powered 
entirely by photovoltaic solar energy, as illustrated 
in Figure 1. The system integrates a solar panel, 
solar charge controller (SCC), and a 12 V DC 
pump connected to a deep-cycle battery, ensuring 
continuous recirculation of water between the 
aquaculture tank and hydroponic grow beds. A 
weatherproof CCTV camera captures continuous 
video streams of fish activity, which are processed 
by a computer implementing advanced deep 
learning architectures. Specifically, YOLOv8 and 
Vision Transformer (ViT) were deployed for 
automated fish detection and classification, with a 
controlled aquarium developed as a 
benchmarking counterpart. The design ensures 
energy-autonomous operation under fluctuating 
solar irradiance, varying turbidity levels, and 
diverse fish behavioral patterns. 

The complete methodological framework is 
further illustrated in Figure 2, which outlines the 
data and model pipeline. The process begins with 
dataset collection from both aquaponics and 
aquarium environments, followed by 
preprocessing steps such as resizing and 
augmentation to improve model robustness. The 
next stage involves building and training models 
(YOLOv8 and ViT), after which validation is 
performed to assess detection accuracy and 
generalization. A decision stage evaluates 
whether the model performance is satisfactory; if 
not, the workflow loops back to the improvement 
stage for refinement and retraining. Once 
performance criteria are met, the results are 
visualized and the model is prepared for 
deployment on an edge AI platform (Jetson NX) 
integrated into the solar-powered aquaponics 
system. 

To ensure reproducibility and clarify how 
optimal performance was achieved, the main 
hyperparameters used to train YOLOv8 and the 
Vision Transformer (ViT) are summarized in Table 
1. Both models were trained for an equal number 
of epochs, while optimizers and learning rates 
were selected according to best practices for 
CNN- and transformer-based architectures. 

 

Figure 1. Solar-powered aquaponics setting 
is considered in this study 

 

Figure 2. Methodology flowchart used in this 
study 

Table 1. Training hyperparameters for YOLOv8 
and Vision Transformer (ViT) 

Hyperparameter YOLOv8 
Vision Transformer 

(ViT) 

Batch size 16 32 

Number of 
epochs 

100 100 

Optimizer SGD Adam 

Learning rate 0.01 3 × 10⁻⁵ 

Momentum 0.937 – 

Weight decay 0.0005 0.0005 

Dropout rate – 0.1 

Precision mode 
Mixed 

precision 
Mixed precision 

Framework PyTorch 1.13 
TensorFlow/Keras 

2.10 
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Material 
The experimental platform was a fully 

autonomous aquaponics system (Figure 1) 
configured for continuous, off-grid operation. 
Electrical power was supplied by a 1300 Wp 
monocrystalline photovoltaic (PV) panel with a 
conversion efficiency of approximately 21.2%, 
selected for its high performance in both direct 
sunlight and partial shading conditions. The PV 
output was regulated via a maximum power point 
tracking (MPPT) solar charge controller, which 
ensured optimal energy harvesting across a range 
of solar irradiance levels. Energy storage was 
provided by a 12 V 100 Ah deep-cycle AGM 
battery, chosen for its deep-discharge tolerance, 
long cycle life, and maintenance-free operation. 
The stored energy powered a 12 V DC centrifugal 
pump responsible for recirculating water between 
the aquaculture tank and the hydroponic grow 
beds, maintaining both nutrient distribution and 
adequate dissolved oxygen levels. The fish 
considered in this study are Comet Goldfish 
(Komet), Manfish/Angelfish (Manfish/Malaikat), 
Goldfish (Mas Koki), Blue Gourami (Sepat Biru), 
dan Yellow Gourami (Sepat Kuning) 

Visual data acquisition was achieved using 
a weatherproof IP CCTV camera with a resolution 
of 1080p and a frame rate of 30 frames per 
second, mounted above the fish tank. The 
installation height and angle were optimized to 
minimize glare and refraction from the water 
surface while ensuring maximum coverage of the 
fish activity zone. Continuous footage was 
captured under a variety of seasonal and lighting 
conditions, including clear skies, overcast 
weather, and periods of high turbidity. 

 

 
(a) Aquarium dataset 

 
(b) Dataset generated from Solar-powered 

aquaponics illustrated in Figure 1 
Figure 3. Generated dataset 

 
(a). Annotation process 

 
(b). Dataset division 

Figure 4. Labelling and annotation in 
Roboflow 

 
The dataset used in this study was collected 

exclusively from a controlled aquarium 
environment and a real-world solar-powered 
aquaponics system. No external or publicly 
available datasets were used, as shown in Figure 
3. All images underwent manual annotation using 
the Roboflow platform given in Figure 4, producing 
ground-truth bounding boxes and class labels in 
PyTorch format for YOLOv8 and COCO format for 
ViT. 

Computational experiments were 
conducted on a high-performance deep learning 
workstation equipped with an NVIDIA RTX 2050 
GPU with 4 GB VRAM, an Intel Core i5-13420H 
CPU, 16 GB of DDR5 RAM, and running Windows 
11. Model development employed PyTorch 1.13 
for YOLOv8 and TensorFlow/Keras 2.10 for ViT, 
and supporting libraries such as OpenCV and 
Matplotlib for preprocessing, visualization, and 
evaluation. 
 
Methods 

The data acquisition process involved 
continuous recording from the IP CCTV camera, 
with representative frames extracted at fixed 
intervals to prevent temporal redundancy and 
maintain diversity in fish poses, orientations, and 
behaviors. This ensured that the dataset remained 
balanced across fish species, environmental 
conditions, and activity types. 

Table 2 shows dataset composition and 
train/validation/test split for aquarium and 
greenhouse aquaponic environments, where per-
class distribution is reported as ground-truth 
instance counts derived from the test-set 
confusion matrix, reflecting the object-level nature 
of the detection task. 
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Table 2. Dataset composition, data split, and test-
set per-class instance distribution 

Component Statistic Value 

Total images All images 1,364 

Train/Val/Test 
split 

Train images 1,057 (77.49%) 

  Validation 
images 

205 (15.03%) 

  Test images 102 (7.48%) 

Per-class 
distribution 
(test set, from 
confusion 
matrix) 
  
  
  
  

Comet goldfish 148 (19.55% of fish 
instances) 

Angelfish 151 (19.95%) 

Goldfish 156 (20.61%) 

Blue gourami 157 (20.74%) 

Yellow gourami 145 (19.15%) 

  Total fish 
instances 
(test set) 

757 (100%) 

  Background 
(true 
“background” 
column) 

26  

 
Preprocessing included normalization and 

format conversion, while data augmentation 
techniques were extensively applied to improve 
model robustness. Geometric augmentations 
involved random rotations up to ±15°, horizontal 
and vertical flips, and scaling up to ±20%, while 
photometric adjustments altered brightness, 
contrast, and hue to mimic variable daylight 
conditions. Gaussian noise was added to simulate 
suspended particles in turbid water, and random 
erasing was applied to represent occlusions 
caused by plant roots or overlapping fish.  

Deep learning architectures are given in 
Figure 5. YOLOv8 was implemented with a 
CSPDarknet53 backbone, PANet-based feature 
aggregation, and multi-scale detection heads 
optimized for real-time inference (Figure 5a). ViT 
employed a patch embedding mechanism and 
multi-head self-attention layers to capture long-
range feature dependencies, making it particularly 
effective under low-contrast or complex 
background conditions (Figure 5b).  

Training for YOLOv8 was conducted over 
100 epochs using the stochastic gradient descent 
(SGD) optimizer with a learning rate of 0.01 and a 
momentum of 0.937. ViT fine-tuning was 
performed for 100 epochs with the Adam optimizer 
(learning rate = 3×10⁻⁵, weight decay = 0.0005, 
dropout rate = 0.1). Mixed-precision training was 
enabled to optimize GPU memory usage and 
reduce computation time. 

The evaluation protocol followed COCO 
metrics, reporting mAP@0.5 for primary detection 
accuracy, mAP@0.5:0.95 for performance over 
multiple IoU thresholds, and class-specific 
precision, recall, and F1-scores.  

Inference latency, measured in milliseconds 
per frame, was also recorded to assess real-time 
viability. Testing was conducted under three 
controlled environmental conditions: clear water, 
moderate turbidity, and high turbidity, enabling 
assessment of model resilience to visual 
degradation. 

Following benchmarking, the best-
performing model was deployed on an NVIDIA 
Jetson Xavier NX edge AI device for real-world 
testing. The device processed live CCTV feeds 
locally, overlaying bounding boxes and class 
labels in real time and storing detection logs for 
long-term behavioral and population analysis. 
Field deployment confirmed the stability of the 
system under continuous operation, the adequacy 
of the solar power subsystem in meeting energy 
demands, and the robustness of detection 
performance under actual environmental 
conditions 

 
Mathematical Formulation  

Let an input image be denoted as 𝐼 ∈
ℝ𝐻×𝑊×3. The objective of the detection task is to 
predict a set of objects 

𝒪 = {(𝑏𝑖 , 𝑐𝑖 , 𝑠𝑖)}𝑖=1
𝑁 ,                                         (1) 

 
(a) 

 
(b) 

Figure 5. ViT and YOLOv8 architecture 
implemented in this study 
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where 𝑏𝑖represents the bounding box coordinates, 

𝑐𝑖the class label, and 𝑠𝑖the confidence score 

associated with the 𝑖-th object. 

The Vision Transformer (ViT) processes the 
input image by partitioning it into non-overlapping 
patches of fixed size. Each patch is linearly 
embedded into a latent feature space and 
enriched with positional encoding before being 
passed through stacked transformer encoder 
layers based on multi-head self-attention and 
feed-forward networks. In this study, ViT is 
employed with a fixed configuration and adapted 
as a baseline for object recognition by learning 
global contextual representations. Model 
optimization follows a standard cross-entropy loss 
formulation over class predictions, without 
architectural or hyperparameter ablation. 

YOLOv8 formulates object detection as a 
unified regression and classification problem and 
optimizes a composite loss function: 

ℒYOLO = 𝜆boxℒCIoU + 𝜆objℒobj + 𝜆clsℒcls,             (2) 

where ℒCIoUdenotes the Complete Intersection 
over Union loss for bounding box regression, 
ℒobjrepresents the objectness loss, and ℒclsis the 

classification loss. The CIoU formulation jointly 
considers overlap area, center distance, and 
aspect ratio consistency, enabling more stable 
localization under cluttered aquatic backgrounds. 

To evaluate deployment feasibility, 
inference efficiency is quantified using latency, 
throughput, and energy consumption. Let 𝑇denote 
the average inference time per frame (seconds) 
and 𝑃the average power consumption (watts). 
Energy per inference is defined as: 

𝐸 = 𝑃 × 𝑇,             (3) 

while frames per second (FPS) is computed as: 

FPS =
1

𝑇
.             (4) 

 
RESULTS AND DISCUSSION 

The experimental results evaluate YOLOv8 
and ViT across both controlled datasets and real-
world deployment in a solar-powered aquaponics 
system (Figure 6), comparing accuracy, precision, 
recall, and inference speed under varying water 
clarity and turbidity. As a novel contribution, this 
discussion presents the dual-environment 
benchmark of YOLOv8 and ViT. demonstrating 
how architectural differences between 
convolutional and self-attention models directly 
influence detection accuracy, robustness, and 
deployment suitability. 

 
 
 

Table 3. Energy and Inference Performance 
Comparison 

Model InRes Lat FPS P (W) Energy (J) 

YOLO 640 × 640 11 90.9 68 0.748 

ViT 640 × 640 10 100 68 0.68 

 

 
Figure 6. Solar-powered aquaponics 

experimental test-bed considered in this study 
 
Table 3 shows the energy and inference 

performance considered in this study where InRes 
is input resolution, Lat is latecy (ms/frame), P is 
power (W), and Energy is Energy per Inference 
(J). 
 
Experiment 1: Controlled Aquarium Evaluation 

The initial experiment was conducted in a 
controlled aquarium environment to evaluate the 
performance of the proposed model under stable 
and well-regulated conditions, with the detection 
results for YOLOv8 presented in Figure 7a and 
those for ViT shown in Figure 7b. 

The experiment on fish classification and 
object detection in a controlled aquarium 
environment was conducted to evaluate the 
performance of the Transformer model in 
recognizing five previously trained fish species. 
The testing process involved a camera directed at 
a mini aquarium, under stable lighting conditions 
and a relatively complex visual background.  

The performance of Vision Transformer 
(ViT) and YOLOv8 was evaluated for multi-class 
fish recognition in a controlled aquarium 
environment across five target categories: Comet 
Goldfish, Angelfish, Goldfish, Blue Gourami, and 
Yellow Gourami. ViT achieved 99.73% overall 
accuracy, surpassing YOLOv8’s 87.90%, 
reflecting its superior ability to extract 
discriminative features and capture global 
contextual dependencies. Figure 8 shows the 
confusion matrix results for fish-detection 
performance analysis in a controlled environment. 
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(a) YOLOv8 

(b)  

 

 
(c) ViT 

Figure 7. Fish detection with ViT and 
YOLOv8 in controlled aquarium 

 
Class-wise, ViT attained ≥0.99 precision for 

all predicted classes except the goldfish–
angelfish–comet combined class (no predictions), 
with Comet Goldfish (0.995 precision, 1.000 
recall), Angelfish (1.000, 0.992), and Goldfish 
(0.991, 0.996) among the strongest. YOLOv8 
showed competitive results for Comet Goldfish 
(0.972, 0.958) and Angelfish (0.971, 0.971) but 
lower performance for Goldfish (0.966, 0.862) and 
Blue Gourami (0.934, 0.891), and completely 
failed to detect Yellow Gourami (0.000 across all 
metrics). 

 
(a) YOLOv8 

 

 
(b) ViT 

Figure 8. Confusion matrix results for fish-
detection performance analysis in a controlled 

environment 
 
ViT’s F1-scores exceeded 0.99 across all 

predicted classes, while YOLOv8’s F1-scores 
reflected its precision–recall imbalance, with 
notable declines for Goldfish (0.911) and Blue 
Gourami (0.912). McNemar’s test (p < 0.001) 
confirmed that the performance difference is 
statistically significant. 

ViT’s high accuracy and stability make it 
well suited for high-precision aquaculture 
monitoring in controlled environments. However, 
its higher computational demand may constrain 
real-time deployment without further optimization. 
In contrast, YOLOv8 remains advantageous for 
latency-sensitive, edge-based inference but 
requires targeted retraining, particularly for Yellow 
Gourami, to approach ViT’s level of performance. 

Experiment 2: Solar-Powered Aquaponics 
Evaluation 

Following the controlled aquarium 
evaluation in Experiment 1, Experiment 2 
assessed model performance in a real-world 
solar-powered aquaponics system. This setting 
introduced dynamic variables—fluctuating natural 
light, water turbidity changes, plant shadows, and 
surface reflections—absent in laboratory 
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conditions, thereby better representing the 
complexities of operational aquaculture 
monitoring. 

The system employed photovoltaic (PV) 
modules as the sole power source for 
autonomous, off-grid operation. Continuous fish 
detection and classification were performed using 
live video streams from overhead surveillance 
cameras above the aquaponics tanks. The 
objective was to examine how Vision Transformer 
(ViT) and YOLOv8, previously benchmarked in 
controlled conditions, adapt to the increased 
visual variability of outdoor environments. 

This transition from a controlled to a 
renewable-energy-driven operational context 
provides a basis for evaluating robustness, 
scalability, and deployment feasibility in 
sustainable aquaculture. The results offer insights 
into trade-offs among accuracy, inference stability, 
and energy efficiency when applying advanced 
deep learning models in off-grid agricultural 
systems.  

Figure 9 compares the performance of 
YOLOv8 (a) and Vision Transformer (ViT) (b) in a 
solar-powered aquaponics system for five target 
species: Comet Goldfish, Angelfish, Goldfish, Blue 
Gourami, and Yellow Gourami. In Figure 9a, 
YOLOv8 detects Comet Goldfish (0.61), Angelfish 
(0.90), Goldfish (0.74), Yellow Gourami (0.91), 
and Blue Gourami (0.85), but exhibits variable 
bounding box precision and misalignment under 
occlusion or reflective glare. The montage 
illustrates detection fluctuations across 
consecutive frames. 

In Figure 9b, ViT detects Goldfish (1.00), 
Yellow Gourami (1.00), Angelfish (1.00), Blue 
Gourami (1.00), and Comet Goldfish (1.00), with 
consistent bounding box alignment and high 
stability despite occlusion and inter-species 
proximity. These results indicate that YOLOv8 is 
more sensitive to environmental noise, whereas 
ViT maintains superior spatial precision and 
classification consistency in real-world 
aquaponics deployment. 

Figure 10 presents a comparative 
evaluation of YOLOv8 and Vision Transformer 
(ViT) classification performance in the solar-
powered aquaponics environment across six 
categories: Comet Goldfish, Angelfish, Fancy 
Goldfish, Blue Gourami, Yellow Gourami, and 
background. As shown in Figure 10a, YOLOv8 
achieves true positive counts of 139 (Comet 
Goldfish), 139 (Angelfish), 150 (Fancy Goldfish), 
148 (Blue Gourami), and 141 (Yellow Gourami), 
corresponding to class-wise accuracies of 
93.92%, 92.05%, 96.15%, 93.67%, and 97.92%, 
respectively.  

 

 

 

 
(a) YOLOv8 

 

 
(b) ViT 

Figure 9. Fish detection with ViT and 
YOLOv8 in real-aquaponics-deployment 

 
Misclassifications are predominantly 

assigned to the background class, resulting in 
frequent false background predictions when fish 
are partially occluded or affected by reflective 
glare. Error rates range from 2.08% for Yellow 
Gourami to 7.95% for Angelfish, indicating 
consistent but imperfect detection performance. 

In contrast,  Figure 10b demonstrates that 
ViT achieves substantially higher classification 
consistency across all evaluated species. True 
positive counts reach 1618 for Comet Goldfish, 
1580 for Angelfish, 1562 for Fancy Goldfish, 1637 
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for Blue Gourami, and 1583 for Yellow Gourami. 
Class-wise accuracy reaches 100% for all species 
except Blue Gourami, which attains 99.68% 
accuracy with a marginal error rate of 0.32%, 
attributable to five Yellow Gourami instances 
misclassified as Blue Gourami.  
No background misclassification was observed in 
the test set under the evaluated experimental 
conditions. Overall, ViT maintains stable 
performance in the range of 99.68%–99.73%, 
indicating highly reliable classification with 
negligible inter-class confusion. 

Table 4 summarizes the ablation analysis 
across model architecture, domain sensitivity, and 
error characteristics. The results indicate that 
detector architecture strongly influences 
performance, particularly under strict localization 
metrics. YOLO-based detectors achieve higher 
precision, recall, and mAP, reflecting superior 
bounding-box localization consistency, whereas 
Transformer-based models exhibit lower mAP 
values but maintain stable classification behavior 

across domains. Domain-shift analysis shows that 
YOLOv8 and YOLOv11 benefit from greenhouse 
deployment through improved precision and 
recall, while ViT performance remains 
comparatively stable with limited variation. Class-
wise recall analysis confirms strong inter-species 
separability, with Angelfish and Fancy Goldfish 
achieving the highest recall due to distinctive 
morphology. In contrast, Blue Gourami and Yellow 
Gourami are more susceptible to background 
interference, consistent with their slender shape 
and narrow object-scale distribution. 

Table 5 contrasts the controlled aquarium 
and solar-powered aquaponics environments. The 
aquarium offers stable indoor conditions with 
regulated lighting and minimal background 
variation, whereas the aquaponics system 
operates under variable natural illumination with 
additional challenges from turbidity, plant 
shadows, and surface reflections. While both 
environments involve the same five fish species, 
performance differences are evident.

 

 
(a) YOLOv8 

 
(b) ViT 

Figure 10. Model performance evaluation in 
real-aquaponics deployment 
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Table 4. Ablation Analysis across Model 
Architecture, Domain Sensitivity, and Error 

Characteristics 
Factor Configurati

on 
Precis
ion 

Recall mAP 

Archite
cture 
  
  
  
  
  

YOLOv8 
(Aquarium) 

0.94 0.962 0.968 

YOLOv8 
(Greenhous
e) 

0.959 0.945 0.977 

YOLOv11 
(Aquarium) 

0.933 0.902 0.953 

YOLOv11 
(Greenhous
e) 

0.947 0.945 0.973 

Transformer 
(Aquarium) 

0.815 0.818 0.816 

Transformer 
(Greenhous
e) 

0.808 0.825 0.816 

Domain 
Shift 
  
  

Aquarium → 
Greenhouse 
(YOLOv8) 

0.019 −0.017 0.009 

Aquarium → 
Greenhouse 
(YOLOv11) 

0.014 0.043 0.02 

Aquarium → 
Greenhouse 
(Transforme
r) 

−0.007 0.007 ≈0 

Class 
Sensitiv
ity 
  
  
  

Goldfish — 0.99 — 

Angelfish — 0.96 — 

Blue 
Gourami 

— 0.97 — 

Yellow 
Gourami 

— 0.93 — 

 
In the controlled aquarium, YOLOv8 

achieves 87.90% accuracy compared to 99.73% 
for ViT. In aquaponics, YOLOv8 reaches 93.92%–
97.92% per-class accuracy (excluding 
background), whereas ViT attains ≥99.6% 
accuracy (99.68%–99.73%), with Blue Gourami 
exhibiting the lowest value. YOLOv8 performance 
is primarily constrained by missed detections and 
background confusion, whereas ViT maintains 
stable classification across both settings. 

The observed performance differences can 
be attributed to architectural characteristics. ViT 
demonstrates strong robustness under glare, 
partial occlusion, and dense fish proximity due to 
its global self-attention mechanism, which 
captures long-range contextual relationships 
beyond local appearance cues. This enables more 
effective suppression of illumination artifacts and 
improved discrimination of closely spaced or 
overlapping fish, contributing to consistently high 
accuracy across environments. 

Conversely, YOLOv8 relies on localized 
convolutional features and anchor-based 
detection, making it more sensitive to background 
noise from reflections, shadows, and water-
surface    disturbances, particularly   in   outdoor  

Table 5. Comparison of controlled aquarium and 
solar-powered aquaponics implementation 

summary 

Aspect 
Controlled 
Aquarium 

Solar-Powered 
Aquaponics 

Environment 

Indoor mini 
aquarium with 
stable, regulated 
conditions 

Outdoor 
aquaponics 
system integrated 
with hydroponics 

Lighting 
Conditions 

Stable artificial 
lighting 

Variable natural 
lighting 

Visual 
Challenges 

Minimal 
environmental 
noise; controlled 
background 

Fluctuating 
turbidity, plant 
shadows, surface 
reflections 

Power 
Source 

Grid-powered 
laboratory setup 

1300 Wp 
photovoltaic 
system with MPPT 
controller and 
AGM battery 

Data 
Acquisition 

HD camera 
mounted above 
aquarium; stable 
viewpoint 

Weatherproof IP 
CCTV (1080p, 30 
fps) mounted 
above tanks 

Target 
Species 

Comet Goldfish, 
Angelfish, 
Goldfish, Blue 
Gourami, and 
Yellow Gourami 

Comet Goldfish, 
Angelfish, 
Goldfish, Blue 
Gourami, and 
Yellow Gourami 

YOLOv8 
Accuracy 

87.90% 

93.92–97.92% 
per-class accuracy 
(except 
background) 

ViT 
Accuracy 

99.73% 

≥99.6% per-class 
accuracy (99.68–
99.73%) (except 
Blue Gourami at 
99.68%) 

YOLOv8 
Notable 
Limitations 

Failed to detect 
Yellow Gourami, 
with lower 
precision and 
recall for 
Goldfish and 
Blue Gourami. 

High background 
misclassification; 
reduced bounding 
box precision 
under glare 

ViT Notable 
Strengths 

Near-perfect 
precision and 
recall for all 
predicted 
classes 

Stable detection 
despite occlusion 
and proximity; 
minimal inter-
species confusion 

 
aquaponics scenarios. While YOLOv8 offers 
faster inference and lower computational 
overhead suitable for resource-constrained edge 
devices, ViT prioritizes robustness and accuracy 
at higher computational cost. 

Overall, the dual-environment evaluation 
confirms that architectural design plays a decisive 
role in real-world aquaculture monitoring. Rather 
than a universally optimal solution, effective 
deployment depends on operational priorities, 
including accuracy requirements, hardware 
constraints, and energy availability. By linking 
architectural behavior with empirical performance 
under energy-autonomous conditions, this study 
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provides practical guidance for AI model selection 
in sustainable aquaculture systems. 

Despite the strong performance observed, 
this study is limited by the number of evaluated 
fish species and data collection from a single 
controlled aquarium and one aquaponics site, 
which may constrain statistical generalizability. 
Extreme operating conditions such as nighttime 
monitoring and heavy rainfall were not included. 
Consequently, the results should be interpreted 
within the studied scope, motivating future multi-
species, multi-location, and all-weather 
evaluations. 

 
CONCLUSION 

This study presented a comprehensive 
benchmark of Vision Transformer (ViT) and 
YOLOv8 models for intelligent fish monitoring 
across two operational settings: a controlled 
aquarium environment and a real-world, solar-
powered aquaponics system. Experimental 
results consistently demonstrated that ViT 
outperformed YOLOv8 in detection accuracy and 
prediction stability across both environments. ViT 
achieved 99.73% accuracy in the controlled 
aquarium and ≥99.6% accuracy performance 
(99.68–99.73%) in the aquaponics system. In 
contrast, YOLOv8 attained 87.90% accuracy in 
the aquarium and 93.92%–97.92% across 
aquaponics fish classes, while exhibiting higher 
sensitivity to background misclassification under 
visually complex conditions. Statistical validation 
using McNemar’s test (p < 0.001) confirmed that 
the observed performance differences were 
statistically significant. Beyond accuracy, this work 
emphasized deployment-oriented evaluation by 
incorporating inference latency, throughput, and 
energy consumption metrics. Deployment on a 
Jetson Xavier NX powered entirely by solar energy 
demonstrated that continuous, off-grid 
aquaculture monitoring is feasible under realistic 
operational constraints. These results highlight a 
fundamental trade-off: while YOLOv8 offers higher 
inference efficiency, ViT provides superior 
robustness and accuracy in complex aquatic 
scenes, particularly in scenarios involving 
reflections, occlusions, and background clutter. 
The key contributions of this study are threefold. 
First, it establishes a unified dual-environment 
benchmarking framework that bridges controlled 
indoor aquariums and outdoor aquaponics 
systems under a consistent experimental protocol. 
Second, it extends conventional accuracy-based 
evaluation by integrating energy-aware and 
latency-sensitive performance indicators, directly 
addressing edge deployment feasibility. Third, it 
provides a statistically grounded comparative 
baseline between ViT and YOLOv8, offering 

practical guidance for context-aware model 
selection in aquaculture monitoring applications. 
Future work will focus on improving computational 
efficiency through lightweight transformer 
architectures such as MobileViT and TinyViT, as 
well as hybrid CNN–Transformer backbones. 
Expanding the dataset to include additional fish 
species, varying turbidity levels, occlusion 
patterns, and nighttime conditions will further 
enhance generalizability. Energy-optimized edge 
AI deployment using platforms such as Jetson 
Orin Nano or Coral TPU, combined with pruning 
and quantization techniques, will improve long-
term sustainability. Integrating multimodal IoT 
sensors for dissolved oxygen, pH, temperature, 
and water flow will enable closed-loop, data-driven 
aquaculture management. Extensions toward fish 
tracking, counting, and behavior analysis with 
continual learning will further strengthen intelligent 
aquaculture systems. Overall, this study provides 
a robust and deployment-validated foundation for 
accurate, efficient, and sustainable AI-driven 
monitoring in modern aquaculture. 

Compared with prior studies, this work 
demonstrates improved robustness and 
deployment relevance for AI-based aquaculture 
monitoring. YOLO-based methods have shown 
strong real-time performance [13][14], but remain 
sensitive to turbidity, lighting variation, and 
background noise, while CNN-based approaches 
achieve high accuracy mainly in controlled 
settings and degrade under domain shifts [15, 16, 
17]. Enhancements such as semi-supervised 
learning and image preprocessing [24][25] 
partially address these issues but still rely on local 
feature extraction. In contrast, transformer-based 
models [30, 31, 32] enable global contextual 
representation, offering greater resilience to 
occlusion and environmental complexity, 
consistent with recent aquaculture prediction 
studies [10][11]. The results of this study align with 
these trends, where ViT outperforms YOLOv8 in 
both controlled and real-world aquaponics 
environments. Unlike existing works that are 
largely limited to single-domain evaluations 
[18][19], this study introduces a dual-environment, 
solar-powered benchmarking framework, 
integrating detection accuracy with energy-aware 
deployment. Therefore, this work not only 
improves detection performance but also 
advances practical implementation toward 
sustainable, intelligent aquaculture systems. 
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