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Conventionally, identifying phytoplankton species is challenging due to
human taxonomical knowledge limitations. Advanced technology can
overcome this problem. A novel model that accurately enhances
phytoplankton detection and identification classification by combining
asymmetric convolution and vision transformers (ACVIT) within the
YOLOv8m framework is promoted with ACVIT-YOLO. The performance of
this model surpasses the original YOLOv8m model, exhibiting a notable 2.4%
enhancement in precision, 5.5% improvement in recall, and 1.1% gain in mAP
50 score. The enhanced effectiveness of ACVIT-YOLO compared to the
YOLOv8m model, further demonstrated by the decreased giga floating-point
operations (GFLOP), decreased parameter count, and compact dimensions,
significantly improves the automation of phytoplankton species identification.
This suggests that the ACVIT-YOLO model could produce a better prediction
system for identifying phytoplankton with similar accuracy to the original
YOLOv8m model but with lower computational power and resource usage.
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1. INTRODUCTION

Phytoplankton plays a vital role in marine ecosystems as the primary producer, energy transfer link,
and maintaining the biodiversity and ecological stability within the ecosystem [1], [2]. Phytoplankton plays an
important role in oxygen production [3], influences regional and global temperatures, and regulate the aquatic
biogeochemical cycle [4]. Phytoplankton also considered as a good bioindicator in aquatic ecosystems due to
its rapid response to the environmental changes and anomalies [5].

Due to the country’s unique geographical features, Indonesia is known for its high biodiversity and
endemicity level in its marine ecosystems, particularly coral reef ecosystems [6]. Indonesian marine ecosystems
should contain highly diverse and possibly endemic marine phytoplankton species. However, no official records
of phytoplankton species exist, although several studies have documented between 150—400 species of marine
phytoplankton in Indonesia [7], [8]. However, phytoplankton identification in Indonesia is still done
conventionally using light microscopy, which is quite time-consuming and prone to error due to limitations in
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knowledge, the physiological, and psychological state of the human expert that performs the species
identification [9]. Morphological similarities between plankton species often lead to misidentification [9].

The increasing anthropogenic activities, combined with global change, many ecological problems due
to harmful algal blooms (HABSs) tend to rise in frequency, duration, and impact in the last few decades [10]
including in Indonesia [11]. Research indicates that at least 200 out of approximately 5000 known
phytoplankton species produce toxins harmful to human health [10]. Consequently, rapid, accurate, and
efficient identification of phytoplankton species is crucial to quickly identify the causative species of HABs
and mitigate their negative effects on marine ecosystems, particularly in Indonesia.

Computer-assisted species identification using machine learning (ML) techniques has been developed
recently. In recent years, the convolutional neural networks (CNN) method has performed well in determining
plankton [12]. For example, the VGG-16 architecture can achieve excellent accuracy for classification tasks
on the SIPPER dataset [13]. Similarly, a combination of inception/residual, VGGNet, and multi-layer
perceptrons has achieved high precision [14]. More attractive models such as Detrecton2 Shufflenet V2,
DenseNet201, and deep transfer learning (DTL) ResNet18 can demonstrate high performance identify various
phytoplankton species [15]-[19]. Another approach using a combination of CNN, polar filter, support vector
machine (SVM), and the PlanktonlK framework is promising [20]-[22]. Another significant advance is that a
modified AlexNet model can achieve impressive precision [23], while deep learning with K-harmonic and
SVM can also show good results [24]. Results from another study using application density-based spatial
clustering were equally impressive [25].

A breakthrough in deep learning for real-time, fast, and accurate object recognition is the YOLO
architecture [26], which has been demonstrated in a study to identify 80 diatom species precisely [27].
Similarly, the Algae-YOLO model with the efficient channel attention (ECA) attention mechanism achieves
substantial mean average precision (mAP) values [28], while the YOLO-x-based approach yields more
promising detection metrics [29]. The YOLOv3 model has higher accuracy in algal image identification, for
example, in identifying microalgae growth in drinking water, compared to the more conventional approaches
[30]. The complex YOLO model also helps classify HABs in custom datasets, and the data augmentation
approach improves the model performance [31]. On the other hand, 1D asymmetric convolution is a new
development in CNNs that improves CNN efficiency and resilience to rotational distortion in square
convolution kernels without additional hyperparameters being needed [32]. At the same time, computer vision
has been entirely transformed by the vision transformer [33]. While transformer's initial goal was to enhance
English comprehension, it has since outperformed conventional CNNs in object identification and picture
categorization, detection, and segmentation [34].

This research focuses on developing a deep-learning model designed to identify phytoplankton
accurately and efficiently. By incorporating asymmetric convolution alongside vision transformers (ACVIT), we
aim to explore the synergistic effects these technologies may have on improving the performance of YOLOv8m.
The successful implementation of this final model is anticipated to play a crucial role in the advancement of an
intelligent phytoplankton detection system, enabling precise classification of these organisms.

2. METHOD

In this study, we develop a modified model for detecting the phytoplankton using ACVIT-YOLO in
the research workflow, as shown in Figure 1. The study consists of three main stages: preprocessing,
processing, and model implementation. During preprocessing, image annotation with species names is
conducted, followed by resizing the photos to 640x640 pixels. Augmentation techniques are then used to
generate additional images. The processed images are divided into training, validation, and testing datasets.
This phase is known as processing. Data splitting enables the training, validation, and testing of two distinct
YOLOv8m architectures, one original and one modified namely ACVIT-YOLO. The final step involves
evaluating and comparing the performance of all the models created.

2.1. Experiment environment

This experimental study was conducted using the Python 3+ language, PyTorch, and the ultralytics
framework [35]. The setup for the experiment was implemented on Google Colab Pro+ using GPU
specifications, the A100 (12 CPUs, 85.5 GB RAM). The A100 GPU was chosen because to its superior
specifications in comparison to the V100 and T4 GPUs offered on Google Colab Pro+.

2.2. Data preprocessing and augmentation

This deep learning model research uses the plankton image database (cPID) at the Oceanographic
Research Center, National Research and Innovation Agency (RCO-BRIN) [36]. The database utilizes images
captured by an inverted microscope with phase contrast to enhance the visibility of transparent phytoplankton
species [37], [38]. The PID comprises a varied plankton image collected 18 Indonesian marine locations,
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spanning 2011 to 2019. In the study, we annotated 324 images from this database using the LabelMe tool [39],
focusing on 20 distinct species.

We utilized various augmentation techniques, including flipping, rotation, shearing, saturation, and
exposure adjustments [40], to expand our plankton image set from 324 to 3,471 images (Figure 2). To further
diversify the model, we applied standard aloumentations [41] like blur and median blur at 1% probability with
varying intensities, creating a spectrum of blurred images. In addition, we transformed color photos into
grayscale with a 1% likelihood of replicating various real-life scenarios. The local contrast was enhanced by
implementing the contrast-limited adaptive histogram equalisation (CLAHE) method, with a clip limit ranging
from 1 to 4 and an 8x8 grid size for histogram equalization [42].
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Figure 2. Original images and examples of image augmentations

2.3. Architectural designs of models

In this study, we use the YOLOV8 architecture that was developed by ultralytics in January 2023 [35],
[43]. Initially, the YOLOv4 model enhances the efficacy and accuracy of neural networks by integrating the
scaling cross stage partial network (CSP) [30]. The YOLOv4 model uses the scaling cross CSP to improve the
performance and precision of neural networks by applying scaling algorithms and cross-stage partial
connections [30]. A significant step forward in YOLOV5's development is the integration of bottleneck CSP
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with three convolutions (C3) [44]. An evolutionary step towards more incredible speed and efficiency was
reducing the number of convolutions from three to two (C2f) [44]. To determine the loss for the bounding box,
the YOLOv8 model integrates the C2f module with the complete intersection over union (CloU) and
distribution focal loss (DFL) loss functions [45]. The importance of YOLOvVS8’s structure in phytoplankton
identification is evaluated in this study. While YOLOv8m can simultaneously detect objects of various sizes
within the same image, we develop a method to further enhance the detection capabilities of YOLOv8m by
modifying the C2f module with asymmetric convolution as shown in Figure 3.

——skeloton
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1x3 I + function
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> : >

Training-time Deployed model

Figure 3. Conceptual of asymmetric convolution with the aims to increase the efficiency of convolution
kernels and strengthen square convolution

On the other hand, we replace other C2f blocks using C3TR blocks to switch the resistance in the
network. Multi-head attention in transformers aims to understand the overall context within an image. In (1)
represents the transformation of the scaled dot-product attention from the vision transformer [46], replacing the
C2f block. Where d,, is the dimension key used for scaling. Multi-head attention [46] is represented in (2).

T
Attention(Q,K,V) = softmax <%) %4 Q)
MultiHead(Q,K,V) = Concat(head,, ...., head, )W° )

where head; = Attention(QW,%, KWX,vw}).

The enhanced YOLOvV8m architecture in this study is depicted in Figure 4(a), showcasing the use of
asymmetric convolution and vision transformers. Figure 4(a) illustrates the overall architecture of the improved
ACVIT-YOLO derived from YOLOv8m. We propose the ACVIT-YOLO architecture in Figure 4(b) by
modifying C2f to C2fx after two initial convolutions. Next, we replace the C2f block before SPPF with the
C3TR module. Figures 4(c) and 4(d) show the bottleneck changes in C2fx with the 3x3 kernel changed to 1x3
and 3x1 kernels. Figure 4(e) shows the change in block C2f to C3TR.

2.4. Training and evaluation

In this study, we utilized the A100 GPU training environment and divided our dataset into training,
validation, and testing (with a ratio of 70%: 20%: 10%). We employed stochastic gradient descent (SGD) to
enhance and optimize the model efficiently [47]. A learning rate of 0.01 was applied to manage the pace of
updating network weights, setting a balance between learning speed and accuracy [48]. A momentum set at 0.9
was used to accelerate SGD's movement in appropriate directions and minimize oscillations [49]. The training
extended over 300 epochs, allowing the model ample time for iterative learning from the data and progressive
performance improvement [50]. We analyzed the detection results using precision, recall, and mAP metrics
[51], represented in (3)—(5).

TP
TP+FP

Precision =

®

TP
TP+FN Q)
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mAP = zf;:l*‘”e:(q) (5)

Additionally, a confusion matrix is utilized for a more nuanced assessment of our model, aligning actual and
predicted categories and effectively visualizing sample distribution, thereby ensuring an in-depth
understanding of the model's accuracy and efficacy across different scenarios [52].
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Figure 4. ACVIT-YOLOv8m architecture: (a) full architecture, (b) C2f, (c) Bottlenect in C2f,
(d) bottleneck in C2fx, and (e) C3TR

3. RESULTS AND DISCUSSION

From this study, a detailed comparison of YOLOv8m and ACVIT-YOLO, focusing on performance
and efficiency was shown in Table 1. ACVIT-YOLO demonstrates superior object detection capabilities with
high precision (0.924) and recall (0.805) (Table 1). It surpasses YOLOv8m in mAP50 with a score of 0.911,
although YOLOv8m leads in mAP50-95 with 0.851 (Table 1). The ACVIT-YOLO model has the lowest giga
floating-point operations (GFLOP) value (74.9), the smallest number of parameters (24.07 million), and the
smallest model size (48.5 MB). Thus, indicating lower computational power and resource use compared to the
original YOLOv8m model. However, we do note that in the fastest training and inference time, YOLOv8m
was faster than ACVIT-YOLO by reaching 2.58 hours and 3.1 ms. Figure 5 displays Radar graph of balance
performance (precision, recall, mAP50, and mAP50-95) and efficiency of the original YOLOv8m (in yellow)
and our ACVIT-YOLO (in purple). Figure 5 illustrates the performance and efficiency, with the original
YOLOv8m model represented in yellow, while the ACVIT-YOLO model is depicted in purple.

The precision (x-axis) and recall (y-axis) metrics, along with mAP50 curves for both the YOLOv8m
and ACVIT-YOLO was shown in Figure 6. In this case, we categorize species-based performance metrics into
excellent (above 90%), good (80%-89%), moderate (70%-79%), and poor (below 40%). YOLOv8m model

Int J Artif Intell, Vol. 13, No. 3, September 2024: 3426-3436



Int J Artif Intell ISSN: 2252-8938 O 3431

achieved excellent mAP50 scores for thirteen species, and five displayed good performance. However, each
model showed poor performance for Odontella mobiliensis, with precision-recall less than 0.55
(Figure 6). Even so, the precision-recall data show that the performance of our ACVIT-YOLO can compete
with the original YOLOv8m (Figure 6). Figure 6(a) displays the precision and recall curves of YOLOv8m for
all phytoplankton species. Meanwhile, Figure 6(b) is for the ACVIT-YOLO maodel.

Table 1. Comparison of model performance (YOLOv8m and ACVIT-YOLO)

Performance comparison Model
YOLOvV8m ACVIT-YOLO
Precision 0.924 0.924
Recall 0.798 0.805
mAP50 0.906 0.911
mAP50-95 0.851 0.849
Parameter (M) 25.85 24.07
FLOPs (G) 78.7 74.9
Size (MB) 52.1 485
Time (h) 2.0 2.1
Inference (ms) 3.6 3.9

YOLOvEBm
ACVITYOLOVBm

mAP50

Parametgr (M)

FLOPsXG)

Inferénce (ms)

Time (h)

Figure 5. Radar graph of balance performance (precision, recall, mAP50, and mAP50-95) and efficiency of
the original YOLOv8m and our ACVIT-YOLO
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Confusion matrices evaluate and help provide insights into their accuracy and guide design
optimizations. These two-dimensional matrices display classification accuracy by correlating actual and
predicted categories, with cell data indicating sample proportions in each category. The results indicate a 100%
accuracy for seven phytoplankton species across all models (Figure 7). Figure 7(a) indicates that YOLOvV8m
reached over 90% accuracy for three species, while Figure 7(b) shows that ACVIT-YOLO achieved this level
of accuracy for one species. Additionally, YOLOv8m accurately identified four species with more than 80%
precision, as depicted in Figure 7(a), and ACVIT-YOLO did the same for five species, as illustrated in
Figure 7(b). However, the accuracy fell below 80% for the other species, which is consistently shown in both
the YOLOv8m and ACVIT-YOLO confusion matrix (Figure 7). Consistent with the outcomes of precision-
recall curves, as depicted in Figure 6, both YOLOv8m and ACVIT-YOLO show difficulties in identifying
Odontella mobiliensis species (Figure 7). The reason for these identification problems or errors was unclear.
However, based on our previous studies, such errors could caused by low image quality, incomplete cell
components, overlapping cells (objects), or insufficient image data for training the model [9].
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Even so, our proposed ACVIT-YOLO model indicates its proficiency by accurately recognizing
diverse phytoplankton species, as shown in the detailed visualization of the prediction outcomes for different
phytoplankton species (Figure 8). The ACVIT-YOLO model in our study could accurately detect the presence
of phytoplankton cells and correctly predict the species name (Figure 8). Specifically, Figure 8(a) illustrates
the detection results for phytoplankton species using the YOLOv8m model, whereas Figure 8(b) showcases
the performance of the ACVIT-YOLO model.

3 at 6 i5d5ARRa i mon
_alata_ipg.rtEf5 g

1/protoperidinium_oceanic:

Figure 8. Box prediction comparison: (a) YOLOv8m and (b) ACVIT-YOLO

The results suggested that our architectural modifications incorporating asymmetric convolution and
vision transformer in the YOLOv8m model could significantly enhance detection capabilities for
phytoplankton species. The model’s high detection capability was shown by the mAP50 value of 0.911 in our
ACVIT-YOLO model, which is higher than the original YOLOv8m model. Integration of advanced techniques
was known to demonstrate varied improvements in detection accuracies for various phytoplankton species. For
example, using YOLOV5 with deep convolutional generative adversarial network (DC-GAN), yielding a map
of 90.1%, underscores the benefit of generative adversarial networks in enhancing feature extraction and model
performance [31]. Conversely, the YOLOXx-s-FDA approach, with its mAP50 of 0.654 and precision of 0.959,
highlights the model's precision in detections [29]. Furthermore, the adaptation of YOLOV5 with ShuffleVv2
and the ECA attention module, achieving a mAP50 of 0.981, illustrates the efficacy of attention mechanisms
in focusing on relevant features for improved detection [28]. These results suggest that future work could
productively explore further YOLO modifications, mainly focusing on data augmentation with generative
adversarial network (GAN) and including contemporary attention mechanisms to advance detection
performance.

4,  CONCLUSION

Our comprehensive study demonstrates the advanced object detection capabilities of ACVIT-YOLO,
outperforming YOLOv8m in several key metrics. ACVIT-YOLQO’s high precision (0.924) and recall (0.805)
alongside its superior mAP50 score (0.911) highlight its effectiveness, despite YOLOv8m's lead in mAP50-95
(0.851). Our evaluation, encompassing various species, shows both models excel in most categories, with
ACVIT-YOLO having an edge in efficiency parameters like lower GFLOPs, fewer parameters, and smaller
size. Despite YOLOv8m's faster training and inference, ACVIT-YOLO's balanced performance and efficiency
offer significant advancements in object detection. This method may apply in biomonitoring activity or
determine dominant species in HABs problems to develop suitable management.
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