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Abstract — Automated diatom identification using
convolutional neural networks has attracted increasing
attention for applications in environmental monitoring
and microalgae learning, yet evidence remains
fragmented across methodological and practical
dimensions. The study conducted a systematic literature
review of 27 articles related to diatom identification

using convolutional neural networks. The review
analyses dominant task formulations, model
architectures, dataset characteristics, reported

performance, technical challenges, and future research
directions. The findings show that research is largely
dominated by classification and detection tasks, relying
on established architectures and microscopy derived
datasets, while segmentation and regression-based
approaches are comparatively limited. Although high
performance is frequently reported, substantial
heterogeneity in evaluation metrics, validation
protocols, and dataset regimes constrains cross study
comparability and limits generalizability. Persistent
challenges include visual complexity, morphological
similarity among taxa, class imbalance, limited
interpretability, and reduced robustness beyond
controlled settings. These issues are particularly critical
for microalgae learning, where reliable and
interpretable outputs are essential.
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Overall, this review highlights the need for data
centred development, robustness-oriented evaluation,
and educational alignment to advance scalable and
pedagogically  meaningful  convolutional  neural
networks-based diatom identification systems.
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1. Introduction

Species identification is a fundamental process in
biology that aims to determine the identity of
organisms based on morphological characteristics and
taxonomically relevant distinguishing features [1].
This ability plays an important role not only in
biodiversity research, but also in biology education,
environmental monitoring, and ecology based
decision making [2], [3]. In the context of education
and biomonitoring, species identification skills are a
prerequisite  for understanding the ecological
functions of organisms, community dynamics, and
ecosystem responses to environmental pressures [4],
[5]. However, various studies show that the process of
species identification, especially in microscopic
organisms, still faces serious limitations due to
morphological complexity, high taxonomic expertise
requirements, and limited time and resources [6], [7].

In higher education contexts, diatom-based
identification tasks are not only used for taxonomic
training but also function as entry points for

developing  observational  reasoning,  image
interpretation ~ skills, and  understanding  of
bioindicator-based  ecological assessment [8].
Consequently, the reliability, transparency, and

robustness of identification tools directly influence
how students engage with microscopic data and
construct biological meaning from visual evidence.
Diatoms are especially well suited for this purpose due
to their distinctive siliceous frustules, high
morphological diversity, and intricate valve
structures, which provide rich visual features for
understanding cell architecture, morphological
variation, and the relationship between form and
biological function [9], [10].
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Through direct engagement with microscopic
observations, image analysis, and morphology based
identification tasks, students interact with authentic
biological data in a manner that promotes analytical
and evidence based learning [11], [12].

Despite these advantages, diatom identification
remains a cognitively demanding task that is
traditionally performed through manual microscopic
observation and consultation of taxonomic keys [13],
[14]. This process requires extensive training,
prolonged experience, and considerable time
investment, making it challenging for students and
novice learners to achieve consistent and accurate
identification outcomes [15]. The high degree of
interspecific morphological similarity, intraspecific
variability, and dependence on image quality further
complicate the learning process, often leading to
misclassification and reduced learning efficiency in
microscopic microalgae education [16]. These
limitations highlight the need for computational
approaches that can support image based learning by
providing more objective, scalable, and reproducible
identification assistance.

Recent advances in Artificial Intelligence,
particularly in deep learning, have created new
opportunities for automating image based species
identification [17]. Convolutional Neural Networks
(CNNs) have emerged as the dominant approach for
biological image analysis due to their ability to
automatically learn hierarchical visual features
directly from raw image data, without the need for
handcrafted feature extraction [18]. A wide range of
CNN architectures, such as LeNet, AlexNet,
VGGNet, ResNet, and EfficientNet, have been
successfully applied to classification tasks involving
microscopic  organisms, demonstrating  strong
performance in recognizing complex morphological
patterns [19]. In the context of diatom identification,
multiple studies have reported high classification
accuracy, indicating the potential of CNN based
systems to support both research oriented analysis and
image driven learning environments [20].

However, existing studies reveal substantial
heterogeneity in the design and implementation of
CNN based diatom identification systems [21].
Variations in network architectures, dataset size and
composition, image acquisition protocols, and
preprocessing techniques, such as segmentation,
normalization, and data augmentation lead to
considerable differences in reported performance
outcomes [22], [23]. Moreover, several open technical
challenges remain unresolved, including limited
availability of well annotated datasets, class
imbalance across species, reduced generalizability
across microscopes and imaging conditions, and
limited model interpretability [24], [25].
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These challenges constrain the broader adoption of
automatic identification systems, particularly in
educational settings where robustness, transparency,
and usability are essential.

Although the number of studies on CNN based
automatic diatom identification has increased
markedly in recent years, there is still a lack of
comprehensive systematic reviews that synthesize
architectural  choices, dataset characteristics,
preprocessing strategies, performance metrics, and
open challenges in a unified framework [26], [27].
Existing reviews tend to focus on microscopic
organisms in general or on technical aspects of image
classification without in depth analysis of diatoms as
a distinct and morphologically complex group [28],
[29]. Therefore, this study conducts a systematic
literature review to critically analyze and synthesize
recent research on CNN based automatic diatom
identification. By consolidating current evidence and
identifying research gaps, this review aims to provide
a structured reference for advancing the development
of robust, interpretable, and scalable automatic
identification systems that can support microscopic
microalgae learning and related image based
applications. The review is guided by the following
research questions:

RQ1: What types of tasks, architectures, and
dataset characteristics are most commonly used in
studies of automated diatom identification using
CNN?

RQ2: How does the CNN model perform in diatom
identification, and what are the most commonly
applied pre-processing and data augmentation
techniques?

RQ3: What technical challenges need to be
considered in the application of CNN for diatom-
based microalgae learning?

RQ4: What future research directions are
proposed to advance CNN based automated diatom
identification?

2. Theoretical Background

This section links the theoretical foundations of
species identification with recent technological
advances in microalgae learning. It outlines the shift
from manual identification toward artificial
intelligence—based approaches and introduces key
aspects of  convolutional  neural  network
implementation that guide the subsequent discussion.

2.1. Technological Evolution and Al in Mikroalgae
Learning

Microscopic microalgae identification, particularly
for diatoms, has traditionally relied on manual
microscopy and morphology based taxonomic keys.
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Although authoritative, this approach is limited by
subjectivity, high expertise demands, and poor
scalability, especially in educational and high
throughput settings [16]. Early advances in digital
microscopy enabled semi automated workflows using
handcrafted morphometric features, but these methods
showed limited robustness to morphological
variability [11], [30]. The adoption of deep learning,
especially CNNs, enabled fully automated image
based identification by learning hierarchical visual
features directly from raw microscopy data, achieving
strong performance in recognising complex diatom
morphologies that are difficult to encode using rule
based approaches [17], [18], [20]. However, the rapid
proliferation of CNN based approaches has produced
a heterogeneous and fragmented research landscape.
Existing studies differ substantially in task
formulation, dataset composition, preprocessing
strategies, and evaluation protocols, which limits
cross  study  comparability and  obscures
generalisability [21], [29]. In microalgae learning
contexts, this fragmentation hampers the translation of
high laboratory performance into robust learning
support systems that operate under realistic imaging
conditions. These issues underscore the need for a
systematic synthesis that examines CNN based diatom
identification beyond isolated performance metrics,
focusing instead on design choices, evaluation
practices, and technical constraints.

2.2. Key Aspects of CNN Implementation in Microalgae
Learning

This review analyses CNN based automated
diatom identification through key implementation
aspects that structure system design and reported
outcomes across studies, namely task formulation,
network  architecture, dataset characteristics,
performance  evaluation,  preprocessing  and
augmentation, and technical challenges [29]. Task
formulation is tightly coupled with architectural
choice: Classification tasks predominantly use
established CNN backbones (e.g., AlexNet, VGG,
Inception, ResNet) via transfer learning, whereas
detection and segmentation tasks rely on mainstream
object  detection and  instance-segmentation
frameworks such as Faster R-CNN, Mask R-CNN,
YOLO variants, and U-Net-based models, which are
better suited to cluttered microscopy scenes [31], [32].
Dataset  characteristics  critically  determine
performance and generalisability. Most studies use
microscopy derived datasets with substantial variation
in taxonomic coverage, image quality, acquisition
protocols, and scale [33].
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The dominance of private or partially shared
datasets, combined with class imbalance and limited
representation of rare taxa, constrains reproducibility
and limits generalisation, particularly in microalgae
learning contexts where models may be applied to
student generated or field collected images [34], [35].

Model performance is reported using task
dependent metrics, including accuracy and F1-score
for classification, mAP for detection, Dice or loU for
segmentation, and domain specific metrics for
regression or mapping tasks [36], [37]. While
preprocessing and augmentation practices show
convergence most commonly patch extraction,
background  suppression,  normalisation, and
geometric transformations (e.g., rotation and
flipping), differences in validation protocols and

incomplete metric reporting limit cross study
comparability [17], [38]. Recurring technical
challenges, including visual complexity,
morphological ~ ambiguity,  data  imbalance,
computational constraints, and limited

interpretability, directly restrict applicability beyond
controlled experimental settings [39], [40]. Framing
the literature around these aspects provides a concise
basis for identifying current limitations and future
research priorities in CNN based automated diatom
identification for microalgae learning.

3. Methodology

This study aims to answer research questions
related to automatic diatom identification based on
CNN in the context of microalgae learning. This study
uses the SLR method, which refers to the Preferred
Reporting Items for Systematic Reviews and Meta
Analyses (PRISMA) guidelines. The SLR method was
chosen because it provides a systematic and
transparent framework for identifying, selecting, and
synthesizing previous research findings, thereby
providing a comprehensive and evidence based
understanding of the topic under review [41]. The
SLR process began with determining the search
strategy, formulating keywords, selecting electronic
databases, and establishing inclusion and exclusion
criteria for articles relevant to the research focus.

3.1. Search Approaches

The search strategy began with defining the main
keywords that represent the research focus, namely
“artificial neural network” OR “deep neural networks”
“convolutional neural network* OR ‘chn’ OR "deep
learning® OR ~artificial intelligence” AND *“diatom”
OR “bacillariophyta” OR “algae” OR “plankton” OR
“phytoplankton”  AND  “identification” OR
‘classification’ OR “image classification” OR “image
analysis” AND "microalgae" OR “phycology” OR
“algal biology”.
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The search is limited to articles published in the last
ten years, between 2015 and 2025. In addition, the
search was conducted between May and December
2025. The search was conducted in major scientific
databases, including Scopus, IEEE explore, Springer,
and American Chemical Society (ACS).

3.2. Selection of Eligible Papers

The results obtained were analyzed to eliminate
duplicate papers and papers not written in English.
Then, several inclusion criteria were established to
further review the papers.

Records identifiad from

The inclusion criteria included: (1) Papers
discussing the identification of diatom species using
Convolutional Neural Network (CNN); (2) Empirical
research based articles, not reviews, books, book
chapters, or proceedings; (3) Articles that present
sufficient information about the data used (type and
source of the dataset), data processing stages (data
preprocessing), and the architecture and configuration
of the model applied; and (4) Articles that report
model evaluation results using standard performance
metrics, such as accuracy, precision, recall, or F1-
score. The inclusion/exclusion process and the
number of articles that met the criteria at each level
are illustrated in a flowchart [42] (Figure 1).

Scopus detabase (n = 45)
IEEE explore (n = 3)

Racords removed Balom acreaning
Duplicate reoords [n= &)

Identification

Springer (n = 4) Racords marked as inellgible by automation tools (n=11)
ACS (n=5)
Recaord scroened (n = 47) Records excluded {n=8) ‘

Record sought for retrival (n=39)

l

Reports assessed for eligibility (n=35)

——-I Roports not retrieved (n = 4) I
—————

Repors excluded:
Studies are not related enough to the subject of the prasant paper (n=8)

Meow studios includad in raview (n=27)

Figure 1. PRISMA flow diagram illustrating the study selection process

3.3. Data Extraction Strategy

Data from 27 articles were tabulated using
Microsoft Excel in the form of extraction tables to
obtain important information. The extraction table
contained the architecture, dataset form, model
performance, preprocessing techniques, and technical
challenges in development in the form of learning
media. The data was then organized and evaluated,
then synthesized using a textual narrative approach.
The textual narrative method was chosen because it
could combine and summarize findings from various
studies using text-based descriptions [43]. The team of
authors and verifiers conducted focus group
discussions (FGDs) to reduce potential bias in
identifying key information and during the narrative
synthesis process.
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4. Results

This study provides a structured synthesis of
current evidence on CNN-based diatom identification.
The results are organised into four main parts: (1)
Task types, model architectures, and dataset
characteristics, (2) Model performance and commonly
used preprocessing and augmentation techniques, (3)
Technical challenges in applying CNN-based diatom
identification for microalgae learning, and (4) Future
research directions.

4.1.RQ1. Task Types, Architectures, and Dataset
Characteristics in Automated Diatom ldentification

This section summarises task types, model
architectures, and dataset characteristics in CNN-
based automated diatom identification.
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It explains how these components are used in
different studies and highlights the main patterns in
current research. The synthesis of the reviewed studies
(Table 1) shows that automated diatom identification
research is predominantly structured around
classification and detection-based tasks, whereas
segmentation and regression or mapping tasks are less
frequently addressed. Classification is the most
common task, focusing on species or genus level
identification from microscopy images or image
patches [20], [27], [32], [41].

Detection combined with classification represents
the second most prevalent task type, particularly in
microscopy and SEM datasets where diatom objects
must be localised within complex scenes prior to
identification [38], [45], [46], [47]. Segmentation
focused studies are comparatively limited and are
primarily applied in high resolution imaging contexts
that require precise object delineation [36], [48]. A
smaller subset of studies applies CNNs to regression
or mapping tasks, typically wusing spectral or
multivariate data for environmental inference rather

than direct species identification [37], [49], [50].

Table 1. Task type, architectures and dataset characteristics in automated diatom identification

Ref Task Type Architecture Used
[36] Segmentation Mask R-CNN; U-Net
[51] Classification and ParticleTrieur (CNN)
Mapping
[52] Classification VGG16; InceptionV3;
ResNet50V2; Xception
[46] Detection and YOLOv8 (Nano)
Classification
[32] Classification AlexNet
[53] Detection and Modified ShuffleNet V2
Classification
[20] Classification VGG16; VGG19; Xception;
DenseNet
[44] Classification Inception V3
[31] Detection and R-FCN (ResNet-50)
Classification
[45] Detection and Faster R-CNN (VGG16)
Classification
[54] Detection and SC-DiatomNet (YOLOv3 +
Classification CBAM, SPP)
Detection Faster R-CNN (ResNet50)
[55]
[49] Regression and Mapping 1D-CNN with attention
module.
[27] Classification DiatomNet (Inception-based)
[38] Detection and YOLOv4; AlexNet
Classification
[34] Classification ResNet18; AlexNet; VGG11
[48] Segmentation Mask R-CNN; SegNet
[39] Classification VGG-like CNN + metadata
[50] Classification and VGG16-based CNN
Mapping
[17] Classification GoogLeNet Inception V3
[56] Detection HDC-SSD
[37] Regression/Mapping 1D-CNN + Autoencoder
[57] Classification DiatomNet v1.0 (Inception
V3)
[58] Classification MobileNetV2 + GoogLeNet
+ SVM
[24] Detection YOLOV5
[47] Detection and Faster R-CNN (Inception-
Classification ResNet V2)
[40] Detection Fully Convolutional Neural
Network

Dataset

110+ taxa; ~3,000 specimens; grayscale virtual

slides; private
13 taxonomic groups; 16-year Zooscan time
series; mixed
19 classes; >3,800 images; holographic
microscopy; mixed
2 species; 306 images; light microscopy; private

80 species; 11,000 images; brightfield
microscopy; private
10 classes; 10,507 segments; holography; private

10 classes; 3,319 specimens; virtual slides;
private

8 species; 20,000 images; digested smears;
private
8 genera; 2,606 images; SEM; private

8 genera; ~2,600 images; SEM; private
6 species; 1,043 images; light microscopy; global

12 categories; 356 images; light microscopy;
mixed
5 algal pigments; 126 samples; drone
hyperspectral (400-1000 nm); private
68 species; 3,027 images; microscopy; global
80 species; ~8,000 images; microscopy; global

14 species; 976 images; microscopy; global
10 taxa; 1,446 diatoms; microscopy; mixed
27 categories; 350k images; Zooglider; mixed
7,663 patches; Sentinel-2 MSI; mixed

53 WSiIs; lung tissues from 20 cases; 255x255
tiles; private
8 species; 2,600 images; SEM; private
3 aquatic indices (TDI, BMI, FAI); 478 samples;
81 variables; global
18 cases; 306 smears; microscopy; mixed

6 species; 7,820 images; microscopy; private

166 species; synthetic + atlas images; mixed
52 species; forensic samples; microscopy; private

600 test images; 20 training images (4,046
patches); dual-channel microscopy; private

TEM Journal = Volume 15 / Number 3 / 2026.
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Across these task types, the most commonly used
architectures are well established CNN backbones that
are adapted rather than newly designed for diatom
specific problems. For classification, studies
predominantly employ AlexNet, VGG, Inception, and
ResNet families, often through transfer learning [17],
[20], [32], [52]. For detection and segmentation, the
field consistently relies on mainstream object
detection frameworks, including Faster R-CNN, Mask
R-CNN, YOLO variants, and SSD or F-CNN based
models [31], [38], [40], [54], [56]. Lightweight or
hybrid architectures appear mainly in studies oriented
toward deployment, such as ShuffleNet V2 for
holography-based monitoring [53] , and MobileNet\V2
based pipelines for efficient classification [58].
Overall, the evidence indicates that architectural
choices are primarily driven by task requirements and

computational constraints rather than by the
development of novel CNN designs.
Dataset characteristics further reveal strong

common patterns across studies. Most datasets are
derived from microscopy modalities, particularly light
microscopy and SEM, which remain the primary
sources for species level identification and detection
[32], [45], [47]. Holographic microscopy supports
automated monitoring pipelines with large numbers of
image segments [52], [53], while remote sensing or
hyperspectral data are used mainly in regression or
mapping tasks rather than in microscopy-based
identification [49], [50]. Dataset size varies widely,
ranging from hundreds of images in narrowly scoped
detection or segmentation studies [46], [55] to
thousands or tens of thousands of images in
classification studies [32], [44], and up to hundreds of
thousands of images in platform-based monitoring
systems [39]. Notably, private or partially shared
datasets dominate, indicating that current evidence
remains largely dataset specific and that widely
adopted open benchmarks for automated diatom
identification are still limited.
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4.2.RQ 2. CNN Model Performance in Diatom
Identification, and the Most Commonly Applied Pre-
Processing and Data Augmentation Techniques

This section examines the performance of CNN-
based models for automatic diatom identification,
along with the most commonly used data
preprocessing and augmentation techniques. It
highlights how performance is reported across various
tasks and identifies methodological practices
frequently employed to enhance the robustness and
reliability of CNN. Table 2 shows that automated
diatom identification studies generally report high
model performance, but the reported levels are
strongly task dependent and vary in how
comprehensively they are documented.

For classification, most microscopy based studies
report high accuracy and F1 scores, commonly above
0.95 [20], [27], [58], with several reaching or
approaching 0.99 accuracy [32], [34]. More moderate
yet still competitive performance is reported in non
standard imaging settings, such as holography
(accuracy = 0.90, [52]) and platform based monitoring
(accuracy 0.923, [39]). For detection, performance is
primarily reported using mAP, typically in the range
of 0.89-0.95, across SEM and light microscopy
studies [45], [47], [56]. Segmentation specific metrics
are reported less consistently; when explicitly
provided, results include Dice 0.775 for virtual slide
segmentation [36]. In regression and mapping tasks,
performance is reported using domain specific metrics
rather than classification scores, such as R2 = 0.71-
0.87 for pigment estimation [49] and NSE 0.59-0.67
with corresponding RMSE values for aquatic health
indices [37]. Overall, these results indicate that CNN
based approaches achieve strong reported
performance within their respective data regimes,
however, differences in task type and metric selection
limit direct cross study comparison.

TEM Journal —Volume 15 / Number 3 / 2026.
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Table 2. Summary performance preprocessing, and augmentation techniques

Ref  Performance (Reported Metrics) Preprocessing Techniques
[36] Dice 0.775; Precision 0.688-0.724; Tiling (512x512); grayscale
Recall 0.837-0.898 conversion; padding
[51] NR (focus on MDS breakpoints) Size fractioning; KDE-based size
spectra
[52]  Accuracy 90.1%; Precision 89.8%;  Reconstruction; Otsu thresholding;
Recall 90.7%; F1 >0.89 resizing
[46] Detection mAP 0.895; Manual annotation; resizing
Segmentation mAP 0.898
[32] Accuracy 99.51% Otsu segmentation; histogram
normalization
[53] Accuracy 93.8-98%; F1 0.959 Background subtraction; filtering
[20] F1=0.97 Slide stitching; masking
[44] Accuracy 97.67%; Inference Tiling; background removal
accuracy 92.31%
[31] mAP 0.897 Feature map optimization
[45] Accuracy 0.864; mAP 0.878 ROI pooling; coarse-to-fine
strategy
[54] Precision 0.942; Recall 0.950; F1 Resizing; adaptive anchors
0.94; mAP 0.977
Precision 0.72; Recall 0.74 Focus stacking; settling
[55]
[49] R2 =0.71-0.87 (across pigments) Radiometric calibration; ortho-
rectification
[27] Accuracy 0.9895; F1 0.9892 Normalization; resizing
[38] Accuracy 99.51%; Precision 0.727 Background correction; CLAHE
[34] Accuracy = 0.993 Padding; contour descriptors
[48] Precision 0.85; Recall 0.86; F1 0.85 Raw-image evaluation
[39] Accuracy 0.923 Normalization; edge detection
[50] OA 0.927 Atmospheric correction; NDWI
[17] Accuracy 97.67%; AUC 99.51% WSI tiling; background patch
removal; histogram normalization
[56] mAP 0.948; F1 0.912 Resizing; dataset partitioning
[37] NSE 0.59-0.67; RMSE 12.28-17.25 Autoencoder-based dimensionality
reduction
[57] Precision 0.969; Recall 0.968; F1 Tiling; ROI selection
0.968
[58] Accuracy 0.9879; F1 0.9883 Feature extraction
[24] Precision +25%; Recall +23% PDF scraping; tiling
[47] mAP 0.902; mAR 0.906 Enzymatic digestion; resizing
[40] F10.82; Precision 0.77; Recall 0.87; Patch extraction (320x320);
AUC 0.88 channel normalization; background
under sampling

Augmentation Techniques
Object shifting; flipping;
mirroring
Not specified

Rotation; translation
Mosaic; color jitter; flipping
Rotation; flipping

Flipping; rotation; cropping
Rotation; shift; zoom
Rotation; contrast adjustment

OHEM; anchor tuning
Training strategy optimization

Blur; flipping; translation
Flips; photometric distortion

Not specified

Flipping
Histogram matching
Morphological transforms
Rotation; mirroring
Reflection; cyclic pooling
Not specified
Rotation (90°-270°); contrast
and brightness adjustment
Rotation; scaling
Not reported

Rotation; contrast

Not specified
Copy-—paste; rotation
Transfer learning
Rotation; flipping; intensity
adjustment; Gaussian noise

Regarding methodological practices, the reviewed
studies converge on a small set of recurring
preprocessing techniques that address the dominant
constraints of diatom imagery. The most common
preprocessing step is tiling or patch extraction, applied
to whole slide images or large fields of view to
standardise input size and reduce computational cost
[17], [36], [40], [44]. Background removal or
suppression, often using thresholding or masking
strategies, is also widely used to reduce non
informative regions [17], [32], [52]. Normalisation
and contrast enhancement, including histogram based
methods and CLAHE, appear frequently to stabilise
illumination differences across samples [17], [38].

TEM Journal = Volume 15 / Number 3 / 2026.

Modality specific preprocessing is evident in
holography, where numerical reconstruction precedes
classification or detection [52], [53], and in remote
sensing based studies, where preprocessing shifts
toward radiometric or atmospheric correction [49],
[50].

Augmentation strategies are more uniform than
performance reporting and are dominated by simple
geometric transformations. Rotation and flipping are
the most frequently applied techniques across
classification, detection, and segmentation tasks [20],
[32], [40], [48], [56]. Several studies also apply
photometric adjustments (brightness or contrast) to
improve robustness to acquisition variability [17],
[44], [55].
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In  detection oriented pipelines, stronger
augmentation schemes such as mosaic or copy-paste
are occasionally used to increase object density and
background complexity [35], [46]. However, Table 2
also shows that augmentation is not always explicitly
reported, and some studies rely primarily on transfer
learning strategies (e.g., [47]). This pattern suggests
that, while augmentation practices are relatively
standardised, their reporting remains inconsistent,
which constrains reproducibility and benchmarking
across studies.

4.3. RQ3. Technical Challenges that Need to be
Considered in the Application of CNN for Microalgae
Learning

This section examines the main technical
challenges in applying CNN-based automated diatom
identification for microalgae learning.

It highlights key limitations related to data quality,
model performance, and practical implementation that
may affect the reliability and usability of these
systems in real learning contexts. The reviewed
literature identifies six recurring technical challenges
that constrain the application of CNN-based diatom
identification in microalgae learning (Table 3). First,
limitations in image size and image quality, including
large image dimensions, inconsistent illumination,
and focus variability, reduce model reliability when
applied to non-standardized microscopy images
typical of educational settings. Second, complex
visual backgrounds in real samples, such as
overlapping diatoms and the presence of debris or
non-target organisms, increase false detections.

Table 3. Main technical challenges in applying CNN-based diatom identification for microalgae learning

Main Challenge
Limitations in image size
and image quality

Complex visual
backgrounds in real samples

High morphological
similarity among diatoms

data
Limited model
generalization and
interpretability
High computational and
technical requirements

Brief Description of the Challenge
Images are excessively large, poorly focused,
inadequately illuminated, or difficult to capture under
consistent conditions
Diatoms frequently overlap with each other and
coexist with sand, debris, or other non-target
organisms
Different species, or different views of the same
species, are difficult to distinguish based on visual
features alone
Limited and uneven training  Some species are highly represented in datasets, while
others are rare or entirely absent
Models perform well on controlled datasets but often
fail under new conditions and provide limited
explanation for their predictions
Models demand substantial computational resources
and are difficult to deploy in practical learning
environments

Ref
[17], [35], [36], [38], [52],
[55]

[31], [35], [40], [45], [46],
[47], [48], [54], [57]
[20], [32], [34], [47], [51]
[17], [44], [45], [49], [52],

[57], [58]
[17], [20], [37], [39], [50],
[58]

[27], [45], [53], [56]

Third, morphological similarity among diatoms
remains a persistent challenge, as visually similar
species or different orientations of the same species
are difficult to distinguish using image features alone.
Fourth, limited and uneven training data, where
common taxa dominate and rare taxa are
underrepresented, restrict model robustness and bias
performance toward frequently observed species.
Fifth, studies consistently report limited model
generalization and interpretability, with performance
degradation under new conditions and limited
explanatory insight into model decisions. Finally, high
computational and technical requirements pose
practical barriers to classroom  deployment,
particularly in resource constrained learning
environments. Collectively, these findings indicate
that successful educational adoption of CNN based
diatom identification requires addressing data realism,
morphological complexity, dataset representativeness,
model transparency, and computational feasibility,
rather than focusing on accuracy alone.
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4.4. RQ4. Future Research Directions for Advancing
CNN based Automated Diatom Identification

This section outlines key future research directions
for advancing CNN based automated diatom
identification. It highlights priority areas that address
current limitations and support the development of
more robust, scalable, and application-oriented
systems. The reviewed studies identify five dominant
directions for future research in CNN based automated
diatom identification (Table 4). First, dataset
expansion and representativeness are the most
consistently reported priorities, emphasizing larger
datasets, improved coverage of rare taxa, and external
validation across institutions to reduce dataset bias.
Second, advanced detection and segmentation
strategies are required to better address overlapping
diatoms, small targets, and complex visual scenes
through improved instance segmentation and ROI
extraction.
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Third, studies highlight the need for improved
model generalization and robustness, including
explicit handling of domain shift and validation across
different environments and acquisition conditions.
Fourth, computational efficiency and deployability
emerge as key concerns, with recommendations for
streamlined  pipelines, embedded or edge
implementations, and architectures suitable for real
time or resource limited use.

Finally, several studies stress integration with
environmental monitoring applications, linking
automated identification to water quality assessment,
forensic analysis, and field-based monitoring. Overall,
these findings indicate a shift from model centric
optimization toward scalable, robust, and application
ready systems.

Table 4. Major future research directions in CNN based automated diatom identification

Main Challenge

Dataset expansion and
representativeness institutional validation
Advanced detection and

segmentation strategies ROI extraction

Brief Description of the Challenge

Increasing dataset size, rare species coverage, and cross

Improving handling of overlapping diatoms, small objects, and

[24], [39]
Model generalization and Addressing domain shift, adversarial robustness, and cross [34], [44], [47],
robustness environment performance [41]
Computational efficiency and  Reducing computational cost and enabling real time or [38], [50], [55],
deployment embedded implementations [20]
Integration with Linking models to water quality assessment, forensic analysis,  [17], [37], [46],
environmental monitoring and real world monitoring [51]

Ref

[42], [44], [52],
[54], [48], [49],
[31], [27]

[32], [40], [43],
[45], [53], [36],

5. Discussion

This study provides a clear overview of the latest
research on CNN-based diatom identification by
examining how task design, model architecture, and
dataset characteristics influence model performance
and practical applications. This is important to ensure
that high performance results are not misinterpreted as
evidence that these systems are ready for use in the
real world or in educational settings. The analysis
shows that (1) Most studies focus on classification
tasks, (2) Reported performance demonstrates high
accuracy in identifying diatoms, (3) Several technical
challenges still limit reliable use in real-world
conditions, and (4) Future research should focus on
developing more robust and deployable systems to
support classroom instruction.

Architectural Choices, and
CNN based Diatom

5.1. Task Formulation,
Dataset Constraints in
Identification

Task formulation, model architecture, and dataset
characteristics are core  components  that
fundamentally determine the performance and
application of CNN-based diatom identification
systems. In the current literature, the configuration of
these elements shows a consistent pattern, where
research is largely oriented toward image
classification, while segmentation and regression
remain relatively under-explored.
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This imbalance reflects not only methodological
preferences but also practical constraints, particularly
the availability and structure of existing datasets. Most
datasets are curated at the image or specimen level,
which favors classification pipelines that are
technically simpler to implement and evaluate.
Consequently, current studies tend to prioritize
species-level recognition accuracy over more complex
analyses of diatom morphology and community
structure.

The predominance of classification tasks indicates
a continued emphasis on performance benchmarking
under  controlled  conditions  rather  than
comprehensive image understanding in realistic
microscopy settings. Although classification models
effectively demonstrate algorithmic capability, their
reliance on cropped or pre-segmented inputs limits
scalability to authentic microscopy workflows [59]. In
practice, diatoms frequently appear overlapping,
partially occluded, or embedded in complex
backgrounds [60]. While detection based approaches
are increasingly explored, they remain secondary,
suggesting that fully automated diatom analysis has
not yet become a central research objective [61].

Architecturally, the literature shows a strong
reliance on established CNN backbones originally
developed for general computer vision tasks, typically
adapted through transfer learning. This pragmatic
strategy prioritizes development efficiency and short
term performance gains but limits exploration of
architectures specifically designed to capture subtle,
taxonomically relevant diatom features [62].
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Consequently, reported performance
improvements are often driven more by dataset
composition and preprocessing strategies than by
substantive architectural innovation [63].

Dataset characteristics further constrain task
formulation and model generalization. EXxisting
datasets vary widely in size and accessibility, with
most  remaining  private, thereby limiting
reproducibility and cross study validation. Light
microscopy overwhelmingly dominates data sources,
while alternative imaging modalities are used only in
specialized contexts, reinforcing task and architecture
choices tailored to narrow imaging conditions. High
reported performance is therefore often dataset
specific, reflecting controlled acquisition settings with
limited variability [64], rather than robustness across
real world educational or field based applications [65],
[66].

5.2. Reported Performance, Evaluation Inconsistency,
and the Role of Preprocessing and Augmentation

Reported model performance is often used as the
primary indicator of progress in CNN-based diatom
identification, with many studies reporting high
results, particularly for classification tasks, followed
by detection and more limited segmentation and
regression applications. However, these performance
claims need to be interpreted with caution, as they are
strongly influenced by variations in evaluation
metrics, validation strategies, and dataset conditions.
Classification performance is typically expressed
using accuracy, precision, recall, and F1-score,
whereas detection studies predominantly rely on mean
average precision, yet substantial heterogeneity in
metric selection and evaluation protocols limits
meaningful comparison across studies. As a result,
high reported performance does not necessarily reflect
comparable robustness or generalizability, but rather
highlights underlying inconsistencies in how model
effectiveness is assessed.

A Kkey issue is the inconsistency of performance
reporting. Many studies rely on incomplete metric
sets, often emphasizing accuracy without adequately
addressing class imbalance or error distribution.
Validation strategies also vary widely, including
differences in data splitting, cross-validation schemes,
and the frequent absence of independent external test
datasets. Consequently, high numerical performance
does not necessarily indicate comparable robustness
or transferability across experimental settings.

High reported performance is further shaped by
controlled dataset conditions. Most datasets are
acquired under standardized imaging protocols with
limited variability in illumination, focus, and
background composition, allowing CNN models to
exploit stable visual patterns [25].
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While this supports efficient within-dataset
optimization, it does not adequately reflect the
complexity of educational or field based microscopy,
where image heterogeneity is substantially higher
[67], [68]. Reported performance should therefore be
interpreted as dataset-specific rather than as evidence
of generalizable system readiness [69].

Clear patterns also emerge in preprocessing and
augmentation practices. Tiling or patch extraction is
widely used to standardize input size and reduce
computational cost, while normalization, contrast
enhancement, and background suppression are
commonly applied to stabilize training. Data
augmentation primarily relies on basic geometric
transformations, particularly rotation and flipping,
with occasional photometric adjustments and more
complex strategies in detection-oriented studies [70],
[71].

5.3. Technical Challenges and Implications for
Microalgae Learning
The application of CNN based diatom

identification in microalgae learning introduces
challenges that extend beyond technical performance,
requiring careful consideration of both biological
complexity and real-world learning conditions.
Evidence from the reviewed studies indicates that
these challenges arise less from limitations in
algorithmic capability than from mismatches between
model assumptions and the realities of educational
contexts. In practice, limitations in image size and
quality, together with complex visual backgrounds,
reduce model reliability when systems trained on
curated datasets are applied to heterogeneous
microscopy conditions typical of classroom settings
[72]. Variability in illumination, focus, and sample
preparation, combined with overlapping diatoms and
non-target objects, increases visual complexity and
reduces model reliability[13]. These findings suggest
that performance reported under controlled settings
does not readily translate to authentic learning
environments, where visual noise and user dependent
acquisition are unavoidable [73], [74]. As a result,
high benchmark accuracy alone is insufficient to
ensure robust or pedagogically meaningful
deployment [75].

Beyond the issue of data realism, the high
morphological similarity among diatoms represents a
fundamental biological challenge in microalgae
learning. Closely related species, as well as different
orientations of the same species, are often difficult to
distinguish visually, which limits the discrimination
performance of CNNSs [76]. This problem arises due
to an unbalanced training dataset, where a small
number of common taxa are dominant while rare
species are underrepresented or even absent [77].
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This imbalance not only influences model
predictions toward frequently observed species but
also risks narrowing the way diatom diversity is
represented in educational applications [78], [79].
Therefore, dataset selection must be carefully
considered to support CNN performance in
microalgae learning implementations [80].

Further challenges stem from limited model
generalization, low interpretability, and high
computational requirements. Many models only
perform well on familiar datasets and show a
significant decline in performance when applied to
new imaging conditions. This limits their usefulness
as learning tools. In addition, the need for large
computational resources and technical expertise
reduces the feasibility of implementing these systems
in typical classroom environments. Overall, these
findings suggest that the effective integration of CNN-
based diatom identification into microalgae learning
requires a shift from accuracy-focused development
toward an approach that emphasizes realistic data
conditions, balanced representation of taxa,
transparent model behavior, and practical
applicability [34], [81]. Addressing these aspects is
critical to ensure that Al systems support meaningful
biological learning rather than oversimplifying
biological complexity [82], [83].

5.4. Future Research Directions: from Technical
Optimisation to Educational Alignment (RQ4)

Future research directions are critical for
addressing current limitations in CNN-based diatom
identification and improving its applicability in real-
world contexts. The evidence synthesized in this
review indicates a clear shift from model-centered
optimization toward system readiness and practical
deployment. In particular, limitations related to data
availability and representativeness are consistently
identified as fundamental barriers. As a result, future
research increasingly emphasizes expanding datasets
to cover a broader taxonomic range and validating
models across institutions and diverse data collection
settings [84], [85]. This emphasis reflects a growing
awareness that high performance on curated datasets
does not necessarily translate to reliable performance
in diverse ecological or educational contexts, where
variability in imaging conditions and community
composition is unavoidable [86], [87].

In parallel, many studies highlight the need for
more advanced detection and segmentation strategies
to address the wvisual complexity of realistic
microscopy data. Overlapping diatoms, small targets,
and heterogeneous backgrounds remain major
challenges when models are applied beyond cropped
or pre processed images. As a result, future research
increasingly prioritizes instance level localization and
region extraction as prerequisites for meaningful
classification.
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Closely related to this challenge is the issue of
model generalization and robustness [88], [89].
Differences in imaging devices, preparation methods,
and environmental conditions introduce domain shifts
that can substantially degrade performance [90].
Addressing these effects is framed not as an optional
improvement, but as a requirement for ensuring stable
and transferable model behavior across settings [91].

Computational efficiency and application level
integration emerge as key directions shaping the next
phase of development. Several studies stress the
importance of reducing computational demands and
enabling deployment on resource limited platforms,
including real time or embedded systems. This
concern is particularly relevant for educational and
field based applications, where technical
infrastructure is often constrained [92], [93]. At the
same time, there is increasing emphasis on linking
automated diatom identification directly to
environmental monitoring tasks such as water quality
assessment and operational analysis. Together, these
directions signal a transition from proof of concept
models toward scalable and application oriented
systems, where performance is evaluated not only by
accuracy metrics but also by robustness, feasibility,
and practical relevance [94], [95].

This review presents a task-oriented synthesis of
CNN-based automatic diatom identification by
systematically linking task formulation, model
architecture, dataset characteristics, performance
reporting, technical challenges, and future research
directions. Rather than focusing solely on model
accuracy, this review places automated diatom
identification in the context of microalgae learning
and demonstrates that technical design choices
directly influence model interpretability, scalability,
and educational utility. Several limitations should be
acknowledged. First, significant heterogeneity in
datasets, imaging modalities, taxonomic coverage,
and evaluation protocols limits direct comparisons
between studies and reduces the reliability of
aggregated performance conclusions. Second, some
included studies addressed related but not equivalent
tasks, such as pigment estimation or remote sensing-
based mapping. While these studies provide
methodological insights, they differ from microscopy-
based species identification and therefore have limited
relevance for evaluating learning-oriented diatom
identification systems.

Overall, these findings suggest that future research
should place greater emphasis on standardized
evaluation practices, clear task definitions, and
datasets that reflect authentic microscopy conditions.
Advances in CNN-based diatom identification for
educational use will depend more on an integrated
approach that aligns technical development with
biological validity and learning objectives, rather than
incremental improvements in accuracy.
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6. Conclusion

This systematic review synthesises recent research
on CNN-based automated diatom identification by
analysing task formulation, model architectures,
dataset characteristics, performance reporting,
technical challenges, and future research directions.
The findings show that the field is largely dominated
by classification and detection-centric approaches
based on established CNN architectures and
microscopy-derived datasets, while segmentation and
regression-based tasks remain limited. Although high
performance metrics are frequently reported,
substantial heterogeneity in datasets, evaluation
metrics, and validation protocols restrict cross-study
comparability and weaken claims of generalisability.

The review further indicates a convergence toward
pragmatic preprocessing and augmentation practices
that address the visual complexity of diatom imagery,
yet persistent technical challenges, such as
morphological ambiguity, class imbalance, limited
robustness, and low interpretability, continue to
constrain reliable application. These limitations are
particularly critical in microalgae learning contexts,
where model predictions must support conceptual
understanding rather than function as opaque
classification outputs. Overall, the synthesis of future
research directions highlights a shift toward data-
centred development, robustness-oriented evaluation,
and educational alignment. Expanding shared datasets,
improving generalisation under realistic conditions,
and integrating interpretable feedback mechanisms
emerge as key priorities for advancing CNN-based
diatom identification beyond proof-of-concept studies.
This review therefore provides a concise analytical
foundation for developing scalable, reliable, and
educationally meaningful Al tools for diatom analysis
and microalgae learning.
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