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ABSTRACT

Male-factor infertility is commonly evaluated using semen analysis; however, manual
assessment of sperm concentration, motility, and morphology remains susceptible
to observer variability and laboratory heterogeneity. This review synthesizes
artificial intelligence methods for automated semen analysis, covering sperm detection,
segmentation, morphology classification, motility assessment, tracking, and hybrid
computational pipelines. A literature search was conducted across PubMed/MEDLINE,
IEEE Xplore, Scopus, Web of Science Core Collection, and Google Scholar.
Eligible studies were peer-reviewed, English-language investigations that applied
machine-learning or deep-learning methods to at least one semen-analysis task and
reported quantitative performance measures. The reviewed studies demonstrate
recurring use of transfer learning, one-stage object detection, U-Net- and Mask
R-CNN-based segmentation, video-level convolutional models, transformer-based
architectures, model ensembles, and generative data augmentation. Although many
studies report high performance on curated internal datasets, comparisons across
studies are limited by differences in species, imaging modality, annotation procedures,
evaluation metrics, and data-partitioning strategies. External validation, patient- or
donor-level leakage control, calibration, uncertainty estimation, and prospective
assessment of clinical utility remain uncommon. Hybrid systems appear most
justified when their components address complementary failure modes and when their
incremental value is evaluated against an appropriately matched single-model baseline;
however, such comparisons are not consistently reported. Overall, the available
evidence supports the technical feasibility of artificial intelligence for automated
semen analysis but does not yet establish readiness for routine clinical deployment.
Translation will require harmonized multicenter datasets, consensus-based annotation,
leakage-aware external validation, task-specific reporting standards, defined human
oversight, and regulatory planning appropriate to the intended use and jurisdiction.
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1. INTRODUCTION

Male-factor infertility represents a substantial share of infertility cases and is estimated to affect approximately 7% of men
of reproductive age [1]]. According to the World Health Organization (WHO) 2021 laboratory manual, semen analysis
remains the principal test for assessing male reproductive potential through measurements of sperm concentration, total and
progressive motility, and morphology [2]. Manual assessment by trained andrologists is subject to considerable interobserver
variability, particularly in morphological evaluation, where interpretation is inherently subjective [3]]. These limitations
have encouraged the development of more objective, standardized, and automated approaches to semen assessment.
Computer-assisted sperm analysis (CASA) emerged in the 1980s as an early approach to quantitative assessment. By
tracking sperm trajectories, CASA systems made it possible to calculate kinematic parameters systematically [4]. Modern
CASA platforms have further improved the reproducibility of structural and functional measurements across laboratories
[S)]. Nevertheless, conventional CASA systems often depend on handcrafted features, fixed morphometric thresholds, and
rule-based decision logic. Their performance may therefore be affected by differences in staining procedures, microscope
optics, and image-acquisition settings, limiting generalizability across laboratories. Accurate analysis is particularly
challenging in samples with high sperm concentration, overlapping cells, imaging artifacts, or complex morphological
abnormalities. Deep learning, a subfield of artificial intelligence based on multilayer neural networks, provides a data-driven
alternative that can learn hierarchical visual representations directly from microscopy images and videos, reducing the
need for manual feature engineering [6]]. Deep learning methods have shown strong performance on internal benchmarks
for sperm detection [7]], morphology classification [8} 9], and concentration estimation [[10]. However, performance on a
study’s internal test partition does not necessarily indicate that the method will generalize to data from other laboratories,
populations, imaging systems, or acquisition protocols. The distinction between internal performance and external
generalizability is therefore considered throughout this review. Hybrid methods that combine deep learning with classical
image processing or conventional machine learning have also been investigated, particularly in settings where the available
training data are insufficient for fully end-to-end optimization [[11]. When such methods are evaluated only through a single
internal comparison, the results indicate improved performance under the reported conditions but do not, by themselves,
demonstrate robustness to distributional change. Accordingly, this review interprets claims of improved robustness as
evidence of higher internal performance unless the source study explicitly evaluates the method under an external or
shifted data distribution. Although the number of reviews addressing artificial intelligence in sperm and semen analysis
has increased, important gaps remain. Existing reviews often focus on individual components of the analysis pipeline,
such as morphology assessment [[10] or the historical development of CASA [4], with limited coverage of the complete
computational workflow. Recent developments in transformer-based architectures, foundation models, self-supervised
learning, federated learning, explainable artificial intelligence (XAI), and regulatory compliance have further broadened the
field, but these topics are frequently examined separately. A review that connects the full process, from image acquisition
and preprocessing to detection, segmentation, morphology classification, motility analysis, dataset characterization, and
clinical translation, is therefore warranted. This review provides an end-to-end synthesis of deep learning and hybrid
methods for automated semen analysis. The terminology used throughout the review is defined as follows. “Automated
semen analysis” refers to the computational evaluation of a semen sample as a whole. “Sperm analysis” is reserved for
cell-level tasks involving individual spermatozoa, including detection, segmentation, and morphology classification. This
distinction follows common usage in the source literature and avoids implying that a cell-level prediction is equivalent to a
patient-level semen-analysis diagnosis. “Computer-assisted sperm analysis” (CASA) refers specifically to instrumented or
software-based systems that automate one or more components of semen evaluation. “Detection” denotes the localization
of individual spermatozoa, typically with a bounding box, whereas “segmentation” denotes the pixel-level delineation of
a cell or subcellular structure. The term “identification” is not used as a generic task label in this review, except when
it appears in the title of a cited study, because studies using this term may perform detection or localization rather than
identification in the strict sense. Because “hybrid system” has no single standardized meaning in the literature, the term is
defined operationally here. Four non-exclusive forms of hybridization are considered:

1. Architectural fusion, in which two or more independently trained models generate predictions that are combined
through averaging, voting, or a learned meta-classifier;

2. Pipeline-level hybridization, in which a deep learning component is combined sequentially with a classical
image-processing or rule-based component;

3. Feature-level fusion, in which representations from structurally different encoders are concatenated or otherwise
combined before a shared prediction head; and

4. Generative augmentation, in which a generative adversarial network or another generative model produces additional
training examples for a separately trained detection or classification model.

This taxonomy is applied throughout the discussion of hybrid systems and, where appropriate, in the preceding technical
sections. The categories are non-exclusive because a single study may combine more than one form of hybridization. For
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example, a framework may use architectural fusion together with generative augmentation, or may combine feature-level
fusion with a rule-based post-processing stage. The review has six main objectives. First, it examines the complete
computational pipeline, including image acquisition, preprocessing, detection, segmentation, morphology classification,
motility assessment, tracking, and clinical interpretation. Second, it organizes conventional machine learning, deep learning,
transformer-based, and hybrid frameworks according to the taxonomy defined above. Third, it examines image-processing
procedures as potential determinants of model robustness rather than treating them as a minor preprocessing step. Fourth, it
evaluates the principal public and private datasets used in the field, with attention to dataset size, annotation quality, species,
and suitability for specific analytical tasks. Fifth, it compares reported outcomes while identifying the methodological
differences that limit direct quantitative comparison and presents a task-specific reporting framework for interpreting
published results. Sixth, it discusses the main barriers to clinical translation, including intended use, human oversight,
explainability, reproducibility, and regulatory requirements, and proposes a dependency-based translational framework that
does not rely on fixed timelines.

The remainder of the review is organized as follows. Section[2]describes the literature-search methodology and review
design. Section [3]examines sperm detection and segmentation. Section[d]discusses morphology classification and transfer
learning. Section[5]addresses motility assessment and tracking. Section [f]reviews image acquisition and preprocessing.
Section[7|considers pattern recognition and generative augmentation. Section[§|presents hybrid systems. Section[9]evaluates
benchmark datasets and performance metrics. Section[I0|discusses challenges and future directions. Section[TT|concludes
the review.

2. LITERATURE SEARCH METHODOLOGY

This article is a structured narrative review informed by PRISMA-style reporting, not a formal systematic review or scoping
review, and this distinction is stated explicitly because these designs carry different evidentiary expectations. A formal
systematic review would require a prespecified, typically registered protocol; complete, database-specific Boolean search
strings reported in full; independent screening and eligibility adjudication by at least two reviewers with a documented
conflict-resolution procedure; and a study-level risk-of-bias or quality assessment applied with a validated instrument.
This review follows the PRISMA 2020 flow structure to report how records moved from identification through screening
to inclusion, because that structure improves transparency, but it does not claim the full methodological apparatus of a
registered systematic review: no protocol was registered in advance, dual independent screening with a formal adjudication
log is not reported, and no validated risk-of-bias instrument was applied to individual studies. Readers should treat the
search process described here as a transparently reported, reproducible-in-outline literature search supporting a structured
narrative synthesis, and should not treat the included-study set as a registered systematic-review sample. A small number
of terminology conventions are fixed here and applied consistently thereafter. Percentage figures denote proportions
of a stated denominator and are reported to the precision given in the source publication; this review does not add
spurious decimal precision beyond what the original study reported, and, where a metric’s definition (macro- versus
micro-averaged, IoU threshold, matching rule) is not stated in the source, this review flags the ambiguity explicitly rather
than resolving it by assumption. The search was performed across five databases, PubMed/MEDLINE, IEEE Xplore,
Scopus, Web of Science Core Collection, and Google Scholar, using Boolean combinations of the terms “sperm analysis,”
“semen analysis,” “artificial intelligence,” “machine learning,” “deep learning,” “convolutional neural network” (CNN),
“computer-assisted sperm analysis,” “object detection,” “YOLO,” “Faster R-CNN,” “Mask R-CNN,” “DETR” (Detection
Transformer), “U-Net,” “transfer learning,” and named architectures including ResNet, VGG, EfficientNet, and Vision
Transformer. Database-specific syntax was adapted while preserving the same conceptual search strategy across all sources;
the exact per-database syntax strings, date-by-date search records, and a full-text exclusion log are not reproduced in this
article, which is a specific respect in which it falls short of a registered systematic-review protocol, as stated above, and is
revisited as a limitation. Studies were eligible for inclusion if they presented original research applying artificial intelligence,
machine learning, or deep learning methods to automated sperm or semen analysis; reported quantitative evaluation metrics;
addressed at least one analytical task among detection, segmentation, morphology classification, motility assessment,
or concentration estimation; and were published in English as peer-reviewed journal articles or conference proceedings.
Studies were excluded if they were duplicate publications, were not peer-reviewed, lacked quantitative evaluation, or
addressed non-automated sperm analysis, or if they used a non-comparative, single-model design that additionally lacked
any quantitative baseline, ablation, or externally reported benchmark against which the proposed model’s performance
could be contextualized; this last criterion was not applied to single-model studies that reported comparisons against prior
published results on the same dataset. The study-selection process was summarized using the PRISMA flow structure
to support methodological transparency. Database searching, screening, full-text retrieval, and eligibility assessment
proceeded in the stages summarized in Figure [T} the exact stage-by-stage counts, including the number of records excluded
under the single-model criterion above, are reported in the figure rather than restated as a running total in the prose, so
that the figure remains the single source of truth for these counts and the two do not risk drifting out of agreement across
revisions. Every numerical value reported in the sections that follow, including sample counts, video counts, annotated
object counts, class definitions, magnification, image resolution, and train/test partitioning, was checked against the original

9 < 9% <«

66



Shimaa et al. Journal of Smart Algorithms and Applications 5(2026):1-87

[ Identification of studies via databases and registers ]
Records excluded
Records identified from*: (n = 565)
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Reports sought for retrieval Reports not retrieved
(n=12) (n=195) (h=7)
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____________________________ g l

*Databases searched (July 2025;
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Lack of sperm morphology analysis (n = 9)

Non-comparative or single-model studies (n = 7)
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* Google Scholar

Figure 1: PRISMA flow diagram

source publication rather than an abstract, preprint, or secondary citation, to the extent verifiable from the publicly available
version of each source at the time of writing. Where a dataset or method has been described in both a conference and
a subsequent journal version, or where a preprint precedes a peer-reviewed version, the values reported here follow the
peer-reviewed version, and this substitution is noted explicitly wherever it applies; values from different versions of the
same dataset are not combined, and where the same underlying donor or patient cohort appears to underlie more than
one cited publication, this is noted at the relevant point in the text rather than treated as independent evidence. Readers
who identify a discrepancy between a citation in this review and the cited source are encouraged to consult the original
publication directly, since a review article of this scope cannot substitute for primary-source verification of any individual
claim; a claim-level extraction record, keyed to source table, figure, or page location for each high-impact numerical claim,
is recommended as a supplementary companion to this review and is noted as a specific limitation where not yet available.
This review did not conduct a formal, tool-based risk-of-bias assessment, such as QUADAS-2 for diagnostic-accuracy
studies or PROBAST for prediction-model studies, applied individually to each included study. This decision was based on
the absence of a validated instrument that is well suited to the heterogeneous study designs, tasks, and reported measures
characteristic of Al-based sperm-analysis research. Instead, Table [T distinguishes three reporting states across the included
studies: a check mark indicates that the source publication reports or addresses a given domain; a dash indicates that the
domain is not reported; and “NA” indicates that the domain is not applicable to the study design. The table is descriptive
rather than quantitative: it enables readers to distinguish studies that provide stronger evidence of external validity from
those that demonstrate only internal technical feasibility, but it should not be interpreted as a pooled risk-of-bias score.

Table 1: Representative, illustrative evidence table for a subset of included studies, covering methodological domains
relevant to the strength of the evidence

Study Sampling Reference Annotator Leakage Split External Class CI Code/data
standard agreement control granularity validation imbalance reported available
stated addressed
Javadi & V (235 WHO-aligned - v v - Partial - v’ (public)
Mirroshandel patients) patient-stratified
(1]
Haugen et al. v (external Multi-laboratory — v v v NA - Partial
[12] QA program)  reference reads site-independent
Wang et al. v Internal expert - v site-level v v - - -
[13] (multi-clinic) annotation
Valiuskaite et — Reference - Unclear - - - v -
al. [14] vitality
measure
Spencer et al. — Expert-labeled - Unclear - - - v -
[15] (HuSHeM) (significance
test)

A methodological concern common to nearly all studies reviewed here is the level at which validation is performed
and the resulting risk of data leakage. This issue is treated as a central methodological problem rather than a minor
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limitation. Table [2]records the validation designs of the representative studies summarized therein, as reported in the
source publications. However, the label “internal split” alone does not indicate whether the training and test data were
partitioned at the level of the individual image or frame, video, patient or donor, microscope slide, or acquisition site.
This distinction is consequential rather than merely semantic. In video-based motility or tracking studies, adjacent frames
from the same video sequence are highly correlated. Consequently, a frame-level or clip-level split that allows frames
from the same video to appear in both partitions can substantially inflate the reported accuracy relative to a video-level or
patient-level split. This occurs because the model may partially memorize sequence-specific visual characteristics rather
than learn a generalizable representation of motility. In morphology-classification studies, an analogous risk arises when
individual sperm-cell crops from the same slide or donor are distributed across different partitions. Cells from the same
slide share staining, illumination, and preparation characteristics that a model can exploit without learning morphological
features that generalize to a new patient. When a source publication explicitly states that the data were partitioned at the
patient, donor, or site level, this information is recorded in the table. Examples include the predefined patient-stratified
partition described for the MHSMA dataset [11] and the external, site-independent quality-assessment design reported by
Haugen and colleagues [[12]. When a source publication does not specify the partitioning unit, this review records the split
as “internal, granularity not reported.” When even the internal-versus-external distinction is ambiguous, it is recorded as
“unclear,” rather than being assigned a favorable interpretation. This is identified as a specific limitation of the underlying
study, rather than of this review’s synthesis. Readers comparing reported accuracies across studies should therefore treat any
study that does not report its partitioning unit with additional caution. Based on the information provided, an unreported
image-level or frame-level split cannot be distinguished from a leakage-prone split.

Three evidence levels recur throughout the sections that follow and are used consistently to qualify what a given result does
and does not support: internal technical validation, meaning a result reported on an internal split of a single dataset with no
independent test population; external analytical validation, meaning a result reported on data from an independent site,
laboratory, or population not used in model development; and prospective clinical or workflow validation, meaning a result
obtained from a study that evaluated the system’s effect on an actual clinical or laboratory decision process rather than only
its agreement with a retrospective reference label. The great majority of studies discussed in this review report internal
technical validation only; this hierarchy is applied explicitly and is the basis for the review’s overall conclusion that current
evidence supports technical feasibility rather than demonstrated clinical utility.

3. SPERM DETECTION AND SEGMENTATION

Sperm detection, the localization of individual spermatozoa within a microscopic image or video frame, is a prerequisite for
downstream morphology, motility, and concentration measurement; segmentation extends this task to pixel-level delineation
of the head, acrosome, midpiece, and tail. Figure 2|illustrates one representative shared-backbone architecture used by
several of the convolutional detection and segmentation frameworks discussed below, in which a common feature-extraction
backbone (for example, CSPDarknet, ResNet, EfficientNet, or MobileNet) feeds parallel detection and segmentation heads;
this is a conceptual illustration of one common architectural family and does not represent every architecture discussed in
this section, since one-stage detectors, two-stage detectors, transformer-based detectors, and classical pipeline approaches
without a shared convolutional backbone are also reviewed below and do not share this exact structure. CNN architectures
have been applied to both tasks across a range of microscopy modalities. Zou and colleagues [16] introduced TOD-CNN,
an architecture optimized for tiny-object detection, trained on 111 videos containing more than 278,000 annotated objects,
and reported an average precision at an intersection-over-union (IoU) threshold of 0.50, denoted APsg, of 85.60 percent
under offline conditions described as real-time by the study’s authors; generalizability beyond the training distribution was
not assessed. Wu and colleagues [[17]] developed a Faster R-CNN-based system for sperm identification in microdissection
testicular sperm extraction biopsy samples, trained on 702 images from 30 patients, achieving a mean average precision of
0.741; the small patient sample limits the statistical reliability of this estimate for clinical validation. Object detection
frameworks have also been evaluated directly against one another under matched conditions. Yuzkat and colleagues [24]]
compared single-stage and two-stage detectors for discriminating sperm from non-sperm structures and reported that
YOLOVS achieved the strongest single-stage performance on their dataset, while a fusion approach achieved the highest
overall mean average precision; the study addressed detection alone and did not incorporate motility analysis. Hidayatullah
and colleagues [23]] proposed DeepSperm, a lightweight single-layer detector developed for bull semen video; because
this study was conducted in bovine rather than human samples, its reported mean average precision of 94.11 percent,
F1-score of 0.93, and processing speed of 51.9 frames per second, with a model roughly one-twentieth the size of YOLOv4,
is read here as evidence of technical feasibility in an animal model rather than as evidence applicable to human semen,
since sperm-head geometry, staining response, and imaging requirements differ between species and clinical intended use
differs correspondingly. Sato and colleagues [/] applied a YOLOv3-based framework to clinical intracytoplasmic sperm
injection video from the Jikei Sperm Dataset, a human clinical dataset, reporting sensitivity and positive predictive value
of 0.881 and 0.853 for abnormal sperm and 0.794 and 0.689 for normal sperm; because the model detects cells without
independently assessing Kruger or WHO morphological criteria, it is not by itself sufficient as a standalone selection tool.
Zhu and colleagues [25]] introduced YOLOvVSs-SA, incorporating shuffle attention and depthwise separable convolutions to
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Table 2: Representative study characteristics and evidence summary for detection,
classification, and motility assessment tasks
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segmentation, morphology

Study Year Dataset Modality Task Architecture Partition unit / External Limitation
validation validation
Zou et al. 2022 111 videos, 278K+ Brightfield Tiny-object TOD-CNN Internal, unit not No Single homogeneous
[16] objects video detection reported source; generalizability
untested
Wu et al. 2021 702 images, 30 Micro-TESE Detection Faster R-CNN Internal, unit not No Very small patient
[17] patients biopsy reported sample
Shaker et al. 2017 HuSHeM  (216), Stained Head morphology APDL (dictionary Internal, unit not No Manual patch extraction
18] SCIAN brightfield learning) reported step
Riordon et 2019 HuSHeM, SCIAN  Stained Head morphology VGG16 (transfer Internal, unit not No Static images only, no
al. [9] brightfield learning) reported motility
Javadi & 2019 MHSMA (1,540; Unstained, Region Custom CNN Predefined No No motility assessment
Mirroshandel 235 patients) low-res abnormality train/val/test,
[11] detection patient-stratified
Keller et al. 2025 10,000 boar Imaging flow Morphology, CNN Internal, unit not No Non-human  species
[18] spermatozoa cytometry acrosome reported (boar); human transfer
integrity unestablished
Marin & 2021 SCIAN-SpermSegGS Stained Multi-part U-Net, Mask Internal, unit not No Dataset-specific;
Chang [19] brightfield segmentation R-CNN (transfer reported midpiece/tail lower
learning) accuracy
Lei et al. 2025 Live unstained Brightfield Multi-part Mask  R-CNN, Internal, unit not No High compute cost
[20] human sperm segmentation YOLOVS8/11, reported limits real-time use
U-Net
(benchmark)
Haugen et 2019 VISEM (85 donors) Video, 400x  Motility ResNet variants Internal, No Single-center
al. [21] proportion donor-linked population
metadata
Haugen et 2023 65 videos, external Video WHO  motility ResNet-50 10-fold CV; Yes Coarse categories; no
al. [12] QA category site-independent kinematic parameters
external QA
benchmark
Sato et al. 2022 Jikei Sperm Dataset  Clinical ICSI  Detection, YOLOV3 Internal, unit not No Detection only, no
7] (4,625) video tracking reported Kruger criteria
Zhang et al. 2024 VISEM-Tracking Video Detection  and YOLOVS variant+ Internal, unit not No Single public tracking
[22] tracking DeepOCSORT reported benchmark
Wang et al. 2024 Multi-clinic data Brightfield Cross-site DL Internal and Yes Documents degradation
[13] generalizability generalizability external, site-level under domain shift
study
Hidayatullah 2021 Bull semen video Video Dense/occluded  DeepSperm Internal, unit not No Non-human  species
et al. [23] detection (single-layer reported (bull); human transfer
detector) unestablished
Yuzkat et al. 2023 Custom labeled Brightfield Sperm vs. YOLOVS5, Internal, unit not No Detection only, no
[24] dataset non-sperm single/two-stage  reported motility
discrimination fusion
Zhu et al. 2023 Semen microscopy Brightfield Occluded, YOLOV5s-SA Internal, unit not No Localization only
125] images low-texture (shuffle attention) reported
detection
Dobrovolny 2023 Custom  labeled Brightfield Sperm cell YOLOVS Internal, unit not No Small dataset, few
et al. [26] dataset detection reported annotators
Liu et al. 2021 HuSHeM (216) Stained Head morphology AlexNet (transfer Internal, unit not No Limited dataset
127] brightfield (4-class) learning) reported variability
Spencer et 2022 HuSHeM (216) Stained Head morphology Stacked CNN Internal, unit not No Ensemble complexity;
al. [15] brightfield (4-class) ensemble reported single dataset
Mahali et al. 2023 SVIA, HuSHeM, Mixed Morphology Swin Transformer Internal, unit No Complex fusion,
[28] SMIDS classification + MobileNetV3 + not reported; 3 possible  information
autoencoder datasets loss
Cansiz et al. 2026 Sperm morphology  Stained GAN-based LB-EGAN Internal, unit not No Augmentation-only;
[29] datasets brightfield augmentation (ensemble reported downstream
dual-GAN) generalizability not
externally tested
Valiuskaite 2020 VISEM Video Head R-CNN + centroid Internal, unit not No Small, non-diverse
etal. [14] segmentation, tracking reported dataset
motility
Somasundaran2021 Custom (3,200 Video, 30 fps Classification, Faster R-CNN + Internal, unit not No Short controlled clips
& Nirmala images) motility ESA + THMA reported
(301
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Figure 2: Conceptual example of a shared-backbone convolutional pipeline for sperm detection and segmentation

address occlusion and low-texture artifacts, and Dobrovolny and colleagues [26] compared YOLOvVS5 against YOLOvV3
and YOLOV4 on a custom-labeled human sperm dataset, reporting accuracy differences of approximately 2 and 0.25
percentage points on their internal test set, respectively, together with faster inference than region-based detectors on
the same hardware. Collectively, these studies indicate that single-stage detectors, particularly members of the YOLO
family [31]], and, to a lesser extent, single-shot detectors such as SSD [32], offer a favorable internal-benchmark balance of
accuracy and inference speed for near-real-time laboratory workflows; reported margins between architectures should be
read as internal-comparison evidence specific to each study’s dataset and protocol, not as a ranked cross-study comparison.

Transformer-based detectors have more recently been adapted to sperm microscopy. Carion and colleagues [33]] introduced
the Detection Transformer (DETR), which removes hand-crafted components such as non-maximum suppression and
anchor generation by combining a convolutional backbone with a transformer encoder-decoder that predicts bounding
boxes through bipartite matching; on the COCO 2017 benchmark, a general-purpose natural-image dataset rather than a
sperm-specific one, DETR matched the accuracy and runtime of an optimized Faster R-CNN baseline. Zhu and colleagues
[34] introduced Deformable DETR to address slow convergence and limited multiscale resolution through deformable
attention, again evaluated on general-purpose benchmarks rather than sperm microscopy. Prangemeier and colleagues [33]]
adapted the DETR architecture to biomedical microscopy in Cell-DETR, an end-to-end instance segmentation model for
cells in microstructured environments. Zhao and colleagues [36]] introduced RT-DETR, reporting 53.1 and 54.3 percent
average precision on COCO val2017 at 108 and 74 frames per second for ResNet-50 and ResNet-101 backbones, respectively,
again on a general-purpose benchmark. Zhang and colleagues [22]] combined an attention-augmented YOLOvS variant
with an improved DeepOCSORT tracking algorithm for human sperm detection and tracking on the VISEM-Tracking
dataset, reporting a higher-order tracking accuracy (HOTA) of 74.303 percent and a multi-object tracking accuracy (MOTA)
of 71.167 percent on that dataset. Figure [3| presents a conceptual example of one DETR-based pipeline of this kind,
combining sample-level viability estimation with detection, tracking, and motility classification; this is a single conceptual
illustration among several architectural families reviewed in this section, not a description of the architecture used by every
cited study, since many detection and tracking systems reviewed here instead use one-stage or two-stage convolutional
detectors, tracking-by-detection with a Kalman filter or SORT-family association step, or recurrent temporal models without
a transformer encoder-decoder.

Pixel-level segmentation provides morphometric measurements, including head area, perimeter, and elongation, that
bounding-box detection cannot supply, and is a prerequisite for detailed midpiece and flagellum analysis. U-Net [37]],
with its encoder-decoder structure and skip connections, is the most widely adopted backbone for sperm segmentation.
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Figure 3: Conceptual example of a DETR-based workflow

Marin and Chang [19] reported that a transfer-learned U-Net achieved Dice coefficients (a measure of pixel-wise mask
overlap, defined as twice the intersection divided by the sum of the two mask areas) of 0.96 for the head, 0.94 for the
acrosome, and 0.95 for the nucleus on the SCIAN-SpermSegGS dataset; performance for the midpiece and tail was lower,
with Dice coeflicients of 0.64 and 0.75 reported by Movahed and colleagues [38]) for these elongated structures on their
own dataset, a gap generally attributed to the mismatch between the extreme aspect ratio of these components and the
network receptive field. Mask R-CNN [39] extends detection to instance-level masks and has been used for concurrent
localization and per-cell segmentation. Lv and colleagues [40] proposed a dilated U-Net with a modified skip-connection
block, trained on 1,207 images from more than 20 patients, and reported a Dice coeflicient of 95.14 percent for head
segmentation on unstained, low-resolution images, with additional evaluation on an external prostate imaging dataset. Lei
and colleagues [20] benchmarked Mask R-CNN, YOLOv8, YOLO11, and U-Net across five anatomical regions on a live,
unstained human sperm dataset and found that Mask R-CNN performed best for the head, nucleus, and acrosome on this
dataset, while U-Net achieved the highest IoU for the tail; because instance-level segmentation with Mask R-CNN carries
substantially higher computational cost, a practical tension exists between the most accurate segmentation approach on
this benchmark and real-time clinical deployment. Transformer-based segmentation architectures, including TransUNet
[41]], have also been applied to sperm head segmentation, although adoption remains comparatively limited. Across the
segmentation literature, inconsistent use of the Dice coefficient, IoU, and pixel accuracy, three related but numerically
distinct quantities, complicates direct cross-study comparison; Dice and IoU are mathematically related (Dice equals
2 x IoU/(1 + IoU)) but not numerically interchangeable, and a Dice score will always exceed the corresponding IoU value
for the same segmentation. This relationship is stated once here and referenced, rather than re-derived, where relevant later
in this review. Classical segmentation techniques retain practical value in controlled laboratory settings because of their low
computational cost. Global thresholding by Otsu’s method [42] performs well on stained brightfield images with a bimodal
intensity histogram but is less effective on phase-contrast images, where the halo artifact reverses local contrast relative to
the background. Local adaptive thresholding [43] accommodates spatially varying illumination that defeats global methods.
Morphological operations and the marker-controlled watershed transform [44]] separate touching sperm heads, and active
contour and level-set methods [43], 46] refine coarse boundaries with sub-pixel accuracy and accommodate topological
changes from touching or merging cells. Deep learning-based segmentation has nonetheless become the preferred approach
for heterogeneous clinical data, consistent with its reported robustness advantages over classical methods on the specific
comparisons available in the reviewed literature.
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4. MORPHOLOGY CLASSIFICATION AND TRANSFER LEARNING

Sperm morphology assessment in the studies reviewed here is typically anchored to the WHO Kruger strict criteria [2]],
which classify spermatozoa as normal or abnormal according to the shape and dimensions of the head, midpiece, and
flagellum. Not every study applies this reference standard directly; where a study instead relies on laboratory-specific
criteria or a locally defined consensus among annotators, this is noted explicitly, because “normal” and “abnormal” labels
are only comparable across studies when the underlying labeling protocol is comparable. A cell-level “normal morphology”
label in these studies should also not be conflated with a patient-level “normal semen analysis” result, which additionally
requires concentration and motility to fall within WHO reference ranges [2]); the studies reviewed in this section address
the cell-level task only. Because manual application of any morphology criteria is subject to interobserver disagreement,
automated classification has attracted sustained research interest. Shaker and colleagues [8] proposed Adaptive Patch-based
Dictionary Learning (APDL), constructing class-representative dictionaries from image patches, and reported 92.2 and
62.0 percent classification accuracy on the HuSHeM and SCIAN-Morpho datasets, respectively, using their introduced
216-image HuSHeM dataset; the method required a manual patch-extraction step that limits full automation. Riordon and
colleagues [9]] fine-tuned a VGG16 network pretrained on ImageNet on the HuSHeM and SCIAN benchmarks, reporting a
true positive rate of 94.1 percent that exceeded a cascade ensemble support vector machine (SVM) baseline evaluated on the
same data and split. Javadi and Mirroshandel [11] introduced a multiclass classifier evaluated on the 1,540-image MHSMA
dataset with a predefined, patient-stratified split, reporting Fy 5 scores (a variant of the F-score weighting precision more
heavily than recall) of 84.74, 83.86, and 94.65 percent for acrosome, head, and vacuole abnormality detection, respectively;
because assessment was restricted to still images, motility, which the WHO manual treats as a jointly required parameter,
was not evaluated. Keller and colleagues [[18]] trained a convolutional network on 10,000 annotated boar spermatozoa
images acquired by imaging flow cytometry, reporting F1-scores between 96.73 and 99.31 percent across magnification
levels and 99.8 percent for acrosome integrity; because this study used a non-human species with morphology criteria and
defect categories that differ from human andrology practice, its results describe feasibility in a veterinary and agricultural
imaging context and should not be read as evidence for human diagnostic performance. Igbal and colleagues [47] proposed
a lightweight custom architecture and reported 88 percent recall on SCIAN and 95 percent recall on HuSHeM, operating on
pre-cropped human sperm images that require prior manual segmentation. Hernandez-Herrera and colleagues [48]] applied
ResNet50 for flagellum defect classification and U-Net for segmentation on human sperm, reporting a mean F1-score of
0.99 and a mean Dice coefficient of 0.81 on flow-cytometry images; performance on standard brightfield or phase-contrast
microscopy was not evaluated in this study. Transfer learning from ImageNet-pretrained networks is the dominant strategy
for addressing the limited scale of annotated sperm datasets, which seldom exceed a few thousand images [49]. In addition
to the VGG16 transfer-learning result of Riordon and colleagues [9] above, Abbasi and colleagues [S0] compared single-task
and multitask transfer learning on the MHSMA dataset and found that a multitask VGG19 formulation was associated
with higher internal performance for the head and acrosome labels, consistent with the studied inter-label correlations,
while the benefit was smaller for the vacuole classification task; this result describes an internal-comparison association on
this dataset rather than a demonstrated robustness advantage under distributional change. Liu and colleagues [27] adapted
AlexNet with additional batch-normalization layers for four-class WHO morphology classification on HuSHeM, achieving
96.0 percent accuracy with a comparatively lightweight architecture. Spencer and colleagues [15]] constructed a stacked
ensemble of VGG16, VGG19, a modified ResNet-34, and DenseNet-161, all initialized with ImageNet weights, combined
through a meta-classifier; the ensemble achieved an F1-score of 98.2 percent, a recall of 98.5 percent, and a precision of
98.0 percent on HuSHeM, a statistically significant improvement over individual base models on this dataset (P = 0.005,
Mann-Whitney U test). Marin and Chang [19]] additionally reported that, on their dataset, transfer-learned U-Net and Mask
R-CNN segmentation models produced lower variance and fewer complete segmentation failures than models trained from
randomly initialized weights; this is reported here as an internal-comparison finding on the source dataset, not as a general
robustness claim. Because ImageNet pretraining is derived from natural images rather than microscopic cellular structures,
the resulting representations may encode textures irrelevant to sperm microscopy, a domain gap that motivates continued
interest in domain-adaptive pretraining and self-supervised learning on microscopy-specific corpora. Direct quantitative
comparison of reported classification accuracies across studies is constrained by the absence of a universally accepted
benchmark dataset and standardized evaluation protocol. Accordingly, this review avoids the phrase “superior performance”
except when comparisons are based on the same dataset, data split, endpoint definition, and evaluation protocol. Ilhan and
Serbes [51]] reported classification accuracies of 90.87%, 92.1%, and 73.2% on the SMIDS, HuSHeM, and SCIAN-Morpho
datasets, respectively, using a two-stage fusion of fine-tuned GoogleNet and VGG16. Dobrovolny and colleagues [52]
reported a mean average precision of 72.15% for YOLOVS on the VISEM dataset; this result is not directly comparable
to those of detection studies that used different datasets and evaluation metrics. Shahzad and colleagues [53]] reported
accuracies of 89%, 90%, and 92% for acrosome, head, and vacuole classification, respectively, using a sequential deep
neural network on MHSMA. Prabaharan and Saravanan [54]] reported an overall accuracy of 98.99% using a three-stage
CNN framework with entropic segmentation on an independently collected dataset. Shahali and colleagues [S5] reported an
accuracy and precision of 94% using an ensemble of DenseNet, ResNet, and Inception models for morphology classification
in live, unstained sperm. Aristoteles and colleagues [56] reported an overall mean average precision of 79.58% using
YOLOv4 for sperm identification, which is a detection task despite the study’s title. Mahali and colleagues [28]] proposed a
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hybrid model combining a Swin Transformer, MobileNetV3, and an autoencoder, reporting accuracies of 95.4%, 97.6%,
and 91.7% on the SVIA, HuSHeM, and SMIDS datasets, respectively. These studies address distinct prediction tasks,
datasets, and evaluation protocols. Their results should therefore be interpreted as evidence that multiple architectural
families can achieve high performance on internal benchmarks involving curated datasets, rather than as constituting
a ranked comparison of algorithms. Where multicenter testing has been performed, differences in staining protocols,
microscope configurations, and site-specific acquisition procedures have been shown to substantially degrade performance
[L3]. Within individual studies that report such comparisons, one-stage detectors offer a favorable balance between accuracy
and computational efficiency for near-real-time laboratory workflows, whereas two-stage detectors, such as Faster R-CNN
and Mask R-CNN, tend to provide more accurate localization of complex structures at a higher computational cost. The
appropriate choice therefore depends on the intended application and available hardware, rather than on accuracy alone.

5. MOTILITY ASSESSMENT AND TRACKING

Sperm motility, defined by the WHO as progressive (PR, meaning progressive motility), non-progressive (NP, meaning
non-progressive motility), or immotile (IM, meaning immotile), is among the most clinically consequential parameters
in semen analysis, and its manual assessment is similarly subject to interobserver variability [2]]. Automated motility
assessment addresses both video-based trajectory analysis and direct classification of motility category from video clips.
Haugen and colleagues [21] introduced the publicly available VISEM dataset, comprising videos from 85 donors at 400x
magnification linked to biological metadata, and used a frame-stacking approach to predict the proportions of progressive,
non-progressive, and immotile sperm. Valiuskaite and colleagues [14] presented a region-based convolutional network for
sperm head segmentation combined with centroid tracking to estimate movement velocity, reporting 91.77 percent (95
percent confidence interval, 91.11 to 92.43 percent) detection accuracy on VISEM and a Pearson correlation coeflicient of
0.969 between predicted and reference vitality measurements. A Pearson correlation quantifies the strength of a linear
association between two variables and, on its own, does not establish that two measurements agree in absolute terms; this
point is stated once here and applies to every correlation-based result discussed elsewhere in this review. This particular
result should therefore be read as evidence of a strong linear relationship rather than as evidence of clinical-grade agreement,
which would require a complementary agreement analysis, such as Bland-Altman limits of agreement or a reported mean
absolute error, neither of which was provided in this study. Somasundaram and Nirmala [30] combined a Faster R-CNN
detector with an Elliptic Scanning Algorithm and a Tail-to-Head Movement Algorithm for simultaneous classification and
motility analysis, reporting 97.37 percent detection accuracy with a minimum per-frame processing time of 1.12 seconds;
because 1.12 seconds per frame corresponds to fewer than one frame per second, well below the acquisition frame rate
used in this and comparable motility studies, this result is read here as evidence of offline algorithmic feasibility rather
than of real-time operation. Consistent with the terminology convention adopted throughout this review, “real-time” is
reserved for systems demonstrated to meet or exceed the acquisition frame rate under stated hardware and preprocessing
conditions, including any tracking or post-processing overhead; other results are described as offline, near-real-time, or
low-latency, as appropriate, and are reported together with the hardware and batch conditions stated by the source study
where available. Haugen and colleagues [12] subsequently evaluated a ResNet-50 deep convolutional neural network on
65 videos from an external quality-assessment program using tenfold cross-validation, training separate three-class and
four-class WHO motility category models and benchmarking predictions directly against multiple reference laboratory
assessments; this study is notable among those reviewed for its explicit external quality-assessment design, although it
reports coarse categorical motility rather than continuous kinematic parameters such as curvilinear or straight-line velocity
that are required for detailed andrological interpretation.

Across the studies reviewed, a transition from handcrafted kinematic feature engineering toward learned, video-level
representations is evident, with convolutional architectures forming the dominant framework. Reported performance
gains reflect improvements in dataset quality, transfer-learning strategy, and preprocessing in addition to architectural
refinement, but direct comparison across studies remains constrained by variation in imaging modality, annotation protocol,
dataset scale, and evaluation metric. Where available, calibration analysis, mean absolute error, limits-of-agreement
analysis, and clinically relevant decision thresholds, for example the threshold used to flag a sample as oligospermic or
asthenozoospermic, would provide a more clinically interpretable characterization of motility-prediction accuracy than
correlation alone, and their more consistent reporting is identified as a priority for future work.

Domain shift affects motility estimation somewhat differently than it affects detection, morphology classification, or
segmentation. Because motility labels derive from continuous trajectory dynamics rather than a single static image, motility
models are particularly sensitive to frame rate and to differences in optical modality between training and deployment
sites; a model trained on 50 frame-per-second phase-contrast video, such as VISEM, may not transfer reliably to a lower
frame-rate or brightfield acquisition setting, independent of any change in the underlying patient population. This is a
form of covariate shift specific to the temporal sampling of the input, distinct from the static-image covariate shift, such as
staining or illumination variation, that primarily affects detection, segmentation, and morphology classification.
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6. IMAGE PREPARATION AND FEATURE EXTRACTION

The imaging modality used for acquisition materially affects downstream model performance. Brightfield microscopy
with Papanicolaou or Diff-Quik staining is the reference standard for WHO morphology assessment because it provides
high-contrast visualization of chromatin and acrosomal structure [2]], but staining is cytotoxic and therefore unsuitable for
live-cell analysis. Phase-contrast microscopy converts the phase shifts produced by unstained specimens into amplitude
variations, enabling live-cell motility assessment, and is widely used as an acquisition modality for CASA systems and
video-based deep learning approaches [4]; the halo artifact characteristic of phase-contrast optics complicates boundary
segmentation and is partially mitigated by digital correction techniques [57]. Fluorescence microscopy with targeted
assays, including the terminal deoxynucleotidyl transferase dUTP nick end labeling (TUNEL) assay, supports assessment
of DNA fragmentation. Because DNA-fragmentation prediction is not treated as a formal computational task elsewhere
in this review, the following is noted briefly rather than as a dedicated subsection: recent work has explored predicting
fragmentation from label-free quantitative phase imaging to reduce reliance on fluorescence staining [59], in a body of
work in which reactive oxygen species are implicated as a mechanistic contributor to DNA damage [60]. Standardization of
acquisition parameters, including magnification, frame rate, and illumination, across laboratories remains an unresolved
barrier to multisite model training [4]].

Figure [ summarizes a representative preprocessing and feature-extraction pipeline of the kind used across the studies
discussed in this section, spanning contrast enhancement, denoising, illumination correction, morphological and texture
feature extraction, and both classical and deep learning-based segmentation.
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Figure 4: Representative preprocessing, feature-extraction, and segmentation pipeline for microscopic sperm image
analysis

Preprocessing pipelines commonly include contrast enhancement, denoising, and illumination correction prior to detection
or segmentation. Contrast-limited adaptive histogram equalization [61]] improves local contrast while limiting noise
amplification, and Gaussian or median filtering is applied depending on whether the dominant noise source is Gaussian
or impulsive. Background subtraction removes slowly varying illumination from phase-contrast images [62]. Deep
denoising networks such as DnCNN [63]], originally developed for general-purpose image restoration, have been proposed
for adaptation to biomedical microscopy because they preserve fine structural boundaries more effectively than conventional
filters in comparisons reported in the general image-restoration literature. Direct ablation evidence isolating the contribution
of individual preprocessing steps to downstream detection or segmentation accuracy is limited in the reviewed sperm-analysis
literature; the studies cited above did not report formal ablation experiments for contrast normalization or background
subtraction, so the expectation that omitting these steps degrades performance in low-contrast or phase-contrast imaging
should be regarded as a plausible inference transferred from the broader image-processing literature, rather than as a result
directly demonstrated within this review’s sperm-analysis evidence base. Wang and colleagues instead provided direct
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empirical evidence, through internal and external multicenter testing, that the diversity of imaging conditions represented in
the training dataset is a stronger determinant of cross-site generalizability than any single preprocessing step.

Feature representation converts image data into compact descriptors of morphology or kinematics. Geometric features,
including head area, perimeter, width-to-length ratio, and acrosome area fraction, are computed from segmentation masks
and correspond directly to WHO morphology criteria [2]. Texture descriptors, including local binary patterns [[64]] and
Gabor filter responses [65]], characterize chromatin condensation and acrosomal texture. Kinematic features derived from
centroid trajectories, including curvilinear velocity, straight-line velocity, average path velocity, linearity, straightness,
wobble, beat-cross frequency, and amplitude of lateral head displacement, have traditionally supported WHO motility
classification and continue to complement deep learning-based prediction. Deep feature embeddings extracted from
convolutional layers encode a hierarchy from low-level edges and textures to morphology-specific semantic patterns; Abbasi
and colleagues [50] reported that such learned representations outperformed handcrafted feature baselines for morphology
classification on MHSMA in their internal comparison, consistent with the broader shift toward learned representations
documented throughout this review.

7. PATTERN RECOGNITION AND GENERATIVE AUGMENTATION

Classical pattern-recognition methods retain arole in sperm analysis, particularly for interpretable, feature-based classification.
Support vector machines with radial-basis-function kernels have been widely applied to handcrafted morphology and motility
features; Ilhan and colleagues [66]] reported accuracies of 80.5 and 83.8 percent for wavelet-based and descriptor-based
features, respectively, using this approach on their dataset. Goodson and colleagues [67]] proposed CASAnova, a multiclass
support vector machine that sequentially applies decision hyperplanes to classify sperm motility patterns into one of
five classes, reporting an overall accuracy of 89.9 percent. Random forest classifiers offer internal feature-importance
estimates that support clinical interpretation and have been proposed for motility classification from kinematic feature
vectors. Recurrent architectures, and long short-term memory networks in particular, have been increasingly adopted
for motility analysis because they capture long-range temporal dependencies in sperm trajectories while mitigating the
vanishing-gradient limitation of standard recurrent networks.

Generative adversarial networks (GANSs) [68] have been applied primarily as a data-augmentation strategy to address the
pronounced class imbalance characteristic of annotated sperm datasets, in which morphologically abnormal subclasses
are typically underrepresented relative to normal forms. A recognized limitation of conventional generative adversarial
augmentation is mode collapse, in which the generator converges to a narrow range of near-identical synthetic images
and fails to capture intraclass morphological variability. Cansiz and colleagues [29] proposed a loss-based ensemble
generative adversarial network (LB-EGAN) that fuses two structurally distinct generator architectures based on discriminator
loss, reporting that ensemble-based generative augmentation improved downstream classifier performance on minority
morphological defect classes in their data-scarce internal setting; downstream generalizability to external data was not
evaluated in this study.

Domain-specific challenges continue to complicate microscopic image interpretation, and these challenges affect the
principal analytical tasks in distinct ways. Low contrast and halo artifacts around the sperm head in phase-contrast
imaging, partially mitigated by digital halo-removal filtering [69], primarily degrade segmentation boundary accuracy
rather than coarse detection or classification confidence. Overlapping and touching cells in high-concentration samples
produce ambiguous pixel regions that instance-aware segmentation methods, including Mask R-CNN, address only partially;
segmentation accuracy has been shown to degrade substantially in high-density fields, including intracytoplasmic sperm
injection microscopy [70], whereas detection recall is comparatively more robust to overlap because a bounding box
tolerates partial occlusion better than a pixel-accurate mask. Debris and non-sperm elements, such as white blood cells and
epithelial cells, require multiclass detectors capable of distinguishing sperm from impurities, and the relative rarity of white
blood cells in typical samples introduces label-shift-like class imbalance during training that is distinct from the covariate
shift caused by staining variation [[71]]. Limited depth of field causes cells at different focal planes to appear with variable
sharpness, a limitation that three-dimensional z-stacking or extended depth-of-field synthesis can address but that is not
standard in routine clinical workflows [72]); this factor primarily affects morphology classification, since a defocused head
can be misclassified as morphologically abnormal. Finally, variation in staining protocol, dye concentration, and slide
preparation across laboratories constitutes a covariate shift that necessitates staining normalization for models intended for
multisite deployment [[13], and, because staining protocol also shapes how “normal” and “abnormal” are visually defined at
the point of annotation, this source of variation can additionally introduce a degree of concept shift, when models trained
under one staining and labeling convention are applied under another.
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8. HYBRID DEEP-LEARNING AND MACHINE-LEARNING SYSTEMS

Because hybrid systems are a central focus of this review, the approaches identified in the preceding sections are consolidated
here and classified according to the four-category taxonomy introduced above. Table[3|maps each study to its hybridization
strategy, component models, fusion stage, analytical task, comparator, dataset, validation design, and reported incremental
benefit. This comparison is intended to clarify what each hybrid configuration contributes beyond its constituent or
single-architecture baseline, while distinguishing genuine performance gains from improvements reported only under
internal or incompletely specified validation conditions.

Table 3: Hybrid studies mapped onto the four-category taxonomy

Study Operational  Component Fusion location Task Comparator Dataset Validation Reported
category models (same split) design incremental benefit
Ilhan & Serbes Architectural  Fine-tuned Late (prediction-level) ~ Morphology Individual SMIDS, Internal, unit not Higher accuracy than
151) fusion GoogleNet  + classification GoogleNet HuSHeM, reported either  constituent
VGG16 and VGG16 SCIAN-Morpho model on the same
baselines split
Yuzkat et al. [24] Architectural ~ Single-stage Late (prediction-level) ~ Sperm vs. Individual Custom labeled Internal, unit not Highest overall mAP
fusion + two-stage non-sperm single- and dataset reported among  compared
detectors detection two-stage configurations
detectors
Mabhali et al. [28] Feature-level Swin Feature-level, Morphology Constituent SVIA, HuSHeM, Internal, unit Consistent accuracy
fusion + Transformer pre-classification classification single backbones SMIDS not reported; 3 across three datasets
pipeline + MobileNetV3 head (partial) datasets relative to reported
hybridization ~ + autoencoder single-backbone
results
Hernandez-Herrera Pipeline-level ~U-Net Sequential Flagellum Not a  Flow-cytometry Internal, unit not Not evaluated against
etal. [48] hybridization ~ (segmentation) defect single-model human sperm reported a single-model
— ResNet50 classification comparator; baseline on the same
(classification) sequential split
design only
Ilhan et al. [66] Pipeline-level ~MobileNet Sequential (feature Detection and Conventional Internal dataset  Internal, unit not Higher accuracy than
hybridization  features + extractor — classifier) classification handcrafted-feature reported conventional-feature
conventional classifiers baselines in the
classifier source comparison
Cansizetal. [29] Generative Two structurally Discriminator-loss-guided GAN-based Single-generator  Sperm Internal, unit not Improved
augmentation  distinct GAN parameter fusion augmentation ~ GAN morphology reported downstream
generators, for morphology augmentation datasets minority-class
loss-guided classification baseline performance versus
fusion single-generator

augmentation on the
source dataset

Across the reviewed studies, the evidence suggests that hybridization is most defensible when its constituent components
address complementary failure modes, for example combining a detector optimized for small or occluded objects with a
classifier optimized for fine-grained morphological discrimination, and when the source study includes an appropriate
single-model baseline evaluated on the same split, rather than when two similar architectures are combined primarily to
obtain an incremental accuracy gain without such a baseline. An ensemble that improves overall accuracy by pooling
architecturally similar convolutional networks, as in the four-model stacked ensemble reported by Spencer and colleagues
[[L5]], demonstrates the value of variance reduction through model averaging within that study’s own comparison; the
CNN-transformer hybrids of Prangemeier and colleagues [35] and Mahali and colleagues [28] instead illustrate the value
of combining architecturally distinct inductive biases (local convolutional feature extraction and global self-attention).
A hybrid label is therefore not, by itself, evidence of superior performance. In particular, the pipeline-level design of
Hernandez-Herrera and colleagues [48] does not report a single-model baseline on the same split; consequently, no
incremental benefit attributable specifically to hybridization can be established. The reviewed approaches are best understood
as three distinct design patterns: architecturally novel fusions that combine complementary inductive biases, ensembles that
primarily reduce variance, and sequential pipeline compositions whose added value remains uncertain without a matched
baseline. Neither fusion-based nor pipeline-based hybrids have yet been evaluated in a sufficiently broad multicenter setting
to determine whether their additional architectural complexity produces a proportionate gain in real-world robustness.

9. DATASETS, BENCHMARKING, AND PERFORMANCE METRICS

The scale, annotation quality, and acquisition characteristics of available datasets directly constrain model generalizability and
the validity of cross-study comparison. The most frequently used public benchmarks in the reviewed literature are HuSHeM,
a 216-image, four-class human head-morphology dataset stained by the Diff-Quik method [73]]; SCIAN-MorphoSpermGS, a
gold-standard human dataset of 1,854 expert-validated head images spanning five morphological categories [74]; MHSMA,
a grayscale human dataset of 1,540 images from 235 infertile patients with four annotated morphological regions and
predefined training, validation, and test partitions [L1]; VISEM, a multimodal human video dataset from 85 donors
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linking motility and biological metadata [21]; SVIA, a large-scale human dataset exceeding 278,000 annotated objects
spanning detection, tracking, and denoising subsets [75]]; and SMIDS, a 3,000-image, three-class human dataset acquired
through smartphone-based imaging [76]. Additional datasets used in individual studies include the Jikei Sperm Dataset of
4,625 unstained human images from Japanese donors [[7]] and the Somasundaram and Nirmala dataset of 3,200 human
images across four morphological classes [30]. The non-human datasets discussed elsewhere in this review, namely the
boar imaging-flow-cytometry dataset of Keller and colleagues [18] and the bull semen video dataset of Hidayatullah
and colleagues [23], because biological structure, imaging conditions, and intended clinical use differ between species;
animal-model results are treated in this review as evidence of algorithmic feasibility only and do not contribute to any
statement about human diagnostic, clinical, or regulatory evidence. Several smaller private collections acquired by
quantitative phase imaging, digital holographic microscopy, or image cytometry are also represented in the literature
(77,178l (791 180L 181]].

Earlier, smaller-scale human datasets remain relevant as historical benchmarks against which later, larger public releases
can be compared: a 283-cell, 100-slide Papanicolaou-stained dataset acquired at 1000x magnification supported early
evaluation of foundational morphological algorithms [82]; a 160-image, two-class dataset of isolated sperm heads shared
by Tseng and colleagues became an early reference for computer-aided morphology classification [83]]; and a 19-image,
264-cell gold-standard dataset with manually generated ground-truth masks for the head, nucleus, and acrosome has
been used to benchmark detection, segmentation, and tail-point localization algorithms [84]. These early, small-scale
resources illustrate the incremental growth in dataset scale that has accompanied the field’s transition from classical to deep
learning-based methods, but their limited size also means that models validated exclusively on them should not be assumed
to generalize to larger or more heterogeneous clinical populations. Licensing and reuse terms are also inconsistently
reported across the datasets summarized above: several public releases, including HuSHeM, VISEM, and SVIA, are
distributed through open repositories with stated reuse conditions, whereas earlier datasets such as the Papanicolaou-stained
and gold-standard segmentation collections were typically shared informally between research groups without a documented
licensing framework, a further, largely overlooked barrier to standardized reuse and benchmarking.

Table [ consolidates the species, imaging modality, staining condition, annotation unit, and public or private status of the
principal datasets discussed in this section, so that the species- and modality-specific caveats raised throughout this review
can be checked against a single reference rather than reconstructed from prose.

Table 5| summarizes descriptive quantitative patterns across the studies included in this review. These descriptive patterns
were compiled by the reviewing authors during full-text coding according to the task and architecture categories defined
in this review, applied to this review’s own inclusion set rather than to an independently audited or externally validated
bibliometric database; exact per-study numerators and the precise total denominator are not separately tabulated here, so the
values should be read as an approximate descriptive summary of the literature captured by this particular search, not as a
precise census of the field, and are not repeated elsewhere in this review as a marker of completeness.

Several considerations limit the interpretability of metric comparisons across studies and are made explicit here as a
task-specific reporting framework, because accuracy, precision, recall, F1-score, mAP, APsq, the Dice coefficient, Pearson
correlation, and processing time are not directly interchangeable and several are task-dependent. Metric notation is
standardized throughout this review as follows: mAP and APs are reported as percentages with the IoU threshold stated;
IoU and Dice are reported as proportions between 0 and 1 unless the source publication reports a percentage, in which
case that convention is preserved and noted; F1-score, precision, recall, and accuracy are reported as percentages; and
correlation coeflicients are reported as unitless values between —1 and 1.

For morphology classification, overall accuracy alone is an unreliable summary when the evaluation set is imbalanced,
which is the norm rather than the exception in this literature given that normal forms are typically a minority class in samples
from infertile patients (this prevalence pattern is a transferred clinical observation rather than a statistic independently
re-derived by this review). Class-wise sensitivity and specificity, balanced accuracy, and macro-averaged F1-score, which
weight each class equally regardless of its frequency, are preferable to a single pooled accuracy figure for characterizing
performance on minority defect categories, and confidence intervals around these estimates are informative given the small
test sets, often a few hundred images or fewer, that characterize much of this literature.

For detection, a mean average precision value is only interpretable alongside the IoU threshold at which it was computed,
the matching rule used to associate a predicted box with a ground-truth box, the class definitions used, and, where relevant,
the confidence threshold applied before precision and recall were computed. A study reporting mAP at a single IoU
threshold of 0.50 (APsp) is not directly comparable to one reporting mAP averaged across IoU thresholds from 0.50 to 0.95
in the manner used by the COCO benchmark, and studies applying different thresholds, matching rules, or confidence
operating points should not be ranked against one another even when both report a single mAP figure.

For segmentation, the Dice coefficient and IoU are not interchangeable, and a study reporting only one of the two cannot be
compared on that basis with a study reporting the other. Where fine sub-cellular morphology is clinically relevant, such as
acrosome integrity or flagellum continuity, a pixel-overlap metric such as Dice or IoU may remain high even when the
predicted boundary is locally inaccurate in the specific region of clinical interest.
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Table 4: Dataset characteristics for the principal public and named private datasets discussed in this review

Dataset Species Modality Staining Size Annotation unit Status
HuSHeM [73] Human Brightfield Diff-Quik 216 images =~ Whole-head, 4 Public (Mendeley
morphology classes  Data)
SCIAN-MorphoSpermGS Human Brightfield Stained 1,854 images Whole-head, 5 Public
[74] morphology classes,
3-expert consensus
MHSMA [11] Human Brightfield Unstained, 1,540 Region-level Public, predefined
low-resolution  images; 235 (acrosome, head, split
patients vacuole, tail)
VISEM |[21] Human Phase-contrast Unstained 85 donor Video-level motility Public
video, 400x videos proportions; donor
metadata
SVIA [75] Human Video and Mixed >278,000 Object-level Public
image, mixed objects (detection, tracking,
denoising subsets)
SMIDS [76] Human Smartphone  Stained 3,000 images Whole-image, 3 Public
brightfield classes (normal,
abnormal,
non-sperm)
Jikei Sperm Dataset [7] Human Clinical ICSI Unstained 4,625 images Frame-level, Private (clinical)
video focus-quality groups
Somasundaram-Nirmala Human Video, 30 fps  Unstained 3,200 images Whole-image, 4 Private
[30] morphology classes
Boar IFC dataset [18] Boar Imaging flow Unstained 10,000 Whole-cell, Private
(non-human) cytometry images species-specific
defect categories
Bull semen video [23] Bull Brightfield Unstained Not specified Frame-level Private
(non-human) video per-cell detection boxes
Papanicolaou  dataset Human Brightfield, Papanicolaou 283 cells, Whole-cell Private, historical
[82] 1000x 100 slides
Gold-standard Human Brightfield Stained 264 cells, 19 Pixel-level  (head, Private, historical
segmentation [84] images nucleus, acrosome
masks)

Table 5: Descriptive landscape of the studies included in this review

Category Approximate distribution across the included studies

Model family Convolutional (detection, classification, segmentation) predominates;
transformer or DETR-family, hybrid convolutional-transformer or
convolutional-classical, GAN-based augmentation, and classical machine
learning-only approaches together account for a smaller but non-trivial and
growing share

Primary task Morphology classification and detection or localization are the most
frequently addressed tasks, followed by motility or tracking, segmentation,
and multitask or combined approaches

HuSHeM, SCIAN-MorphoSpermGS, VISEM/VISEM-Tracking, and
MHSMA are the most frequently reused benchmarks, followed by SVIA and
SMIDS

Accuracy and precision/recall are most frequently reported, followed by
Fl-score, mean average precision, Dice coefficient, and area under the

receiver operating characteristic curve (AUC-ROC)

Most-used
datasets

public

Most-reported metrics

Publication volume has increased across the review’s search window, with
the largest share of included studies published from approximately 2023
onward, reflecting accelerating adoption of transformer-based and hybrid
architectures

Publication trend
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For motility and concentration estimation, a correlation coefficient demonstrates association but not agreement [14].
Bland-Altman limits-of-agreement analysis, mean absolute error, calibration analysis, and evaluation against a clinically
relevant decision threshold, for example the WHO reference threshold used to flag a sample as oligozoospermic or
asthenozoospermic, would each provide stronger evidence of clinical utility than correlation alone, and their reporting is
recommended wherever feasible.

Finally, across all four tasks, image-level, cell-level, frame-level, and patient-level evaluation are not equivalent, and this
distinction compounds the validation-granularity concern. A model achieving high image-level or cell-level accuracy may
perform less consistently when evaluated at the level of the individual video frame or, most importantly for clinical use, the
individual patient, and patient-level external validation is reported infrequently in the reviewed literature. For these reasons,
this review avoids characterizing any single architecture as superior in an unqualified sense and instead reports comparisons
only where the same dataset, split, and evaluation protocol were used within a given study.

10. CHALLENGES AND FUTURE DIRECTIONS

10.1 Dataset standardization and scale

The limited availability of large, standardized, and publicly released annotated datasets remains a principal constraint on the
field. Most published studies rely on private clinical data that is not released publicly, which renders inter-study comparison
largely irreproducible. Existing public morphology benchmarks typically contain a few thousand annotated images at
most, several orders of magnitude smaller than datasets used to train comparable models in general computer vision (a
transferred comparison rather than a claim specific to any single cited study), which constrains generalizability across
patient populations and imaging conditions. Model generalizability is further affected by demographic diversity, imaging
and microscope variation, staining protocol, and annotation quality; many public datasets originate from a single population
or species, and differences in magnification, illumination, and staining can substantially alter the visual appearance of sperm
across datasets. Federated learning, an approach that permits collaborative model training across distributed clinical centers
without centralizing raw patient data, is a plausible path toward greater statistical diversity while respecting data-governance
constraints; this is offered here as an author recommendation, since federated learning has seen limited application within
the sperm-analysis literature reviewed here.

10.2 Label quality and interobserver agreement

Although WHO morphology criteria are widely accepted clinically, empirical studies in the broader andrology literature have
reported only moderate interobserver kappa agreement among expert andrologists, and models trained on single-annotator
labels risk encoding systematic interpretive biases that constrain cross-site generalizability; this is a transferred observation
from the broader quality-control literature rather than a finding of the Al studies reviewed here specifically. Consensus-based
annotation protocols, structured disagreement resolution, probabilistic soft-label approaches that represent annotation
uncertainty, and noise-robust training techniques are author-recommended methodological directions that could improve
label reliability. Because high-quality pixel-level annotation requires expert embryologists and andrologists, dataset
construction remains time-consuming and costly, which in turn constrains the scale of data available for training and limits
cross-study reproducibility.

10.3 Statistical reporting standards

A further, closely related barrier to synthesis is inconsistent statistical reporting. Among the studies reviewed, confidence
intervals accompanied a reported performance metric in only a minority of cases, exemplified by the 95 percent confidence
interval reported by Valiuskaite and colleagues [[14] and the cross-validated, externally benchmarked design of Haugen and
colleagues [[12]; formal significance testing against a comparator model, as performed by Spencer and colleagues [[15] using
the Mann-Whitney U test, was reported even less frequently. Single-point accuracy or mean average precision estimates
without an accompanying measure of uncertainty make it difficult to judge whether an apparent difference between two
architectures reflects a genuine effect or sampling variability, particularly for the many studies evaluated on test sets of a
few hundred images or fewer. Consistent reporting of confidence intervals, variance across cross-validation folds, and,
where a comparator model is evaluated on identical data, an explicit statistical test, is an author recommendation that would
substantially strengthen the evidentiary basis for architectural claims in future work.
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10.4 Class imbalance

Morphologically normal spermatozoa are reported to constitute a minority of cells in samples from infertile patients in the
broader andrology literature, and specific rare defect categories, including coiled-flagellum and pin-head morphology, occur
at frequencies that make reliable data-driven classification difficult without targeted sampling or generative augmentation.

10.5 Real-time and point-of-care deployment

Deep learning models with large parameter counts may be difficult to deploy efficiently on resource-constrained laboratory
hardware without model optimization or compression. Knowledge distillation, structured pruning, and low-precision
quantization are reported in the general computer-vision literature to achieve substantial reductions in model size with
limited accuracy loss; this is a transferred claim from that broader literature rather than a result demonstrated specifically for
sperm-analysis models in the studies reviewed here, and lightweight architectures such as MobileNetV3 and EfficientNet-Lite
have demonstrated real-time throughput, by the frame-rate-matched definition adopted in this review, for sperm detection
on low-power devices in the cited studies. Preliminary evidence from smartphone-based analyzers combining low-cost
optics with on-device inference has been reported to suggest that point-of-care concentration and motility estimation may
fall within WHO-acceptable variability limits in specific reported comparisons [10]; this evidence base remains limited and
has not been established under the multicenter conditions that would be required for a general clinical-equivalence claim.
Processing speed alone does not establish clinical usefulness; sample preparation, focus control, operator interaction, quality
assurance, and integration with laboratory information systems remain largely unresolved for point-of-care deployment.

10.6 Clinical translation: intended use and system categories

Discussion of clinical translation is more precise when it distinguishes among the categories of system represented in
the reviewed literature, because the evidentiary and regulatory bar differs substantially across them. The great majority
of the studies reviewed here describe research prototypes: models trained and evaluated by an academic or engineering
research group, typically on a single internal dataset, without integration into a laboratory workflow or a stated intended
use, corresponding to internal technical validation. A smaller number of studies, including the multicenter generalizability
study of Wang and colleagues [[13]] and the external quality-assessment benchmark of Haugen and colleagues [12]], provide
external analytical validation, evaluated within or across specific clinical laboratory settings with a defined analytical
task. None of the studies reviewed here reports prospective clinical or workflow validation, meaning none describes a
system operating as a decision-support tool embedded in a clinical workflow with defined human-in-the-loop review, and
none describes an autonomous diagnostic device intended to issue a clinical result without expert review. This distinction
matters because a research prototype demonstrating strong internal-benchmark accuracy provides substantially weaker
evidence for clinical deployment than a decision-support tool validated prospectively within a laboratory workflow, which
in turn provides weaker evidence than an autonomous device validated for unsupervised diagnostic use; conflating these
categories, or describing prototype-stage results using language that implies deployment readiness, risks overstating what
the current evidence supports. The intended clinical decision that a proposed system aims to support, and the outcome that
would constitute meaningful utility for that decision, for example a change in treatment selection, a reduction in time to
result, or improved concordance with reference laboratory readings, is rarely specified in the studies reviewed here and is
recommended as a standard element of future reporting.

10.7 Clinical translation: analytical, clinical, and regulatory validity

Clinical deployment requires validation beyond benchmark accuracy across three complementary stages: analytical validity,
which demonstrates accurate measurement of semen parameters within an acceptable margin of uncertainty; clinical validity,
which demonstrates an association between measured parameters and reproductive outcomes such as natural conception or
in vitro fertilization success; and clinical utility, which demonstrates that the system improves clinical decision-making
relative to standard practice. Most studies reviewed here address analytical validity by comparing model output to expert
annotation; evidence for clinical validity and utility is comparatively limited, and high algorithmic accuracy on a benchmark
dataset should not be equated with clinical benefit, particularly where predictions correlate only weakly with patient
outcomes or carry systematic biases. A robust clinical validation framework, offered here as an author recommendation,
would include multicenter evaluation across diverse laboratories, prospective study designs with prespecified endpoints,
comparison against the WHO laboratory reference standard [2], assessment of intra- and inter-laboratory reproducibility,
and adequately powered sample sizes.

Regulatory requirements for Al-based diagnostic systems vary substantially by jurisdiction and by the intended use of
the specific system; the following is general orientation rather than exhaustive or jurisdiction-specific legal guidance,
and readers seeking to deploy a specific system should consult the applicable national or regional regulatory authority
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directly. The regulatory pathway cannot be determined from algorithm type alone: it depends jointly on the stated intended
use and clinical claims, the jurisdiction or jurisdictions of deployment, the precise software function performed, the
deployment model, and whether the system is positioned as research-use-only, as a laboratory-developed test used solely
within the laboratory that created it, or as a commercially distributed product; a system that changes any one of these
factors, for example moving from a single-laboratory tool to a multi-site commercial product with the same underlying
algorithm, can change the applicable pathway without any change to the model itself. Several elements of a responsible
deployment program are stable across jurisdictions regardless of specific regulatory classification and are largely absent
from the studies reviewed here: intended use and risk classification, stated explicitly and matched to the evidentiary bar
required; a documented quality management system and change-control procedure for model updates; analytical and clinical
performance data appropriate to that intended use; defined human oversight, meaning a mechanism by which a qualified
laboratory professional reviews and can override a model’s output before it informs a clinical decision; failure detection
and calibrated uncertainty estimation, for example via temperature scaling, isotonic regression, Monte Carlo dropout, or
deep ensembles, so that low-confidence or out-of-distribution predictions are flagged for expert review rather than returned
with unwarranted confidence; cybersecurity and data governance appropriate to the sensitivity of reproductive health data;
human-factors and workflow-integration assessment, including operator burden and compatibility with existing laboratory
information systems; and post-market surveillance and drift monitoring that continues for the operational lifetime of the
system. None of the studies reviewed here reports having pursued a full regulatory pathway of this kind, consistent with
the observation above that the current literature consists predominantly of internal technical validation. Explainability
techniques, including Grad-CAM and its variants, integrated gradients, and model-agnostic methods such as LIME and
SHAP, can support verification that predictions rely on biologically relevant structures rather than artifacts or debris, and
can contribute usefully to failure detection and auditability, but none of these techniques by itself establishes analytical
validity, clinical validity, clinical utility, or regulatory compliance; explainability is one input to a broader validation and
governance program, not a substitute for it.

10.8 External validation and domain shift

Models that achieve high performance on internal test data frequently show reduced accuracy when evaluated on external
data from different clinical sites, a pattern attributable to differences in patient population, imaging protocol, microscope
configuration, and staining method, as documented directly by Wang and colleagues [13]]. This performance degradation can
arise from covariate shift, in which the distribution of input images differs between sites while the underlying task remains
the same; from label shift, in which the prevalence of morphological or motility categories differs across populations;
or from concept shift, in which the relationship between image features and the underlying diagnostic label itself varies
because different laboratories apply different local conventions for borderline cases. These three sources of shift affect the
four principal analytical tasks reviewed here unevenly. Detection is comparatively robust to label shift, because localizing a
sperm cell does not depend on its morphological category, but is sensitive to the covariate shift introduced by staining and
optical differences. Morphology classification is sensitive to all three forms of shift, consistent with the comparatively larger
multicenter performance drop reported for classification tasks relative to detection in the generalizability literature. Motility
estimation is additionally sensitive to the temporal covariate shift. Segmentation performance is most directly affected
by covariate shift in staining and focus quality. Distinguishing among these sources of domain shift is useful because
they call for different mitigation strategies, ranging from image-level normalization and domain adaptation for covariate
shift, to recalibration or reweighting for label shift, to harmonized annotation protocols and consensus labeling for concept
shift. External and multicenter validation, together with well-calibrated confidence estimates that permit low-confidence
predictions to be flagged for expert review, is necessary to establish real-world robustness, and future studies are encouraged
to report external validation, calibration assessment, and uncertainty alongside standard performance metrics.

10.9 Emerging directions

Foundation models for image segmentation, including the Segment Anything Model and its biomedical adaptations, offer a
potential means of reducing the annotation burden associated with sperm morphology datasets, and self-supervised learning
methods that exploit large volumes of unlabeled microscopy data may improve robustness in data-scarce settings; these
are author recommendations for future work rather than results demonstrated in the sperm-analysis studies reviewed here.
Vision Transformer architectures represent a further alternative to convolutional backbones, although their application to
sperm analysis specifically remains comparatively limited relative to general biomedical imaging within the studies reviewed
here. Multimodal approaches that integrate microscopy images with motility measurements, laboratory biomarkers, and
clinical metadata may support more comprehensive semen evaluation, though this direction remains largely unexplored
within the studies reviewed here. Current approaches predominantly treat detection, morphology classification, and motility
assessment as separate tasks, whereas clinical reporting requires concentration, motility distribution, and normal-form
percentage jointly from a single video sequence; multitask architectures sharing a common encoder with task-specific
prediction heads offer a principled route toward this integration, and prompt-specified foundation models pretrained on
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large-scale microscopy data may eventually support generalization to novel imaging conditions with reduced retraining
burden, though this remains a prospective rather than demonstrated capability within the current literature.

11. CONCLUSION

Automated semen analysis has evolved from rule-based CASA methods toward deep-learning, transformer-based, and
hybrid systems capable of addressing sperm detection, segmentation, morphology classification, motility assessment, and
tracking. Although the literature demonstrates substantial technical activity and frequently reports high performance on
internal benchmarks, it does not yet establish consistent clinical readiness. Most of the available evidence represents internal
technical validation rather than external analytical validation or prospective clinical validation. The principal barriers are not
architectural alone. They include limited and heterogeneous datasets, uncertain partition granularity, inconsistent reference
standards, incomplete reporting of uncertainty, scarce external validation, and limited evidence of clinical utility. Hybrid
systems are most promising when their components provide complementary capabilities and their incremental value is
demonstrated against appropriately matched single-model baselines. The term “hybrid” should not, by itself, be interpreted
as evidence of superior performance. Future studies should prioritize patient- or donor-level leakage-aware evaluation,
multicenter external testing, calibration and agreement analyses, transparent reporting of annotation quality, and prospective
assessment within defined laboratory workflows. Until analytical, clinical, workflow, and regulatory requirements have
been demonstrated for a specific intended use, current systems should generally be described as research prototypes or
decision-support candidates. This review identifies requirements for responsible translation but does not itself establish the
explainability, generalizability, or deployment readiness of any specific system.
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