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Annotation

While arti cial neural networks represent the pinnacle of modern image analysis, the
scarcity of validated microscopic data remains a leading bottleneck. This work evalu-
ates three prominent object detection architectures on a novel dataset of complex botani-
cal micro-structures sourced from the Department of Pharmacognosy and Pharmaceutical
Botany. The overall best empirical results were achieved by the YOLOv10x model, securing
an mAP@0.50 of 77.8% and an mAP@0.50:0.95 of 49.2%. Crucially, model performance
was signi cantly improved by consolidating the highly imbalanced training dataset, which
increased precision across individual classes. Furthermore, post-hoc Explainable Al (XAl)
techniques, including Grad-CAM and spatial heatmaps, were deployed to validate the diag-
nostic transparency of the highest-performing network. The experiments demonstrate that
single-stage algorithms, coupled with rigorous data pruning and feature validation, o er
the greatest potential for automated microscopic data analysis.

Keywords

Machine Learning, Object Detection, Microscopic Image Analysis, Pharmacognosy, Ex-
plainable Al (XAl), Deep Neural Networks, Data Augmentation, YOLOv10

Anotace
Zpracovani mikroskopickych dat metodami strojového u£eni

Afkoliv um¥lé neuronové sit¥ p°edstavuji vrchol moderni analyzy obrazu, nedostatek vali-
dovanych mikroskopickych dat z-stava hlavni p°ek&kou. Tato prace hodnoti t°i vyznamné
architektury pro detekci objekt- na nové datové sad¥ sloCitych botanickych mikrostruk-
tur, ziskané z Katedry farmakognozie a farmaceutické botaniky. Celkov¥ nejlep2ich em-
pirickych vysledk- dosahl model YOLOv10x s hodnotami mAP@0.5 na uUrovni 77,8 % a
MAP@0.5:0.95 na Urovni 49,2 %. Zéasadni je, °e vykonnost se vyrazn¥ zlep?ila konsolidaci
siln¥ nevyv&®ené trénovaci datové sady, co® zvyzilo p°esnost nap®i£ jednotlivymi t°idami.
K ov¥°eni diagnostické transparentnosti nejvykonn¥j?i sit¥ byly navic nasazeny metody
vysv¥tlitelné um¥lé inteligence (XAl), vEetn¥ technik Grad-CAM a prostorovych teplotnich
map. Experimenty prokazuiji, °e jednofazové algoritmy ve spojeni s d-slednou redukci dat a
validaci p°iznak- nabizeji nejv¥t?i potencial pro automatizovanou analyzu mikroskopickych
dat.

Klifova slova

Strojové u£eni, Detekce objekt-, Analyza mikroskopickych obraz-, Farmakognozie, Vysv¥tlitelna
um¥la inteligence (XAl), Hluboké neuronové sit¥, Augmentace dat, YOLOv10
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1 Introduction

We're at a really exciting moment in history, | think, where we can use Al to build new
tools for science... an Al-powered microscope or an Al-powered telescope... that allow you
to see the world in a new way and see new truths about the univers¢l] Demis Hassabis
(Co-founder and CEO of Google DeepMind), in an interview with The Verge, 2021

The quality and power of tools used in science is what drives the future of research and
development. Experiments with new materials, medicine and technology can be accelerated
through the adoption of new approaches empowering contemporary solutions. The light
microscopy has evolved allowing advanced techniques to capture the essence of studied ma-
terials in a time span of seconds, leading to new discoveries. Furthermore, where capturing
and analyzing required a handful of quali ed and talented individuals, today teams of mul-
tidisciplinary experts are needed to cooperate on evaluation of the multitude of data. As a
result, the main e ort has shifted from a small number of high quality images to a large-
scale dataset which retains the same quality. Likewise the computational power has been
expanding, creating opportunities to leverage its strength. Databases are able to maintain
these datasets, allowing ease of access and a controlled environment for further processing
and deep analysis. Consequently, the di culty lies no longer in acquisition but in analysis
of big-data. As a result, modern analytic tools need to provide qualitative and also quanti-
tative capabilities. This is the most common bottleneck for collected scienti ¢ data today.
Some of the latest solution proposals include a segmentation tool for multidimensional mi-
croscopy data or a complex platform for synaptic transmission in neurons, single-vesicle
exocytosis and nano-sensor-detected exocytosis. [2, 3] Similarly to the focus of this thesis,
both are fundamentally based on the state-of-the-art deep learning architectures.

The development of microscopic imaging technology can be followed from the 16th
century, sparking the demand to advance its capabilities. Hence, the demand for exploration
of the micro-nanoscience is responsible for the latest light, electron and ultimately the
probe microscopes. [4, 5] More speci cally, the light microscopy employed for the data
collection in this work can be traced back to the rst single lens microscopes, which further
evolved into the applied compound microscope. Later technological landmarks in the light
microscopy included creation of apochromatic lens for correction to the chromatic and
spherical distortions and the rst refractometer. Additional enhancement moved from the
condenser unit to the Kohler lllumination which forms the contemporary standards of
the bright- eld light microscopy. [6] The 20th Century saw the production of medical
microscopes with a series of rotary objectives, signi cantly advancing the speed with which
the pathologists could change magni cation. Finally, 21st Century microscopes can provide
a water-,glycerol- or oil-immersion objectives allowing research of cellular details of a mouse
embryo. [7] These are among few advancements which contribute to the growing number of
progressively higher resolution multimodal imaging data, hence the increased requirement
for analytical capacity. Failure to deliver advanced tools capable of supporting these needs,
eqguals stagnation in research of drug discovery, diagnostics or material science. As a result,
the global cross-disciplinary focus is on making such data ndable accessible interoperable
and reusable (FAIR), thus creating trainable collections of high quality annotated data for
development of new generations of arti cial intelligence (Al) algorithms. [8, 9]

Equally important is the computational power required to retrieve, process and analyze
the microscopic data. Therefore, to address these challenges, the development of big data
(BD) software is being actively spearheaded by high performance computing (HPC), ma-
chine learning (ML), deep learning (DL) and alternative Al approaches. [10] This would not



be possible without the preceding rapid technological growth from 8-bit microprocessors in
1970s to the modern 64-bit RISC architectures used today. Particularly, novel human-brain
inspired architectures which are capable of outperforming the advanced tensor core H100
graphics processing units (GPUs) by magnitudes in oating point operations per second
(FLOPS) and on-chip memory, both of which have the potential to signi cantly advance the
analytical operations. [11] However, the Moore's Law has been slowing. Furthermore, the
year 2018 detected an approximately 15-fold divergence from the Moore's original forecast.
[12] Since, the physical limitations of the contemporary hardware (HW) are being estimated,
it is critical to elaborate and leverage the strengths of current Al systems. Moreover, the
specialized HW has evolved from the pure GPUs, through tensor processing units (TPUSs)
to neural processing units (NPUs). Consequently, creating the drive for innovation in future
HW and software (SW) architecture co-designs to include the latest ML techniques, e.g.,
the deep neural network (DNN)s. [13, 14, 15] Such systems depend on complex analyti-
cal pipelines. These include data preparation, training and inference to produce valuable
statistical insight. Resource consumption and the time required for execution are critical
parameters for benchmarking in state-of-the-art SW and HW. [16] In addition, with the
constant evolution in these elds, multimodal Al is enveloping areas of text, visual and
audio variables. Such improvements allow for remote expert analysis in regions without
specialists in elds such as computational diagnosis and biological pathology [17, 18].

To summarize, impactful results require powerful tools and interdisciplinary participa-
tion. Recent advancements are primarily focusing on application of various DNN algo-
rithms, like the convolutional neural networks (CNNSs) or the recurrent neural networks
(RNNSs), which learn and detect objects with increasing e ciency. [19] Although this thesis
focuses on microscopic object classi cation and detection, the DNN architectures are ap-
plied in a broad spectrum of operations. These include aerospace defense and cybersecurity
for detecting modern unmanned aerial vehicles (UAVs) and for development of autonomous
maritime vehicles. [20, 21] Furthermore, nancial sector can capitalize on price forecast-
ing, algortihmic trading, risk management, credit scoring, customer segmentation, contract
analysis and, with certain degree of success, stock market predictions. [22, 23, 24] More ap-
plications are discussed in later section on related work and research context. Nevertheless,
the examples mentioned up to this point demonstrate that data, informatics and computer
science and technology are interdependent and mutually reinforcing with any other hosting
discipline. Thus, cutting-edge projects require the collaboration of several specializations
to overcome the complex challenges of each. These might include imaging experts operat-
ing the sensory devices, biologists and biochemists providing the ground-truth about the
retrieved samples, data scientists building the detection models, etc. Such collaborations
are the optimal way to successfully conquer the large data bottleneck described earlier. As
a result the extension of analytical capacity grants the access to new and re nedruths
about the universe.



2 Related Work and Motivation

The main focus of this work is to develop, train and evaluate di erent ML models which are
applied for complex microscopic object detection. Such approach opens up ways to expedite
analysis of understanding the underlying patterns in brand new data which might have
otherwise remained obscured. Constructed architectures are based on the selection from
distinct approaches to the most often utilized DNNs for analysis in the elds of medical and
microbiological image data, as suggested in the introductory part. The secondary ambition
of this thesis is to experiment with the applied architecture designs to achieve optimized
results for the studied problem in microscopic object detection and classi cation. Generally,
this proposes optimizations for small and medium targets, to correctly localize and classify
each. Additionally, the added benet of creating the open access dataset with labeled and
validated bio-image data is in line with the latest global scienti c initiatives for re-usability

of shared research data. Finally, the constructed models provide a base for future research
into the area or can be integrated into another multi-modal system solution.

2.1 Structure of the Thesis

To systematically address the de ned research goals and introduce the novel, FAIR-compliant
bio-image dataset, the remainder of this thesis is logically structured into six subsequent
chapters. Chapter 2 establishes the theoretical foundation, reviewing contemporary litera-
ture on object detection architectures and the current state of deep learning within micro-
scopic image analysis. Chapter 3 details the rigorous methodology behind data acquisition,
annotation, and the iterative pre-processing strategies (versions v6 through v17) deployed
to mitigate inherent class imbalances. Chapter 4 outlines the speci ¢ architectural con g-
urations and training protocols for the YOLOv10x, Faster R-CNN, and DETR paradigms.
Chapter 5 presents the empirical results, utilizing strict quantitative metrics and qualitative
Explainable Al (XAl) techniques to transparently validate the models' feature-extraction
capabilities. Chapter 6 synthesizes these ndings, discussing the practical implications of
utilizing highly optimized, single-stage detectors for hierarchical botanical sub-classi cation,
while also addressing study limitations and proposing future avenues of research. Finally,
Chapter 7 concludes the thesis by summarizing the core empirical victories and their broader
signi cance to the automation of pharmaceutical botany.

2.2 Algorithms for Computer Vision

This work explores the (i) you only look once (YOLOQ), (ii) faster region based convolutional
neural network (R-CNN) and (iii) DEtection TRansformer (DETR) algorithms. YOLOv10
employs a large-kernel convolutions for a single-stage object detector. Key innovation in
the version 10 relies on removal of the need for non-maximum suppression (NMS) during
inference. As a result, the throughput is optimized for FLOPs and sensitivity to hyper-
parameters. This modernization arose from the challenge posed by the DETR designs.
[25, 26]. The faster R-CNN operates on pre-generated region proposal network (RPN) be-
fore activating classi cation and bounding box regression. The RPN serves as an attention
network for identifying the regions which should then be processed. Initially, the input
is re ned by the RPN multi-convolutional backbone before it is transferred to the detec-
tor. There the image is classi ed based on the proposed regions. For time optimization,
the RPN and the detector share these convolutional layers [27, 28]. Lastly, the DETR
architecture is an end-to-end, single stage detector based on self-attention mechanisms and
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distinctive encoder-decoder structure. The original success of the transformers in the eld
of natural language processing (NLP) has encouraged further exploration into image classi-
cation applications. DETR is the pinnacle of the original Transformer architecture due to
overall computation and potent storage capabilities. Moreover, bypassing the traditional
anchor boxes or NMS produces powerful streamlined process. As a result, utilizing atten-
tion mechanism directly detects objects, con rming the locations in the processed images.
In addtion, DETR generally allows for employment of greater number of parameters than
CNNs which grants it more versatility during detection tasks. Ultimately the main advan-
tage lies in its sparse detection, which is in contrast with the established dense detection.
This is achieved through transformation of the input problem into an un-ordered sequence
of outputs [29, 30, 31].

Each of these modern algorithms provides di erent sets of advantages and disadvantages,
hence understanding how each operates is crucial for the right deployment. Furthermore,
to design any speci c optimization or improvements, intelligence of the inner workings is
required. Thus, a detailed study is provided in the subsequent state-of-the-art section.

2.3 Research Data Challenges

The domains of nature and medicine are the primary source of microscopic data collected to
create foundation models in these elds. However, data collections available online are still
su ering from insu ciency in training data for the use in experimental data-hungry ML
models [32]. Open science initiatives are becoming increasingly welcomed by the scienti c
community due to the European Union (EU) open access directive 2019/1024 to the research
data collected [33]. As a result, terabyte-degree collections are being funded and accepted,
containing multidimensional bio-imaging data from electron and light microscopy [34, 35].

During the examination of 4041 research articles containing data used for ML in various
elds over the time span of 8 years, a growing trend, seen in Figure 1, of data availability
is evident. Nevertheless, out of the 10 most prominent topics only 330 were medicine, 202
material, 160 biological, 87 agricultural and 72 drug related, amounting to 8.1%, 4.9%,
3.9%, 2.1% and 1.8%, respectively [36]. To surpass the shortage of data, unsupervised
techniques can be employed. However, previously tested weakly supervised ML approaches
produced low accuracy results, mainly due to the di culty of de ning the region of interest
(ROI) and overlapping targets creating mixed results [37, 38]. The key challenges the DNNs
are facing in this area are the lack of comprehensive and annotated training datasets and
the absence of pre-trained model weights for transfer learning options. Additional di culty
is created by the diverging data collection techniques, hence creating problems for the
models to successfully generalize on new data. This can be solved using various views,
sizes, modalities, light and color conditions, magni cation and further data augmentations
[39, 40].

Once the most time-consuming tasks of collecting and annotating data are completed,
another impediment is the lack of experts willing to validate the annotated datasets, creat-
ing inconsistencies. [41] Furthermore, the processing power requirements for the advanced
ML are still expensive relying on evolving HPC resources, suggesting discouragement for fu-
ture investments. [42] Finally, one of the greatest complications the modern DNNs present
is the interpretability and reliability. The obstacle has evolved to its own eld denoted as
explainable arti cial intelligence (XAl). The critical source of trust issues is the inherent
black-box nature of these architectures. Particularly important is this issue in clinical prac-
tice where understanding the reasoning behind diagnosis or prescription is of paramount



Figure 1: The increasing trend of published data papers from 2015 to June 2023. (Source:
Giner-Miguelez et al., 2025)

concern. [43] The latest solutions revolve mainly around the ability to display con dence
levels or intervals, with the aim to develop novel feature visualization capabilities. [44, 45]
Currently, the state-of-the-art techniques employed in XAl are based on gradient-weighted
class activation mapping (Grad-CAM). Nevertheless, the question whether the highlighted
regions within the heatmap outputs of the Grad-CAM correspond to the relevant clinical
features remains [46, 47].

2.4 Machine Learning Applications

One key area where computer vision (CV) assistance is able to provide immediate bene t
is aiding the visually impaired persons. Rapid detection and classi cation of objects is
a daily task general populace performs every second. However, fading or lost sense of
sight can be life threatening in areas such as navigating the daily tra c, encountering new
environments or changes in the default routes. This is an example which requires a real-time
problem solving. In a recent study on advanced object detection for smart accessibility, the
research team focused on utilizing the YOLOv10 algorithm for the purpose of developing a
new model speci cally focused on aiding the visually challenged. The study proposed the
advanced object detection for smart accessibility using the marine predator algorithm to aid
visually challenged people (AODSA-MPAVCP) [48]. The model produced potent results
in prec,, reca, accy, and Fmeasure Of 95.31%, 89.96%, 99.63%, and 92.15%, respectively
as seen in Figure 2. For the mean average precision (mAP) the study uses the metric of
50% intersection over union (loU) threshold, which equates the overlap between predicted
and ground-truth boxes denoted as mMAP@0.5. In this metric the model AODSA-MPAVCP



Figure 2: Comparative analysis of the AODSA-MPAVCP model with existing methods.
(Source: Adam et al., 2025)

managed to reach 78.83% as shown in Figure 3, outperforming all other speci ¢ models by
a signi cant margin. It is worth noting that mAP@0.5 metric is overall generally accepted
as being the most accurate for the detection results, despite its lack of negative impact
generated by the false positive (FP) ndings. Consequently, the F1-score tends to be more
e ective in task speci ¢ elds of detecting and classifying image data [49, 50].

As their proposed object detection model, the team utilized the YOLOv10 architecture
with feature extraction process being powered by the deep convolutional neural network by
Visual Geometry Group at University of Oxford (VGG19). This converts original input data
into relevant features. Furthermore, the deep belief network (DBN) method was applied for
the classi cation task and to optimize the outputs, the marine predator algorithm (MPA)-
based hyperparameter tuning was executed [48]. The MPA is inspired by the feeding
patterns of marine organisms and was developed as an intelligent optimization algorithm
which bene ts from a straightforward structure and a few parameters, hence its accessibility.
On the other hand, the MPA su ers from untimely convergence and inadequate diversity
[51, 52]. The DBN is in essence a multi-layered feature extractor which is capable of
determining patterns inherent in the data. Power of this network originates from the end of
each layer where the system learns the entire structure from the given input. Comprising
hidden units, denoted as latent variables, these units are connected between the layers
and not within individual layer. This is in contrast with general DNNs where this process



Figure 3: Comparison of mMAP@0.5 outcome of AODSA-MPAVCP technique with existing
models. (Source: Adam et al., 2025)

happens progressively with each stage in the network, a DBN solves the gradient blur issue
by learning the hidden features and patterns at the general level. Unsupervised phase of
DBN is often followed by supervised training for applications in detection and classi cation.
[53, 54] Finally, the combination of YOLOv10, VGG19, MPA and DBN was successful in
reaching the overall accuracy of 99.63% for the indoor object detection dataset by the
AODSA-MPAVCP model [48].

Second major area where real-time object detection carries signi cant value is defense
and security. Whether it is used in autonomous vehicles to navigate against road hazards
or to warden natural resources from environmental risks. Furthermore, face recognition
plays a valuable role during surveillance, aiding in identi cation of missing persons or
monitoring unauthorized entry. Security cameras are being installed in places advantageous
to deter potential con icts and provide tangible evidence in case escalations arise. Itis worth
mentioning that despite its added bene ts, the increased technological surveillance has also
been linked to increased psychological pressure and decreased mental well-being in certain
individuals [55, 56]. However, due to an increasing rate of safety incidents of various degrees
and a steady decline of psychological health at schools or campuses [57, 58, 59] another
research team has focused on a smart campus danger detection system. In the study,
the team integrated a self-calibrated illumination algorithm to boost detection accuracy
in low light conditions. The model is based on YOLOv10 network augmented by StarNet
to decrease the number of parameters, calculations and to enhance the feature extractions.



Improving the YOLOV10 algorithm has lead to a decrease of the classi cation loss of the new
model by approximately 20% and the feature point loss by nearly 16%. The experimental
results can be viewed in Figure 4, displaying the stabilized loss values below 0.6, 0.4 and 1
for boundary frame loss, classi cation loss and feature point loss, respectively.

Figure 4: Improved vs. original YOLOv10 Loss Functon. (Source: Zhao et al., 2025)

Loss functions are critical for calculations of the di erence between the ground-truth and
prediction results. Loss functions can be generalized as an objective functions outputting
the scalar measure of the machine learning model e cacy [60]. Moreover, to profoundly
inspect the impact of each speci ¢ component added to the original algorithm, the team
performed ablation experiments. In regards to the XAl, the study included a Grad-CAM
visualization model. Since the Grad-CAM localization procedure is gradient based it is
capable of displaying the relative importance by an image-classi cation CNN model [61].
The heat-map ablation experiment can be seen in Figure 5.

This approach illuminates the prominent areas of attention to assist with explainability
of the new method. They also performed the ablation experiments for auxiliary bound-
ing box, StarNet and convolutional block attention module (CBAM), as the proposed en-
hancements. StarNet is a novel model which supports multi-scale spatio-temporal feature
extractions utilizing the CNNs. Which allows to learn both images and video sequences of
patterns at multiple levels of detail. [62, 63]. Similarly, the CBAM incorporation aims to
improve the feature extraction by spatial and channel-wise pattern detection. The attention
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Figure 5: Results of Grad-CAM ablation experiments. (Source: Zhao et al., 2025)

mechanism inside the CBAM ampli es crucial aspects. Hence, both of these additions are
designed to speci cally advance the object detection capabilities in a video sequence [64, 65].
In summary, this has lead to the number of model parameters drastically decreasing and
accuracy slightly increasing in comparison with the original YOLOv10 due to the enhance-
ments. More speci cally, the parameters were reduced by over 80% meanwhile increasing
the precision, recall, F1-score and mAP by 0.99%, 3.31%, 2.15% and 1.23%, respectively.
[66]

Previously mentioned applications were focused on the real-time detection. Nonetheless,
the employed YOLO algorithm with its myriad of versions has already proven the capacity
to outperform two-stage detectors like Faster R-CNN or DETR in accuracy [67, 68, 69, 70].
Hence, implicating broader compatibility with future improvements and custom builds. For
instance, this has been recently tested in driver assistance systems for use in foggy envi-
ronments, here the custom made HR-YOLO method reached 79.8% in mAP@0.5, signi -
cantly outperforming Faster R-CNN at 66.9% and DETR at 67.5% [67]. Another example
performed the experimental analysis for non-invasive neuroblastoma diagnostics approach,
where the team applied 4 variants of YOLO model. These were: original v8, and then 3
custom builds v8-iRMB, v8-EVC and v8-IE, with nal results reaching mAP@0.5 of 81%,
82%, 85% and 89%, each. The main enhancements are attributed to the centered fea-
ture pyramid network (FPN) structure. This results in improved feature extraction for
objects with varying size and shape. Furthermore, when compared to the Faster R-CNN
the YOLOVS-IE surpassed it by 7% in mAP@O0.5 albeit the number of parameters was
decreased by 156.96 millions, signi cantly shrinking the size of the model [68].

In spite of these ndings, the larger algorithms like the Faster R-CNN can still provide
more reliable and robust information for speci ¢ non-temporal tasks. Furthermore, this is
essential for scenarios where the accuracy and precision outweighs the need for velocity.
There, the emphasis is on gathering the most relevant aspects of the investigated material
or underlying patterns with little regard to analysis duration. Such areas include inspec-
tions and diagnosis, for instance the remote sensing satellite images, defect disclosures or
endangered species detections [27, 71, 72]. In the industrial steel surface defect detection,
the team enhanced the baseline Faster R-CNN model by integrating feature fusion module



between RPN and FPN. Resulting in improvement of mAP by 1.6% by boosting the feature
extraction capacity in ne-grain detailed images. Additionally, by adding lightweight chan-

nel attention mechanism and also replacing the standard convolutions with the depth-wise
separable convolutions, the parameters of the model were reduced the model complexity.
Consequently, decreasing the size by 1419KB, accelerating the inference speed by 3.8% and
further pushing the nal mAP to 80.2% [71]. In remote sensing from satellite images, the
research was primarily conducted to develop bi-stage compression approach to retain the
performance of the Faster R-CNN while allowing the decrease computational and storage
requirements. The key modi cations that the team applied to achieve this were adopting
the mixed-precision FP16 computation model for training and then utilizing the unstruc-
tured weight pruning along with dynamic quantization in the post-training phase. Due to
these changes, the de nitive R-CNN model with the mAP of 95.4% was able to outperform
all competing YOLO8n, YOLO8m, YOLO10m, and YOLO11m systems which attained
68.6%, 71.02%, 72.5%, and 67.37%, respectively on these datasets. However, the training
times diverged drastically with 1.8 h for the R-CNN and 0.283, 0.464, 1.128, and 1.142
h per each YOLO model [27]. As a result of these experiments, the two stage detectors
retain the relevance in speci ¢ elds. This is especially true for crucial elds like medicine,
where early diagnostics of breast tumor or an autism spectrum disorder have the power to
radically impact human lives [73, 74].

Such medical approach was adopted by a recent study for early detection and diagnosis
of focal liver lesions. Responsible research team has developed and validated Al solution de-
noted as the liver arti cial intelligence diagnosis system (LIAIDS). The nal model achieved
the F1-measure of 94% for benign lesions and 69.2% for malignant cases [75]. Addition-
ally, the system was contrasted with F1-measures of designated groups of junior and senior
radiologists in this eld. Furthermore, these professionals had then been assisted by the
LiAIDS model and conducted new set of assisted diagnosis, the results can be seen in Figure
6. The imagery data, collected by 18 hospitals comprising 11,385 patients, were applied
as the initial training data for development and validation of the LIAIDS system. Later,
another 1,225 participating patients were part of the prospective validation support group.
For the training data preparation, only experienced general radiologists who obtained at
least 5 year-experience in the focal liver lesions diagnosis were requested for the image an-
notations and divided into 5 paired groups. The ground truth standard was determined
based on historical histopathological reports or con rmed by senior radiologists with more
than 20 year-experience in the eld. In each group, one radiologist would be responsible
for boundary de nition while the other played the supervising role.

Three main modules, the lesion detection, liver segmentation and lesion classi cation,
compose the main architecture of the LIAIDS model. As displayed in Figure 7, localiz-
ing and determining possible candidate regions in computed tomography (CT) scans was
performed by the lesion detection module. This sector is powered by the Faster R-CNN
framework with augmented cross-shaped window (CSWin) Transformer serving as the fea-
ture extraction backbone. Similarly to previously discussed studies, the team integrated
the FPN into the RPN to boost spatial detector performance. Then false-positive Iter
was provided by the segmentation module, removing non-relevant lesions for the liver area.
The encoder-decoder U-Net architecture along with scSE attention and Non-Local attention
mechanisms were adopted to enhance segmentation accuracy. The last module was designed
to separate detected classes into malignant or benign based on the extracted features com-
pared with the clinical information. The composition of DenseNet and scSE attention unit
create the feature extraction backbone. The outcome of the study reports that the LIAIDS
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