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Mitochondria are central to cellular energy production and regulation, with their morphology tightly 
linked to functional performance. Precise analysis of mitochondrial ultrastructure is crucial for 
understanding cellular bioenergetics and pathology. While transmission electron microscopy (TEM) 
remains the gold standard for such analyses, traditional manual segmentation methods are time-
consuming and prone to error. In this study, we introduce a novel deep learning framework that 
combines probabilistic interactive segmentation with automated quantification of mitochondrial 
morphology. Leveraging uncertainty analysis and real-time user feedback, the model achieves 
comparable segmentation accuracy while reducing analysis time by 90% compared to manual 
methods. Evaluated on both benchmark Lucchi++ datasets and real-world TEM images of mouse 
skeletal muscle, the pipeline not only improved efficiency but also identified key pathological 
differences in mitochondrial morphology between wild-type and mdx mouse models of Duchenne 
muscular dystrophy. This automated approach offers a powerful, scalable tool for mitochondrial 
analysis, enabling high-throughput and reproducible insights into cellular function and disease 
mechanisms.
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Mitochondria are central to cellular energy production, primarily through oxidative phosphorylation, 
where they regulate cellular metabolism and adapt to various environmental conditions1. Besides producing 
ATP, mitochondria are involved in many other cellular processes including calcium homeostasis, apoptosis 
regulation, and reactive oxygen species (ROS) status2. The morphology and structure dynamics of mitochondria 
are critical determinants of mitochondrial efficiency in energy production and overall mitochondrial functional 
performance. Notably, increased mitochondria size is associated with ATP synthesis, reflecting an upregulation 
in cellular energy storage3. Moreover, alterations in mitochondrial size and structure are indicative of cellular 
metabolic status, influencing key processes such as calcium signaling, apoptotic pathways, and ROS regulation4. 
Therefore, the assessment of mitochondrial parameters is important to understand cellular metabolism and its 
optimization.

Scanning electron microscopy (SEM) and transmission electron microscopy (TEM) have become 
indispensable tools for the qualitative characterization of morphological structures at the cellular level5. Among 
these, TEM, alongside SEM, is particularly effective in visualizing mitochondrial ultrastructure with exceptional 
resolution. This capability allows for a detailed analysis of morphological changes associated with different 
cellular metabolic states, offering critical insights into mitochondrial function and dysfunction6. Among the 
various technologies available for assessing mitochondrial structural parameters, TEM is particularly valued for 
its precision in measuring mitochondrial size and shape. Traditionally, the quantitative analysis of mitochondrial 
parameters has been conducted manually, which, although useful, is a labor-intensive process and is susceptible 
to variability between researchers7. These challenges in manual approaches can hinder both the efficiency and 
reproducibility of mitochondrial measurements, underscoring the need for more standardized and automated 
methods in mitochondrial research.
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Recent advancements in deep learning (DL) have driven the development of several tools aimed at 
automating and expediting mitochondrial segmentation, significantly improving both analytical efficiency and 
accuracy. However, traditional supervised DL models8–14, despite their success, often face significant limitations 
in real-world scenarios due to data scarcity, primarily stemming from the high costs and labor required labeled 
training data. To address this limitation, particularly critical in bioimaging—several strategies have emerged. 
One promising approach is self-supervised pre-training15–19, which allows leveraging large-scale unlabeled 
datasets, such as CEM500k20, to extract meaningful representations for downstream tasks. Another strategy is 
active learning, which reduces labeling demands by selectively identifying the most informative data points21,22.

However, challenges persist, particularly in mitochondrial segmentation using electron microscopy (EM). 
The inherent complexity and variability of EM data often lead to suboptimal segmentation, requiring further 
manual verification and correction to ensure reliable analysis. Furthermore, since many segmentation methods 
exclude user intervention during processing, users lack control over the model’s output. As a result, the only 
option to improve segmentation quality is labor-intensive post-processing after receiving the output, which 
undermines the intended goal of automation—achieving high-quality segmentation and maintaining high 
controllability over the system with minimal human effort.

In this study, we propose an interactive segmentation framework built on a probabilistic segmentation 
model23. A key feature of this framework is its ability to analyze uncertainty in the segmentation results, which 
plays a crucial role in refining the model’s predictions. By leveraging uncertainty analysis, enabled by the 
capability of the model to generate multiple hypotheses and to highlight regions where variability is predicted, 
our framework identifies areas prone to errors, as uncertainty strongly correlates with these regions24. This 
enables the framework to effectively suggest where user attention or feedback should be focused during inference, 
allowing for a more efficient and accurate refinement process. In addition, we developed an automated tool for 
mitochondrial morphology quantification based on the segmentation mask, integrating both segmentation and 
quantification into a unified pipeline to improve overall efficiency.

To evaluate the efficacy and reliability of the proposed framework, we assessed the performance of the entire 
pipeline, including both segmentation and quantification processes, by comparing the results with manual 
methods. These evaluations were conducted using the publicly available Lucchi++ mouse hippocampus EM25 
and mouse skeletal muscle TEM dataset, which we measured and collected ourselves. This enabled validation 
of the approach in both benchmark and real-world settings. Importantly, using real-world data collected in-
house, we demonstrated the practical utility of the framework in experimental conditions. The framework 
exhibited robustness in mitochondrial segmentation, along with substantial time savings. The quantification 
results closely mirrored those obtained via manual methods, but with a substantial reduction in time costs. These 
findings suggest that the proposed framework has the potential to accelerate mitochondrial research and enable 
comprehensive assessments of cellular energetics.

Methods and material
Mice
C57BL/6J and C57BL/10ScSn-Dmdmdx/J (mdx strain #001801) mice were obtained from The Jackson Laboratory 
and housed in the Animal Facility at Ulsan National Institute of Science and Technology (UNIST). All in vivo 
experiments were performed under the guidance of the Institutional Animal Care and Use Committee of the 
Ulsan National Institute of Science and Technology (UNIST IACUC #24-059) in this study. Mice were housed 
at 20–22 degrees on a 12 h light/dark cycle with ad libitum access to food (LabDiet 5053) and water. Only male 
mice were used for the experiment. Genotyping was performed by PCR using genomic DNA obtained from the 
tails. All animal studies were performed in accordance with protocols approved by the Institutional Animal Care 
and Use Committee, the Standing Committee on Animals at UNIST. This study is reported in accordance with 
the ARRIVE 2.0 guidelines to ensure transparent and reproducible reporting of animal research.

Electron microscope
Specimens were fixed with 2% glutaraldehyde—2% paraformaldehyde in 0.1 M phosphate buffer (pH 7.4) for 
24 h at 4 °C and washed in 0.1 M phosphate buffer, post-fixed with 1% OsO4 in 0.1 M phosphate buffer for 1.5 h, 
then dehydrated in graded alcohols (50–100%), infiltrated with propylene oxide for 10 min, and embedded using 
a Poly/Bed 812 kit (Polysciences, USA) for 18 h. Thin sections were cut at 65 nm with a diamond knife and stained 
with 5% uranyl acetate for 10 min and 1% lead citrate for 5 min. The sections were analyzed using a transmission 
electron microscope (JEM-1011, JEOL, Japan) at an 80 kV accelerating voltage and were photographed with a 
digital CCD camera (RADIUS, EMSIS, Germany).

User procedure for mitochondrial segmentation and morphological quantification
Six participants with a background in biology were recruited for the experiment. They were randomly assigned 
to two groups, ensuring no significant differences in key factors such as experience level. Three participants 
performed semi-automatic segmentation and manual quantification using Adobe Photoshop and ImageJ, 
respectively, while the other three used a web-based graphical user interface (GUI) for a probabilistic interactive 
segmentation model. To prevent carryover effects and maintain consistency, each participant was assigned a 
unique subset of images, while all participants followed identical conditions and procedures under the guidance 
of the authors to minimize variability.

Segmentation evaluation
The segmentation accuracy was assessed by comparing results to gold standard masks for each dataset. In the 
Lucchi++ dataset, quantitative analysis was conducted by comparing generated masks with expert-provided 
manual labels. For mouse skeletal muscle images, which lacked a pre-existing gold standard, a qualitative 
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assessment was performed on both manual and deep learning (DL)-based segmentation outcomes. In manual 
segmentation, Adobe Photoshop was utilized, where mitochondria were identified using the “Object Selection 
Tool” and refined with the “Eraser Tool”. For consistency in validation, the images were converted to black and 
white.

Quantification evaluation
Segmentation masks produced through the analysis were quantified using an automated module for mitochondrial 
morphological analysis. Morphological parameters manually measured from electron microscopy (EM) images 
using ImageJ were used as a gold standard to assess the accuracy of automated quantification. Specifically, width, 
height, area, and count were measured for evaluation. Given the mitochondria’s asymmetric elliptical shape, two 
perpendicular axes were drawn: the longest axis defined as width, and the longest axis perpendicular to it as 
height. The outline of each mitochondrion was used to define its area. To quantify the density of mitochondria 
within muscle tissue samples, we calculated the number of mitochondria per unit area in transmission electron 
microscopy (TEM) images. Density was defined as the number of mitochondria per square micrometer (n°/
μm2), providing a measure of the concentration of mitochondria within a defined area and allowing for direct 
comparison between groups (Table S1). The “Straight Line” and “Freehand Selections” tools in ImageJ were 
applied to delineate these key morphological parameters for each EM image. To evaluate the efficiency of the 
analysis process, the time taken to complete each task was recorded.

Statistical analysis
Data were analyzed using R software (version 4.4.1) and GraphPad Prism 10.2.3 (GraphPad Software). The 
Shapiro–Wilk test was used to assess normality, and Levene’s test was employed to evaluate the equality of 
variances. For comparisons between two samples with normally distributed data, an independent two-sample 
t-test (two-tailed, unpaired) was performed. For non-normally distributed data, the Mann–Whitney U test or 
Wilcoxon rank-sum test was applied. In cases involving comparisons among more than two groups, one-way 
ANOVA or Welch’s ANOVA followed by a T3 multiple comparisons test was used for normally distributed 
data. For non-normally distributed data, the Kruskal–Wallis test followed by Dunn’s post hoc test was applied. 
Data are presented as mean ± standard deviation (SD) in scatter plots and box plots. Statistical significance was 
indicated as follows: P < 0.05 (*), P < 0.01(**), and P < 0.001(***).

Implementation for probabilistic and interactive segmentation model and quantification 
method
The deep learning-driven mitochondria analysis pipeline comprises two main modules: probabilistic interactive 
segmentation and mask-based automated quantification. Both modules are implemented within a Python-based 
environment, utilizing PyTorch (version 1.11.0) and OpenCV (version 4.8.0). Additionally, the graphical user 
interface for the segmentation model is developed by Gradio26 (version 4.38.1).

The segmentation model’s encoder is pre-trained on the CEM 500k dataset and further fine-tuned on the 
training data from two datasets: Lucchi++ (165 images) and mouse skeletal muscle (21 images). During the fine-
tuning phase, the model is trained using an automated feedback collection protocol to simulate user feedback. 
This process involves gathering feedback iteratively through the model predictions based on previous feedback, 
continuing until the number of feedback reaches a predefined number (n ≤ 20 in this study). Each feedback point 
corresponds to the coordinate with the highest uncertainty in the model’s predictions, with the feedback sign 
identified by the label.

For input images, a resizing operation (with a maximum resolution of 1024 × 1024) is applied, and patch-
based training with a fixed size of 256 × 256 is utilized to ensure consistent learning across datasets with varying 
resolutions, such as Lucchi++ (764 × 1024) and skeletal muscle (2048 × 2048). Additionally, the quantification 
module outputs pixel-level quantitative values based on the input image resolution when measuring 
morphological parameters. More detailed information on the training process and model implementation is 
provided in Sect. 1 of the supplementary materials.

Code availability
The training and evaluation code, as well as the GUI code for our pipeline, are available at ​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​
L​A​I​T​-​C​V​L​a​b​/​D​e​e​p​P​I​-​E​M​​​​​. This repository contains the necessary scripts and documentation for reproducing 
the results presented in this study. Any modifications or updates to the code will be maintained through this 
version-controlled repository.

ARRIVE compliance statement
This study is reported in accordance with the ARRIVE 2.0 guidelines for reporting animal research. The 
ARRIVE Essential 10 and Recommended Set have been followed to ensure transparency, reproducibility, and 
methodological rigor. Relevant details, including study design, sample size, randomisation, blinding, outcome 
measures, statistical methods, animal characteristics, housing and husbandry, and experimental procedures, 
are thoroughly described in the Methods and Supplementary sections. Ethical approval was obtained from 
the Institutional Animal Care and Use Committee (IACUC) of UNIST, and all procedures complied with 
institutional and national guidelines for animal welfare.

Results
Probabilistic interactive segmentation and mask-based auto quantification
Our pipeline for mitochondrial morphology analysis was developed using a probabilistic interactive segmentation 
model combined with a mask-based automated quantification module (Fig. 1, Figure S1). The segmentation 
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model integrates user-driven interactive segmentation with a probabilistic framework that leverages uncertainty 
analysis to enhance feedback incorporation. The model architecture is based on a probabilistic U-Net23, which 
merges the structural advantages of a U-Net14 with the generative capability of a conditional variational 
autoencoder27 (cVAE). The U-Net encoder was pre-trained on the CEM 500k20 dataset following a self-
supervised learning protocol17, ensuring robust feature extraction. This probabilistic segmentation framework 
generates multiple potential segmentation outcomes, with the final segmentation obtained by averaging the 
pixel-wise probabilities across all predictions. This approach improves segmentation accuracy by reducing the 
impact of outliers and enhancing overall consistency.

To further refine the segmentation results, a feedback suggestion module was implemented. This module 
identifies high-uncertainty regions within the segmentation by calculating pixel-wise standard deviations across 
multiple output predictions. In our study, regions representing the top 0.015% of uncertainty were targeted for 
further inspection. Pixel coordinates in these regions were extracted, and K-means clustering (k = 3) was applied 
to identify the centroids of these uncertain areas, providing users with targeted feedback recommendations. 
User feedback, whether positive or negative, is converted into a distance map with the same resolution as 
the input image using a disk-based method, which assigns uniform binary value of 1 within the predefined 
radius (r = 20) around the feedback point. This distance map was concatenated with the input image along the 
channel dimension and fed back into the segmentation model, improving iterative performance by addressing 

Fig. 1.  Workflow comparison of probabilistic interactive segmentation and mask-based automatic 
quantification for mitochondrial morphology analysis with manual segmentation and quantification approach. 
The diagram presents two approaches for segmenting and quantifying mitochondria. The Probabilistic 
Interactive Segmentation method (left) integrates user feedback to generate multiple segmentation hypotheses, 
identifying regions of uncertainty that require further refinement. Based on this analysis, the system suggests 
areas for user input to refine the segmentation. The user can respond to these suggestions with positive or 
negative feedback, or alternatively, provide input independently. The Mask-based Automatic quantification 
method (bottom) performs contour detection on masks using a connected component-based approach, 
followed by morphological quantification of each contour through minimum bounding rectangles derived 
from the rotating calipers algorithm. In contrast, the Manual Segmentation and Quantification method (right) 
involves segmentation in Photoshop and quantification in ImageJ, demanding significant manual effort and 
time.
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uncertainty directly. Notably, the iterative interactive segmentation process based on user feedback is an optional 
module that users can selectively apply based on their judgment.

In the mask-based automated quantification module, mitochondrial contours were accurately identified 
from the binary mask results. This enabled precise quantification of key mitochondrial features, including width, 
height, area, and count. Contour identification was performed using the boundary-following algorithm developed 
by Suzuki and Abe28, allowing for detailed object delineation. The width and height of each mitochondrion were 
measured using the rotating calipers algorithm29, providing a robust framework for morphological assessment. 
This automated approach ensures high reproducibility and accuracy in the measurement of mitochondrial 
morphology, contributing to more reliable downstream analyses.

Improving mitochondrial segmentation reliability through uncertainty-driven interactive 
feedback
To improve the reliability of deep learning-based mitochondrial segmentation, we developed and implemented 
a novel interactive feedback mechanism driven by uncertainty analysis. This mechanism identifies segmentation 
errors and directs targeted user interventions, thereby enhancing the iterative performance of the model. 
Our probabilistic interactive segmentation model demonstrated significant improvements over the baseline 
U-Net model (Fig. 2A). By incorporating user corrections through a probabilistic interactive framework, the 
final segmentation is more closely aligned with the ground truth, particularly in cases of high morphological 
complexity or sparse training data, where the model performance is constrained, as seen in the skeletal muscle 
dataset. We quantitatively evaluated these improvements by comparing the Intersection over Union (IoU) scores 
between the previously proposed MitoSegNet10, the baseline U-Net model, and the feedback-enhanced model 
using the Lucchi++ benchmark dataset (train: 165, test: 15) and the skeletal muscle dataset (train: 21, test: 6). 
For the Lucchi++ dataset, MitoSegNet and the baseline U-Net achieved average IoU scores of 0.91 and 0.89, 
respectively, while the model incorporating uncertainty-driven feedback improved this to 0.93 (Figure S2A). 
Similarly, for the skeletal muscle dataset, MitoSegNet and the baseline U-Net achieved average IoU scores of 
0.85 and 0.87, respectively, whereas the feedback-enhanced model further improved this to 0.88 (Figure S2B). 
The superior segmentation performance of our pipeline was also reflected in the measurement of mitochondrial 
morphological parameters, demonstrating high consistency with manually annotated gold standard values 
across both the Lucchi++ and skeletal muscle datasets, outperforming MitoSegNet in terms of reliability and 
stability (Figure S4A, B).

To further assess the impact of user interactions, we first evaluated our interactive model in a user study 
where feedback was provided at the user’s discretion without predefined constraints. While this approach 
demonstrated the adaptability of the model, its effectiveness is inherently dependent on user input. To provide a 
more standardized evaluation, we also conducted a feedback simulation experiment using ground truth masks, 
allowing for a controlled assessment of the pipeline’s performance. Under these conditions, our model achieved 
superior IoU scores of 0.95 and 0.92 on the Lucchi++ and skeletal muscle datasets, respectively, using 20 feedback 
inputs (Figure S2C,D). Furthermore, to evaluate the generalization capability of our pipeline, we conducted 
additional performance assessments using the feedback simulation approach on the publicly available Kasthuri30 
(train: 85, test: 75) and MitoEM-H31 (train: 400, test: 100) datasets. As a result, while the baseline U-Net achieved 
IoU scores of 0.80 and 0.90 on the Kasthuri and MitoEM-H datasets, respectively, our pipeline was able to 
improve the results through iterative feedback. With 20 feedback inputs, our model achieved IoU scores of 0.85 
and 0.96 on the Kasthuri and MitoEM-H datasets, respectively, demonstrating its strong generalization capability 
(Figure S2E,F). These results highlight the effectiveness of the feedback mechanism in reducing segmentation 
errors and enhancing overall reliability.

A key factor in this improvement was the uncertainty-driven feedback mechanism, which systematically 
guided the user toward regions requiring correction. Uncertainty was quantified by calculating pixel-wise 
standard deviations across multiple segmentation outputs, identifying areas with the highest variation as high-
uncertainty regions. By analyzing the relationship between uncertainty and error, we found a strong correlation, 
with high-uncertainty areas often corresponding to error-prone regions in the segmentation mask (Fig. 2B). This 
uncertainty-guided feedback was paired with a user interaction module, where users provided feedback through 
positive and negative clicks. Positive clicks reinforced correct segmentations, while negative clicks corrected 
errors. This feedback was incorporated as additional input into the segmentation model, alongside the original 
image, for use in subsequent predictions. The iterative process progressively refined the segmentation with 
minimal user intervention. The integration of uncertainty-driven interactive feedback significantly enhanced 
the deep learning-based mitochondrial segmentation process. This approach not only reduced segmentation 
errors but also improved the overall efficiency of the process by directing user interventions to high-uncertainty 
areas. This helps reduce the cognitive load on users and facilitated more meaningful feedback. Moreover, this 
framework significantly improved segmentation accuracy and efficiency, even under limited data conditions. As 
illustrated in Figure S3, models trained with only a few annotated samples (e.g., 10-shot or 15-shot) achieved 
substantial performance gains through interactive feedback, closely approaching the performance of a fully 
trained model. Taken together, the approach enabled scalable and accurate segmentation of mitochondrial 
morphology, making this pipeline a valuable tool for large-scale mitochondrial analysis.

Interactive mitochondria analysis pipeline achieves manual level reliability with improved 
efficiency
To validate the effectiveness of our proposed mitochondrial morphological analysis pipeline, we evaluated its 
segmentation and quantification performance using the Lucchi++ benchmarking dataset. For segmentation 
performance, we compared the traditional semi-automatic (SA) manual approach with the deep learning-
based probabilistic interactive (PI) method. Importantly, both methods incorporate manual correction through 
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Fig. 2.  Probabilistic interactive segmentation improves mitochondrial segmentation accuracy by refining 
uncertain regions through user feedback. (A) Segmentation results from the Lucchi++ and skeletal muscle 
datasets, comparing the performance of the standard U-Net model with the probabilistic interactive 
segmentation approach. Both models are pre-trained on the CEM500k dataset. For the Lucchi++ dataset, the 
gold standard segmentation mask is derived from the expert-labeled masks included in the dataset, while for 
the skeletal muscle dataset, it is based on manually segmented masks. (B) Visualization demonstrates how user 
feedback during interactive segmentation progressively enhances segmentation accuracy. Initial prediction 
errors are corrected with positive (blue) and negative (red) feedback clicks. The prediction errors, represented 
as differences between the ground truth and the model predictions, are highlighted in the uncertainty map to 
guide further refinements.
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user intervention following the initial image segmentation, ensuring improved accuracy and reliability. For 
quantification performance, we compared the results from mask-based automatic quantification with those 
from manual quantification (Fig. 3A). This comparison provides a comprehensive understanding of how our 
pipeline can improve both the precision and efficiency of mitochondrial analysis, which is particularly crucial in 
studies where manual methods can be time-consuming and prone to errors.

Qualitatively, SA segmentation showed inconsistencies in areas such as image edges and ambiguous 
mitochondrial structures, where human error was more likely to occur (Fig. 3B). In contrast, PI segmentation 
demonstrated significantly lower error rates across all tested samples, particularly in reducing false negatives, 
which are common in mitochondrial segmentation due to their complex and variable morphology (Fig. 3C). 
This improvement can be attributed to the uncertainty-guided feedback mechanism, which directs user 
corrections toward regions with high uncertainty, enabling more focused and user-driven refinements. 
Additionally, segmentation accuracy for mitochondria detection was measured using Intersection over Union 
(IoU) between the predicted segmentations and the gold standard. The PI method consistently outperformed 
the SA segmentation approach, with a mean IoU difference of 0.1484 ± 0.02262 (SEM). This improvement was 
statistically significant, indicating the robustness of our method (Fig. 3D). To further evaluate instance-level 
performance, we measured mean average precision (mAP) across multiple IoU thresholds. On the Lucchi++ 
dataset, the PI model achieved a markedly higher mAP of 0.888 compared to 0.676 for the SA method, with 
particularly large margins at stricter thresholds (Table S2). Finally, to assess reproducibility of the segmentation 
model within our proposed pipeline, we conducted five repeated training runs on the Lucchi++ dataset, 
evaluating the baseline model’s performance prior to user intervention. The results demonstrated a high level 
of consistency, with an accuracy of 0.9070 and a standard deviation of 0.0019, highlighting the stability of the 
model across multiple training iterations.

To evaluate the accuracy of our pipeline for mitochondrial morphological analysis, we assessed its performance 
in measuring key parameters such as mitochondrial width, height, area, and count. Manual quantifications 
performed in ImageJ were treated as the gold standard and compared to the results generated by the automated 
quantification module applied to both SA segmentation masks and PI segmentation masks. The automated 
quantification applied to segmentation masks yielded results that were not significantly different from those 
obtained via manual ImageJ measurements, even when relying solely on uncertainty-driven feedback (Fig. 3E 
and Figure S4C). This close alignment underscores the reliability of the mask-based automated quantification 
approach, demonstrating that automation can maintain high fidelity to gold standard-level quantification 
techniques. Moreover, the PI segmentation and automated quantification pipeline provided substantial time 
savings compared to both the manual quantification and segmentation methods (Fig. 3F). These results highlight 
the efficiency of the pipeline, making it a valuable tool for large-scale mitochondria morphological analysis.

Consistent performance of interactive mitochondria analysis in complex skeletal muscle EM 
image
To assess the scalability and robustness of the proposed mitochondrial morphology analysis pipeline, we applied 
it to six transmission electron microscopy (TEM) images of mouse skeletal muscle. The analysis followed the 
same methodological framework as with the Lucchi++ dataset (Fig.  3A). The results from the TEM images 
showed similar trends in reliability, and time efficiency to those observed with scanning electron microscopy 
(SEM) images (Fig.  3), although the increased complexity of the TEM dataset revealed several noteworthy 
insights.

In terms of segmentation performance, the probabilistic interactive (PI) segmentation model demonstrated 
superior precision, particularly in capturing intricate and irregular mitochondrial boundaries. When 
mitochondrial structures were clearly delineated, the PI models outperformed semi-automatic (SA) methods, 
especially in recognizing complex, irregularly shaped mitochondria. However, in cases where mitochondria 
appeared ruptured or exhibited poorly defined boundaries, the PI models struggled to segment these regions 
accurately. Despite these challenges, the PI model not only demonstrated a clear advantage in handling most 
mitochondrial structures but also provided uncertainty-based cues to guide users toward further review, 
facilitating more efficient and accurate identification of mitochondria (Fig. 4A and Figure S6). A quantitative 
segmentation performance analysis based on the Intersection over Union (IoU) metric showed that the PI 
model achieved an average IoU score of 0.88, which was nearly equivalent to the performance of the SA method 
(Fig. 4B). Furthermore, as shown in Table S2, the PI model achieved a higher mean average precision (mAP) 
of 0.750 compared to 0.720 for the SA method in the instance-level segmentation evaluation, with notably 
better AP scores at higher IoU thresholds. Regarding the reproducibility of the segmentation model within our 
proposed pipeline, we conducted 5 repeated training runs on the skeletal muscle TEM dataset, evaluating our 
proposed model’s performance before user intervention. The results demonstrated a high level of consistency, 
with an average IoU score of 0.8745 and a standard deviation of 0.0035, indicating the robustness and stability 
of the model across different training iterations. This findings suggest that uncertainty-guided segmentation is a 
scalable and effective strategy for analyzing for complex tissue environments.

For mitochondrial morphological quantification, the results show high consistency across the approaches, 
with no significant differences in the measurements even when using only uncertainty-driven feedback (Fig. 4C 
and Figure S4D). These results confirm that the PI segmentation can reliably replicate the accuracy of gold 
standard quantification, even in more complex tissue environments where fewer training samples are available. 
In addition, the automated method dramatically reduced the time required for quantification compared to the 
manual method (Fig. 4D). To sum up, this increased efficiency is critical for large-scale studies, where manual 
quantification would be prohibitively time-consuming.
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Pathological difference between mdx mouse and wild type is uncovered via interactive 
mitochondria analysis pipeline
Duchenne muscular dystrophy (DMD) is a fatal X-linked disorder caused by the absence of dystrophin, 
leading to progressive muscle degeneration and weakness32. Mitochondrial dysfunction plays a key role in 
DMD pathology. Notably, mitochondrial size and density were significantly reduced in mdx mice, indicating 
compromised bioenergetics in DMD33. To examine mitochondrial alterations, we utilized quadriceps muscle 
samples from mdx mice, a well-established DMD model, and wild-type (WT) controls. Our analysis pipeline 
designed for high-resolution transmission electron microscopy (TEM) images, described in Fig.  4, enabled 
accurate mitochondrial segmentation and quantification for mitochondrial morphological analysis. The dataset 
included 18 images from mdx (muscular dystrophy X-linked) mice and 27 images from WT controls (Fig. 5A), 
analyzed using a probabilistic segmentation framework integrated with an uncertainty-guided feedback 
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mechanism. To quantify mitochondrial density within muscle tissue samples34, we calculated the number of 
mitochondria per unit area in TEM images under each experimental condition (Table S1).

Our framework effectively segmented mitochondria in both WT and mdx mouse models (Figure S7), 
revealing statistically significant reductions in key mitochondrial metrics (width, height, area, and density) in mdx 
mice compared to WT controls (Fig. 5B). These findings confirm that mdx mice exhibit altered mitochondrial 
morphology consistent with previous findings. Through these measurements, we can conclude that our analytical 
framework enables precise measurement of changes directly associated with these morphological characteristics, 
providing a robust quantitative assessment of how pathological traits manifest within biological systems. By 
identifying specific alterations in physiological processes driven by pathological factors, this framework offers a 
powerful tool for evaluating the impact of various diseases on biological function.

Discussion
In this study, we introduced an interactive mitochondrial analysis model that integrates deep learning with 
user feedback to enhance the efficiency of mitochondrial segmentation and quantification. Our probabilistic 
interactive segmentation model, in combination with a mask-based automatic quantification module, 
demonstrated a substantial improvement in both benchmark and real-world datasets. Conventional deep 
learning-based pipelines for mitochondria analysis, which do not support user intervention during segmentation 
, our approach enables real-time user refinement, achieving expert-level segmentation accuracy within a 
deep learning framework. Furthermore, the uncertainty-driven feedback mechanism optimizes user effort by 
providing targeted suggestions, facilitating an efficient and reliable segmentation process, ultimately making 
it a valuable tool for scalable mitochondrial analysis, particularly in pathologically relevant models such as 
the mdx mouse model of Duchenne muscular dystrophy. One key advantage of this framework is its ability to 
direct user interventions toward high-uncertainty regions, allowing for more efficient corrections and refined 
segmentation outcomes. However, an inherent limitation is that regions requiring correction are not always 
accurately captured by the uncertainty map. Although the model’s uncertainty analysis identifies many error-
prone areas, certain regions may still require adjustments even when they are not flagged as high uncertainty. For 
instance, regions with subtle boundaries or low-contrast regions relative to the surrounding cellular structures 
may evade detection by the uncertainty-guided feedback process. During our experiments, such cases were 
indeed observed, especially in areas with complex mitochondrial morphology or where mitochondria bordered 
other densely packed organelles.

To address this limitation in future iterations, incorporating additional image features, such as texture or 
intensity gradients35, could help improve the identification of challenging regions. Another potential solution 
could be to allow for user-defined adjustments based on visual assessment, even in low-uncertainty regions. This 
would provide flexibility in managing cases where automated uncertainty metrics are insufficient.

Acknowledging this limitation clarifies that, while our framework effectively reduces the need for extensive 
manual intervention, complete automation, as well as the analysis of fine structures within mitochondria that 
lack separate labels, remains challenging in highly complex cellular environments. Future improvements to the 
probabilistic segmentation model could involve incorporating domain-specific self-supervised techniques36–38 
or adaptation techniques39–41 to better handle ambiguous structures with limited labeled data.

Overall, our interactive deep learning framework represents a significant advancement in mitochondrial 
analysis and holds promise extension to other organelles or application domains, offering a scalable approach for 
high-throughput applications. However, acknowledging its limitations and exploring strategies to address these 

Fig. 3.  Comparison of segmentation and quantification methods for Lucchi ++ benchmark dataset validating 
the efficiency of the mask-based automated quantification module. (A) Overview of segmentation and 
quantification methods tested on the Lucchi++ dataset. The input image is segmented using a manual method 
using the semi-automated tool or the deep learning (DL)-based probabilistic interactive model. The resulting 
segmentation masks are used for mask-based automated quantification, while manual quantification with 
ImageJ is performed directly on the input image. (B) Segmentation results compared to the gold standard. 
Segmentation masks are displayed for the semi-automatic method and probabilistic interactive model. 
Differences from the gold standard are shown, with false positives in red, false negatives in blue, true positives 
in white, and true negatives in black. (C) The use of a probabilistic interactive model resulted in a reduction 
of false positives and false negatives were reduced through (mean ± SD, p = 2.0 × 10−8, p = 2.0 × 10−4, Mann–
Whitney U test. N = 15). (D) Comparison of IoU values derived from semi-automated (SA) and probabilistic 
interactive (PI) segmentation (whiskers show min-to-max range, p = 4.4 × 10−6, independent two-sample 
t-test. N = 15). Arithmetic mean is indicated by a + symbol in each box plot. (E) Comparison of fold changes 
in quantified mitochondrial morphological parameters (height, width, area, and count) relative to the gold 
standard. Multiple parameters/variables were extracted from each image. The gold standard is based on manual 
quantification using ImageJ, whereas the semi-automatic (SA) segmentation and probabilistic interactive (PI) 
model results were derived from automatic quantification modules applied to segmentation masks obtained by 
each respective method. (mean ± SD, independent two-sample t-test. N = 230–235). (F) Box and whisker plot 
illustrating the elapsed time for each method (whiskers show 10–90 percentile, p = 2.0 × 10−8, Kruskal–Wallis 
test followed by Dunn’s multiple comparisons test. N = 15). The average time for the manual quantification 
method was 641.9 s, while the probabilistic interactive and automatic quantification method required an 
average of 62.33 s, indicating a 90.3% reduction in analysis time when using the method. Statistical significance 
is indicated by asterisks.
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Fig. 4.  Uncertainty-guided segmentation ensures efficient mitochondrial quantification in complex skeletal 
muscle TEM images. (A) Comparison between semi-automatic and probabilistic interactive segmentation 
results for mitochondria with varying levels of structural clarity. The bottom row shows the uncertainty maps 
generated by the probabilistic interactive model, where brighter regions indicate areas of higher uncertainty, 
guiding user attention. (B) Comparison of IoU values derived from semi-automated (SA) and probabilistic 
interactive (PI) segmentation (whiskers show 10–90 percentile range, N = 6). The arithmetic mean is indicated 
by a + symbol in each box plot. (C) Fold change comparison of mitochondrial morphological parameters 
(height, width, area, and count) relative to the gold standard. Multiple parameters were measured for each 
image. Manual quantification using ImageJ was considered the gold standard, while semi-automatic (SA) and 
probabilistic interactive (PI) methods produced results via automated quantification based on segmentation 
masks from each method (mean ± SD, independent two-sample t-test, N = 172–176). (D) Box-and-whisker 
plot displaying the elapsed time for each method (whiskers represent the 10–90 percentile, p = 1.1 × 10−8, 
Welch ANOVA followed by Dunnett’s T3 multiple comparisons test, N = 6). The average time for manual 
segmentation was 2480 s, while the probabilistic interactive method averaged 214 s, representing a 91.4% 
reduction in analysis time. Statistical significance is indicated by asterisks.
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challenges will be essential for further optimization and robustness of this methodology in diverse biological 
contexts.

Data availability
The datasets generated during and/or analysed during the current study are available in the following link: ​h​t​t​p​s​
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