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Abstract 11 

Background: Fungal networks play a fundamental role in soil ecology and plant symbiosis, 12 

yet their three-dimensional characterization remains challenging due to their complex 13 

filamentous morphology and the limitations of conventional microscopy image analysis. This 14 

work presents a data-driven framework for three-dimensional reconstruction of fungal 15 

structures from bright-field microscopy, combining YOLO-based oriented bounding box 16 

(OBB) detection with continuous focus modeling for depth estimation. Addressing a problem 17 

explored by relatively few existing microscopy-based reconstruction approaches, the 18 

framework was developed using images of the arbuscular mycorrhizal fungus Rhizophagus 19 

irregularis, with additional qualitative applications to other biological structures exhibiting 20 

similar filamentous morphologies. Results: The OBB detector achieved an mAP50 of 0.60 21 

± 0.03, with instance-level and spatial-coverage F1-scores of 0.67 ± 0.02 and 0.78 ± 0.02, 22 

respectively. To account for the continuous nature of filamentous structures, a composite 23 

score combining both evaluation criteria was proposed, yielding S = 0.72 ± 0.01. Focus was 24 



 2 of 57 

 

modeled using complementary directional, spectral, and intensity descriptors integrated 25 

through PCA, achieving an F1-score of 0.90 on the ×10 validation dataset. The complete 26 

framework was applied to a 25-hour time-lapse experiment, enabling repeated three-27 

dimensional reconstruction of the evolving fungal structure. Quantitative spatial evaluation 28 

yielded a global pixel-wise recall of 0.93. Furthermore, 75.75% of the focused OBBs 29 

overlapped the manual segmentation by at least 20% of their area within an axial tolerance 30 

of ±35 µm, as measured by the axial-tolerant overlap rate (ATOR), substantially exceeding 31 

spatially randomized controls. Conclusions: These results support the feasibility of 32 

combining orientation-aware detection and focus modeling for automated three-dimensional 33 

characterization of fungal structures, providing a foundation for future investigations of 34 

fungal network architecture and growth dynamics. 35 

Keywords 36 

Fungal networks, Bioimage Analysis, Microscopy Image Analysis, Network Reconstruction, 37 

3D Reconstruction, Oriented Object Detection 38 

1. Introduction 39 

Filamentous fungi are ubiquitous in nearly every ecosystem (1,2). Their success in colonizing 40 

terrestrial ecosystems is largely attributed to their ability to develop hyphae (3), which grow 41 

by apical elongation, branch and fuse through anastomosis to generate a highly 42 

interconnected network known as mycelium. This network enables efficient foraging and 43 

long-distance transport of nutrients and information signals (4,5). Mycelial networks span a 44 

remarkable range of scales, from micrometers to several kilometers, and can persist for 45 
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extended periods due to their plastic architecture (6,7), which continuously adapts to spatially 46 

and temporally varying environmental conditions and biotic interactions (8). 47 

    Within the broad diversity of filamentous fungi, mycorrhizal fungi (MF) represent a key 48 

functional group capable of developing mycorrhizal networks that extend outwards from 49 

colonized plant roots, through soil, and colonize the roots of multiple neighboring plants, 50 

often from different species (9,10). Arbuscular mycorrhizal (AM) fungi, the most widespread 51 

group of MF (11), rely entirely on host plants to meet their carbon (C) demand (12). In 52 

exchange, their extraradical mycelium explores patchy resource environments, and supplies 53 

plants with essential nutrients such as phosphorus (P) and nitrogen (N; 13). 54 

Plants colonized by the same mycorrhizal fungus become interconnected through a 55 

Common Mycorrhizal Network (CMN) (5,14), allowing the transmission of nutrients, water, 56 

and signaling molecules among members of the network (15,16). Plant responses to AM 57 

colonization are highly context-dependent, and CMNs can mediate both competitive and 58 

cooperative interactions depending on environmental conditions and species involved (10). 59 

Documented benefits to plants include enhanced tolerance to abiotic stresses such as drought 60 

(17,18) and protection against biotic pressures, including herbivory, pests, and pathogens 61 

(19,20). Although CMNs can strongly influence plant community structure and ecosystem 62 

functioning, the mechanisms governing resource exchange, partner choice, and symbiotic 63 

outcomes remain unresolved in most cases (10). 64 

These gaps have prompted researchers to study fungal network structure dynamically. 65 

Recent work has begun to quantify mycelial topology and morphology over time to 66 

understand how fungi shape their architecture and regulate their metabolic demands (21). 67 

Morphological and topological traits have also been used to predict functional properties such 68 

as transport efficiency, construction cost, and robustness to grazing, which in turn help infer 69 

the ecological strategies of different fungal strains (22). Experimental systems still rely 70 

heavily on microcosms and controlled environments to circumvent soil opacity, as well as on 71 
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image-based methods to reconstruct mycelial morphology (21–24). However, these systems 72 

either constrain fungal growth to quasi-two-dimensional environments or rely on two-73 

dimensional image representations, limiting accurate characterization of the intrinsic three-74 

dimensional organization and connectivity of fungal networks. 75 

Several studies have explored X-ray microtomography to investigate the three-76 

dimensional morphology of fungal structures (25,26). These approaches provide direct 77 

volumetric information and enable detailed characterization of fungal architecture. However, 78 

they are typically applied to dense fungal pellets, require specialized instrumentation and 79 

sample preparation, and remain difficult to integrate into high-throughput longitudinal 80 

studies of network development. Moreover, while tomography-based methods operate on 81 

data that are already volumetric, they remain time consuming and impractical for analyzing 82 

the evolution of the network over time. Consequently, microscopy remains the most 83 

accessible and widely adopted imaging modality for studying fungal growth and network 84 

dynamics.  85 

Through time-lapse microscopy, researchers can monitor fungal development over 86 

extended periods while maintaining the temporal resolution necessary to investigate growth, 87 

branching, and interactions with the surrounding environment. However, converting these 88 

large microscopy datasets into reliable three-dimensional representations of fungal networks 89 

remains a major challenge. Existing microscopy-based approaches predominantly rely on 90 

image-processing pipelines based on segmentation, skeletonization, and graph extraction 91 

(27–29), which often require extensive preprocessing and manual parameter tuning. As a 92 

result, automated and scalable reconstruction of fungal networks from microscopy image 93 

stacks remains an open problem, motivating the development of automatic computational 94 

approaches. 95 

Motivated by these challenges, this work presents an automated, data-driven framework 96 

for reconstructing three-dimensional fungal networks from bright-field microscopy image 97 
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stacks. In contrast to existing approaches that reconstruct fungal networks from segmented 98 

filament masks, the proposed framework represents fungal structures as assemblies of 99 

localized, orientation-aware filament fragments detected directly from microscopy images. 100 

By combining filament detection, focus-informed depth characterization, and volumetric 101 

reconstruction, the framework transforms microscopy observations into three-dimensional 102 

representations of mycelial architecture. Specifically, the main contributions are: (i) a newly 103 

annotated dataset in which hyphal fragments are represented using oriented bounding boxes 104 

(OBBs), providing a compact and orientation-aware description of filamentous structures; 105 

(ii) a YOLO-based detector for identifying filament fragments across varying imaging 106 

conditions; and (iii) a focus-guided reconstruction strategy that integrates detections across 107 

focal planes to recover the three-dimensional organization of fungal networks. Together, 108 

these components establish a unified framework for automated fungal network reconstruction 109 

and provide a foundation for future analyses of network topology, growth dynamics, and 110 

other filamentous systems in biological and medical imaging.  111 

The remainder of this paper is organized as follows. Section 2 reviews existing 112 

approaches for the analysis and reconstruction of fungal and filamentous networks, 113 

identifying key methodological limitations and motivating the proposed framework. Section 114 

3 presents the proposed methodology, including the experimental setup, dataset construction, 115 

orientation-aware detection strategy, focus modeling, and three-dimensional reconstruction 116 

pipeline. Section 4 reports the experimental results and validation of the proposed methods. 117 

Section 5 discusses the implications, limitations, and potential applications of the framework. 118 

Finally, Section 6 summarizes the main conclusions and outlines future research directions. 119 

2. Related works 120 

Filamentous biological networks have been studied across a wide range of disciplines, 121 

including fungal ecology, plant–fungus interactions, neuroscience, and vascular imaging. 122 
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Depending on the biological question, researchers employ different imaging modalities and 123 

computational workflows to extract structural, topological, and dynamic information from 124 

these networks. Table 1 summarizes representative image-based approaches across these 125 

domains, highlighting their imaging modalities, network representations, extracted 126 

descriptors, dimensionality, and degree of automation. This comparison provides context for 127 

positioning the proposed framework and identifying the methodological gaps addressed in 128 

this work. 129 

For clarity, the reviewed studies are grouped into three categories: biological studies that 130 

characterize fungal networks from microscopy images (Subsection 2.1), computational 131 

methods for fungal network reconstruction and analysis (Subsection 2.2), and image-based 132 

approaches developed for other filamentous systems (Subsection 2.3). 133 

Table 1. Representative image-based approaches for fungal and filamentous network analysis. 134 

Methods are compared according to imaging modality, network representation (e.g., 135 

segmentation masks, skeletons, graphs, or filament fragments), temporal scope (static, 136 

dynamic, or multi-timepoint analysis), dimensionality of the reconstructed network (2D or 137 

3D), and degree of data-driven processing. Temporal scope is classified as static when a single 138 

time point is analyzed, multi-timepoint when multiple time points are analyzed or 139 

reconstructed independently, and dynamic when explicit temporal correspondence is 140 

established between successive time points to track structures or events over time. Data-driven 141 

processing is classified as No for predominantly handcrafted methods, Partial for hybrid 142 

approaches, and Yes for predominantly data-driven methods 143 

Domain Imaging modality Representation Temporal 

Scope 

2D/3D Data-

Driven 

Ref. 
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Cytoskeleton  

Super-resolution 

microscopy  
Skeleton + Filament Graph Static 2D No 

(30) 

Microorganisms Bright-field microscopy 
Segmentation Mask + 

Skeleton 
Dynamic 2D No 

(31) 

Slime molds Bright-field microscopy Segmentation Mask Dynamic 2D No (29) 

Neurons 

 

Volumetric microscopy Tree Graph Static 3D No (32) 

Confocal microscopy 
Instance Segmentation 

Mask 
Static 3D Partial 

(33) 

Leaf venation  Light microscopy 
Segmentation Mask + 

Graph 
Static 2D Yes 

(32) 

Retinal vessels Fundus photography Segmentation Mask Static 2D Yes (34,35)  

Fungal 

 pellets 
μCT Segmentation + Skeleton 

Static 3D No (25) 

Dynamic 3D Partial (26) 

Fungal 

 networks 

 

 

 

Bright-field microscopy 

 

  

Segmentation Mask + 

Skeleton + Graph 
Static 2D No 

(27,36) 

Ridge Map + Skeleton + 

Graph 
Static 2D No 

(37) 

Segmentation Mask + 

Graph 
Dynamic 2D No 

 

(28) 

Bright-field microscopy 

(Z-stack) 

Segmentation Mask + 

Skeleton + Graph 
Static 2D No 

(38) 

Skeleton + Graph 
Multi-

timepoint 
3D No 

(37) 

OBB-based filament 

representation 

Multi-

timepoint 
3D Yes 

Ours 

2.1 Quantitative Characterization of Fungal Network Architecture 144 

Imaging has become an essential tool for studying fungal networks because their morphology 145 

and function are inherently spatial and dynamic. Across experimental systems, image 146 

analysis typically serves as the quantitative measurement layer that transforms complex 147 

mycelial architectures into descriptors suitable for biological interpretation rather than 148 

constituting the primary scientific contribution itself. Spanning both microscopic and 149 



 8 of 57 

 

macroscopic scales, from hyphal-level observations to cord-forming networks, these 150 

measurements enable quantitative characterization of mycelial expansion, biomass 151 

distribution, and network organization under different environmental conditions and 152 

biological interactions (21,22,39,40). 153 

     The resulting image-derived measurements support a broad range of biological 154 

questions. They are used to characterize colony development and early network formation 155 

(23,24), growth responses to environmental conditions such as temperature and humidity 156 

(39), plant–fungus colonization dynamics and resource exchange (21), and the relationship 157 

between network architecture, transport, and ecological strategies (7,22). Together, these 158 

studies demonstrate that quantitative image analysis underpins our understanding of how 159 

fungal networks develop, adapt, and function across different biological contexts. 160 

Accordingly, the descriptors extracted from fungal images can be broadly grouped into 161 

three complementary categories. Morphological descriptors quantify colony expansion and 162 

local hyphal organization through measurements such as colony area, total hyphal length, 163 

colony diameter, tip number, hyphal segment length, branching characteristics, and hyphal 164 

growth unit (23,24,39). Topological descriptors represent the mycelium as a graph to 165 

characterize node and edge organization, degree, connectivity, loops, cross-connectivity, and 166 

other network properties associated with architectural organization (7,22,23). Dynamic 167 

descriptors capture the temporal evolution of fungal networks through growth and branching 168 

dynamics, anastomosis events, colonization fronts, transport efficiency, construction cost, 169 

robustness, and responses to environmental perturbations (21,22,24,39).  170 

Despite their biological value, the reliability of these measurements depends 171 

fundamentally on the underlying image-analysis methodology. Existing workflows remain 172 

largely tailored to specific experimental settings and predominantly rely on two-dimensional 173 

representations, which can obscure the distinction between filament crossings and true 174 

anastomoses while biasing connectivity-related measurements (22,23). Their performance is 175 
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further affected by variations in image quality, heterogeneous backgrounds, and dense 176 

filament organization, frequently requiring manual correction, limiting reproducibility and 177 

scalability, and hindering accurate characterization of the intrinsic three-dimensional 178 

organization and connectivity of complex fungal networks (5,7,39). These challenges 179 

motivate the development of dedicated computational methods for fungal network 180 

reconstruction and analysis, which are discussed in the following sections. 181 

2.2 Computational Methods for Fungal Network Reconstruction 182 

Early and widely adopted image-processing approaches for fungal network analysis follow a 183 

segmentation–skeletonization paradigm, in which filamentous structures are extracted as 184 

binary masks, reduced to centerlines, and subsequently converted into graph representations 185 

(28,36,38). These graphs enable quantification of morphological and topological descriptors, 186 

including hyphal length, branching statistics, network connectivity, tortuosity, and transport-187 

related measures, and have been successfully applied to fungal networks grown in soil 188 

microcosms and planar agar cultures (27,24,35). However, their performance remains highly 189 

dependent on image preprocessing, segmentation quality, and many user-defined parameters. 190 

Consequently, robustness decreases under heterogeneous, noisy, or low-contrast imaging 191 

conditions, requiring careful calibration of filtering, thresholding, and pruning operations that 192 

limit scalability across experimental settings (27,28,36). 193 

    In parallel with whole-network reconstruction pipelines, several approaches have 194 

focused on time-resolved analysis of fungal growth, prioritizing dynamic descriptors over 195 

full topological reconstruction (29,35–37). These methods typically operate on time-lapse 196 

image sequences and track either individual hyphal tips, regions of interest, or simplified 197 
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backbone representations to estimate elongation rates, branching events, and growth 198 

persistence. Representative examples include dynamic segmentation and backbone tracking 199 

frameworks (31), ROI-based and area-driven analyses of spore germination and early hyphal 200 

development (42), and continuous video microscopy systems designed to follow single 201 

hyphae in real time (43). Although these approaches provide valuable insights into growth 202 

dynamics, they generally restrict analysis to sparse or isolated filaments and exclude 203 

overlapping or interacting structures, limiting their applicability to whole-network analysis. 204 

Beyond segmentation-based pipelines, ridge-based representations have been proposed 205 

to better preserve filament continuity and local geometry. In slime mold transport networks, 206 

ridge enhancement combined with skeletonization and graph analysis has been used to 207 

characterize network organization, dynamics, and transport properties while maintaining 208 

biologically meaningful connectivity (29). Similar strategies have subsequently been applied 209 

to fungal networks, revealing a key limitation of two-dimensional imaging: branching events 210 

and filament crossings often produce similar image patterns, making the underlying network 211 

connectivity difficult to infer from a single focal plane (44). To address this limitation, 212 

volumetric approaches have reconstructed three-dimensional filament graphs from z-stack 213 

images by linking skeleton segments across focal planes using spatial proximity and 214 

orientation consistency (37). Together, these studies highlight the importance of preserving 215 

filament geometry and motivate reconstruction methods capable of recovering the intrinsic 216 

three-dimensional organization of fungal networks. 217 

Explicit three-dimensional reconstruction of fungal networks from microscopy data has 218 

only recently begun to emerge. To the best of our knowledge, Sten et al. (37) presented the 219 

only microscopy-based framework capable of reconstructing fungal architectures from z-220 

stack images while tracking their evolution across multiple time points. Their approach 221 

combines Shape-from-Focus (SFF) depth estimation with skeleton-based graph 222 
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reconstruction to recover volumetric network structure. However, SFF accuracy depends on 223 

the selected focus measure operator, local image texture, evaluation-window size, and image 224 

noise (45–47), while the final reconstruction remains sensitive to skeleton extraction and 225 

inter-slice association. Motivated by these limitations, the proposed framework adopts a 226 

learned filament representation based on oriented bounding boxes (OBBs), which explicitly 227 

encode the position, orientation, and spatial extent of local filament fragments. By detecting 228 

filament-centered regions directly from image data and integrating complementary focus 229 

information at the fragment level across depth, the method reduces dependence on predefined 230 

evaluation windows and skeleton-based reconstruction, while providing a scalable 231 

framework for three-dimensional analysis of fungal and other filamentous biological 232 

networks. 233 

2.3 Data-Driven Approaches for Filamentous Structures 234 

Recent advances in deep learning (DL) have shifted filamentous image analysis from rule-235 

based pipelines based on handcrafted filtering, thresholding, and skeletonization toward data-236 

driven models that learn image features directly from annotated data. As summarized in a 237 

systematic review of filament tracing and tracking (48), most DL approaches formulate the 238 

problem as semantic or instance segmentation, producing dense pixel-wise masks that 239 

subsequently support tracing, graph extraction, or quantitative analysis. While these methods 240 

substantially reduce manual parameter tuning during inference, they generally require 241 

extensive pixel-level annotations for training.  242 

Segmentation-based DL has been successfully applied across a broad range of 243 

filamentous biological structures, including retinal vessels, volumetric vascular networks, 244 

cytoskeletal filaments, and plant root systems (44–48). Despite differences in application, 245 

these methods share a common workflow in which segmentation serves as the initial 246 

representation, followed by additional processing to recover connectivity, topology, or 247 
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individual filament instances. In retinal imaging, connectivity-aware extensions combine 248 

learned image features with graph-based reasoning to preserve long-range vessel structure 249 

under low-contrast conditions (49), whereas in two-photon microscopy, generalizable models 250 

emphasize robustness to depth-dependent signal degradation and heterogeneous acquisition 251 

settings (50). Similar challenges arise in cytoskeletal filament analysis, where semantic 252 

segmentation alone is insufficient for downstream quantification, motivating instance-253 

oriented and orientation-aware formulations to separate individual filaments at intersections 254 

(51). In plant phenotyping, segmentation models have been adopted for root and related 255 

structures (52), alongside interactive or corrective annotation strategies designed to reduce 256 

labeling effort while maintaining robustness across variable backgrounds and imaging 257 

conditions (53). 258 

Despite these advances, segmentation-based methods remain constrained by the need for 259 

dense annotations and by their implicit representation of filament geometry, where 260 

orientation and continuity must be inferred through subsequent processing. Furthermore, DL 261 

methods have not yet been reported for the segmentation, tracing, or tracking of mycelial 262 

networks. These limitations motivate the exploration of alternative learning formulations that 263 

explicitly preserve the local geometric information required for downstream reconstruction. 264 

Among these, object detection represents image content through sparse geometric primitives 265 

rather than dense pixel masks. When formulated using OBBs, it explicitly encodes the 266 

position, orientation, and spatial extent of local filament fragments. These descriptors directly 267 

support fragment association, graph extraction, and correspondence across adjacent image 268 

slices or time points, while orientation provides an additional geometric cue for resolving 269 

ambiguities arising from filament crossings, branching events, and anastomoses. 270 

Consequently, representing filamentous structures as assemblies of oriented fragments offers 271 

a compact geometric representation naturally suited to three-dimensional network 272 

reconstruction.  273 
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Object detection has become a well-established computer vision paradigm for localizing 274 

and classifying objects in images (54). While conventional detectors rely on axis-aligned 275 

bounding boxes, OBB formulations extend this representation by explicitly encoding object 276 

orientation, making them particularly suitable for elongated and anisotropic structures. 277 

Originally developed for applications such as aerial imagery and scene text analysis (55,56), 278 

OBB detection has since been incorporated into modern end-to-end architectures, including 279 

recent YOLO-based detectors, enabling accurate and scalable orientation-aware detection 280 

(57). However, to the best of our knowledge, OBB-based detection has not previously been 281 

explored for biological filamentous structures, particularly fungal filament networks, nor has 282 

it been explored as a geometric representation for three-dimensional reconstruction from 283 

bright-field microscopy. 284 

3. Methodology 285 

This section presents the proposed data-driven framework for reconstructing three-286 

dimensional fungal networks from time-lapse bright-field microscopy. As illustrated in 287 

Figure 1, the methodology comprises two complementary phases. The first (Fig. 1b,c) 288 

focuses on framework development, including dataset construction, annotation, and the 289 

training and validation of the OBB detection and focus-classification models using 290 

independently acquired single-time-point Z-stacks. The second (Fig. 1d) corresponds to 291 

framework deployment, where the trained models are applied to time-lapse microscopy data  292 

and their outputs are integrated to reconstruct the three-dimensional morphology of fungal 293 

networks. The following subsections describe each stage of the proposed framework in detail. 294 
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Figure 1.  Overview of the proposed data-driven framework for reconstructing filamentous 295 

fungal networks: (a). The methodology comprises two complementary phases: framework 296 

development (b–c), including dataset construction, model development, and validation, and 297 

framework deployment (d), where the trained models are integrated for three-dimensional 298 

reconstruction. 299 

 300 

3.1 Biological experiment and sample preparation 301 

Arbuscular mycorrhizal fungus Rhizophagus irregularis (MUCL 41833) was provided by 302 

the Glomeromycota IN vitro COllection (GINCO) at the Université Catholique de Louvain, 303 

Belgium, and cultivated at the center of Petri dishes containing MSR medium. Cultures were 304 

maintained at 27 °C in the dark to allow mycelial development. Cultures were maintained for 305 

approximately three weeks prior to imaging. Multiple independent cultures were prepared 306 

following the same protocol. For imaging experiments, Petri dishes were removed directly 307 

from the incubation chamber and placed on the microscope stage without further 308 

manipulation or sample preparation. 309 

3.2 Image acquisition and dataset overview  310 
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Image acquisition was performed using a Nikon Eclipse Ti2-E inverted microscope operated 311 

in bright-field transmission mode. Images were acquired using three objective magnifications 312 

(×4, ×10, and ×20). All images were recorded as single-channel 12-bit grayscale images with 313 

a spatial resolution of 2928 × 2928 pixels. For each sample, image data were collected as Z-314 

stacks spanning the vertical extent of the fungal network. Acquisition began at the first focal 315 

plane where hyphae appeared in focus and continued along the optical axis until the structures 316 

became completely defocused. Consecutive focal planes were acquired with a constant Z-317 

step of 5 μm, producing image stacks that captured the full depth of the mycelial network. 318 

Datasets acquired at the three objective magnifications served distinct roles in the 319 

development and evaluation of the proposed framework. Single-time-point Z-stacks acquired 320 

with the ×4 and ×20 objectives were used to construct the annotated datasets for both OBB 321 

detection and focus classification. These objectives represent the lower and upper bounds of 322 

the imaging magnifications employed in this study and were selected to expose model 323 

development to substantial variations in filament scale and appearance. In contrast, the 324 

intermediate ×10 objective was used for a separate time-lapse experiment, providing data for 325 

focus-model validation and calibration as well as multi-timepoint 3D reconstruction. The 326 

microscopy datasets and associated annotations used in this study are publicly available at 327 

Zenodo (58). 328 

The annotated dataset comprised 21 single-time-point Z-stacks, each acquired from an 329 

independent fungal culture. These stacks were selected to represent typical imaging 330 

conditions encountered in vitro fungal growth experiments, including gradual focus variation 331 

across depth, heterogeneous hyphal density, and frequent filament crossings and overlaps. A 332 

separate multi-timepoint experiment was performed on a separate fungal culture. The first 333 

time point was used for focus-model validation and threshold calibration, while the complete 334 

sequence was used for multi-timepoint three-dimensional reconstruction. 335 
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3.3 OBB dataset creation  336 

This section describes the procedure used to generate OBB annotations from raw microscopy 337 

images. The pipeline combines a validated ridge-based preprocessing method with 338 

clustering, geometric estimation, and manual refinement, and was designed to produce 339 

consistent, orientation-aware annotations for elongated filamentous structures (Fig. 2). 340 

Figure 2. OBB dataset creation pipeline: a) Original microscopy image slice. b) Composite 341 

ridge-based edge map obtained by multi-scale filtering, highlighting elongated filamentous 342 

structures. c) Cluster assignment of sampled ridge centroids, where colored points indicate local 343 

filament fragments and red crosses denote cluster centroids. d) OBB estimation for selected 344 

clusters using PCA; dashed outlines indicate OBBs, while red and blue arrows represent the half-345 

length (major) and half-width (minor) axes, respectively. e) Final OBB representation overlaid 346 

on the original image after manual refinement using a custom annotation interface. 347 

 

 

3.3.1 Ridge-based preprocessing 348 

To initialize the annotation process, the filament-detection algorithm previously 349 

developed and validated by Sten et al. (37) was applied to each image slice. The original 350 

MATLAB implementation, publicly available at https://gitlab.iit.it/oscar.sten/mycelium-351 

network-analysis-tool-3d, was used in this study. The method enhances elongated ridge-like 352 

structures using a steerable second-order Gaussian filter and is controlled by two scale-353 

dependent parameters: the spatial standard deviation of the filter kernel (𝜎) and the minimum 354 

       
        

  

   
              
                   

        

https://gitlab.iit.it/oscar.sten/mycelium-network-analysis-tool-3d
https://gitlab.iit.it/oscar.sten/mycelium-network-analysis-tool-3d
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branch length. In the present study, the detection stage was used exclusively to generate 355 

binary ridge-derived representations for annotation initialization. The minimum branch 356 

length was fixed at 100 pixels, whereas 𝜎 was adjusted according to the apparent filament 357 

width, using values within the range of 2–10 pixels. When necessary, multiple 𝜎 values were 358 

applied to the same image, and the resulting binary masks were combined by pixel-wise 359 

summation to produce a composite ridge map capturing filamentous structures across 360 

multiple scales (Fig. 2b). When required, the resulting binary masks were manually refined 361 

using MATLAB's Image Segmenter app to correct incomplete ridge responses, remove 362 

spurious detections, and improve edge continuity prior to centroid sampling. These 363 

preprocessing steps were performed in a semi-automatic and qualitative manner to improve 364 

edge visibility while accommodating variations in filament morphology and image 365 

appearance. 366 

3.3.2 Centroid sampling and clustering 367 

Following ridge-based preprocessing, a binary segmentation mask was constructed for 368 

each Z-stack by superimposing the ridge-derived masks from all image slices. Morphological 369 

operations and manual corrections were subsequently applied to improve filament continuity, 370 

remove spurious structures, and obtain a coherent representation of the fungal network. 371 

Candidate points were then generated through an iterative sampling procedure within the 372 

binary segmentation mask. Only points located inside the segmented regions were retained, 373 

and a minimum spacing of 50 pixels was enforced between neighboring points to obtain an 374 

approximately uniform spatial distribution. The sampling procedure was repeated until an 375 

empirical sampling density of approximately one point per 200 foreground pixels was 376 

reached. 377 

All sampling results were visually inspected using a custom graphical user interface 378 

(GUI) developed in Python. When necessary, individual sampled points were manually 379 
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added, removed, or repositioned to improve the representation of highly curved filaments, 380 

dense network regions, or areas where the automatic sampling was insufficient. Finally, the 381 

corrected set of sampled points was grouped using k-means clustering (Fig. 2c), where each 382 

cluster represented a localized filament fragment suitable for approximation by a single OBB. 383 

The number of clusters was selected according to the resulting distribution of sampled points, 384 

allowing the clustering process to adapt naturally to variations in filament geometry and local 385 

network density. 386 

3.3.3 OBB computation via PCA 387 

An OBB can be represented either by its center coordinates, dimensions, and orientation, 388 (��, ��, �, ℎ, 	), or equivalently by the coordinates of its four vertices. Since YOLO-OBB 389 

requires point-based annotations, the estimated geometric parameters were analytically 390 

transformed into the normalized coordinates of the four OBB vertices. Principal component 391 

analysis (PCA) was applied to each centroid cluster to estimate the dominant orientation of 392 

the filament fragment. The cluster centroid defined the OBB center, � = (��, ��), while the 393 

first principal component defined the orientation angle 	. Projections of the sampled points 394 

onto the principal axes yielded the OBB length (�) and thickness (ℎ, minor axis).  395 

The OBB corners were first expressed relative to the box center. They were then rotated 396 

by the estimated orientation and translated to the cluster centroid to obtain the final vertex 397 

coordinates, yielding the four OBB vertices through the following matrix transformation: 398 

  
 = ��� + ��� (1) 

where (
 ∈ ℝ4×2 ) contains the coordinates of the four OBB vertices, (� = [��, ��]�
) 399 

denotes the box center, and ( 1) is a (4 × 1 ) vector of ones. The rotation matrix � =400 [cos 	 − sin 	  ;  sin 	 cos 	] , defines the OBB orientation, while � =401 

12 [� ℎ ;   � −ℎ;  − � −ℎ;  − � ℎ] contains the local coordinates of the four OBB 402 
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corners expressed as signed half-length and half-thickness offsets from the box center (Fig. 403 

2d). 404 

     Finally, the vertex coordinates were normalized with respect to the image dimensions, 405 )*′ = �,- , .*′ = �,/ , 0 = 1, … ,4 . where 2  and 3  denote the image width and height, 406 

respectively. The resulting normalized vertices constituted the point-based annotations used 407 

for training the YOLO-OBB detection model. 408 

3.3.4 Manual correction and annotation interface 409 

Following automatic OBB estimation, a second custom graphical user interface (GUI) was 410 

developed in Python to review and refine the generated annotations. The interface enabled 411 

interactive visualization of individual image slices with the estimated OBBs overlaid on the 412 

original microscopy images. Using mouse and keyboard controls, annotators could modify 413 

the position, orientation, and dimensions of each OBB, as well as add, delete, or replace 414 

annotations when necessary. This final refinement stage was performed to resolve 415 

ambiguities arising from filament crossings, variable image contrast, partial ridge responses, 416 

or inaccuracies introduced during the automatic clustering and PCA estimation. The resulting 417 

manually validated OBB annotations constituted the final dataset used for training the 418 

detection model. 419 

3.4 OBB-based detection model 420 

An oriented object detection model was trained to identify local filament fragments in 421 

individual image slices using OBBs. The model is based on the YOLO-OBB framework 422 

implemented in the Ultralytics library (59), which extends single-stage YOLO detectors to 423 

directly regress OBBs within a unified architecture. In this study, the lightweight YOLO11n-424 

OBB variant was selected to balance detection accuracy and computational efficiency for 425 

large microscopy datasets. 426 
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     Training data consisted of the OBB annotations described in Section 3.3. Each image 427 

slice was subdivided into 732 × 732-pixel tiles for training, with empty tiles excluded. During 428 

model preprocessing, the tiles were resized by the Ultralytics pipeline to the configured 429 

network input resolution of 736 × 736 pixels. The model was trained in a single-class 430 

configuration, as all detections correspond to filamentous structures. Models were trained for 431 

up to 100 epochs using a batch size of 8. Model parameters were initialized from random 432 

weights, and deterministic training was ensured through fixed random seeds. To improve 433 

robustness to variations in filament orientation, scale, and partial occlusion, geometric data 434 

augmentation was applied during training, including rotations, flips, scaling, translations, 435 

Mosaic, and CutMix augmentations. Color-based augmentations were disabled because all 436 

images were acquired as single-channel grayscale images. 437 

Model performance was assessed using five-fold cross-validation, where annotated 438 

mosaic samples from all annotated Z-stacks were pooled and randomly assigned to the 439 

training and validation folds. Conventional object detection metrics were first computed 440 

using one-to-one matching between predicted and ground-truth OBBs. However, these 441 

metrics alone are often overly restrictive for filamentous structures, where multiple 442 

detections may correspond to different portions of the same annotated filament fragment.  443 

To complement the instance-level evaluation, a coverage-based metric was also 444 

employed. Each predicted OBB was represented as an anisotropic two-dimensional Gaussian 445 

distribution aligned with its centroid, orientation, length, and thickness, following the 446 

geometric representation proposed for OBBs (60). The Gaussian responses from all 447 

detections were superimposed to generate a continuous filament coverage map. The resulting 448 

density field was thresholded to obtain a binary support region and compared with the 449 

ground-truth annotations using segmentation-based precision, recall, and F1 score. Unlike 450 

the instance-level evaluation, this measure quantifies how accurately the predicted detections 451 
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recover the spatial support of the underlying filament network, independently of the number 452 

of predicted OBBs. 453 

Overall detection performance was summarized using a balanced composite score 4 454 

combining the instance-level and coverage-based evaluations, 455 4 = 561789 + (1 − 5)61:;< (2) 

where 61det denotes the instance-level detection F1 score, 61covdenotes the coverage-based 456 

F1 score, and 5 = 0.5. Precision and recall are reported separately for both evaluation 457 

schemes. 458 

     Detection performance depends on two inference-time parameters: the confidence 459 

threshold used to retain predictions and the intersection-over-union (IoU) threshold used for 460 

non-maximum suppression (NMS) of overlapping predicted OBBs. To select these 461 

parameters objectively, the composite score 4 was evaluated over a grid of IoU thresholds 462 

ranging from 0.50 to 0.95 (step 0.05) and 1000 uniformly sampled confidence thresholds in 463 

the interval ([0,1]).The operating point was defined as the parameter pair maximizing the 464 

mean composite score across the validation folds and was subsequently fixed for all reported 465 

experiments. 466 

     After cross-validation, a final detector was trained using the complete annotated dataset 467 

and deployed with the selected operating thresholds. Generalization was evaluated on 468 

previously unseen microscopy images acquired under different imaging conditions, including 469 

images collected with a ×10 objective lens, as well as on additional filamentous datasets 470 

comprising plant root microscopy, retinal vessel images from the DRIVE dataset (61), and 471 

cerebellar climbing fiber microscopy stacks (62). All external images were converted to 472 

grayscale and processed using the same 736 × 736-pixel tiled inference strategy used for 473 

model deployment. Predicted detections from individual tiles were subsequently transformed 474 

back into the original image coordinates to reconstruct the complete detection results. 475 
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3.5. Focus Modeling and Depth-Aware Filtering 476 

Limited depth of field in bright-field microscopy causes filament structures to appear across 477 

multiple adjacent slices within a Z-stack with varying degrees of focus. Although these 478 

observations may correspond to the same underlying filament, only a subset provides a sharp 479 

representation near its focal plane, whereas neighboring slices contain progressively 480 

defocused appearances. Retaining all detections may introduce artificial continuity across 481 

slices or spurious branches, complicating the interpretation of filament topology. To mitigate 482 

these effects, a focus-aware filtering stage was introduced to identify the OBBs that best 483 

represent each filament fragment before three-dimensional reconstruction. 484 

Focused filament fragments exhibit characteristic visual properties, including increased 485 

contrast, sharper intensity transitions, and greater high-frequency content, as widely reported 486 

in the literature on focus measure operators (52–54). Accordingly, each detected OBB was 487 

characterized by a set of 18 complementary focus descriptors (Table 2), computed from the 488 

image patch enclosed by the corresponding bounding box. These descriptors comprise four 489 

groups: classical focus measures, spectral features, intensity descriptors, and directional 490 

derivatives. The directional descriptors exploit the orientation provided by the OBB to 491 

quantify anisotropic intensity variations along and across the filament, extending 492 

conventional isotropic focus operators. Mathematical definitions of all descriptors are 493 

provided in the Additional file 1: Table S1. 494 

Table 2. Focus-related features extracted from OBB-associated image patches. The evaluated 495 

descriptors are grouped into four categories: classical focus measures, spectral features, intensity 496 

descriptors, and directional derivatives. For each feature, the corresponding operator name and 497 

symbol used throughout the manuscript are reported. 498 

Category Focus operator Sym. Category Focus Operator Sym. 

Laplacian variance σ∇2C2  Local variance energy D<EF,G;: 
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Classical 

focus 

measures 

Modified Laplacian ML Intensity 

descriptors 

Mean intensity μC 
Sum Modified Laplacian SML Intensity energy DC 

 

Spectral 

features 

Fourier energy DI  

 

Directional 

derivatives 

Mean absolute normal second 

derivative 

μ|∂2I ∂n2⁄ |
High frequency energy 

(15%, 30%) 

D/I(%) Normal second-derivative 

energy 

E∂2I ∂n2⁄  

High frequency ratio (15%, 

30%) 

Q/I(%) Mean absolute tangential second 

derivative 

μ|∂2I ∂t2⁄ | 
High-to-low frequency 

ratio (15%) 

ρ/I(%) Tangential second-derivative 

energy 

E∂2I ∂t2⁄  

   Mean absolute normal gradient μ|∂I ∂U⁄ | 
   Tangential gradient energy E∂I ∂t⁄  

Focus was modeled as a continuous quantity describing the degree of sharpness of each 499 

filament fragment across the Z-stack. Accordingly, each OBB was assigned a scalar focus 500 

score ( V* ), with larger values indicating greater focus. To guide the development and 501 

evaluation of this representation, a subset of OBB-associated image patches was manually 502 

annotated as either in focus (class 1) or out of focus (class 0), based on visual sharpness and 503 

consistency with filament continuity across adjacent slices. The annotated subset was 504 

balanced independently for each acquisition objective, with equal numbers of focused and 505 

defocused samples. It comprised 5,878 ×4 patches, 7,950 ×20 patches, and 2,882 ×10 506 

patches, corresponding to 35.2%, 47.6%, and 17.2% of the total annotated focus dataset, 507 

respectively. The ×4 and ×20 samples constituted the model-development dataset, whereas 508 

the ×10 samples were held out from model fitting and used for validation, model selection, 509 

and operating-threshold calibration. 510 

The annotated development dataset was used to identify a compact set of complementary 511 

descriptors for characterizing focus. Feature relevance was first assessed using standardized 512 
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logistic regression with five-fold stratified cross-validation. The discriminative contribution 513 

and stability of each descriptor were characterized from the distribution of the absolute 514 

regression coefficients across folds. Redundancy among descriptors was subsequently 515 

assessed using the absolute pairwise Pearson correlation coefficients computed on the model-516 

development data. Based on feature relevance and pairwise correlations, a pool of seven 517 

representative descriptors was retained to preserve complementary focus-related information 518 

across feature categories while reducing redundancy. Candidate feature triplets were 519 

subsequently constructed from this pool and evaluated using the PCA-based focus-score 520 

formulation described below. 521 

Rather than directly training a binary classifier, the selected descriptors were integrated 522 

into a continuous latent representation of focus. PCA with two components (W = 2) was 523 

applied to the standardized descriptors to capture their dominant joint modes of variation. 524 

The resulting two-dimensional latent representation was subsequently reduced to a scalar 525 

focus score by combining the oriented principal-component projections. This formulation 526 

models focus as a gradual property of filament appearance rather than an intrinsically binary 527 

state. 528 

For each candidate descriptor triplet, the PCA-based focus score was constructed as 529 

follows. Let Yi = [xi1, xi2, xi3] denote the feature vector associated with the 0-th OBB. Each 530 

feature was standardized using statistics estimated from the development set, 531 ]*^ = )*^ − _^𝜎  (3) 

where μj and σj denote the mean and standard deviation of feature a, respectively, estimated 532 

from the training data. The standardized feature vectors were projected onto a two-533 

component PCA representation, 534 .*b = c*⊤eb (4) 
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where fbdenotes the loading vector of the g-th principal component. Because the sign of a 535 

principal component is arbitrary, each component projection was oriented using the 536 

annotated training labels such that larger values were associated with the focused class, 537 .̃*b =  V0ijb.*b (5) 

where (V0ijb ∈ −1, +1) is determined by comparing the mean component projections of 538 

the focused and defocused training samples. The continuous focus score was then defined as 539 

a weighted combination of the oriented component projections, with weights kbobtained by 540 

normalizing the explained-variance ratios of the W = 2 PCA components such that 541 ∑ kbmb=1 = 1. Thus, components explaining a greater proportion of the represented feature 542 

variance contributed more strongly to the score, 543 V* = ∑ kbmb=1  .̃*b                   (6) 

The resulting scalar score was standardized using the mean and standard deviation of the raw 544 

focus scores in the training data, 545 V̂* = V* − _q𝜎q  (7) 

where _q  and 𝜎q denote the training-score mean and standard deviation, respectively. 546 

Finally, each OBB was classified as focused or defocused according to 547 

.̂* = {1 if V̂* ≥ u0 otherwise, (8) 

For each candidate triplet, a decision threshold u  was estimated from the model-548 

development data by maximizing the F1 score. The fitted PCA representation, including the 549 

feature-standardization parameters, PCA loadings, component orientations, score weights, 550 

and development-set decision threshold, was then applied to the ×10 dataset without refitting. 551 

Performance on the ×10 data was used to compare candidate focus representations and select 552 

the final triplet. After selection, the continuous focus representation was kept fixed, while its 553 
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operating threshold u was recalibrated for the ×10 acquisition conditions by maximizing the 554 

F1 score on the ×10 focus scores. The resulting ×10-specific threshold was subsequently kept 555 

fixed for all time points of the ×10 time-lapse experiment and used for depth-aware filtering 556 

during three-dimensional reconstruction. 557 

3.6 3D reconstruction and time-lapse integration 558 

Time-lapse imaging was performed on a separate fungal culture using repeated Z-stack 559 

acquisitions over a 25-hour period. Image stacks were acquired at approximately 30-min 560 

intervals using a ×10 objective, yielding 48 time points over the acquisition period. Each time 561 

point consisted of a Z-stack containing 165 optical sections acquired with a constant axial 562 

spacing of 5 µm, covering the full depth of the fungal network. The first time point was used 563 

as the ×10 validation and calibration dataset described in Section 3.5 to evaluate the fixed 564 

PCA-based focus representation and calibrate the ×10 operating threshold.  565 

For each time point, every image slice of the corresponding Z-stack was processed 566 

independently using the trained YOLO11n-OBB detector. For inference, each 2928 × 2928-567 

pixel slice was padded along its bottom and right boundaries to 2944 × 2944 pixels and 568 

partitioned into sixteen non-overlapping 736 × 736-pixel tiles. The tiles were processed 569 

independently using the confidence and intersection-over-union thresholds selected during 570 

model validation (Section 3.4). The resulting detections were transformed back into the 571 

original image coordinates and merged to recover the complete set of OBBs for each slice. 572 

The detected OBBs were then processed using the fixed PCA-based focus representation 573 

and the calibrated ×10 operating threshold described in Section 3.5. Only detections classified 574 

as in focus were retained, thereby reducing depth ambiguity by discarding defocused 575 

appearances of filament fragments detected across adjacent optical sections. The filtered 576 

OBBs were subsequently embedded into three-dimensional space using their centroid 577 

coordinates ( ), . ), the corresponding slice position ( ] ), and their estimated geometric 578 
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parameters (width, height, and orientation). Image coordinates were converted into physical 579 

units using a lateral calibration factor of 0.60 µx y0)z{−1, while the axial coordinate was 580 

determined from the slice index and the known Z-step of 5 µm. Each retained OBB therefore 581 

represents the spatial location, orientation, and local extent of a filament fragment within the 582 

reconstructed volume. Applying this procedure independently to each Z-stack produced a 583 

sequence of three-dimensional reconstructions across the 48 acquisition time points, 584 

providing a multi-timepoint representation of fungal network development. 585 

3.6.1 Quantitative spatial evaluation 586 

To quantitatively assess the spatial correspondence between the reconstructed filament 587 

distribution and manual annotations, two complementary evaluation measures were 588 

employed. First, pixel-wise recall was calculated as the fraction of manually annotated pixels 589 

covered by the union of focused OBBs at their corresponding optical sections, 590 

Qz�}{{~*�8G  = ∑ |�� ∩ ��|��ℤ∑ |��|��ℤ  
(9) 

where ��denotes the binary manual segmentation mask at optical section ], �� represents 591 

the union of rasterized focused OBBs at the same section, and �denotes the set of evaluated 592 

optical sections. The operator | ∙ |indicates the number of pixels belonging to a binary region. 593 

Recall was computed globally by aggregating pixel counts across all optical sections. 594 

The second measure was introduced to account for differences in the focal-plane 595 

localization of filament fragments between predictions and manual annotations. Each 596 

filament fragment was manually annotated at its selected best-focus plane, although the same 597 

structure could remain visible across neighboring optical sections. Consequently, requiring 598 

exact slice-level agreement could underestimate spatial correspondence. To address this 599 

limitation, an axial-tolerant overlap rate (ATOR) was defined by first computing the 600 

maximum overlap fraction of each focused OBB within a specified axial neighborhood, 601 
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�*(g) = x})|�−�,|≤b |�* ∩ ��|�*  
(10) 

where �* denotes the rasterized region of the i-th focused OBB, ]*  is its corresponding 602 

optical section, and g defines the maximum allowed axial displacement in number of slices. 603 

The overlap fraction was calculated relative to the full rasterized area of each OBB. The 604 

overall ATOR was then calculated as the percentage of focused OBBs satisfying �*(g), 605 

���Q(g, �) = 100� ∑ 1[�*(g) ≥ �]�
*=1  

(11) 

where � denotes the total number of focused OBBs, � represents the minimum required 606 

overlap fraction, and 1[ ∙ ]  is an indicator function equal to one when the condition is 607 

satisfied and zero otherwise. ATOR was evaluated using axial tolerances from 0 to ±35 µm 608 

in increments of 5 µm and minimum overlap criteria of 10%, 20%, and 30%. These 609 

parameters were examined through sensitivity analysis rather than selected as optimal 610 

thresholds. 611 

To assess whether the observed correspondence exceeded that obtained under spatial 612 

displacement, a translation-based randomization control was performed. For each trial �, all 613 

focused OBBs were displaced by a common random vector in the XY plane, where the 614 

displacement magnitude was sampled uniformly within a predefined range and its direction 615 

uniformly over 0–2π. The relative arrangement, dimensions, orientations, and axial positions 616 

of the OBBs were preserved, while the manual segmentation remained fixed. Three 617 

displacement ranges were evaluated (25–50, 50–100, and 100–200 µm), with 100 trials per 618 

range. For each trial, ATOR was recalculated across all axial tolerances and overlap criteria. 619 

Statistical significance was assessed using a one-sided empirical Monte Carlo test (63), 620 

y8�~(g, �) = 1 + ∑ 1[���Q(F)(g, �) ≥ ���Q;�q(g, �)]�F=1 Q + 1  
(12) 
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where Q denotes the number of randomized trials, ���Q(F) is the overlap rate obtained in 621 

trial (�), and ���Q;�q(g, �) is the overlap rate of the original predictions. This analysis 622 

evaluates spatial correspondence relative to the specified randomization protocol. 623 

4. Results 624 

4.1 Dataset characterization and annotation statistics 625 

Following the annotation procedure described in Section 3.3, the final OBB dataset 626 

comprised 21 annotated Z-stacks containing 1,205 slice-level image–label pairs acquired at 627 

the native image resolution of 2928 × 2928 pixels. The number of annotated slices per stack 628 

ranged from 20 to 193, reflecting differences in the depth and spatial extent of the imaged 629 

mycelial architectures. Stacks 0–8 were acquired using a ×20 objective, whereas stacks 9–20 630 

were acquired using a ×4 objective, exposing the detector to filament fragments across 631 

multiple spatial scales.  632 

After subdivision into mosaic-level samples and exclusion of tiles containing no 633 

annotated filament fragments, the final training dataset comprised 7,657 annotated 732 × 634 

732-pixel mosaics. The number of retained mosaics varied among stacks according to the 635 

spatial extent and density of the fungal network. A detailed summary of the annotated slices, 636 

retained mosaics, and acquisition objective for each Z-stack is presented in Table 3. Overall, 637 

the resulting dataset spans multiple imaging scales and a broad range of filament densities 638 

and structural complexities, providing a diverse collection of annotated filament fragments 639 

for training and evaluating the OBB detection model. 640 

Table 3. Per-stack summary of annotated images, mosaics, and acquisition magnifications. 641 

Objective Stack ID Annotated 

slices 

Annotated 

mosaics 

Stack ID Annotated 

slices 

Annotated 

mosaics 
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(2928 x 2928) (732 x 732) (2928 x 2928) (732 x 732) × 20 stack000 51 453 stack005 35 262 

stack001 20 183 stack006 31 252 

stack002 22 132 stack007 58 510 

stack003 26 182 stack008 49 306 

stack004 78 499    × 4 stack009 30 225 stack015 25 125 

stack010 30 267 stack016 63 639 

stack011 40 293 stack017 40 280 

stack012 101 580 stack018 193 1031 

stack013 106 627 stack019 56 168 

stack014 101 303 stack020 50 340 

    Total 1205 7657 

4.2 Performance of OBB-based filament detection 642 

Detection performance was evaluated using five-fold cross-validation at the mosaic 643 

level. The folds were approximately balanced, containing between 1,472 and 1,560 annotated 644 

mosaics (approximately 20% of the dataset per fold) with each validation fold including 645 

mosaics originating from 15–19 Z-stacks and spanning both acquisition objectives. Training 646 

and validation losses for box regression, classification, and distribution focal loss converged 647 

consistently across folds (Additional file 1: Fig. S1). Validation performance consistently 648 

stabilized between epochs 70 and 80 across all folds, without evidence of substantial 649 

overfitting. As model checkpoints were stored every five epochs, epoch 75 was selected as 650 

the operating model for all subsequent analyses. 651 

The operating confidence and IoU thresholds were selected by maximizing the 652 

composite score 4 across the validation folds. As shown in Fig. 3, the optimal operating 653 

point was obtained at an IoU threshold of 0.60 and a confidence threshold of 0.126. The 654 

broad plateau surrounding the selected operating point indicates that detector performance is 655 
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robust to small variations in the inference thresholds, particularly with respect to the IoU 656 

threshold. These thresholds were therefore retained for all subsequent experiments. 657 

At the selected operating point, the detector achieved an instance-level F1-score of 0.667 658 

± 0.024 and a coverage-based F1-score of 0.779 ± 0.024 (Table 4). The relatively small 659 

standard deviations across the five validation folds indicate consistent detection performance 660 

despite variations in biological samples and imaging conditions. The corresponding 661 

composite score of 4 = 0.723 ± 0.019  further demonstrates robust overall detection 662 

performance. 663 

Figure 3. Selection of the operating inference thresholds using five-fold cross-validation. The 664 

composite score 4  is shown as a function of (a) the IoU threshold and (b) the confidence 665 

threshold. Colored curves correspond to individual validation folds, the solid black curve denotes 666 

the mean performance, and the shaded region indicates ±1 standard deviation. Red markers 667 

identify the selected operating thresholds (IoU = 0.60, confidence = 0.126), corresponding to the 668 

maximum mean composite score across the five validation folds. 669 

 

 

Table 4. Detection performance obtained by five-fold cross-validation at the selected operating 670 

point (IoU = 0.60, confidence = 0.126). Results are reported as mean ± standard deviation across 671 
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the validation folds. Detection metrics correspond to instance-level matching, coverage metrics 672 

quantify spatial agreement, and the composite score 4summarizes both evaluation schemes. 673 

Metric Precision Recall F1-Score mAP50 

Detection 0.647 ± 0.015 0.690 ± 0.042 0.667 ± 0.024 0.603±0.030  

Coverage 0.839 ± 0.023 0.729 ± 0.055 0.779 ± 0.024  

Composite score (S) - - 0.723 ± 0.019  

Following cross-validation, a final detector was trained using the complete annotated 674 

dataset, retaining the selected operating epoch (epoch 75) and inference thresholds (IoU = 675 

0.60, confidence = 0.126). The final model was subsequently evaluated across all 21 676 

annotated Z-stacks to characterize its operational behavior. Because these data were also used 677 

for training, the reported values do not constitute an independent estimate of generalization. 678 

Instead, they characterize the performance of the final detector under the conditions 679 

represented in the annotated dataset. The model achieved slice-level mean F1-scores of 0.720 680 

± 0.080 and 0.808 ± 0.095 for the detection- and coverage-based evaluations, respectively, 681 

yielding a composite score of 0.764 ± 0.072 (Table 5).  682 

Runtime measurements were obtained on a workstation equipped with a 13th Gen Intel 683 

Core i9-13900KF processor, 128 GB RAM, and an NVIDIA RTX A5000 GPU with 24 GB 684 

VRAM. The average computation time was 70.3 ± 8.2 ms per slice (14.4 ± 1.6 slices/s), 685 

increasing to 180.9 ± 20.1 ms per slice (5.6 ± 0.6 slices/s) for end-to-end processing. 686 

Table 5. Slice-level detection performance and runtime statistics of the final model. Detection 687 

and coverage metrics are reported as mean ± standard deviation, with ranges in parentheses. 688 

Runtime statistics include both model computation time and end-to-end processing time 689 
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(Compute includes preprocessing, model inference, and post-processing, and end-to-end 690 

additionally accounts for data loading and result writing). 691 

Metric Value �789 0.651 ± 0.087 (0.138-0.917) Q789 0.819 ± 0.109 (0.098-1.000) 61 789 0.720 ± 0.080 (0.115-0.880) �:;< 0.835 ± 0.149 (0.130-0.995) Q:;< 0.803 ± 0.058 (0.396-0.943) 61 :;<  0.808 ± 0.095 (0.227-0.929) 4 0.764 ± 0.072 (0.349-0.895) 

Detections / slice 117.080 ± 77.413 (9.000–403.000) 

Compute (ms) 70.334 ± 8.233 (52.325–109.643) 

End-to-End (ms) 180.862 ± 20.068 (122.461–314.413) 

Compute (slices/s) 14.406 ± 1.631 (9.121–19.111) 

End-to-End (slices/s) 5.597 ± 0.627 (3.181-8.166) 

Substantial variability in the number of detections was observed across slices (117.1 ± 692 

77.4 detections per slice), reflecting differences in filament density, morphology, and 693 

structural complexity throughout the dataset (Table 5). Despite this heterogeneity, the slice-694 

level distributions of the detection, coverage, and composite metrics remain concentrated 695 

around their central values (Fig. 4), although noticeable variability remained across 696 

individual slices. A systematic difference is nevertheless observed between the two 697 

evaluation schemes, with detection exhibiting lower precision but higher recall than 698 

coverage. Consequently, the composite score 4 lies between the corresponding detection- 699 

and coverage-based F1-scores, providing a balanced summary of both instance-level 700 

localization and spatial agreement. The origin of these systematic differences is examined 701 

through representative examples in Fig. 5. 702 
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Figure 4. Distribution of slice-level performance metrics for the final detector across all 1,205 703 

annotated image slices. Violin plots summarize the distributions of detection and coverage 704 

precision, recall, and F1-score, together with the composite score 4. Dashed lines indicate the 705 

median and interquartile range (Q1–Q3). 706 

 

 

Figure 5. Representative examples of detection results across different slices. Ground-truth 707 

annotations are shown in red and model predictions in blue. Insets (I–IV) highlight local regions 708 

illustrating typical agreement and discrepancies between annotations and predictions, including 709 

curved filaments, overlapping detections, and small isolated structures. 710 

The observed reduction in detection precision arises from the interaction between the 711 

continuous nature of filamentous structures and the discrete constraints imposed by instance-712 

level evaluation. Filaments are represented as sequences of local OBBs, and multiple 713 
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geometrically valid configurations may describe the same underlying structure. However, 714 

evaluation is based on a one-to-one assignment between predictions and ground-truth 715 

annotations, such that only a single prediction can be matched to each annotated instance. As 716 

a result, additional predictions that correctly cover the filament are counted as false positives 717 

(FP), even when their overlap exceeds the IoU threshold (Fig. 5bI and 5cI). This effect is 718 

particularly evident in curved filaments, where several valid orientations and placements 719 

exist along the same structure (Fig. 5cI), leading to cases in which the number of predictions 720 

exceeds the number of annotations while still preserving correct spatial coverage. 721 

 Additional discrepancies arise from the geometric sensitivity of instance-level 722 

evaluation. Predictions that are spatially well localized but differ slightly in orientation or 723 

extent may fail to satisfy the IoU criterion, producing both an unmatched prediction (FP) and 724 

an unmatched annotation (FN) (Fig. 5dIII,dIV). Such differences frequently occur in regions 725 

affected by halo artifacts or local intensity variations that alter the apparent filament width. 726 

Other false positives originate from stain-like structures resembling filament fragments (Fig. 727 

5aII,dII) or from plausible filament segments omitted during manual annotation (Fig. 5bIII), 728 

particularly in low-contrast or partially defocused regions. Residual FNs are primarily 729 

associated with weakly visible filaments, structures spanning multiple focal planes, or 730 

detections removed by the confidence threshold (Fig. 5bII,c,dI). 731 

 In contrast, coverage-based evaluation assesses spatial agreement rather than one-to-one 732 

correspondence between instances. Consequently, duplicated detections along the same 733 

filament have only a minor influence on precision because they largely overlap the same 734 

spatial region. However, coverage metrics become more sensitive when FP detections occupy 735 
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relatively large areas. This occurs, for example, for isolated stain-like structures or large 736 

spurious OBBs (Fig. 5aII,dII), where the predicted support region increases despite the 737 

absence of a corresponding filament. Such detections generate a proportionally larger FP area 738 

than they do under instance-level evaluation. Nevertheless, these cases are relatively 739 

infrequent, as reflected by the consistently higher precision obtained with coverage-based 740 

evaluation compared with detection (Fig. 4 and Table 5). 741 

 Neither evaluation paradigm alone provides a complete assessment of filament detection 742 

performance. Instance-level detection metrics penalize redundant yet geometrically valid 743 

predictions through one-to-one matching, potentially underestimating performance for 744 

continuous filamentous structures. Conversely, coverage-based evaluation may achieve high 745 

scores despite fragmented or disconnected detections, provided sufficient spatial overlap is 746 

preserved. Consequently, relying on either metric in isolation may lead to misleading 747 

conclusions regarding detection performance. The proposed composite score (S) addresses 748 

this limitation by integrating instance-level localization and spatial coverage into a single 749 

measure, providing a balanced summary of both evaluation perspectives. 750 

Figure 6 presents qualitative results on image types not included during training to assess 751 

the transferability of the proposed detector. In Fig. 6a, the model is applied to mycelium 752 

images acquired at an intermediate magnification (×10), whereas training was performed 753 

exclusively using ×4 and ×20 images. Figures 6b–d further evaluate the detector on plant 754 

roots, fiber-like cells, and retinal vessels. Across all cases, the predicted OBBs consistently 755 

follow elongated and branching structures, preserving their local orientation and continuity 756 

despite differences in imaging modality, scale, and biological domain. Most discrepancies 757 
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occur in densely connected regions or thin, low-contrast structures, where redundant 758 

detections or isolated FPs are occasionally observed. Although qualitative, these results 759 

suggest that the learned representation captures general geometric properties of filamentous 760 

networks and may be transferable to related biological and biomedical imaging applications. 761 

Figure 6. Qualitative detection results in unseen image datasets. Predicted OBBs (blue) are 762 

overlaid on the input images. (a) Mycelium (×10 objective). (b) Plant roots. (c) Fiber-like cells. 763 

(d) Retinal vessels. Insets show representative local detections. 764 

 765 

4.3 Focus classification and depth consistency 766 

The relevance of the proposed features was first assessed through the distribution of logistic 767 

regression coefficients across cross-validation folds (Fig. 7a). Features with substantial 768 

contributions to the logistic-regression model were distributed across multiple descriptor 769 

families. In particular, the directional derivative features μ∣∂I/∂n∣ , μ∣∂2I/∂t2∣ , and 770 
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E∂2I/∂n2  exhibit consistently high coefficients, comparable to or exceeding those of classical 771 

focus measures such as 4�� , and σ∇2I2 . These results suggest that orientation-aware 772 

derivatives contain substantial focus-related information, with contributions comparable to 773 

those of several classical focus measures. 774 

The correlation matrix (Fig. 7b) revealed a clear block structure consistent with the 775 

feature categories. Several directional derivatives and classical focus measures exhibited 776 

strong intra- and inter-group correlations, indicating substantial overlap in the local edge- 777 

and sharpness-related information captured by these descriptors. In contrast, the spectral 778 

descriptors showed lower correlations with the directional features, particularly (DI), while 779 

the intensity descriptor (_C) remained weakly correlated with all other features outside the 780 

intensity group. These observations indicate that combining directional, spectral, and 781 

intensity descriptors is more likely to provide complementary information than combining 782 

multiple highly correlated features from the same category. 783 

Figure 7. Feature relevance and correlation analysis: a) Absolute logistic regression coefficients 784 

across folds for all features, grouped by category (Table 2). Gray bands highlight the subset of 785 

features selected as the most relevant within each category for subsequent triplet construction. 786 

b) Pairwise Pearson correlation matrix showing intra- and inter-group relationships. Gray-787 

highlighted rows and columns correspond to the same subset of selected features identified in a). 788 
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 789 

Based on these observations, six cross-category feature triplets were constructed by 790 

combining representative directional, spectral, and intensity descriptors. In addition, a control 791 

triplet composed of highly ranked but correlated descriptors was evaluated to assess the effect 792 

of feature redundancy. Among the evaluated representations (Table 6), the triplet combining 793 _∣�2C/�U2∣, Q/I(15), and _Cachieved the highest validation ROC-AUC (0.952) and PR-AUC 794 

(0.945), indicating the strongest threshold-independent discrimination. In contrast, the 795 

combination of _∣�C/�U∣ , Q/I(15) , and _C  achieved the highest validation F1-score (0.851), 796 

with a precision of 0.749 and a recall of 0.986.  797 

Based on its validation F1-score, the triplet _∣�C/�U∣ + Q/I(15) + _Cwas selected as the final 798 

focus representation. Its combination of directional, spectral, and intensity information 799 

provided the best balance between precision and recall among the evaluated candidates. In 800 

contrast, the control triplet (_|�C/�U|, _|�2C/�92|, ML),  composed of individually relevant but 801 

correlated descriptors achieved a lower validation F1-score of 0.721, supporting the benefit 802 

of combining complementary sources of focus-related information while limiting feature 803 

redundancy.  804 
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Table 6.  Performance of focus descriptor triplets evaluated using P, R, F1, ROC-AUC, and 805 

PR-AUC. The best values for each metric are shown in bold. The triplet selected for subsequent 806 

analysis is indicated by bold text in the first column. 807 

 Train Valid 

 P R F1 ROC PR P R F1 ROC PR 

_|�2C/�U2|, Q/I(15), _C 0.654 0.895 0.755 0.773 0.744 0.697 0.992 0.819 0.952 0.945  |¡¢/¡£|, ¤¥¦(�§),  ¢ 0.681 0.899 0.775 0.795 0.749 0.749 0.986 0.851 0.948 0.941 _|�2C/�92|, Q/I(15), _C 0.593 0.915 0.720 0.704 0.678 0.576 0.997 0.730 0.934 0.925 _|�C/�U|, DI , _¨ 0.670 0.838 0.745 0.807 0.796 0.701 0.928 0.798 0.892 0.889 _|�2C/�U2|, D6, _C 0.651 0.844 0.735 0.789 0.773 0.647 0.922 0.76 0.856 0.848 _|�2C/�92|, D6, _C 0.605 0.953 0.740 0.671 0.625 0.562 1.000 0.719 0.833 0.750 _|�C/�U|, _|©2¨/©ª2|, ML 
0.599 0.936 0.730 0.692 0.674 0.564 0.999 0.721 0.888 0.845 

For the selected triplet, the two-component PCA representation captured 94.74% of the 808 

variance in the standardized feature space, with PC1 and PC2 explaining 60.94% and 809 

33.80%, respectively. As shown in Table 7, PC1 exhibited comparable positive loadings for 810 

the normal gradient (0.709) and high-frequency ratio (0.704), with a substantially smaller 811 

contribution from mean intensity (0.050). In contrast, PC2 was predominantly associated 812 

with mean intensity, with a loading of 0.989. 813 

The selected PCA-based focus representation was subsequently applied to the ×10 814 

validation data without refitting. Threshold sensitivity analysis identified a calibrated 815 

operating threshold of u = −0.224, yielding an F1-score of 0.90, with a precision of 0.86 816 

and a recall of 0.94 (Fig. 8a). The ROC and precision–recall curves further show that the 817 

continuous focus score maintained discriminative performance across acquisition objectives 818 

(Fig. 8b,c), with ROC-AUC values of 0.756, 0.948, and 0.921 and PR-AUC values of 0.746, 819 

0.941, and 0.923 for the ×4, ×10, and ×20 datasets, respectively. 820 
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Figure 8. Performance and operating-threshold calibration of the selected PCA-based focus 821 

representation. (a) Precision, recall, and F1-score as a function of the decision threshold on the 822 

×10 validation dataset. The dashed vertical line indicates the calibrated operating threshold (u =823 −0.224) selected by maximizing the F1-score. (b) Receiver operating characteristic (ROC) 824 

curves and (c) precision–recall (PR) curves for the combined ×4–×20 model-development data 825 

and the objective-specific datasets. Markers indicate the operating points obtained using the 826 

calibrated threshold. 827 

 828 

The continuous focus representation showed objective-dependent discriminative 829 

performance (Fig. 8b,c). The ×4 dataset achieved lower ROC-AUC (0.756) and PR-AUC 830 

(0.746) than the ×20 (0.921 and 0.923, respectively) and ×10 (0.948 and 0.941, respectively) 831 

datasets. The lower performance observed at ×4 is consistent with the reduced spatial detail 832 

available at lower magnification, where filament-associated OBB patches are represented by 833 

fewer pixels and fine intensity variations may be less pronounced. In contrast, the higher and 834 

comparable performance obtained for the ×10 and ×20 datasets indicates that the selected 835 

focus representation remains discriminative across these imaging magnifications. The 836 

inclusion of the more challenging ×4 data in the model-development dataset also contributed 837 

to lower aggregate development performance relative to the ×10 validation results. 838 

Table 7. Parameters of the selected PCA-based focus model 839 

Component Symbol Value 

Features ) [_|�C/�U|,  Q36(15), _¨] μIStandardization _b  ±  𝜎b 0.564 ± 0.300 0.064 ±0.059 0.447 ± 0.093 

PC1 [0.709, 0.704, 0.050] 0.7080.7080.458
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The parameters of the final focus model are summarized in Table 7. Feature-840 

standardization statistics, PCA components, explained-variance ratios, component weights, 841 

orientation signs, and score-standardization statistics were estimated from the ×4 and ×20 842 

model-development data. The final operating threshold was subsequently calibrated on the 843 

×10 validation dataset, yielding u = −0.224.  844 

The distribution of the normalized focus scores further illustrates the relationship 845 

between the continuous focus representation and the annotated focus classes (Fig. 9). 846 

Defocused samples were predominantly associated with lower score values, whereas focused 847 

samples were shifted toward higher values. The partial overlap between the two distributions 848 

reflects the gradual variation in filament sharpness across adjacent optical sections, consistent 849 

with modeling focus as a continuous property of filament appearance. The calibrated 850 

threshold u = −0.224 provides the operating boundary used to convert this continuous 851 

representation into the binary focus labels required for depth-aware filtering. 852 

Figure 9. OBB patches ordered by increasing focus score for the triplet  _|�C/�U|,  Q/I(15), _C . 853 

Lower scores correspond to out-of-focus regions, while higher scores indicate sharper filament 854 

structures. 855 

 856 

4.4 Three-dimensional reconstruction and temporal evolution 857 

PCA components PC2 [0.061, −0.132, 0.989 ] 0.7080.00090.760
Explained variance ratio λb 0.609,0.338 

PC weights used in score ωb 0.643,0.357 

PC orientation signs V0ijb [1 −1] 
Score statistics _q  ±  𝜎q 0.000 ± 0.941 

Threshold u -0.224 
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The proposed pipeline was tested on a separate 25-hour time-lapse experiment 858 

comprising 48 Z-stacks acquired at approximately 30-min intervals using a ×10 objective. 859 

The time-lapse data were not used for OBB detector training. As described in Section 3.5, 860 

the first time point was used to evaluate the fixed PCA-based focus representation and 861 

calibrate the ×10 operating threshold. Representative reconstructions at 0, 9, 16, and 25 h are 862 

shown in Fig. 10a, illustrating the temporal evolution of the reconstructed filamentous 863 

structure. The complete time-lapse reconstruction is provided in Additional file 2: Video S1, 864 

while an additional application to a more structurally complex fungal network is shown in 865 

Additional file 1: Fig. S2.  866 

Figure 10. Three-dimensional reconstruction and temporal evolution of filament structures. 867 

(a) OBB-based three-dimensional reconstructions at representative time points (0, 9, 16, and 25 h), 868 

illustrating the temporal evolution of the filamentous structure. Colors indicate reconstructed depth 869 

along the z-axis. (b) Qualitative comparison between the OBB-based three-dimensional 870 

reconstruction (color-coded) and a manual segmentation of the complete filamentous structure 871 

(orange) at the final time point. Insets show representative microscopy images from planes 36, 94, 872 

and 151, illustrating portions of the structure located at distinct axial positions within the Z-stack. (c) 873 

Raw bright-field microscopy image from plane 151 of the final Z-stack, showing the original image 874 

data corresponding to the reconstructed structure. 875 
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 876 

The reconstructed OBBs captured the temporal evolution of the fungal structure while 877 

preserving its three-dimensional spatial organization across successive Z-stacks (Fig. 10a). 878 

At the final time point, the reconstruction showed spatial trajectories consistent with the 879 

manual segmentation (Fig. 10b), while the depth-coded representation revealed the axial 880 

distribution of filament fragments. Focus-aware filtering reduced defocused detections, 881 

yielding a coherent volumetric representation that facilitates the distinction between filament 882 

crossings and branching structures. Residual discrepancies were mainly observed in low-883 

contrast regions and areas of uneven illumination, as illustrated by the raw microscopy image 884 

(Fig. 10c). Although explicit connections between neighboring OBBs were not established, 885 

incorporating local spatial and geometric context in a future connectivity analysis could 886 

enable more selective removal of false-positive detections while preserving structurally 887 

consistent filament fragments. 888 
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Table 8. ATOR and spatial randomization controls. Original ATOR values are compared with 889 

the mean ± standard deviation obtained from 100 random XY translations of 25–50 µm. Results are 890 

reported for axial tolerances of 0–35 µm and minimum OBB overlap criteria of 10%, 20%, and 30%. 891 

 ���Q ≥10% ���Q ≥20% ���Q ≥ 30% 

Axial tolerance 

(um) 

Original 

(%) 

Control mean ± 

SD (%) 

Original 

(%) 

Control mean ± 

SD (%) 

Original 

(%) 

Control mean ± 

SD (%) 

0 30.35 4.35 ± 3.12 27.70 3.15 ± 2.40 24.63 2.12 ± 1.82 

5 40.30 6.44 ± 4.34 38.27 4.91 ± 3.48 35.20 3.45 ± 2.76 

10 48.40 8.20 ± 5.46 46.33 6.39 ± 4.47 43.64 4.54 ± 3.58 

15 56.46 9.79 ± 6.52 54.29 7.70 ± 5.38 51.15 5.52 ± 4.36 

20 63.80 11.28 ± 7.52 61.56 8.96 ± 6.27 58.15 6.41 ± 5.10 

25 69.79 12.63 ± 8.40 67.55 10.07 ± 7.03 64.17 7.20 ± 5.72 

30 74.06 13.82 ± 9.10 72.24 11.00 ± 7.67 68.65 7.86 ± 6.23 

35 77.23 14.77 ± 9.64 75.75 11.75 ± 8.14 71.96 8.39 ± 6.62 

Quantitative evaluation of the reconstructed filament distribution yielded a global pixel-892 

wise recall of 0.9284, indicating substantial coverage of the manual annotations by focused 893 

OBB predictions. The ATOR further assessed the spatial correspondence of individual 894 

predictions across neighboring optical sections (Table 8). At zero axial tolerance, ATOR 895 

ranged from 24.63% to 30.35% across the three overlap criteria, increasing to 71.96–77.23% 896 

at ±35 µm. At ±35 µm and a minimum overlap threshold of 20%, the original reconstruction 897 

achieved an ATOR of 75.75%, substantially exceeding the randomized control with XY 898 

displacements of 25–50 µm (11.75 ± 8.14%), a difference of 64.00 percentage points. None 899 

of the 100 randomized trials reached the observed value (one-sided empirical Monte Carlo 900 

test, p = 0.0099). Larger displacement ranges of 50–100 µm and 100–200 µm yielded even 901 

lower overlap rates of 6.03 ± 4.26% and 2.59 ± 2.35%, respectively (Additional file 1: Tables 902 

S2, S3). These results demonstrate that the reconstructed filament distribution exhibits 903 

substantially greater spatial correspondence with manual annotations than the randomly 904 



 46 of 57 

 

displaced controls, although explicit topological connectivity between neighboring OBBs 905 

remains unresolved. 906 

4. Discussion  907 

The reconstruction of filamentous structures from microscopy images presents challenges 908 

that are not adequately addressed by conventional object detection or segmentation 909 

frameworks. Unlike compact objects, filamentous structures are continuous, anisotropic, and 910 

frequently exhibit low contrast, overlap, and poorly defined boundaries. In this work, these 911 

challenges are addressed by representing local filament fragments as OBBs, rather than 912 

binary masks or axis-aligned bounding boxes. By explicitly encoding position, orientation, 913 

and scale, OBBs provide a compact geometric representation that is naturally adapted to 914 

elongated structures and facilitates downstream processing, including focus estimation and 915 

three-dimensional reconstruction. Although demonstrated on fungal structures, the proposed 916 

representation is not specific to this application and may provide a useful representation for 917 

other filamentous biological systems, including vascular, neuronal, and plant root networks. 918 

     Unlike conventional object detection tasks, filamentous structures admit multiple valid 919 

OBB decompositions, complicating the interpretation of standard detection metrics. 920 

Although oriented object detection has been extensively studied across diverse applications 921 

(64), differences in object geometry, image characteristics, and annotation strategies limit 922 

direct performance comparisons. Nevertheless, to contextualize the obtained mAP50 of 923 

60.30%, previous studies have reported values above 90% on HRSC2016 (65) and 924 

approximately 35–45% on the more challenging FAIR1M dataset (66). These comparisons 925 

illustrate the variability of detection performance across domains rather than establish a direct 926 

benchmark for fungal filaments. Consequently, complementary instance-level and spatial-927 

coverage evaluations provide a more comprehensive characterization of filament detection 928 

performance. 929 
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A second contribution of this work concerns the formulation of focus estimation as a 930 

continuous, data-guided focus representation. Classical SFF methods rely on selecting a 931 

predefined focus operator and evaluation window, both of which strongly influence 932 

reconstruction quality and require careful parameter tuning. In contrast, the proposed 933 

framework replaces fixed windows with OBB-aligned patches that adapt to the geometry and 934 

orientation of each detected filament fragment. Rather than relying on a single focus operator, 935 

complementary directional, spectral, and intensity descriptors are integrated into a 936 

continuous focus score using PCA. This formulation models focus as a gradual property of 937 

filament appearance rather than a binary state, reliance on a single focus operator and 938 

providing a geometry-aware focus representation that transferred across acquisition 939 

objectives while allowing objective-specific calibration of the operating threshold. This 940 

distinction differentiates the proposed approach from previous microscopy-based 941 

reconstruction frameworks based on conventional SFF formulations. 942 

Despite these encouraging results, several limitations remain. The proposed framework 943 

relies on manually annotated OBBs and focus labels, making dataset construction labor-944 

intensive and introducing a degree of subjectivity, particularly near focal transitions where 945 

binary focus labels may be ambiguous. Evaluation also remains challenging because 946 

conventional object-detection and segmentation metrics do not fully capture the 947 

characteristics of continuous filamentous structures, for which multiple geometrically 948 

plausible OBB representations may exist. The coverage-based metric complements one-to-949 

one instance matching by quantifying spatial agreement, while the composite score integrates 950 

both perspectives; however, neither directly measures structural or topological reconstruction 951 

accuracy, which should be addressed in future evaluation strategies. 952 

The quantitative spatial evaluation provided additional evidence of correspondence 953 

between the reconstructed filament distribution and manual annotations. The increase in 954 

ATOR with axial tolerance is consistent with the annotation procedure, in which filament 955 
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fragments were labeled at their selected best-focus planes despite remaining visible across 956 

neighboring optical sections. Furthermore, the substantially higher overlap rates observed for 957 

the original reconstruction compared with spatially randomized controls support the spatial 958 

specificity of the predictions. Nevertheless, ATOR evaluates correspondence within a 959 

predefined axial neighborhood rather than absolute depth accuracy, and the evaluation was 960 

limited to a single Z-stack. The absence of independent three-dimensional ground truth and 961 

explicit connectivity between neighboring OBBs therefore remains a limitation for 962 

evaluating geometric and topological reconstruction accuracy. 963 

Establishing explicit filament connectivity would substantially extend the biological 964 

applicability of the framework. Once reconstructed structures are connected into three-965 

dimensional graphs, and temporal correspondence is established across successive time 966 

points, they could support the identification of branches and tips, characterization of path 967 

geometry, and quantitative analysis of changes in network architecture over time. Such 968 

representations could enable measurements of filament growth, branching dynamics, and 969 

structural responses to environmental conditions, providing a basis for studying fungal 970 

organization in both space and time. 971 

6. Conclusions 972 

This work presents a data-driven framework based on YOLO-OBB detection for the three-973 

dimensional reconstruction of filamentous structures from bright-field microscopy. 974 

Developed and evaluated using the arbuscular mycorrhizal fungus Rhizophagus irregularis, 975 

the detector also demonstrated qualitative applicability to other biological images containing 976 

similar filamentous morphologies. By integrating orientation-aware detection with 977 

continuous focus modeling for depth estimation, the framework enabled three-dimensional 978 

reconstruction of fungal structures throughout a 25-hour time-lapse experiment. Quantitative 979 

evaluation yielded a global pixel-wise recall of 0.9284 and an axial-tolerant overlap rate 980 
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(ATOR) of 75.75% at ±35 µm with a minimum overlap criterion of 20%, substantially 981 

exceeding the spatially randomized controls. These findings support the potential of OBB-982 

based representations for automated three-dimensional analysis of filamentous biological 983 

structures. Although explicit topological connectivity remains unresolved, the proposed 984 

framework provides a foundation for future quantitative investigations of fungal network 985 

architecture and growth dynamics. 986 
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