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Abstract 14 
Fiber length distribution (FLD), in part, governs mechanical properties in discontinuous fiber 15 
composites, yet manual measurement methods limit the high-throughput characterization needed 16 
for materials design optimization. This study compares deep learning segmentation approaches for 17 
automated FLD measurement in large-field microscopy, evaluating how method choice affects the 18 
microstructural descriptors used in structure-property-processing relationships. A critical 19 
challenge is that high-resolution microscopy images (10,000 x 10,000 pixels) must be tiled for 20 
deep learning analysis, fragmenting fibers at boundaries. We demonstrate that segmentation 21 
method proves crucial for measurement accuracy. For example, instance segmentation with Slicing 22 
Aided Hyper Inference (SAHI) preserves individual fiber integrity across tiles while semantic 23 
segmentation prioritizes speed. Comparing against manual measurement of extracted carbon 24 
fibers, YOLOv11-SAHI matched manual ground truth (238 𝜇𝑚 weighted mean) with 40x speedup 25 
(4.5 vs 167 minutes per image). U-Net provides rapid quantification although it is at the cost of 26 
reduced accuracy due only reliably measuring stand-alone fibers. Our comparative analysis reveals 27 
that instance segmentation with SAHI better preserves length measurements while semantic 28 
segmentation prioritizes speed, providing empirical guidance for method selection. The 29 
characterization provides essential inputs for mechanical property prediction models and inverse 30 
design workflows, accelerating composite materials development cycles. 31 
 32 
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Highlights 36 

• Large-format AM fiber characterization enabled by tiled image processing 37 
• Comparison of DL segmentation effects on fiber distribution metrics 38 
• Instance segmentation maintains accuracy; semantic offers speed 39 
• Foundation for open-source, standardized fiber measurement across material systems 40 

 41 
1. Introduction 42 
1.1 Additive Manufacturing  43 
Polymer-based additive manufacturing (AM) consists of the layer-wise deposition of material to 44 
construct three-dimensional objects. Guided by computer-aided designs, the manufacturing 45 
technique aids in the construction of parts that consist of complex geometries not possible by 46 
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traditional manufacturing methods. AM has been rapidly adopted for prototyping, innovation, and 47 
development of parts for the automotive, aerospace, and energy sectors [1], [2], [3], [4]. Large-48 
format additive manufacturing (LFAM) is of significant interest in these fields due to its ability to 49 
offer rapid prototyping and design flexibility without requiring expensive molds and tooling.  50 
 51 
1.2 Residual Fiber Length in Composite Material Design 52 
Fiber length distribution (FLD) is a critical microstructural descriptor that governs mechanical 53 
properties of discontinuous fiber-reinforced polymers (FRPs). FRPs are made from a polymer 54 
matrix combined with fibers, such as carbon, glass, or natural fibers. These composite materials 55 
enable significant weight reduction without compromising performance by leveraging the low 56 
density of polymers with the high strength and stiffness of the fiber reinforcement [2]. Load 57 
transfer between the matrix and reinforcement depends on fiber length relative to the critical fiber 58 
length, typically ~6 millimeters for carbon fiber. Fibers above this threshold can reach their 59 
ultimate strength, while shorter fibers provide diminished reinforcement [5]. Since manufacturing 60 
processes produce a distribution of fiber length, rather than scalar values, characterizing the 61 
complete FLD becomes essential for accurate property prediction [6]. 62 
 63 
Processing-induced fiber breakage presents a fundamental challenge in composite manufacturing. 64 
Value-added fibers play a large role in the minimization of final part distortion while also 65 
increasing strength [7]. In screw-extrusion processes (Figure 1), such as LFAM and injection 66 
molding, previous work has shown that shear-inducing processing parameters (i.e. screw speed, 67 
temperature, screw geometry, nozzle diameter) directly relate to the reduction of fiber length [8], 68 
[9], [10], [11]. Previous work demonstrates that polymer mixing can significantly reduce fiber 69 
length, shortening 6 mm chopped fibers (aspect ratio ~833) to aspect ratios as low as 1-20 during 70 
extrusion [12]. This fiber damage creates a complex relationship between manufacturing 71 
parameters and final microstructure [13]. For example, increase in extrusion speed can lead to 72 
reduced fiber length resulting in decreased elastic modulus and tensile strength [14]. Furthermore, 73 
changes in fiber length, orientation, and dispersion can directly lead to anisotropic properties of 74 
the final part [15]. Understanding and controlling residual fiber length, the final length distribution 75 
after processing, is therefore essential for composites optimization. The trade-off between 76 
manufacturability and performance makes accurate FLD measurement critical for establishing 77 
process-structure-property relationships and enabling data-driven design approaches in composite 78 
development for LFAM. 79 

 80 
Figure 1: Extrusion process results in a reduction of fiber length. Presented is a simplified depiction of the material 81 
extrusion process where pellets contain fibers with length l. After being processed, the extrudate contains fibers of 82 
length < l due to, in part, shear forces and thermal degradation.  83 
 84 
1.3 Measurement of Residual Fiber Length 85 
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The methods of measurement of fiber length can be labor-intensive, costly, and lack consistency. 86 
The imaging phase of the process requires multiple steps, making the entire process difficult to 87 
scale and time-consuming [14]. A small sample may contain millions of fibers, yet typically only 88 
2000 fibers are used to represent a part. In practice, this only represents a narrow section of the 89 
part’s spatial domain, limiting a comprehensive understanding of fiber properties across the entire 90 
structure. Current techniques predominantly rely on manual analysis, utilizing software like 91 
ImageJ for human identification and measurement of fibers. As a result, the measurement of 2000 92 
fibers can take 2-4 hours to complete and becomes highly uncertain. Additionally, the geometric 93 
characteristics of fiber pose different measurement challenges. Straight, non-overlapping, and 94 
short fibers (< 1mm) are straightforward due to the small profile and low variance. Analyses 95 
become much more difficult the denser the fibers are clustered and the longer the fibers. This is in 96 
part because longer fibers have a much higher likelihood of overlapping and curving.  97 
 98 
In the past, there have been several different attempts to automate the fiber measurement process 99 
[16], [17], [18], [19]. Commercial systems like FASEP combine specialized optical hardware with 100 
proprietary image processing software, offering reproducible results but with associated cost and 101 
accessibility constraints. Open-source alternatives such as CT-FIRE provide transparent 102 
methodologies and employ curvelet transforms but are optimized for biological collagen fibers 103 
rather than composite materials. Deep learning has recently emerged as a promising approach, 104 
with recent work demonstrating successful fiber segmentation and microstructure characterization 105 
[20], [21]. A method tailored specifically to the needs of the composites space could prove to be 106 
valuable. Currently, a major limiting factor in open-source measurement processes is the inability 107 
to capture fibers in dense, large images. 108 
 109 
Large-field composites microscopy generates images of sizes that can exceed 10,000 x 10,000 110 
pixels. This necessitates tiling strategies to make input image processable by deep learning 111 
methods. However, as a result fiber can be split between tiles resulting in a single fiber being 112 
broken up and causing the same fiber to be counted multiple times or missed entirely. The impact 113 
of segmentation approach on maintaining fiber integrity across tiles has not been systematically 114 
evaluated for materials research. 115 
 116 
Beyond 2D optical methods, advanced X-ray computed tomography (CT) approaches enable 117 
three-dimensional fiber characterization. Previous work has demonstrated 3D fiber segmentation 118 
using X-ray μCT, providing complete spatial information about fiber orientation and length within 119 
composite volumes [22]. Additional work has been conducted for fiber segmentation using deep 120 
learning [23], [24]. While X-ray CT methods offer superior 3D information, they require 121 
specialized equipment, longer acquisition times, and extensive computational resources for 122 
reconstruction and analysis. In contrast, 2D optical microscopy of matrix-removed samples 123 
remains the common practice due to its accessibility and standardized procedures according to 124 
ASTM D3171 [25].  125 
 126 
1.4 Deep Learning Application to Additive Manufacturing 127 
Deep learning (DL) is a subset of artificial intelligence where algorithms modeled loosely after the 128 
human brain learn from the data provided to them. DL models expressly use neural networks, 129 
which excel at identifying complex patterns and making predictions or decisions based on their 130 
“learning.” A key advantage of these models is their ability to extract and learn features directly 131 
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from data, eliminating the need for feature engineering [26]. Convolutional neural networks 132 
(CNNs) have revolutionized image-based tasks such as image classification [27], [28], semantic 133 
segmentation [29], [30], object detection, [31], and instance segmentation [32]. Within these 134 
networks, convolutions are used to generate feature maps, which are representations that refine 135 
important aspects of an input image, such as edges. These convolutional operations can be stacked 136 
to capture the complex spatial patterns contained within images.  137 
 138 
Image-based CNN methods can be categorized into two broad categories: semantic segmentation 139 
and instance segmentation. The goal of a general segmentation task is the classification of pixels 140 
into pre-defined groups of object classes. Semantic segmentation is a method for labeling each 141 
pixel in an image with a class but not creating a distinction between individual objects (Figure 2, 142 
middle panel).  Alternatively, instance segmentation is a method for classifying each pixel into a 143 
category but also distinguishing between different instances of the same object classes (Figure 2, 144 
right panel).  145 
 146 

 147 
Figure 2: Comparison of segmentation methods. Semantic segmentation allows for the identification of the object in 148 
a class, but instance segmentation can differentiate between objects of the same class. 149 
 150 
The application of DL for machine vision and image-based tasks in AM is rapidly increasing, with 151 
use cases focused on predicted stress-strain behavior, property prediction, process optimization, 152 
and in-situ monitoring for reliable resultant products [33], [34], [35]. The implementation of DL 153 
has been more prevalent in metal AM. A factor contributing to this is the vast investment from the 154 
aerospace, automotive, and biomedical industries into powder-bed AM technologies [36].  155 
A recent 2023 review highlighted several ongoing advancements in applying machine learning to 156 
polymer-AM [33]. The execution of these methods is complicated due to the sensitivity and 157 
variability of polymer materials, complex material-parameter interactions, and limited training 158 
data [33]. Despite notable obstacles, imaged-based learnings are rapidly being published in this 159 
field. Image-based methods have demonstrated reliable prediction and correction of over/under 160 
material extrusion [37] and defect detection [38]. Non-imaged-based applications for polymer AM 161 
include defect detection [39], [40], [41], delamination [42], [43], and microstructure prediction 162 
[44]. Furthermore, non-image-based applications continue to grow rapidly such as for predicting 163 
mechanical behaviors of biopolymers [45] and print parameter optimization [46].  164 
 165 
The segmentation methods presented in the paper are applicable to residual fiber analysis from 166 
any discontinuous composite manufacturing process. We demonstrate their application in AM 167 
contexts. Accurate automated measurement is critical for rapid quality-control feedback and for 168 
quantifying process-induced fiber breakage during print process optimization. 169 
 170 
1.5 Challenges for Deep Learning and Large-Field Microscopy 171 
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DL applications in materials science and additive manufacturing face unique data challenges that 172 
distinguish them from traditional computer vision domains. A 2025 review of DL for AM identified 173 
managing limited, imbalanced, and noisy data as critical challenges, recommending deep 174 
generative models and few-shot learning as promising solutions [47]. These challenges are 175 
particularly an issue in microscopy-based characterization where data acquisition costs are 176 
prohibitive, and sample preparation is destructive. These conditions necessitate tailored strategies 177 
for data availability, as reflected in field-wide dataset sizes. The precedent for such strategies was, 178 
in part, established by the seminal U-Net paper, which achieved breakthrough biomedical 179 
segmentation performance using only 30 training images [48]. This work demonstrated that limited 180 
microscopy datasets can be sufficient when data augmentation is properly leveraged.  181 
 182 
A literature review found that 67% of materials science ML datasets contain fewer than 1000 183 
samples, with 57% containing fewer than 500 samples [49]. Recent successes demonstrate 184 
effective strategies for limited data. Expert-level segmentation has been achieved by using only 5-185 
8 images per microstructural feature through few-shot learning [50]. Similarly, Mask R-CNN has 186 
been used for microstructure classification with limited training data, validating these approaches 187 
can succeed in materials science despite data constraints [51],[52].  188 
 189 
In fiber analysis specifically, Kurkin et al. demonstrated that 37 real images combined with 190 
synthetic augmentation could achieve quality results, validating that augmentation strategies can 191 
effectively extend small datasets for fiber segmentation tasks [20]. Building on these successes, 192 
important questions for practical implementation include how different segmentation methods 193 
affect the resulting distribution measurements and how to maintain fiber integrity across tile 194 
boundaries in large-field microscopy.  195 
 196 
Recent advances in large-field microscopy segmentation have addressed fundamental challenges 197 
in automated fiber characterization. Domain-specific pre-training has proven to be key [53], while 198 
few-shot learning has achieved expert-level segmentation with minimal data [54]. Synthetic data 199 
generation through physics-informed models has been able to address aforementioned data scarcity 200 
in materials science [54]. Tiled-based inference methods enable processing of large images despite 201 
GPU memory constraints [55], though maintaining fiber integrity across boundaries of complex 202 
scenes remains challenging [56], [57].  203 
 204 
Methods that balance computational constraints (image size) with measurement precision while 205 
minimizing training data represent critical steps needed for automated characterization of FLD. 206 
The objectives of this study are to 1) Compare how different deep learning segmentation 207 
approaches (instance vs. semantic) affect fiber length distribution measurements, providing 208 
empirical guidance for method selection based on specific characterization needs, 2) Demonstrate 209 
the feasibility of automated fiber analysis in large-field tiled microscopy, exploring challenges of 210 
maintaining fiber integrity across tile boundaries. 3) Enable rapid process-structure-property 211 
mapping for composite material design by achieving measurement speeds suitable for high-212 
throughput characterization. 213 
 214 
2. Material and Methods 215 
2.1 Fiber Isolation, Imaging, and Manual Measurement 216 
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All fiber isolation and imaging techniques below are referenced from Rhodes et al. [58]. Briefly, 217 
this process can be summarized in four parts (Figure 3). First, circular composite coupons that 218 
have a diameter at least twice the length of the longest possible fiber are extracted from a final 219 
part. Next, the extracted coupon undergoes constrained removal of the matrix material via burn-220 
off or acid digestion. The fibers are then isolated and down-sampled. Care is taken to try to obtain 221 
fibers only from the center of the coupon to avoid any that may have been broken during coupon 222 
extraction. Finally, the fibers are then dispersed and imaged via optical microscopy. 223 
 224 

 225 
Figure 3: Fiber sample acquisition and imaging process. The material extrudate was obtained and the fibers were 226 
isolated by constrained removal of matrix material. These fibers were subsequently dispersed and imaged with 227 
optical microscopy. Figure adapted from [58]. 228 
 229 
Micrographs were obtained using VHX-5000 digital microscope (Keyence Corporation of 230 
America, Itasca, IL) at 50x magnification and a polarized lens to enhance contrast and visibility of 231 
the fibers. The microscope’s automated stitching function was used to capture the entire slide area, 232 
generating full-field images of approximately 10,000 x 10,000 pixels at 0.225 pixels / 𝜇𝑚. Images 233 
were saved in lossless PNG format to preserve detail for segmentation. 234 
 235 
The result is a high-resolution image of the extracted fibers. To serve as the ground truth for the 236 
remainder of the work, these fibers were manually identified using Image-J. To assess 237 
measurement consistency and quality, two independent operators performed manual 238 
measurements on the test image. Inter-operator comparison revealed excellent agreement with 239 
mean difference of 3.19 𝜇𝑚 (1.83%) and length-weighted mean difference of 3.33 𝜇𝑚 (1.38%), 240 
demonstrating that fiber identification and measurement is reproducible across operators 241 
(Supplementary Table S1).  A zoomed-in subsection of an image can be seen in Figure 4, A and B. 242 
It is important to note that burn-off and acid digestion methods, while standard for fiber length 243 
measurement, inherently destroy the polymer matrix and original fiber architecture. This process 244 
eliminates spatial orientation information for additional mechanical property prediction. 245 
 246 
2.2 Model Training 247 
To train the deep learning models, two custom datasets were generated. One for the instance 248 
segmentation method and another for the semantic method. The dataset consisted of the same 249 
images.  250 
 251 
2.2.1 Training Set Development 252 
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First, a dataset was created for the semantic image segmentation process. Images were manually 253 
segmented using GIMP (v2.10.34) and represented pixel-wise identification of fibers. The dataset 254 
consisted of 29, 1000 x 1000-pixel images (Figure 4A: left). The result is an image tile coupled 255 
with a binary mask resulting in 1044 tiles of size 160 x 160 pixels. A separate dataset, consisting 256 
of the same images, was generated for the instance segmentation process images (Figure 4A). 257 
Images were tiled and bounding boxes and segmentations were manually annotated with CVAT. 258 
The result was ~2000 annotated 160 x 160-pixel images representing ~9000 unique fiber instances. 259 
The images are coupled with a JSON file describing the annotated information i.e. segmentation 260 
and bounding box locations. 261 
 262 
All manual annotations were performed by a single experienced operator to ensure consistency 263 
across the training dataset. Clear guidelines were established for fiber boundary identification, with 264 
ambiguous cases (e.g., touching fibers, partial fibers at image edges) handled according to 265 
predetermined rules. While using a single annotator eliminates inter-annotator variability, we 266 
validated annotation quality through comparison with independent manual measurements 267 
(Supplementary Table S1), which showed excellent inter-operator agreement. 268 
 269 
2.2.2 Data Augmentation  270 
Since hand segmentation is labor intensive, few-shot learning is used to break each image into 271 
additional training samples, or tiles [59]. This method is powerful for up-sampling manually 272 
annotated images to generate a larger dataset. This method of data augmentation is accomplished 273 
by modifying samples at random with horizontal and vertical flips, color modification (brightness, 274 
contrast, hue, and saturation changes), and Gaussian blurring in hopes of training a more robust 275 
model that is ready for image inconsistencies contained throughout the dataset.  276 
 277 
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 278 
Figure 4: CNN model training for both segmentation techniques. A. For semantic segmentation, hand segmentations 279 
training examples were tiled and augmented to upsampled the data and generate ~1,000,000 training tiles (160 x 160 280 
pixels). B. Individual instances of fibers were identified manually via CVAT resulting in annotated samples with 281 
pixel coordinates for each fiber segmentation and bounding box. 282 
 283 
2.2.3 Software and Hardware 284 
All code was written in Python 3 and utilized TensorFlow (U-Net, Mask R-CNN) or PyTorch 285 
(YOLOv11) as well as other various packages such as OpenCV, and NumPy. Different 286 
environments were used to manage software versions for each model through Anaconda (v23.7.4). 287 
Hardware configurations were as follows: OS: Ubuntu (22.04.3 LTS), CPU: Intel Core i9 13900K, 288 
GPU: 2x Nvidia RTX4090 24 GB, and Memory: 96 GB DDR5. 289 
 290 
3. Theory 291 
Initially, traditional computer vision methods were evaluated as baseline approaches. While 292 
thresholding can segment well-dispersed fibers with good contrast, the methods fail 293 
catastrophically in suboptimal images or when fibers overlap (Figure 5). Furthermore, the inability 294 
to adapt to varying image quality without manual intervention (retuning) limits automating 295 
processes and throughput. These fundamental limitations motivated the adoption of deep learning 296 
approaches that maintain fiber identity through overlapping regions and generalize across imaging 297 
conditions.  298 
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 299 
Figure 5: Comparison of traditional segmentation methods versus instance segmentation for fiber detection. A. 300 
Original microscopy image showing carbon fibers with noise, varying contrast and overlapping regions. B. Otsu 301 
thresholding highlighting missed and merged fibers. C. Instance segmentation output with individual fibers identified 302 
by unique colors.  303 
 304 
3.1 Deep Learning Models 305 
For this work, three deep learning architectures were chosen that represent fundamentally different 306 
approaches to the fiber segmentation challenge. U-Net provides semantic segmentation for 307 
maximum throughput, Mask R-CNN offers precise instance delineation for overlapping fibers, and 308 
YOLOv11 delivers efficient instance detection without anchor box constraints. Each architecture 309 
addresses specific aspects of the large-field microscopy challenge. 310 
 311 
3.1.1 U-Net 312 
Since first published in 2015, U-Net has proven to be a premier semantic image segmentation 313 
model notably due to the network requiring few images for training. The U-Net structure can be 314 
viewed as a U or a cone and can be broken into three important aspects. The first of which is a 315 
contracting path where the model funnels downwards using max pooling layers to capture context. 316 
As the path contracts, the feature information increases enabling the network to learn increasingly 317 
complex features of the image. The network then inversely and symmetrically expands through 318 
up-convolution layers to provide precise localization [48]. Recent applications have successfully 319 
used U-Net for materials microstructure segmentation and downstream classification [60]. For 320 
fiber length measurement, U-Net's pixel-wise classification means tiles are processed 321 
independently without tracking individual fibers. This enables rapid processing but cannot 322 
distinguish between touching fibers, making it suitable for quality control screening where speed 323 
outweighs individual fiber resolution. 324 
 325 
3.1.2 Mask R-CNN 326 
Mask R-CNN [61], an instance segmentation model, aims to extend the Faster R-CNN [31] 327 
architecture to include segmentations, or masks, for identified objects. Mask R-CNN adopts the 328 
same two-stage procedure as the Faster R-CNN. The first stage of Mask R-CNN, the Region 329 
Proposal Network (RPN) works to identify and return candidate bounding boxes and is identical 330 
to the first stage of Faster R-CNN. Mask R-CNN differs in the second stage, in parallel to 331 
predicting both the class label and bounding box, it also outputs a mask for each Region of Interest 332 
(RoI). The goal of Mask R-CNN is not necessarily speed, but rather, to be methodical and accurate 333 
for precise results in scenes that are highly complex with overlapping objects. The instance-level 334 
segmentation is particularly valuable for fiber analysis as it maintains individual fiber identity even 335 
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in dense regions. When combined with SAHI, Mask R-CNN can track the same fiber across 336 
multiple tiles, preventing double-counting at boundaries which is critical for accurate length 337 
distribution measurement. 338 
 339 
3.1.3 YOLOv11 340 
In comparison to Mask R-CNN, You Only Look Once (YOLO) is an instance segmentation model 341 
designed for speed and real-time applications [62]. The network’s goal is the unification of steps 342 
for simultaneous segmentation and classification of objects within an image [63]. The architecture 343 
can be broken into three parts. The backbone is responsible for feature extraction and is designed 344 
to efficiently capture the spatial hierarchies within the input image. Next, there is the neck which 345 
further distills the features extracted by the backbone. Finally, the information feeds into a head 346 
where the identified features are processed, and the outputs are presented. YOLOv11's anchor-free 347 
detection eliminates hyperparameter tuning for fiber aspect ratios, making it robust to the wide 348 
range of fiber lengths (50-1000 𝜇𝑚) in our samples. The single-pass architecture balances the 349 
speed of semantic segmentation with the fiber preservation of instance methods. The recent release 350 
of YOLOv11 aimed to increase object detection accuracy when compared to the former YOLOv8. 351 
 352 
3.1.4 Differences between Mask R-CNN and YOLOv11 353 
A major difference between the two architectures is that Mask R-CNN relies on its Region 354 
Proposal Network for an anchor-based approach to object detection. The network architecture is 355 
constructed in such a manner that for each anchor point, the K number of predefined candidate 356 
bounding boxes are evaluated as RoIs (Figure 6, left). For the candidates, scale and aspect ratio 357 
are predefined complicating the evaluation of objects of vastly different sizes (i.e., small, long, 358 
curved fibers). Despite Mask R-CNN's accuracy, it is inherently slow for complex or dense scenes 359 
that consist of overlapping objects [64]. Primarily, this can be attributed to the model’s generation 360 
of many RoIs. Each anchor has a set number of K candidate bounding boxes that must be processed 361 
individually to produce pixel-precise segmentations.  362 
 363 

 364 
Figure 6: Differing schemes for object detection. Mask R-CNN is an anchor-based method that relies on 365 
hyperparameters defining anchor size and aspect ratio. YOLO is an anchor-free allowing for the direct localization of 366 
objects. 367 
 368 
YOLOv11 is computationally efficient due to its single-pass architecture, which allows the 369 
processing of the whole image at one time [62]. In that single pass, the model can quickly identify 370 
RoIs through its utilization of anchor-free detection. This method allows for the direct prediction 371 
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of the location of objects within an image through the identification of important characteristics in 372 
the feature maps. This technique improves efficiency by eliminating complicated computations 373 
related to anchor boxes and removing all their hyper-parameters (scale, aspect ratio, etc.) [65]. In 374 
return, this allows the production of fewer candidate regions (Figure 6, right). However, it could 375 
in turn struggle with small objects since they are represented by fewer pixels, leading to weaker 376 
feature representations and subsequent loss of detail in the feature maps.  377 
 378 
3.2 Data Processing 379 
Input images can be large and on the order of magnitude of ~100,000,000 pixels. It is essential to 380 
break these images up into smaller, more digestible chunks for computational efficiency. A 381 
subsequent challenge of this is the recreation of the original image and the maintaining the results. 382 
 383 
3.2.1 Image Tiling 384 
Figure 7B & C shows the semantic segmentation dataset being broken into 160 x 160-pixel tiles. 385 
The purpose of this is for memory constraints, computational efficiency, and preservation of local 386 
features. Memory constraints and computational efficiency go hand in hand. Processing large 387 
images in a single pass can result in hardware limitations. Smaller chunks can be processed quicker 388 
while ensuring that fine-grain details of small objects are preserved rather than being lost in the 389 
large input image.  390 
 391 
3.2.2 Slicing Aided Hyper Inference 392 
Although tiling is a necessity for the identification of small objects in large images, it does create 393 
potential issues when an instance is split across tiles (Figure 7B & C). This is largely an issue for 394 
instance segmentation and not semantic segmentation. For the latter, when an image is restitched 395 
together the segmentation masks are just merged (Figure 7D). SAHI is designed to aid in the 396 
merging of split instances, particularly for small objects [55]. For our application, fibers spanning 397 
tile boundaries may be fragmented (Figure 7C), counted multiple times, or missed entirely. 398 
 399 
The method is structured to merge overlapping bounding box prediction results back to their 400 
original dimensions using Non-Maximum Merging (NMM) visually shown in Figure 7C & E. In 401 
this process, bounding boxes with Intersection over Smaller (IoS) ratios exceeding a predetermined 402 
threshold are identified and merged. Differing from other bounding box suppression methods that 403 
discard bounding boxes not used, NMM retains and combines these overlapping boxes. The end 404 
goal is to merge multiple bounding boxes, that represent a single instance, into one (Figure 7E). 405 
 406 
 407 
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 408 
Figure 7: Image processing differences between the semantic and instance segmentation models along with the 409 
visualization of the handling of splitting of fiber instances and subsequent merging for each model. An example 410 
image is split, and each part is then used for object detection. The smaller tiles are then merged and measured. 411 
 412 
3.3 Fiber Length Estimation 413 
Once individual objects (fibers) are identified, they must be measured for the estimation of fiber 414 
length. This is accomplished through determining the width (𝑊) and height (𝐻) of the fiber and 415 
using the Pythagorean Theorem. Where 𝑐 is the micron-to-pixel ratio of the image.  416 
 417 
 𝐿 = 𝑐 ∗ )𝐻! +𝑊! (1) 

 418 
3.4 Evaluation Metrics  419 
Assessment of fiber length distribution and CNN segmentation performance is essential before 420 
moving forward.  Length measurement metrics provide different perspectives on fiber distribution, 421 
while the Wasserstein distance quantifies differences between distributions. For CNN output 422 
evaluation, DSC is used to measure overlap accuracy between prediction and ground truth. 423 
 424 
3.4.1 Length Measurement  425 
3.4.1.1 Arithmetic and Length-Weighted Mean 426 
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Both metrics provide a different understanding of the resulting fiber length distribution. Arithmetic 427 
mean (𝐿") helps understand the presence and impact of the shorter fibers within the distribution. 428 
Alternatively, length-weighted mean (𝐿#) gives more importance to longer fibers [58]. 429 
 430 
 𝐿" =+𝑁$𝑙$ +𝑁$.  (2) 

 431 
 𝐿# =+𝑁$𝑙$! +𝑁$𝑙$.  (3) 

 432 
 433 
3.4.1.2 Wasserstein Distance 434 
Sometimes referred to as the Earth Movers Distance (EMD), the metric can be used for the 435 
understanding of the amount of ‘work’ it takes to transform one distribution into another. This is 436 
equivalent to finding the area between two different 1-D distributions. The lower the value the less 437 
work that is needed. With the assumption that the distributions 𝑋 and 𝑌 are cumulative distribution 438 
functions, the metric is represented by the following equation:  439 
 440 
 

𝐸𝑀𝐷 = 4 |𝑋 − 𝑌|
%&

'&
 (4) 

 441 
3.4.1.3 Kullback-Leibler Divergence  442 
Kullback-Leibler (KL) divergence quantifies the proximity of two probability distributions or how 443 
much the modeled distribution (𝑞) represents the true probability distribution (𝑝). 444 
 445 
 

𝐷()(𝑝 ∥ 𝑞) =+𝑝$ log(𝑝$/𝑞*)
$

 (5) 

 446 
3.4.1.4 Jensen Shannon Divergence  447 
Jensen Shannon (JS) Divergence represents how similar two distributions are. It is a symmetrized 448 
and smoothed version of KL Divergence. 449 
 450 
 

𝐽𝑆𝐷(𝑝 ∥ 𝑞) =/2𝐷()(𝑝 ∥ 𝑚) + 1/2𝐷()(𝑞 ∥ 𝑚) where 𝑚 = 1/2(𝑝 + 𝑞) (6) 

 451 
 452 
3.4.2 CNN Output  453 
3.4.2.1 Sørensen–Dice coefficient 454 
Often referred to as the Dice Similarity Coefficient (DSC), its purpose is to gauge the similarity 455 
between two segmentations. 456 
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𝐷𝑆𝐶 = 2 ∗ |𝑋 ∩ 𝑌| |𝑋| + |𝑌|⁄  (7) 

 457 
|𝑋 ∩ 𝑌| represents the common pixels with both images and|𝑋| and |𝑌| are the counts of the total 458 
number of segmented pixels within the image. In the case of this paper, the metric is used to 459 
compare the ground truth (hand segmentations) to the CNN outputted results. A DSC of 1 indicates 460 
perfect similarity or overlap, whereas a DSC of 0 represents no overlap at all.  461 
 462 
4. Results and Discussion 463 
Initial results generated a major question. The simple aspect of the work is measuring single, stand-464 
alone fibers. However, are these fibers representative of the imaged fiber population? Figure 8 465 
presents the initial results from each model. 466 
 467 
4.1 Importance of Capturing Overlapping Fibers 468 
 469 

 470 
Figure 8: Visual comparison of segmentation models. U-Net simply classifies pixels to belong to either a fiber or 471 
background. Where both Mask R-CNN and YOLOv11 work to identify individual instances of the fibers allowing 472 

the identification of closely grouped fibers. 473 
 474 
From the sample U-Net segmentation (Figure 8, left), it is evident that when fibers are not close to 475 
other fibers, the segmentations visually seem reliable. As soon as the fibers become close to each 476 
other or overlap, they merge. Initial approaches simply classified identified objects as either a 477 
single fiber or overlapping. Subsequently, only the single fibers were measured, and the rest were 478 
ignored. Figure 8 provides a rationale that this is a poor approach. The two distributions represent 479 
the manual measurement of fibers that were identified as stand-alone, single fibers, or the 480 
measurement of all fibers that were classified as overlapping. The distributions notably differ, with 481 
the single fibers being much shorter than those in the other distribution. It can be assumed that 482 
there is a higher probability that a longer fiber is to overlap other imaged fibers. The inclusion of 483 
the overlapping fibers results in a nearly 40% increase in the total number of fibers measured. The 484 
two instance segmentation techniques Mask R-CNN (Figure 8, middle) and YOLOv11 (Figure 8, 485 
right) highlight their ability to differentiate between fibers even in complex or overlapping 486 
orientations.  487 
 488 
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 489 
Figure 9: Hand measurement of single and overlapping fibers. Objects identified in the input image were to be either 490 
a single fiber or a cluster of fibers. Subsequently, each fiber in both classes was hand measured. 491 

 492 
Not only does the measurement of single fibers miss the full picture of the residual fiber length of 493 
the part, but initial measurements also using U-Net led to consistent over-measurement of the fiber 494 
length for singular fibers. Figure 9 comprises two distinct plots that present comparisons between 495 
U-Net-based and manual measurement techniques. The left plot is a scatter plot of the 496 
measurement of the same fibers by each method. Although a strong linear relationship is presented, 497 
each U-Net measurement is on average 1.5 pixels or 7 𝜇𝑚 longer than the hand measurement. This 498 
overestimation likely reflects different handling of ambiguous boundary pixels. At the fiber edges 499 
where intensity gradually transitions, these faint pixels still have a higher probability of being fiber 500 
than background in the model’s classification, where human annotators can conservatively exclude 501 
such regions. The initial results showed that fiber length could be reasonably estimated for single 502 
fibers but highlighted the necessity for capturing all fibers contained in an image and a more 503 
precise method. 504 
 505 

 506 
Figure 10: Manual and automated measurements of single fibers. The measurements agree and are consistent. 507 
However, automated measurements are consistently larger by 1.5 pixels on average.  508 

 509 
4.2 Determination of the Quality of CNN Outputs 510 
Before using outputs for the estimation of fiber length, we evaluated segmentation performance 511 
using the Dice Similarity Coefficient (DSC) on a large-field test image. The mean DSC for U-Net, 512 
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Mask R-CNN, and YOLOv11 were 0.8926, 0.8324, and 0.7461, respectively. When considering 513 
the results, it is important to discuss that the fibers being identified in the images are less than 30 514 
pixels in total. The denominator of the DSC calculation is the total number of pixels identified 515 
with both the ground truth and CNN output. If the CNN misclassifies even a few pixels that can 516 
make a notable impact on the output. While U-Net achieved the highest pixel-level accuracy, its 517 
semantic segmentation approach cannot separate touching fibers, fundamentally limiting its utility 518 
for fiber measurement. 519 
 520 
Additional evaluation metrics were assessed using a held-out validation set of annotated tiles nor 521 
used during training (Supplementary Table S3). YOLOv11 demonstrated balanced precision-recall 522 
(0.82/0.82) while Mask R-CNN showed high recall (0.91) but low precision (0.68), possibly 523 
indicating boundary overestimation. These findings highlight a fundamental difference between 524 
pixel-level accuracy vs measurement distribution accuracy. YOLOv11 achieves the lowest DSC 525 
yet produces the most accurate fiber length distribution, revealing that segmentation metrics do 526 
not accurately predict measurement quality. DSC weights all pixels equally, but length 527 
measurements require only accurate boundaries. While missing 14% of fibers (primarily small 528 
ones) reduces DSC, these omissions minimally affect the weighted mean where longer fibers 529 
dominate quadratically (Table 1).  530 

Method N Mean ± 
SD (𝝁m) 95% CI Weighted 

Mean (𝝁m) 
EMD 
(𝝁m) CV (%) Time 

(s) 

Manual 2810 170.9 ± 
107.0 

(167.0, 
174.0) 237.9 - 62.6 10,020 

U-Net 2139 155.9 ± 
103.6 

(151.5, 
160.3) 224.7 16.34 66.5 3.92 

Mask R-
CNN 

3008 174.9 ± 
110.4 

(170.9, 
178.8) 244.6 5.78 63.1 448 

YOLOv11 2409 164.8 ± 
110.1 

(160.4, 
169.2) 238.4 6.77 66.8 268 

Table 1: Summary of the Measurement Results. Fiber length is compared against the manual measurements via 531 
evaluation time, mean fiber length, and mean weighted fiber length. Note, 5 𝜇𝑚 is equivalent to 0.75 pixels. EMD: 532 
Earth Mover’s Distance (Wasserstein Distance), CV%: Coefficient of Variation. 533 
 534 
4.3 Measurement Comparison  535 
All models were compared using a test image of size 10,286 x 10,092 pixels, which was completely 536 
held out from training and validation. Visually, all presented distributions in Figure 11B are of the 537 
same shape. However, each automated measurement technique resulted in subtle differences. The 538 
mean and weighted fiber length average (𝜇𝑚) for each model are presented in Table 1. The Mask 539 
R-CNN and YOLO estimates behave the most like the manual measurements based on these 540 
summary statistics. 541 
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 542 
Figure 11: Comparison of fiber length distributions from manual measurements and automated methods. A. Kernel 543 
density estimation shows Mask R-CNN over-detects short fibers, all models underrepresent 150-250 𝜇𝑚, and U-Net 544 
missed long fibers.  B. Length-weighted kernel densities highlight model-specific biases.  545 
 546 
Upon inspection of the residual fiber length distributions in Figure 11A, it is evident that 547 
measurements obtained from the U-Net segmentations have far fewer values greater than 200 𝜇𝑚 548 
as compared to all other measurement methods. This can be attributed to the fact that only fibers 549 
classified as stand-alone were measured reliably. Mask R-CNN was able to capture the short fibers, 550 
but the longer fibers as well. The length-weighted distribution, where each fiber contributes 551 
proportionally to its length, provides insight into how different measurement techniques affect the 552 
assessment of total fiber content. The analysis of length-weighted residual fiber, Figure 11B, shows 553 
that Mask R-CNN demonstrates enhanced sensitivity to short fibers, evident from the elevated 554 
density peak below 100 𝜇𝑚. While this captures a population potentially missed by other methods, 555 
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it may indicate false positive detections at small length scales. The model's ability to detect both 556 
short and long fibers results in a broader distribution, though with a notable depression between 557 
175 - 300 𝜇𝑚. Within this range and below 100 𝜇𝑚, YOLOv11 shows great agreement with 558 
manual measurement. Table 1 shows how the measurements differ between models. Interestingly, 559 
when compared to manual measurement, Mask R-CNN mean fiber length is most like the manual 560 
measurement. However, YOLO’s weighted fiber length is nearly identical to the manual 561 
measurements. Further quantitative results are needed to evaluate the outputs. 562 
 563 

 564 

 565 
Figure 12: PDF and CDF difference plots comparing each automated method to manual measurements. The 566 
horizontal black line at y = 0 denotes manual baseline. A. PDF differences showing over- and under- predictions 567 
across the length ranges, with insets illustrating representative examples for YOLO and Mask R-CNN 568 
segmentations. B. Absolute CDF differences quantifying divergence from manual distributions.  569 
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Each model was compared against manual measurements using distributional metrics and 570 
measurement time. As shown by the previous discussion, U-Net exhibited the largest deviation 571 
from ground truth, showing strong negative bias, compressed variance, and the highest CDF 572 
difference across the distribution. In contrast, Mask R-CNN and YOLO performed similarly well, 573 
each maintaining low divergence from the manual distribution and closely matching the weighted 574 
fiber length average. While Mask R-CNN achieved the best overall accuracy, YOLO provided 575 
comparable results with significantly faster runtime, suggesting an attractive trade-off between 576 
speed and precision. All quantitative numerical findings are summarized in Table 2. 577 
 578 
A kernel density estimate (KDE) for the three CNN-measured FLD’s subtracted from the manual 579 
measurement’s KDE further reveals characteristics of CNN model performances at different fiber 580 
lengths as shown in Figure 12A. This plot aims to compare the three auto-measured FLD’s and 581 
manually measured FLD without complicated histogram overlays. At first glance, this plot very 582 
simply reveals from the large alternating peaks from all three models at fiber lengths < 100 𝜇𝑚 583 
that shorter fibers are much more prone to over or under-representation. The most straightforward 584 
explanation would be that fibers < 100 𝜇𝑚 are simply being missed by the models or that the 585 
model is measuring fibers that are not present. The potential for these false negatives and false 586 
positives was analyzed qualitatively by observing the output images from each of the three models. 587 
Upon inspection of the output images, all 3 models were found to occasionally miss fiber entirely, 588 
resulting in false negatives. This occurrence was noticed to be inversely proportional to fiber 589 
length, where longer fibers were not observed to have missed measurement, but small to medium-590 
length fibers were missed at higher frequencies. False positives on the other hand were less likely 591 
as they were rarely observed with Mask R-CNN or YOLO; however, U-Net would frequently 592 
misattribute pixels to small fibers that the human annotators ignored during measurement. 593 
 594 
Upon further qualitative inspection of the images after processing, other effects were also 595 
discovered that would contribute to a mismatch between the auto-measured and manual FLD’s. As 596 
shown in the fiber images in Figure 12A (top right), the Mask R-CNN was found to occasionally 597 
overestimate the bounding box dimensions for fibers at larger lengths. In contrast, YOLO was 598 
rarely found to misapply the bounding boxes to the fibers, which leads to more accurate length 599 
estimates. This mismatch in accuracy at higher lengths is supported in Figure 12A where it can be 600 
observed that at fiber lengths past 300 𝜇𝑚, Mask R-CNN’s difference is consistently farther from 601 
the manual measurement line than YOLO and never dips below the manual prediction line. This 602 
hypothesis is also supported by noting that Mask R-CNN’s highest measurements exceed that of 603 
YOLO’s as shown in Fig 12A. Additionally, restitching errors were also found to occur with both 604 
Mask R-CNN and YOLO where a single fiber was measured multiple times in shorter segments 605 
(Figure 12A, top left). This finding could help to explain the overrepresentation of shorter fibers 606 
present for each of the three CNN models; however, more analysis is required to more precisely 607 
understand the effect of this issue. Future work could also include a larger parameter search with 608 
SAHI as this impacts restitching results. 609 
 610 
These effects render direct comparison between FLD’s for drawing strong conclusions on 611 
performance at certain fiber lengths difficult, but other statistics allow for interpretability. The CDF 612 
difference plot (Figure 12B) reaffirmed that U-Net diverged substantially from manual 613 
measurements, with a maximum CDF difference between in the 100–150 𝜇𝑚 fiber length range. 614 
This indicates a persistent accumulation error in mid-to-long fibers. Meanwhile, both Mask and 615 
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YOLO demonstrated significantly better alignment with the manual CDF, with nearly identical 616 
max differences (~0.05) and better performance across long-tail regions. Mask showed tighter 617 
cumulative agreement throughout measurements <200 𝜇𝑚, while YOLO appeared to better 618 
represent long fiber behavior beyond 200 𝜇𝑚. The intersection at 200 𝜇𝑚 shows that YOLOv11’s 619 
lower fiber count (due to missed detections) is balanced by its high accuracy on the fibers it does 620 
capture, while Mask R-CNN is catching more fibers but at the cost of slight over-predictions in 621 
that length range. This is further highlighted in Table 1. 622 
 623 

Model Evaluation 
Time (s) 

Variance 
Diff 

Max CDF 
Diff 

Mean Abs 
CDF Diff EMD KL 

Divergence 
JS 

Divergence 
U-Net 3.92 -720.7 0.0936 0.0468 16.344 0.1729 0.1410 

Mask R 448 737.5 0.0531 0.0136 5.7895 0.1183 0.1174 
YOLOv11 268 677.3 0.05412 0.0192 6.828 0.1513 0.1364 

Table 2: Overview of quantitative analyses of fiber measurement distributions. CDF: Cumulative Distribution 624 
Function, EMD: Earth Mover’s Distance (Wasserstein Distance), KL Divergence: Kullback-Leibler Divergence, 625 
Jensen-Shannon Divergence.  626 

 627 
U-Net underpredicted fiber lengths significantly. Its low variance suggests a poor representation 628 
of fiber length variability compared to manual measurements, which is unsurprising due to 629 
capturing only stand-alone fibers. Both Mask R-CNN and YOLO produced much lower bias, with 630 
Mask R-CNN slightly overpredicting the mean and YOLO slightly underpredicting. In terms of 631 
distribution shape, Mask R-CNN had the lowest mean absolute CDF difference, JS divergence, 632 
KL divergence.  633 
 634 
Evaluation time is also a key consideration for practical implementation. Each model evaluated 635 
the 100,000,000-pixel test image 50 times, and the average time is presented. U-Net demonstrated 636 
the fastest processing time at ~4 seconds per image, compared to 268s for YOLO and 448s for 637 
Mask R-CNN (Table 2). Given that YOLO’s accuracy metrics closely match those of Mask R-638 
CNN, it may offer a more scalable solution when high throughput is needed. However, although 639 
Mask R-CNN is slower it remains the top performer where time is less critical.  640 
 641 
4.4 Implications for Materials Design  642 
Accurate FLD measurement is fundamental to establish structure-property-processing 643 
relationships in discontinuous fiber composites. Efficient processes to quickly characterize fiber 644 
length distributions could speed up rapid prototyping and part quantification efforts. Current 645 
methods, requiring >2 hours per 2000 fibers, create a non-negligible bottleneck in this workflow. 646 
While commercial systems (FASEP) achieve <1% measurement error, they require specialized 647 
hardware. The rapid automated methods in the presented work achieve comparable accuracy (0.2% 648 
weighted mean error for YOLOv11) using standard microscopy images and completing 649 
measurements rapidly. 650 
 651 
More fundamentally, automated FLD measurements enable a paradigm shift from trial-and-error 652 
approaches to data-driven design methodologies. Established composite theories including the 653 
Halpin-Tsai equations and modified rule of mixtures require FLDs to predict modulus and strength. 654 
Recent advances have demonstrated that CNN-based microstructural measurement methods can 655 
directly inform materials design and development [34], [35], [66]. The automated FLD methods 656 
described provide high-throughput microstructural data needed for inverse design workflows and 657 
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process optimization in discontinuous fiber composites. This enables statistical models that could 658 
connect extrusion conditions to FLDs and resulting final part properties. 659 
 660 
5. Conclusions and Perspectives 661 
This study has demonstrated the efficacy of deep learning-based techniques in automating the 662 
measurement of fiber length distribution in discontinuous fiber composites. Advanced image 663 
processing algorithms enabled the reduction of the time associated with manual measurement 664 
methods while simultaneously increasing the consistency and repeatability of the results. Of the 665 
models compared, the instance segmentation methods excelled in capturing an accurate 666 
representation of the residual fiber length due to whole domain understanding. This can be 667 
attributed to the ability to capture overlapping instances, allowing for a more comprehensive 668 
representation of the part due to capturing ~40 percent more fibers. Given the improved accuracy, 669 
efficiency, and scalability of these deep learning models, demonstrated in our comparative study, 670 
the results suggest that this approach has the potential to become a promising alternative method 671 
for fiber length measurement, reducing reliance on labor-intensive manual techniques or costs 672 
associated with automated methods.  673 
 674 
However, important limitations constrain current applicability. Our validation is limited to carbon 675 
fibers with models trained on 29 images under consistent imaging conditions. Generalization to 676 
other fiber types (glass, natural), requires consideration of their distinct optical properties. For 677 
example, glass fibers present unique challenges such as their translucency creating inconsistent 678 
contrast depending on backing material. Current measurement approaches assume straight fibers 679 
of consistent width, limiting accuracy for curved fibers. Different preparation methods (burn off 680 
vs. acid digestion) may leave varying residues, potentially degrading model performance. 681 
Additionally, variations in microscopy settings (magnification changes, filters, illumination) or 682 
differing image modalities would require additional model fine-tuning. Ongoing work is 683 
expanding material system applicability through new architectures [67] and addresses curved fiber 684 
measurement through skeleton-based algorithms that track centerlines. 685 
 686 
Future deployments will include systematic validation through cross-material testing, synthetic 687 
data generation for training diversity, and transfer learning studies to quantify adaptation 688 
requirements for new systems. Furthermore, the burn-off process fundamentally limits our method 689 
to length distribution measurement, destroying the orientation information essential for complete 690 
mechanical property prediction. Yet, fiber length distribution remains a critical quality control 691 
parameter that directly impacts strength, toughness, and processability.  692 
 693 
Despite these limitations, our methodological contributions, demonstrating how segmentation 694 
choice affects distribution measurements and implementing SAHI for tile boundary handling, 695 
provide insights that extend beyond our specific validation case. The inverse DSC-measurement 696 
accuracy relationship demonstrates that materials characterization requires measurement-specific 697 
metrics, not computer vision benchmarks. The consistent performance differences between 698 
instance and semantic segmentation (speed versus distribution fidelity) appear fundamental rather 699 
than dataset-specific, though this requires validation across multiple material systems. As a result, 700 
the methods provide a promising alternative to established residual fiber length measurement 701 
protocols. A summary and future directions for the work are provided below: 702 
 703 
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• No automated measurement methods are perfect - these techniques are just estimations of 704 
the physical information represented by the images. 705 

 706 
• Computational efficiency: U-Net 2500x faster, YOLOv11 40x, and Mask R-CNN 22x 707 

compared to manual measurements  708 
 709 

• Tile boundary handling: Implementation of SAHI proved critical for maintaining tile 710 
fiber integrity at boundary conditions to avoid fibers being split and measured as multiple 711 
short fragments 712 
 713 

• Measurement accuracy: YOLOv11 based segmentation resulted in optimal weighted 714 
mean accuracy (238.4 vs 237.9, 0.2% error), critical for property prediction, while Mask 715 
R-CNN showed best distribution matching (EMD = 5.78) 716 
 717 

• Method selection guidance: U-Net provides rapid screening of dispersed fibers; 718 
YOLOv11 optimal for property critical applications, Mask R-CNN best for whole 719 
distribution analysis  720 
 721 

• Practical impact: Deep learning-based methods reduce processing time from hours to 722 
minutes. These automated methods enable quality control and processing understanding 723 
without specialized measurement hardware 724 
 725 

• Potential future applications include: 726 
o Non-destructive evaluation of final parts using imaging methods such as micro-CT 727 
o 3D segmentation methods for advanced defect detection 728 
o In-situ process monitoring of the SMC process, aiding in downstream fiber 729 

dispersion and orientation control  730 
 731 
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Descriptive Statistics Annotator 1 Annotator 2 
N 2810 2474 

Mean ± SD (𝝁𝒎) 170.9 ± 107.0 174.1 ± 108.1 
Weighted Mean (𝝁𝒎) 237.9 241.3 

Median (𝝁𝒎) 156.38           162.15 
Coeff. of Variation (%)   62.6 62.1 

Mean difference -3.19 (-1.83%) -------------   
Length-weighted mean 

difference -3.33 (-1.38%) -------------   

Supplementary Table S1: Inter-operator agreement for manual fiber length measurement. 955 
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Parameter  U-Net Mask R-
CNN YOLOv11 

Architecture    

Backbone Custom 
(Residual) ResNet101 YOLOv11L 

Pre-trained weights No Yes (COCO) Yes 

Input size (Training) 160 x 160 160 x 160 160 x 160 

Training Configuration    

Training Epoch 500 500 1000 

Batch Size 128 6 8 

Learning Rate 0.001 0.003 0.001 

Optimizer Adam SGD w/ 
momentum AdamW 

Early Stopping Patience 10 epochs 10 epochs 50 epochs 

Loss Weights    

Segmentation/Mask 1.0 1.4 1.0 

Classification - 1.7 0.5 

Bounding Box -  3.0 -  

RPN Class -  1.0 - 

BPN Bounding Box -  2.75 - 

SAHI Parameters    

Inference Tile Size N/A 160 x 160 160 x 160 

Tile Overlap Ratio N/A 0.1 0.5 

Post-process Method N/A Greedy 
NMM NMM 

Supplementary Table S2: Deep learning model training parameters and configurations. 991 
 992 
 993 
 994 
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Method Type DSC IoU Precision Recall F1 
U-Net Semantic 0.893 ------ ------ ------ ------ 

Mask R-CNN Instance 0.746 0.631 0.675 0.910 0.768 

YOLOv11 Instance 0.832 0.695 0.818 0.823 0.805 
Supplementary Table S3: Segmentation metrics comparison. U-Net (semantic) evaluated on pixel classification only; 995 
Mask R-CNN and YOLOv11 (instance) evaluated on individual fiber detection and segmentation. All metrics 996 
calculated on validation images. DSC: Dice Similarity Coefficient, IoU: Intersection over Union. 997 
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