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Image Analysis and Pair Distribution Function (PDF) Com-
putation

Overview: Multi–Image Composition

The Stack function was used to merge multiple grayscale images into a single RGB composite. For
visualization (Figure S1), each slice was assigned to a distinct color channel to highlight differences
and overlaps between slices. For the quantitative analysis pipeline, the slices were also combined into
an RGB image, but mapped onto the same channel intensity range to ensure consistent segmentation
and to avoid channel-dependent contour-detection artifacts. This composite enables qualitative
assessment of fiber continuity across depth.

Figure S1: Stacked Image Analysis. The figure illustrates the stacking function where three layers are
merged. Each image is converted to grayscale and assigned a unique color representation. The final stacked
image is generated by combining these processed layers, effectively visualizing structural differences across
the input images. The image dimensions are 400 µm Ö 400 µm.

This composite provides a visual reference for structural variations between slices that the sub-
sequent quantitative analyses aim to resolve.

Image Preprocessing

All images were converted to grayscale and smoothed with a Gaussian blur to suppress high-
frequency noise. Gaussian filtering is a standard preprocessing method to stabilize pixel intensities
before thresholding [1, 2]. Otsu’s global thresholding (cv2.THRESH OTSU) [3, 4] was computed to
obtain an objective estimate of the threshold range, after which a fixed threshold value (equal to or
very close to the Otsu value) was applied to standardize binarization across images. Because the
fibers were consistently brighter than the background, this produced binary masks with fibers as
white structures on a black background.

Morphological opening (erosion followed by dilation) and closing (dilation followed by erosion)
were then applied to remove short bright artifacts and fill small gaps, respectively [5, 6]. The effect
of these preprocessing operations is illustrated in Figure S2.
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Figure S2: Morphological Processing of Fiber Structures. Comparison of Cold Cast and Warm
Cast fiber structures through sequential image processing steps, including grayscale conversion, Gaussian

blur, thresholding (cv2.THRESH OTSU), and morphological transformations (opening and closing). Image
dimensions: 400 µm Ö 400 µm.

Contour Detection and Fiber Segmentation

After morphological cleanup, cv2.findContours was used to detect discrete fiber objects. Small
contours below a minimum area threshold were discarded to remove fiber tails and noise fragments.

For each contour retained, key geometric features were extracted to characterize fiber proper-
ties. The contour centroid was computed using image moments via cv2.moments. The centroid
coordinates were calculated as

Cx =
M10

M00
, Cy =

M01

M00
,

where Mij are spatial moments [2].
Next, we computed the convex hull of each contour, which provides the smallest convex polygon

enclosing the fiber. The convex hull smooths local concavities and provides a simplified geometric
boundary. We also fit an ellipse to each contour using cv2.fitEllipse, yielding an estimate of
fiber major-axis length and in-plane orientation. These properties (centroid, convex hull, length,
orientation) were stored in a structured table for downstream analysis.

In cases where one contour enclosed several touching or crossing fibers (aggregated fibers), an
additional segmentation step was performed. Radial lines were projected from the centroid to
vertices of the convex hull to partition the merged shape. This technique leverages convexity defects
to identify concave boundaries that separate adjacent fibers, similar to methods used for splitting
overlapping objects in microscopy (e.g., nuclei or particles) [7, 8]. This process isolated individual
fibers from complex merged contours.

Fiber Sub-Segmentation and Data Export

To improve spatial accuracy, each fiber-containing contour was represented by multiple sub-segments
rather than by a single centroid. For each contour, radial line elements were generated by connecting
the centroid to the vertices of its convex hull. Along each of these line elements, a series of evenly
spaced circular sampling points was placed, producing a set of sub-segment centers that approximate
the spatial extent of the fiber region. Representing extended fibrillar structures as multiple point
elements is consistent with spatial statistics approaches that convert line patterns into multi-point
approximations for distance-based analysis [9, 10].

Each sub-segment was assigned coordinates and metadata identifying its parent contour, and all
sub-segment data were exported to a CSV file for the subsequent computation of pairwise distances.
Figure S3 shows examples of labeled contours and their subdivided sampling points.
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Figure S3: Fiber Detection and Contour Analysis. Illustration of the step-by-step fiber detection
process. The original image is thresholded to extract fiber structures, followed by contour detection using
cv2.findContours. Identified contours are further analyzed to extract key properties, including the center
of mass (using cv2.moments()), convex hull (using cv2.arcLength()), and fiber orientation (via ellipse
fitting). Individual fibers are segmented into smaller circular regions, and their locations are labeled and
saved as a CSV file. Pairwise distances between segmented fiber regions are calculated and stored separately.
Image dimensions: 100 µm × 100 µm.

Pairwise Distance Computation

With all fiber sub-segment coordinates collected, we computed pairwise Euclidean distances using
NumPy’s linear-algebra norm function (np.linalg.norm). Pairwise distance computation is the
standard foundation for spatial pattern analysis in materials science and tissue imaging [11, 12]. For
every pair of segments i and j belonging to different fibers, the distance

dij = ∥xi − xj∥

was recorded, generating the set of inter-segment separations used to construct the pair distribution
function.

Pair Distribution Function (PDF)

The spatial organization of fibers was quantified by constructing a pair-distribution-type function
based on the inter-fiber distances. The set of distances was binned into radial intervals of width ∆r to
obtain a histogram N(r) of pair counts as a function of separation. Because the number of possible
pairs naturally increases with distance, the raw histogram was normalized by the corresponding
radial sampling volume to reduce this geometric bias. The resulting normalized distance distribution
acts as a PDF-like radial summary of the spatial relationships between fibers.

For a spatially random arrangement, the normalized distribution is expected to be relatively
flat, whereas peaks or troughs indicate preferred spacings or avoidance between fibers [13, 14]. The
final normalized distance profile was plotted as a function of radius to interpret characteristic fiber
spacings and pairwise correlations.

Pseudo-3D Analysis via Z-Stack Slices

Three confocal z-stack images separated by approximately 16µm were first combined into a single
composite image to approximate a pseudo-3D representation of the fiber network. This slice aggre-
gation approach is conceptually similar to stereological sampling, in which multiple thin 2D sections
are used to infer aspects of a 3D structure [9, 15]. Because the slices are closely spaced, fibers appear
in overlapping lateral positions, and combining them enhances the sampling of the underlying 3D
organization.
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Previous studies have shown that many structural metrics of fibrillar networks extracted from 2D
sections reproduce the qualitative trends observed in full 3D reconstructions [16]. By aggregating
the three adjacent axial planes into a single composite prior to distance analysis, we obtained a more
representative sampling of the fiber network without requiring full volumetric imaging.
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Supplementary Code

Python Code for Image Analysis and Pair Distribution Function Compu-
tation

The custom Python code used for image analysis and pair distribution function computation is
provided below. The same analysis workflow was applied across the analyzed datasets, with dataset-
specific differences limited primarily to the input image files and file paths.

Code Usage

In this script, A and E are used as identifiers for the two datasets being compared. For example,
A can represents the ColFn sample and E can represents the ColFnCell sample under the cold cast
condition. These identifiers can be replaced with other sample names or experimental groups when
applying the code to different datasets.

To run the code with new data, the user should replace the image file paths in image paths A

and image paths E with the locations of the corresponding input images. The output file paths
should also be replaced with valid locations where the stacked images, CSV files, processed images,
and PDF plots will be saved.

The code first estimates the image threshold using Otsu’s thresholding method. The manually
entered threshold should remain close to the Otsu-determined value and may be adjusted slightly,
when necessary, to improve fiber identification and counting.

1 def Stack(image_paths, output_path, threshold=128):

2 from PIL import Image

3 import numpy as np

4 import matplotlib.pyplot as plt

5

6

7 # Load images and convert to grayscale

8 images = [Image.open(img).convert(’L’) for img in image_paths]

9

10 # Convert images to numpy arrays and threshold to create binary images

11 image_arrays = [(np.array(img) > threshold).astype(np.uint8) for img in images]

12

13 # Create an empty RGB image

14 rgb_image = np.zeros((*image_arrays[0].shape, 3), dtype=np.uint8)

15

16 # Define colors for each image

17 colors = [(0, 255, 0), (0, 255, 0), (0, 255, 0)]

18 assert len(colors) >= len(image_paths), "Not enough colors defined for the number of

images"

19

20 # Assign each image to a different color channel

21 for img, color in zip(image_arrays, colors):

22 for c in range(3):

23 rgb_image[..., c] += img * color[c]

24

25 # Create a subplot

26 fig, axs = plt.subplots(1, len(images) + 1, figsize=(5*(len(images) + 1), 5))

27

28 # Display the initial images

29 for i, img in enumerate(images):

30 axs[i].imshow(img, cmap=’gray’)

31 axs[i].set_title(’Image {}’.format(i+1))

32 axs[i].axis(’off’)

33

34 # Display the resulting image
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35 axs[-1].imshow(rgb_image)

36 axs[-1].set_title(’RGB Image’)

37 axs[-1].axis(’off’)

38

39 # Convert the RGB array back to an image

40 rgb_img = Image.fromarray(rgb_image)

41

42 # Save the image to a filen

43 rgb_img.save(output_path)

44

45 plt.show()

46

47

48 # Load images

49 image_paths_A = [

50 r"path/to/input/image_z0.jpg",

51 r"path/to/input/image_z1.jpg",

52 r"path/to/input/image_z2.jpg"

53 ]

54

55 output_path_A = r"path/to/output/stack-A.jpg"

56

57

58 Stack(image_paths_A, output_path_A)

59

60 image_paths_E = [

61 r"path/to/input/image_z0.jpg",

62 r"path/to/input/image_z1.jpg",

63 r"path/to/input/image_z2.jpg"

64 ]

65

66 output_path_E = r’C:\Users\javad\Desktop\DATA FOR PAPER\CODES\Image processing result\Stack

\stack-E.jpg’

67

68 Stack(image_paths_E, output_path_E)

69

70

71

72

73

74 import cv2

75 import numpy as np

76 import pandas as pd

77 import matplotlib.pyplot as plt

78 import os

79

80 micrometers_per_pixel = 1280 / 3072

81

82 #Info of function for different images:

83

84 # Location-Image-Path:

85 Image_Path_A = output_path_A

86 Image_Path_E = output_path_E

87

88 # Location-CSV-Path:

89 CSV_Path_A = r"output/sample_A/fibrils.csv"

90 CSV_Path_E = r"output/sample_E/fibrils.csv"

91

92
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93 # Domain to save the info-output_prefix:

94 output_prefix_A= r"output/sample_A/"

95 output_prefix_E= r"output/sample_E/"

96 #Set thereshoulds

97 manual_thresh_A=48

98 manual_thresh_E=48

99 #location to save the plots: save_PDF_PLOT

100 Loc_A= r"output/sample_A/Afiltered.jpg"

101 Loc_E= r"output/sample_E/Efiltered.jpg"

102

103 Oloc_A= r"output/sample_A/AOrientation.jpg"

104 Oloc_E= r"output/sample_E/EOrientation.jpg"

105

106

107 indfiber=r"output/processing_steps/Singlefibers/"

108

109

110 def process_image(image_path, output_prefix,manual_thresh,title,save_PLOT,CSV_Path):

111

112

113

114 # Load image and convert to grayscale

115 img = cv2.imread(image_path)

116 img1 = img.copy()

117

118 cv2.imshow(’original’, img1)

119 height, width, _ = img1.shape

120 print(f"The size of the image is: {width} x {height}")

121 print("The size of the image is:",width *micrometers_per_pixel ,height*

micrometers_per_pixel)

122 gray = cv2.cvtColor(img1, cv2.COLOR_BGR2GRAY)

123 blur = cv2.GaussianBlur(gray, (5, 5), 0)

124 ret, thresh = cv2.threshold(blur, 0, 255, cv2.THRESH_BINARY+ cv2.THRESH_OTSU)

125 print("the Otsu threshoulding value:",ret)

126 ret, thresh = cv2.threshold(blur, manual_thresh, 255, cv2.THRESH_BINARY)

127 img2 = img1.copy()

128

129 cv2.imwrite(r"output/processing_steps/orig.jpg",img)

130 cv2.imwrite(r"output/processing_steps/gray.jpg",gray)

131 cv2.imwrite(r"output/processing_steps/blur.jpg",blur)

132 cv2.imwrite(r"output/processing_steps/thresh.jpg",thresh)

133

134

135 kernel = np.ones((3, 3), np.uint8)

136 opening = cv2.morphologyEx(thresh, cv2.MORPH_OPEN, kernel, iterations=2)

137 closing = cv2.morphologyEx(opening, cv2.MORPH_CLOSE, kernel, iterations=2)

138 cv2.imshow(’thereshould’, closing)

139 contours, hierarchy = cv2.findContours(closing, cv2.RETR_EXTERNAL, cv2.

CHAIN_APPROX_SIMPLE)

140

141 cv2.imwrite(r"output/processing_steps/opening.jpg",opening)

142 cv2.imwrite(r"output/processing_steps/closing.jpg",closing)

143

144 min_area = round(100/micrometers_per_pixel) # Set a minimum area threshold in UM*UM

unit

145 print("The min area of considered fiber is(um^2):",min_area * micrometers_per_pixel)

146 filtered_contours = []

147

148 # Filter contours based on the minimum area
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149 for cnt in contours:

150 if cv2.contourArea(cnt) >= min_area:

151 filtered_contours.append(cnt)

152

153

154 # Prepare a DataFrame to store fibril information

155 fibril_data = []

156

157 # For each filtered contour

158 for i, cnt in enumerate(filtered_contours):

159 img4 = img.copy()

160 blank_image = np.zeros(img4.shape, dtype=np.uint8)

161 img4_with_contour = cv2.drawContours(blank_image, [cnt], -1, (0, 0, 255), 2)

162

163

164 # Compute the center of the contour

165 M = cv2.moments(cnt)

166 cX = int(M["m10"] / M["m00"])

167 cY = int(M["m01"] / M["m00"])

168 center = np.array([cX, cY])

169 # Draw a yellow circle at the center

170 radius = 5 # Adjust the size of the circle as needed

171 cv2.circle(img4_with_contour, (cX, cY), radius, (0, 255, 255), -1) # Yellow color

172 # Save the image to a file instead of displaying it

173 filename = f"{indfiber}Fiber_{i+1}.jpg"

174 cv2.imwrite(filename, img4_with_contour)

175 # Check if directory exists and create if needed

176 #if not os.path.exists(indfiber):

177 # os.makedirs(indfiber)

178

179 # Save the image to a file

180 filename = os.path.join(indfiber, f"Fiber_{i+1}.jpg")

181 cv2.imwrite(filename, img4_with_contour)

182

183 # Compute the convex hull of the contour

184 epsilon = 0.1*cv2.arcLength(cnt,True)

185 simplified_cnt = cv2.approxPolyDP(cnt, epsilon, True)

186 hull = cv2.convexHull(simplified_cnt)

187

188 # Draw contour in red color on the blank image

189 img4_with_contour = cv2.drawContours(blank_image, [cnt], -1, (0, 0, 255), 2)

190

191 # For each point in the convex hull

192 for j in range(len(hull)):

193 # Calculate the distance from the center to the hull point

194 dist = np.linalg.norm(center - hull[j][0])

195

196 # Draw the fibril line in blue color

197 cv2.line(img4_with_contour, (cX, cY), tuple(hull[j][0]), (255, 0, 0), 2)

198

199 # Display the image with the contour and diameter

200 #cv2.imshow(’Fiber ’ + str(i+1), img4_with_contour)

201

202

203

204 # Compute the distance from the origin of the image

205 distance_from_origin = np.linalg.norm(center)

206 # Compute the orientation of the fibril

207 if len(cnt) >= 5: # fitEllipse requires at least 5 points
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208 (x, y), (MA, ma), angle = cv2.fitEllipse(cnt)

209 angle = abs(angle) % 90

210 # For each point in the convex hull

211 for j in range(len(hull)):

212 # Calculate the distance from the center to the hull point

213 dist = np.linalg.norm(center - hull[j][0])

214

215 if dist < 10:

216 angle = None

217 # Draw the fibril line

218 cv2.line(img2, (cX, cY), tuple(hull[j][0]), (255, 0, 0), 2) # fibril line in

blue color

219

220 # Draw non-overlapping circles along the fibril line

221 p1, p2 = center, hull[j][0] # start and end points of the fibril

222 fibril_length = dist

223

224 # Adjust the step size to separate the circles

225

226 circle_diameter = round(5/micrometers_per_pixel) # Set your desired circle

diameter in UM unit

227 step_size = circle_diameter # No more +1, so circles will be touching

228 num_circles = int(fibril_length // step_size)

229

230 # Calculate the unit vector along the fibril line

231 unit_vector = (p2 - p1) / fibril_length

232

233 # Draw circles with centers along the fibril line

234 circle_color = (0, 255, 255) # Yellow color

235 circle_radius = circle_diameter // 2

236

237 for k in range(num_circles):

238 fibril_center = p1 + (step_size * k) * unit_vector

239 fibril_center = tuple(map(int, fibril_center))

240 cv2.circle(img2, fibril_center, circle_radius, circle_color, 2)

241

242 # Save fibril information to the DataFrame

243 fibril_data.append({

244 "Fibril": i+1,

245 "Circle": k+1,

246 "Center": (fibril_center[0]*micrometers_per_pixel, fibril_center[1]*

micrometers_per_pixel),

247 "distance_from_origin(um)": distance_from_origin* micrometers_per_pixel

,

248 "Orientation": angle,

249 "Diameter(um)": circle_diameter* micrometers_per_pixel, # converting

the diameter from pixels to micrometers

250 "Fibril_length(um)": fibril_length * micrometers_per_pixel #

converting the fibril_length from pixels to micrometers

251 })

252

253 fibril_data_df = pd.DataFrame(fibril_data)

254 fibril_data_df = fibril_data_df.dropna()

255 fibril_data_df.to_csv(CSV_Path, index=False)

256

257

258

259 # Prepare a DataFrame to store pairwise distances

260 print("The circles diameter is(um):",circle_diameter * micrometers_per_pixel)
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261 pairwise_distances = []

262

263 # Calculate pairwise distances between circle centers

264 for i in range(len(fibril_data)):

265 for j in range(i + 1, len(fibril_data)):

266 fibril1 = fibril_data[i]

267 fibril2 = fibril_data[j]

268

269 # Ignore if the circles belong to the same fiber

270 if fibril1["Fibril"] == fibril2["Fibril"]:

271 continue

272

273 # Calculate the distance between circle centers

274 center1 = np.array(fibril1["Center"])

275 center2 = np.array(fibril2["Center"])

276 distance = np.linalg.norm(center1 - center2)

277

278 # Save the distance to the DataFrame

279 pairwise_distances.append({

280 "Circle1": (fibril1["Fibril"], fibril1["Circle"]),

281 "Circle2": (fibril2["Fibril"], fibril2["Circle"]),

282 "Distance": distance

283 })

284

285

286 # Save pairwise distances to a CSV file

287 pairwise_distances_df = pd.DataFrame(pairwise_distances)

288 pairwise_distances_df.to_csv(output_prefix + "pairwise_distances.csv", index=False)

289

290 # Compute the histogram of distances

291 lower_limit_distance = 0 #pixel

292 upper_limit_distance = 480 #pixel

293 distances = pairwise_distances_df["Distance"].values

294

295 distances = distances[(distances >= lower_limit_distance) & (distances <=

upper_limit_distance)]

296

297 bins = np.linspace(0, np.max(distances), 50)

298 hist, bin_edges = np.histogram(distances, bins=bins)

299

300 # Calculate the bin width and the volume of the shells

301 bin_width = bins[1] - bins[0]

302 shell_volumes = 4 * np.pi * (bin_edges[1:]**2 - bin_edges[:-1]**2) * bin_width

303

304 # Normalize the histogram to obtain the pair distribution function (PDF)

305 pdf = hist / shell_volumes

306

307 # Save the PDF data to a CSV file

308 pdf_df = pd.DataFrame({"Distance": bins[:-1], "PDF": pdf})

309 pdf_df.to_csv(output_prefix+"pdf.csv", index=False)

310

311 # Plot the pair distribution function

312 plt.plot(bins[:-1], pdf, marker="o")

313 plt.xlabel("Distance (µm)", fontsize=16, fontweight="bold")

314 plt.ylabel("Pair Distribution Function")

315 plt.title(title)

316 plt.savefig(save_PLOT)

317 plt.show()

318 img3 = img2.copy()
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319 # Draw contours in red color

320 img3_with_contours = cv2.drawContours(img3.copy(), filtered_contours, -1, (0, 0, 255),

2)

321

322 # Display the original image with contours

323 cv2.imshow(’contoures on the main image’, img3_with_contours)

324

325 img4 = img3.copy()

326 #***********************************************************************

327 # Create a blank image

328 blank_img4 = np.zeros(img4.shape, dtype=np.uint8)

329

330 # Draw contours in red color on the blank image

331 img4_with_contours = cv2.drawContours(blank_img4, filtered_contours, -1, (0, 0, 255),

2)

332

333 # For each filtered contour

334 for i, cnt in enumerate(filtered_contours):

335 # Compute the center of the contour

336 M = cv2.moments(cnt)

337 cX = int(M["m10"] / M["m00"])

338 cY = int(M["m01"] / M["m00"])

339 center = np.array([cX, cY])

340

341 # Compute the convex hull of the contour

342 epsilon = 0.1*cv2.arcLength(cnt,True)

343 simplified_cnt = cv2.approxPolyDP(cnt, epsilon, True)

344 hull = cv2.convexHull(simplified_cnt)

345

346 # For each point in the convex hull

347 for j in range(len(hull)):

348 # Calculate the distance from the center to the hull point

349 dist = np.linalg.norm(center - hull[j][0])

350

351 # Draw the fibril line in blue color

352 cv2.line(img4_with_contours, (cX, cY), tuple(hull[j][0]), (255, 0, 0), 2)

353

354 # Display the image with contours and diameters

355 cv2.imshow(’contoures’, img4_with_contours)

356 cv2.waitKey(0)

357 cv2.destroyAllWindows()

358 fig = plt.figure(figsize=(10,10)) # Adjust as necessary

359

360 ax1 = fig.add_subplot(2,2,1) # Here 2,2 is the number of rows and columns of images

361 ax1.imshow(cv2.cvtColor(img, cv2.COLOR_BGR2RGB)) # Convert BGR to RGB for correct

display

362 ax1.title.set_text(’Original’)

363

364 ax2 = fig.add_subplot(2,2,2)

365 ax2.imshow(closing, cmap=’gray’)

366 ax2.title.set_text(’Threshold’)

367

368 ax3 = fig.add_subplot(2,2,3)

369 ax3.imshow(cv2.cvtColor(img4_with_contours, cv2.COLOR_BGR2RGB)) # Convert BGR to RGB

for correct display

370 ax3.title.set_text(’Contours on Main Image’)

371

372 ax4 = fig.add_subplot(2,2,4)

373 ax4.imshow(cv2.cvtColor(img3_with_contours, cv2.COLOR_BGR2RGB)) # Convert BGR to RGB
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for correct display

374 ax4.title.set_text(’Contours/lines/circles’)

375

376 plt.savefig(output_prefix + "combined_image.jpg")

377 plt.show()

378 return pdf_df

379

380

381

382

383 pdf_df_A=process_image(Image_Path_A,

384 output_prefix_A,

385 manual_thresh_A,

386 "Col",

387 Loc_A,

388 CSV_Path_A

389

390 )

391

392 pdf_df_E=process_image(Image_Path_E,

393 output_prefix_E,

394 manual_thresh_E,

395 "colfncell",

396 Loc_E,

397 CSV_Path_E

398

399 )

400

401

402

403 Npdf_A=pdf_df_A["PDF"]/pdf_df_A["PDF"].max()

404 Npdf_E=pdf_df_E["PDF"]/pdf_df_E["PDF"].max()

405

406

407

408 plt.plot(pdf_df_A["Distance"], Npdf_A, marker="o",color=’purple’ ,label="Col-Fn")

409 plt.plot(pdf_df_E["Distance"], Npdf_E, marker="o",color=’blue’ ,label="Col-Fn-Cell")

410 plt.xlabel("Distance (µm)", fontsize=10, fontweight="bold")

411 plt.ylabel("Pair Distribution Function",fontsize=10, fontweight="bold")

412 #plt.xlim([-300,400])

413 plt.legend()

414 plt.title(’Cold cast’)

415 plt.savefig(r"output/N-pdf.jpeg", dpi=600, bbox_inches="tight")

416 plt.show()
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