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Abstract001

According to the World Health Organization, breast002

cancer claimed the lives of approximately 685,000003

women in 2020. Early diagnosis and accurate clin-004

ical decision-making are critical in reducing this005

global burden. In this study, we propose THIR, a006

novel Content-Based Medical Image Retrieval (CB-007

MIR) framework that leverages topological data008

analysis—specifically, Betti numbers derived from009

persistent homology—to characterize and retrieve010

histopathological images based on their intrinsic011

structural patterns. Unlike conventional deep learn-012

ing approaches that rely on extensive training, an-013

notated datasets, and powerful GPU resources,014

THIR operates entirely without supervision. It ex-015

tracts topological fingerprints directly from RGB016

histopathological images using cubical persistence,017

encoding the evolution of loops as compact, inter-018

pretable feature vectors. The similarity retrieval is019

then performed by computing the distances between020

these topological descriptors, efficiently returning021

the top-K most relevant matches.022

Extensive experiments on the BreaKHis dataset023

demonstrate that THIR outperforms state-of-the-art024

supervised and unsupervised methods. It processes025

the entire dataset in under 20 minutes on a stan-026

dard CPU, offering a fast, scalable, and training-free027

solution for clinical image retrieval.028

1 Introduction029

Cancer is a leading cause of death worldwide, with030

nearly 10 million deaths in 2020, or nearly one in031

six deaths [1]. Breast cancer accounts for 25% of032

all cancers in women worldwide, and about 685,000033

women lost their lives due to breast cancer in 2020 [2].034

Histopathology is the gold standard for cancer diag-035

nosis [3], which involves extracting tissue specimens036

from suspicious areas to prepare a glass slide for a037

microscopic examination [4]. However, this examina-038

tion might have some human errors or intraobserver039

variability. Singh, et al. [5] made an extensive re-040

view of the errors in cancer diagnosis. Accurate041

cancer diagnosis and grading rely on many factors,042

including the knowledge, experience, and skills of043

pathologists [6], which can increase the rate of hu-044

man error in diagnosis. Diagnosis is a high-risk045

area of errors, including missed, inappropriately de-046

layed, or wrong diagnoses [6]. Digital pathology, by047

employing Deep Learning (DL) and Machine Learn- 048

ing (ML) techniques, has a significant impact on 049

decreasing human errors by providing a second opin- 050

ion for pathologists [7]. An image retrieval tool that 051

finds cases with similar morphological features can 052

help diagnose rare diseases and unusual conditions 053

that may not have enough cases available to develop 054

accurate supervised classification models [8]. 055

While Content-Based Image Retrieval (CBIR) has 056

been under investigation for decades [9], only with 057

the emergence of digital pathology and DL, the stud- 058

ies have begun to focus on image search and analysis 059

in histopathology [10]. Content-Based Medical Im- 060

age Retrieval (CBMIR) offers a new approach to 061

computational pathology [11]. CBMIR provides the 062

top K with patches similar to the query from the 063

previously diagnosed and treated cases. This can 064

assist pathologists in tackling the above-mentioned 065

errors. The main base of CBMIR is similarity mea- 066

surement, which considers features including texture, 067

shape, intensity, etc., and compares them with the 068

previous cases [12]. This retrieval helps pathologists 069

receive not only the labels, but also patches similar 070

to their query. This can increase the explainability 071

of the methods since pathologists can analyze the 072

texture and compare it with similar cases based on 073

their expertise. 074

Visual examination of the patterns of the tissue 075

in a monitor is a task usually relegated to patholo- 076

gists or computational biologists. CBMIR can assist 077

pathologists in analyzing and managing a large vol- 078

ume of images to enhance diagnosis, collaboration, 079

education, research, and the decision-making pro- 080

cesses [13]. By searching and retrieving visually sim- 081

ilar images with their labels, pathologists have more 082

information to detect the abnormalities. CBMIR 083

not only increases the accuracy of cancer diagnosis 084

but also speeds up the process of consulting peers. It 085

can support remote consultation and collaboration 086

between pathologists from all over the world [14]. 087

In addition, CBMIR is a crucial tool in research for 088

exploring large histopathological image archives to 089

discover and identify new patterns, trends, graphs, 090

and correlations between cancer grades [13]. For ex- 091

ample, it can be a teaching tool in histopathological 092

education, allowing trainers to study and compare 093

various histopathological patterns. 094

CBMIR consists of ranking images concerning 095

a query image based on visual similarities with a 096

typical workflow, as illustrated in Figure 1. Fol- 097

lowing [15], it has two phases: offline and online. 098
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Figure 1. shows the main workflow of a CBMIR. It
contains two main phases, offline and online. The same
FE applies in both phases to extract features. Then, the
Euclidean distance as a distance measurement function
is applied to find the top-3 similar patches. On top of
the query image and the retrieved images, their labels
are mentioned.

The offline phase includes extracting features of the099

previous cases and indexing them. In the online100

phase, a query image, which is an unseen image101

for the Feature Extractor (FE), is fed to the same102

FE as in the offline phase to extract its features.103

To identify those most relevant images, a similarity104

function is applied between the extracted features of105

the query and the previous cases. Then, the top-K106

most relevant images from the previous cases are107

retrieved. This is similar to the traditional workflow108

in hospitals using Atlas books [16].109

DL-based methods, particularly Convolutional110

Neural Networks (CNNs), have shown great suc-111

cess in CBMIR tasks by automatically learning hi-112

erarchical feature representations. However, these113

models often require large amounts of labeled data,114

are prone to overfitting, suffer from limited GPU115

resources, and lack interpretability. In this paper,116

THIR focuses on the topological information of im-117

ages and texture features extracted from Topological118

Data Analysis (TDA). TDA provides hand-crafted,119

mathematically interpretable features, such as Betti120

values, that describe the global structure of images.121

While DL focuses on local patterns and appearance,122

TDA emphasizes global connectivity and shape, of-123

fering complementary information [17].124

To the best of the authors’ knowledge, this is125

the first study to apply TDA to CBMIR in digital126

pathology. The main contributions of this paper are127

as follows:128

• THIR is a fully unsupervised method that elim-129

inates the need for labeled datasets, addressing130

one of the key challenges in medical image anal-131

ysis.132

• Through cubical persistence, we capture unique133

topological signatures by tracking how topologi-134

cal structures develop across the color channels135

of the images.136

• THIR is computationally efficient; the entire137

feature extraction process for the training set 138

using THIR takes approximately 20 minutes, 139

resulting in a compact and informative topolog- 140

ical feature vector. 141

• Unlike ML-/DL-based methods, THIR does 142

not require hyperparameter tuning, GPU re- 143

sources, and a training phase, making it simple, 144

scalable, and accessible. 145

• The accuracy of THIR surpasses that of re- 146

cently published supervised and unsupervised 147

methods in CBMIR tasks. 148

2 Related work 149

The performance of CBMIR mainly depends on the 150

choice and performance of the FE method. A high- 151

quality FE algorithm can improve the precision of 152

the search engine [18]. There are some common 153

descriptors, such as Scale-invariant feature trans- 154

form (SIFT) [19], Local Binary Patterns (LBP) [20], 155

Histogram of Oriented Gradient (HOG) [21], edge 156

histogram descriptor [22], and Gabor filter [23] for 157

texture analysis, which explore the local features 158

of the images. Local features refer to the general 159

pattern of images, such as a point, edge, or small 160

image patch. 161

Artificial intelligence (AI) enabled CBMIR for an 162

effective diagnosis in [24]. Then, as CNNs show their 163

power and high effectiveness in extracting features, 164

they have become increasingly used for CBMIR. DL- 165

based models yield high-performance search engines 166

by extracting features of images for tasks related to 167

CBMIR. Many recent studies [25–28] were dedicated 168

to exploring the performance of different DL-based 169

methods in CBMIR. 170

Among the various types of DL-based methods, 171

Auto Encoders (AEs), GANs, and Siamese net- 172

works [29] have a special place as FE in the CBMIR 173

task. In [14], the author reported 9.33 and 6.59 hours 174

of training time for training a Convolutional Auto 175

Encoder (CAE) and Federated Learning (FL) CAE, 176

respectively. [14] claims that FedCBMIR is faster 177

compared to traditional CBMIR using the same 178

CAE structure and the same GPU type (NVIDIA 179

GeForce RTX 3090). FedCBMIR provides 98% accu- 180

racy, and the UCBMIR in [30] yields 93% accuracy 181

at the top-5 on the BreaKHis data set. The Siamese 182

network in [31] obtains 94% an F1-score at the top- 183

5 retrievals for breast cancer. Authors in [32] in 184

Google AI Healthcare proposed an automatic high- 185

level feature extraction on prostate cancer. The 186

obtained results were reported at the top-5 simi- 187

lar patches with an accuracy of 73%. Yottixel [33] 188

uses the DenseNet structure, which is trained on 189

the ImageNet data set for extracting patches with- 190

out being trained specifically for the CBMIR task. 191
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RetCCL [34] proposes a method based on cluster-192

ing feature vectors of the patches. In this work,193

a ResNet50 was trained using contrastive learning.194

In [35], a Graph Neural Network (GNN) encodes195

Region of Interest (ROI) graphs into representations196

using a contrastive loss function in a self-supervised197

manner. The study in [36] proposes size-scalable198

CBMIR from databases that consist of whole-slide199

images (WSIs). This method has addressed scal-200

able retrieval frameworks tailored to WSIs, focus-201

ing on efficient indexing and patch-level compar-202

isons to manage the immense size and complexity203

of histopathological data.204

The authors in [37] provide an overview of the205

TDA methods in biomedicine. After reviewing the206

recently published literature, this study aims to207

explore the potential of TDA with CBMIR applica-208

tions. To the best of our knowledge, this combina-209

tion has never been explored for CBMIR tasks in210

breast cancer.211

3 Material and Methodology212

Our methodology consists of two steps. First, we213

extract the topological feature vectors from the data214

set and the query. Then, we apply a similarity215

measurement function to these vectors to find the216

top-K similar patches to the query from the data217

set. This provides a search engine based on the218

images’ topological information, resulting in a fast219

and interpretable model called THIR. The imple-220

mentation in this study focuses on breast cancer.221

Figure 2 and Figure 3 illustrate the whole workflow222

of the proposed methodology.223

3.1 Data set224

BreaKHis data set [38] was created in the PD lab-225

oratory in Prana, Brazil, and consists of 7909 mi-226

croscopic images of breast cancer. This collection227

contains four different magnifications (40×, 100×,228

200×, and 400×)1 as shown in Table 1. In this bi-229

nary data set, tissues were stained with Hematoxylin230

and Eosin (H&E), which is the most common color231

in histopathological images [39]. Following the pre-232

vious studies [14, 30, 31] to be able to have compa-233

rable results, we resized the images into 240×240×3.234

Since the images are from the cancerous tissue, they235

are not affected by image transforming, inverting,236

zooming in, or rotation by 90 degrees [40].237

3.2 Topological Data Analysis (TDA)238

Topology studies properties of spaces that are in-239

variant under any continuous deformation. Over the240

past two decades, TDA has proven highly effective in241

identifying topological structures within images [41].242

1https://www.kaggle.com/datasets/ambarish/breakhis

Table 1. The distribution of BreakHis data set.

Magnification Benign Malignant Total

40× 625 1370 1995
100× 644 1437 2081
200× 623 1390 2013
400× 588 1232 1820
Total 2480 5429 7909

In the context of histopathological image analysis, 243

TDA has demonstrated strong potential in cancer 244

detection [42]. TDA extracts meaningful patterns by 245

analyzing the homological features of images. These 246

features can quantify the complex topological shapes 247

and geometric structures in the data. The advantage 248

of TDA is that it can effectively process complex 249

and high-dimensional data, capture the global topo- 250

logical structure of the data, and provide a deep 251

understanding of the shape of the data [43]. This 252

means that TDA offers a mathematically robust and 253

interpretable way to capture topological features, 254

especially in medical images where texture, shape, 255

and structure matter. 256

In this study, we utilize TDA to extract topolog- 257

ical features from medical images, specifically fo- 258

cusing on Persistent Homology (PH), one of TDA’s 259

most prominent tools. PH quantifies how topologi- 260

cal features—such as connected components, loops, 261

and voids—evolve across different scales, represented 262

by a filtration. A filtration is a sequence of nested 263

spaces generated by progressively thresholding the 264

data. Within this framework, a feature is born at 265

the threshold where it first appears and dies at the 266

threshold where it is merged or disappears. Long- 267

lived features (those with large persistence) are con- 268

sidered topologically meaningful, while short-lived 269

ones are often attributed to noise [44]. A compre- 270

hensive overview of TDA and PH is provided in [45]. 271

There are two widely used algorithms for com- 272

puting homology: simplicial and cubical homology. 273

While simplicial complexes offer greater generality, 274

cubical complexes are more computationally efficient 275

and well-aligned with image data, which naturally 276

reside on regular pixel grids [46, 47]. In the cubical 277

setting, images are modeled as 2D grids of square 278

cells (pixels), and a topological structure is built by 279

thresholding pixel intensities. The resulting binary 280

images are interpreted using 0D (points), 1D (edges), 281

and 2D (squares) elements [48]. 282

As the threshold increases, new topological fea- 283

tures appear and disappear, which can be quantified 284

using Betti numbers: β0 (number of connected com- 285

ponents), β1 (number of loops), and β2 (number of 286

voids). These values provide compact, interpretable 287

descriptors of image structure and texture. In med- 288

ical imaging, they serve as powerful shape-based 289

features that are invariant to rotation and inten- 290

sity changes and are equivalent to spatial scaling, 291

offering a complementary perspective to pixel-based 292
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Figure 2. THIR model. We first generate persistence diagrams for any input images, utilizing the cubical complex
on each channel of the images. Next, we derive our topological feature vectors, represented as the Betti curves.
The values of this curve are then input into the CBMIR workflow to produce the results of the search engine.

or deep learning methods. This interpretability is293

particularly valuable in clinical contexts, where ex-294

plainability is essential.295

Figure 2 illustrates the cubical complex process.296

The input image is first overlaid with a grid, and297

each unique intensity value is treated as a threshold298

value (th). For 8-bit grayscale images, the filtration299

spans Krr ∈ T = K0, . . . ,K255. As the th value300

increases, connected components and loops emerge301

and then merge or vanish. The persistence diagram302

in the figure summarizes this process: β0 features303

are shown in red and β1 in blue. The diagonal line304

represents birth = death, and points far from the305

diagonal indicate more persistent, and thus more306

meaningful features [49].307

In this study, we focus on β1. So, the Betti values308

are the number of loops in the image. As can be309

seen in Figure 2, the Betti curve for this data set310

resembles a bell shape, peaking where most loops311

are present. Initially, at low thresholds, few fea-312

tures appear due to limited pixel activation. As313

the threshold increases, more features emerge until314

a saturation point is reached. At high thresholds,315

the image becomes nearly black, and topological316

features disappear. This dynamic is further illus-317

trated in Figure 3, which shows the effect of different318

threshold values on the R, G, and B channels of an319

image. The transformation of pixel intensities across320

channels explains the bell-shaped nature of the Betti321

curve. It is noteworthy to mention that the RGB322

color space in the dataset is the default mode, which323

is aligned with the staining of the tissues. [50] pro-324

vides a comprehensive overview of different color325

spaces in digital pathology.326

Since our dataset consists of RGB images, we327

applied the described cubical complex pipeline sep-328

arately to each channel. Consequently, each im-329

age yields three Betti curves—one for each channel.330

These topological descriptors are then concatenated 331

together and forwarded to the CBMIR pipeline for 332

downstream analysis and similarity-based image 333

search. 334

Betti curves are naturally calculated on a non- 335

uniform filtration scale. For instance, let us 336

assume we have n loops represented as β1 = 337

[(b1, d1), (b2, d2), . . . , (bn, dn)]. For homogeneous 338

treatment across datasets, we uniformly select R = i 339

filtration points within the range between the mini- 340

mum birth value and the maximum death value, de- 341

noted as X = [R1, R2, . . . , Ri]. A loop β1(n) is con- 342

sidered alive at a filtration point Xi if bn ≤ Xi ≤ dn. 343

Thus, we introduce a Betti curve resolution (R), 344

which determines the granularity at which topologi- 345

cal features are detected such that higher resolutions 346

preserve fine-grained structures but may capture 347

noisy artifacts, while lower resolutions emphasize 348

large-scale features at the cost of missing subtle pat- 349

terns. The appropriate resolution for a given image 350

set is a modeling choice that balances sensitivity 351

and robustness in tissue analysis. 352

4 Experiments 353

In this paper, we focus on the application of TDA 354

in digital pathology and analyze the topological pat- 355

terns of the histopathological images. To do so, our 356

method of choice is the Betti curves of the cubical 357

complexes. The cubic complex from the Gudhi Li- 358

brary2 works with grayscale images. However, in 359

digital pathology and working with WSIs, color plays 360

a significant role that cannot be discarded from the 361

experiments [40]. To address this, we apply cubical 362

complex persistence separately to each RGB chan- 363

nel, treating them as independent grayscale images. 364

2https://gudhi.inria.fr/cubicalcomplex/
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Figure 3. shows three channels of an RGB image under
different th values. These values were defined as a sub-
level filtration in [0-1] for the normalized images. Each
channel goes through the same th values to illustrate
the th impacts on channels.

The resulting Betti values from each channel are365

then concatenated to form a comprehensive topo-366

logical descriptor for each image. With Betti curves367

sampled uniformly in R resolution, for each image368

we have 3×R features. As mentioned above, finding369

the optimum value for the resolution is challenging370

and has a direct impact on the final results. As the371

resolution R increases, more fine-grained topological372

details are captured, though at the cost of longer373

computation times. In the case of BreaKHis data374

set, R = 200 offers a strong balance between per-375

formance and efficiency, yielding the best accuracy376

with a much lower computational burden, followed377

by [45]. So, for the following experiments in this378

paper, we considered R = 200. Therefore, a descrip-379

tor representing each image is constructed from the380

features derived from β1 for the CBMIR framework.381

In the next step, the extracted features for the en-382

tire dataset are saved. Subsequently, we compute383

the features of the test set, which was previously384

separated from the training set. With 600 features385

extracted per image, we proceed to the comparison386

phase. Specifically, we use the Euclidean distance387

metric to identify the top-K most similar patches388

from the training set for each query image. After389

ranking the images based on their smallest distances,390

the top matching patches are retrieved and visual-391

ized along with their corresponding labels to assist392

pathologists in analysis.393

5 Results and discussion394

When evaluating the performance of CBMIR meth-395

ods, several important aspects must be considered,396

including training time, accuracy, and ease of train-397

ing. In this section, we compare the performance of398

THIR with other methods across all these dimen-399

sions.400

5.1 Accuracy Comparison 401

One challenge in this study is the scarcity of compa- 402

rable methods evaluated on the same dataset under 403

identical conditions (i.e., same K value and magni- 404

fication). To address this, we provide Table 2 and 405

some more figures, such as Figure 4, to provide a 406

comprehensive overview of the results in this study. 407

summarizing recent studies on BreaKHis, indicat- 408

ing their magnification and the K value considered. 409

This enables clearer benchmarking of THIR across 410

multiple settings. The evaluation is performed at 411

multiple values of K, focusing on key performance 412

metrics: accuracy, recall, precision, and F1-score. 413

In published studies on CBMIR, the value of K 414

varies across works. Additionally, different magni- 415

fications of the BreaKHis dataset have been con- 416

sidered, and only a few studies have applied their 417

methods to all magnifications (40×, 100×, 200×, 418

and 400×). These variations make direct compari- 419

son challenging. To address this, we applied THIR 420

across all magnifications of the data set using the 421

most commonly used values of K. Following the 422

evaluation protocol of [32, 51, 52], we conducted a 423

fair comparison with several state-of-the-art meth- 424

ods. 425

At 400× magnification, THIR achieves an accu- 426

racy of 0.98 at the top-5, outperforming both super- 427

vised and unsupervised methods. Notably, it delivers 428

an accuracy of 0.98, which is 18% higher than Breast- 429

twins (0.69), a fully supervised method utilizing a 430

Siamese network for similarity learning. In [14], Fed- 431

CBMIR was designed to generalize across all mag- 432

nifications and was evaluated at 400×. Although 433

FedCBMIR aims to enhance performance on unseen 434

data, THIR consistently delivers better retrieval 435

accuracy and precision, even without any learning 436

phase or hyperparameter tuning. This trend contin- 437

ues at 200× magnification with K = 5, where THIR 438

achieves a precision of 0.99, surpassing FedCBMIR 439

by 10% (FedCBMIR precision = 0.89). Addition- 440

ally, THIR demonstrates stronger performance than 441

other baselines like CNN-based AE (0.93 precision) 442

and MCCH (0.89 precision). 443

In Table 2, we include three methods from [53], 444

for which the value of K used in top-K retrieval 445

is not explicitly defined in the original paper. The 446

only instance where a specific K value is mentioned 447

appears in the caption of a qualitative figure, where 448

they state K = 5. However, this information is 449

not provided for the quantitative results reported 450

in the tables. Therefore, due to the lack of clarity 451

regarding the retrieval threshold, we marked the K 452

value as ”Not-defined” in our comparison table. The 453

paper [53] focuses on hashing-based methods and 454

reports retrieval performance at various code lengths: 455

16, 32, and 64 bits. To include these results in our 456

comparison, we selected the highest performance 457

across all bit lengths. For example, the DCMMH 458
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method achieves its best performance (0.95) at 32459

bits for 40× magnification, while DPSH reaches its460

highest at 16 bits for the same magnification. To461

ensure a fair comparison with our proposed method,462

we report only the top-performing results from each463

approach, regardless of the bit length used.464

Across all magnifications and for both K = 3,465

K = 5, and K = Not defined, THIR maintains466

high and stable performance. It consistently outper-467

forms CNN-based AE, MCCH, and several hashing-468

based methods (e.g., HashNet, IDHN, DTQ), as well469

as state-of-the-art frameworks such as FedCBMIR470

and VTHC. These results highlight the robustness471

and effectiveness of TDA in CBMIR, especially com-472

pared to DL-based methods that require substantial473

training time and parameter optimization.474

Figure 4 shows four random examples of retrieval475

results with corresponding labels. Incorrect re-476

trievals (where the retrieved label differs from the477

query label) are outlined in red. This visual analysis478

enables qualitative evaluation of system performance479

and highlights the capability of topological features480

to capture structural similarities in histopatholog-481

ical breast cancer images. Beyond label checking,482

pathologists can also examine structural patterns483

between queries and retrieved results based on their484

expertise.485

Figure 5 contains four panels, each showing the486

Betti curves of four randomly selected images. Differ-487

ent colored lines represent different images. A guide488

bar on top of each panel indicates the corresponding489

class label of each image related to its curve. The490

x-axis displays the filtration steps, while the y-axis491

shows the Betti values. The x-axis ranges from 0492

to 600, illustrating that 600 features were extracted493

from the Betti values of each RGB image. As men-494

tioned earlier, we computed the Betti values for each495

channel separately using the cubical complex and496

Figure 4. shows four random queries and their similar
patches. Each row represents a query image (leftmost)
followed by its top-3 retrieved images. The true class
labels are shown as Query Label and Retrieved Label.
Misclassified retrievals are outlined in red.

then concatenated them to obtain a representative 497

feature vector for the entire image. Thus, the x-axis 498

can be interpreted in intervals of 200: the interval 499

[0–200] represents the Betti values for the red chan- 500

nel, [200–400] for green, and [400–600] for blue. This 501

figure demonstrates how the trend of Betti curves 502

behaves across channels for images from the same or 503

different classes. For instance, in the top-left panel, 504

all images belong to the same class (Benign), and 505

their Betti curves follow a similar trend, indicating 506

topological similarity. In contrast, in the top-right 507

panel, the red line deviates noticeably, suggesting a 508

different topological pattern compared to the other 509

three images. The remaining three (blue, orange, 510

and green lines) follow a similar trend, which reflects 511

their similarity in class labels. In the bottom panels, 512

two additional examples show that two images have 513

similar Betti curves and share the same labels, while 514

the other two follow distinct trends and have dif- 515

ferent labels. These characteristic patterns suggest 516

that Betti curves encode discriminative information 517

suitable for unsupervised CBMIR. 518

Furthermore, Figure 6 demonstrates the retrieval 519

of four random queries based on Betti values. In 520

each retrieval panel, four Betti curves are shown: 521

the red line represents the query, while blue, orange, 522

and green lines represent the top-3 retrieved images. 523

The class labels are indicated above each image, 524

and a guide bar links the curve colors to the im- 525

ages. In some cases, such as the top-left panel, the 526

retrieved image shares similar topological features 527

with the query but has a different label, suggesting 528

intraobserver variability. In other cases, such as the 529

top-right panel, all retrieved images share the same 530

label with the query, reinforcing the robustness of 531

Betti features. Such visualization suggests that im- 532

ages with similar Betti curves may share underlying 533

histopathological characteristics, even when labeled 534

differently. This highlights the potential of CBMIR 535

for digital pathology applications and demonstrates 536

advantages over traditional Computer-Aided Diag- 537

nosis (CAD) tools. 538

As an indirect comparison between the THIR 539

result and state-of-the-art classifiers on the same 540

images, Table 3 provides comprehensive information 541

regarding the accuracy of classifiers on the BreaKHis 542

data set at 40X. TopOC-1 and TopOC-CNN in [45] 543

obtained 89% and 93% accuracy, while THIR was 544

successful in retrieving images with the same label 545

with 98% accuracy. However, TopOC-1 and TopOC- 546

CNN needed some training time and hyperparameter 547

tuning. 548

5.2 How Fast, How Simple: Training, 549

Searching, and Using the Model 550

Several recent CBMIR studies based on CAE have 551

reported training times of approximately 9.33 hours 552

6
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Figure 5. shows four panels, each with four concatenated Betti curves for four random images. The label of
each image is represented in a small bar on top of each panel. L = 0 and L = 1 mean ”Benign and ”Malignant”
cases, respectively. This explains how images with the same cancer grade have similar Betti curves. The y-axis
illustrates the number of loops at each filtration step, and the x-axis represents the filtration step for each channel.
R = 200 yields 200 filter steps for each channel, which means 600 filter steps in total for an RGB image.

Table 2. Performance comparison of THIR with recent methods at various K values on BreaKHis across all
magnifications. The best results per metric are bolded.

Magnification Method K Accuracy Recall Precision F1-score

40×

THIR 3 0.95 0.97 0.96 0.97
THIR 5 0.98 0.97 0.96 0.95

FedCBMIR [14]

5

0.97 - 0.96 0.98
CBMIR [14] 0.95 - 0.93 0.96
MCCH [54] - - 0.94 -

CNN-based AE [52] - 0.77 0.95 -
HSDH [55]

400

- - 0.99 -
DTQ [55] - - 0.91 -
ATH [55] - - 0.89 -
IDHN [55] - - 0.95 -

HashNet [55] - - 0.91 -
VTHC [56] 6 - - 0.98 -

DCMMH [53]
Not defined

- - 0.96 -
DPSH [53] - - 0.95 -
ADSH [53] - - 0.95 -

100×

THIR 3 0.97 0.98 0.98 0.98
THIR 5 0.99 0.99 0.99 0.99

FedCBMIR [14]

5

0.94 - 0.92 0.96
CBMIR [14] 0.90 - 0.88 0.94
MCCH [54] - - 0.92 -

CNN-based AE [52] - 0.49 0.77 -
VTHC [56] 6 - - 0.99 -

DCMMH [53]
Not defined

- - 0.95 -
DPSH [53] - - 0.95 -
ADSH [53] - - 0.94 -

200×

THIR 3 0.97 0.98 0.98 0.98
THIR 5 0.99 0.99 0.99 0.99

FedCBMIR [14]

5

0.92 - 0.89 0.94
CBMIR [14] 0.89 - 0.87 0.93
MCCH [54] - - 0.91 -

CNN-based AE [52] - 0.76 0.92 -
VTHC [56] 6 - - 0.98 -

DCMMH [53]
Not defined

- - 0.97 -
DPSH [53] - - 0.96 -
ADSH [53] - - 0.95 -

400×

THIR 3 0.95 0.97 0.95 0.97
THIR 5 0.98 0.99 0.98 0.99

FedCBMIR [14]

5

0.96 - 0.94 0.97
UCBMIR [30] - 0.79 0.91 -

Breast-twins [54] 0.69 0.82 0.91 0.81
MCCH [31] - - 0.89 -

CNN-based AE [52] - 0.69 0.93 -
VTHC [56] 6 - - 0.99 -

DCMMH [53]
Not defined

- - 0.96 -
DPSH [53] - - 0.95 -
ADSH [53] - - 0.95 -

7
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Figure 6. demonstrates the retrieval of four random queries using Betti values. There are four panels of Betti
curves with the corresponding queries and returned images. For each panel of Betti curves, a query image (top left)
is compared to a set of retrieved images using the Euclidean distance function. Each curve in the panel reflects
topological features over the filtration steps. The alignment of Betti curve patterns with the query supports the
effectiveness of PH for topology-aware image retrieval. The label of each image is represented in a small bar on
top of each panel. L = 0 and L = 1 mean ”Benign and ”Malignant” images, respectively.

and 6.59 hours on the BreaKHis dataset [14] at 40×553

magnification, using an NVIDIA Tesla T4 GPU. Al-554

though FedCBMIR reduces training time compared555

to traditional CBMIR, it still requires a substan-556

tial training duration. In DL-based methods, once557

the models are trained, features are subsequently558

extracted for CBMIR tasks; however, the feature559

extraction time is often not reported in these studies.560

In contrast, our method bypasses the lengthy train-561

ing phase entirely. THIR efficiently processes the562

entire dataset by performing the filtration, calculat-563

ing the Betti values β1, and extracting 600 features564

per image. This comprehensive feature extraction565

for all images in the dataset requires merely about566

20 minutes, which is significantly faster than the567

combined training and feature extraction time of568

existing deep learning approaches.569

Table 3. Classification accuracy of THIR compared
to state-of-the-art methods on the BreaKHis dataset at
400× magnification, with K = 5 for THIR.

Method Accuracy
THIR 0.98

DenseNet201 [57] 0.95
IDSNet [58] 0.94
VGG16 [59] 0.94
Resnet [60] 0.94

DenseNet201 [61] 0.89
BkCapsNet [30] 0.88
CapsNet [62] 0.88
BkNet [63] 0.84

MobileNet [64] 0.84
AlexNet [65] 0.81

6 Conclusion and future work 570

This paper introduces THIR, an unsupervised, 571

training-free, and interpretable framework for 572

Content-Based Medical Image Retrieval (CBMIR) 573

based on topological data analysis. Using cubical 574

persistence and Betti values for loops (β1), THIR 575

extracts robust topological fingerprints from raw 576

RGB histopathological images without annotations, 577

GPU acceleration, or hyperparameter tuning. 578

Experiments on the BreaKHis dataset show that 579

THIR consistently outperforms supervised and un- 580

supervised baselines across all magnifications. At 581

400×, it improves accuracy by 31% and precision 582

by 18% over Breast-twins, a Siamese-network-based 583

model. At 200×, it achieves a 10% gain in preci- 584

sion over FedCBMIR. Similar margins are observed 585

at lower magnifications, with precision up to 0.99 586

at 100×, surpassing all compared methods. These 587

results confirm THIR as a strong alternative for CB- 588

MIR in label-scarce or resource-constrained settings. 589

THIR extracts 600 topological features per image 590

in under 20 minutes on a standard CPU, offering 591

an efficient and scalable solution compared to deep 592

learning models requiring extensive training. Its 593

performance, efficiency, and interpretability make 594

it suitable for clinical applications and diagnostic 595

support. 596

Future work will explore higher-dimensional fea- 597

tures (e.g., persistence images, landscapes), exten- 598

sion to multi-channel and multi-organ datasets, alter- 599

native color spaces beyond RGB, and generalization 600

to multi-class and whole-slide image retrieval tasks. 601
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