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ABSTRACT

In conventional tuberculosis diagnosis, 100-300 fields of view (FOVs) must
be observed, which can lead to observer fatigue. For both tasks, an
automatic stitching framework was developed that extends conventional
feature-based transformations by incorporating affine-geometry-based
feature matching and RANSAC-based homography refinement, thereby
accounting for the unique low-texture morphology and irregular patterns
of Mycobacterium tuberculosis in ZN-stained sputum smears. The system
was tested on a set of 10 overlapping image pairs with a fixed overlap of
30%. Among the evaluated image pairs, the proposed optimized method
achieved a 100% success rate. Objective zero-pixel metric-based
quantitative analysis also validated higher transparency quality compared to
other methods. The proposed SURF implementation reached a minimum
number of 345.263 zero-pixels, outperforming standard SURF (964.247)

and SIFT (1.069.687). This improved robustness to rotation and
illumination variations made the optimized SURF-affine framework a
preferred choice for automatic TB diagnosis systems.

© 2026 The Author(s).
This is an open access article under the CC-BY-SA license.

1. Introduction

Tuberculosis (TB) is an airborne infectious disease caused by Mycobacterium tuberculosis (MTB)
[1], [2], [3], which primarily affects the human respiratory system and spreads through fine droplets
released when a patient coughs or sneezes [4], [5]. Limited access to health care services in some areas
results in an inability to modulate sputum exposure during coughing and appears insufficient to stop
community transmission [6]. Early and rapid laboratory diagnosis is therefore the key to controlling its
spread. The microscopic examination of the sputum with Fluorescence Microscopy (FM) [7], [8], [9],
[10] or Conventional Microscopy (CM) [11], which is cheaper, constitutes the mainstay for TB
diagnosis in limited-resource settings. However, observation of 100-300 fields of view is still necessary
when using a CM-based analysis to check for AFB [12], [13], [14], resulting in labor-intensive, time-
consuming operations or observer fatigue. To overcome these limitations, Whole Slide Imaging (WSI)
is a widely adopted solution that allows combining multiple full-resolution microscopic images into a
single panoramic view [3], [15], [16]. Facilitating WSI is the automatic stitching procedure [17], which
overlays images continuously without introducing any structural alterations [18]. The development of
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feature-based stitching, such as the Scale Invariant Feature Transform (SIFT) algorithm, has greatly
improved this field by enabling the detection of local, scale- and rotation-invariant features [14]. While
SIFT can produce consistent panoramic images, it often struggles with the irregular patterns, subtle
structures, and uneven illumination inherent in sputum smear images. These inconsistencies can lead to
unstable keypoint matching, necessitating more robust alternatives to improve the stability of automatic
stitching [19], [20], [21], [22].

Since sputum microscopic images inherently involve irregular patterns, subtle structures, and staining
differences [23], [24], the keypoint detection algorithms used in automatic stitching should be robust
to these variations. In such a noisy setting, conventional flash-and-no-flash algorithms that rely on
intensity- or correlation-based stitching may not produce reliable registration. Hence, it would require
a feature-based technique with strong robustness to scale, rotation, and illumination changes to
accurately merge overlapping fields. The SIFT-based algorithm has been applied to the stitching of
tuberculosis microscopic images, and it has been shown that panoramic imaging with acceptable
structural consistency can be obtained using SIFT [25]. However, several limitations are also reported,
such as the challenge of achieving stable keypoint matching in the presence of diverse backgrounds and
non-uniform illumination, which are typical of microscopic samples and sputum smear images. These
difficulties underscore the need for stronger alternatives to improve the stability of automatic stitching.
For this reason, we subsequently compare SIFT with a well-known feature-based approach to determine
which method performs better in the presence of the irregularities observed in sputum microscopy. This
requirement leads us to evaluate an advanced feature extractor, viz., Speeded-Up Robust Features
(SURF), for the construction of trusted panoramic sputum images [26], [27]. The SURF algorithm
aims to detect local image features efficiently and accurately. The SIFT method was a partial inspiration
for this algorithm, as it enabled the use of scale-space representations [28]. The advantages of SURF are
that it computes object features from images more quickly than other methods and is robust to rotation,
scale changes, illumination changes, and viewpoint changes [22]. The SURF algorithm is based on
integral image operations and Hessian determinant-based blob detection [29], [30].

Many studies have been conducted to prove the effectiveness of SURF in automatic stitching, with
a significant property in being insensitive to light and angle variations [31], [32]. Classic intensity-based
methods often lose alignment control when faced with such inconsistency. Moreover, the traditional
SIFT algorithm provides an acceptable degree of repeatability but may struggle to maintain stable
keypoint matching in sputum images with variable illumination and cluttered backgrounds. Our
contribution is to use implemented tools that utilize SIFT-affine or SURF-affine transformations [32],
[33]. Unlike traditional applications of SIFT and SURF, our framework includes a RANSAC-based
homography refinement followed by a decision node that checks the spatial distribution of keypoint
matches to discard unreliable matches. By using affine geometry as a refinement step, the algorithm
achieves more accurate registration that compensates for rotation and scaling jitter present in high-
resolution microscopy for detecting tuberculosis parasites. A user-defined Zero-Pixel confirms the
efficacy of this protocol to quantify the smoothness of the result. This affine-based model provides an
efficient and robust diagnostic tool, with a significant reduction in residual artifacts, resulting in a
smooth panoramic view for clinical examination. The system uses SURF for robust feature extraction,
tailored to the specific morphological considerations of tuberculosis sputum microscopy, to perform
automatic stitching. Next, the feature correspondences are detected using a combination of the Brute
Force (BF) Matcher, the Avivadi and Lipman approach [17], Lowe’s Ratio Test [34], and K-Nearest
Neighbors (KNN), and then affine estimators are used to achieve accurate, robust image matching.

2. Method
2.1. System Design

The system design for this study was developed by reviewing the literature on automatic stitching
and image processing methods. An automatic stitching technique was used to integrate microscopic
images of TB sputum samples during the preparation and evaluation phases in order to preserve image
quality. Fig. 1 shows the steps of automatic stitching.
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Fig. 1. The automated stitching pipeline for microscopic sputum images

Fig 1 show the automated stitching pipeline for microscopic sputum images: 1) The process begins
with a pair of microscopic images that have already undergone feature detection using either SIFT or
SURF algorithms, 2) A homography search is performed using the RANSAC algorithm, 3) A decision
node evaluates the separation of matched keypoints, 4) Validated image pairs proceed to the Stitching
and Optimization stage utilizing Affine Geometry, 5) The final phase involves calculating the Zero-Pixel
count.

Two overlapping images taken from slightly different angles, each containing a 30-pixel overlap, are
used as the starting point for the algorithm. In both images, the system identifies unique points of
interest, or keypoints, as features. To identify commonalities, lines are drawn between corresponding
features (keypoints matched). Keypoints (Matched) are legitimate points that are perfectly aligned
between the two images in the overlapping region [35], [36]. Keypoints (Rejected) are points that don't
make sense in the other image and are eliminated. Final automatic stitching results produce a smooth
panoramic effect; the images are distorted and combined based on the matching keypoints.

2.2. Dataset Retrieval Process

Image acquisition was performed using an Olympus CX-31 microscope with a 100x oil-immersion
objective integrated with a Canon EOS 700D DSLR camera to capture high-resolution morphological
features of Mycobacterium tuberculosis. The dataset comprised digital JPG images from 2 cm x 1 cm
sputum smears. Of the 100 captured overlapping images, 20 were selected for testing. The evaluation
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focused on two primary metrics: a ratio test to assess feature matching accuracy and zero-pixel analysis
to quantify the seamlessness of the stitching outcome [15].

Fig. 2. Microscope Setup and Sputum Sample Preparation [4], [25].

2.3. Data Training & Data Testing

The system-processed microscopic images of tuberculosis sputum samples serve as the training and
testing datasets for this study. A total of 80 images were utilized for the training phase, which was used
to build and refine the automatic stitching workflow by teaching the algorithm to identify legitimate
Keypoints (Matched) and discard Keypoints (Rejected). On the other hand, the testing dataset, which
contains 20 images or 10 overlapping pairs in this study, is used as an independent validation set at the
end for system evaluation and analysis.

To improve system robustness, an additional preprocessing step normalizing brightness and contrast
was performed to minimize the impact of imaging variation. The dataset consists of a wide variety of
sputum samples to provide and test the algorithm in realistic laboratory settings. This meticulous
preparation helps ensure that both the training and testing stages closely mirror the real-world challenges
of analyzing microscopic images.

2.4. Implementation of the SURF Algorithm in Image Stitching

After capturing the dataset, an automatic stitching process using the SURF algorithm is performed.
In this setup, the program is programmed to run in Python, where the workflow looks like:

2.4.2. Preprocessing and Feature Extraction

Fig. 3 illustrates the overall workflow for preparing the image stitching dataset. The database is
divided into 80 training images (40 overlapping pairs) and 20 testing images (10 overlapping pairs). Each
image pair undergoes feature extraction, feature matching, keypoint matching with outlier rejection, and
image stitching to generate the final panoramic image. The resulting stitched images are then used to
train and evaluate the proposed model. Some classes from installed libraries will also be imported. To
facilitate visual inspection, the image is first converted to greyscale (only grey levels). Feature extraction
identifies local details in an image. In this situation, the SURF technique detects and describes such
local features. SURF detects keypoints and produces descriptors that can be used for a wide range of
analytic tasks, such as item matching, via cv2.xfeatures2d.SURF create. ().

24.3. Feature Matching

The cv2.xfeatures2d.SURF create () having 400 as its Hessian threshold, 4 octaves, and
3 layers per octave. We used 64-dimensional descriptors, which provided faster processing while still
retaining robust repeatability. Default settings were used for the SIFT method, with a contrast threshold
of 0.04 and an edge threshold of 10. All the computations in the matching method used a Brute-Force

Matcher with a distance metric, followed by the Ratio Test proposed by Lowe (0,7). The automatic
I
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stitching process employs RANSAC as a robust estimator (8-DOF) to extract and reject outliers in the
feature matches. At this time, a (6-DOF) Affine geometric model is estimated by iteration using the
inlier correspondences. This ensures that the final transformation accounts for the rotation, scaling, and
translation inherent in high-magnification microscopy without being skewed by false matches.
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Fig. 3. Schematic Representation of The Training and Testing Dataset Workflow.

The aim of this step is to ascertain how similar or corresponding input images 1 and 2. Several
algorithms, including the BF matcher, KNN, FLANN, and Lowe's Ratio Test, are used during the
feature-matching phase [37]. By comparing key points or features in both input images, the flowchart
illustrates how the image conducts feature search and then compares them to find the result, which is
the level of image matching. The technique uses the closest-distance computation to find matches
between keypoints. The system will draw a line if the final images are identical. The RANSAC algorithm
is used in this procedure to separate keypoints and distinguish accurate matches from invalid ones [38],
[39]. Fig. 4 and 6 show the entire automatic stitching process flow, and the image matching process is
illustrated in Fig. 7.

Fig. 4 illustrates the preprocessing workflow for SURF-based feature extraction. The pipeline begins
with connecting to Google Drive, installing the required libraries, importing the necessary modules, and
 ee—
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—
loading the input image pair. The images are then converted from RGB to grayscale before applying the
SURF algorithm to detect keypoints and compute their descriptors for subsequent feature matching and
image stitching.

Connect to Google , Input image 1
Drive e - Install Library = Import Modul & imagegﬁ
L)
Searching for
Describing - Keypoint Locations SURF Algorithm - | Preprocessing
Keypoints and Descriptors Function (RGB to Grayscale)

Fig. 4. Technical pipeline for microscopic image feature extraction (describing keypoints).

Fig. 5 illustrates the complete image-stitching workflow based on homography estimation and affine
transformations. The process begins with a pair of input images that have already undergone keypoint
detection and descriptor extraction. A homography matrix is then estimated using the Random Sample
Consensus (RANSAC) algorithm to identify reliable feature correspondences while eliminating
mismatched keypoints (outliers). If the number of valid matched keypoints is insufficient, the
corresponding matches are rejected to prevent unreliable image alignment.
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Fig. 5.Integrated Procedural Workflow for Feature Matching followed by a Homography search using the
RANSAC algorithm

For successfully matched keypoints, the estimated homography is used to perform image alignment
and stitching through aftine geometric transformation. The stitched image is subsequently optimized to
improve alignment quality and minimize visible artifacts. Finally, the number of zero-valued pixels in
the stitched image is used as an objective metric to evaluate stitching quality, with fewer zero pixels
indicating better overlap and more accurate image registration.

The workflow for image registration and automatic stitching is shown in Fig. 6. Initially, SIFT is
employed to detect keypoints and extract local feature descriptors from the input image pair. The

extracted descriptors are then matched using four feature matching strategies, namely Brute Force (BF),
-
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K-Nearest Neighbors (KNN), Fast Library for Approximate Nearest Neighbors (FLANN), and Lowe’s
Ratio Test, to identify reliable feature correspondences. If sufficient valid keypoint matches are obtained,
the matched points are connected by lines to visualize the correspondence between the two images,
indicating successful image registration. Otherwise, no connecting lines are drawn, signifying that the
matching process did not satisfy the required correspondence criteria. Fig. 7 presents an example of
keypoint matching between two sputum sample images.

N . ) )
\ | Keypoints obtained | BF, KNN, FLANN, & .
L h from SIFT I.-'J ™ Lowe's Ratio Test ™| Featurs Matching

Draw Line
No
. - . L]
Ve by
| End |
A / Line Not Drawn

Fig. 7.Keypoint Matching Between Two Sputum Sample Images.

The automatic stitching result may contain black regions, which correspond to zero-pixel areas.
These zero-pixel regions are measured and counted to quantify their occurrence, as shown in Fig. 8.
This count is then used to determine the total number of zero-pixel areas in the merged image.

Fig. 8. (a). Successful automatic stitching result and (b). Failed automatic stitching result.

3. Results and Discussion

Testing was conducted using two scenarios to evaluate the effectiveness of the SURF algorithm in
the automatic stitching process. Scenario-1 involved applying the ratio test with various ratios, while
Scenario-2 focused on counting the number of zero-pixel (black) regions in the resulting stitched images.
In both scenarios, 20 images were selected from a set of 100, ensuring that each contained overlapping
areas. A ratio test (0,3 to 0,7) was conducted based on the distances between the two closest points.
Suppose d1 and d2 (d1 < d2) are the distances from a point to the closest matching point. In this ratio
test, keypoint matching for automatic stitching was performed using the SIFT and SURF algorithms,
as in previous research [25]. Fig. 9 shows that keypoint matching using the SIFT algorithm achieves the
highest effectiveness for all image pairs (success rate of 92%) when threshold ratios of 0,5 and 0,6 are
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applied. On the other hand, a total of 10 pairs of sputum images were successfully stitched using the
SUREF algorithm for all ratio values from 0.3 to 0.7. Based on Fig. 9, the overall success rate of automatic
stitching with SURF is 100%.

Comparison of SIFT and SURF Ratio Results

10 10 10 10 1010 10
10+
9 9
| 8
| Method
SIFT
B surr
ol
03 04 05 06 07

Ratio 'Value

e [=2] [==]

Successful Images Stitched

%]

Fig. 9. Comparative Analysis of Success Rates between the SIFT Algorithm (Previous Research) and the
Proposed SURF-based Framework.

The second test involved calculating the number of zero-pixel values in the image produced by the
automatic stitching process. The absence of pixels in the stitching result is attributed to discrepancies
between the canvas and the stitching output, with the canvas being larger than the stitching result. It is
important to know how many such zero-pixel regions were obtained, since this number defines the
minimum and maximum void sizes in the output composite. This measurement provides a direct
evaluation of stitch quality and the system's performance in reducing gaps. The results of this zero-pixel
analysis are summarized in Table 1, which presents representative 10-pair test images for the most
favorable simulation outcomes for both types, with ratio tests and thresholds of (0,5) and (0,6).

Table 1.  Zero pixel Calculation Result on SIFT and SURF Method.

Zero pixel Proposed
No Sample SIFT [29] SURF Method
0,5 (SIFT) 0,6 (SIFT) 0,5 (SURF) 0,6 (SURF) 0,6

1 IMAGES 1278 & 1279 1.333.845 1.361.982 1.228.347 1.183.629 372.642
2 IMAGES 1280 & 1281 1.524.240 1.319.892 1.467.732 1.204.701 359.404
3 IMAGES 1282 & 1283 1.638.594 1.640.241 1.520.961 2.031.579 366.949
4 IMAGES 1296 & 1297 1.902.180 1.666.532 1.595.616 1.622.052 455.598
5 IMAGES 1302 & 1303 1.446.852 1.332.459 1.330.641 1.334.034 363.258
6 IMAGES 1314 & 1315 1.958.070 2.010.333 1.905.120 1.818.651 408.793
7 IMAGES 1316 & 1317 1.088.877 1.069.687 1.179.182 1.113.363 408.217
8 IMAGES 1318 & 1319 1.390.564 1.340.980 1.218.418 1.301.359 418.658
9 IMAGES 1320 & 1321 1.262.871 1.071.947 1.030.296 964.247 385.162
10 IMAGES 1334 & 1335 1.779.337 1.713.616 1.798.014 1.791.416 345.263
Max Zero pixel 1.958.070 2.010.333 1.905.120 2.031.579 455.598

Min Zero pixel 1.088.077 1.069.687 1.030.296 964.247 345.263

This information is necessary to verify that the feature extraction algorithm provides stability and
accuracy for automatic stitching at agreed-upon threshold levels. The testing results indicated that,
overall, the lowest values were recorded for the similar ratio settings of 0,5 and 0,6 when using the SURF
algorithm (grey highlight) over the SIFT algorithm. Based on testing scenario one, the ratio test for
stitching using the SIFT and SURF methods yielded different levels of accuracy. The accuracy of the
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ratio test for stitching using the SIFT method was 92%. Meanwhile, the ratio test results for stitching
using the SURF method showed 100% accuracy, as shown in Table 2. In the second scenario (based on
Table 1), the smallest zero-pixel minimum was obtained in the automatic stitching results using the
SURF method. When compared to SIFT, the minimum number of zero pixels in SURF is lower,
approaching 1,069.687 and 964.247, respectively.

A comparison between SIFT and SURF confirms a clear trade-off in automatic stitching quality. By
contrast, SURF achieved a 100% stitching success rate across all 10 image pairs in the test data,
suggesting more robust performance for automatic stitching. This computational advantage can be
attributed to SURF’s use of Haar wavelet responses and the Hessian determinant. While SIFT relies on
a Difference of Gaussian (DoG) algorithm to highlight fine-grained intensity changes, SURF represents
larger image structures with wavelet-based descriptors. Therefore, SURF is less sensitive to high-
frequency noise and non-uniform illumination, as well as irregular and low-contrast structures,
frequently found on Ziehl-Neelsen-stained MTB formations. Experimental results also corroborate this
improvement: the SURF-affine pipeline produces significantly fewer alignment artifacts, with a total of
345.263 zero-pixels compared to 1.069.787 with SIFT.

Table 2. Comparison of SIFT and SURF Performance.

No Parameter SIFT Method SURF Method
1 Accuracy Level 92% 100%
2 Zero-Pixel Count Higher Lower (Better Quality)
3 Robustness Sensitive to viewing angles Resistant to r:?gtli::l’ blurring, &
4 Feature Matching Higher rate of Keypoint (Rejected) More stable Keypoint (Matched)

4, Conclusion

Within this study, an automatic stitching approach was implemented and tested using a feature-
based strategy for TB sputum images. Two algorithms (SIFT and SURF) were tested to evaluate their
performance in generating seamless automatic stitching from microscopic sputum samples. While the
panoramic images produced by both methods were identical, quantitative evaluation using the zero-pixel
metric indicated that SURF-aftine expansion achieved higher alignment accuracy than classical SIFT.
Indeed, SURF-affine had a minimum zero-pixel value of 345.263, which was smaller than classical SIFT
(1.069.687) and classical SURF (964.247). A limitation of this preliminary study is the missing RMSE
measurements. Incorporating these quantitative measures is left for future work to obtain an in-depth
evaluation of the geometric alignment, complementing our zero-pixel analysis. Although automatic
stitching has made great progress, some issues persist. Smear quality, non-uniform illumination, and
lack of overlap can limit the robustness of the stitching process. The next step will be to further validate
our results on a larger dataset (e.g., positive tuberculosis cases) to confirm the generalizability of our
methods for digital pathology and WSI applications. We also want to combine adaptive contrast
normalization with improved overlap handling to reduce residual artefacts and improve the robustness
of automated diagnostic systems.
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