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Abstract: Low-density DNA microarrays are pivotal in molecular diagnostics due to their cost-
effectiveness, high sensitivity, and ease of use. However, reliable spot localization remains a 
challenge, primarily due to variations in spot positions resulting from printing and alignment 
inaccuracies, as well as the presence of image artifacts. Traditional intensity-based methods are often 
inadequate, particularly when target spots exhibit weak fluorescence signals. In this study, we 
propose a rapid spot localization method that combines spot template matching with point pattern 
matching, enhanced through vectorized programming and the use of square (box) templates. By 
replacing circular templates with box templates, separable filtering and moving average techniques 
can be applied, significantly reducing computational overhead without compromising detection 
performance. The proposed method not only overcomes the intensive computation associated with 
normalized cross-correlation but also improves overall efficiency, making it highly suitable for high-
throughput and resource-constrained diagnostic applications. Validation was performed using 
images obtained from HPV genotyping of actual patient samples on a commercial DNA microarray, 
confirming the method’s practical applicability in a clinical setting. 

Keywords: low-density DNA microarray; spot localization; vectorized programming; square 
template matching; HPV genotyping 
 

1. Introduction 

Low-density DNA microarrays have emerged as essential tools in molecular diagnostics, prized 
for their cost-effectiveness, high sensitivity, and ease of use[1–5]. Unlike high-density arrays that 
simultaneously analyze thousands of sequences, low-density microarrays focus on a limited set of 
markers, making them particularly well-suited for small laboratories and clinical environments. Their 
affordability and minimal infrastructure requirements have promoted their widespread adoption in 
fields such as infectious disease detection, pharmacogenetics, and oncology[6–8]. For example, these 
microarrays have been effectively applied to diagnose tick-borne pathogens in livestock[7], to 
genotype antibiotic resistance in Neisseria gonorrhoeae[3], and to perform pharmacogenetic tests 
aimed at optimizing drug prescriptions[1]. In oncology, they have been instrumental in mutational 
profiling for colorectal cancer[9] and in enabling noninvasive prenatal screening for conditions like 
β-thalassemia[8]. Additionally, low-density microarrays are critical for quality control during 
production, ensuring that probes are reliably immobilized to facilitate accurate diagnostics[10]. 

Accurate spot localization is paramount in DNA microarray analysis, particularly for low-
density arrays where variations in spot center positions may result from factors such as printing pin 
misalignment, robotic positioning errors, and slide misalignment—issues that encompass both 
systemic and random components[10]. Often, not every target spot produces a detectable 
fluorescence signal, which limits the effectiveness of traditional intensity projection-based methods. 
To address this challenge, control probes are strategically positioned at predefined locations to both 
assess experimental performance and aid in spot localization[1,2,6,9]. By combining spot template 
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matching with point pattern matching, robust spot detection can be achieved even under low-signal 
conditions. In this approach, template matching involves comparing image segments with 
predefined templates, while point pattern matching verifies that the detected spots conform to the 
expected grid layout[11–13]. 

A significant challenge in this methodology arises from common image artifacts, including 
bright specks, elevated background fluorescence, dust, and scratches[10]. Although the inherent 
circular shape of spots suggests the use of circular templates for matching[14–16], the considerable 
variability in spot fluorescence necessitates a normalization process—typically implemented through 
cross-correlation—which in turn requires computing the template’s signal root mean square (RMS) 
power. This computation can be particularly intensive. 

Modern CPUs, featuring multicore architectures, advanced cache hierarchies, and vector 
processing units, enable significant performance improvements through cache-efficient 
parallelization and vectorized programming[17–19]. These technologies accelerate convolution 
operations, such as those needed for cross-correlation and RMS power calculations. Given that the 
primary goal is to localize spots rather than to quantitatively assess probe responses, a box (square) 
template is proposed as an alternative to circular templates. Box templates allow for separable 
filtering and facilitate the use of moving average techniques in each direction, thereby substantially 
reducing computational overhead. When the use of a square template does not compromise detection 
performance, it can dramatically reduce the time required for spot localization—a critical benefit for 
high-throughput applications. 

In this paper, we present a rapid spot locating method that leverages vectorized programming 
and square template matching to overcome the computational challenges associated with normalized 
correlation. This method is designed to enhance both the efficiency and robustness of spot detection 
in low-density DNA microarrays, providing critical benefits in resource-constrained and high-
throughput diagnostic applications. The proposed approach was further validated using images 
from HPV genotyping of patient samples on a commercial DNA microarray, demonstrating its 
applicability in clinical settings. 

2. Materials and Methods 

2.1. Experimental Images 

The proposed method was tested using patient images obtained from the HPVDNAChip™ 
(Biomedlab Co., Korea),a microarray designed to detect human papillomavirus (HPV) infection, one 
of the primary causes of cervical cancer. The layout of the microarray is depicted in Figure 1. Each 
slide comprises of four chambers, with each chamber allocated for a single patient sample. To 
enhance diagnostic reliability, each chamber contains two identical sets of probe spots, composed of 
four control probes and twenty-two pairs of HPV type-specific oligonucleotide target probes. Each 
HPV type probe appears twice as a pair, and since two sets exist within each chamber, there are four 
probes for each HPV type in total. The four human β-globin control probes in each set are used to 
determine the reference position of a probe set and verify the hybridization process. 
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Figure 1. Schematic of HPVDNAChip microarray (sample image is gamma corrected with γ=5). 

Target DNA is extracted from clinical samples, amplified via polymerase chain reaction (PCR), 
and hybridized onto the chip. During PCR amplification, Cy5 dye is randomly incorporated, allowing 
hybridization sites to be visualized when scanned with a microarray scanner. 

Probes were printed using a microarray spotter equipped with a 100 μm nozzle and 
subsequently scanned at a 10 μm resolution, yielding a spot radius of approximately 10 pixels. The 
probe spacing is 300 μm, which translates to a 30-pixel gap between adjacent spots. Consequently, 
the relative distances of the control spots from the topmost spot are 120, 210, and 300 pixels, 
respectively. 

The scanner captures eight predefined regions on the microarray, each containing a set of spots, 
and stores the data as 16-bit grayscale images. Each microarray can accommodate up to eight images, 
with two images assigned per patient. A representative example of the sample image is shown in 
Figure 1. A total of 1,546 images from 773 patient samples were obtained as a dataset in this study. 

2.2. Template Matching 

The control spot pattern template (Figure 2(a)) can be utilized for accurate location of the set of 
spots within an image. The template provides the highest matching response at the position of the 
control spots. Within the template, a stable response can be acquired without explicit background 
elimination by selecting a background region (Bc/Bs) that has the same pixel count as the object area 
(Oc/Os) and assigning a kernel value of -1. 
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Figure 2. templates for the control spots and a spot. 

Since the computational complexity of convolution operations is proportional to the square of 
the template size, and normalized correlation is required to account for significant variations in spot 
intensity, directly computing normalized correlation for the entire control spot template (Figure 2(a)) 
leads to high computational complexity. 

A more computationally efficient alternative involves computing circular spot template 
matching responses (Figure 2(b)) and subsequently deriving the point pattern matching, i.e., 
constellation matching response (CMR) using the following equation: 

         1 2 3, , , , ,CMR x y m x y m x y d m x y d m x y d       , 
where  m  ’s represents the spot matching responses at the corresponding positions. And 1d , 2d , 
and 3d , which are the relative distances of the 2nd, 3rd, and 4th control spots from 1st control spot, 
are 120, 210, and 300 pixels, respectively. 

On the other hand, if a square template (as shown in Figure 2(c)) performs well, computational 
cost can be significantly reduced further. Unlike circular templates, square templates can be separable 
in horizontal and vertical directions, allowing for efficient 1D convolution operations[20]. 
Additionally, moving average filtering can be applied to further optimize the calculations. 

2.3. Spot Template Matching Response Calculation 

The spot template response is calculated using the normalized correlation method: 

     
 

, ,
,

,i

t x y i x y
m x y k

x y



, 

where m , i , t , i ,  , and k  are the normalized correlation, input image, template, RMS signal 
power over the template area, convolution operator and a constant implying the template RMS 
power. 

The denominator of the normalized correlation is computed as the cross-correlation between the 
input image and the template. Since convolution operations are well-optimized in most 
programming languages, we implemented the method using Python NumPy and OpenCV. These 
libraries leverage Single Instruction Multiple Data (SIMD), pipelining, and vectorized programming 
techniques, ensuring efficient computation. 

Similar to the cross-correlation computation, the local RMS power can also be efficiently 
calculated using convolution: 
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where P is a kernel with a value of 1 throughout the template domain. 
The convolutions of the circular and square templates are performed using OpenCV’s ‘filter2D’ 

and ‘boxFilter’ functions, respectively. Both functions are designed with efficient vectorization 
techniques, and ‘boxFilter’ in particular fully incorporates separable 1D filtering and moving average 
calculations as described earlier [20]. 

Figure 3 illustrates the steps involved in computing the CMR. Figure 3(b) shows the spot 
template matching response derived from Figure 3(a), while Figure 3(c) presents the CMR obtained 
from the normalized correlation image (Figure 3(b)). The CMR search area is limited to the upper 
200×200 pixels, assuming a 1 mm deviation of the spot set (equivalent to 100 pixels). 

 
Figure 3. CMR calculation process (a) input image (gamma corrected, 2  ) (b) normalized correlation (c) 

CMR. 

2.4. Verification of Control Spot Localization Performance 

Since the spot diameter is 10 pixels, a circular template with a radius of 5 pixels was used to 
determine the first control spot by maximizing the CMR response. This location was overlaid as a 
circle on the input images for visual inspection. The input images were gamma-corrected (γ = 2) and 
pseudo-colored using the ’jet’ colormap to facilitate easier interpretation. 

The difference between the first and second peak values in the CMR response was used to assess 
the reliability of peak detection. A relative gain metric was defined to determine the optimal template 
radius: 

1 2

2

100
peak peak

g
peak


 

, 
where 1peak  and 2peak  represent the first and second peak values, respectively, and g  is the 
relative gain of each CMR image. 

The algorithm identifies the second peak in the normalized correlation image after detecting the 
first. Once the first peak is found, the template-sized region surrounding it is set to zero, effectively 
removing it. The highest value in the resulting image is then identified as the second peak. 

The template radius, which defines the half-size of the spot template used in matching, was 
optimized to enhance detection reliability. A range of candidate radii was evaluated using 
experimental images. For each radius, the relative gain between the first and second peaks (which 
measure how much higher the first peak is compared to the second) was calculated for all test images. 
The minimum relative gain (worst-case scenario) across those images was recorded for each radius. 
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The optimal radius was chosen as the one that maximized this minimum relative gain across all test 
images. After determining this radius, the spot localization accuracy was reassessed by visually 
inspecting all images to confirm that the spots were correctly identified. 

An excessively small or large radius may cause a significant deviation in the detected spot 
location from the true spot center. In the dataset used in this study, spots are spaced 30 pixels apart 
(~300 μm) with a spot diameter of approximately 10 pixels. This allows for a localization error of up 
to ±10 pixels without compromising probe detection accuracy. Figure 4 illustrates the impact of a 10-
pixel misalignment on control spot localization. Figure 4(a) shows when control spots are perfectly 
aligned with their true positions, and the probe judgment grid (designated detection region) precisely 
overlaps with its corresponding spot. The probes are still correctly identified when control spots are 
misaligned by 10 pixels in both x and y directions, as the spots remain inside their respective 
boundaries as shown in Figure 4(b). This ensures that a 10-pixel offset does not result in 
misclassification with a neighboring region each spot remains within its designated grid region. The 
effect of misalignment is demonstrated in Figure 4(c) where the grid is overlaid on the normalized 
correlation image. When the normalized correlation value is used as a probe classification criterion, 
the peak value within each probe’s designated region is used for probe classification. In this case, a 
10-pixel misalignment remains within an acceptable margin, ensuring classification robustness. 

 

Figure 4. Control spot misalignment tolerance: (a) Probe judgment grid when spots are precisely located, (b) 
Grid misalignment when spots are shifted by 10 pixels in both x and y directions, (c) Normalized correlation 
image overlaid with the misaligned grid. 

For non-control spots, the classification of each probe is determined based on its intensity. A 
spot is classified as positive if it appears bright and negative if it appears dark. Alternatively, 
normalized correlation values can also be used for classification, where a high correlation value 
indicates a positive probe and a low correlation value suggests a negative probe. Based on these 
findings, a localization error of up to 10 pixels was deemed acceptable for practical applications. 
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In the square template experiments, the results were compared with those from the optimal 
circular template. The relative gain was analyzed for cases where the maximum deviation remained 
within 10 pixels. 

3. Results 

3.1. Computation Time Analysis 

Table 1 presents the average computation times for various vectorized operations required for 
CMR calculation using experimental images on both a PC (Windows 11) and a Raspberry Pi 4 (Debian 
12). The experimental images had a resolution of 520 × 700 pixels, with each pixel stored as a 32-bit 
floating-point value. 

Table 1. Average computation times required for CMR calculation on a PC and Raspberry Pi 4. 

operation 
PC (Windows 11) Raspberry Pi 4 (Debian 12) 

time (μsec) ratio time (msec) ratio 
for-loop square 4180 82 3540 6000 
square 51 1 0.59 1 
square root 61 1 1.58 3 
image add 69 1 0.58 1 
square convolution 428 8 3.03 5 
circle convolution 3830 75 36.5 62 
square locating 3100 61 26.8 45 

The first data row reports the execution time for computing the square using a for-loop, serving 
as a baseline reference to emphasize the necessity of vectorized operations, particularly in embedded 
systems such as the Raspberry Pi. 

The second to fourth rows summarize the computation times for point-wise and element-wise 
image operations, including square computation, square root computation, and image addition. 
While these operations exhibited similar performance on the PC, the Raspberry Pi required 
approximately three times longer for square root computation. 

The fifth and sixth rows shows the computational bottleneck caused by convolution operations. 
Circular template convolution took more than 75 times longer, whereas using a square template 
significantly reduced the computation time to approximately eight times that of the baseline. 

The time required to generate the CMR image from the input image and to identify the highest-
intensity location is recorded in the “square locating” and “circle locating” rows. The final row 
presents the time ratio between these two methods. 

While the PC was approximately ten times faster than the Raspberry Pi, the performance benefits 
of vectorized computation and the use of a square template for computational efficiency remained 
consistent across both platforms. 

The implementation of vectorized operations was crucial for both platforms, as non-vectorized 
calculations proved to be impractically slow on the Raspberry Pi. The use of a square template 
resulted in a fourfold improvement in processing speed, and this trend was consistently observed on 
both systems. 

3.2. Visual Inspection of Spot Locating 

To verify that the detected spot positions were not at the boundaries of the search area, we 
visually inspected the first detected spot in all experimental images using a circular template. 

Figure 5 presents a scatter plot of the detected 1st spot positions in all experimental images. The 
pink circle represents the predefined initial position of the 1st spot, where the control spots are 
searched over ±1 mm area. The vertical deviation was measured as 122 pixels (1.22 mm), and the 
horizontal deviation was 85 pixels (0.85 mm), both within the search range. 
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Figure 5. Scatter plot of the first detected spot positions using a circular template (pink circle: predefined initial 
position). 

Although the initial position was not centered in the distribution, it could be recalibrated during 
the device calibration process. However, if the proposed fast locating method reliably detects the 
correct position, recalibration may be unnecessary by the allocating the broader search area. 
Currently ±1mm search area was sufficient for the given data set. 

To further verify the spot detection accuracy, we overlaid a red circle with a radius of 6 pixels at 
each detected control probe location in all images. For better visualization, images were clipped 
around the control probe with a margin equal to the search area, gamma-enhanced (γ=2), and 
pseudo-colored using the ‘jet’ colormap. 

Figure 6 illustrates representative cases, including an image with well-defined control spots and 
three images where detection could be challenging. The proposed method successfully detected the 
control spots even in cases where the control spots were faint, one of the control spots had a defect, 
and the background was highly contaminated due to inadequate washing, which is shown in Figure 
6 (b), (c), and (d), respectively. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 4 March 2025 doi:10.20944/preprints202503.0231.v1

https://doi.org/10.20944/preprints202503.0231.v1


 9 of 13 

 

 

Figure 6. Example images for visual inspection: Each images show (a) clear control spots, (b) very faint control 
spots, (c) second control spot defect, (d) background contamination due to inadequate washing. 

3.3. Optimal Template Size Selection 

To determine the optimal template size for spot normalization correlation, we examined the 
minimum relative gain and the maximum absolute deviation. As shown in Tables 2 and 3, the safest 
choice was a circular template with a radius of 6 pixels, as it exhibited the highest minimum relative 
gain. For circular templates, radii of 6–9 pixels yielded relative gains exceeding 5%, while for square 
templates, the optimal range was 5–7 pixels. 

Table 2. Relative gain statistics and maximum header position error for circular templates (circular template 
with radius = 6 pixels). 

Radius(pixels) 5 6 7 8 9 
Minimum (%) 0.4 38.2 28.9 26.3 8.3 

Max. pos. error (pixels) 5.83 0 4.00 5.00 5.00 

Table 3. Relative gain statistics and maximum header position error for square templates (square template with 
radius = 6 pixels). 

Radius(pixels) 4 5 6 7 8 

Minimum (%) 0.0 8.7 24.4 6.3 4.6 
Max. pos. error (pixels) 5.83 4.47 3.61 5.00 6.08 
Figure 7 presents the relative gain histogram when using a radius of 6 pixels. As illustrated in 

Figure 7, circular templates demonstrated a superior relative gain. 
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Figure 7. The relative gain histograms when using a radius of 6 pixels. 

Figure 8 compares the images corresponding to the two lowest and two highest relative gains 
obtained using circular and square templates. One of the images exhibited the lowest relative gain 
with the circular template, while the same image showed the second-lowest relative gain with the 
square template, resulting in a total of only three unique images being presented. 
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Figure 8. Images with low relative gain (a) the lowest relative gain for the circular template and the second-
lowest for the square template (b) the second-lowest relative gain for the circular template (c) the lowest relative 
gain for the square template (γ= 5, ’jet’ colormap applied). 

In all three cases, gamma correction with γ = 5 was required to make the control probes visually 
distinguishable. Despite the control probes being faint, the relative gain remained above 24% when 
using the square template. These results indicate that the square template is sufficiently stable for 
processing images of the quality examined in this study. 

4. Discussion 

In this study, we introduced a rapid and robust spot locating method for low-density DNA 
microarrays by employing normalized correlation-based template matching combined with 
constellation matching. By opting for normalized correlation over traditional cross-correlation, we 
effectively compensated for significant variations in fluorescence intensity, thereby enhancing the 
accuracy of spot detection. The implementation of an optimal template size determination further 
ensured the stability of detection across varying data characteristics. 

To address the high computational demands associated with normalized correlation, vectorized 
programming techniques and the use of square templates were integrated into the processing 
workflow. The application of square templates facilitated separable filtering and the use of moving 
average algorithms, resulting in an approximately fourfold reduction in processing time. . This 
improvement in efficiency provides critical benefits in resource-constrained and high-throughput 
diagnostic applications. Furthermore, the compatibility and consistent performance of the proposed 
method in embedded systems further extends the applicability of proposed method in point-of-care 
diagnostic devices. 

Moreover, our analysis revealed discrepancies between the expression patterns of target spots 
and control spots within the dataset. This finding underscores the need for reconsidering control 
probe placement strategies in future DNA microarray designs—such as arranging control probes in 
a grid formation or positioning them along the array periphery—to better facilitate negative pattern 
matching through constellation matching. Additionally, the responses derived from constellation 
matching showed great potential for evaluating both lot quality and individual microarray 
performance, thereby enhancing overall quality control measures. 

5. Conclusions 

This study demonstrates that the integration of normalized correlation and constellation 
matching yields a high-speed spot detection method that significantly improves the analytical 
efficiency of low-density DNA microarrays. The incorporation of vectorized programming and 
square templates enables substantial reductions in processing time without compromising detection 
accuracy, making the approach highly suitable for embedded systems and on-site diagnostic 
applications. Future research should focus on optimizing control probe designs and incorporating 
additional quality control strategies to further expand the practical applicability of the proposed 
method. 
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