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This study aims to develop a robust method for detecting and tracking individuals in 
indoor environments using low-resolution infrared (IR) array sensors, contributing to 
smart home systems for energy management, security, and user comfort. Traditional 
tracking methods, such as Kalman filters, struggle with noisy 32x32 IR images due to 
low image quality. The proposed method addresses this limitation by using displacement 
measurement between bounding boxes across frames to assign consistent IDs to 
individuals. Additionally, image quality is enhanced using median filtering, contrast 
stretching, and multi-level thresholding to handle overlapping individuals. The 
experimental results demonstrate that the proposed method effectively manages 
occlusion scenarios and noise in infrared data, outperforming traditional methods in 
terms of accuracy and reliability. The proposed method provides a practical solution for 
individual detection and tracking in low-resolution IR images, making it suitable for real-
world smart home applications. This method is beneficial for smart home systems, 
improving energy management, security, and user comfort through accurate individual 
detection and tracking. 
 

Contribution/Originality: This study introduces a novel tracking method for low-resolution IR sensors by 

utilizing displacement-based ID assignment instead of traditional Kalman filtering. Additionally, it enhances image 

quality using multi-stage preprocessing to address occlusion and noise, significantly improving detection accuracy 

and reliability in smart home applications. 

 

1. INTRODUCTION 

Integrating smart home technologies has revolutionized modern living by enhancing energy efficiency, security, 

and comfort [1, 2]. A key aspect of these systems is the ability to detect and track individuals within a space, enabling 

personalized interactions and optimizing resource allocation based on occupancy. While human detection and 

tracking have been widely studied in video surveillance and indoor monitoring, most existing methods rely on high-

resolution RGB (Red, Green, Blue) cameras and advanced tracking algorithms, such as Kalman filters or optical flow-

based techniques. RGB is a color model used in digital imaging, where colors are formed by combining different 

intensities of red, green, and blue light. Many of these cameras use CMOS (Complementary Metal-Oxide-

Semiconductor) sensors, which convert light into electrical signals and are known for their low power consumption 

and high-speed processing. However, these approaches can be impractical for low-cost smart home applications due 

International Journal of Natural Sciences Research 
2025 Vol. 13, No. 1, pp. 1-12 
ISSN(e): 2311-4746 
ISSN(p): 2311-7435 
DOI: 10.18488/63.v13i1.4147 
© 2023 Conscientia Beam. All Rights Reserved. 

 
 
   
 
 

 

 
 
 
 

https://orcid.org/0000-0001-9653-5832
https://orcid.org/0000-0001-9099-1570
https://orcid.org/0000-0003-3216-1979
https://orcid.org/0000-0002-9922-8616
mailto:taner.cevik@rumeli.edu.tr
mailto:unalkucuk@arel.edu.tr
mailto:elifozceylan@arel.edu.tr
mailto:aysecoban@arel.edu.tr
https://www.doi.org/10.18488/63.v13i1.4147


International Journal of Natural Sciences Research, 2025, 13(1): 1-12 

 

 
2 

© 2025 Conscientia Beam. All Rights Reserved. 

to their computational complexity and hardware requirements [3-5]. 

Infrared (IR) cameras offer several advantages over traditional RGB CMOS imaging and have emerged as a 

promising alternative for indoor and outdoor monitoring, particularly in low-light conditions. They provide 

anonymized imagery, preserving privacy, and can be deployed in resource-constrained environments such as smart 

homes [6, 7]. However, the low resolution and noisy images captured by inexpensive infrared array sensors [8] pose 

significant human detection and tracking challenges. Furthermore, occlusion, background clutter, and noise can 

degrade the performance of traditional algorithms, necessitating the development of specialized methods. 

 

1.1. Motivation 

Existing human tracking algorithms, such as those based on Kalman filtering [9, 10] optical flow [11, 12] and 

particle filtering [13, 14] are heavily reliant on well-defined object features that are often missing in low-resolution, 

noisy infrared imagery. This creates significant challenges, particularly when attempting to distinguish between 

multiple individuals or when there is partial occlusion between people in the same frame [15, 16]. The lack of clear 

contours, low contrast, deformation, and the homogeneity of infrared data, especially for low-cost cameras, leads to 

frequent errors in object segmentation and tracking [17]. Our proposed system employs a series of image 

preprocessing techniques to enhance these low-resolution, noisy images, followed by a simple yet effective tracking 

method based on bounding box displacement. By avoiding computationally expensive techniques such as Kalman 

filters, we develop a solution suitable for real-time tracking in low-cost smart home systems. 

The key contributions of this paper are: 

• A tailored image preprocessing pipeline includes median filtering, contrast stretching, and multi-level 

thresholding to improve human detection in noisy infrared images. 

• A displacement-based tracking algorithm that assigns unique IDs to individuals based on their movement 

across frames, suitable for handling occlusions and overlapping individuals. 

• Demonstration of the system’s ability to track multiple people in real-time within a smart home environment. 

This paper is organized as follows: Section 2 discusses the related work in human detection and tracking using 

infrared and other imaging modalities. Section 3 outlines the proposed method, detailing the image processing steps 

and tracking algorithm. Section 4 presents the experimental results and evaluation of the system’s performance. 

Finally, Section 5 concludes the paper and suggests directions for future work. 

 

2. RELATED WORK  

Human detection and tracking in smart home systems have garnered significant attention in recent years, with 

various approaches explored for different sensing modalities. Traditional methods often rely on high-resolution RGB 

cameras and advanced tracking algorithms. For instance, Kalman and particle filters have been widely used for 

tracking in dynamic environments [18-20]. However, these methods can be computationally expensive and require 

high-quality input data, which is not feasible for low-resolution infrared imagery in smart home systems. 

Infrared cameras have become popular in human detection tasks because they can operate in low-light conditions 

and preserve privacy by not capturing identifiable details. Jeon, et al. [21] proposed a new method for human 

detection by using thermal camera images. With their approach, the human area can be correctly detected irrespective 

of the various conditions of input and background (reference) images. 

Other researchers have explored using infrared imagery for human detection in surveillance and military 

applications Hadi, et al. [22] and Strickland [23]. Brehar and Nedevschi [24] utilized morphological image 

processing techniques to detect humans in low-resolution infrared images, showing that basic filtering and 

segmentation methods can improve detection accuracy. Similarly, Soundrapandiyan, et al. [25] reviewed various 

infrared image enhancement techniques, highlighting the importance of contrast enhancement and noise reduction in 
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improving detection performance. However, these studies primarily focused on enhancing image quality without 

addressing the challenges of real-time tracking in resource-constrained environments. 

In smart home applications, Kumar and Dhadge [26] developed a system that utilizes motion sensors and 

thermal imaging to detect human presence and optimize energy consumption. While their approach demonstrates 

the potential of thermal imaging for occupancy detection, it does not incorporate person tracking, which is crucial for 

advanced applications such as personalized assistance and security monitoring. 

Recent advancements in machine learning have further enhanced human detection in infrared images. 

Convolutional neural networks (CNNs) and other deep learning models, as demonstrated by He, et al. [27] have 

achieved state-of-the-art results in human detection and tracking. However, these models typically require extensive 

labeled datasets and significant computational resources, making them impractical for low-cost smart home systems 

that rely on low-resolution infrared cameras. 

To address this limitation, our work proposes a lightweight and computationally efficient method for human 

detection and tracking in low-resolution infrared images. By eliminating the need for complex filtering techniques 

and machine learning-based models, our approach provides a practical solution that enables real-time implementation 

in smart home environments. 

 

3. PROPOSED WORK  

The proposed method is designed to accurately detect and track individuals in low-resolution (32×32) infrared 

video sequences, which are inherently noisy. To overcome these challenges, our approach combines multiple image 

processing techniques, such as noise reduction, contrast enhancement, and segmentation, with a displacement-based 

tracking mechanism. This section provides a detailed explanation of the human detection and tracking system. 

 

3.1. Image Preprocessing 

Due to the low resolution and high noise in raw infrared images, preprocessing plays a crucial role in enhancing 

individual detectability. The preprocessing pipeline includes three key steps: median filtering, contrast stretching, 

and multi-level thresholding. 

 

3.1.1. Median Filtering 

We apply a median filter with a kernel size 5×5 to reduce noise in the input images. The median filter is 

particularly effective for removing salt-and-pepper noise [28] frequently occurring in low-cost infrared sensors. 

Formally, the filtered image 𝐼𝑚𝑒𝑑 at a pixel (𝑖, 𝑗) is defined as: 

𝐼𝑚𝑒𝑑(𝑖, 𝑗) = 𝑚𝑒𝑑𝑖𝑎𝑛{𝐼(𝑖 + 𝑘, 𝑗 + 𝑙) | − 2 ≤ 𝑘, 𝑙 ≤ 2}        (1) 

Where 𝐼(𝑖, 𝑗) represents the intensity of the pixel at position (𝑖, 𝑗) in the original image, and 𝑘, 𝑙 define the 

neighborhood around the pixel.  

 

3.1.2. Contrast Stretching 

After reducing noise, contrast stretching is applied to improve the visual separation between individuals and the 

background. This technique adjusts the range and distribution of pixel values to enhance feature visibility and clarity 

[29]. The pixel intensity values are expanded across the full dynamic range (0-255) using the following formula: 

𝐼𝑠𝑡𝑟𝑒𝑡𝑐ℎ(𝑖, 𝑗) = 255 ×
𝐼𝑚𝑒𝑑(𝑖,𝑗)− 𝐼𝑚𝑖𝑛

𝐼𝑚𝑎𝑥−𝐼𝑚𝑖𝑛
                        (2) 

Where  𝐼𝑚𝑖𝑛 and 𝐼𝑚𝑎𝑥   are the minimum and maximum pixel intensity values in the filtered image, respectively. 

 

3.1.3. Guided Filtering 

After contrast stretching, a guided filter was applied to further smooth the image while preserving essential 
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edges. Guided filtering is effective for edge-preserving smoothing, especially in low-resolution infrared images where 

distinguishing between individuals and the background is critical for accurate tracking. 

Given an input image 𝐼, and a guidance image 𝑝 (which can also be the input image itself), the guided filter 

outputs a smoothed image 𝑞, while preserving the edges of the input. The guided filter operates on a local window, 

typically denoted by 𝑤𝑘 , around each pixel 𝑘. The main concept is that the output 𝑞 is a linear model of the guidance 

image 𝐼 in the local window: 

𝑞𝑖 = 𝑎𝑘𝐼𝑖 + 𝑏𝑘     ∀𝑖 ∈  𝑤𝑘                             (3) 

Where 𝑞𝑖 is the filtered output at pixel 𝑖, 𝐼𝑖  is the input image value at pixel 𝑖, 𝑎𝑘 and 𝑏𝑘 are linear coefficients, 

constant in the window 𝑤𝑘 , respectively.  

The coefficients 𝑎𝑘 and 𝑏𝑘 are computed as follows: 

𝑎𝑘 =

1

|𝑤𝑘|
∑ 𝐼𝑖𝑝𝑖−𝜇𝑘𝑝𝑘𝑖𝜖𝑤𝑘

𝜎𝑘
2+𝜖

 ,  𝑏𝑘 = 𝑝𝑘 − 𝑎𝑘𝜇𝑘          (4) 

Where 𝜇𝑘, 𝑝𝑘 , and 𝜎𝑘
2 are the mean of 𝐼, mean of 𝑝, and variance of 𝐼 in the window 𝑤𝑘 , respectively. 𝜖 is a 

regularization parameter that balances the smoothness and edge preservation. A higher 𝜖 results in more smoothing, 

while a smaller 𝜖 better preserves the edges. 𝜖 is calculated as follows:    

𝜖 = 0.01 × (𝑚𝑎𝑥(𝐼𝑠𝑡𝑟𝑒𝑡𝑐ℎ) − min (𝐼𝑠𝑡𝑟𝑒𝑡𝑐ℎ))
2
            (5) 

This adaptive smoothing parameter ensures that the filter applies an appropriate level of smoothing depending 

on the contrast in the image while avoiding over-smoothing of critical edges.  

 

3.1.4. Multi-Level Thresholding 

We employ multi-level thresholding [30] to segment the individuals from the background, dividing the image 

into regions based on pixel intensities. We use Otsu [31] to determine five optimal threshold levels 𝑇1, 𝑇2, 𝑇3, 𝑇4, 𝑇5, 

which partitions the image into six distinct regions. The segmented image 𝐼𝑠𝑒𝑔 is given by: 

𝐼𝑠𝑒𝑔(𝑖, 𝑗) = 𝑘  𝑖𝑓 𝑇𝑘−1 ≤ 𝐼𝑠𝑡𝑟𝑒𝑡𝑐ℎ(𝑖, 𝑗)  < 𝑇𝑘          (6) 

Where 𝑘 represents the segmented region index. 

 

3.2. Human Detection and Tracking  

The human detection phase is followed by a tracking mechanism that assigns consistent IDs to individuals across 

frames. The core idea is to compare the centroids of bounding boxes between consecutive frames and assign the same 

ID if the displacement is below a predefined threshold. 

Let 𝐶𝑗
𝑡 = (𝑥𝑗

𝑡 , 𝑦𝑗
𝑡) represent the centroid of the bounding box of individual 𝑗 in frame 𝑡. The Euclidean distance 

between centroids in consecutive frames is calculated as: 

𝑑𝑖,𝑗
𝑡 =  √(𝑥𝑖

𝑡 − 𝑥𝑗
𝑡−1 )2 +  (𝑦𝑖

𝑡 − 𝑦𝑗
𝑡−1 )2                   (8) 

If 𝑑𝑖,𝑗
𝑡 ≤ 𝜃, where 𝜃 is a predefined threshold, individual 𝑗 is assigned the same ID as in the previous frame. A new 

ID is assigned if no match is found within the threshold. 

 

4. RESULTS AND EVALUATION  

4.1. Experimental Setup 

To evaluate the proposed method, we conducted experiments using a 32 × 32 resolution low-cost Infrared 

thermopile sensor array in a controlled indoor environment. The dataset comprised multiple individuals entering and 

leaving the room, with varying levels of occlusion and movement. Each video sequence was processed frame by frame, 

and the results were analyzed based on detection accuracy, tracking performance, and the method’s ability to handle 

occlusion. 
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We employed Heimann HTPA32x32dR2L5.0/0.85F7.7e infrared thermopile array sensor, interfaced with an 

STM32F401 Nucleo board featuring the STM32F401RET processor from ST Microelectronics. The sensor was 

connected via the I2C bus, operating at 400 𝑘𝐻𝑧 for data and control exchange. All necessary computations, including 

calibration, were performed on the processor running at 160 𝑀𝐻𝑧. The sensor captured electrical pixel values at a 

rate of 15 𝐻𝑧 and 16 − 𝑏𝑖𝑡 resolution, which were then converted into temperature values by the processor. These 

temperature values were transmitted to a computer via MATLAB through the processor’s serial port at 115200 𝑏𝑝𝑠. 

While this communication speed limits the thermal image frame rate to a maximum of 3 𝐻𝑧, only one frame per 

second was required for this study. 

In the experiment, two individuals moved in different directions and at varying distances from the sensor, which 

was positioned 1.5 meters above the floor. The sensor’s field of view spanned 33 × 33 degrees, and objects were 

tracked up to a distance of 4 meters. Thermal images were continuously captured and stored using a custom 

MATLAB function, with further processing performed in MATLAB as part of the main study. Figure 1 illustrates 

the block diagram of the system and the experimental setup used in the lab. 

 

 
Figure 1. (a) Block diagram of the thermal image capturing system (b) Experimental setup. 

 

4.2. Noise Elimination 

Multiple methods were tried for noise elimination, such as Non-local means, Gaussian, Adaptive (Wiener), and 

Median filtering.    

The non-local means filter utilizes the self-predictions and self-similarities within the image to determine pixel 

weights for denoising. It operates under the assumption that the image has significant self-similarity. Since pixels are 

highly correlated and noise is typically independent and homogenously distributed, averaging similar pixels helps 
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reduce noise and restore the pixel values closer to their original state. This filter effectively removes noise while 

preserving edges and maintaining fine details. However, as noise levels increase, the performance of the non-local 

means filter declines, resulting in blurring and loss of image details [32].   

The Gaussian filter is an essential tool in image processing and computer vision. Building on the principles of 

scale-space theory, it is commonly applied across various tasks such as object recognition, visual saliency detection, 

edge detection, and high dynamic range imaging [33]. 

Wiener proposed an alternative method that integrates noise’s degradation function and statistical properties 

into the restoration process, allowing it to simultaneously remove additive noise and reverse blurring. The Wiener 

filter provides an estimate, ̂f, of the original uncorrupted image, minimizing the mean-square error (MSE), which is 

why it is considered the optimal stationary linear filter in terms of MSE. The Wiener filter has been applied in both 

the spatial and frequency domains. Wavelet-based Wiener filters have also gained significant attention due to their 

outstanding performance, as demonstrated in various studies [34]. 

One of the most widely recognized order-statistics filters is the median filter, which replaces a pixel’s value with 

the median gray level of the surrounding pixels. Median filters are highly popular because they offer effective noise 

reduction for certain types of random noise while causing significantly less blurring than similarly sized linear 

smoothing filters [35] 

The specified noise elimination methods’ performances are given visually in the images in Figure 2 and 

statistically in Table 1. 

 

 
Figure 2. Noise elimination methods’ performances are given visually on a sample 
image (a) Original noisy image (b) Median-filtered image (c) Non-local means-filtered 
image (d) Gaussian-filtered image (e) Wiener-filtered image. 

 



International Journal of Natural Sciences Research, 2025, 13(1): 1-12 

 

 
7 

© 2025 Conscientia Beam. All Rights Reserved. 

Table 1. Noise elimination methods’ performances specified statistically. 

 MSE NMSE PSNR SNR SSIM 

Median 578.469 0.002 20.508 11.974 0.398 
NLM 308.888 0.001 23.233 14.699 0.529 

Gaussian 583.000 0.002 20.474 11.941 0.385 
Wiener 408.727 0.002 22.016 13.483 0.471 

 

4.3. Image Enhancement 

The primary goal of the image enhancement step was to improve the visual quality of low-resolution and noisy 

infrared images, making human tracking more accurate. Two critical techniques, contrast stretching and guided 

filtering, were applied after noise elimination, and the results demonstrate significant improvements in image clarity 

and edge definition. 

Contrast Stretching was used to expand the image’s range of pixel intensity values. This technique enhances 

contrast by redistributing pixel values across the full dynamic range, making distinguishing between the individuals 

and the background easier. As a result, features like human contours and motion become more distinguishable in the 

processed frames. The enhanced contrast is particularly important in infrared imagery, where differences between 

object temperatures can be subtle. 

After contrast stretching, guided filtering was employed to smooth the images while preserving important edges. 

This edge-preserving filter is especially useful for maintaining the sharpness of boundaries between individuals and 

other objects, which is crucial for accurate tracking. The guided filter balances smoothing with detail preservation, 

reducing noise without blurring essential features. 

The combined effect of these techniques enhances the visibility and separability of individuals in the scene, 

providing cleaner input for the tracking algorithm. The improved image quality enables more reliable detection and 

tracking, even in low-resolution and noisy conditions typical of infrared sensors. 

In Figure 3, the impact of these image enhancement methods is visually demonstrated on a sample image. The 

contrast stretching significantly improves the overall brightness and contrast of the images, while the guided filtering 

ensures smooth, noise-free frames with well-preserved edges. 

 

 
Figure 3. Image enhancement methods’ performances are given visually on a sample image (a) Original noisy image (b) Contrast-
stretched image (c) Guided-filtered image. 

 

4.4. Human Detection 

In the images obtained by infrared cameras, people are naturally the objects that emit the highest thermal signals 

in the environment they are in. When the obtained images are examined, only the projections of the thermal signals 

emitted from people are found on the image. Our task is to detect the parts belonging to each person in the image, 

separate them, and mark them by drawing a bounding box. When the images are examined, it is determined that the 

pixels belonging to human faces are the brightest. Therefore, while separating people, we decided to detect faces. The 
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advantage this provides, or rather the reason why we go through the face instead of the body contour, is that when 

two people stand side by side, they can be perceived as a single person. However, in general, the situation of faces 

being side by side is not a situation that can happen at any time. For this reason, in order to be able to detect people 

separately, we first decided to detect faces separately. 

Although we use the noise elimination method, while noise is eliminated, details are also eliminated. We enhanced 

contrast to make people’s faces more distinct in the filtered image. After that, we applied multi-level thresholding to 

the resulting contrast-enhanced image. In this way, we ensured that pixels in the regions belonging to human faces 

in the image were labeled with the same effect due to their falling within a certain value range. While applying multi-

level thresholding, we utilized five levels (𝑡ℎ𝑟 = 5), giving us the best segmentation results. Figure 4 illustrates the 

segmentation results for varying threshold levels. 

 

 
Figure 4. The segmentation results for varying threshold levels. 

 

4.5. Human Tracking 

Finally, we only marked the labels belonging to faces. Another difficulty encountered during this process was 

that we detected that small groups of pixels were also marked in regions not belonging to human faces. In order to 

eliminate these, we employed the following approach: we noticed that the rectangular areas surrounding human faces 

were generally of a certain size. We discarded the rectangles that were above or below a certain threshold. Thus, we 

managed to eliminate the redundant rectangles. Figure 5 depicts the tracking results on sample images. 
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Figure 5. The tracking results on sample images. 

 

4.6. Tracking Accuracy 

The accuracy of our tracking algorithm was assessed by comparing the assigned IDs across consecutive frames. 

In cases where no occlusion occurred, the method achieved a tracking accuracy of 95%, successfully maintaining 

consistent IDs for all individuals throughout the sequence. In scenarios with moderate occlusion, the accuracy 

dropped slightly to 92%. These results demonstrate that our method can reliably track individuals, even in 

challenging conditions, with minimal computational overhead. 

 

4.7. Computational Efficiency 

Given the limited computational resources available in many smart home systems, the efficiency of the proposed 

method is crucial. By avoiding computationally intensive algorithms such as Kalman filtering and optical flow, we 

achieved real-time performance on standard hardware, with an average processing time of 30 𝑚𝑠 per frame. This 

makes the method well-suited for deployment in resource-constrained environments where real-time tracking is 

essential. 

 

5. CONCLUSION 

In this paper, we propose a novel method for human detection and tracking in low-resolution infrared imagery, 

specifically designed for smart home systems. The approach integrates noise reduction, contrast enhancement, multi-



International Journal of Natural Sciences Research, 2025, 13(1): 1-12 

 

 
10 

© 2025 Conscientia Beam. All Rights Reserved. 

level thresholding, and morphological operations to detect and track individuals, even in challenging scenarios 

involving occlusion and noise. Additionally, the displacement-based tracking method efficiently assigns IDs to 

individuals without relying on complex filtering techniques, making it well-suited for real-time applications in low-

cost smart home systems. 

Future work will improve the method’s robustness by integrating machine learning techniques, particularly for 

more complex scenarios involving multiple moving individuals and dynamic backgrounds. Additionally, optimizing 

the algorithm’s real-time performance for embedded systems remains a key area for further research. 
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