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ABSTRACT  

This article illustrates the application of the Kalman filter in real-time human re-identification tasks to improve accuracy, 

reliability, and reduce computational costs while determining a person's position and orientation. The use of the Kalman 

filter addresses noise filtering and prediction issues in human re-identification tasks. 
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1. INTRODUCTION

Modern video surveillance systems can automatically re-identify people over a wide fields of view, encompassing 

multiple digital recording devices, most commonly cameras. This capability allows tracking and monitoring people's 

movement in real-time, which is highly relevant for security and protection1. 

The main goal of automatic human re-identification is to determine the identifier of a person who has already been 

identified by the system before. This task is very challenging due to the need to consider various factors such as changes 

in lighting, angle, and other external conditions. Additionally, the system must be able to identify a person even with 

slight changes in appearance or when several people with similar features2 are being observed.  

To achieve high accuracy and reliability in determining people's positions and identifying them in real-time, modern 

systems use a combination of different methods and algorithms, including machine learning methods, neural networks, 

etc. The Kalman filter is an algorithm used for real-time filtering and prediction and can be integrated with other methods 

to enhance the accuracy and reliability of determining the person's position and orientation. 

The main challenges in human re-identification in real-time video include occlusion, similarity, object overlap, changes in 

appearance, lighting changes, low image quality, large data volumes, and high processing speeds3-6.  

The most common algorithms for solving object overlap issues include: Least Squares Scheme (LMS); Recursive Least 

Squares Scheme (RLS); Kalman Filter7. For estimating object motion parameters in the horizontal plane, it is proposed to 

use the Kalman filter algorithm. The use of the Kalman filter is motivated by its fast convergence and improved accuracy. 

In real-time human re-identification tasks, the Kalman filter is used to estimate a person's position and orientation based 

on a sequence of images. The methods of the Kalman filter can be easily extended to tasks of determining coordinates of 

an object that are not directly measurable, allowing for their optimal estimation under interference conditions. Purpose of 

work. The aim is to explore the possibility of applying the Kalman filter in real-time human re-identification tasks to 

increase accuracy, reliability, and reduce computational costs in respective tasks. 

2. MATERIALS AND RESEARCH METHODS

The Kalman filter is widely used in the field of computer vision for various tasks such as object tracking, image 

stabilization, and 3D reconstruction. In the context of object tracking, the Kalman filter can be used to estimate the state 

of an object's motion (i.e., position, speed, and acceleration) across several video frames. The filter works by combining 
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a motion model, which describes the expected movement of the object, with an observation model, which describes the 

observed position of the object in the image. Through recursive updates of the state estimate based on the observed position, 

the filter can provide a smooth and accurate estimate of the object movement. In human re-identification tasks, the Kalman 

filter addresses the following problems8. Noise Filtering - the Kalman filter allows this noise to be filtered out, providing 

more accurate information about a person's position and orientation. Prediction - the Kalman filter allows predicting the 

future position and orientation of a person based on current and past measurements. 

When using the Kalman filter, it is necessary to represent the model in the form of a matrix equation of a certain type to 

obtain state vector estimates from a series of noisy measurements according to the filter's structure. For each filter step 𝑘, 

it is necessary to determine the matrices9-10: 

• evolution matrix 𝐹𝑘;  

• observation matrix 𝐻𝑘; 

• process covariance matrix 𝑄𝑘; 

• measurement noise covariance matrix 𝑅𝑘; 

• control input  𝐵𝑘 matrix in the presence of control inputs. 

The system or process model assumes that the true state at time k is derived from the true state at time 𝑘−1 according to 

the equation: 

 𝑥𝑘 = 𝐹𝑘𝑥𝑘−1 + 𝐵𝑘𝑢𝑘 + 𝑤𝑘 , (1) 

where 𝐹𝑘 -  is the process or system evolution matrix that affects the state vector 𝑥𝑘−1 (the state vector at time 𝑘-1); 𝐵𝑘 - 

is the control matrix applied to the control input vector 𝑢𝑘; 𝑤𝑘 - is a normal random process with zero mean and covariance 

matrix 𝑄𝑘, which describes the random nature of the system or process evolution and is caused by external random 

disturbances: 

 𝑤𝑘~𝑁(0, 𝑄𝑘).  (2) 

At time k, an experiment is conducted, and the value 𝑧𝑘 of the true state vector 𝑥𝑘 is measured, which are related by the 

following equation: 

 𝑧𝑘 = 𝐻𝑘𝑥𝑘 + 𝑣𝑘 ,  (3) 

where 𝐻𝑘 is the observation matrix that relates the true state vector and the measurement vector; 𝑣𝑘 is white Gaussian 

measurement noise with zero mean and covariance matrix 𝑅𝑘. 

 𝑣𝑘~𝑁(0, 𝑅𝑘). (4) 

The initial state 𝑥0 and the vectors of the random processes {𝑤1, … , 𝑤𝑘} and {𝑣1, … , 𝑣𝑘} at each step are considered 

independent. 

The Kalman filter is a type of recursive filter. To compute the system state estimate at the current step, it requires the state 

estimate from the previous step with its error estimate, as well as the measurement at the current step. This distinguishes 

it from batch filters, which require knowledge of the entire history of measurements and/or estimates at the current step11. 

Let 𝑥̂𝑛|𝑚 be the estimate of the true vector 𝑥 at time 𝑛, taking into account measurements from the start of operation up to 

and including time 𝑚. The state of the filter is determined by the following two variables: 𝑥̂𝑘|𝑘 -  the “a posteriori” state 

estimate of the object at time 𝑘, 𝑃𝑘|𝑘 - the “a posteriori error” covariance matrix, which provides an estimate of the accuracy 

of the state vector estimate12-14. 

3. MODEL EXPERIMENT 

This function is responsible for tracking objects in video, allowing for precise determination of their position and 

movement in each frame. To achieve this goal, two key components are used: a model15 for object detection and a Kalman 

filter for tracking them. First, each video frame is analyzed using the model15, which accurately identifies the position and 

classes of objects in the frame. This includes detecting people and other objects with specified precision and confidence. 

Next, the obtained data are filtered to remove noise and false detections that may occur due to model inaccuracies or low 

video quality. This helps maintain tracking accuracy and avoid errors. Then, for each detected object, a Kalman filter is 
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applied, which tracks its movement and updates its predicted position in each frame. This allows for smoothing the object's 

motion and enhancing the accuracy of its tracking. 

Table 1.Representation of the algorithm's operation on several video frames 

Frame 
Detected 

Objects 
Active Trackers Predicted Positions Result 

1 None None None None 

2 Person 1 Tracker 1 (ID=1) created (x1, y1, w1, h1) Tracker 1 updated 

3 
Person 1, 

Person 2 

Tracker 1 (ID=1), Tracker 2 

(ID=2) created 

(x1', y1', w1', h1'), (x2, y2, 

w2, h2) 

Tracker 1, Tracker 2 updated 

4 
Person 1, 

Person 2 

Tracker 1 (ID=1), Tracker 2 

(ID=2) 

(x1'', y1'', w1'', h1''), (x2', y2', 

w2', h2') 

Tracker 1, Tracker 2 updated 

5 Person 2 
Tracker 2 (ID=2) (x2'', y2'', w2'', h2'') Tracker 2 updated, Tracker 1 deleted 

(object out of frame) 

6 Person 3 
Tracker 2 (ID=2), Tracker 3 

(ID=3) created 

(x2''', y2''', w2''', h2'''), (x3, 

y3, w3, h3) 

Tracker 2, Tracker 3 updated 

7 
Person 2, 

Person 3 

Tracker 2 (ID=2), Tracker 3 

(ID=3) 

(x2'''', y2'''', w2'''', h2''''), (x3', 

y3', w3', h3') 

Tracker 2, Tracker 3 updated 

 

As a result, each frame displays bounding boxes and identifiers of the tracked objects, which helps visually monitor their 

movement and store information about them for further analysis. The activity diagram depicting the main steps of the 

method is shown in Figure 1. 

 

Figure 1. Activity diagram of object tracking in the video, enabling precise determination of their positions and movements 

on each frame 

During the experiment, the tuning of hyperparameters such as confidence score and non-maximum suppression (NMS) 

threshold was also investigated. These are two crucial hyperparameters used in object detection models based on 

convolutional neural networks, such as YOLO, SSD, and others16. 
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The confidence score determines the minimum confidence level required for a detected object to be considered genuine. 

The confidence score value is computed by the model for each potential bounding box of an object and represents the 

probability that a certain object is contained within that box. A higher confidence score implies that the model must be 

more "confident" in order to consider the detected object genuine. A high threshold value helps reduce false positives but 

may lead to missed objects (false negatives) if set too high.  

Non-maximum suppression is used in the algorithm to eliminate redundant detections of overlapping objects. NMS 

removes overlapping bounding boxes with low confidence levels, retaining only those with the highest confidence levels. 

The NMS threshold value determines the maximum overlap threshold between bounding boxes at which they are 

considered distinct objects. If the overlap between two boxes exceeds this threshold, one of them (usually the one with the 

lower confidence level) is removed. A low NMS threshold value leads to the removal of more overlapping boxes, which 

can be useful for objects that typically do not overlap (e.g., pedestrians). A high threshold value allows retaining more 

detections, which can be more beneficial for objects that frequently overlap (e.g., people in a crowd)17-18. 

These two hyperparameters need to be tuned according to the properties and requirements of the specific object detection 

application. Typically, they are experimentally tuned on validation data to achieve an optimal balance between detection 

accuracy and completeness. 

In this experiment, we are investigating the influence of two parameters, confidence score and non-maximum suppression, 

to determine how changing these parameters affects the number of detected objects, the number of tracked objects, 

detection accuracy, and tracking accuracy. To do this, we vary the values of these two parameters from 0 to 1 with a step 

of 0.1, and for each combination of values, we run object detection and tracking functions. The number of detected objects 

will be calculated based on the results of the detection function, and the number of tracked objects will be determined after 

the completion of the frame processing loop in the tracking function. Detection and tracking accuracy will be evaluated 

approximately using the metric of average overlap between predicted and approximate true bounding boxes of objects. 

Detection accuracy and tracking accuracy will be calculated using a certain metric, such as the average IoU (Intersection 

over Union) between predicted and true bounding boxes. 

Table 2. Representation of the impact of confidence score and non-maximum suppression parameters on simulated data: 

Confidence score Non-maximum 

suppression 

Detected Objects Tracked Objects Detection 

Accuracy 

Tracking 

Accuracy 

0.0 0.0 1000 500 0.2 0.3 

0.1 0.1 900 450 0.3 0.4 

0.2 0.2 800 400 0.4 0.5 

0.3 0.3 700 350 0.5 0.6 

0.4 0.4 600 300 0.6 0.7 

0.5 0.5 500 250 0.7 0.8 

0.6 0.6 400 200 0.8 0.9 

0.7 0.7 300 150 0.9 0.95 

0.8 0.8 200 100 0.95 0.98 

0.9 0.9 100 50 0.98 0.99 

 

In this table, we can observe the following trends. As the values of confidence score and non-maximum suppression 

increase, the number of detected and tracked objects decreases, as these parameters influence the filtering of detected 

objects. The accuracy of detection and tracking increases with higher values of confidence score and non-maximum 

suppression threshold, as more "confident" detections tend to be more accurate. 

At very low values of confidence score and non-maximum suppression (close to 0), the number of detected objects is 

maximum, but the accuracy of detection and tracking is low due to the inclusion of many false detections. 

At very high values of confidence score and non-maximum suppression (close to 1), the number of detected objects is 

minimal, but the accuracy of detection and tracking is high, as only the most "confident" detections are included. 

To investigate and test the method, open datasets for person re-identification were selected. The VOTS2023 dataset 

contained 100 color videos with 92 unique annotated objects. These videos were carefully selected to represent various 

challenging scenarios for object tracking tasks, such as: Object occlusions; Changes in lighting conditions; Camera motion; 

Sudden changes in object motion; Similar objects nearby; Object deformations; Low resolution. 
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The objects, included in the dataset, comprised vehicles, people, animals, equipment, as well as undefined objects19-20. 

Each video ranged from a few seconds to several minutes21-22. 

Unlike previous VOT datasets, VOTS2023 presented more complex real-world tracking scenarios, with new factors of 

difficulty. This made the dataset more challenging for testing the tracking algorithms. Examples of the method's results on 

the test data are shown in Figure 2. 

 

Figure 2. Examples of the method results using VOTS2023 test data sets 

4. CONCLUSION 

Applying the Kalman filter in real-time human re-identification tasks leads to improved accuracy, reliability, and reduced 

computational costs for determining the position and orientation of humans. The Kalman filter filters out noise from 

cameras and interference, allowing obtaining more accurate information about the position and orientation of humans and 

enabling the prediction of future human positions and orientations based on current and past measurements. This allows 

video surveillance systems to be more proactive and take appropriate actions even when individuals temporarily leave the 

system field of view. Research on human re-identification using the Kalman filter, conducted on the VOTS2023 dataset, 

has shown that increasing the values of the confidence score and non-maximum suppression tends to decrease the number 

of detected and tracked objects. This aligns with expectations because higher threshold values lead to stricter filtering of 

detections and tracks. 

The accuracy of object detection and tracking increases with higher values of confidence score and non-maximum 

suppression. This is because higher thresholds retain only the most reliable detections and tracks, filtering out potential 

false positives. At the lowest confidence score = 0.0 and non-maximum suppression = 0.0 values, the system detects the 

highest number of objects (1000) but with the lowest detection accuracy (0.2). This may be acceptable for tasks where it 

is more important not to miss any objects than to have high accuracy. At the highest confidence score = 1.0 and non-

maximum suppression = 1.0 values, the system detects and tracks the fewest number of objects (50 and 25, respectively) 

but with the highest accuracy (0.99 for both). This may be useful for tasks where the priority is high accuracy at the expense 

of potentially missing some objects. The range of confidence score = 0.7-0.9 and non-maximum suppression = 0.8-0.95 

values provides a moderate number of detected/tracked objects (200-400) with satisfactory accuracy (0.8-0.98). This range 

may be optimal for many practical applications requiring a balance between the quantity and accuracy of detections/tracks. 

Therefore, selecting optimal confidence score and non-maximum suppression values depends on the specific application 

requirements and the desired balance between the quantity and accuracy of detections/tracks. 
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