Kalman-YOLO Improving YOLO Tracking Performance through the Integration of a Kalman
Filter for a Beach Cleaning Robot
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Abstract

Ocean waste poses a significant threat to both human and marine life as industries and individuals continue to dump
garbage into the ocean. Sea creatures are poisoned by materials such as plastics and chemicals, which in turn
contaminate humans who consume them. This paper introduces an innovative approach using Image Instance
Segmentation with YOLOV8 to segment and track beach garbage. However, YOLOV8's object tracking struggles in
dynamic environments with challenges like occlusion, shadows, and perspective changes in RGB frames. To address
this, the author presents Kalman-YOLO, combining the Kalman Filter with YOLO for improved performance. Results
show notable performance improvement, especially in tracking garbage for the Beach Cleaning Robot.
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Introduction

In the current era, object detection research has
gained significant popularity, with tracking-by-
detection becoming the leading trend in multiple
object tracking [1]. Multi-object tracking is one of
the fundamental tasks in computer vision, with a
wide range of applications in fields such as
intelligent security, autonomous driving, pedestrian
tracking, and surveillance [2]. Object trajectories can
be discovered as part of a global optimization
problem that processes entire video batches at once,
using methods such as probabilistic graphical models
[3], [4], [5],[6] or flow network formulations [7], [8],
[9]. The Kalman Filter, a linear Gaussian estimator,
is optimal for certain applications. It was first
introduced by Rudolf E. Kalman in his seminal 1960
paper titled A New Approach to Linear Filtering and
Prediction Problems [10]. The Kalman Filter has
been applied across diverse fields, including
aeronautics, signal processing, and futures trading.
The exponential increase in plastic production,
coupled with varying efficiencies in global waste
management systems, has led to large amounts of
plastic waste entering the ocean annually [11]. In our
research area, Munakata City, Fukuoka, Japan, beach
litter ranges from tiny objects like microplastics to
larger items such as fishing equipment [12]. Given
the predictive capabilities of the Kalman Filter, the
authors found it intriguing apply its theory to
improve YOLO’s object detection performance by
integrating tracking capabilities. The cost matrix and
Hungarian algorithm were used as matching
algorithms to facilitate object re-identification
during tracking.

With this in mind, the authors propose an innovative
method combining the Kalman Filter, cost matrix, and
Hungarian algorithm [13] to perform multi-object
tracking and object re-identification. This method was
tested and evaluated using the Hayashi Laboratory Beach
Cleaning Robot and a custom garbage dataset collected
from Munakata City, Fukuoka Prefecture, Japan.

2. Methodology
2.1 YOLOv8

YOLO (You Only Look Once) is a single-stage
object detection algorithm initially introduced by
Redmon and Farhadi in 2017 [14]. The operation process
of YOLO divides the input image into grid cells and
predicts a predefined number of bounding boxes and
confidence scores for each cell. Additionally, YOLO
predicts the class probabilities for each bounding box and
combines them with the confidence scores to produce the
final detection results.

Fig.1. YOLO architecture [15]
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Recently, YOLO has been adapted for instance
segmentation, enabling precise boundary delineation for
detected objects. Fig.1. illustrates the architecture of
YOLO, beginning with a 448x448x3 input image. The
image is processed through convolutional and max
pooling layers, reducing the feature map to 7x7x1024.
This is followed by two fully connected layers, resulting
in a 7x7x30 output tensor that represents bounding boxes,
objectness scores, and class probabilities. Garbage
detection example shown in Fig.2.

T
wﬂéb_—

Fig.2. Image segmentatlon based on garabge dataset

2.2 Track Handling and State Estimation

The Kalman Filter is currently used for handling
track estimation. In this context, we assume a general
tracking scenario that can be expanded as follows: the
camera used for tracking is uncalibrated, and ego-motion
data is unavailable. Such a situation presents significant
challenges for the Kalman Filter prediction framework,
yet it is a common scenario in recent object tracking
benchmarks [15]. The prediction equation of the Kalman
Filter is defined as follows:

R = A%p_q + Buy_, @
Py = AP AT +Q (2
Update equations are defined as follows:
Kie = CPI,);ECCTTJrR ©)
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Where K, X, P, Iisthe Kalman gain matrix, the
optimum filter value, To delve deeper into our tracking
algorithm, we define a four-dimensional state space
consisting of (x,y,v,,vy,) t Each component is broken
down as follows: (x,y) represent the position of the
object in the x and y planes of the image frame, while
(vx, vy) denote the velocity of the object along the x and
y axes. The Kalman Filter we use is a standard
implementation with a constant velocity motion model,
and the observation model is also linear. Expanding on
our observation model, (x, y) positional information is
extracted from the centroid coordinates of the detected
object provided by YOLO. This positional data is then
fed into the filter as a measurement update.

2.3 Data Assignment Algorithms.

When dealing with a multi-object tracking problem,
data association is crucial. This is because we have
multiple detected object position data and multiple
Kalman Filter-predicted object positions. To ensure
continuous prediction and updating of newly incoming
positional data, we need to match these two sets of
information. To address this challenge, we introduce a
cost matrix and the Hungarian algorithm, which work
together to calculate matching pairs between predicted
object positions and newly detected positions.

(@) (b)
Fig.3. Diagram example of associating track and

detections. (a) Tracks at time t-1, (b) Detection at
time t

To determine the optimal assignment between tracks
and detections, a cost matrix is crucial for representing
the cost of each possible association between track
positions and detections [16]. Various metrics can be
used to calculate these costs; however, in our experiment,
we opted to use the Euclidean distance. The Hungarian
algorithm processes the cost matrix as input, performing
a series of operations to simplify the assignment process
[16]. Table.1. illustrates the optimal assignment, where
cells with 1s indicate the mapping of tracks to detections.
Fig.3. and Fig.4. demonstrates the association of objects
across consecutive frames. For coding convenience, we
chose to use the SciPy library, which provides the
linear_sum_assignment()  method.  This  method
implements the Hungarian algorithm and returns the row
and column indices corresponding to the optimal
assignment [16].

D1 D2 D3 D4
Tl 1 0 0 0
T2 0 0 1 0
T3 0 1 0 0
T4 0 0 0 1

Table.1. Optimal assignment for the cost matrix
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Fig.4. Final mapping example of track and
detections. (a) Tracks at time t-1, (b) Detection at
time t

3. Results and Discussion
3.1 Dataset

The dataset used in this study was created by
combining the publicly available TACO dataset [17],
which focuses on general trash, with images captured by
us in Kanezaki, Munakata, Fukuoka, Japan. TACO is a
comprehensive dataset containing diverse examples of
trash in natural environments, featuring various locations
beyond beaches, with a total of 1,500 images.
Additionally, 97 images were specifically taken at
cleanup sites to supplement the dataset. To improve its
effectiveness in dynamic environments, we enhanced the
dataset with various annotation techniques. This was
particularly important given the challenges of working in
uncontrolled outdoor conditions, such as varying lighting
throughout the day and motion blur caused by the beach
cleaning robot's movement. The final dataset consists of
3,845 images.

3.2 Object tracking and ldentity switch

The primary goal of our object tracking program
was to reduce identity switches caused by detection loss
in the YOLOVS8 detection algorithm. Detection loss is a
common issue in object detection programs that rely on
RGB image processing. One major cause of this problem
is occlusion, along with changes in illumination and
object size between frames due to different camera
perspectives. Since we are working with 2D images, the
information captured by the camera is inherently limited
compared to 3D imaging, as it only provides a 2D
perspective. This limitation introduces several points of
potential error in object classification and detection. For
instance, in one frame at time t-1, the algorithm might
detect a PET bottle, but at time t, the image of the bottle
could be distorted (e.g., sheared), causing the detection
algorithm to fail to recognize it. At time step t+1, the
algorithm might detect the same bottle again, but without
a robust tracking program, it would treat the bottle as a
new instance, leading to false object counts. This issue is
referred to as an identity switch. Since the objective of

Kalman-YOLO Improving YOLO

our research is to develop a program for garbage tracking
and counting, addressing this issue is our top priority.

Garbage Type Detection loss ID switch
PET bottle 18 0
Styrofoam 21 1

Wood 7 1
Shoe 10 0

Table.2. Results of ID switch quantities compared to
detection loss across multiple frames

As shown in_Table 2, after implementing the tracking
algorithm, the number of identity switches was
significantly reduced compared to detection losses across
multiple frames. The test was performed on the
researchers' laboratory laptop, equipped with an Intel
Core i9-12900H processor running at 2.5 GHz, 16 GB of
RAM, and an NVIDIA GeForce RTX 3070 Ti Laptop
GPU. The test conducted by slowing down the object
detection program to 3 frames per second and observing
each frame to determine how often the algorithm failed to
continuously detect the same object as it moved across
the frame. It was observed that the detection algorithm
experienced frequent losses. Despite this, the Kalman
Filter effectively used its motion model to predict the
possible positions of objects accurately. Once a
prediction was made, the cost matrix calculated the
association cost between each track and detected object
using Euclidean distance. Finally, the Hungarian
algorithm was applied in the last step to match each track
with a detected instance. Overall, the performance of the
tracking algorithm met our requirements for the garbage
tracking and counting application.

4. Conclusion

This research aims to develop a garbage tracking and
counting algorithm using a Kalman Filter for tracking and
predicting objects' future positions in cases of detection
loss across multiple video frames. The algorithm
incorporates a cost matrix and the Hungarian algorithm
for data association. The YOLOv8 detection algorithm
served as the foundation for the tracking program, and the
detection model was trained on our custom dataset. The
final results demonstrated satisfactory performance, with
a small number of identity switches. For future work, we
aim to implement fuzzy logic to make the maximum
Euclidean distance threshold adaptive. This improvement
would account for uncertainties in the detected position
and the reappearance probability of each object in the
multi-object tracking algorithm.
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