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Abstract: In the widely used field of panoramic image stitching, the key technologies mainly cover
two parts, i.e., image registration and image fusion. In order to achieve low-cost and real-time
processing, researchers often design dedicated circuits for various image stitching algorithms. Many
studies focus on image registration algorithms and ignore image fusion algorithms, let alone dedicated
circuit design. In addition, to reduce the ghosting effect and deformation caused by seams in stitching,
finding the best seam line based on the overlapping area of the stitching image is crucial, which
directly affects the quality of image stitching and fusion. In order to solve the above problems and
achieve the efficient fusion of registered images, an image stitching and fusion algorithm circuit
based on a dynamic programming algorithm to search for seam lines was proposed. Comprehensive
experimental results and a theoretical analysis based on Cyclone IV FPGA devices show that, with
a clock frequency of 100 MHz, the proposed circuit takes about 7.04 ms to carry out the fusion
processing of two 486 × 643 images, and the corresponding frame rate is approximately 142 FPS,
achieving a perfect real-time stitching effect and meeting the demand for real-time image processing.
After a theoretical derivation and comparison with other similar works, its processing speed is better
than four state-of-the-art implementations.

Keywords: field-programmable gate arrays (FPGA); image stitch; digital integrated circuit; weighted
fusion

1. Introduction

In the rapidly evolving fields of image sensor technology and image processing, there
is an increasing demand for large-field-of-view (FOV) and high-resolution images. This
demand is driven by the need for more comprehensive and clearer scene descriptions [1–3].
Panoramic imaging technology, which has emerged in this context, primarily employs two
methods for capturing real-time, high-resolution, large-FOV images. The first method uses
wide-angle lenses, offering an extensive FOV but often at the cost of resolution and with the
introduction of significant distortion [4,5]. The second, more popular, method is real-time
image stitching technology. This approach splices multiple images with overlapping areas
into a complete high-resolution image. Due to its rich information content, flexible shooting
conditions, and cost-effectiveness, image stitching technology has become prevalent in
applications like video surveillance, medical imaging, and remote sensing [6–9].

In the field of panoramic image stitching, key technologies primarily encompass
two areas: image registration and image fusion [10]. Image registration aligns different
images in the same scene, while image fusion combines these images, preserving critical
information. Challenges like camera parameter differences and variations in resolution
often lead to issues like ghosting, where objects appear duplicated, and deformation,
resulting in unnatural image appearances. Seam lines, noticeable differences between
stitched images, are addressed through image fusion.

In the pursuit of efficiency, cost-effectiveness, and real-time performance, the simplifi-
cation and innovation of algorithms have consistently been a focus of effort and the design
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of dedicated circuits for image stitching is also increasingly recognized as a popular choice.
Yet, research has predominantly centered on circuits for image registration, somewhat
neglecting image fusion circuits [11,12]. The effectiveness of image stitching relies on the
seamless integration of all components, making the performance of image fusion circuits
crucial. The research thus emphasizes selecting and optimizing appropriate image fusion
algorithms for hardware implementation, aiming to balance resource use with processing
speed without losing effectiveness.

1.1. Literature Review
1.1.1. Advancements in Feature Detection and Image Stitching

The development of feature detection and image stitching algorithms has been pivotal
in enhancing the efficiency and accuracy of panoramic image generation. A notable contri-
bution in this field is the Scale-Invariant Feature Transform (SIFT) algorithm, proposed by
David Lowe et al. [13,14], which is renowned for its robustness against scale, rotation, and
brightness changes, and its stability against variations in viewing angles, noise, and affine
transformations.

Expanding upon this, Yang et al. [15] improved the image stitching process using an
enhanced SURF method, focusing on efficiency and accuracy. Hussain et al. [16] applied the
SIFT algorithm to autonomous driving systems, concentrating on collaborative perception.
Further advancements were made in multi-channel image stitching, as demonstrated in
another study [17], which enhanced the processing of multi-dimensional data. Similarly,
the authors [18] explored the use of SIFT-based image stitching in the field of cooperative
perception for autonomous vehicles. The synergy of SIFT with the Random Sampling
Consensus (RANSAC) algorithm [19] has been critical in eliminating false matches and
achieving accurate homography alignment, paving the way for multi-band fusion stitching
algorithms. However, the computational intensity of SIFT and RANSAC poses challenges
for real-time performance, leading to the exploration of deep learning methods by Xu
Xiangyang et al. [20] and Bayrak et al. [21] for feature point registration and image fusion,
albeit at a higher computational cost.

1.1.2. Image Fusion Methods and Seam-Line-Based Fusion

The realm of image fusion includes various methods, like wavelet transform-based
fusion [19], multi-resolution spline fusion [22,23], and notably, seam-line-based fusion [24].
Seam-line-based fusion is distinguished for its ability to retain original image content,
ensure image consistency, and reduce computational load, making it suitable for FPGA
hardware implementation.

The seam-line-based fusion focuses on identifying the least noticeable seam line in
overlapping areas between different images, effectively reducing ghosting and deformation.
Currently, there are many seam search algorithms in image stitching, such as the Dijkstra
algorithm [25], simulated annealing algorithm [26], and Graph Cuts algorithm [27,28].
However, these algorithms face challenges in real-time applications due to their high com-
putational demands and memory requirements for hardware implementation. Addressing
this, Kwang-Wook Lee et al. [29] proposed a seam search algorithm based on the Greedy
algorithm, offering computational efficiency but with the risk of local optimality. A more
globally focused approach is seen in the dynamic programming algorithm [30,31], which,
while efficient in obtaining optimal seam lines, has limitations in terms of its computational
complexity. Hua Gu et al. [32] proposed improvements to this algorithm, enhancing its
ability to find a global optimal seam line. Additionally, Yin et al. [33] introduced an en-
hanced two-stage dynamic programming algorithm for moving targets and a real-time
local adjustment method for seam lines.

1.2. Highlights

In this paper, we present a novel design of a dedicated hardware circuit for image
stitching, optimized for real-time efficiency in relatively static scenes. Focused on seam-
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line-based fusion, this design addresses the less-explored realm of image fusion algorithms.
Our contribution lies in the implementation of a dynamic programming algorithm for seam
line search, significantly enhancing image fusion speed. Experiments on Cyclone IV FPGA
devices demonstrate the circuit’s ability to process two 486 × 643 images in about 7.04 ms
(142 FPS), and, in fixed content scenes, it achieves an even faster rate of 266 FPS. This
performance surpasses four current state-of-the-art implementations, marking a significant
advancement in real-time image stitching technology.

The paper is structured as follows: in Section 2, we introduce and compare dynamic
programming with the Greedy algorithm, focusing on their time and space complexities.
In Section 3, we explore hardware algorithm design, emphasizing dynamic programming’s
application in image stitching and fusion techniques. In Section 4, we focus on the hardware
circuit design, detailing the roles of various components in our image fusion system.
In Section 5, we present experimental results, showcasing the system’s efficiency and
effectiveness through various metrics and comparisons. The conclusion is noted in Section 6.
Finally, Section 7 is dedicated to future work.

2. Dynamic Programming Algorithm Analysis

Dynamic programming is an algorithmic idea commonly used for optimization prob-
lems and is widely used in image processing, computer vision, and other fields. In image
processing, dynamic programming is used to find the optimal seam line that minimally
disrupts the visual content of the images being stitched together. The strength of dy-
namic programming lies in its ability to break down a complex problem into simpler
subproblems, solve each subproblem just once, and store their solutions in a table (usually
a two-dimensional array), avoiding the redundant work of solving the same subproblem
multiple times. In this way, the table can be directly looked up to obtain the solutions
to the subproblems when needed, thus significantly improving the efficiency of the algo-
rithm. Image fusion, a technology that combines images acquired from different sensors or
viewing angles to obtain more comprehensive information, often requires consideration
of how to obtain high-quality fusion results while maintaining the consistency of image
information. Therefore, the application of dynamic programming can be understood as the
process of optimizing image pixel values to maximize the visual consistency and quality of
the stitched image.

2.1. Dynamic Programming Search Algorithm for Image Seam Lines

The process of dynamic programming in image fusion can be summarized as follows:
Cost function (energy function) construction: First, a cost function needs to be defined,

which measures the difference in overlapping areas between images acquired from different
viewing angles. The design of the energy value function takes into account the pixel value,
color, and other characteristics of the image, as well as the smoothness and consistency
requirements of the fusion.

State space definition: Treat the pixels of the image as part of the state space to construct
a state space, where each state represents a possible value of a pixel. The dimensions of this
state space correspond to the number of pixels in the overlapping region image.

Subproblem definition: Split the original image into a series of subproblems, with
each subproblem corresponding to a pixel or a group of pixels. Each subproblem needs to
determine the optimal pixel value based on the cost function.

Dynamic programming solution: Start from the subproblems and calculate the optimal
seam line of each subproblem from the bottom up. In this process, the results of the solved
subproblems are used to gradually construct the optimal seam line to the entire problem.

Fusion result generation: Once the dynamic programming solution is completed, the
optimal seam line can be obtained through backtracking so that when the left and right
images are fused here, the fused image can be generated with a smoother transition effect.
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2.2. Comparison between Dynamic Programming Algorithm and Greedy Algorithm

The time complexity and space complexity of dynamic programming are as follows:
Suppose the dimensions of the two images are m × n, respectively, where m represents the
width of the image and n represents the height of the image. Use a dynamic programming
algorithm to calculate the seam line because you need to traverse each pixel of the image
and consider information such as the value and weight of adjacent pixels to calculate the
optimal seam line. The time complexity is usually O (m ∗ n), that is, O(n2). Because it is
necessary to create a two-dimensional table with the same size as the input image to store
the optimal seam line position of each pixel, the space complexity is usually O(m ∗ n), that
is, O(n2).

The basic idea of the Greedy algorithm is to select the best choice under the current
situation at each step, hoping to achieve the global optimal seam line through a series of
local optimal choices. The Greedy algorithm often makes the optimal choice at every step
without considering how subsequent choices may affect the outcome. Therefore, the time
complexity of the Greedy algorithm is usually linear, that is, O(n), where n represents the
height of the image. Furthermore, Greedy algorithm can operate directly on the original
image without using additional data structures to store intermediate results or solution
spaces. Therefore, the space complexity of the Greedy algorithm is usually O(1), which is
a constant.

The Greedy algorithm may not guarantee the global optimal seam line when selecting
the local optimal seam line at each step. Therefore, although the Greedy algorithm may
be smaller in its time and space complexity, the results may be limited by local optimal
selection, resulting in the poorer fusion of images. In image fusion problems, the dynamic
programming algorithm requires more computing and storage resources due to its higher
computational complexity. However, they can provide better fusion results by finding the
optimal global solution [34].

3. Hardware Algorithm Design

The dynamic programming algorithm is widely used in seam line search because of its
good real-time performance and fusion effect. Based on the original algorithm, this study
made improvements based on the hardware circuit design requirements. By optimizing
the calculation method and search strategy of the energy function, we effectively reduced
the consumption of computing resources and further improved the real-time performance
of the calculation.

For the convenience of explanation, it is assumed that the two image objects to be
fused have achieved image registration and are aligned in the ordinate direction, as shown
in Figure 1. In the diagram, i is the ordinate of the image pixel, j is the abscissa of the
image pixel, jlp1 represents the left edge abscissa of image 1 in the result image coordinate
system, jlp2 represents the left edge abscissa of image 2 in the result image coordinate
system coordinate. The searched seam lines will be located in the overlapping area of the
two images.
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3.1. Energy Value Calculation

In this study, an energy function for optimal stitching line search is constructed to
meet the needs of hardware circuits. Energy function [29] construction is usually based
on the difference in pixel values of two images within the overlapping area, that is, the
combination of color difference, gradient value and a special distance term. However,
the space complexity of dynamic programming algorithm for image stitching is O(n2),
resulting in a heavy computational burden and excessive storage resource consumption.
In fact, in the overlapping area after strict registration, the main difference between the
images is the brightness, and in the fused image, the difference in image brightness may
lead to a large fusion error, and the difference in light and dark of the image is the main
perception of the human eye. Therefore, it is proposed to use the absolute value of the
difference between the brightness channels Y in the overlapping area as the energy value,
as shown in Equation (1):

E(i, j) = |Y1(i, j)− Y2(i, j)| (1)

Y1 and Y2 represent the brightness values in the overlapping area. By using this energy
function, the best seam line can be accurately determined in image stitching, achieving
high-quality image fusion effects, and saving two-thirds of storage resources compared to
the construction of traditional energy value functions.

In view of the distribution of RGB color components in the image and other important
indicators, a weighted average process was performed using psychological formulas to
determine the relationship between the three-color components of red (R), green (G), and
blue (B) in the image and the brightness channel Y, as shown in Equation (2):

Y = 0.299 × R + 0.587 × G + 0.114 × B (2)

In order to avoid the overhead of low-speed floating point operations and division
operations in practical applications, this equation is modified to make the operation more
efficient, as shown in Equation (3):

Y = (306 × R + 601 × G + 117 × B)/1024 (3)

3.2. Seam Line Search Strategy

In dynamic programming seam search, starting from the starting point of the seam,
the image is scanned line by line in order from left to right. During the scanning process,
the cumulative energy value from each pixel point to the starting point of the seam line is
calculated. This value is the sum of all pixel values between the pixel value of the current
point and the starting point. Then, in the opposite direction (backtracking from the end
point to the starting point), a selection is made based on the accumulated energy value to
find the adjusted optimal seam line.

The pseudocode for this process is shown in Algorithm 1.

Algorithm 1. The pseudocode of seam line search strategy

Function calculateSeamLine (image)
Input: E—a 2D array for energy values of each pixel in the image
Output: seamLine—an array representing the path of the minimum energy seam
Define M as a 2D array for accumulated energy values
For j from 0 to (width of image − 1)

M(0, j) = E(0, j)
For i from 1 to (height of image − 1)

For j from 0 to (width of image − 1)
M(i, j) = E(i, j) + min(M(i − 1, j − 1), M(i − 1, j), M(i − 1, j + 1))

minEnergyColumn = column j with minimum value in M(last row)
seamLine = array to store seam path

Set currentColumn = minEnergyColumn
For i from (height of image − 1) down to 0
If I > 0
Add currentColumn to seamline
currentColumn = find column j with min adjacent value in M(i − 1)

Return seamline
End Function
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The specific implementation steps are as follows:

1. As shown in Figure 2, M(i, j) is defined as the accumulated energy value of the seam
node in the i-th row and j-th column, and E(i, j) is the energy value of the pixel in the
i-th row and j-th column.
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2. For the first line of the image, each pixel is used as the starting point of the seam line,
and the corresponding accumulated energy value is the energy value of the pixel.

3. Starting from the second row (i-th row), for each pixel point, select a point with the
smallest cumulative energy value from the three adjacent pixel points in the (i − 1)-th
row as the best stitching path node. As shown in Equation (4), add the minimum
value to the energy value of the current point to obtain the accumulated energy value
of the current point, and then iteratively update the accumulated energy value:

M(i, j) = E(i, j) + min{M(i − 1, j − 1), M(i − 1, j), M(i − 1, j + 1)} (4)

4. Repeat the above steps until reaching the last line of the image and traverse all pixels.
5. Finally, compare the cumulative energy values of all different seam lines, select the

seam line with the minimum cumulative energy value, find the end node of the best
seam line, and obtain the entire best seam line path through backtracking.

3.3. Image Fusion

After determining the coordinates of the seam line, the pixels in the overlapping area
of the two images need to be processed to obtain a complete image. Commonly used
pixel fusion methods include the direct average method and the weighted average method.
The direct average method [35] adds the pixel values in the overlapping area and divides
them by two, but the transition effect it presents on the image lacks natural smoothness,
and the human eye can easily distinguish the difference in brightness. The weighted
average method [36] can make full use of the human eye’s relatively slow response to
gradient information by adjusting the weighting coefficient so that the overlapping areas
of the image present a smoother transition. Compared with other complex image fusion
algorithms, the weighted fusion operation consumes fewer computing resources. In the
hardware implementation, fixed-point number operations are used instead of floating-point
number operations to determine the weights, further improving the calculation speed. This
article selects three pixels around the seam line for weighted fusion processing.
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The weighted fusion algorithm is shown in Equation (5):

I(i, j) =


I1(i, j), j < jseam − 3

I1(i, j)× ω1(j) + I2(i, j)× ω2(j), | j − jseam| ≤ 3
I2(i, j), j > jseam + 3

(5)

In the formula, I1(i, j), I2(i, j) and I(i, j) represent the pixel values of image 1, image
2 and the stitched image, respectively; jseam represents the abscissa value of the optimal
seam line; ω1(j) and ω2(j), respectively, represent the weights of image 1 and image 2 in
weighted fusion, and they are determined using Equations (6) and (7):

ω1(j) =
jseam − j + 4

8
(6)

ω2(j) =
j − jseam + 4

8
(7)

4. Hardware Circuit Design
4.1. Image Fusion System Design Framework

The system circuit consists of an energy value calculation module, a dynamic planning
seam line search module, an image fusion module, and an image data cache module, as
shown in Figure 3.
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The pixel data of the two registered images are sent to the asynchronous FIFO and
written into DDR3 SDRAM through the AXI BUS protocol; at the same time, they are sent
to the image processing module (including energy value calculation, seam line search based
on dynamic programming algorithm, and image fusion). The energy value calculation
module calculates the energy value based on the difference in the pixel values of the
overlapping area images and outputs it to the seam line search module. The seam line
search module completes the optimal seam line search of the dynamic programming
algorithm and outputs the abscissa and image fusion enable signal of each row of seam



Electronics 2024, 13, 271 8 of 18

lines in the overlapping area image. The asynchronous FIFO reads and caches the pixel
data of the two images cached in DDR3 SDRAM through the AXI BUS protocol. After the
image fusion module receives the seam line coordinates, it reads the pixel data from the
asynchronous FIFO, performs a weighted fusion operation on the pixels of the two images
based on the seam line coordinates, sends the results to another asynchronous FIFO cache,
and writes the fused pixels into DDR3 SDRAM through the AXI BUS protocol.

4.2. Energy Value Calculation Module

The energy value calculation module consists of three parts: pixel value conversion,
line data cache, and energy value calculation.

In order to reduce the circuit design complexity and low-speed inefficiency caused
by floating-point number operations, the decimals in the brightness value calculation
formula are converted into fixed-point numbers for calculation, and the effective part
is intercepted while ensuring the calculation’s accuracy. In Equation (3), the division
operation is implemented through a 10-bit right shift in hardware, thereby reducing the
resource overhead caused by division in the FPGA. The specific calculation is as shown in
Equation (8):

Y = (306 ∗ R + 601 ∗ G + 117 ∗ B) ≫ 10 (8)

In the formula, ≫ represents a right shift operation.
The calculated and converted pixel value data are sent to the line buffer module, as

shown in Figure 4. In order to improve the efficiency of the module, the line cache module
is composed of four RAM modules, which alternately cache the pixel value data of the same
two lines from the two pictures to meet the ping-pong operation and cope with the possible
data overflow during high-speed data transmission. In Figure 4, Flag A and Flag B are
line count state controllers. RAM A receives the brightness value data of the overlapping
part in image 1, and RAM B waits. After completing writing a row of image data, Flag
A changes, and the Ctrol1 module writes the next row of image data into RAM B. At the
same time, Flag B changes, and the Ctrol2 module reads the data in RAM A. After RAM B
receives a line of image data, Flag A changes. The Ctrol1 module writes the next line of
image data into RAM A. Flag B changes. The Ctrol2 module reads the data in RAM B. The
RAM C, RAM D, Flag C, Flag D, Ctrol3, and Ctrol4 modules process the brightness value
data of the overlapping portion in image 2 with the same functions as above.
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The input pixel value data are used as the minuend and the subtrahend, respectively,
to complete the subtraction operation, and the comparison operation is performed at the
same time. According to the output of the comparison operation as the selection condition
of the selector, the operation results of the two subtractors are selected and output.

4.3. Design of Seam Line Search Module Based on Dynamic Programming Algorithm

Based on the obtained energy value, a dynamic programming algorithm is used to
find a seam line to avoid cutting objects in the overlapping area as much as possible. This
seam line has the characteristic of minimizing the cumulative energy value to ensure that
important information is preserved during the fusion process.

The seam line search module is divided into three parts: data cache module, cumu-
lative energy value iteration module, and seam line coordinate calculation module. As
shown in Figure 6, when calculating the minimum cumulative difference value row by row,
in order to effectively store the difference value between pixel positions and the cumulative
difference value of the current row, the data cache module adopts the RAM group memory
strategy. Specifically, the RAM group includes H rows of dual-port synchronous RAM with
a depth of W (where H is the overlapping area image height; W is the overlapping image
width; RAM[i][j] means storing the elements of the i-th row and j-th column), supporting
the efficient storage and reading of data. The accumulated energy value iteration module
consists of an RW control, RAME, comparator, adder, and arbiter, which are used to control
the reading and writing of the RAM group, store the accumulated energy values that
are traversed to the current row, compare and calculate the minimum value among three
adjacent accumulated energy values, iteratively update the accumulated energy value (the
sum of its minimum value and the energy value of the corresponding coordinate pixel in
the next row is rewritten into RAME), and output the relative path, respectively. After the
accumulated energy value iterates through all pixels, the seam line coordinate calculation
module calculates the minimum accumulated energy value and obtains the best seam line
coordinates based on the relative path backtracking.

Since each RAM will inevitably go through three stages of operations, energy value
input, energy value output, and relative path writing that covers each row of pixels, each
three RAMs are designed to process three rows of pixels’ energy value data, respectively, to
achieve a three-level pipeline. The specific process is that the energy value of the pixel in
row i + 1 and column j in the overlapping area is written to RAM[i + 1][j]; RAME sends
three consecutive adjacent accumulated energy values to the comparator to compare and
obtain the minimum value. The RW control module reads the pixel energy value RAM[i][j]
of the i-th row and j-th column, adds the minimum value to it, and rewrites it to RAME[j];
the arbiter module generates relative path data based on the position of the minimum value
of comparator module and writes it to R[i − 1][j]. There is a counter in the seam line search
module. i and j start counting from 0. Every time the data are read or written, the counter j
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increases by 1. When j reaches W + 1, it returns to zero. At the same time, i increases by 1
and the cycle repeats until i equals H.

Electronics 2024, 13, 271 11 of 20 
 

 

 
Figure 6. Hardware design diagram of seamline search module. 

Since each RAM will inevitably go through three stages of operations, energy value 
input, energy value output, and relative path writing that covers each row of pixels, each 
three RAMs are designed to process three rows of pixels’ energy value data, respectively, 
to achieve a three-level pipeline. The specific process is that the energy value of the pixel 
in row 𝑖 + 1 and column 𝑗 in the overlapping area is written to 𝑅𝐴𝑀[𝑖 + 1][𝑗]; RAME 
sends three consecutive adjacent accumulated energy values to the comparator to com-
pare and obtain the minimum value. The RW control module reads the pixel energy value 𝑅𝐴𝑀[𝑖][𝑗] of the i-th row and j-th column, adds the minimum value to it, and rewrites it 
to 𝑅𝐴𝑀𝐸[𝑗]; the arbiter module generates relative path data based on the position of the 
minimum value of comparator module and writes it to 𝑅[𝑖 − 1][𝑗]. There is a counter in 
the seam line search module. 𝑖 and 𝑗 start counting from 0. Every time the data are read 
or written, the counter 𝑗 increases by 1. When 𝑗 reaches 𝑊 + 1, it returns to zero. At the 
same time, 𝑖 increases by 1 and the cycle repeats until 𝑖 equals 𝐻. 

The following is a detailed description of the steps to find the best seam line path for 
the entire iteration: 
1. Energy value input: the energy value calculation module sends and stores the pro-

cessed energy value of the pixel point in the overlapping area with coordinates (𝑖, 𝑗) 
to the 𝑗-th column element of the 𝑖-th row of RAM, that is, 𝑅𝐴𝑀[𝑖][𝑗]=𝐸(𝑖, 𝑗). 

2. Comparison operation: comparator module sequentially reads three consecutive 
adjacent points 𝑅𝐴𝑀𝐸[𝑗 − 1], 𝑅𝐴𝑀𝐸[𝑗], 𝑅𝐴𝑀𝐸[𝑗 + 1] (𝑅𝐴𝑀𝐸[𝑗] represents the 𝑗-th 
column element in the memory RAME) from the RAME module, representing the 
minimum accumulated energy value 𝑀(𝑖 − 1, 𝑗 − 1), 𝑀(𝑖 − 1, 𝑗), 𝑀(𝑖 − 1, 𝑗 + 1) of 
the upper left, right upper and upper right of pixel point (𝑖, 𝑗), respectively. The 
minimum value among them is obtained by sequentially comparing in comparator 
module, and its relative position is recorded through the arbiter module, that is, the 
direction of upper left, right upper and upper right, and the corresponding relative 
path (2, 1, 0) is output. These path data are stored in 𝑅𝐴𝑀[𝑖 − 1][𝑗], covering the 
original energy value data for saving storage resources, as shown in Equation (9): 

𝑅𝐴𝑀[𝑖 − 1][𝑗] = ቐ2,    𝑀௠௜௡ = 𝑀(𝑖 − 1, 𝑗 − 1)1,           𝑀௠௜௡ = 𝑀(𝑖 − 1, 𝑗) 0,    𝑀௠௜௡ = 𝑀(𝑖 − 1, 𝑗 + 1) (9) 

3. Iteration: read 𝑅𝐴𝑀[𝑖][𝑗] from RAM_group, that is, the energy value of the current 
pixel 𝐸(𝑖, 𝑗), and add it to the minimum cumulated energy value obtained above to 
obtain the cumulated energy value of the current pixel 𝑀(𝑖, 𝑗), and write the sum to 𝑅𝐴𝑀𝐸[𝑗] to iteratively update the accumulated energy value of the current stitching 
node. As shown in Equation (10): 𝑅𝐴𝑀𝐸[𝑗] = 𝑅𝐴𝑀[𝑖][𝑗] + 𝑀௠௜௡ (10)

Figure 6. Hardware design diagram of seamline search module.

The following is a detailed description of the steps to find the best seam line path for
the entire iteration:

1. Energy value input: the energy value calculation module sends and stores the pro-
cessed energy value of the pixel point in the overlapping area with coordinates (i, j)
to the j-th column element of the i-th row of RAM, that is, RAM[i][j]=E(i, j).

2. Comparison operation: comparator module sequentially reads three consecutive
adjacent points RAME[j − 1], RAME[j], RAME[j + 1] (RAME[j] represents the j-th
column element in the memory RAME) from the RAME module, representing the
minimum accumulated energy value M(i − 1, j − 1), M(i − 1, j), M(i − 1, j + 1) of the
upper left, right upper and upper right of pixel point (i, j), respectively. The minimum
value among them is obtained by sequentially comparing in comparator module, and
its relative position is recorded through the arbiter module, that is, the direction of
upper left, right upper and upper right, and the corresponding relative path (2, 1, 0)
is output. These path data are stored in RAM[i − 1][j], covering the original energy
value data for saving storage resources, as shown in Equation (9):

RAM[i − 1][j] =


2, Mmin = M(i − 1, j − 1)
1, Mmin = M(i − 1, j)
0, Mmin = M(i − 1, j + 1)

(9)

3. Iteration: read RAM[i][j] from RAM_group, that is, the energy value of the current
pixel E(i, j), and add it to the minimum cumulated energy value obtained above to
obtain the cumulated energy value of the current pixel M(i, j), and write the sum to
RAME[j] to iteratively update the accumulated energy value of the current stitching
node. As shown in Equation (10):

RAME[j] = RAM[i][j] + Mmin (10)

4. Repeat steps 1, 2, and 3: continue to iterate the above steps until the point in the last
row of the overlapping area image of the current point of the seam line is processed.
The circuit is shown in Figure 7.

5. Optimal seam line operation stage: compare the minimum cumulated energy values
of all paths through the comparator, obtain the minimum value, and output the
abscissa corresponding to the current pixel point as the abscissa of the last line of the
optimal seam line.

6. Backtracking stage: in a bottom-up order, the abscissa values of each node of the
optimal seam line are calculated from the abscissa coordinates of the last row of the
best seam line that was obtained, and the relative path data recorded in the memory
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RAM group. Output the abscissa of the complete optimal seam line to the image
fusion module.
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4.4. Image Fusion Module

The coordinates of the best seam line are cached in the image fusion module, and
the two required image data are read from DDR3 by using the AXI bus protocol and
asynchronous FIFO cache. Based on the nodes of the best seam line, an image fusion
operation is performed. During the fusion process, for each row of pixels, three points
on the left and right of the column coordinate point corresponding to the seam line are
weighted and averaged to achieve image fusion.

In the image fusion module, a separate design of the seam line search module and
fusion module is adopted to reuse existing seam lines within a certain number of frames,
thereby effectively improving the image processing speed. This separation design is
particularly suitable for fixed content scenes, which can reduce power consumption, achieve
efficient acceleration effects, and eliminate the problem of fusion image ghosting caused by
frequent seam line changes.

In a specific relatively fixed content scene, since the color and texture differences of the
overlapping area images change little, and their positions do not change much, it can be
assumed that the position of the optimal seam line is relatively fixed. In this case, previously
calculated seam lines can be effectively reused, resulting in a reduced power consumption
and efficient acceleration. During specific implementation, the registered pixel values are
directly input to the image fusion module, and the image fusion is performed based on
the optimal seam line coordinates calculated in previous frames stored in the image fusion
module.

4.5. Image Data Cache Module

The image data cache module, a critical component of our system, is designed to
address the challenges posed by the mismatch in clock and data transmission rates during
image processing. This module comprises First-In, First-Out (FIFO) cache modules and a
DDR3 control module.



Electronics 2024, 13, 271 12 of 18

4.5.1. Function and Importance

FIFO cache modules buffer pixel data after image registration and before image fusion,
aligning the different speeds of data production and consumption. This ensures smooth
data flow and minimizes processing delays.

DDR3 control module: This module works with the FIFO cache to manage large
volumes of image data, crucial for maintaining high processing efficiency.

4.5.2. Interface Conversion and Operational States

An essential part of this system is the interface conversion module (AXI BUS), bridging
the FIFO and DDR3. This transforms the FIFO interface into an AXI interface, facilitating
effective data movement between the FIFO cache and DDR3 memory.

The module operates in several states—IDLE, CHECK FIFO, and TRANS—to effi-
ciently manage data transfers. This state machine design ensures a balanced data flow for
both reading and writing operations.

Incorporating this module into our system is critical for mitigating the discrepancies in
data rates and clock synchronization, a common challenge in advanced image processing.
It addresses the specific needs of real-time, high-quality image stitching, making the
process more efficient and reliable. The module not only streamlines data management but
also significantly contributes to the system’s overall performance, especially in handling
extensive image data with minimal latency.

4.5.3. Detailed Technical Workflow

In the DDR3 controller interface conversion module, a judgment and arbitration
process is required for read/write operations.

During the reading operation, the system initially remains in the IDLE state. Once the
calculation of the optimal seam line is completed, the seam line search module sends a data
reading signal to the AXI module, signaling it to start the reading process. The system then
transitions to the CHECK FIFO state, where it checks the volume of data items in the FIFO,
and proceeds to perform burst transmissions in the TRANS state.

The pseudocode for this process is shown in Algorithm 2.

Algorithm 2. The pseudocode of data cache operation

SET state = IDLE
WHILE true

IF state == IDLE
WAIT for optimal seam line calculation completion
ON completion, seam line search module sends data reading signal to AXI module
SET state = CHECK_FIFO

ELSE IF state == CHECK_FIFO
IF number of data items in FIFO < image width

SET state = TRANS
ELSE

CONTINUE checking FIFO
ELSE IF state == TRANS

PERFORM burst transmission from DDR3 to FIFO
SET state = CHECK_FIFO

The writing steps mirror the reading process, where the data to be stored in DDR3
are sent to the FIFO, and AXI burst transmission is initiated when the FIFO data exceed a
single burst’s length.

The rationale behind this design is to enhance the system’s ability to process large
image data sets in real time with high efficiency, which is vital for practical applications
in fields.

5. Experimental Results and Analysis

The circuit verification device is Altera’s Cyclone IV xc7k325tffg676-2 FPGA, the
development language is Verilog, the development software is Vavado 2020.2, and the
simulation tool is Modelsim 2018. The designed circuit has configurable parameters,
allowing for it to flexibly adapt to the stitching and fusion of images of different sizes.
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By adjusting parameters, customized configurations of the image stitching and fusion
process can be achieved to meet diverse application requirements. The fusion effect of the
verification test is shown in Figure 8.
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The visual effect after image fusion has the characteristics of smooth transition and
natural connection. This result further proves the effectiveness of the hardware imple-
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mentation of the algorithm, which successfully achieves the fusion of target objects while
maintaining image continuity.

The FPGA resource usage is shown in Table 1. This table clearly shows the usage
of each resource in the design, as well as the percentage occupancy of the corresponding
resource. The results show that the occupancy rate of each resource is less than 80%, which
proves that the system meets the reliability requirements. At the same time, the system
also makes full use of the available system resources to avoid resource waste when using
high-performance FPGAs.

Table 1. Memory resource utilizations of the image stitching system on FPGA.

Resource Used Number Total Number Utilization Percentage (%)

LUT 36,839 203,800 18.08
BRAM 321.5 445 72.25
FF 23,643 407,600 5.80

The simulation test results are shown in Figure 9. When the input clock frequency
is 100 MHz and the AXI BUS clock frequency is 200 MHz, two images (486 × 643) are
stitched and fused into one image (579 × 643), and the overlapping area size is 393 × 643,
as shown in Figure 9, and the total time required is 7.043795 ms. According to theoretical
calculations, the processing rate of the circuit reaches 142 FPS. In comparison, the software
implementation (Python 3.10, CPU: AMD Ryzen 9 7945 HX, Memory: 64 GB at 5200 MHz)
took 99.948 ms to run the same algorithm. This signifies that the circuit design execution
time is only 7.05% of the software implementation time, representing a 92.95% reduction in
time compared to the software implementation.
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In a relatively fixed content scene, by reusing the best seam lines of previous frames
for image fusion, a single image processing can take 3.758890 ms, and the theoretical rate
reaches 266 FPS. As shown in Figure 10, these results demonstrate that the designed system
exhibits a reliable performance and efficiency in the image processing process.
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Table 2 shows a comparison of the image size and achieved frame rate of circuits
designed in the different literature studies. As can be seen from Table 2, for processing
images smaller than or approximately the size of this article, the image fusion circuit
designed in this article achieves a higher frame rate than other circuits.

Table 2. Quantitative comparison between previous work and our system.

Input Image Resolution Output Image Resolution Frame Rate/FPS

X. Q. Yin [37] 640 × 480 / 25
X. Yang [11] 320 × 240 460 × 192 53

Z. Chuang [38] 640 × 480 / 49
S. Yifan [39] 640 × 360 / 31

Ours 486 × 643 579 × 643 142

Xu Yang and others’ work [11] supports an image resolution of 320 × 240, with a
frame rate of 53 FPS and an input clock of 24 MHz. The design proposed in this paper,
while processing images significantly larger than those handled in their work, achieves a
frame rate that is approximately 1.68 times higher.

Zhao Chuang’s work is capable of processing images with a resolution of 640 × 480 at
up to 49 FPS [38]. In comparison, the design presented in this paper improves the frame
rate by 1.89 times.

Song Yifan’s approach, which utilizes a Dijkstra-based optimal seam line fusion
algorithm, can perform image stitching on 640 × 360 images at 31 FPS [39]. This frame rate
is significantly lower than the frame rate achieved by the work in this paper for processing
images of similar size, which showed an improvement of about 3.58 times.

Yin Xiaoqing proposed a seam line search module based on a second-order dynamic
programming algorithm that can be transplanted to FPGA, which is theoretically capable
of processing 640 × 480 video streams at 25 FPS [37]. This frame rate is substantially lower
than the processing frame rate of the work in this paper, which achieves an improvement
of approximately 4.68 times.

6. Conclusions

Image stitching is widely used in the field of image processing. There have been many
algorithm studies, but there are few dedicated circuits for image stitching. On the premise
of combining the hardware algorithm complexity and resource utilization, we optimized
the energy value calculation method and designed a real-time image stitching circuit based
on the fusion algorithm of dynamic programming for a seam line search.

In order to achieve a high real-time performance, multiple asynchronous FIFOs and
DDR3 were used in the design to cache and synchronize the two image data; ping-pong
operation and pipeline design were used to improve computing efficiency; the overhead
of low-speed floating point operations and division operations is avoided, making the
operation more efficient; the seam line search module and fusion module were designed
separately to improve parallelism; and seam lines were reused in relatively fixed scenes
to further increase the image processing rate. After a series of experiments, it was proved
that the designed circuit successfully achieved high-quality, real-time image stitching
and fusion processing under relatively limited hardware resources. Not only did its
performance significantly surpass the four reference objects, but it also achieved significant
improvements in frame rate.

The real-world applications of this technology are extensive, ranging from surveillance
and medical imaging to autonomous vehicles and panoramic photography. For instance, in
surveillance, our method offers improved monitoring capabilities with enhanced image
detail and accuracy. In medical imaging, this can aid in creating comprehensive scans,
potentially improving diagnostics.

Importantly, our circuit’s efficiency in resource-limited environments makes it suitable
for embedded systems and mobile devices, paving the way for broader application in
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compact, cost-effective products. This not only advances the field of image stitching but also
opens possibilities for integrating advanced image processing in various practical settings.

7. Future Work

In future developments, we propose an optimization of the energy value function to
enhance seam line navigation in image stitching, particularly in high-contrast areas. This
improvement aims to address the current limitations caused by the reliance on grayscale
values, which often leads to ghosting and distortion when encountering stark contrasts.
Advanced image recognition techniques will be integrated into the energy calculation to
allow for a more intelligent circumvention of objects.

Additionally, we plan to expand the node selection process for seam lines. Moving
beyond the current method of choosing from three adjacent nodes, we will explore a
dynamic programming approach that considers a larger set of nodes, potentially enhancing
the system’s ability to navigate around larger objects and achieve more natural stitching
results. This expansion may include the application of machine learning algorithms for
optimized path prediction in complex scenarios.

On the hardware front, we are considering the use of a heterogeneous FPGA integrated
with a CPU processing unit. This integration is expected to facilitate complex image
recognition tasks and improve efficiency by offloading tasks to the CPU. We also aim to
explore adaptive algorithms for dynamic resource allocation between the FPGA and CPU,
depending on the task’s complexity, to enhance both performance and energy efficiency.
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Glossary

Image Stitching: Combines multiple images with overlapping fields to produce a single high-
resolution image. Common in panoramic photography and surveillance.

Ghosting Effect: This refers to a visual artifact in image stitching where duplicate or misaligned
features appear, typically due to movement or misalignment in overlapping areas. This is a common
challenge in the creation of seamless panoramas.

Seamlines: These are the lines along which images are joined in stitching processes. The optimal
seamline minimizes visual discrepancies, ensuring a smooth and cohesive transition between stitched
images.

Dynamic Programming: An algorithmic method used for efficiently finding optimal seam lines
in image stitching, minimizing visual discrepancies.

Field-Programmable Gate Array (FPGA): A customizable integrated circuit used for parallel data
processing, ideal for high-speed image analysis and real-time tasks.

Asynchronous First-In, First-Out (FIFO): A queue structure for data synchronization, allowing
data reading and writing at different speeds, crucial for handling image data from varied sources.

DDR3 Memory: A high-speed memory technology used for efficient storage and access of large
image data in real-time processing.

Ping-Pong Operation and Pipeline Design: Alternating between two buffers (ping-pong opera-
tion) and simultaneous processing stages (pipeline design) to enhance efficiency.



Electronics 2024, 13, 271 17 of 18

Seam Line Search and Fusion Module: Identifies optimal paths for stitching and merges images
along these lines, improving speed and performance through parallel processing.
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