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Abstract 

This paper presents a high-speed method for forward and inverse discrete wavelet transform 
(DWT) intended for the JPEG XS image compression standard. Unlike state-of-the-art approaches, 
which process pixels sequentially, the proposed algorithm employs the Winograd method to 
compute groups of 2-5 pixels in parallel within a single clock cycle. We determine the minimum 
fractional bit-widths required for fixed-point arithmetic to ensure reconstructed image quality with 
a peak signal-to-noise ratio (PSNR) of at least 40 dB. Hardware modeling using the OpenLane 
environment demonstrates that the proposed method increases throughput by up to 109% for forward 
DWT and up to 144% for inverse DWT compared to state-of-the-art techniques. The optimal 
configurations are 3-pixel fragments for forward and 4-pixel fragments for inverse transforms. The 
proposed DWT approach is recommended for real-time systems where processing speed is critical, 
particularly in medical imaging and satellite data processing. 
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Introduction 

Digital image processing is widely used in many areas of science and technology [1]. Image and video processing 
standards need to be improved due to the increase in information transfer speeds and the size of data being delivered. The 
JPEG standard [2] is widely used for storing, transmitting, and processing graphic information on personal computers. 
This standard uses a special image compression algorithm and reduces the file size on the computing device. The JPEG 
standard uses discrete cosine transform (DCT) for image compression [3]. This method is a modification of the discrete 
Fourier transform, which is widely used in digital signal processing tasks. However, DCT performs compression with a 
loss of image quality. 

In 2019, the International Organization for Standardization (ISO) introduced an image and video coding standard 
called JPEG XS, which allows lossless image compression [4]. This standard uses wavelets in its compression algorithm 
[5]. They are used in tasks of information compression [6], image analysis [7], video processing [8], noise reduction [9], 
and other tasks. Image compression in the JPEG XS standard is pre-processed by increasing the bit–depth of pixels. The 
next step is discrete wavelet transform (DWT). Then, the resulting images are quantized and rounded to integer pixel 
values. The final stage of image compression is Huffman entropy coding. The bitrate control unit controls the size of the 
entropy coding code stream after image compression. Image or video signal restoration is performed in the reverse order 
of encoding: entropy decoding; reverse quantization, inverse DWT, and bit–depth reduction. Fig. 1 shows the JPEG XS 
image encoding and decoding scheme.  

 
Fig. 1. Schematic diagram of JPEG XS image compression and reconstruction processing operation 

New approaches and algorithms are being developed to improve the compression and restoration performance of 
images and videos for the JPEG XS standard at one of the processing stages. Thus, in [10], the authors presented methods 
for improving the visual characteristics of JPEG XS entropy coding. In [11] a modular scheme for parallel entropy coding 
and decoding was proposed for the development of a device on a programmable logic integrated circuit. The authors in 
[12] propose video coding techniques for efficient information transmission. Most of the work focuses on improving the 
performance of the entropy coding block for the JPEG XS codec. 
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The JPEG XS standard uses a 5/3 wavelet filter for image compression and restoration, which is a special case of the 
Le Gall filter [13]. The JPEG XS standard uses a lifting scheme [14] as the DWT method. The main advantage of this 
method is its low computational complexity. However, the disadvantage of this approach is the low pixel processing 
speed, since the computations are performed sequentially. To increase the processing speed, parallel computing methods 
are required. One such approach is to use of the Winograd method (WM), which allows several pixels to be calculated 
simultaneously [15]. The computational approach of this method has already been used in various fields of knowledge. 
The main reason for using this method is the technique of calculating groups of pixels, which reduces the number of 
multiplication operations by increasing the number of addition operations, thereby reducing computational complexity. 
This method is most often used when performing computations for various tasks in convolutional neural networks: 
detection of heart disease based on ECG signals [16], detection of computing clouds [17], detection of objects in an image 
[18], etc. The method is also used in the development of hardware acceleration systems. WM is also used in the 
development of hardware accelerators for high-performance matrix multiplication calculations [19]. 

This paper proposes WM-based method for high-performance 1D forward and inverse DWT of JPEG XS images. The 
accuracy of WM coefficients is determined using computer simulation to obtain high-quality reconstructed images. 
Hardware modeling is performed using calculated coefficient sizes for forward and inverse DWT, and a comparison with 
state-of-the-art DWT approaches is also carried out. 

The rest of the paper is organized as follows. Section 1 describes the state-of-the-art wavelet processing methods. In 
Section 2 presents the proposed DWT method. Section 3 describes the accuracy analysis of the proposed DWT method 
for high-quality image processing. Section 4 describes the hardware modelling of the proposed method, presents the 
simulation results, discusses the obtained results and describes the feature of the proposed method for performing DWT. 
Section 5 presents conclusions and suggests promising areas of application for the proposed DWT method. 

1. Preliminaries 

This section describes state-of-the-art DWT methods: direct method and lifting scheme. The direct method is the 
standard method, which is performed using a convolution operation with step size of 1. The Lifting scheme is the next 
generation of wavelet signal and image processing.  

1.1. Direct DWT 

An image in digital form is denoted as 𝐼ሺ𝑥,𝑦ሻ, where 𝑥 represents the number of pixels in width and 𝑦 represents the number 
of pixels in height. Wavelet transform with direct method performs filtering of signals in which even-order filters are used. 1D 
wavelet filtering by width by direct method is performed by the formula (1) and by height by the formula (2): 

𝐼ሚሺ𝑎, 𝑏ሻ ൌ ∑ 𝐼ሺ𝑎, 𝑏 െ 𝑖ሻ𝐹ሺ𝑖ሻ,௞ିଵ
௜ୀ଴  (1) 

𝐼ሚሺ𝑎, 𝑏ሻ ൌ ∑ 𝐼ሺ𝑎 െ 𝑖, 𝑏ሻ𝐹ሺ𝑖ሻ,௞ିଵ
௜ୀ଴  (2) 

where 𝐼 and 𝐼ሚ are the original and processed images with the with row number a and column number 𝑏, 𝐹 is a wavelet 
filter of order 𝑘. Image filtering in wavelet processing is performed by two computational channels: 

1.On the low-pass filter 𝐿𝐷; 
2.On the high-pass filter 𝐻𝐷. 
After convolution using both filters, downscaling is performed in steps of 2 (↓2). The result of the processing is a low-

frequency 𝐼ሚ௅஽ and high-frequency 𝐼ሚு஽ image. 
Le Gall’s filter coefficients for performing the forward DWT using the direct method are presented in formulas (3) and (4): 
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The direct method of inverse DWT is performed as follows. First, upsampling is performed with the same step as in 
forward DWT. In this case, the step is equal to 2 (↑2). This operation involves inserting zeros between each pixel in the 
analyzing images. Then, the low-frequency 𝐹௅ோ and high-frequency 𝐹ுோ wavelet filters are applied to the post-upsampled 
images. Finally, the results of the two filtered images are combined by summing the pixel values at the corresponding 
coordinates. If all calculations are performed without any loss of accuracy, the reconstructed image 𝐼ሚ will be identical to 
the original image 𝐼. Fig. 2 shows the process of performing a full DWT on an image using the direct method. 

Le Gall's filter coefficients for performing inverse DWT are given in formulas (5) and (6): 
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1.2. Lifting scheme DWT 

The lifting scheme is another DWT approach. This method is widely used in image processing, data compression, 
noise filtering and other digital signal processing tasks. The essence of the lifting scheme is as follows: in the first stage, 
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the original signal is divided into two parts: the even part of the image 𝐼௔ and the odd part of the image 𝐼௕. This can be 
done by simply alternating the elements of the array. The second stage, an attempt is made to predict the values of the 
odd part based on the values of the even part. This is done using some predictive operator 𝑃. The result of the computation 
will be the high-frequency image 𝐼ሚு஽. In the third stage, the values of the even part are updated taking into account 
prediction errors. For this purpose, the update operator 𝑈 is used. The result of calculations in this operator is a low-
frequency image 𝐼ሚ௅஽.  

 
Fig. 2. Schematic of full wavelet filtering of the image by direct method 

Le Gall's filter coefficients for performing forward DWT using the lifting scheme are given in formulas (7) and (8): 
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The inverse DWT lifting scheme is performed in reverse order. The value of the low-frequency image is subtracted 
from the high-frequency image passed through the operator 𝑈. The value obtained after passing through the 𝑃 operator is 
added to the low-frequency image. To obtain the reconstructed image, the processed data is summed using the 
concatenation operator 𝐶. This operation involves performing an addition operation on the corresponding pixels on the 
row and column of the processed images. If all calculations were performed without loss of accuracy, the reconstructed 
image will be identical to the original. The full DWT image processing by lifting scheme is shown in Fig. 3. 

Le Gall's filter coefficients for performing inverse DWT using the lifting scheme are given in formulas (9) and (10): 
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Fig. 3. DWT image processing by lifting scheme method 

2. Winograd method for forward and inverse DWI 

The WM is an alternative to the direct method for performing DWT [15]. WM for 1D data processing is denoted as 
𝐹ሺ𝑚, 𝑟ሻ, where 𝑚 indicates the size of the image fragments to be processed, 𝑟 is the order of the wavelet used. For forward 
DWT a third number 𝐹ሺ𝑚, 𝑟,𝑑ሻ is used, where 𝑑 denotes the degree of sampling rate reduction. In our case, 𝑑 ൌ 2. 1D 
wavelet filtering using the Winograd method is performed according to formula (11): 

𝐼ሚ ൌ 𝐴்൫ሺ𝐺𝐾ሻ⊙ ሺ𝐵்𝐼ሻ൯, (11) 

where 𝐼ሚ is a fragment of the processed image (size), 𝐴், 𝐺 and 𝐵் are transformation matrices, 𝐾 is filter coefficients, ⊙ 
is the matrix elementwise multiplication operator, 𝐼 is a fragment of the original image. The 𝐺𝐾 product is calculated in 
advance with the corresponding analyzing filters. The values of the transformation matrices 𝐴், 𝐺 and 𝐵் depend on the 
number of image fragments and the filter order. The work in [20] shows that the values of the coefficients of the 
transformation matrices influence the selection of Lagrange polynomial points for constructing the Vandermonde matrix. 
The filter coefficients 𝐾 for WM calculations for JPEG XS standard images correspond to the coefficients of the Le Gall 
filter according to formulas (2-5). 

To perform wavelet transform with decimation using WM, the image is divided into two parts: the image with even 
𝐼௔ and odd 𝐼௕ signal parts, as in the lifting scheme. Then, a multiplication operation is performed in parallel between the 
divided signals and the matrix 𝐵஽

். In the next step, piecewise multiplication is performed with the corresponding filters 
for odd signals 𝐺𝐾௅஽,௢ௗௗ, 𝐺𝐾ு஽,௢ௗௗ, and even signals 𝐺𝐾௅஽,௘௩௘௡, 𝐺𝐾ு஽,௘௩௘௡. The obtained results are multiplied by the 
matrix 𝐴஽

் ,  for each computational channel, the addition of the corresponding processed low-frequency signals (𝐼ሚ௅஽,௢ௗௗ 
and 𝐼ሚ௅஽,௘௩௘௡) and high-frequency signals (𝐼ሚு஽,௢ௗௗ and 𝐼ሚு஽,௘௩௘௡) is performed in the last step of the wavelet transform. 
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Before performing the inverse DWT with WM, image upsampling is carried out, where the resolution of the images 
is increased by a factor of 2. In this process, odd pixels in the images are filled with values from the original images, and 
the even pixels are assigned a value of “0”. Next, the low-frequency and high-frequency image fragments are multiplied 
in parallel by a matrix 𝐵ோ

். The product 𝐺𝐾 is pre-calculated, provided that all coefficients of the original filter are known. 
After that, the corresponding values of 𝐺𝐾௅ோ and 𝐺𝐾ுோ are multiplied element-wise by the matrix 𝐵ோ

்𝐼. The next step 
involves multiplying the resulting values with matrix 𝐴ோ

் , which calculates the group of pixels of the image fragment. The 
final computational step to obtain the reconstructed image 𝐼ሚ is to add the corresponding pixels from the low-frequency 
and high-frequency images. 

A schematic diagram illustrating the full DWT for image processing using WM is shown in Fig. 4. 

 
Fig. 4. Proposed schematic diagram of the full DWT using WM 

3. Accuracy analysis of forward and inverse DWT using Winograd method 

We used fixed-point arithmetic for DWT calculations.  This approach has a number of advantages, including high 
accuracy for small number ranges, fast computation, and ease of implementation. However, there are also disadvantages, 
particularly regarding accuracy when working with fractional numbers, especially those that are divisible by numbers that 
are not powers of two. Such calculations can lead to a loss of accuracy, as some fractions may have an infinite number of 
digits in binary representation. There are various methods for improving accuracy, such as increasing the number of bits 
used to store the fractional part or using special number formats. 

For the proposed DWT method, sets of Lagrange polynomials with positive and negative values of degree two were 
selected due to their low time complexity, based on theoretical estimates from [21]: 

𝐿 ∈ ሼ0, 1,െ1, 2,െ2, … , 2௡,െ2௡, 2௡ାଵ,െ2௡ାଵ, … ,∞ሽ. 

The values of the 𝐺𝐾 matrices are presented in Appendices A and B for forward and inverse DWT based on the 
selected Lagrange points set, respectively.  

We used the Peak Signal-to-Noise Ratio (PSNR) metric to evaluate the quality of processed images after applying 
DWT. This metric evaluates the quality of the processed image compared to the quality of the original image. PSNR is 
calculated using formula (11): 

𝑃𝑆𝑁𝑅 ൌ 10 logଵ଴ሺ
ெ஺௑಺

మ

ெௌா
ሻ, (12) 

where 𝑀𝐴𝑋ூ is the maximum pixel brightness value, 𝑀𝑆𝐸 is the mean–square error which is calculated using formula (12): 

MSE ൌ  
ଵ

௫௬
∑ ∑ ห𝐼ሺ𝑥,𝑦ሻ െ 𝐼ሚሺ𝑥,𝑦ሻห

ଶ௬ିଵ
௝ୀ଴

௫ିଵ
௜ୀ଴ . (13) 

Modeling of the operation of the DWT images was performed in MATLAB version R2021b. For the simulation, we 
used an image with the size of 7680×4320 pixels, which has a color depth of 8 bits and 3 color channels: red, green, blue 
(RGB). Fig. 5 shows the image used to compare the forward and inverse DWT methods. 

A processed image is considered high quality if the PSNR metric is equal to or greater than 40 dB for images with a 
bit–depth of 8 bits [22]. If we consider the WM coefficients used to multiply the 𝐺𝐾 matrices in the forward DWT for 
groups of 2 and 3 pixels, which are described in detail in Appendix A, we can observe that all the denominators of these 
coefficients are multiples of two raised to the second power. This indicates that 2 bits are sufficient for the fractional part 
for accurate calculations. 

The results of the software modeling are presented in Tab. 1. The analysis indicates that to perform a forward DWT 
with WM for groups of 2 and 3 pixels, an additional 2 bits are required for the fractional part to ensure quality 
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preservation. For inverse DWT applied to segments of 2 and 3 pixels, an additional 3 bits and 7 bits, respectively, must 
be used to obtain high-quality images. In addition, when processing images from groups of 4 and 5 pixels, 7 and 12 bits 
must be added for the forward DWT, and the same values should be used for the inverse DWT. 

 
Fig. 5. Source image for wavelet processing 

Tab. 1. PSNR results of inverse DWT images processed by the proposed Winograd method 

Method DWT 
Bits for the fractional part 

of a binary number 
PSNR, dB 

F(2,4) 
Inverse 2 37.0871 
Inverse 3 46.6113 

F(3,4) 

Inverse 4 25.1008 
Inverse 5 31.1231 
Inverse 6 37.1138 
Inverse 7 43.0627 

F(4,4) 

Forward and inverse 3 and 3 7.3319 
Forward and inverse 4 and 4 23.8625 
Forward and inverse 5 and 5 24.6229 
Forward and inverse 6 and 6 25.0959 
Forward and inverse 7 and 7 42.7271 

F(5,4) 

Forward and inverse 6 and 6 12.3971 
Forward and inverse 7 and 7 14.7865 
Forward and inverse 8 and 8 21.8067 
Forward and inverse 9 and 9 24.3237 
Forward and inverse 10 and 10 27.6388 
Forward and inverse 11 and 11 35.2019 
Forward and inverse 12 and 12 40.1445 

4. Hardware modeling and discussion 

Hardware modelling was performed using OpenLane hardware environment [23]. The Yosys library is used for 
synthesizing and optimizing logic circuits from hardware description languages in OpenLane. Yosys is an open-source 
Verilog synthesis tool. It converts Verilog circuit descriptions into various formats for further processing in the design of 
microchips, FPGAs and ASICs. The modified modeling parameters are presented in Tab. 2. The remaining parameters 
are set to default values. Proprietary codes were used to implement state-of-the-art and proposed methods, as it was 
necessary to conduct simulations under identical conditions for the sake of experimental purity. The characteristic 
“Performance” defined by the number of pixels processed per second is used to analyze the proposed method based on 
group pixel processing. This parameter is calculated as the ratio between the computational delay and the number of 
pixels processed. This metric shows the average delay spent on processing 1 pixel, since other methods (direct and lifting 
scheme) process 1 pixel at a time, while the WM processes several pixels (2 or more) at a time. The results are shown in 
Tables 3 – 4 and figs. (6) – (13). 

Hardware simulation results show that for one iteration of the proposed forward DWT significantly increases hardware 
costs, ranging from 3.83 to 55.62 times, depending on the number of pixels processed. Additionally, power consumption rises 
from 7.85 times to 3250.69 times, as the number of processed pixels increases. The device delay also experiences an increase, 
ranging from 35.56 % to 154.13 %. Despite these drawbacks, the performance of the proposed method improves considerably, 
from 47.54 % to 109.07 %. 

The proposed method for single iteration of inverse DWT significantly increases hardware costs, depending on the number 
of pixels processed, from 3.20 to 57.24 times. In addition, power consumption increases with the number of pixels, escalating 
from 6.49 to 2432.85 times. The device's delay also increases, with a rise between 13.11 % and 130.68 %. However, the 
performance of the proposed method improves, ranging from 76.82 % to 144.43 %. 
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The proposed approach increases hardware and power costs as the number of processed pixel fragments increases. 
Computational redundancy is reduced in the inverse DWT based on the proposed method by processing pixel groups 
consisting of an even number. The values of even pixels in such an image are zero when the sampling frequency increases. 
The more pixels an image fragment contains, the higher the hardware and power costs. Analysis of the simulation results 
for processing 5 pixels shows that its performance is inferior to that of the forward DWT for processing 3 pixels and the 
inverse DWT for processing 4 pixels. In addition, the hardware costs for processing 5 pixels are significantly higher. 
Therefore, further increasing the number of pixel groups for DWT is not practical. Optimal performance is achieved with 
WM F(3,4,2) for forward DWT and F(4,4) for inverse DWT.  

One of the main advantages of the proposed method is the simultaneous processing of multiple pixels. Calculations 
are performed in parallel, unlike the lifting scheme. This increases the performance of calculations. High computational 
complexity is the main disadvantage of the proposed approach, as the number of operations increases. The more pixels 
are selected for processing, the more calculations will be performed. This will affect both hardware and power 
consumption. The proposed DWT method is effective in devices where computing speed is a key parameter. Modification 
of the proposed approach is a promising area for further research, which will reduce hardware costs and power 
consumption while maintaining the same level of computing speed. 

Tab. 2. Parameters for hardware modeling of wavelet processing 

Parameter Value 

CLOCK_TREE_SYNTH False 

CLOCK_PORT Null 

PL_TARGET_DENSITY 0.6 

FP_CORE_UTIL 20 

Tab. 3. Forward DWT hardware modeling results of state-of-the-art and proposed methods 

Method 
 
 

Parameter 

State-of-the-art methods Proposed methods 

Direct Lifting scheme F(2,4,2) F(3,4,2) F(4,4,2) F(5,4,2) 

Area, μm2 3,475 2,268 8,696 17,252 50,979 126,156 
Delay, ns 7.27 6.30 8.54 9.04 13.21 16.01 

Performance, Mpixels / s 137.552 158.730 234.192 331.858 302.801 312.305 
Power, mW 0.655 0.363 2.850 7.030 155.000 1,180.000 

Tab. 4. Inverse DWT hardware modeling results of state-of-the-art and proposed methods 

Method 
 
 

Parameter 

State-of-the-art methods Proposed methods 

Direct Lifting scheme F(2,4) F(3,4) F(4,4) F(5,4) 

Area, μm2 6,115 3,120 9,996 33,425 45,661 178,575 
Delay, ns 8.07 7.40 8.37 11.87 12.11 17.02 

Performance, Mpixels / s 123.916 135.135 238.949 252.738 330.306 293.772 
Power, mW 1.250 0.485 3.150 47.300 60.600 1,180.000 

Conclusion 

This paper proposes an approach to forward and inverse DWT of images using WM for JPEG XS standard. 
Calculations were done in fixed–point format for high-quality processing image. The hardware simulation results showed 
that the high performance of forward DWT was shown by the proposed WM for processing 3 pixels and inverse DWT 
for processing 4 pixels. The proposed approach showed a performance increase of 109.07 % for forward DWT, but 
hardware and power consumption increased by 7.61 times and 19.37 times, respectively. The proposed WM showed a 
performance increase of 144.43 % for inverse DWT, but increased hardware and power consumption by 14.63 times and 
124.95 times, respectively. The proposed approaches are suggested to be used in devices where speed is a critical 
parameter, for example, in medical or satellite image processing. A promising direction for further research is the 
development of devices for image processing by the proposed DWT method, operating in real time. 
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Fig. 6. Results of forward DWT modeling of hardware costs 

 
Fig. 7. Results of forward DWT modeling of computational 

delay 

 
Fig. 8. Results of forward DWT modeling of image processing 

performance 

 
Fig. 9. Results of forward DWT modeling of power 

consumption 

 
Fig. 10. Results of inverse DWT modeling of hardware costs 

 
Fig. 11. Results of inverse DWT modeling of computational 

delay 

 
Fig. 12. Results of inverse DWT modeling of image processing 

performance 

 
Fig. 13. Results of inverse DWT modeling of power 

consumption 
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Appendix A 
Tab. A. 𝐺𝐾 coefficients for performing forward DWT of image fragment using Winograd method 
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Appendix B 
Tab. B. 𝐺𝐾 coefficients for performing inverse DWT of image fragment using Winograd method 
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