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LOSSY COMPRESSION OF MULTILOOK SAR IMAGES  

IN THE OPTIMAL OPERATION POINT NEIGHBORHOOD BY BPG-CODER   
 

The subject matter of the article is the process of lossy compression of multilook Synthetic Aperture Radar (SAR) 

images corrupted by multiplicative, spatially correlated speckle noise, with a focus on operation in the 

neighborhood of the potential Optimal Operation Point (OOP). The goal of the article is to analyze the existence 

and properties of the OOP for SAR image compression using the Better Portable Graphics (BPG) coder, and to 

develop a practical method for achieving compression near this point. The tasks to be solved are: to verify the 

existence of the OOP for simulated Sentinel-1-like SAR images according to both traditional peak signal-to-

noise ratio (PSNR) and visual quality (PSNR-HVS-M) metrics; to investigate the relationship between the 

compression control parameter (Q) and the resulting image quality and compression ratio (CR); and to propose 
and describe a practical iterative procedure for determining the Q parameter value corresponding to the OOP 

without requiring access to the noise-free reference image. The methods used are: simulation of SAR images 

with speckle relative variance equal to 0.05 using noise-free Sentinel-2 data as a reference; lossy compression 

using the BPG coder with parameter Q varying from 1 to 51; quantitative assessment using PSNR and PSNR-

HVS-M metrics; calculation of compression ratio; analysis of rate-distortion curves between different image 

pairs; statistical estimation of equivalent noise variance for input PSNR prediction. The following results were 

obtained: It has been demonstrated that an OOP exists for the BPG coder when compressing multilook SAR 

images, confirmed by both PSNR and PSNR-HVS-M metrics. The OOP provides PSNR and PSNR-HVS-M values 

several dB higher compared to the uncompressed noisy image while achieving very high compression ratios (CR 

> 180). The OOP was found at high Q values (Q=48-49), where the coder aggressively suppresses noise but 

also introduces content distortions. A key practical result is the proposed method for determining Q at the OOP. 
Conclusions. The scientific novelty of the obtained results is as follows: For the first time, the existence of the 

OOP has been comprehensively demonstrated for the BPG coder applied to multilook SAR images with realistic 

speckle properties, considering not only the standard PSNR but also the visual quality metric PSNR-HVS-M, 

although the OOP is less pronounced for the latter; a method for practical OOP approximation has been 

developed, which operates without the need for the original noise-free (true) image, relying instead on an 

estimation of the speckle noise power from the available noisy data, making it applicable in real-world SAR 

image processing and transmission scenarios. 
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1. Introduction 
 

1.1. Motivation 
 

Remote sensing (RS) systems have become a tool 

for solving various tasks in ecological monitoring [1], 

defense [2], oceanography [3], etc. For aforementioned 

and other applications, synthetic aperture radars (SARs) 

are used due to reliable operation in all-weather 

conditions and high spatial resolution [3, 4].  Meanwhile, 

average size of SAR images has an obvious tendency to 

increase. Then, to transfer SAR images from on-board  to 

on-land and, later, to disseminate them, compression is 

needed [6,7]. Lossless compression is applied rarely 

since the provided compression ratio (CR) is usually only 

slightly larger than unity [8] because of speckle present 

in SAR images. Then, lossy compression is employed 

that has been of high attention both 30 years ago[5] and 

now [6,7].  

Speckle is a noise-like phenomenon of 

multiplicative nature, which happens for any type of 

imaging carried out by coherent systems [9]. Speckle and 

its properties have to be taken into account practically in 

any kind of SAR image processing such as including 

edge and target detection [10], denoising [11], lossy 

compression [12, 13], and so on. Note that lossy 

compression noisy images is characterized by several 

specific effects [14]. This is, first, noise filtering effect, 

and, second, possible existence of optimal operation 

point (OOP) where a compressed image is the closest 

(most similar) to the corresponding noise-free 
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image [14]. Possible existence of OOP was demonstrated 

for SAR images [13, 15] compressed by several known 

coders. Compression is OOP is attractive since two 

benefits are achieved simultaneously – quite high quality 

and quite large CR.  

Recently, new efficient coders such as better 

portable graphics (BPG) [16], AVIF [17], HEIF [18], and 

some others have been proposed. It has been shown [14] 

that they are able to perform well enough for images 

corrupted by additive white Gaussian noise. These (and 

other) coders have been also tested for visually lossless 

[13, 19] compression of SAR images in [20] using 

several modern visual quality metrics [21] and thresholds 

of distortion invisibility for them [22, 23]. However, 

possibility of attaining OOP for them in lossy 

compression of SAR images has not been studied. Thus, 

we concentrate on the BPG coder and its performance in 

the considered application below.          
 

1.2. State-of-the-art 
 

In lossy compression of noisy images in general and 

SAR images in particular, the main goal is to provide 

acceptable quality of compressed images simultaneously 

with rather large CR. Because of this, there are several 

possible strategies [6, 13] that can be realized depending 

on priority of requirements and imposed restrictions. One 

idea is to perform the so-called visually lossless 

compression [20] where post-filtering can be carried on-

land after decompression. A positive feature of this 

strategy is that a rather high quality of decompressed and 

then post-filtered images can be provided due to 

application of filters adapted to speckle properties. 

However, the drawback is that the provided CR is quite 

low – about 3 for 8-bit representation of original SAR 

images and slightly more if more bits are employed for 

SAR image representation [20].  

 Keeping aforementioned drawback in mind, other 

strategies are possible. One of them presumes SAR 

image lossy compression in OOP or its neighborhood [6, 

13]. Possible existence of OOP in lossy compression of 

noisy images has been shown for different types of noise 

[14, 15] and for different lossy compression techniques 

including old standards such as JPEG [24] and 

JPEG2000 [6] as well as modern coders [14]. There are 

three main problems concerning compression in OOP. 

First, OOP exists not always. For a given noisy image, it 

might exist for one coder and not exist for another coder 

where the general tendency is the higher probability of 

OOP existence for more modern coders [14]. Similarly, it 

might exist according to one metric and not exist for 

another metric where the general tendency is the higher 

probability for PSNR compared to visual quality metrics. 

Finally, for a given noise intensity, OOP might exist for 

one image and not exist for another image where OOP 

exists more often for simpler structure images. Then, 

trying to compress a noisy image in OOP, one should be 

sure that OOP for this image exists. Prediction of OOP 

existence is a particular task not considered in this paper.  

Second, it is necessary to know how to set a 

parameter that controls compression (PCC) for a given 

coder to reach OOP. Here it is necessary to mention that 

different parameters are used in different coders as PCC. 

JPEG, AVIF, and HEIF employ quality factor (QF) where 

a larger QF corresponds to less distortions introduced 

into the compressed image and smaller CR. JPEG2000 

uses bits per pixel (BPP) as PCC where a larger BPP 

relates to smaller distortions and smaller CR. The BPG 

coder employs Q (integer from 1 to 51) where a larger Q 

produces larger distortions and larger CR. In this paper, 

we consider just the BPG coder.  

Third, speckle noise in SAR images is usually 

spatially correlated [25]. There is a very little number of 

papers devoted to lossy compression of images corrupted 

by spatially correlated noise [26]. It is shown there that 

OOP is possible but it is less obvious than for the same 

true image corrupted by white noise with the same 

variance. Besides, PCC in OOP for these two cases can 

be slightly different.  

Then, we deal with a quite complex case of lossy 

compression of images corrupted by multiplicative 

spatially correlated noise. To start from a slightly simpler 

case, we consider multilook SAR images for which 

speckle distribution is more close to Gaussian than for 

single-look images.        
 

1.3. Objectives and the approach 
 

Our goal is to analyze does OOP exist in lossy 

compression of SAR images with realistic properties of 

speckle by the BPG coder and, if OOP is possible, what 

are the PCC properties for OOP. We focus on images 

simulating Sentinel-1 [27] SAR data that has been widely 

exploited in recent years for various applications [28, 29]. 

In other words, our simulated images have the same 

statistical and spatial correlation properties as multilook 

images produces by Sentinel-1 in dual-polarization 

mode. In addition to standard PSNR, we consider the 

PSNR-HVS-M visual quality metric 

(https://ponomarenko.info/psnrhvsm.htm), which is also 

expressed in dB and incorporates important peculiarities 

of human vision system (HVS). 

The paper structure is as follows. Section 2 deals 

with the image/noise model and traditional rate/distortion 

curves. Rate/distortion curves calculated between true an 

noisy compressed images are analyzed in Section 3 with 

showing the OOP existence according to two metrics. 

Compression examples demonstrating speckle 

suppression and discussion are given in Section 4. 

Finally, the Conclusions follow.        

https://ponomarenko.info/psnrhvsm.htm
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2. Materials and methods of research 
 

One additional problem in analysis of SAR image 

lossy compression is the absence of commonly accepted 

true images as well as methods and tools for speckle 

simulation [30, 31]. Because of this, noise-free images 

are often taken from practically noise-free components of 

multispectral Sentinel-2 data [32].         

 

 
a 

 
b 

 
c 

 
d  

Fig. 1. Noise-free test image #1 (a), its noisy version 

(b), noise-free test image #2 (c) and its noisy version (d)  

After this, speckle noise with statistical and spatial 

correlation properties determined for speckle in multi-

look Sentinel-1 SAR images is artificially added. Speckle 

relative variance is approximately equal to 0.05. 

Fig. 1 presents two typical noise-free remote 

sensing images further called Test image #1 (Fig. 1,a) 

and Test image #2 (Fig. 1,c). Noisy images for these test 

images are represented in Figures 1,b and 1,d. It is easy 

to notice that speckle is observed in homogeneous image 

regions (except very dark regions that correspond to 

smaller mean intensity and, respectively, to less intensive 

fluctuations according to the multiplicative noise model). 

Due to intensive speckle, low contrast small-sized and 

prolonged objects as well low contrast textures are 

severely deteriorated and/or masked. This explains why 

it is worth removing speckle by filtering or suppressing 

it at lossy compression stage. 

Meanwhile, speckle reduction should be careful to 

preserve edges, fine details, and textural features. These 

requirements of efficient speckle suppression and 

simultaneous preservation of information features are 

contradictory and an appropriate trade-off should be 

found in coder selection and its parameters setting.  

Below, we consider SAR image representation as 8-

bit (integer-valued) 2D data arrays. In general, SAR 

images are often represented as arrays with a larger 

number of bits. However, our solution to use 8-bit 

representation deals with the following reasons.  

First, not all existing metrics including visual 

quality ones can be calculated for data with arbitrary 

number of bits. Second, preliminary normalization of 

images to the range 0-255 and back introduce 

significantly less distortions than distortions due to lossy 

compression, especially in OOP neighborhood. Thus, we 

further ignore distortions due to direct and inverse 

normalizations.    

The BPG-coder realization intended to compress 

single-channel (grayscale) images freely available at 

https://bellard.org/bpg/ has been applied. This coder, 

similarly to JPEG, is based on discrete cosine transform 

(DCT) but it is able to adapt to image content. Due to this, 

the BPG coder usually outperforms JPEG and the benefit 

is the most significant for simple structure images and 

images of various content. In opposite to JPEG, the BPG-

coder performance is controlled by aforementioned 

parameter Q where the level of introduced distortions 

varies in wide limits and the worst image quality is 

produced for Q approaching 51.     

In theory and practice of lossy compression applied 

to noise-free images, metrics of quality are mainly 

determined between images before and after 

compression. In this sense, let us briefly consider 

dependences of PSNRnc determined between noisy 

images and their compressed counterparts. They are 

presented in Fig. 2.  

https://bellard.org/bpg/
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Fig. 2. Dependences of PSNRnc(Q) for test images 

 

In general, these dependences are typical for the 

BPG coder [32] where a metric characterizing distortions 

due to lossy compression makes worse (indicates more 

distortions) if Q increases. The dependences in Fig. 2 

have three main intervals. For Q<10, distortions are 

negligible (PSNRnc>56 dB) and the curve behaves in 

nonlinear manner. Then, for 10≤Q≤45, PSNRnc decreases 

practically linearly where PSNRnc≈65-Q for both test 

images. Finally, for Q>45, PSNRnc continues decreasing 

but the decreasing speed becomes smaller and the curves 

“diverge”. Note that, for Q>45, the introduced distortions 

are very large and, if 8-bit representation is used, mean 

square error of these distortions is about 1000.  

One more type of curves can be of particular 

interest. Fig. 3 shows dependences of CR on Q. They 

behave similarly for the considered test images. If Q≤30, 

the introduced distortions are not visible but CR values 

are smaller than 3 [20]. Just this obstacle explains some 

limitations on visually lossless compression since a 

desired CR can be considerably larger. Till Q=40, CR 

increases but continues to be quite small. However, 

starting from Q≈43, CR begins to increase radically 

reaching approximately 100 for Q≈47 and approximately 

250 for Q=50, i.e. the interval of 43≤Q≤51 should be of 

particular interest for lossy compression.      

 

 
Fig. 3. Dependences of CR on Q for both test images 

  

3. OOP Analysis for the Considered Images 
 

3.1. Obtained rate/distortion curves 
 

Consider rate/distortion curves (RDCs) obtained for 

compressed noisy and test images (subindex tc relates to 

such curves). Dependences PSNRtc(Q) are presented in 

Fig. 4. They have behavior that has distinctive difference 

compared to PSNRnc(Q) (see Fig. 1). First of all, both 

RDCs PSNRtc(Q) remain practically constant for Q<35 

and this confirms that compressed images for this 

interval look practically the same. Then, for 35≤Q≤47, 

PSNRtc(Q) increases if Q becomes larger. This 

improvement of quality is mainly associated with better 

speckle suppression, whilst distortions introduced into 

image content also increase (negative effect) but not so 

quickly as noise removal (positive effect). Finally, OOP 

is observed for Q=49 for the test image #1 and for Q=48 

for the test image #2. After this, PSNRtc(Q) starts to 

decrease.  

 

 
Fig. 4. Dependences PSNRtc(Q) for the test images 

 

Thus, we can state that OOPs are observed for both 

test images and these OOPs are “obvious” in the sense 

that PSNRtc(Q=QOOP) is significantly (by about 8-9 dB) 

larger than PSNRtc(Q=1)≈PSNRn where PSNRn is PSNR 

of noisy (uncompressed) image with respect to the true 

image.   

The results obtained for lossy compression of noisy 

images by different coders [14] show that OOP might 

take place not only for PSNR metric but for other metrics, 

including visual quality ones, as well. So, let us check 

whether or not this happens for lossy compression of 

SAR images.  Fig. 5 shows RDCs PSNR-HVS-Mtc(Q) for 

the considered test images. 

As seen, these RDCs have behavior very similar to 

RDCs PSNRtc(Q) in Fig. 4. There are OOPs that are 

observed for the same values of QOOP as in in Fig. 4. 

Thus, we can state that OOPs for both metrics, PSNRtc 

and PSNR-HVS-Mtc take place for the same QOOP, and 

this is a positive moment. However, the OOPs for PSNR-
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HVS-Mtc are not so obvious as for the metric PSNRtc. 

Really, PSNR-HVS-Mtc(Q=QOOP) is larger by only 2-4 

dB than PSNR-HVS-Mtc(Q=1). Besides, a question 

remains - how to determine QOOP?    

 

 
 

Fig. 5. Dependences PSNR-HVS-Mtc(Q)  

for the considered test images    

 

3.2.  One way to determine QOOP 
 

It has been noticed in [6] that OOP takes the place 

when PSNRnc(Q)≈PSNRn. Note that, in practice, we 

cannot measure PSNRtc for any given Q since we do not 

have the true image, but we can measure PSNRnc. The 

questions then are the following: 1) does the 

aforementioned property take the place for the 

considered case of SAR image compression? 2) can we 

measure of estimate PSNRn? Let us start from answering 

the first question.  

According to data in Fig. 4, PSNRn is 

approximately equal to 18.4 dB for the test image #1 it is 

approximately equal to 16.6 dB for the test image #2. 

According to the plots in Fig. 2, PSNRnc crosses the level 

18.6 dB for Q=48 for the test image #1 and the level 16.6 

dB for Q=49 for the test image #2. Thus, the 

aforementioned property remains.  

The second question then is how to estimate PSNRn, 

again without having the true image at hand. Recall here 

that 

 

PSNRn = 10 lg (
2552

σeq
2

), 

 

 σeq
2 = σμ

2 ∑ ∑ It kl
2 /KL

L

l=1

K

k=1

, 

 

where σeq
2  is the equivalent noise variance calculated 

using known true image It kl
2 , k = 1, … , K, l = 1, … , L , 

K and L denote the image size. Since the true image is 

not available, σeq
2  can be estimated as  

 σeq est
2 ≈ σμ

2 ∑ ∑ In kl
2 /KL

L

l=1

K

k=1

, 

 

where In kl
2 , k = 1, … , K, l = 1, … , L is the available 

noisy image,  σμ
2 = 0.05.  

Let compare σeq
2   and σeq est

2 . For the test image #1, 

σeq
2 =951.1 and σeq est

2 =819.5 For the test image #2, 

σeq
2 =1490 and σeq est

2 =1182. Thus, σeq
2   and σeq est

2  are 

quite close although σeq
2  is about 20% (0.8 dB) larger.  

Then, having σeq est
2 , it is possible to estimate PSNRn and 

adjust such Q that 

  

PSNRnc(Q) ≈ 10lg (2552/σeq est
2 ) − 0.8 

 

The corresponding iterative procedures exist [33]. To 

have a smaller number of iterations, the starting point is 

important. Here, recall that, according to Fig. 2, 

PSNRn = 65 − Q, and, then, the starting Qst ≈ 65 −

PSNRn. If the estimated PSNRnc(Qst) calculated after 

compression and decompression is larger than the 

estimated PSNRn, use Q2 = Qst + 1 and continue 

carrying out compression and decompression with 

PSNRnc calculation until for a given Qi  for the i-th 

iteration PSNRnc(Qi) < PSNRn. Then, stop and use the 

image compressed with Qi − 1 as the final result of 

compression. Certainly, there can be other modifications 

of this procedure.  

 

4. Compression Examples and Discussion 
 

4.1.  Compression Examples 

 

Fig. 6 presents the test images compressed in OOP 

(QOOP=49 for the test image #1 and QOOP=48 for the test 

image #2). Recall that CR in these cases are equal to 

202.89 and 180.167, respectively.  

Comparison of these images to the corresponding 

noise-free and speckled images in Figure 1 shows that, 

on one hand, speckle is suppressed well and high contrast 

objects and edges are preserved quite well. However, low 

contrast textures, edges, and fine details are smeared 

especially in regions with low mean level (e.g., left part 

of the image in Fig. 6,a).     
 

4.2. Discussion 
 

As seen, direct application of lossy compression to 

SAR images with speckle allows reaching OOP and 

gaining specific suppression of speckle, namely, speckle 

suppression is essential in homogeneous image regions 

with quite low mean intensity that look like black or dark 

grey areas. However, considerable detail smearing is 

simultaneously observed in such areas, which is 
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undesirable. One possible solution is to carry out lossy 

compression after appropriate variance stabilizing 

transform and apply inverse transform after 

decompression.  

 

 
a 

 
b 

Fig. 6. Images compressed in OOP:  

the test image #1 (a) and test image #2 (b) 

 

We have considered the case of  σμ
2 = 0.05 that 

corresponds to approximately 5 looks and relates to 

images formed by Sentinel-1 SAR. However, other SARs 

(e.g., TerraSAR-X) might acquire images with a smaller 

number of looks and, respectively, a larger  σμ
2  , e.g., 

 σμ
2 ≈ 0.273 as for single-look SAR images. Then, 

PSNRn can be by about 7 dB smaller than for the 

considered test images. Meanwhile, as it follows from 

data in Fig. 2, the BPG coder might be unable to provide 

PSNRn about 11 dB and, thus, to ensure SAR image 

compression in OOP. Then, other modern coders have to 

be tested.  

 

4.3. Implementation example 

 

The method we propose can be effectively 

implemented in onboard SAR data processing systems 

(e.g., Sentinel-1) to reduce data volume and mitigate the 

impact of speckle noise before transmission to ground 

stations. Furthermore, this approach can be integrated 

into automated remote monitoring systems, accelerating 

data transfer and analysis in areas such as agricultural 

field classification, disaster response, and environmental 

monitoring. 

 

5. Conclusions 
 

We have shown that the BPG coder applied to 

multilook SAR images is able to provide compression in 

optimal operation point determined according to PSNR 

and PSNR-HVS-M metrics. PSNR and PSNR-HVS-M in 

OOP are by several dB larger than for uncompressed 

images or images compressed in visually lossless 

manner. The attained CR are by tens of times larger than 

for visually lossless compression. These are the main 

advantages of lossy compression in OOP. The procedure 

for finding QOOP has been proposed.  

However, some questions are not answered yet and, 

thus, further studies are needed. First, the use of variance 

stabilizing transforms before compression and after 

decompression has to be considered to avoid undesired 

smearing for areas of low intensity. Second, it is needed 

to design a procedure to predict OOP existence. For this 

purpose, more test images have to be analyzed. Third, 

other modern coders such as HEIF have to be studied. 

Finally, SAR images for small number of looks and other 

spatial characteristics of the speckle have to be 

considered.     
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СТИСНЕННЯ БАГАТОВИГЛЯДОВИХ РСА-ЗОБРАЖЕНЬ З ВТРАТАМИ  

В ОКОЛІ ОПТИМАЛЬНОЇ РОБОЧОЇ ТОЧКИ  КОДЕРОМ BPG 

В. В. Лукін, В. С. Ребров, А. Д. Павлюк 

Предметом статті є стиснення з втратами багатопоглядових зображень, що отримані радіолокатором із 

синтезованою апертурою (РСА) та спотворені мультиплікативним просторово корельованим спекл-шумом, з 

акцентом на роботу поблизу потенційної оптимальної робочої точки (ОРТ). Метою статті є аналіз існування 

та властивостей ОРТ для РСА-зображень, стиснених за допомогою кодера. Better Portable Graphics (BPG), та 

розробка практичного методу досягнення стиснення поблизу цієї точки. Завдання, що потребують 

вирішення: перевірити існування ОРТ для змодельованих РСА-зображень, подібних до Sentinel-1, згідно з 

традиційними метриками пікового співвідношення сигнал/шум (PSNR) та візуальної якості (PSNR-HVS-M); 

дослідити взаємозв'язок між параметром керування стисненням (Q) та результуючою якістю зображення та 

коефіцієнтом стиснення (CR); розробити практичну ітераційну процедуру для визначення значення параметра 

Q, що відповідає ОРТ, без необхідності доступу до опорного зображення без шуму. Використані методи: 

https://sentinels.copernicus.eu/copernicus/sentinel-1
https://sentinels.copernicus.eu/copernicus/sentinel-1
https://doi.org/10.3390/land10060611


Моделювання та цифровізація 
 

 

51 

моделювання РСА-зображень з відносною дисперсією спеклу, що дорівнює 0,05, з використанням даних 

Sentinel-2 без шуму як еталону; стиснення з втратами за допомогою BPG-кодера з параметром Q, що 

змінюється від 1 до 51; кількісна оцінка за допомогою метрик PSNR та PSNR-HVS-M; розрахунок коефіцієнта 

стиснення; аналіз кривих швидкість/спотворення для різних пар зображень; статистична оцінка еквівалентної 

дисперсії шуму для прогнозування PSNRn. Отримані наступні результати: продемонстровано, що для BPG-

кодеру існує ОРТ під час стиснення багатопоглядових РСА-зображень, що підтверджено як PSNR, так і PSNR-

HVS-M метриками. ОРТ забезпечує значення PSNR та PSNR-HVS-M на кілька дБ вищі, ніж у нестиснутого 

зображення з шумом, досягаючи при цьому дуже високих коефіцієнтів стиснення (CR > 180). ОРТ було 

виявлено при високих значеннях Q = 48 - 49, де кодер агресивно пригнічує шум, але також вносить 

спотворення вмісту. Ключовим практичним результатом є запропонований метод визначення Q в ОРТ. 

Висновки. Наукова новизна отриманих результатів полягає в наступному: вперше існування ОРТ 

продемонстровано для BPG-кодера, застосованого до багатопоглядових РСА-зображень з реалістичними 

властивостями спеклу, враховуючи не лише стандартний PSNR, але й метрику візуальної якості PSNR-HVS-

M, хоча для останньої ОРТ менш виражений; розроблено метод практичного досягнення ОРТ, який працює 

без необхідності використання оригінального (істинного) зображення, спираючись на оцінку потужності 

спекл-шуму з доступних зашумлених даних, що робить його застосовним у реальних сценаріях обробки та 

передачі РСА-зображень. 

Ключові слова: радар з синтезованою апертурою, стиснення з втратами, зображення зі спеклом, 

оптимальна робоча точка. 
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