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Abstract 

Forgetting factor recursive least squares (FFRLS) is an effective lossless compression technique for hyper-

spectral images. However, the forgetting factor of the FFRLS algorithm is a predetermined fixed value that 

cannot be adjusted in real time, which can affect prediction accuracy. To address this problem, a new lossless 

compression method for hyperspectral images using variable forgetting factor recursive least squares was 

developed. The impact of the forgetting factor on the FFRLS algorithm was analyzed, and a forgetting factor 

adjustment function was constructed using the average of the posterior prediction residuals in a causal neigh-

borhood as a variable to adjust the forgetting factor dynamically. The performance of this algorithm was veri-

fied using NASA's AIRS and CCSDS's 2006 AVIRIS images with minimum average bit rates of 3.66 and 4.07 

bits per pixel, respectively. The experimental results show that the proposed algorithm improves prediction 

accuracy compared with the algorithm with a fixed forgetting factor and achieves better compression perfor-

mance. 
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1. Introduction 

Hyperspectral imaging is a new remote-sensing monitoring method with the characteristics of graph 

spectral integration. Hyperspectral remote-sensing images not only provide spatial information, such as 

the size, shape, and orientation of ground objects, but also provide continuous spectral curves reflecting 

the material and component information of ground objects, which improves the accuracy and reliability 

of remote-sensing quantitative analysis. In recent years, hyperspectral image processing has become one 

of the most popular research directions in the field of remote sensing. It has practical value and 

development prospects in various application fields [1], such as the investigation of mine resources, 

investigation of crop growth and agricultural development, monitoring of serious environmental 

pollution, and early warning of natural disasters. However, with the large-scale demand for hyperspectral 

data and the diversified development of imaging sensors, the amount of hyperspectral image data 
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collected has increased sharply. In addition, the continuous improvement of spatial and spectral resolution 

makes the hyperspectral images exhibit a trend of high dimensionality and massive data, which 

considerably increases the burden of sampling, storage, and transmission and restricts the development of 

hyperspectral remote-sensing earth observation technologies. Thus, there is an urgent need to develop an 

efficient compression method. Lossless compression has naturally become the first choice for hyper-

spectral image compression to ensure the long-term preservation and application value of hyperspectral 

images. 

Various algorithms for the compression of hyperspectral images that exploit spatial and spectral 

correlations have been proposed, such as transform coding [2,3], vector quantization [4], compressed 

sensing [5,6], neural networks [7–9], and predictive coding [10]. Because of its low complexity and 

flexibility in the design of lossless decoding and compression schemes, predictive coding has become 

one of the most important technologies. Clustered differential pulse code modulation with adaptive 

prediction length (C-DPCM-APL) [11] and clustered differential pulse code modulation with removal of 

local spectral outliers (C-DPCM-RLSO) [12] are classic predictive lossless compression algorithms. 

Similarly, adaptive filtering has been widely applied to the lossless compression of hyperspectral images. 

In an earlier study [13], the recursive least squares (RLS) algorithm was first applied to lossless 

hyperspectral image compression. The local difference between the local mean and the current pixel is 

computed. The local difference of the current pixel serves as the expected signal value, whereas the 

differences co-located in the previous bands form the input vector of RLS. The prediction is performed 

by multiplying the input vector by the weight vector, followed by rounding. The conventional recursive 

least squares (CRLS) [14] predictor expands its context window from four neighboring pixels to 24 ones, 

and the optimal input vectors are found by an adaptive search of previous prediction bands to improve 

the prediction accuracy. The bimodal conventional recursive least squares (B-CRLS) algorithm [15] 

optimizes the input vectors of CRLS. It contains two types of input vectors: one formed only by spectral 

neighborhoods, and the other formed by spectral and spatial neighborhoods. In a prior study [16], the 

superpixel-based recursive least squares (SuperRLS) algorithm was introduced, which partitions the 

hyperspectral image into multiple small regions in terms of the superpixel boundaries. The RLS predictor 

is performed for each region in parallel. In the same year, the fast recursive least squares based on 

adaptive length prediction (F-RLS-ALP) method [17], which exploits the feature of the projection matrix 

of RLS, significantly accelerated the ALP operation when obtaining the same compression bit rate as the 

RLS-ALP algorithm. In another work [18], based on spectral vector clustering, the band and predictor 

adaptive selection strategies were adopted using the CRLS algorithm (CRLS-ABS-APS). By enhancing 

the spectral correlations between the prediction reference bands, the compression performance was 

further optimized. Recently, a near-lossless recursive least squares (NLRLS) compression scheme [19] 

was proposed that can achieve both near-lossless and lossless compression modes for hyperspectral 

images. 

The above analysis reveals that the lossless compression of hyperspectral images based on RLS has 

received widespread attention in recent years. The forgetting factor of RLS is used to account for the 

information of old and new data during the compression process to achieve the desired prediction 

accuracy and compression results. In fact, the forgetting factor of the algorithm is usually a fixed value 

called “forgetting factor recursive least squares” (FFRLS). Therefore, the value of the forgetting factor 

cannot be adjusted in real time using the predicted residuals, which affects the compression performance 

of the hyperspectral images. To address this issue, a variable forgetting factor (VFF) strategy is intro-
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duced, and a novel variable forgetting factor recursive least squares (VFFRLS) compression method is 

proposed. The VFF of the proposed algorithm is determined by the average of the posterior prediction 

residuals in the causal neighborhood of the current pixel and adaptively changes with the pixels. This 

method enhances the real-time correlation between the VFF and the posterior prediction residuals, 

thereby improving the prediction accuracy and optimizing the compression performance. The proposed 

algorithm was validated using the National Aeronautics and Space Administration Atmospheric Infrared 

Sounder (AIRS) and the Consultative Committee for Space Data Systems 2006 Airborne Visible Infrared 

Imaging Spectrometer (AVIRIS) datasets. 

The remainder of this paper is organized as follows. In Section 2, the VFFRLS algorithm for hyperspectral 

image lossless compression is described. The experimental results for two publicly available hyperspectral 

images in terms of the compression results and computing complexity are presented in Section 3. The main 

conclusions are summarized in Section 4. 

 

 

2. Lossless Compression of Hyperspectral Images based on the 

VFFRLS Algorithm 

2.1 FFRLS Algorithm 

RLS is an adaptive filtering algorithm, the basic principle of which is to ensure that the sum of squares 

of the difference between the output signal and the expected signal is minimized. Recursive operations 

are then performed on the instantaneous input data to ensure that the weight vector of each iteration 

process can achieve the best effect. Thus, it has high prediction accuracy and has been widely applied in 

the field of hyperspectral image compression. FFRLS has received considerable attention as an extended 

version of RLS [11–13]. The general computational procedure is described below. The predictive output 

and prior prediction residual of the model are given by Eq. (1): 

 

⎩⎪⎨
⎪⎧����	 = 
���� − 1	, ���� − �	, ���� − � − 1	, ���� − � + 1	, … , ������ + �	����	 = 
����	,����	, ����	, ����	, … , ������	����	 = ����	 − ����	����	 = ����	 − ����������	���� − 1	 + ����	�

 (1) 

 

where M and N are the width and height, respectively, of the hyperspectral image, ����� is the pixel value 

at location (x, y) in band z, and t denoting the t-th spatial position is calculated as � = �� + �. Moreover, 

	���� is the local mean, which is computed by the 24 neighboring pixels of the current pixel. In addition, 


����, 	����, and ��
��� are the pixel vector, local mean vector, and input vector, respectively. The vector 

length is 5n + 4, where n is the number of prediction bands. Finally, round(x) is a rounding function, and 

����� is the prior prediction residual of �����. After calculating the equation, the updates of ���, ����, 

and ���� are as shown in Eq. (2): 

 

⎩⎪
⎨
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�(� − 1)��
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Here, λ is the fixed forgetting factor, with a value between 0 and 1, and I is the identity matrix of 

size 5n + 4. 

 

2.2 VFFRLS Algorithm 

Among the many parameters of the FFRLS algorithm, λ is a crucial parameter that directly affects the 

compression results of hyperspectral images. When λ is 1, the compression results are affected by all the 

previous prior prediction residuals, and the RLS method degenerates to the LS method. When λ is 0, the 

compression result is only impacted by the current prior prediction residual. Analyzing Eqs. (1) and (2) 

reveals that the smaller the λ value, the larger the Kalman gain ���, which increases the correction effect 

of the prior prediction residual of the past pixel on the prediction of the current pixel, resulting in a larger 

prior prediction residual of the current pixel. Similarly, if the λ value is larger, the prior prediction residual 

is smaller. 

To obtain the impact of different λ values on the prior prediction residual, two uncalibrated and 

calibrated 16-bit images with scene number 0 from Yellowstone were selected as the test images. By 

adopting the FFRLS algorithm, the compression processes with forgetting factor λ values of 0.985, 

0.9995, and 1 are obtained, as shown in Figs. 1–3, respectively. Figs. 1(a), 2(a), and 3(a) show the 

compression process for the 60th band of the uncalibrated Yellowstone scene 0. Figs. 1(b), 2(b), and 3(b) 

show the compression process for the 60th band of the calibrated Yellowstone scene 0. A comparison 

shows that, when the λ value is 1, the prediction values cannot effectively follow the changes of the 

pixels, and the residuals fluctuate greatly for both the uncalibrated and the calibrated Yellowstone scene 

0 images. Thus, it is unsuitable for hyperspectral image compression. When the λ value is 0.985, only the 

uncalibrated Yellowstone scene 0 image displays good compression performance. Therefore, only when 

the λ value is 0.9995 can the compression results maintain synchronized changes with pixels for these 

two images, and the prediction accuracy is satisfactory in this case. 

In practical applications, pixel changes do not maintain a certain prediction trend, and the residuals in 

the calculation process change over time. Therefore, FFRLS can be improved by continuously adjusting 

the forgetting factor. If the forgetting factor is adjusted as indicated by the change in the residuals at 

different moments, it could enhance the compression performance. When the residual is large, the prediction 

accuracy may not be high. At this moment, the forgetting factor should be appropriately reduced to 

improve the prediction accuracy. When the residual is small, the prediction value approximates the actual 

one. Currently, it is unnecessary to make major modifications to the forgetting factor. According to these 

analyses, a new VFF ���� can be obtained. 
 

  
(a) (b)

Fig. 1. Compression processes for the 60th band of (a) uncalibrated and (b) calibrated Yellowstone 0 

images when the forgetting factor is 0.985. 
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(a) (b)

Fig. 2. Compression processes for the 60th band of (a) uncalibrated and (b) calibrated Yellowstone 0 

images when the forgetting factor is 0.9995. 

 

  
(a) (b)

Fig. 3. Compression processes for the 60th band of (a) uncalibrated and (b) calibrated Yellowstone 0 

images when the forgetting factor is 1. 

 

 

⎩⎪⎨
⎪⎧���	 = ���� + �1 − ����	 ∙ 2��(	)

���	 = �����(� �∑  �	

�
	���� !�

)

 ���	 = ����	 − �����(����	����	 + ����	)

 (3) 

 

where � and ����  are fixed parameters representing the sensitivity gain and the minimum forgetting 

factor, respectively, and ����� is the posterior prediction residual of �����. The use of a single posterior 

prediction residual to correct the forgetting factor may result in greater randomness and errors. 

Therefore, the average of the posterior prediction residuals in the causal neighborhood of the current 

pixel is used to achieve this goal. Here, S is the size of the causal neighborhood. Eq. (3) reveals that the 

VFF ���� fluctuates between ����  and 1. If the mean square value approaches 0, ���� approaches 1. 

When the mean square value approaches infinity, ���� approaches ����. For any �����, ���� ≤ ���� ≤

1. In summary, a new hyperspectral image compression scheme, VFFRLS, is achieved by introducing the 

VFF strategy. 
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Fig. 4. Flowchart of the proposed algorithm implementation. 

 

The forgetting factor can be adjusted to satisfy the compression expectations of the uncalibrated and 

calibrated hyperspectral images. Fig. 4 shows an implementation flowchart of the proposed algorithm. It 

is divided into two parts: the VFFRLS predictor and entropy encoding. During the implementation process, 

the input hyperspectral image is passed through the VFFRLS predictor point by point. Subsequently, the 

arithmetic encoder encodes the prior prediction residuals and outputs a compressed bit stream. 

 
 

3. Experimental Results 

To verify the proposed hyperspectral image compression method based on VFFRLS, the following 

experiments were performed using images from AIRS and AVIRIS sensors. These images are available 

for download (http://cwe.ccsds.org/sls/docs/sls-dc/123.0-B-Info/TestData) and are summarized in Table 1. 

 

Table 1. Test datasets 

Dataset Numbers Size Type Sensor 

Granule 9, 16, 60, 82, 120, 126, 129, 151, 182, 193 135�90�1501 Uncalibrated AIRS 

Yellowstone 0, 3, 10, 11, 18 512�677�224 Calibrated AVIRIS 

Yellowstone 0, 3, 10, 11, 18 512�680�224 Uncalibrated AVIRIS 

Maine 10 512�680�224 Uncalibrated AVIRIS 

Hawaii 1 512�614�224 Uncalibrated AVIRIS 

 

3.1 Parameter Settings 

The initial values of the algorithm in the experiments were set as follows. Referring to the parameters 

in a previous report [18], ��0� and ��0� were initialized to zero vectors, �, ��0� and ���� were both set 

to 0.9995, and the number (n) of previous bands was set to 44. For the remaining parameters, the 

sensitivity gain ρ and the size of the window S, ρ were fixed, such as ρ = 10, and S was determined 
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through experiments. In the experiment, S was selected from 1, 4, 9, 16, 25, 36, 49, and 64. The 

compression results of VFFRLS on the four hyperspectral images are shown in Fig. 5. The algorithm 

yielded the best compression results when S was 16. Thus, in the experiments, ρ and S were initialized to 

10 and 16, respectively. 

 

3.2 AIRS Images 

For the ten AIRS datasets, each granule includes 1,501 bands in the 3.74–15.4 µm region of the 

spectrum and consists of 135 scan lines and 90 cross-track footprints per scan line. The bit depth of a 

band rages from 12 to 14 bits for different bands. Fig. 6(a)–6(j) show the 256th band images. 

An experiment was conducted to test the compression performance of the proposed VFFRLS algorithm 

compared with several lossless compression algorithms on the 10 uncalibrated AIRS granules. In addition 

to RLS, FFRLS, and the proposed VFFRLS, the other prediction-based methods compared were simple 

lossless algorithm (SLA) [10] and NLRLS [19]. Table 2 encapsulates the compression results in bits per 

pixel (bpp). Comparing RLS and SLA shows that the former consistently outperformed the latter, mainly 

because SLA makes predictions based on neighbor-driven decision making, whereas AIRS images are 

raw and do not contain calibration-induced artifacts. As an effective algorithm for applying adaptive 

filtering to hyperspectral data compression, RLS is suitable for uncalibrated and calibrated hyperspectral 

images. The difference in compression performance between RLS and NLRLS is significant, demon-

strating the importance of the loop quantizer in the compression process of hyperspectral images. In 

lossless prediction mode, NLRLS achieved 3.84 bpp, which is very close to the result for FFRLS. Owing 

to the introduction of VFFs, the proposed algorithm achieved the best compression results, outperforming 

FFRLS by 0.02 bpp. 

 

  
(a) (b) 

 
(c) (d)

Fig. 5. Compression results on four hyperspectral images with different size of the window S. (a) 

Calibrated Yellowstone 0, (b) uncalibrated Yellowstone 0, (c) uncalibrated Maine 10, and (d) uncalibrated 

Hawaii 1. 
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(a) (b) (c) (d) (e) 

 
(f) (g) (h) (i) (j) 

Fig. 6. (a)–(j) represent the 256th band images of Granules 9, 16, 60, 82, 120, 126, 129, 151, 182, and 

193, respectively. 

 

Table 2. Compression results on the AIRS images (unit: bbp) 

Granule  SLA RLS NLRLS FFRLS VFFRLS 

9 6.47 4.17 3.79 3.63 3.61 

16 6.54 4.37 3.78 3.62 3.61 

60 6.56 4.43 3.83 3.69 3.68 

82 6.08 4.27 3.72 3.59 3.57 

120 5.97 4.20 3.81 3.67 3.66 

126 6.39 4.38 3.89 3.71 3.69 

129 5.97 3.67 3.73 3.59 3.58 

151 6.65 4.40 3.94 3.75 3.73 

182 6.61 4.43 4.01 3.78 3.75 

193 6.44 4.27 3.91 3.73 3.71 

Average 6.37 4.26 3.84 3.68 3.66 

The optimal values in each row are indicated in bold. 

 

3.3 AVIRIS Images 

Twelve AVIRIS datasets consist of five 16-bit calibrated and uncalibrated Yellowstone (CY and UY) 

images, one 12-bit uncalibrated Maine (UM) image, and one 12-bit uncalibrated Hawaii (UH) image. 

The CY images have 677 × 512 pixels/band, the UH image has 614 × 512 pixels/band, and the remaining 

images have 680 × 512 pixels/band. Each image contains 224 spectral bands. Fig. 7(a)–7(i) show the 

128th band images. 

The performance of VFFRLS was compared with that of other state-of-the-art lossless compression 

methods on the 12 2006 AVIRIS images. In these algorithms, the bit rates for C-DPCM-APL and C-

DPCM-RLSO were obtained from a previous work [12]. The results for RLS, B-CRLS, B-SuperRLS,  
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  (a) (b)   

 
(c) (d) (e) (f) (g) 

(h) (i) (j) (k) (l) 

Fig. 7. (a)–(l) represent the 128th band images of UH1, UM10, CY0, CY3, CY10, CY11, CY18, UY0, 

UY3,UY10, UY11, and UY18, respectively. 

 

Table 3. Compression results in bits per pixel for various lossless compression algorithms (unit: bbp) 

Image 

Algorithm 

SLA RLS NLRLS FFRLS
C-DPCM-

APL 

C-DPCM-

RLSO
B-CRLS

B-

SuperRLS 

CRLS-

ABS-APS 
VFFRLS 

CY0  5.61 3.77 3.62 3.52 3.52 3.50 3.50 3.51 3.48 3.47 

CY3 5.53 3.63 3.46 3.42 3.36 3.34 3.39 3.39 3.35 3.35 

CY10 4.66 3.24 3.11 3.06 2.93 2.91 3.01 2.95 2.97 3.02 

CY11 5.23 3.48 3.32 3.25 3.25 3.21 3.23 3.22 3.20 3.20 

CY18 5.65 3.67 3.53 3.43 3.42 3.39 3.41 3.41 3.38 3.37 

UY0 7.94 6.01 5.97 5.80 5.81 5.82 5.75 5.77 5.76 5.69 

UY3 7.72 5.86 5.72 5.69 5.65 5.66 5.63 5.65 5.63 5.57 

UY10 7.03 5.46 5.28 5.30 5.17 5.18 5.25 5.19 5.23 5.23 

UY11 7.46 5.70 5.61 5.53 5.47 5.49 5.46 5.46 5.45 5.47 

UY18 7.92 5.90 5.82 5.71 5.71 5.70 5.66 5.67 5.67 5.69 

UM10 4.28 2.63 2.59 2.51 2.51 2.51 2.44 2.48 2.48 2.42 

UH1 4.15 2.50 2.48 2.34 2.35 2.36 2.31 2.33 2.30 2.30 

Average 6.10 4.32 4.21 4.13 4.10 4.09 4.09 4.09 4.08 4.07 

The optimal values in each row are indicated in bold. 

 

and CRLS-ABS-APS were obtained from a previous report [18]. The results for SLA, NLRLS, FFRLS, 

and VFFRLS are new to this study. Table 3 lists the compression results in bpp. SLA does not work well 

on AVIRIS images in raw and calibrated formats. NLRLS focuses on near-lossless compression, which 

results in poor lossless compression. Their average bit rates were 6.10 and 4.21 bpp, respectively. The 

bit rate savings of VFFRLS are, hence, approximately 2.03 and 0.14 bpp, respectively. C-DPCM-RLSO, 

B-CRLS, and B-SuperRLS have the same average bit rate of 4.09 bpp. This result is surprising because 

they use lossless compression and different compression schemes. FFRLS and C-DPCM-APL are very 

close to this value: 4.13 and 4.10 bpp, respectively. Among the methods, the VFFRLS algorithm achieved 

the highest ranking. Compared with CRLS-ABS-APS and B-SuperRLS, its performance gains were 

0.01 and 0.02 bpp, respectively. In addition, Table 3 shows that some algorithms achieved excellent 
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compression performance on individual images. For example, CRLS-ABS-APS employs two optimization 

strategies, adaptive band selection and adaptive predictor selection, which contribute to the spectral 

decorrelation of the algorithm. The best compression results were obtained using CY11, UY11, and UH1. 

Similarly, C-DPCM-APL, C-DPCM-RLSO, and B-CRLS have this advantage. Their corresponding 

hyperspectral images were UY10, CY3, CY10, and UY18. 

 

3.4 Computing Complexity and Image Quality Analysis 

To verify the computational complexity of the proposed algorithm, algorithms running on AIRS and 

AVIRIS images were selected for comparison. The running times of the compression part were measured. 

Table 4 lists the running time of the SLA as a unit time and the other algorithms as multiples. RLS, 

NLRLS, FFRLS, and VFFRLS are approximately 18.6, 82.5, 112.9, and 119.6 times more complex than 

SLA, respectively. Analysis of these algorithms indicates that their complexity is mainly determined by 

the calculation of the RLS filter. FFRLS has a larger number of prediction reference bands (44) than RLS 

(8). This results in a significant difference in the lengths of the vectors involved in the calculations. 

Therefore, VFFRLS must perform further calculations of the posterior prediction residuals and VFFs. 

Because the lossless compression and decompression of the proposed algorithm are symmetrical, 

decompression is the inverse operation of compression. Naturally, regarding the image quality, the 

decompressed image remains the same as the original one. 

 

Table 4. Algorithm running times for the compression part (normalized to SLA) 

 
Algorithm 

SLA RLS NLRLS FFRLS VFFRLS 

Complexity 1 18.6 82.5 112.9 119.6 

 

 

4. Conclusion 

The accurate prediction of prediction-based hyperspectral image compression algorithms is a pressing 

and difficult research problem. The novel hyperspectral image compression approach using the VFFRLS 

algorithm improves prediction accuracy and achieves better compression performance. The findings of 

this study are as follows: (1) to solve the problem of the low prediction accuracy of the FFRLS algorithm, 

the VFFRLS algorithm based on a VFF strategy was developed; (2) to avoid the randomness and errors 

caused by correcting the forgetting factor with a single posterior prediction residual, the causal 

neighborhood of the current pixel should be used. The average of the posterior prediction residuals in the 

causal neighborhood determines the VFF; and (3) experiments were executed on AIRS and AVIRIS 

images to confirm the performance of VFFRLS compared with other algorithms. The experimental 

results indicate that the VFFRLS method achieves minimum values of 3.66 and 4.07 bpp, respectively. 

Combined with the analysis in the previous section, the proposed algorithm improves compression 

performance at the expense of computational complexity. Thus, future research efforts should focus on 

optimizing the algorithm through evolution algorithms, such as global mean particle swarm optimization. 

When the VFFRLS algorithm is in the iterative process, global mean particle swarm optimization will 

automatically find the optimal parameters to reduce the algorithm prediction residuals and adjustment 

time. 
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