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Cross Subset-guided Adaptive Measurement for Block Compressive Sensing
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Abstract Compared with traditional image processing methods, the block compressive sensing can concurrently finish both acqui-
sition and compression with a very low complexity, which will be an ideal choice for some wireless sensors with limited power.
For block compressive sensing of any image, this paper proposes a cross subset-guided adaptive measurement method. The pro-
posed method can adaptively allocate its sampling subrate to different regions, and also introduce the spatial prediction of mea-
surement blocks,which effectively improves the quality of image reconstruction and the coding efficiency of measurement blocks.
Specifically, starting from the center block in the spiral scanning order,all blocks of any image are divided into three regions:inner
region.middle region.and outer region. Every few blocks of each region are put into a cross subset. Firstly, these blocks of each
cross subset are measured by the same measurement matrix at a basic sampling subrate. Secondly, according to the cross-subset
measurement values of three regions, their weights are used to assign different sampling subrates for the remaining subset. Third-
ly,the remaining-subset blocks of the three regions are measured by different sampling subrates,which are proportional to their
weights. For each measurement block, the optimal predictive block is found from the surrounding area of the measurement block,
and the difference between them is quantized by scalar quantization. The experimental results show that compared with the exis-
ting measurement methods, the proposed method not only improves the subjective quality of reconstructed image, but also im-
proves the average rate-distortion performance of image reconstruction by at least 3. 2%.

Keywords Block compressive sensing, Adaptive sampling subrate,Cross subset.Remaining subset.Block prediction,Rate distor-
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Fig. 1 Overall architecture of block compressed sensing based on measurement block prediction
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(5

p(x? ,x) =

Correlation coefficients of image sub blocks under

different measurement algorithms when sampling rate is 0. 1

Lenna Peppers Clown FH Ak R HK
DPCM 0.9382 0.9167 0.7662 0.8737
MFPQ 0.9439 0.9218 0.8402 0.9020
SDPC 0.9607 0.9402 0.8154 0.9054
CSAM-1 0.9745 0.9625 0.8382 0.9251
CSAM-II 0.9791 0.9664 0.8429 0.9295
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Table 2 Correlation coefficients of image sub blocks under

different measurement algorithms when sampling rate is 0. 3

Lenna Peppers Clown FH AKX R HK
DPCM 0.9667 0.9467 0.8217 0.9120
MFPQ 0.9742 0.9549 0.8713 0.9335
SDPC 0.9772 0.9611 0.8615 0.9333
CSAM-1 0.9869 0.9735 0.8833 0.9479
CSAM-II 0.9887 0.9757 0.8928 0.9524
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Table 3 Correlation coefficients of image sub blocks under

different measurement algorithms when sampling rate is 0.5

Lenna Peppers Clown FHAK R K
DPCM 0.9777 0.9657 0.8828 0.9421
MFPQ 0.9808 0.9649 0.8940 0.9481
SDPC 0.9839 0.9733 0.9046 0.9539
CSAM-1 0.9880 0.9811 0.9271 0.9654
CSAM-I1 0.9897 0.9827 0.9350 0.9691
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Table 4 Under different prediction algorithms,the computing
time complexity of each imgae block to find the best

prediction block

Prediction scheme Multiplications Additions Comparisons
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