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Algorithm 1 The Proposed FQE Technique

Input: double compressed image I”
Output: {gli,qls,....qlx}
Initialization : k, ql, 4z
I: for 2 =1 to k do

2:  h; : distribution of i-th DCT coefficient

3:  if ( =1) then

4: D DC it

5: m : median value of h;

6: else

7: D ACdset

8: 3 : [ fitted on Laplacian h;

9: end if

10:  g2; : quantization factor of )5 for i-th DCT

11:  for 1=1 toqly;,;: dO

12: Dj 42, : sub-dataset (q1,¢2) with ¢l = j, ¢2 = ¢2;
13: Dj 42,(m,3) : sub-range with most similar m, 3
14: d; j : lower x* distance between h; and D; 4o,
15:  end for

16: ql; : argmingg, .3, j € {1,2,...,qlmaz}
17: end for

18: regularize({ql,qla,...,ql})

19: return {ql,,qlo,...,ql.}
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Initialization : k, ql, 4z
for i =1 to k do
h; : distribution of i-th DCT coefficient
if (: = 1) then
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end for
regularize({ql,, qlo, ..., ql})
return {ql,,qls,...,ql:}
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* Data coming from neighbors DCT coefficients can be exploited.
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Park et al. collected a dataset of JPEG quantization matrices employed in real scenarios.

To evaluate the generalization capability of the proposed solution a series of tests have been conducted
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Method Dataset Cropped Patch Low/Low Low/Mid Low/High Mid/Low Mid/Mid Mid/High High/Low High/Mid High/High Mean
2 2
Our RAISE 64 x 64 0.25 0.47 0.79 0.17 0.32 0.82 0.27 0.31 0.70 0.46
Our Reg. 0.30 0.53 0.81 0.22 0.37 0.84 0.25 0.33 0.75 0.49
.33 .63 L 12 .36 i ¢ 12 ; ;
Our UCID 6% 84 0 0.6 0.93 0.20 0.39 0.90 0.15 0.21 0.66 0.49
Our Reg. 0.36 0.65 0.96 0.23 0.42 0.91 0.13 0.23 0.73 0.51
0.36 i 0.8 0.29 0.44 0.87 2 0.32 0.74 0.52
w RAISE 128 x 128 e 4 s - 9
Our Reg. 0.41 0.55 0.88 0.34 0.48 0.89 0.25 0.38 0.79 0.55
Q o) z
Our UCID 128 x 128 0.47 0.76 0.96 0.31 0.49 0.94 0.18 0.29 0.74 0.57
Our Reg. 0.50 0.79 0.96 0.35 0.51 0.93 0.20 0.34 0.79 0.60
2 s 2
Our RAISE 256 x 256 0.45 0.69 0.88 0.38 0.52 0.89 0.25 0.36 0.77 0.58
Our Reg. 0.49 0.73 0.90 0.40 0.55 0.90 0.30 0.45 0.82 0.62
O 0.56 0.83 0.98 0.44 0.57 0.96 0.2 0.34 0.77 0.63
= UCID 256 x 256 > 2 :
Our Reg. 0.60 0.85 0.97 0.48 0.60 0.96 0.28 0.43 0.82 0.67
Our 0.50 0.74 091 0.44 0.57 0.91 0.26 0.38 0.77 0.61
RAISE 512 x 512
Our Reg. 0.50 0.78 0.92 0.48 0.59 0.92 0.32 0.48 0.83 0.65
Our ; 0.63 0.86 0.98 0.51 0.62 0.96 0.27 0.39 0.80 0.66
UcCID Full size
Our Reg. 0.67 0.87 0.97 0.56 0.62 0.96 0.37 0.49 0.85 0.71
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* In this paper, a new technique able to estimate the first quantization factors for
JPEG double compressed images was presented, employing a mixed statistical
and Machine Learning approach.

* One of the main contributions was the way we employed the big amount of data
to avoid overfitting: constant matrices allow us to uncouple {g1, g2} and the use
of m and B made computational times acceptable.

* The presented solution was demonstrated to work for both custom and standard
tables thus being generalizable enough to be employed in real-case scenarios.

* Experimental tests showed the goodness of the technique outperforming state-
of-the-art results.



Conclusions

* In this paper, a new technique able to estimate the first quantization factors for
JPEG double compressed images was presented, employing a mixed statistical
and Machine Learning approach.

* One of the main contributions was the way we employed the big amount of data
to avoid overfitting: constant matrices allow us to uncouple {g1, g2} and the use
of m and B made computational times acceptable.

* The presented solution was demonstrated to work for both custom and standard
tables thus being generalizable enough to be employed in real-case scenarios.
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* Finallyy, the use of 1-nn to learn the distribution underlines rooms for
improvement of the proposed method.
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