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Abstract
Resampling detection is an important problem in image forensics. Several exiting approaches have been proposed to solve 
it, but few of them focus on resampling parameter estimation. Especially, the estimation of downsampling scenarios is 
very challenging. In this paper, we propose a dual-filtering based convolutional neural network (CNN) to extract features 
directly from the images. First, we analyze the formulation of resampling parameter estimation and reformulate it as a 
multi-classification problem by regarding each resampling parameter as a distinct class. Then, we design a network structure 
based on the preprocessing operation to capture the specific resampling traces for classification. Two parallel filters with 
different highpass filters are deployed to the CNN architecture, which enlarges the resampling traces and makes it easier to 
achieve resampling parameter estimation. Next, concatenating the outputs of the two filters by a “concat” layer. Finally, the 
experimental results demonstrate our proposed method is effective and has better performance than state-of-the-art methods 
in resampling parameter estimation.
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1  Introduction

Digital images play an important role in disseminating infor-
mation, but it is very easy to manipulate images due to pow-
erful image processing software. Currently, the authenticity 
of digital images has been doubtful. In reality, there are vari-
ous methods of image tampering, such as rotation, scaling, 
clipping, synthesis and JPEG compression. Therefore, image 
forgery detection is significant and digital image forensics 
technology has become a meaningful research topic [1, 2].

In recent years, several remarkable works in image foren-
sics have been reported for detecting different tampering 
operations, such as copy-move detection [3], splicing detec-
tion [4], median filtering detection [5], resampling detection 

[6] and operator chain detection [7]. Generally speaking, 
specific tampering traces are corresponding to different tam-
pering operations. Thus, the majority of tampering detection 
approaches are based on inherent statistical characteristics. 
These contributions made in image forensics protect the 
authenticity and integrity of images.

Resampling is a common image processing manipulation 
in daily life, which is mainly used to satisfy the actual needs 
for the sizes of images. On the one hand, an image may 
be continuously adjusted to achieve the best visual quality 
by upsampling or downsampling. On the other hand, image 
tampers probably apply resampling to a specific area of the 
image for covering the tampering traces. Resampling detec-
tion can enable us to identify whether there is a tampered 
history trace. Therefore, resampling detection is a significant 
part of digital image forensics, and the existing resampling 
detection methods mainly depend on detecting the resam-
pling period introduced by interpolation algorithms [8, 9].

The values of operation parameters will affect the 
extent of image tampering [10]. Specifically, the resam-
pling parameter decides the size of an image after resam-
pling. By resampling parameter estimation, we can real-
ize roughly the size of the original image and the actual 
tampering extent. Thus, several works have been already 
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published for estimating resampling parameters. How-
ever, the performance of methods by manually extract-
ing features is not very satisfactory. Recently, with the 
development of deep learning, convolutional neural net-
works (CNNs) which can automatically extract features are 
widely used for detecting various tampering operations in 
image forensics. For instance, Chen et al. presented a CNN 
model for median filtering detection [11], Lyu et al. pro-
posed rotation-invariant CNN models for image enhance-
ment forensics [12] and Liao et al. designed a two-stream 
convolutional neural network to detect image operator 
chain [13]. The superiority of deep learning approaches 
has been shown in these studies and the thought is applied 
to the proposed method as well.

In this paper, we consider resampling parameter estima-
tion as a multi-classification problem by partitioning each 
resampling parameter into diverse subsets which represent 
different classes. The input images are processed simultane-
ously by dual-filtering consisting of a high-order highpass 
filter and a low-order highpass filter for suppressing the 
interference of image contents and highlighting resampling 
traces. Subsequently, we use the idea of feature fusion to 
concatenate the outputs of the two filters and conduct con-
volution training to extract the high-level feature of resam-
pling traces. We experimentally demonstrate our proposed 
CNN-based parameter estimation method can identify each 
parameter and has better performance than state-of-the-art 
methods.

The main contributions of this paper include:

(1) We propose an end-to-end resampling forensics frame-
work based on convolutional neural network. It can help 
us automatically learn the internal features from resampled 
images, achieving resampling parameter estimation. Moreo-
ver, the model also has high convergence speed and accept-
able computation complexity.

(2) A dual-filtering structure is introduced to suppress the 
deviation caused by image contents and strengthen resam-
pling traces, which achieves a complementary function in 
detecting resampling parameters.

(3) Experimental results demonstrate that our proposed 
model outperforms some state-of-the-art methods on resa-
mpling forensics. It obtains significant performance both in 
the upsampling and downsampling scenario.

The rest of this paper is organized as follows. Section 2 
discusses several related works in resampling forensics. 
Section 3 formulates the resampling parameter estimation 
problem and Sect. 4 describes our network architecture in 
detail and provides the computation complexity analysis. 
In Sect. 5, we experimentally evaluate the performance of 
our proposed approach. In Sect. 6, we further highlight the 

main contributions of the proposed scheme and point out the 
drawbacks. Finally, we make a conclusion.

2 � Related works

There have been several researches on resampling foren-
sics until now. Early in [8], Popescu and Farid initiated the 
study about resampling forensics and proposed a method to 
detect resampling traces by utilizing the correlation between 
adjacent pixels without any digital watermark or digital sig-
nature, namely expectation-maximization (EM) algorithm. 
However, the EM algorithm has a strong dependency on the 
values of initial parameters which affect the convergence 
speed and final performance. Besides, this algorithm works 
poorly on downsampling detection. Then, Kirchner pre-
sented a spectrum analysis detector based on the EM algo-
rithm that utilizes the variance of prediction residue [9]. His 
detector is a linear predictor, achieving lower computational 
complexity and better performance. Gallagher [16], Mah-
dian and Saic [17] detected resampling traces by using the 
specific statistical changes on the covariance structure of 
signals. Kirchner in [18] proved periodic interpolation arti-
facts of resampled images could be detected by a series of 
tailored row and column predictors.

Apart from the above resampling forensics works, 
Vázquez-Padín et al. [19] employed an optimum estimator 
to address the resampling factor estimation following the 
maximum likelihood criterion. Feng et al. proposed a new 
method to derive a 19-D feature vector used as input to an 
SVM-based classifier by examining the normalized energy 
density [6]. In [20], Zhu et al. presented a learning-to-rank 
framework to determine the image scaling factor based on 
the normalized energy density features and moment fea-
tures. They estimated resampling parameters through a well-
trained classifier based on handcrafted features. However, 
the majority of resampling algorithms are unable to carry 
out estimating parameter estimation efficiently. Moreover, 
since the characteristics of the downsampling scenario are 
much weaker, downsampling parameter estimation is a chal-
lenging problem.

Recently, there are many parameter estimation and iden-
tification studies based on the nonlinear systems. In [21], the 
authors identified successfully all of the unknown parameters 
in systems by implementing the hybrid modified function pro-
jective synchronization. Zhang et al. [22] further investigated 
the special module-phase synchronization. In addition, CNN 
is applied to image forensics to achieve classification by auto-
matically capturing features instead of manually extracting 
features [23, 24]. Most of the existing forensics methods are 
based on the conventional approach and deep learning. Among 
these CNN-based forensics methods, Stamm et al. designed a 
kind of network which uses a new type of convolutional layer, 
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called constrained convolutional layer, for resampling param-
eter estimation [25]. The constrained CNN model achieved a 
breakthrough compared to previous methods. Nevertheless, 
such works mentioned above are not so satisfactory on down-
sampling forensics. It is challenging for our work to improve 
the accuracy of parameter estimation in the downsampling 
scenario.

3 � Problem formulation

In this section, we focus our analysis on the formulation of 
resampling parameter estimation. Without loss of generality, 
we take the notation I as the original image and the nota-
tion I′ as the resampled image. Mathematically, resampling 
involves an interpolation process and can be regarded as 
the convolution of the original image I and the interpola-
tion function H that corresponds to the specific interpolation 
method.

where ∗ is the convolution operator and H denotes the bilin-
ear interpolation function in our paper. The relationship 
between the original image and the resampled image can 
be expressed as

where r indicates the resampling operation and S denotes 
the set of possible resampling parameters. s is one of the set 
S with s > 1 for upsampling and s < 1 for downsampling. In 
our study, we assume that S is discretely ordered and within 
a certain range.

We specify the resampling parameter s belongs 
in  {s1, s2, s3,… , sT , sT+1} .  Then,  the  resampl ing 
parameter set S can be divided into disjoint subsets 
{�1,�2,�3,… ,�T ,�T+1}.

where t = 1,… , T  and

where xt denotes the boundaries of each subset, x1 is the 
smallest parameter s1 and xT+1 is the largest parameter sT+1 in 
S. As mentioned above, the parameter of a resampled image 
from training data is definitely one of S. Thus, each resam-
pling parameter si is corresponding to a subset �i.

That is, all subsets �i constitute a minimal cover for S.

(1)I� = I ∗ H,

(2)I� = r(I, s), s ∈ S,

(3)𝜔t = {s|xt ≤ s < xt+1},

(4)𝜔T+1 = {s|xT < s ≤ xT+1},

(5)s1 ∈ �1, s2 ∈ �2,… , sT+1 ∈ �T+1,

(6)
T+1⋃
i=1

�i = S.

Subsequently, we specify each subset �i is marked as a class 
label li . T + 1 class labels l1, l2,… , lT+1 can be obtained.

Each image in the training database owns a label. We can 
capture T + 1 different features corresponding to resampling 
parameters. Finally, an image to be measured can be identi-
fied by a trained model as the label it belongs to.

That is, according to the class label, we can judge by which 
parameter subset the image was processed.

Based on the above analysis, we match the parameter subset 
with the label to identify the class of the resampled image 
and then obtain the corresponding resampling parameter 
according to the class.

According to this general formulation, resampling parameter 
estimation is regarded as a multi-classification problem.

We have converted the study into making a classification 
problem. Thus, we need a classifier to directly take the image 
as input and automatically learn the internal features of the 
resampled image. And CNN can be viewed as a classifier to 
perform classification by capturing the specific resampling 
traces. As a result, our proposed method for resampling 
parameter estimation is based on CNN. We will elaborate 
on our method in the next section.

4 � The proposed CNN for resampling 
parameter estimation

CNN is one of the deep learning models with a feed-forward 
structure, which is good at processing machine-learning 
problems related to images, especially large images. Com-
pared with the traditional recognition algorithm, CNN can 
directly take the image as input. Through automatically 
learning the internal features from images, CNN is able to 
perform classification without manually extracting features 
[26]. A typical CNN usually consists of one data layer, one 
loss layer and multiple hidden layers. Generally, the hid-
den layers are composed of convolution layers, pooling lay-
ers, activation functions, and full connection layers, which 
are the core of the network structure for learning features. 
Finally, the CNN model will output the probability of one 
sample classified into each class through softmax function.

We design a CNN architecture as the classifier in this 
section shown in Fig.  1. To improve the accuracy of 

(7)�1 → l1,�2 → l2,… ,�T+1 → lT+1.

(8)I� → l ∈ {l1, l2, l3,… , lT+1}.

(9)I� → �i ∈ {�1,�2,�3,… ,�T ,�T+1}.

(10)I� → �i = {si} → li.
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classification, the setting of dual differential filtering is 
applied into our CNN structure.

4.1 � The preprocessing operation

First of all, we describe the interpretability of dual-filtering 
operation. In related works, we have known that the resam-
pling traces can be learned from specific features and many 
of the early methods for detecting image resampling are 
based on prediction residual [8, 9]. Hence, in our paper, 
we also consider the prediction residual R which can be 
expressed as

where N  is a local neighborhood of the resampled image I′ 
and f(.) is a predictor which can predict the value of the pixel 
based on its neighborhoods with different residuals. Gener-
ally speaking, the residual means the difference between a 
resampled image patch and its filtered patch according to the 
selected type f(.). With the difference operation, our struc-
ture can obtain the prediction residual features and capture 
the traces that are beneficial for classification more easily.

Therefore, we apply a high-order highpass filter and a 
low-order highpass filter to enhance resampling traces and 
magnify the difference between different resampling param-
eters. Particularly, two filters are inserted into the architec-
ture in parallel connection. A SQUARE5× 5 [27] high-order 
highpass residual filter is set as follows:

Resampling will introduce the correlation and periodicity of 
pixels, thus, we select this highpass filter which makes use 
of more pixels for the prediction residual to reduce the inter-
ference of image contents, and the traces left by resampling 
with different parameters can be investigated. However, the 

(11)R = f (N) − I�,

(12)K1 =

⎡
⎢⎢⎢⎢⎣

−1 2 − 2 2 − 1

2 − 6 8 − 6 2

−2 8 − 12 8 − 2

2 − 6 8 − 6 2

−1 2 − 2 2 − 1

⎤
⎥⎥⎥⎥⎦
.

detectability of downsampling is not very ideal. So we add 
another filter into our preprocessing operation to improve 
the detectability. The another filter is a low-order highpass 
filter with the kernel

which is used for highlighting the resampling features [28]. 
Under the downsampling scenario, we get the downsampling 
images by throwing away some pixels from the original 
images. Hence, the correlation is destroyed and the resa-
mpled features can hardly be captured. Through this filter, 
each new pixel of every row in an image can be obtained.

where yi is the original central pixel, y′
i
 is the new central 

pixel after filtering and yi+1 is the right neighbor of yi . In 
other words, each new pixel of every row in an image is 
equal to the difference between the right neighbor of the 
pixel and this pixel. In fact, the correlation between yi+1 and 
yi is really weak in downsampling scenario. In this way, each 
central pixel is associated with its right neighbor and some 
vertical features can be captured by using K2 filter. So we 
select this filter to enlarge the downsampling traces. Finally, 
with the dual-filtering based structure, more valuable resam-
pling traces for multi-classification can be captured.

The prediction residual Ri after highpass filtering can 
be expressed as follows:

R1 and R2 are the image residual by filtering with K1 and 
K2 , respectively. Then, we apply the “concat” layer to con-
catenate the output of the two filters R1 and R2 . These parts 
constitute our preprocessing operation.

(13)K2 = [−1,+1],

(14)y�
i
= yi+1 − yi,

(15)
Ri = I� ∗ Ki

= r(I, s) ∗ Ki, i = 1, 2.

Fig. 1   The detailed structure of our proposed CNN for resampling parameter estimation
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4.2 � The architecture of proposed CNN model

After preprocessing, high-level features of resampled images 
are generated by the following layers. This model consists 
of five convolutional layers, five pooling layers, two full 
connection layers, and also consists of batch normalization 
layer, activation function, dropout layer, softmax layer and 
so on. The convolution layer is the core layer of network 
structure, including multiple convolution kernels. We use 
five convolution kernels with different sizes (5× 5, 3 ×3). 
Two types of pooling are applied in this model to reduce the 
number and dimension of feature-map, including four max-
pooling layers for retaining more texture information and 
one global average pooling layer for reducing parameters. 
To improve the expressive ability of models, convolution 
layers are followed by a non-linear function called activa-
tion function. ReLU has a faster convergent speed compared 
with Sigmoid and TanH, but it is fragile in training and some 
inputs may fall into the hard saturation zone, resulting in 
the corresponding weight cannot be updated. TanH has soft 
saturability and can expand the impact of features continu-
ously because the mean value is 0. As a result, we apply two 
different activation functions into our CNN structure for the 
balance. ReLU is used in the four convolutional layers to 
accelerate, while TanH function is only applied in the last 
convolution. Furthermore, to minimize the internal covariate 
shift, we apply a zero-mean and unit-variance transformation 
of the data while training the CNN model. Hence, we use a 
batch normalization layer in our network. More details are 
shown in Fig. 1.

Finally, we use two full connection layers to perform clas-
sification. The last full connection layer is followed by a 
softmax activation function. It will output the probability of 
an image I′ classified into each class such that

where li is the label of the resampled image I′ and zli is the 
value of the ith neuron in this layer. The number of neurons in 
the classification layer depends on the number of parameter 
classes T + 1.

4.3 � The computation complexity analysis

We discuss the computation complexity analysis of the pro-
posed CNN model. Firstly, suppose a convolutional layer 
have kernels of size kw × kh , the numbers of input channel 
and output channel are Cin and Cout , the size of the output 
feature map is fw × fh . The multiplication computation of 
this convolutional layer is ( kw × kh × Cin ) × fw × fh × Cout , 
the addition computation is ( kw × kh × Cin − 1) × fw × fh × 

(16)P(l = li�I�) = e
zli∑T+1

i=1
e
zli

,

Cout , and the bias computation is fw × fh × Cout . Thus, the 
whole computation (mult-adds) of this convolutional layer 
is 2 × ( kw × kh × Cin ) × fw × fh × Cout . According to the above 
calculation, the mult-adds of all convolutional layers in our 
proposed CNN model is 227.79 million.

Then, we analyze the computational complexity about 
dual-filtering operator. Based on analogous analysis, the 
computation (mult-adds) of filter operator is (2 × kw × kh 
− 1) × fw × fh × Cout . The mult-adds of dual-filtering oper-
ator in our proposed CNN model is 1.02 million and the 
whole computations of the proposed CNN model for per-
forming resampling parameter estimation is 228.81 million 
mult-adds. Therefore, we can observe that the preprocessing 
operation would not significantly increase the computational 
load and the overall complexity is acceptable.

5 � Experimental results

In the section, we evaluate the performance of our proposed 
generic model to perform resampling parameter estimation 
through a set of experiments and compare its performance 
with state-of-the-art methods.

5.1 � Dataset

We download images from the publicly available BOSS 
Database [29] and UCID Database [30] as the source of 
our training and testing datasets. 4,500 images from BOSS 
Database are resampled by using bilinear interpolation with 
nine different resampling parameters, i.e., 0.7, 0.8, 0.9, 1.0, 
1.1, 1.2, 1.3, 1.4, 1.5. Note that 1.0 means no resampling 
applied to an image. And then the central 256×256 blocks of 
the resampled images are retained to form the final datasets. 
Nine different image sets are created eventually. Next, we 
select 4,000 images from each image set as the training data-
set and select the other 500 images from each image set as 
the validation dataset. In total, 36,000 RGB color images are 
used for training and 4,500 RGB color images are used for 
validation. Meanwhile, selecting 1,000 images from UCID 
Database to form a testing dataset through the same process-
ing. 9,000 RGB color images are used for testing.

5.2 � Training parameters

We set the batch size equal to 16 and the parameters of the 
Adaptive gradient as follows: momentum = 0.9, decay = 
0.0005, and a learning rate = 0.001. The strategy of adjust-
ing the learning rate is “fixed”, which means the basic 
learning rate remains unchanged during the training. The 
maximum number of iterations of network training is set to 
50,000. We run our experiments using NVIDIA TITAN XP 
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GPU with 12GB RAM in a modified version of the Caffe 
toolbox [31].

5.3 � Experimental results

The performance of our designed method is evaluated on 
prepared training and testing datasets, and compared with 
that of Feng et al.’s method [6] and Stamm et al.’s method 
[25]. We download the relevant codes of their methods from 
the Internet and set the default parameter values according 
to their papers. The same datasets are used in three methods. 
For Feng et al.’s method, we first convert each image from 
the training dataset to a 19-D feature vector by extracting the 
normalized energy density and use SVM to train a model for 
classification. The performance of utilizing the trained SVM 
model for the testing dataset is the final result. The experi-
mental process of Stamm et al.’s method is similar to ours.

Table 1 shows the accuracy of resampling parameter esti-
mation using three methods. The average detecting accura-
cies are about 82.28%, 83.93%, and 93.19%, respectively. 
Our method improves average performance by over 10% 
compared to two other methods. From Table 1, it can be 
observed that our method has better performance than other 
methods, specifically in downsampling images. We can see 
that our method successfully achieve parameter estimation 
with an accuracy higher than about 80% with all resampling 
parameters. Noticeably, it can detect upsampling images 
with at least 92.4% accuracy especially for 110% upsampling 
images with 100% accuracy. Though capturing resampling 
traces in downsampling images is a challenging study, our 
method can still capture this to achieve parameter estima-
tion. For example, it achieves 98.4% in the case of down-
sampling of 90%.

Table 2 shows the confusion matrix achieved by our 
method. We can see the estimation accuracy decreases with 
some downsampling parameters and the parameter of 80% 
seems to be difficult to distinguish from the parameter of 
70%. From Table 2, it can be observed that the false-positive 
rates in the case of downsampling of 70% and 80% are much 
higher than other parameters. There is a performance gap 
between estimating downsampling and upsampling param-
eters. The reason behind this phenomenon is that the sam-
pling process is different in cases of upsampling and down-
sampling. For upsampling, the size of the image increases, 
and there are more pixels in the resampled image than the 
original image. The additional pixels are quite relevant to 
their adjacent pixels. Thus, the correlation between adjacent 
pixels is enhanced and latent features can be learned bet-
ter by the model. For downsampling, the size of the image 
decreases, and there are fewer pixels in the resampled image 
than the original image. In other words, some pixels of the 
original image are lost according to the corresponding inter-
polation algorithm, causing severe destruction to the cor-
relation between adjacent pixels. Thus, latent features are 
too weak to be learned well by the model. Based on the 
above analysis, it is more challenging for our work to esti-
mating downsampling parameters, leading to a performance 
gap between these cases. Even so, the experimental results 
show that our CNN is still able to accurately estimate resa-
mpling parameters and the overall effect of our method is 
acceptable.

In addition, we also consider resampling operation with 
nearest interpolation algorithm, and then estimate nine dif-
ferent resampling parameters by using the proposed CNN. 
Table 3 reports the confusion matrix and the average detec-
tion accuracy is 92.66%. Analogously, when images are 

Table 1   Detection accuracy 
(%) for resampling parameter 
estimation by using different 
methods

Methods/parameters 0.7 0.8 0.9 1.0 1.1 1.2 1.3 1.4 1.5

Feng et al.’s [6] 75.1 67.8 85.0 88.1 70.8 84.7 88.2 88.8 92.0
Stamm et al.’s [25] 76.5 43.5 70.9 92.1 92.2 94.6 93.1 94.5 98.0
Ours 83.1 79.4 98.4 87.7 100 99.1 92.4 99.4 99.2

Table 2   Confusion matrix 
for resampling parameter 
estimation (%) with bilinear 
interpolation. Tru and Det 
represent respectively the true 
label and detection label

Tru/det 0.7 0.8 0.9 1.0 1.1 1.2 1.3 1.4 1.5

0.7 83.1 10.2 0 6.7 0 0 0 0 0
0.8 13.9 79.4 0.2 6.3 0 0.1 0 0.1 0
0.9 0.6 0.2 98.4 0.8 0 0 0 0 0
1.0 4.6 7.3 0.4 87.7 0 0 0 0 0
1.1 0 0 0 0 100 0 0 0 0
1.2 0.1 0.5 0.1 0 0 99.1 0 0 0.2
1.3 0.3 0.1 0 0 0 0.5 92.4 4.6 2.1
1.4 0 0.1 0 0 0 0 0 99.4 0.5
1.5 0 0.1 0 6.7 0 0 0 0.7 99.2
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resampled by using cubic interpolation algorithm, the aver-
age detection accuracy obtained by our model is 82.12%. 
Compared with results about resampling with bilinear 
interpolation algorithm, it can be observed that the pro-
posed method can obtain good performance for resampling 
parameter estimation with different interpolation algorithms. 
To further demonstrate the effectiveness of the model, we 
evaluate it with a much larger dataset. We select the other 
4,000 images from BOSS Database which are not overlap-
ping with our training dataset and the new testing dataset 
totals 36,000 images. The average detection accuracy is 
92.28%. The result shows that the proposed method still 
obtains excellent performance in the case of a larger testing 
dataset.

6 � Discussion

We have to admit that the explanations of the improvement 
in accuracy need to be discussed. From the experimental 
results, it can be observed that our method improves average 
performance compared to two other methods, which mainly 
owes to our proposed design.

The contribution of our work is deserving of encouraging. 
In this paper, an end-to-end resampling forensics framework 
based on convolutional neural network is presented. Deep 
learning and neural networks play a great role in digital 
image forensics, showing the superiority compared to some 
traditional methods. Specifically, the dual-filtering struc-
ture is designed to suppress image contents and highlight 
the resampling features, which achieves a complementary 
function in detecting resampling parameters. Experimen-
tal results show that our proposed model not only achieves 
upsampling parameter estimation in a high accuracy but also 
obtains acceptable performance in the downsampling sce-
nario. Besides, there is a little running time on performing 
resampling forensics by the proposed method.

Though our method improves average performance by 
10% compared to two other methods, the accuracy in a 
certain parameter is not ideal. For instance, it only obtains 

79.4% accuracy in the case of downsampling of 80% with 
bilinear interpolation. The detection result is not satisfactory 
but acceptable. There is still much room for improvement in 
these cases. In the future, we intend to improve the perfor-
mance of performing resampling forensics, especially in the 
downsampling scenario. For instance, we can insight further 
the essence of the CNN and resampling operation to develop 
an elaborate CNN network for higher accuracy.

7 � Conclusion

In this paper, we present an end-to-end CNN model to per-
form resampling parameter estimation, which automatically 
learns the resampled features. The design of the dual-fil-
tering structure plays a complementary role in estimating 
different parameters by suppressing image contents and 
strengthening resampling traces. Besides, the convergence 
speed and computation complexity of our proposed model 
are acceptable. The experimental results show that our pro-
posed method has better performance than previous meth-
ods. However, our proposed method is effective only on the 
uncompressed images. JPEG is the most widely used format 
in our life. In the future, we will extend our work to investi-
gate resampling parameter estimation on JPEG images.
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