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Abstract—Image splicing can be easily used for illegal activ-
ities such as falsifying propaganda for political purposes and
reporting false news, which may result in negative impacts on
society. Hence, it is highly required to detect spliced images
and localize the spliced regions. In this work, we propose a
multi-task squeeze and excitation network (SE-Network) for
splicing localization. The proposed network consists of two
streams, namely label mask stream and edge-guided stream,
both of which adopt convolutional encoder-decoder architecture.
The information from the edge-guided stream is transmitted
to the label mask stream for enhancing the discrimination of
features between the spliced and host regions. This work has three
main contributions. First, image edges, along with label masks
and mask edges, are exploited to supply more comprehensive
supervision for the localization of spliced regions. Second, the
low-level feature maps extracted from shallow layers are fused
with the high-level feature maps from deep layers to provide
more reliable feature for splicing localization. Finally, several
squeeze and excitation attention modules are incorporated into
the network to recalibrate the fused features to enhance the
feature expression. Extensive experiments show that the proposed
multi-task SE-Network outperforms existing splicing localization
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methods evidently on two synthetic splicing datasets and four
benchmark splicing datasets.

Index Terms—Image forensics, image splicing localization,
multi-task learning, squeeze and excitation attention module,
low-level feature fusion.

I. INTRODUCTION

ITH the rapid development of the Internet and digital

devices, images on the web have shown an explosive
growth. However, digital images can be easily forged by
nonprofessional users with the user-friendly editing software
(including GIMP, Photoshop, Meitu, ezc.) [1]-[3]. Image splic-
ing is one of the most common types of image forgery,
it copies a particular region of one image (called donor image)
and pastes the region to another image (called host image).
Before pasting, the particular region may be geometrically
transformed by rotation and scaling to match with the host
image. Image splicing can be potentially used for malicious
intents, such as falsifying evidence in court, forging the bank
electronic bills and reporting false news to the public, which
may lead to serious security issues.

As mentioned above, the integrity and authenticity of
images are greatly challenged by image splicing. Hence,
the issue of splicing detection and localization has received
considerable interest during the past few years. Image splic-
ing detection [4]-[9] is an image-level classification problem
which aims at determining whether an image has undergone
splicing or not. Nevertheless, image splicing localization is
a more challenging and important task than splicing detec-
tion since it can identify the spliced region in pixel level.
In recent years, identifying the spliced region has attracted
more and more attention. A comprehensive review on tradi-
tional methods of image splicing localization can be found
in [10]. Existing splicing localization methods mainly exploit
sensor pattern noise (SPN) [11]-[16], interpolation patterns
of Color Filter Array (CFA) [17], [18], and JPEG compres-
sion traces [19]-[25] as forensic features. These traditional
localization methods focus on one specified image attribute,
which is not applicable for all splicing cases. For example,
if the devices of the donor image and the host image are the
same, the SPN-based methods will become invalid; besides,
the JPEG compression trace-based methods can only detect
the spliced images in JPEG format.

Since deep neural network has excellent performance
in multimedia understanding and computer vision, such as

1051-8215 © 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: Universidade de Macau. Downloaded on July 02,2022 at 09:59:58 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0003-1574-5286
https://orcid.org/0000-0001-7956-5343
https://orcid.org/0000-0001-8198-5267
https://orcid.org/0000-0001-7484-7261
https://orcid.org/0000-0002-8167-7106
https://orcid.org/0000-0002-4487-6384

ZHANG et al.: MULTI-TASK SE-NETWORK FOR IMAGE SPLICING LOCALIZATION

saliency detection and visual tracking, numerous studies have
focused on splicing localization based on convolutional neural
network (CNN) [26]-[32]. Salloum et al. [26] proposed a
multi-task fully convolutional network (MFCN), which is
designed for learning the spliced mask and the mask edges.
But this method overlooks both the low-level features in
shallow layers of the network and the supervision from the
edges of the whole image. Bappy et al. [33] proposed a
unified architecture composed of a convolutional network
and a long short-term memory network (CNN-LSTM) for
detecting different types of image forgeries. CNN-LSTM
model tries to capture the discriminative features in boundaries
shared by tampered and un-tampered regions. After observing
that the performance of splicing localization depends not
only on local features (i.e., the edges between the spliced
and host regions) but also on global features (i.e., semantic
information and illumination, etc.), Cun and Pun [27] pro-
posed a semi-global network for splicing localization, and the
localization results were post-processed by fully connected
conditional random fields (CRF). It should be pointed that the
methods in [33] and [27] localize spliced images in patches,
thus their localization maps show obvious block artifacts.
Bappy et al. [34] proposed a hybrid LSTM network to exploit
both the frequency domain features and the spatial context
information for splicing localization. Bi et al. [35] proposed
an end-to-end ringed residual U-Net (RRU-Net) for splicing
localization by exploiting residual-propagation and residual-
feedback. To deal with the realistic image forgery, Wu et al.
proposed a unified ManTra-Net [36], which can detect and
localize 385 types of image manipulations. To address the
problem of constrained image splicing detection and local-
ization (CISDL), Liu et al. proposed an adversarial learning
network [28] and an attention-aware encoder-decoder deep
matching network (AttentionDM) [29]. Whereas, these two
methods are studied on image pairs, which are not suit-
able for the splicing localization of single image. Liu and
Pun [30] proposed a deep fusion network that concentrates
on learning low-level features for realistic splicing localiza-
tion. They made two widely used hypotheses, one is that
a sensor noise difference exists between the spliced and
host regions, and the other is that the JPEG compression
qualities are also different between these two regions. Hence,
when the host image and the donor image are the same
one, this method will not perform well. Xiao et al. [32]
proposed a splicing localization method by combining coarse
to refined network (C2RNet) and adaptive clustering. C2RNet
is utilized to identify the suspicious forgery regions, and
adaptive clustering is applied as a post-processing technique to
obtain the final localization results. But this method requires
post-processing to refine the localization results. Recently,
Zhuang et al. [37] proposed a dense fully convolutional
network (DenseFCN) to detect the image manipulations per-
formed by Photoshop tools. This method obtained an unsat-
isfactory performance on existing datasets such as NIST-2016
dataset.

None of the existing methods take the edge of images
into consideration for splicing localization, and the localiza-
tion results of the spliced edges are far from satisfactory.
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In addition, most of the existing methods [26], [28], [29],
[33] only focus on the high-level features in deep layers and
neglect the low-level features in shallow layers. To solve the
above problems encountered by existing CNN-based methods,
we propose a new multi-task learning network with squeeze
and excitation attention modules (SEAMs) for image splicing
localization. In the proposed method, the edges of spliced
images, along with the ground-truth masks and the edges of
masks, are exploited to guide the learning of label mask, which
can take advantage of the global edge information. Next, the
low-level local features generated from the shallow layers are
fused with the high-level global features from the up-sampled
layers in decoder. Moreover, SEAMs are incorporated into the
network to automatically recalibrate the fused features. The
weights of the importance are exploited to guide the network
to concentrate on the useful feature and suppress the less useful
feature for splicing localization.

In summary, the contributions of this work are as follows:

1) A new multi-task squeeze and excitation network
(SE-Network) consisting of two encoder-decoder
streams is proposed for image splicing localization.
Both the image edges and the mask edges are exploited
to aid the learning of spliced mask, which is especially
beneficial to the spliced edge localization.

2) To extract more discriminative feature maps and improve
the representational power of the proposed network,
the low-level feature maps from shallow layers of the
network are fused with the high-level feature maps in
the decoder. The fused feature maps can improve the
localization performance on spliced regions.

3) SEAMs are incorporated to recalibrate the fused feature,
which can be seen as a self-attention mechanism on
channels. The abundant ablation experiments have veri-
fied the effectiveness of each component of the proposed
multi-task SE-Network. The experiments show that the
proposed network achieves much better performance
than state-of-the-art methods on two synthetic splicing
datasets and four benchmark splicing datasets.

The remainder of this paper proceeds as follows. Section II
introduces the preliminary knowledge of splicing localiza-
tion briefly. Section III elaborates the proposed multi-task
SE-Network for splicing localization. Section IV reports and
analyzes the experimental results. Finally, a few concluding
remarks are provided in Section V.

II. PRELIMINARIES

In this section, we introduce the preliminary knowledge of
image splicing, the localization of image splicing, and the
evaluation metrics for splicing localization.

A. Image Splicing

Image splicing is one of the most popular image forgery
operations in practice. We use an example, as shown in Fig. 1,
to illustrate the procedure of image splicing. In this example,
the bird in the donor image is first cut, and geometrically
transformed by scaling, and then is pasted to the host image to
generate a composite image. Post-processing operations, such
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Fig. 1. Procedure of image splicing.

as Gaussian filtering and image enhancing, may be performed
on the composite image to ensure that the spliced region is
consistent with the host image. The post-processing on the
edge of the spliced region makes the splicing localization more
challenging.

B. Detection and Localization of Image Splicing

Image splicing detection is an image-level binary classifica-
tion problem which can only identify whether a query image is
spliced. Although splicing detection has been well addressed
by many works [2], [4], [6]-[9], it is not convincing in
practical application since it cannot supply the explicit forgery
traces. Image splicing localization is a more challenging task
than splicing detection since it aims to identify the spliced
regions. During the recent years, the techniques of image
splicing localization [16], [18], [26]—[30], [35], [38] have made
great progress. Despite existing methods can localize spliced
regions roughly, there are still several shortcomings to be
overcome. For example, the edges of the image, which are
valuable for the splicing edge localization, are neglected. This
results in unsatisfactory localization maps on the edges of
spliced regions. Besides, existing methods ignore the low-level
feature in the shallow layers, and the extracted features are not
discriminative enough.

C. Performance Metrics

Image splicing localization is a pixel-level binary classifica-
tion problem, thus F1-score and intersection over union (IoU)
are used for its performance evaluation. Fl-score and IoU can
be calculated, respectively, by

2T P
F1 = , (D
2TP + FN + FP
and
TP
IoU 2)

“TP+FN+FP’

where T P is the number of correctly detected spliced pixels,
FN is the number of wrongly detected spliced pixels, and
F P is the number of wrongly detected un-spliced pixels. The
values of Fl-score and IoU are both range from O to 1, and a
larger value corresponds to a better performance.

III. PROPOSED METHOD

In this section, we elaborate the proposed multi-task
SE-Network for image splicing localization. The architecture
of the proposed network, as shown in Fig. 2, will be described
as follows.
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A. Multi-Task Learning Network

Multi-task learning (MTL) can improve the learning capa-
bility of deep networks by sharing the representations between
multiple related tasks. This paper proposes a novel MTL
network that can learn the splicing masks, the mask edges,
and the image edges simultaneously. The proposed network
consists of two streams, one is the edge-guided stream, and
the other is the label mask stream. In the following, we will
describe these two streams in detail.

1) Edge-Guided Stream: As shown in Fig. 2, the
edge-guided stream is a convolutional encoder-decoder net-
work, which has an end-to-end learning architecture. The
encoder extracts discriminative feature maps from the input
images, and the decoder further processes the feature maps
and generates the final pixel-wise predictions. In this paper,
we adopt U-Net architecture [39] as our encoder-decoder
network, because U-Net is empirically found to be quite
effective for image manipulation localization [40]. It is seen
from Fig. 2 that the edges of the spliced images are utilized
to supervise the training of the edge-guided network.

The encoder of the edge-guided stream includes four pairs
of convolutional and down-sampling layers. The convolutional
layers have the same kernel size of 3 x 3 and stride of 1,
and each convolutional layer is followed by a BN layer and a
Rectified Linear Unit (ReLU) layer. Inspired by [41], down-
sampling is implemented by a convolutional layer with kernel
size of 4 x 4 and stride of 2 instead of a max pooling layer.
This is due to that the convolutional layer can adaptively
update the parameters rather than fix it. By our experience,
the convolutional layers can obtain better performance than the
max pooling layers. The decoder of the edge-guided stream
is composed of four pairs of up-sampling and convolutional
layers. The up-sampling layers upsample the feature maps with
bilinear interpolation. Hence, the size of the feature map is
doubled in both width and height after up-sampling. Then
an empirical convolutional layer with kernel size of 1 x 1
and stride of 1, which is followed by a BN layer and a
ReLU layer, is added to refine the up-sampled feature maps.
Nevertheless, the features may suffer from distortion after up-
sampling. In order to make up for the feature loss caused
by upsampling, a skip connection is built between the feature
maps that have the same spatial size.

2) Label Mask Stream: The label mask stream has a similar
structure to the edge-guided stream, it is also a convolutional
encoder-decoder network. From Fig. 2, it is seen that both
the label mask and the edges of the label mask are utilized
to supervise the training of the label mask network. The
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Fig. 2. Architecture of the proposed multi-task SE-Network for splicing localization.

label mask stream differs from the edge-guided stream in the
following three aspects.

First, feature adaption layers (FALs) are adopted to filter
out the interference of the local edge features output from
the edge-guided stream. Then the filtered features are fused
with the feature maps from the same level in the label mask
stream. The FAL consists of a Res-Net block, which is shown
in the left bottom corner of Fig. 2. We can see that the FAL
is made up of an identity path and a learnable convolutional
layer followed by a ReLU layer. Note that the convolutional
layer has a kernel size of 1 x 1 and a kernel stride of 1.
In IV-B.1, we will validate the use of Res-Net block. Let y
denote the input feature map of an FAL. Then, the output of
the FAL can be obtained by

¥ =y ®ReLU (Cix1(y)), ©)

where @ represents the pixel-addition, Cjj denotes a nor-
malized 1 x 1 convolution. To reduce the feature loss in
fusion, concatenation operation is chosen to fuse the output
of the FAL, i.e., ¥, and the feature maps from the label mask
stream. In this way, the features in the edge-guided stream are
integrated in the mask learning process.

Second, the low-level feature maps from the shallow layers
of the network are fused with the high-level feature maps
from the up-sampling layers in the decoder network. The
low-level feature fusion is marked with dashed red lines in
Fig. 2. The fusion is introduced to take full advantage of
discriminative low-level features. Generally speaking, low-
level features, which are highly related to local features, refer
to image details, such as the edges, corners and gradients in
images. Most of the existing methods ignore these low-level
features. In this paper, the low-level features are extracted
directly from images with four parallel down-sampling layers.
From left to right, the four down-sampling layers that perform

8x, 4x, 2x, and 1x down-sampling are implemented by the
convolutional layers with kernel size/stride of 8/8, 4/4, 2/2,
and 1/1, respectively. Hence, the feature maps output from the
shallow layers are of the same size with those output from the
up-sampling layers in the decoder. In this way, the low-level
and high-level features are integrated to enhance the high
resolution representations. The effectiveness of the low-level
feature fusion is investigated in IV-B.1 specifically.

Third, the fused features are coarse for splicing local-
ization. In order to solve this problem, the fused feature
maps are transmitted to an attention mechanism for recali-
bration, rather than are directly put into the next convolu-
tional layer. The commonly used attention mechanisms mainly
include convolutional block attention module (CBAM) [42]
and squeeze-excitation attention module (SEAM) [43]. SEAM
is a simple channel attention mechanism for feature maps,
while CBAM is a more complex attention mechanism that
utilizes both the channel and spatial attentions. Despite
CBAM has shown better performance than SEAM on object
detection [42], the spatial attention in CBAM may degrade
the discriminability of the feature maps to some degree.
On the contrary, SEAM can adaptively recalibrate the dis-
criminative features and improve the discriminability of the
fused feature maps. Thus, we adopt SEAM as the atten-
tion mechanism. SEAMs will be described in the next
subsection.

B. Squeeze and Excitation Attention Module

Squeeze and excitation attention module [43] was pro-
posed very recently. Inspired by the promising performance of
SEAMs in recalibrating the discriminative features, we incor-
porate SEAMs into the multi-task network to reweight the
fused feature maps. The architecture of SEAM is shown in
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the bottom middle of Fig. 2, and will be described in the
following.

First, let X = [x!,x2,...,xC1] € ®RAWixC denote the
input feature map and V = [v, va, ..., v¢] denote the filter
kernel. The input feature X is transformed by v. (c € [1, C])
as follows:

coo.
) 1
U = X*xv, = Zi:l X' *0,, 4)
where * denotes convolution, v, = [vcl,vg, .. .,vccl], U =
[u, uy, ..., uc] € R*WXC g the intermediate feature map.

Since the result of the convolution (i.e., U) is inherently
implicit and local, it is expected to provide the network with
access to global information and recalibrate the filter response
by utilizing squeeze and excitation.

Second, the squeeze operation Fy,, implemented with a
global average pooling layer, is used for global information
embedding. By shrinking the intermediate feature U through

the spatial dimension H x W, a statistic z = [z1, 22, ...,2C] €
RE is generated, i.e.,
| H W
ZcZqu(uc)z HxW ZZHC(man)' )

m=1n=1

Third, the excitation operation, denoted as F,y, is utilized
for adaptively recalibrating the responses of each channel.
A gating mechanism with a sigmoid activation is used to
implemented the squeeze operation due to two reasons: 1) the
excitation operation should be flexible and be able to learn a
non-linear interaction between channels; 2) in order to empha-
size multiple channels, the excitation operation must learn
a non-mutually-exclusive relationship. Thus, the excitation
function can be formulated as

e =Fo (2, W) = 0(g(z, W) = 0 (WaReLU(W;2)), (6)

where o denotes the sigmoid activation, g denotes a gating
mechanism implemented with ReLU, W, € Rr=C, W, €
S%CX%, and r denotes the dimensionality reduction ratio.
In order to limit the complexity and improve the generaliz-
ability of trained model, we utilize two fully-connected (FC)
layers around the ReL.U layer to form a gating mechanism. The
first and second FC layers are used for dimension reduction
and expansion, respectively.

Finally, the output of the SEAM, denoted as X =

[x!, %%, ...,x], is obtained by rescaling U with the activation
e, ie.,

X = Fcale (U, ec) = ecu, (7
where e = [er,e2,...,ecl, Fscae(uc,e.) represents

channel-wise multiplication between e, and u.. By mapping
the input-specific descriptor z to a set of channel weights
e, SEAMs intrinsically introduce dynamics condition on the
input features. Hence, it can also be regarded as a self-attention
mechanism that pay more attention to the useful features and
suppress the less useful features according to the splicing
localization task. The feature map X output from SEAMs
discriminate the spliced region better than the original fused
feature map X. The effectiveness of SEAMs on splicing
localization will be studied in IV-B.1 briefly.
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C. Loss Function

In this subsection, a multi-task loss function is designed to
evaluate the fitting degree of the network. The proposed loss
consists of three parts, one loss is for the label mask, one is
for the mask edges, and the other is for the edges of the whole
image.

The spliced region accounts for a small part of the whole
image. This will lead to imbalance in positive and negative
regions. Since the easy negative regions contribute little useful
learning information, the imbalance will decrease the effi-
ciency of training. Besides, the easy negative samples may
overwhelm training and degrade the models. To address the
class imbalance problem, we employ focal loss (FL) [44] to
reweight the loss of negative samples and positive samples.
In addition, the focal loss reduces the weight of easy samples
and pays more attention to the hard positives during training.
For the label mask, the FL is written as

W H
Lisbel_mask (Y, P) = = D> a(l = P; j)" ¥ jlog(P; )
j=1i=1

+(1—a)P/;(1=Y; plog(1=P; ), (8)

where Y = [Y;;], P = [P;;]; Yi; and P;; denote the
predicted spliced label and the probability of being spliced
at coordinate (i, j), respectively; o is a parameter used to
balance the positive and negative regions; y is used to balance
the easy and hard classified samples. In our experiments,
we empirically set a = 0.25, y = 2.

For the loss of mask edge, we adopt the binary cross-entropy
(BCE) loss, which is expressed by

W H
Liabel_edge (E, Q) = — z z E; jlog(Qi ;)
i=1i=1
+ (1 — E; jlog(1-0i5), (9)

where E = [E;;], Q = [Q;;]; Ei; and Q;; denote the
predicted label of spliced edge and the probability of being
spliced edge at coordinate (i, j), respectively. Note that to deal
with the imbalance between the positive (spliced) regions and
the negative (un-spliced) regions, we use the focal loss as the
label mask loss to down-weight the loss assigned to easily-
classified samples. Whereas, the main goal of the label edge
loss is to detect the label edges, and is just an auxiliary task
for splicing localization. It is relatively easy for the network to
obtain the label edges. Thus, the general binary cross entropy
loss is suitable to be used as the label edge loss.

The minimum square error (MSE) loss is utilized for the
edge prediction of whole image. The MSE loss is given as

W H
~ 1 ~ 2
L:image_edge(s» S) = HxW E E (Si,j - Si,j) 5 (10)
j=1i=l

where § = [§; ], S = [S‘i,j]; S;,j and .SA’ijj denote the
ground-truth label of image edge and the predicted label of
image edge at coordinate (i, j), respectively. The ground-truth
labels of image edges are the edges of the whole image.
These image edge labels are obtained with mathematical
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morphology [45]. Specifically, given an image I, its edges
can be calculated by S(I) = I — (I & B), where S(I) denotes
the edge of image I, © denotes erosion operation, and B is
a suitable structuring element. In this paper, we set B as
010;111;01 0]

Finally, the total loss of the multi-task SE-Network for
splicing localization can be written as

»Ctotal = L:label_mask + ilﬁlabel_edge + /12£image_edge- (1 1)

Each part of the total loss plays an important role in
splicing localization, which will be validated in the abla-
tion experiments in Section IV-B.1. Adjusting parameters are
sometimes used to balance the influence of different losses
in computer vision [46], [47]. The objective of our network
training is to minimize the total loss Loa1, Which, theoretically
speaking, is equivalent to minimizing Ljabel mask> Llabel_edges
and Limage_edge, Separately. Hence, the setting of the adjusting
parameters A; and 1> may not make a significant impact
on our splicing localization. Furthermore, our experimental
comparisons on the adjusting parameters have shown that the
setting of the adjusting parameters has little impact on the
localization performance, and the setting 1; = 1> = 1 obtains
the best splicing localization performance compared with the
other settings. For simplicity, we set Ay = A2 = 1 in our
experiment.

1V. EXPERIMENTS
A. Experimental Setup

The experiments are performed on Ubuntu 16.04 with
GeForce GTX 1080 Ti GPU. The multi-task SE-Network for
image splicing localization is implemented with the Pytorch
framework [48]. The adaptive moment estimation (Adam)
optimizer [49] is applied for network training. The learning
rate is initially set to 1 X 1073, and then set to 1 x 10~%
after 30 epochs. The edge-guided and the label mask streams
are trained at the same time. The two streams are interacted
with each other through FALs during training. We fix the batch
size to 8 and train the network for 300 epochs. Finally, the
model that achieves the highest Fl-score on test dataset is
selected as the final model for evaluation.

1) Data Preparation: We evaluate the tested methods
on four public splicing datasets, including the CASIA1.0
dataset [50], the CASIA2.0 dataset [50], the Carvalho
dataset [2], and the Columbia dataset [51]. The samples in
the above-mentioned datasets are all called the benchmark
datasets, and the number of the benchmark samples is 5,864.
Additionally, as done by the composite method in [34],
the objects extracted from Microsoft coco dataset [52] are
spliced onto the Dresden dataset [53] and the non-manipulated
NIST’16 dataset,! separately. The samples generated from
Dresden dataset and the NIST 16 dataset are called the syn-
thetic datasets in this paper, and the number of the synthetic
samples is 49,182. The setting of different datasets on training,
testing, and validation are listed in Table I. For convenience,
images from all the datasets are resized into 384 x 384. Some

1 https://www.nist.gov/itl/iad/mig/open-media-forensics-challenge
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of the spliced samples and their corresponding ground-truth
masks are shown in Fig. 3, where the white masks represent
the spliced regions.

To evaluate the robustness against post-processing on
splicing localization, the test images are post-processed by
JPEG compression, image scaling, Gaussian filtering, and
image sharpening, separately. The quality factor (QF) of
JPEG compression is set as QF € {80, 85,90, 95, 100},
the scale factor (SF) for image scaling is set as SF €
{0.7,0.8,0.9,1.2,1.4,1.6}, the standard deviation J of
Gaussian filter is set as 6 € {0.5, 1.0, 1.5, 2.0}, and the strength
parameter 4 is set as 1 € {0.5, 1.0, 1.5,2.0}.

2) Compared Methods: The proposed method is compared
with several deep learning-based methods for a fair compari-
son, which are listed as follows:

1) MFCN [26]: An image splicing localization method
based on multi-task fully convolutional network;

2) CNN_LSTM [33]: An image manipulated localization
method based on CNN_LSTM network;

3) SGN_CRF [27]: A splicing localization method based
on semi-global network and fully connected CRF;

4) RRU-Net [35]: A splicing localization method based on
ringed residual U-Net;

5) ManTra-Net [36]: A forgery localization method based
on manipulation tracing network;

6) HLED [34]: A forgery localization method based on
hybrid LSTM and encoder-decoder network;

7) DenseFCN [37]: An image tampering localization
method based on dense fully convolutional network.

We re-implemented MFCN according to Ref. [26].
We adopted the code released in SGN_CRF [27]% for
CNN_LSTM [33] and SGN_CREF [27]. Besides, the released
code of RRU-Net [35],> HLED [34],* and DenseFCN [37]°
are also used for training and testing. In addition, the
released pre-trained weights and inference code are utilized
for ManTra-Net.

B. Experimental Results

In this subsection, we first validate the effectiveness of
each component in the proposed network. Then, the splicing
localization results of the proposed method are compared with
those of the compared methods. Finally, the robustness against
several image post-processing operations is investigated.

1) Ablation Study: We validate the effectiveness of several
important components of the proposed network, including the
low-level feature fusion, the multi-task loss, and SEAMs.
To verify the effectiveness of each component on splic-
ing localization, five schemes are designed. The localization
results are shown in Table II, the “Average” denotes the
average localization results of all the test datasets.

Both Scheme 1 and Scheme 2 are trained with Liabel_mask +
Liabel_edge + Limage_edge and without SEAMs. The difference

2https://github.com/vinthony/image—splicing—localization

3 https://github.com/yelusaleng/RRU-Net
4https://github.com/jawadbappy/forgery,localizatioanLED

3 https://github.com/ZhuangPeiyu/Dense-FCN-for-tampering-localization
6https ://github.com/ISICV/ManTraNet
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TABLE I
SETTING OF DIFFERENT DATASETS ON TRAINING, TESTING, AND VALIDATION
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Dataset Train Validation Test Total_test
Columbia 125 5 50
Benchmark datasets CASIAI 341 20 100 671
CASIA2 4500 122 501
Carvalho 70 10 20
Synthetic datasets SPhCEd‘NIST 9534 674 3367 12295
Spliced_Dresden 24998 1786 8928

Fig. 3.

TABLE I

DIFFERENT CONFIGURATIONS OF THE ABLATION STUDY AND THE CORRESPONDING LOCALIZATION RESULTS ON
DIFFERENT DATASETS (IOU/F1-SCORE (%)); THE BEST RESULTS ARE HIGHLIGHTED IN BOLD

Spliced samples (the first row) and the corresponding ground-truth masks (the second row) in different datasets.

Scheme 1 Scheme 2 Scheme 3 Scheme 4 Proposed
. Without v
Low-level feature fusion
With v v v v
‘Clabel_mask v v v v v
Multi-task loss Liabel_edge v v v v
L image_edge v v v
Without v v v v
SEAMs
With v
Benchmark datasets ~ 51.25/58.28  62.03/68.72  58.28/64.74  61.18/67.49  69.34/74.91
Dataset Synthetic datasets 91.03/94.84  94.09/96.71 92.03/95.38  93.25/96.11 94.64/97.09
Average 88.97/92.94  92.43/95.26  90.28/93.79  91.58/94.63  93.32/95.94

between these two schemes is that Scheme 1 is trained without
low-level feature fusion, while Scheme 2 is trained with it.
To validate the effect of the multi-task loss on splicing local-
ization, Scheme 2, Scheme 3, and Scheme 4 are designed. All
the three schemes are performed with low-level feature fusion
and without SEAMs. Scheme 3, Scheme 4, and Scheme 2
are performed with »Clabel_mask» L:label_mask + »Clabel_edge» and
L:label_mask + »Clabel_edge + Eimage_edges respectively. Finally, the
proposed network is performed with low-level feature fusion,
the multi-task loss Liabel_mask + Elabclfcdgc + ﬁimagcfcdgc and

SEAMEs.
From Table II,

obtained:
o Low-Level Feature Fusion: From the results of Scheme 1
and Scheme 2, it can be found that the use of low-level

the following observations can be

feature fusion obtains a significant improvement on
localization performance. This may be due to that the
low-level feature can supply more discriminative features
for splicing localization. With low-level feature fusion,
the average IoU/F1-score of localization results obtain
an improvement of 10.78%/10.44% and 3.06%/1.87%
on the benchmark datasets and the synthetic datasets,
respectively. It is surprising that low-level feature fusion
improves the localization results more significantly on
the benchmark datasets than on the synthetic datasets.
The reason for this can be explained as follows. On one
hand, the number of the benchmark datasets is too
small to extract discriminative feature of splicing. The
low-level feature may supply more useful information for
discriminating splicing to make up for the shortcomings

Authorized licensed use limited to: Universidade de Macau. Downloaded on July 02,2022 at 09:59:58 UTC from IEEE Xplore. Restrictions apply.
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47.26/64.10

68.29/81.16

spliced image

88.13/93.69 98.93/99.46

Fig. 4. Localization results of different schemes (IoU/F1-score (%)). The first column represents spliced images; the second to the sixth columns represent
the localization maps obtained by Scheme 1, Scheme 2, Scheme 3, Scheme 4 and the proposed method, respectively; the last column is the corresponding

ground-truth mask of the first column. The best results are highlighted in bold.

of insufficient samples in benchmark datasets. On the
other hand, for the synthetic datasests, the number of
synthetic datasets is more abundant, the model can get a
relatively high localization rate, so the low-level feature
fusion contributes less for the synthetic datasets than for
the benchmark datasets.

o Multi-Task Loss Function: Comparing Scheme 4
with Scheme 3, it is evident that the loss
L:label_mask + »Clabel_edge outperforms the loss »Clabel_mask
by 2.9%/2.75% and 1.22%/0.73% in IoU/F1-score on
the benchmark datasets and the synthetic datasets,
respectively. Comparing Scheme 2 with Scheme 4,
we can see that loss clabclfmask +£labclfcdgc +£imagcfcdgc
can further improve the localization performance
by taking the edges of images into account.
Scheme 2 outperforms Scheme 4 by 0.85%/1.23%
and 0.84%/0.60% in IoU/F1-score for the benchmark
datasets and the synthetic datasets, respectively. The
effectiveness on the localization results of the multi-task
loss can be interpretated in two aspects: first, the mask
edges (i.e., the edges between the spliced and host
regions) can be a remarkable characteristic of the spliced
region, hence they can facilitate the localization of
spliced regions; second, the edges of the whole image
can supervise the network to learn more accurate image
edges and further improve the performance of the mask
edge localization.

o Squeeze and Excitation Attention Module: Compared
with Scheme 2, the proposed method adds SEAMs after
the low level-feature fusion, and obtains the best per-
formance. The IoU/F1-score with SEAMs outperforms
Scheme 2 by 7.31%/6.19% and 0.55%/0.38% for the
benchmark datasets and the synthetic datasets, respec-
tively. This result can be explained below. First, the
feature maps obtained by fusing spatial low-level feature

and the channel-wise up-sampled feature are coarse for
localizing the spliced regions. So the fused maps are not
suitable to transmit to the next layer directly. Second,
SEAMs guide the network to pay more attention to the
spliced regions under the supervision of the given ground-
truth. Last but not the least, an SEAM is comprised of
a lightweight gating mechanism, which can enhance the
feature expression by explicitly modeling the interdepen-
dencies between channels.

Fig. 4 presents some localization maps of the above-
mentioned schemes. Comparing the second column with the
third column, we find that the low-level feature fusion can
significantly improve the localization results. The comparisons
among the fourth, the fifth and the third columns reveal
that both the mask edges and the image edges provide
stronger supervision for the splicing localization task. Fur-
thermore, comparing the sixth column with the third column,
it is seen that the scheme with SEAMSs achieves evident
improvements over the scheme without SEAMs. As depicted
in the third and the sixth columns in Fig. 4, the results
(the sixth column) obtained with SEAMs are of lower false
positive rates than those (the third column) obtained without
SEAMs.

To investigate the effectiveness of different attention mech-
anisms and different types of FAL on splicing localization,
we make an experimental comparison, which is reported in
Table III. In the “FAL” row of Table III, “Without” denotes
that the feature maps from the edge-guided stream are directly
concatenated with those from the label mask stream without
using FAL; “Conv” denotes the FAL implemented with a
single 1 x 1 convolution unit; and “Res_block” denotes the
FAL implemented with a Res-Net block. Note that all these
experiments are performed with low-level feature fusion and
multi-task loss.

Authorized licensed use limited to: Universidade de Macau. Downloaded on July 02,2022 at 09:59:58 UTC from IEEE Xplore. Restrictions apply.



4836

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 32, NO. 7, JULY 2022

TABLE III

EFFECT OF DIFFERENT ATTENTION MECHANISMS AND DIFFERENT TYPES OF FAL ON SPLICING LOCALIZATION (IOU/F1-SCORE (%));
THE BEST RESULTS ARE HIGHLIGHTED IN BOLD

Attention mechanism CBAM
SEAM v v v
Without v
FAL Conv 4
Res_block v
Benchmark datasets ~ 61.20/67.84  60.11/68.29  65.70/71.53  69.34/74.91
Dataset Synthetic datasets 94.20/96.79  93.71/96.53  94.51/97.01 94.64/97.09
Average 92.49/95.29  92.02/95.07  93.02/95.69  93.32/95.94
TABLE IV
LOCALIZATION RESULTS OF COMPARED METHODS ON DIFFERENT DATASETS (IOU/F1-SCORE (%)); THE BEST RESULTS ARE HIGHLIGHTED IN BOLD
Methods MFCN CNN_LSTM  SGN_CRF RRU-Net ManTra-Net HLED DenseFCN Proposed
Dataset [26] [33] [27] [35] [36] [34] [37]
Columbia 52.90/62.22  15.36/27.48  17.22/25.60 66.93/73.14  32.80/47.18  17.52/27.03  23.12/32.29  86.70/91.00
CASIAL 34.02/42.27  30.91/43.12 9.75/16.64  42.64/48.14  13.87/22.59 18.61/26.93  12.54/17.35  59.24/66.69
Benchmark datasets CASIA2 30.43/37.55  10.56/16.66 9.09/14.50  47.52/53.33  12.61/20.09  13.35/19.40 6.88/9.83 71.39/76.53
Carvalho 21.50/32.11  16.87/27.78  13.56/23.37 17.96/24.74  20.17/32.51  9.32/16.08  16.38/27.11  25.13/35.26
Average_Benchmark | 32.37/39.93  14.15/21.77 9.93/1591  47.36/53.18 15.62/19.37  14.32/20.99  9.91/10.75  69.34/74.91
Spliced_NIST 73.54/83.18  28.98/40.93  30.91/43.12 85.93/91.11 33.33/46.08 61.34/73.33  67.40/75.13  93.80/96.56
Synthetic datasets Spliced_Dresden 77.91/86.71  37.54/51.34  38.97/52.85 88.34/93.20 33.75/47.16  66.28/77.98  77.04/83.78  94.95/97.29
Average_Synthetic 76.71/85.74  35.20/48.49  36.76/50.19  87.68/92.63  33.63/46.86  64.93/76.71 74.40/81.41  94.64/97.09
Average 74.42/83.37  34.11/47.11  35.37/48.41 85.59/90.59 32.70/45.44  62.31/73.82 71.06/77.75 93.32/95.94

From the third and sixth columns in Table III, it can be seen
that the network with SEAM outperforms that with CBAM
by 8.14%/7.07% and 0.44%/0.30% in terms of IoU/F1-score
on the benchmark and the synthetic datasets, respectively.
This may be due to that the spatial attention in CBAM may
degrade the discriminability of the feature maps to some
degree. On the contrary, SEAM can adaptively recalibrate the
discriminative features and improve the discriminability of the
fused feature maps. Comparing the fourth, fifth, and sixth
columns, we see that the FAL implemented with Res-block
achieves the best localization results in all test cases. The
underlying reason for this result can be explained as follows.
First, the feature maps from the edge-guided stream are of
some interference to the label mask stream. Thus, these feature
maps are not suitable to be directed concatenated with those
from the label mask stream. Second, the FAL implemented
with a single convolutional unit can filter out some interference
and improve the splicing performance to some extent. How-
ever, the convolution based FAL will cause more information
loss. Third, the Res-block based FAL could filter out the
interference through its convolution unit path and retain the
important information of the features through its identity
path.

Based on the above observations from our experimental
comparisons, it can be concluded that the four components
designed in the proposed network (i.e., the low-level feature
fusion, the multi-task loss learning, SEAMs, and the Res-block
based FALs) can indeed improve the performance of splicing
localization.

2) Comparison With Existing Methods: The proposed
method is compared with existing splicing localization meth-
ods introduced in IV-A.2. The splicing localization results
on different datasets are shown in Table IV, the “Aver-
age_Benchmark™ and the “Average_Synthetic” represent the
average results on the benchmark datasets and the synthetic
datasets, respectively. It can be observed from Table IV
that the proposed method achieves an average IoU/F1-score
of 93.32%/95.94%, which is 7.73%/5.35% higher than the
second-best method, i.e., RRU-Net.

Fig. 5 shows some localization maps of the compared
methods. From Fig. 5, we can see that MFCN [26] can
roughly localize the spliced regions but with lower IoU and
F1-score. The localization results of CNN_LSTM [33] and
SGN_CREF [27] show apparent block artifacts due to that both
the two methods process images in blocks. The localization
maps of ManTra-Net [36] are very coarse with a high false
negative rate. HLED [34] can only successfully identify a
small part of spliced regions. DenseFCN [37] wrongly localize
extra objects as spliced regions. RRU-Net [35] detects the
spliced regions quite well on the whole, whereas, the edges of
the spliced regions are not well localized. The proposed multi-
task SE-Network can accurately localize almost all the spliced
regions, it outperforms all the compared methods in both IoU
and Fl-score. Especially, the proposed method obtains the
most accurate spliced edges among all the compared methods.

3) Robustness Against Post-Processing: To conceal the
traces of splicing, the forged images may be manipulated by
some post-processing operations. Next, we will investigate the
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and the proposed method, respectively; the last column is the corresponding ground-truth mask of the first column. The best results are highlighted in bold.

robustness of the proposed method against several common
post-processing operations. The spliced images for testing
are separately JPEG compressed, scaled, Gaussian filtered
and sharpened with the parameters introduced in IV-A.l,
and then tested with the models trained using the spliced
images without post-processing. In the experiments, we adopt
MFCN [26], DenseFCN [37] and RRU-Net [35]) for com-
parison, since these methods are the top three in terms of
localization accuracy among the compared methods intro-
duced in IV-B.2. The Fl1-scores obtained with different meth-
ods against several post-processing operations are shown
in Fig. 6, from which the following observations can be
obtained:

o Robustness Against JPEG Compression: Spliced images
may be processed by JPEG compression to alleviate the
inconsistencies between the spliced regions and the un-
tampered regions. Fig. 6(a) illustrates that DenseFCN [37]

is less sensitive to JPEG compression, but its overall
localization results are not satisfactory. With QFs decreas-
ing, the localization results of the other three tested
methods degrade to some extent. While the proposed
method obtains the best localization results among all the
compared methods.

o Robustness Against Image Scaling: In practice, spliced
images may undergo image scaling. Fig. 6(b) shows
the Fl-scores obtained with different methods with the
variation of SFs. It is seen that these four methods can
resist image scaling to some extent, but the proposed
method outperforms the other methods in all the test
cases. It can also be seen that when SF < 1, the
localization results degrade obviously with the decreasing
of SFs; when SF > 1, the localization results change
little with the increasing of SFs. The reason for this may
be due to that scaling down degrade the quality of images
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(a) Robustness results against JPEG compression
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scaling; (c) Robustness results against Gaussian filtering; (d) Robustness results against image sharpening.

seriously, while scaling up can retain the splicing traces
in images.

o Robustness Against Gaussian Filtering: Gaussian filtering

is commonly used to smooth the edges of spliced images.
Fig. 6(c) demonstrates that the results of the four methods
are sensitive to Gaussian filtering. With the increase of
the standard deviation of Gaussian filter, the localization
results obtained by the proposed method degrade more
slowly than those by the other three methods. Hence,
it can be concluded that the proposed method is more
robust against Gaussian filtering.

o Robustness Against Image Sharpening: Image sharpening

is also commonly used for post-processing. Fig. 6(d)
shows that, except for DenseFCN, the localization results
of the other three methods vary little with the increase of
the strength parameter. Moreover, it is obvious that the
proposed method outperforms all the compared methods
significantly.

According to the above experimental results, we can see
that the proposed method is more robust against image scaling
and image sharpening, and less robust against JPEG com-
pression and Gaussian filtering. A possible explanation for
this is that, for image post-processing operations like image
scaling and image sharpening, the image contents will not
change too much, so the splicing traces are well retained.
On the contrary, JPEG compression and Gaussian filtering
degenerate image details too much, hence the splicing traces
are weakened. Whereas, the proposed method achieves the
best localization results among all the compared methods.
In conclusion, the proposed method is robust against these
common post-processing operations.

V. CONCLUSION

In this paper, a novel multi-task SE-Network consisting of
an edge-guided stream and a label mask stream has been
proposed for splicing localization. First, a multi-task loss
is designed by taking label masks, mask edges, and image
edges into consideration to improve the localization rate of

the spliced edges. The mask edges and the image edges can
supply abundant supervision on the spliced region. Second,
to provide more reliable feature of splicing, the low-level
feature maps generated from shallow layers are fused with
the high-level features from deep layers in the decoder.
Finally, SEAMs are incorporated into the multi-task network
to recalibrate the fused feature maps. The feature maps in
different channels are reweighted to make the model focus
on the spliced traces. The ablation studies have verified the
effectiveness of each component of the network. Experimental
results on two synthetic splicing datasets and four benchmark
datasets have shown that the proposed multi-task SE-Network
achieves the best performance among the compared splic-
ing localization methods. Moreover, the proposed method
has turned out to be robust against various post-processing
operations.

Although the proposed method outperforms existing splic-
ing localization methods, its generalization ability needs to
be further improved. This limitation results in that the perfor-
mance of splicing localization on small datasets, such as Car-
valho dataset, is not satisfactory. To overcome the limitation,
improvements should be made in the following two aspects in
our future work. First, by means of few-shot learning, we train
a transformer that can learn the variations among samples,
and then implement data augmentation with the transformer.
Second, we use embedding learning to map the samples to
a low dimensional space to reduce the hypothesis space, and
then obtain the approximate solution of the model under the
hypothesis space with a small number of samples. In addition,
to further enhance the localization accuracy, we will investi-
gate some other effective losses that can provide more useful
supervision information.
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