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Abstract
Advanced image processing techniques can easily edit images without leaving any visible
traces, making manipulation detection and localization for forensics analysis a challenging
task. Few studies can simultaneously locate tampered objects accurately and refine contours
of tampered regions effectively. In this study, we propose an effective and novel hybrid
architecture, named Pixel-level Image Tampering Localization Architecture (PITLArc),
which integrates the advantages of top-down detection-based methods and bottom-up
segmentation-based methods. Moreover, we provide a typical fusion implementation of our
proposed hybrid architecture on one outstanding detection-based method (two-stream faster
region-based convolutional neural network (RGB-N)) and two segmentation-based methods
(Multi-Scale Convolution Neural Networks (MSCNNs) and Dual-domain Convolutional
Neural Networks (DCNNs)) to evaluate the effectiveness of the proposed architecture.
The three methods can be integrated into our proposed PITLArc to significantly improve
their performance. Other detection and segmentation algorithms (not limited to the three
aforementioned methods) can also be integrated into our architecture to improve their
performance. Moreover, a Dense Conditional Random Fields (DenseCRFs)-based post-
processing method is introduced to further optimize the details of tampered regions.
Experiments validate the effectiveness of the proposed architecture.
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1 Introduction

With the development of image processing techniques, the content of images can be eas-
ily modified without leaving any visual traces, making tampering detection for forensics
analysis a critical issue.

Compared with determining whether an image has been tampered with, researchers are
more concerned about detailed tampered regions [19]. Various methods have been proposed
to localize tampered regions in an image. Methods for detecting double compression [6, 7,
21] are only effective in JPEG images. Some studies localize tampered regions on the basis
of blur inconsistency traces [2, 17], however, such methods will be ineffective if there is no
motion blur in the detected image. Photo Response Non-Uniformity (PRNU)-based meth-
ods [9, 11] use PRNU patterns to separate tampered regions, however, the PRNU pattern of
a camera can only be obtained by capturing numerous images using the camera, which is
impractical in most scenarios. Color Filter Array (CFA)-based methods [13, 14] and noise–
based methods [24, 25] are not as accurate as deep learning-based methods [4, 29, 34] in
locating tampered regions.

The extensive use of deep learning tools has recently promoted the development of
image tampering detection and localization techniques, such as Convolutional Neural Net-
works (CNNs) [5, 10, 22, 30, 32, 34], autoencoder [31, 33] and Long Short-Term Memory
(LSTM) [3, 4]. Algorithms for tampering localization are generally divided into two cate-
gories: (1) detection-based methods at the region level and (2) segmentation-based methods
at the pixel-level.

Motivated by the efficient classification performance of CNNs, top-down object detec-
tion network has been extended to image manipulation detection tasks. Zhou et al. [34]
recently proposed a state-of-the-art two-stream faster region-based convolutional neural
network (RGB-N) for manipulation detection. However, the obtained region proposals are
affected by multiple scales of tampered objects and various backgrounds in an image, and
thus cannot sufficiently cover all tampered areas, leading to high missed detection rates.
Moreover, such methods generally lack details even if they can accurately localize tampered
objects at the region level.

Fully Convolutional Network (FCN) [23] and its subsequent models, U-Net [28], Seg-
Net [1] and DeepLab [8], are proposed for semantic segmentation and have significantly
improved the segmentation accuracy. However, these networks segment an image on the
basis of semantic information instead of unnatural tampered boundaries, thus they cannot
effectively localize tampered regions.

In bottom-up segmentation-based tampering localization networks, tampered edges can
be obtained with high confidence on the basis of the discontinuity of neighboring pixels.
Recent studies, such as that of Bappy et al. [3], propose a LSTM-based network for local-
izing tampered objects and they improved their work in subsequent research [4]. Salloum
et al. [29] adopt modified FCN [23] to predict tampered regions. A tampering localization
method [22] proposed recently depends on Multi-Scale CNNs (MSCNNs) to achieve pixel-
level accuracy. Inspired by MSCNNs, the Dual-domain CNNs (DCNNs) [30] is established
to derive highly comprehensive information. However, local noises in the background lead
to high error rates for these segmentation networks.

Several shortcomings generally arise behind the elaborate design of the above two
strategies. Our work aims to refine these two kinds of networks.
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2 Preliminaries

We propose an effective and novel image manipulation localization framework that inge-
niously utilizes the mutual promotion and complementarity of detection and segmentation
methods to solve the above problems and subsequently improve the integrity and accu-
cacy of pixel-level tampering localization . We verify our strategy in this study with those
of three outstanding studies [22, 30, 34], which represent the typical idea of most tamper-
ing detection algorithms. We introduce the strategies into the proposed framework to prove
the effectiveness of our algorithm. Other similar manipulation localization algorithms (i.e.,
not limited to what we use) that refer to the abovementioned detection and segmentation
strategies can be integrated into our framework to improve their performances. For illustra-
tive purpose, we will review the three studies mentioned above for the preliminaries of our
experiment.

In many image manipulation cases, people often splice a complete object from one
image to another, which allows a tampered object to have complete semantic information.
Detection networks in computer vision can well recognize these objects. Thus, the tam-
pering localization problem is easily converted into a target detection problem. Among all
the object detection networks, faster region-based convolutional neural networks (Faster-
RCNN) [27] is widely used for its high accuracy and end-to-end working mode. Zhou
et al. [34] (BaselineN1) aimed to learn rich tampering features in an image by fusing
visual features and local noise features. They proposed a two-stream Faster-RCNN to detect
tampered areas in a given image. The RGB stream extracts features in RGB channels.
However, color images contain numerous semantic information and excessive semantic
information will sometimes mask tampering traces (e.g. color contrast and inconsistencies
of boundaries). Moreover, some tampered images may have undergone a series of elabo-
rate post-processing, which hides the splicing boundaries and reduces the contrast between
pristine and tampered regions. As such, relying only on features in the color channel cannot
sufficiently track all tampering traces. A noise stream is then proposed to exploit Spatial-
domain Rich Model (SRM) [15] and find noise inconsistencies, SRM is a set of features
able to reveal unobvious traces leaving by steganography or forgery, which is widely used
in steganalysis and forgery detection. Bilinear pooling [16, 20] is used to obtain richer fea-
tures by fusing the two streams. The limitations of BaselineN1 are poor concentration on
small tampered regions and not all tampered objects are covered by region proposals, both
of which seriously increases the missed detection rate. In contrast to generating several
rectangular tampering areas in the top-down detection algorithm BaselineN1, the bottom-
up semantic segmentation is introduced into the tampering localization tasks to refine the
tampered boundaries. An image tampering localization method that has been proposed
recently as BaselineN2 [22] uses multi-scale convolutional neural networks (MSCNNs)
with pixel-level accuracy. In order to exploit features in different scales, patches of five
sizes are extracted in a sliding-window manner to generate five possibility maps that can be
fused into the final possibility map. Inspired by MSCNNs, the dual-domain convolutional
neural networks (DCNNs) [30] (BaselineN3), which is another sliding-window-and-patch-
based method, is proposed to derive highly comprehensive information in images. The
DCNNs consists of a spatial domain sub-network (SCNN) to process the correlation fea-
ture extracted from the RGB color channel, and a frequency domain sub-network (FCNN)
to process the three-level daubechies-based discrete wavelet transform (DWT) feature in
the frequency domain. Although the segmentation network can reach pixel-level accuracy,
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it tends to misclassify pristine pixels as tampered ones due to the lack of information of the
whole image in each patch. As such, bottom-up segmentation methods generally have lower
accuracies than top-down detection methods.

In this study, we propose a hybrid architecture, named Pixel-level Image Tampering
Localization Architecture (PITLArc), to take advantage of the complementary character-
istics of the top-down and the bottom-up strategies. Compared with other state-of-the-art
methods, PITLArc can improve the accuracy of pixel-level manipulation localization by a
large margin. Our contributions can be summarized as follows.

1. We propose a novel hybrid architecture PITLArc for accurate tampering localization.
More importantly, existing detection and segmentation networks can be integrated into
our multitask hybrid architecture to improve their performance: Our proposed archi-
tecture, including the detection, the segmentation the fusion parts, takes advantage of
two types of tampering localization networks to achieve accurate localization at the
pixel-level (Fig. 1).

2. We propose a pixel-wise possibility map, namely truncated possibility map, to reduce
the false alarm rate and improve localization accuracy: The proposed possibility map
retains only the tampering possibility of pixels inside the detection bounding boxes.
Such process can exclude many untampered regions, thus significantly reducing the
false alarm rate and improving localization accuracy.

3. We provide a typical high-quality implementation on three outstanding studies to val-
idate the effectiveness of the proposed PITLArc: The typical implementation of two
stream detection and segmentation networks is adopted to evaluate the effectiveness of
the proposed architecture. Our architecture can output high-quality image manipulation
localization and the fusion strategy in our method is efficient.

4. We apply Dense Conditional Random Fields (DenseCRFs) [18] as our post-processing
method to further improve localization accuracy: Although the outline of the tampered
area is converted from a rectangle to a curve after fusion, numerous details remain
unclear. A DenseCRFs-based post-processing operation is applied to the generated
truncated possibility map for further improvement.

Detection Part detection bounding 
box map

segmentation 
possibility map

guided region 
proposals

enriched region 
proposalsinput image

enriched bounding 
box map

direct predicted 
mask

segmentation 
predicted mask

Segmentation Part

Fusion Part

Refinement
Section 

CRFs predicted 
mask

raw region 
proposals 

truncated 
predicted mask ground truth

Fig. 1 Overall framework of PITLArc. Block in orange(outputs are enriched region proposals), yel-
low(output is truncated possibility map) and red(output is CRFs predicted mask) dashed line are our first
fusion, second fusion and final output
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3 Proposedmethod

AsDetection Part in PITLArc, detection-based methods is used to generate multiple region
proposals to approximately locate tampered regions. As Segmentation Part in PITLArc,
segmentation-based methods is used to generate pixel-level tampering spatial attention. The
Fusion Part in PITLArc has two stages. In the first stage, raw region proposals in the
detection part are supplemented with segmentation predicted mask to fully cover tampered
regions. In the second stage, an accurate region-level enriched bounding box map is used
as a constraint to eliminate non-tampered areas in segmentation possibility map. The rich
details of segmentation possibility map can then refine the edges of the enriched bound-
ing box map, generating the critical truncated possibility map. In our Refinement Section,
one DenseCRFs-based post-processing operation is applied to the truncated possibility map
using the information of the RGB image to further improve localization accuracy. The
proposed PITLArc (Fig. 1) is described in detail in the following subsections.

3.1 Detection part

In our implementation, RGB-N is used as the basic network (baselineN1) for the detec-
tion part (network for detection part is not limited to RGB-N). First, we extract features
in the RGB channels to generate and select region proposals through the Region Proposal
Network (RPN). Simultaneously, we introduce noise features as auxiliary clues to improve
the localization accuracy and we use spatial-domain rich model (SRM) [15] filter to extract
local noise features. Similar to a recent work on image tampering classification [12], noise
is modeled by the residual between each pixel and its neighboring pixels. Lastly, we use
compact bilinear pooling [16] to fuse RGB features with noise features to obtain strong
features. Bilinear pooling is defined as:

B(l, I, Fcolor , Fnoise) = Fcolor (l, I )T Fnoise(l, I ) (1)

where l is the location, and I is the input image. Fcolor and Fnoise denote the feature map
in the RGB channel and the noise channel respectively.

Then, the region proposals are sent to the second stage of the detection-based network
for further classification.

We use cross-entropy loss to classify tampered areas and smooth L1 loss to obtain
accurate rectangular boxes. The overall loss function is:

L = LRPN + Lcls(Fcolor , Fnoise) + Lreg(Fcolor ) (2)

where Lcls , Lreg and LRPN are cross-entropy classification loss, bounding box regression
loss and RPN loss respectively.

3.2 Segmentation part

In our implementation, we introduce MSCNNs as baselineN2 and DCNNs as baselineN3
for the segmentation part (network for segmentation part is not limited to MSCNNs or
DCNNs). The output of the part is segmentation possibility map, which can be binarized as
segmentation predicted mask.
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3.2.1 MSCNNs (baselineN2)

The network exploits the features from 5 different patch sizes to train 5 CNNs, and the out-
comes of these CNNs are fused into one possibility map. First, we need to extract patches
from images. For each forged image, patches with fixed sizes are extracted by using a slid-
ing window with a step size of 8. Each patch is marked with a label. Patches with tampered
regions that range from 10% to 90% are labeled fake, mainly because this kind of patches
can learn the inconsistency between pristine and manipulated regions. Patches without any
manipulated pixels are labeled pristine. Considering that tampered regions differ signifi-
cantly in all tampered images, we can extract thousands of patches from some images and
extract only a few from the others. We set a patch threshold T to avoid overfitting in the
training process. In this manner, if more than T pristine or fake patches are extracted from
one image, then we randomly choose T for training.

Then all the patches are fed into a binary-classification CNN to judge whether they
are manipulated. In MSCNNs, SRM kernels are also used to strengthen color contrast and
inconsistencies of the boundaries. Different from baselineN1 in the detection part, we use
all 30 SRM kernels in [32] to initialize the MSCNNs.

In the testing phase, firstly, image patches are obtained in the same manner as that in the
training phase. Secondly, the binary-classification CNN trained in the training phase will be
used to calculate the tampering possibility of each image patch. Then, with the tampering
possibility of all patches extracted in an input image R, we will obtain the tampering possi-
bility map M of the image R. In the tampering possibility map M , the value of each pixel
mij equals the tampering possibility of the corresponding pixel rij in image R. mij can be
calculated as:

mij =
∑K

n=1 Pn

K
(3)

where K denotes the number of patches which contain pixel (i, j), P1, P2, ..., PK denote
the tampering possibility of the K patches which contain pixel (i, j). Please notes that there
exist some pixels which no patch contains, the tampering possibility of these pixels can not
be calculated by (3) because the denominator of (3) equals 0, in this case, the tampering
possibility of these pixels will be set as the tampering possibility of their closest pixels
which can be calculated by (3).

3.2.2 DCNNs (baselineN3)

The pixel-level possibility map will be more accurate if we use information from vari-
ous aspects. MSCNN uses only the features of the spatial domain to train the CNNs. We
improve the performance of the network with features in different domains to obtain more
comprehensive information for each patch.

The DCNNs consists of SCNN to process the correlation features extracted from the
RGB color channel and FCNN to process the three-level Daubechies-based DWT feature
in the frequency domain. The outputs of the two layers are fused and used as a joint input
to the classification module. As previously mentioned, we first convert 64 × 64 patches
generated in an image (the patch generation method is the same as the MSCNN) into the
YCbCr color space and decompose each channel with three levels of DWT. In each level
of DWT composition, three different subbands are produced in three directions: horizontal,
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vertical, and diagonal. Then, 10 subband coefficient matrices are obtained by multi-level
wavelet decomposition. For each subband, seven statistical features are calculated:

f =< μ, σ, ξ, E, Con, Im, Idm > (4)

μ = 1

MN

M∑

i=1

N∑

j=1

p(i, j) (5)

σ =
√
√
√
√ 1

MN − 1

M∑

i=1

N∑

j=1

|p(i, j) − μ| (6)

ξ =
M∑

i=1

N∑

j=1

p2(i, j) (7)

E = −
M∑

i=1

N∑

j=1

p(i, j)log(p(i, j)) (8)

Con =
M∑

i=1

N∑

j=1

(i − j)2p(i, j) (9)

Im =
M∑

i=1

N∑

j=1

1

|i − j |p(i, j) (10)

Idm =
M∑

i=1

N∑

j=1

1

1 + (i − j)2
p(i, j) (11)

where μ denotes the mean, σ denotes the variation, ξ denotes the energy, E denotes the
discrepency, Con denotes the sharpness, Im denotes the changes level, Idm denotes the
homogeneity, M and N denote patch size and p(i, j) denotes the pixel value of each
subband.

In summary, with 3 color channels, 4 Daubechies-based DWT families, 10 subbands,
and 7 statistics, we have derived a 840 dimensional feature which are then used to train the
FCNN.

3.3 Fusion part and refinement section

We validate the effectiveness of the proposed method in terms of utilizing the cooperation of
two strategies to achieve a highly accurate and efficient tampering localization at the pixel
level.

3.3.1 First fusion

Detection-based methods can effectively capture image content rather than unnatural edges.
Furthermore, we observe that when there is a stark contrast between tampered area and its
surroundings, detection-based methods can accurately locate these areas. But if a tampered
regions have similar brightness or chroma as its surroundings, detection-based methods will
perform poorly.

We derive hundreds of region proposals in the first stage of detection-based networks.
However, as mentioned in the previous paragraph, several tampered regions will be excluded
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in the raw region proposals. In PITLArc, a rectangular boundary is added to each con-
nected part in the segmentation predicted mask as guided region proposals to enrich the raw
region proposals generated by detection-based networks. Then, the enriched region propos-
als are sent to the second stage of the detection-based networks when conducting further
localization and classification.

3.3.2 Second fusion

In segmentation methods, given that tampering possibility of each patch in an image is cal-
culated separately without connection to other parts of the image, the tampering possibility
is easily influenced by local noises. Thus, the segmentation-based methods may misclas-
sify some pristine areas as tampered. Unlike segmentation-based methods, detection-based
methods calculate tampering possibility of bounding boxes on the basis of entire image
content, thus the methods can locate tampered regions more accurately at the region level.

In PITLArc, segmentation possibility map is constrained by enriched bounding box map
to generate truncated possibility map. In the segmentation possibility map, each region is
a suspected tampered region; the enriched bounding box map is composed of several rect-
angular areas. The suspected tampered regions in the segmentation possibility map are
constrained by enriched bounding box maps from the entire map to the rectangular areas
in an enriched bounding box map. With the help of enriched bounding box map which can
accurately locate tampered area, the suspected tampered regions are reduced from the entire
image (in segmentation possibility map) to a few precise rectangular areas (in truncated
possibility map), thus significantly improving localization accuracy. For truncated possibil-
ity map, the regions outside enriched bounding box map are all considered pristine and the
tampering possibility of each pixel inside the enriched bounding box map is the same as
that in segmentation possibility map.

3.3.3 Refinement section

If we directly binarize truncated possibility map on the basis of a threshold, the predicted
mask (direct predicted mask) will generally lack details. DenseCRFs can refine the details of
predicted mask on the basis of mutual information between neighboring pixels in the RGB
channel. Therefore we choose DenseCRFs as our post-processing tool to further improve
localization accuracy.

DenseCRFs needs RGB image and its tampering possibility map as input. Through
analyzing semantic information in RGB image and tampering information in tampering
possibility map, DenseCRFs will produce a binary mask(CRFs predicted mask) indicating
which pixels are tampered and which pixels are pristine.

We use PyDenseCRFs [26] as the specific DenseCRFs implementation.

4 Experiment

4.1 Implementation detail

We apply TensorFlow to build the whole network, including network in the Detection
Part, the Segmentation Part, and the Fusion Part . The four anchors for detection are set
to {8, 16, 32, and64}, and the perspective ratios are{1 : 2, 1 : 1, and2 : 1}. For multi-
scale segmentation, we use {16, 24, 32, 48, and64} patch sizes in the CASIA2.0 dataset
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and {32, 48, 64, 96, and128} patch sizes in the other datasets. Furthermore, we extract the
DWT feature and normalize all the 840 features to allow the network to converge easily.
All subnetworks are first trained separately with the coco synthetic dataset as proposed in
[34], and all weights and biases are initialized with the Xavier initializer and the zero ini-
tializer, respectively. The batch sizes are set to {3000, 2000, 1000, 800, and600}. We apply
the momentum optimizer to decrease the loss, and we use a fixed momentum that is set to
0.9. Then, all pre-trained subnetworks are further fine-tuned in 45000 iterations simultane-
ously, and the initial learning rate equals to 0.001. The learning rate decreases by 0.1 every
15000 iteration.

4.2 Evaluationmetrics

Three evaluation metrics (F1 score(F1), Matthews Correlation Coefficient(MCC) and pixel-
level accuracy(ACC)) are used to evaluate the proposed method. F1 is a reliable measure in
binary classification even if the two classes are imbalanced, the value of F1 is between 0 and
1 and a higher value means more accurate classification; MCC is another reliable measure
in binary classification even if the two classes are imbalanced, the value of MCC is between
-1 and 1 and a higher value means more accurate classification; ACC is a simple measure in
binary classification, the value of ACC is between 0 and 1 and a higher value means more
accurate classification.

P = T P

T P + FP
(12.1)

R = T P

T P + FN
(12.2)

F1 = 2PR

P + R
(12.3)

MCC = T P × T N − FP × FN√
(T P + FP)(T P + FN)(T N + FP)(T N + FN)

(12.4)

ACC = T P + T N

T P + T N + FP + FN

where TP denotes the number of pristine pixels classified as pristine, FP denotes the num-
ber of manipulated pixels classified as pristine, FN denotes the number of pristine pixels
classified as manipulated and TN denotes the number of manipulated pixels classified as
manipulated. In the segmentation part, we set 0.5 as the possibility threshold for the binary
classification. In the detection part, we use various thresholds and select the highest F1score
(or MCC, ACC), which is consistent with that in [34].

4.3 Datasets

Four datasets (CASIA2.0, COVER, Columbia and NIST16) are used to evaluate the pro-
posed method. In the detection-based methods, the networks are first pretrained separately
on the coco synthetic dataset [34]; in the segmentation-based methods, we do not pretrain
the networks.
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4.3.1 CASIA2.0

CASIA2.0 is a dataset with more than 5000 images. Most of the images in CASIA2.0
are spliced, while the others are copy-move tampered. The images in CASIA2.0 are post-
processed with blurring, smoothing, and jpeg compression. The resolution of CASIA2.0
images is somewhat low, making it difficult to detect tampered regions.

Mask is not available in CASIA2.0. Thus, we compare the tampered images with its
original images to acquire the masks.

4.3.2 COVER

COVER is a small dataset with only 100 images. All the images in COVER is copy-move
tampered and the mask is available.

4.3.3 Columbia

All images in the Columbia dataset are spliced in high resolution and the mask for each
image is provided.

4.3.4 NIST16

NIST16 is a high-resolution dataset, and many images in the dataset are post-processed to
conceal the visible spliced boundaries, which makes the tampered traces difficult to detect.

4.3.5 Datasets Splitting

The dataset splitting is shown in Table 3. For CASIA2.0, COVER, and NIST16, we ran-
domly choose 75% images for training and 25% for testing. For the Columbia dataset, we
use all the images for testing.

4.4 Performance analysis

The aim of the performance analysis is to validate our fusion strategy based on experimental
results and visual comparison.

As shown in Tables 1 and 2, our fusion strategy outperforms all three baseline methods
and MFCN [29].

Pixel-level accuracies for NIST16 dataset are: 0.9480 (LSTM-EnDec [4]), 0.9424
(PITLArc). PITLArc is comparable with LSTM-EnDec in terms of pixel-level accuracy.

4.4.1 Improvement for detection

Tables 1 and 2 show that the results of the proposed fusion methods are better than the
results of the detection-based method baselineN1, that is mainly because (1)pixel-level
segmentation-based methods can refine the contours of the generated bounding boxes by the
detection-based methods. (2)the guided region proposals added to the raw region proposals
can help retrieve some neglected tampered regions.

In Table 1, it can be seen that the proposed fusion method improves the F1 score in
NIST16 dataset of detection-based method baselineN1 from 0.6286 to 0.7215.
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Table 2 Performance evaluation via MCC

Methods

Datasets
CASIA2.0 COVER Columbia NIST16

Faster-RCNN(BaselineN1) [34] 0.4333 0.4796 0.6039 0.6349

MSCNNs(BaselineN2) [22] 0.3856 0.3679 0.1151 0.5537

DCNNs(BaselineN3) [30] 0.4050 0.4131 0.1498 0.6627

MFCN [29] – – 0.4792 0.5703

Our HybridArch{1+2} 0.5203 0.5669 0.5747 0.6846

Our HybridArch∗{1+2} 0.5476 0.5613 0.6384 0.6908

Our HybridArch{1+3} 0.5022 0.5790 0.6069 0.7241

Our HybridArch∗{1+3} 0.5259 0.5731 0.6751 0.7279

The * means with DenseCRFs post-processing

4.4.2 Improvement for segmentation

As shown in Tables 1 and 2, the proposed fusion method has improved the localization
performance of segmentation-based method baselineN2 and baselineN3, that is because
segmentation-based methods are easily influenced by local noises and thus tend to misclas-
sify pristine areas as tampered, and the detection-based methods can constrain the suspected
tampered regions in segmentation possibility map generated by segmentation-based meth-
ods and thus can reduce the false alarm rate.

In Table 1, it can be seen that the proposed fusion method improves the F1 score in
Columbia dataset of segmentation-based method baselineN2 from 0.4391 to 0.6837.

4.4.3 Improvement in DenseCRFs

As shown in Tables 1 and 2, the DenseCRFs can further improve the F1 score and MCC,
that is because DenseCRFs can utilize semantic information in input RGB image to refine
the detail of the predicted mask.

In Table 1, it can be seen that the proposed fusion method improves the F1 score in
Columbia dataset of Our HybridArch∗{1+3} from 0.7058 to 0.7550 (Table 3).

4.4.4 Computing time

The average computing time for CASIA2.0 dataset are as follows: 0.293 s (RGB-N), 3.522 s
(MSCNNs), 22.260 s (DCNNs), 0.005 s (Fusion1), 0.006 s (Fusion2), 0.302 s (DenseCRFs).
The average computing time for COVER dataset are as follows: 0.343 s (RGB-N), 5.424 s
(MSCNNs), 28.172 s (DCNNs), 0.006 s (Fusion1), 0.006 s (Fusion2), 0.328 s (DenseCRFs).
The figure shows that our fusion strategy does not require much time compared with three
baseline methods.

Table 3 Training and testing
dataset splitting Datasets CASIA2.0 Columbia COVER NIST

Training 3842 - 75 110

Testing 1281 180 25 36
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Fig. 2 Visual comparison for PITLArc. From top to bottom: CASIA2.0, Columbia, COVER and NIST16
dataset. From left to right: input images, ground truths, detection bounding box maps, segmentation
possibility maps, segmentation predicted masks, direct predicted masks and CRFs predicted masks

4.4.5 Visual comparison

The visual results in Figs. 2 and 4 further validate the effectiveness of our method. Take
the images in the second row in Fig. 2 as example. On the one hand, The segmentation-
based method misclassifies the pristine region in the left part as tampered, whereas the
detection-based method correctly classifies the pristine region in the left part. On the other
hand, the output of the detection-based method is only a rectangular region and lacks detail,
whereas the output of the segmentation-based method has richer detail. The fusion of the
two networks takes advantage of both schemes, thus generating improved results. Moreover,
In the last column, the DenseCRFs can further refine the contours of the tampered object to
render the final result nearly the same as the ground truth.

Fig. 3 Visual comparison between LSTM-EnDec [4] and PITLArc. From left to right: input images, ground
truths, LSTM-EnDec results, our results, LSTM-EnDec error maps (in this column, F1 scores are 0.8101,
0.8378, 0.5415. Pixel-level accuracies are 0.9802, 0.9770, 0.9866), our error maps (in this column, F1 scores
are 0.8287, 0.8851, 0.9515. Pixel-level accuracies are 0.9790, 0.9820, 0.9991). False negative, false positive,
true negative and true positive pixels are marked with red, blue, black and white respectively
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Fig. 4 Visual comparison for PITLArc on CASIA2.0 (1st-3th row), Columbia (4th row), COVER (5th row)
and NIST16 (last row) datasets. From left to right: input images, ground truths, detection bounding box maps,
segmentation possibility maps, segmentation predicted masks, direct predicted masks and CRFs predicted
masks

Figure 3 presents visual comparison with LSTM-EnDec [4]. The comparison shows that
LSTM-EnDec misclassified the left part of the plane (in the first row of Fig. 3) and the girl’s
legs (in the second row of Fig. 3) as untampered. LSTM-EnDec is based on LSTM and
the input images must be divided into patches before sent into the network, thus, the net-
work may be unsuitable for low resolution images. Moreover, as edge patches have fewer
neighboring patches than inner patches, LSTM-EnDec does not perform well near edges. In
addition, LSTM-EnDec misclassify the orange box (in the third row of Fig. 3) as tampered.
By contrast, PITLArc correctly classify this box, because the detection part of PITLArc
exclude the orange box from the tampered regions in the second fusion stage. Notably,
depending only on pixel-level accuracy to evaluate a network is incomprehensive, thus the
PITLArc is better than LSTM-EnDec in terms of visual comparison although the two net-
works have nearly the same pixel-level accuracy (Fig. 3). We also calculate the F1 scores
for the three images in Fig. 3, the F1 scores of PITLArc are much higher than those of
LSTM-EnDec (Fig. 4).

5 Conclusion

Our proposed hybrid architecture PITLArc takes the advantages of the complementary
characteristics of top-down detection-based methods and bottom-up segmentation-based
methods. The pixel-level segmentation-based methods for spatial attention can enrich
region proposals in the detection process and reduce missed detection rates. Moreover,
detection-based methods provide constraints on the segmentation-based methods, and the
segmentation-based methods refine the details of the detection-based methods. Thus, the
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two approaches complement each other in this fusion strategy. Lastly, a DenseCRFs opera-
tion is applied to refine the predicted mask and further improve the localization accuracy.We
also provide a typical implementation of PITLArc on three outstanding works. Experiments
on different datasets show that PITLArc significantly improves the localization accuracy.
In the future, the proposed hybrid architecture can be improved by adopting more powerful
CNN architectures.
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