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A. Implementation Details

List of negative prompts used: lowres, text, error,
cropped, worst quality, low quality, jpeg artifacts, ugly, du-
plicate, morbid, mutilated, out of frame, extra fingers, mu-
tated hands, poorly drawn hands, poorly drawn face, muta-
tion, deformed, blurry, dehydrated, bad anatomy, bad pro-
portions, extra limbs, cloned face, disfigured, gross propor-
tions, malformed limbs, missing arms, missing legs, extra
arms, extra legs, fused fingers, too many fingers, long neck,
username, watermark, signature.

B. Observations and Discussions
B.1. Semantically significant manipulation ranking

From a qualitative standpoint, manipulations that are
more semantically significant often cover larger areas of the
image compared to minor ones. For example, a burning
building occupies much more space than a swapped sign
or t-shirt. This size difference likely influences the mod-
els, which tend to associate larger modifications with lower
similarity scores and higher semantic significance scores.

Another factor affecting the results is the variability and
accuracy of the generated textual descriptions. Machine
learning models can sometimes produce incorrect or incon-
sistent descriptions, even for the same image scene. These
discrepancies can impact the performance of semantic simi-
larity models that rely on textual inputs. Figure A1 shows an
example where the description accurately captures manipu-
lations like a burning building or a flooded street. However,
some errors remain, such as incorrectly stating that cars are
driving through a flood, when in reality, they are in a dry
area of the image.

Figure A2 highlights instances where the generated tex-
tual descriptions fail to capture manipulations like swapped
signs or broken windows. A qualitative review suggests two
key reasons for the discrepancies between successful and
failed cases. First, the size of the manipulation is crucial:
failed cases typically involve smaller manipulations, while

successful ones feature larger changes. Second, the manip-
ulation’s impact on the image’s overall atmosphere seems
to play arole. In successful cases, the manipulations signif-
icantly alter the mood or context of the scene, whereas triv-
ial changes in failed cases do not affect the scene’s portrayal
enough to be included in the description. This indicates that
descriptions prioritize manipulations that meaningfully in-
fluence the image, often omitting minor alterations.

B.2. Image-level manipulation localization

We also generated quantitative results for detecting im-
age manipulation using image-level classification. This ap-
proach identifies whether an image has been manipulated
by detecting the presence of manipulated regions in its bi-
nary localization mask. Images with such regions are clas-
sified as manipulated, while those without are considered
pristine. The goal was to evaluate the performance of main-
stream methods under less stringent conditions compared to
pixel-level analysis.

The results show that image-level classification signif-
icantly outperforms pixel-level results. This suggests that
conventional methods are able to find manipulation arti-
facts. Although a significantly lower pixel wise perfor-
mance suggests that the detected manipulated regions may
be incorrectly identified. As a result, this leads to a higher
accuracy in image-level classification but a low pixel-based
F1 score. Figure A4 provides a qualitative example of in-
stances where mis-detection and over-detection occur.

C. Evaluating image manipulation localization
based on the manipulation size and type

To better understand the image manipulation localiza-
tion results and the newly proposed semantic significance
manipulation ranking task, we analyzed the evaluation out-
comes based on key factors. Manipulation size is crucial
to the success of many mainstream methods, as smaller
manipulations are often harder to detect and localize. In
our analysis, we examine how the size of manipulations af-
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The image shows

. The fire appears to be intense, with flames visible through
the windows and the roof of the structure. There are emergency vehicles, including
a fire truck, parked nearby, indicating that firefighters are on the scene to address
the situation. The street in front of the building is lined with parked cars, and there
are traffic lights and a fire hydrant visible. The sky is partly cloudy, suggesting that
the weather is not extreme, which might be a factor in the firefighting efforts. The
overall scene is one of an emergency response to a building fire.

The image shows a street scene with significant flooding. The water appears to be a
muddy brown coler, indicating it might be mixed with sediment or debris. A Target store
is visible on the left side of the image, with its sign partially submerged in the water.
The street is lined with parked cars that are also partially submerged, and a few cars are
driving through the flooded area. There are traffic signs and a construction barrier
partially submerged as well. The buildings in the background are multi-story residential
or commercial structures, and the sky is partly cloudy. The overall scene suggests that
this is a result of heavy rainfall or a nearby waterway overflowing its banks.

Figure Al. Qualitative example of textual descriptions generated by ChatGPT. Text highlighted in green is text correctly describing the

manipulation. Red text is incorrect statements.

The image shows an urban street scene with a large building on the left side.
The building appears to be a commercial structure with a red awning and a sign
that is partially obscured, but it seems to be a store or a business

establishment. The facade of the building is made of a light-colored material,
possibly concrete or stone, and it has several windows. On the right side of the
image, there is a sidewalk where a person is walking, and a bus stop shelter is
visible. The street is paved with what looks like cobblestones or a similar type of
paving, and there are a few cars parked along the street. The sky is clear,
suggesting it might be a sunny day. There are no visible trees or greenery in the
immediate vicinity, which gives the scene an urban, built-up feel.

The image shows an urban street scene with a building that appears to be a
commercial or office space, with large windows and a modern architectural style.
The facade is beige or light brown, and there are a few visible air conditioning
units on the exterior. In front of the building, there is a sidewalk where a person
is walking, and a green trash can is placed on the curb. The street is paved with
cobblestones, and there are parked cars along the side of the road. The sky is
clear, suggesting it might be a sunny day. The overall atmosphere of the image is
calm and orderly, typical of a quiet city street during the day. There are no visible
people in the immediate vicinity of the building, which gives the impression of a
moment of tranguility in an otherwise bustling urban environment.

Figure A2. Qualitative example of textual descriptions generated by ChatGPT. The textual descriptions do not capture the corresponding

manipulations (Swap Sign, Broken Window) for the two images.

Manipulation Localization Methods | i Per. | 1 Recall | F1
ManTraNet [9] 0.50 0.99 0.67
CAT-Net v2 [5] 0.61 0.92 0.74

TruFor [2] 0.75 0.79 0.77
CRCNN [10] 0.49 0.41 0.45
HiFi-Net [3] 0.68 0.54 0.60
IF-OSN [8] 0.72 0.16 0.27
ObjectFormer [7] 0.39 0.17 0.23
PSCC-Net [6] 0.99 0.28 0.44
RRU-Net [1] 0.50 0.99 0.67
SPAN [4] 0.52 0.04 0.08

Table Al. Image level precision, recall, and F1 scores using both
manipulated and pristine images from the gold standard set. A
fixed threshold of 0.5 is used when converting to a binary mask.

fects the performance of both mainstream and state-of-the-
art (SoTA) detection and localization methods. To support

this, we included manipulations of varying sizes, with their
distribution shown in Figure A3.

Quantitative results show that most SoTA methods strug-
gle to detect manipulations produced by generative stable
diffusion models. As a result, we conducted a qualitative
evaluation of localization masks from methods that per-
formed well, specifically Cat-Net [5] and TruFor [2]. Ob-
servations indicate that small manipulations involving mul-
tiple objects often face mislocalization issues, as current
methods tend to focus on identifying a single manipulated
region in the scene.

Additionally, there are cases where localization models
fail to detect any alterations in images with multiple ma-
nipulations, regardless of manipulation size or type. Pre-
liminary analysis suggests this issue may be related to the
semantic context or metadata of the original image.

Our qualitative analysis reveals two primary reasons
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Figure A3. Distribution of manipulated images based on manipu-
lation size

why SoTA methods struggle to localize manipulations gen-
erated by generative stable diffusion models: (1) mis-
detection/over-detection of manipulation regions and (2)
complete failure to detect manipulations.

Examples of these localization behaviors are shown in
Figure A4, which features a military tank inserted onto a
street. Methods like Cat-Net [5] and TruFor [2] success-
fully localized the manipulated region, while methods such
as IF-OSN [&] and RRU-Net [ 1] mis-detected the manipu-
lated region. Similarly, PSCC-Net [6] and Mantra-Net [9]
demonstrated over-detection.

The second common issue involves methods that failed
to detect any manipulations at all. Examples include CR-
CNN, SPAN, ObjectFormer, and Hifi-Net.

Generative stable diffusion details: We set the sam-
pling size and guidance scale hyperparameters to 20 and
7.5, respectively. The generative stable diffusion model
is then tasked with producing the specified manipulation,
which is seamlessly integrated into the original image. Fig-
ure 2 in the main paper illustrates this process, where a
building of interest is selected, and the manipulation sim-
ulates a fire, realistically portraying the house engulfed in
flames. This example demonstrates our methodology’s abil-
ity to create realistic and contextually relevant image ma-
nipulations.

D. Dataset Visual Examples

Figures A5 to A14 show visual manipulated image sam-
ples from the proposed CSI-IMD gold standard set.

Manipulated Image ‘ ‘M‘

SPAN RRU-Net

Figure A4. Qualitative example of state of the art method’s predic-
tion localization masks. Examples of no detection, over detection,
and correct detection’s are shown.
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