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Abstract

The generation of synthetic datasets for training neural models in object detection and
recognition tasks has become a prevalent approach due to the cost and time savings com-
pared to collecting real world data. However, synthetic images often lack critical details,
which can degrade the performance of trained models. To address this issue, we propose the
FakeSegment neural model, designed to annotate unrealistic parts of synthetic images. Our
method utilizes two Single Shot Multibox Detector (SSD) networks with shared weights. By
analyzing the differences in corresponding feature maps from real and images. By comparing
these feature maps, we can pinpoint areas where synthetic images diverge from expected pat-
terns observed in real-world data. FakeSegment automatically detects unnatural areas within
the synthetic data. We evaluate our model on two datasets: the FantasticReality dataset and a
newly introduced UnrealLanding dataset focused on aircraft safety during landing. Our con-
tributions include (1) the development of the FakeSegment model, (2) the creation of the Un-
realLanding dataset with paired synthetic and real images, and (3) a comprehensive evalua-
tion demonstrating that Fake Segment outperforms baseline methods by 15% in Intersection
over Union (IoU) for segmenting unreal parts.

Keywords: generative modeling, image synthesis, image enhancement, object detection.

1. Introduction

The advent of deep learning has revolutionized the field of computer vision, particularly in
tasks such as object detection and recognition. Central to the success of these models is the
availability of large-scale annotated datasets. However, acquiring such datasets is often labor-
intensive and costly, prompting researchers to explore synthetic data generation as a viable
alternative. Synthetic datasets are created using advanced 3D modeling and rendering tech-
niques, offering a controlled environment where diverse scenarios can be simulated efficient-
ly. Despite their potential, even the most sophisticated 3D modeling suites struggle to pro-
duce synthetic images that match the quality and realism required for training models with
performance comparable to those trained on real-world data.
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Figure 1: Example visualization of unrealistic details in synthetic images.

While there is a substantial body of literature focused on enhancing the visual fidelity of
synthetic images through techniques like style transfer and domain adaptation, there remains
a critical gap in understanding which specific features render synthetic images distinct from
their real counterparts. Identifying these features is crucial for improving the utility of syn-
thetic datasets in training robust neural models. This paper seeks to address this gap by visu-
alizing unrealistic details in synthetic images using feature maps derived from neural net-
works, thereby providing insights into the discrepancies that affect model performance.

The pursuit of enhancing the perceptual realism of synthetic images has seen significant
advancements in recent years. A seminal contribution in this domain was made by the Cy-
cleGAN model [1], which demonstrated the potential for unpaired image-to-image transla-
tion, thereby improving the visual fidelity of synthetic images. Building upon this foundation,
subsequent research introduced methods such as Enhancing Photorealism Enhancement,
which utilized the HRNetV2 model [2] alongside intermediate graphical buffers like normal
and depth maps to further refine image realism [3]. More recently, diffusion models such as
Flux Kontext have emerged, offering superior capabilities in incorporating realistic features
into synthetic datasets [4]. Despite these advancements, a critical challenge remains: these
models do not provide insights into which specific features make learning on synthetic imag-
es less effective compared to real-world data. Addressing this gap is essential for improving
the utility of synthetic datasets in training robust neural networks. In this paper, we propose
a novel neural framework FakeSegment aimed at the segmentation of unrealistic areas within
synthetic images. Our objective is to leverage feature maps of a neural network to identify and
delineate regions that deviate from realism, thereby facilitating targeted enhancements. This
approach not only aids in understanding the specific features that distinguish synthetic imag-
es from real ones but also provides a practical tool for improving the quality of synthetic da-
tasets. By employing linear combinations of texture map stacks, our method allows for the
direct refinement of unrealistic elements within synthetic images, potentially bridging the gap
between synthetic and real-world data.

In this study, we introduce the FakeSegment model, a novel approach for the segmentation
of unnatural regions in synthetic images. To facilitate the training and evaluation of our mod-
el, we developed the UnrealLanding dataset, which comprises paired real and synthetic imag-
es depicting landings at Sochi airport. This dataset serves as a benchmark for assessing the
performance of models in identifying unrealistic features in synthetic imagery. Our compre-
hensive evaluation includes comparisons with three contemporary baseline models, demon-
strating that FakeSegment not only achieves but also competes with state-of-the-art perfor-
mance in unnatural region segmentation. These results underscore the efficacy of our ap-
proach in enhancing the realism of synthetic datasets, thereby contributing to more robust



machine learning applications. Examples of visualizations predicted by our FakeSegment
model are presented in Figure 1.

2. Related Work

The field of synthetic image generation and its application in training neural networks has
garnered significant attention in recent years. Researchers have explored various methodolo-
gies to bridge the gap between synthetic and real-world data, aiming to improve model per-
formance and generalization. This section reviews the key advancements in enhancing syn-
thetic images and the use of such images for network training.

2.1. Enhancement of Synthetic Images

The enhancement of perceptual realism in synthetic images has been a significant area of
research, with early successes marked by the development of the CycleGAN model [1]. This
model pioneered the use of generative adversarial networks (GANSs) to translate images from
one domain to another, thereby improving their realism. Subsequent advancements include
the work presented in "Enhancing Photorealism Enhancement," [3] which leveraged the
HRNetV2 model [2] alongside intermediate graphical buffers, such as normal and depth
maps, to achieve enhanced photorealistic effects. In the realm of human face synthesis, meth-
ods like "Beyond Reconstruction" have introduced a physics-based Neural Deferred Shader
for photo-realistic rendering, significantly advancing the field [5]. Additionally, approaches
such as "Generation of Synthetic Images for Pedestrian Detection Using a Sequence of GANs"
have demonstrated effective strategies for generating realistic pedestrian images through se-
quential GAN architectures [6]. More recently, novel diffusion models like Flux Kontext have
emerged, offering superior performance in incorporating realistic features into synthetic im-
ages by modeling complex distributions with greater fidelity [4]. These developments collec-
tively highlight the diverse methodologies employed in enhancing the realism of synthetic
images across various domains.

2.2, Artifact Explanation in Fake and Synthetic Images

The segmentation of unrealistic features in synthetic images is intricately linked to the
broader challenge of detecting fake or manipulated images. This problem domain has seen
significant advancements through frameworks like the Mixed Adversarial Generators [7]. In
this work, a novel framework is proposed for training a discriminative segmentation model
via an adversarial process. The framework involves simultaneous training of four models: a
generative retouching model (GR) that translates manipulated images to the real image do-
main, a generative annotation model (GA) that estimates the pixel-wise probability of an im-
age patch being either real or fake. Another significant contribution is the ManTraNet model,
which offers a unified deep neural architecture for both detection and localization of manipu-
lated regions without requiring extra preprocessing or postprocessing steps [8]. As a fully
convolutional network, ManTraNet handles images of arbitrary sizes and various known for-
gery types such as splicing, copy-move, removal, enhancement, and even unknown types. In
addition to these methods, the ContRail framework utilizes ControlNet [9] for synthesizing
realistic railway images, show casing advancements in domain-specific synthetic image gen-
eration [10]. Finally, the FakeVLM model provides capabilities to describe which features ap-
pear unnatural in fake images, offering insights into feature-level discrepancies that contrib-
ute to perceived unrealism [11].

3. Method

We aim developing a neural model capable of unsupervised detection and segmentation of
unrealistic features in synthetic images generated using 3D visualization frameworks such as
Unreal Engine and Blender. We use the SSD model [12] as the starting point for our research.
Leveraging the deep feature maps produced by the SSD model, we aim indicating such details



of a synthetic image that decrease the performance of the object detection model that was
trained using a synthetic data.

3.1. FakeSegment Framework Overview

In this work, we present the FakeSegment framework, designed to visualize and segment
unrealistic details in synthetic images utilizing neural network feature maps. Our framework
takes inspiration from the Single Shot Multibox Detector (SSD) model, renowned for its effi-
cient object detection capabilities. Specifically, we employ two instances of the SSD model
with shared weights, enabling the extraction of consistent feature representations from both
real and synthetic images. The shared-weight architecture facilitates a robust comparison be-
tween genuine and artificial image features, ensuring that subtle discrepancies are effectively
captured. Central to our framework is the use of an additional U-Net ResNet-based segmen-
tation neural model, denoted as S. This model is responsible for converting the intermediate
feature maps generated by the SSD into a heat map P. The heat map P quantitatively de-
scribes the probability of each pixel being real or fake, offering an intuitive visualization of
potentially manipulated regions.

To train our model effectively, we employ a paired dataset consisting of real and synthetic
images. This pairing allows for precise calculation of feature map differences between actual
images, Freal, and fabricated ones, Frake. We compute the difference between these feature
maps and determine the average value across each pixel, which serves as an approximation of
the desired heat map P. This heat map is crucial as it directs the segmentation neural model S
to learn and predict fake regions from Frake effectively. By minimizing the prediction error of
these discrepancies, S learns to map the complex feature space to a probability distribution
over each pixel, highlighting areas that are likely fake. The integration of these components
forms our FakeSegment framework, visually summarized in Figure 2, illustrating its capacity
to discern synthetic elements in images with a high degree of accuracy. This method reinforc-
es the utility of combining powerful object detection models with nuanced segmentation ap-
proaches to tackle the challenges presented by synthetic image manipulation. The overview of
the framework is presented in Figure 2.
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Figure 2: FakeSegment Framework Overview.



3.2. Network Architecture

In our network architecture, we address the challenge of discerning unrealistic details in
synthetic images by operating within three distinct domains: the real image domain A €
Rwxhx3_ the synthetic image domain B € Rwxhx3| and the probability heatmap domain S
€[o,1]¥*h. Our objective is to train a mapping function G that translates an input image A € A
into a corresponding fake probability heatmap S € S, effectively formulated as G: A — S. Giv-
en the inherent ill-defined nature of this problem, compounded by the subjective perception
of image realism, we adopt a two-stage approach to predict the probability heatmap S.

In the first stage, we utilize an off-the-shelf Single Shot Multibox Detector (SSD) to predict
an intermediate probability map F. This map serves as a rich repository of feature vectors that
can distinguish real image parts from fake regions. In the subsequent stage, the feature maps
F are fed into a U-Net architecture, which has been specifically trained to translate these fea-
ture vectors into the desired probability map S. During training, we generate an approxima-
tion of S as the absolute difference between the real and fake feature maps, expressed by the
equation [1]:

S = |Freal — Frakel- (1)

To enhance the dataset’s diversity, we draw inspiration from the training methodology of
the OASIS generative network [13]. We create composite images by randomly mixing real and
synthetic images across various regions. For these mixed images, the annotation assigns a ze-
ro value to the real regions, effectively marking those as genuine parts of the frame. This ap-
proach not only enriches the dataset with a broader variety of mixed-content images but also
reinforces the model’s ability to discriminate between real and manipulated areas, thus im-
proving the generalization capability of our framework.

The process of synthetic image enhancement at training and inference phases is shown in
Figure 3.

So, the tree-like diagram can be supplemented by visualization of some integral character-
istics:

- on the graph of a tree-like function corresponding to a certain time moment, can be
plotted a chart of the maximum (or minimum) values of the corresponding parameter at a
given point; for pipelines, this is usually the dependence on the co- ordinate of the maximum
pressures reached in the corresponding time;

- on the graph of a tree-like function corresponding to a certain point in time can be
supplemented by a plot of the maximum permissible values of the corresponding value; for
pipelines, such a value is usually set to the maximum allowable pressure values above which
the operation of the pipeline can cause its destruction;

- on the graph of a tree-like function corresponding to a certain time moment, danger-
ous spatial intervals can be demonstrated; at these intervals the max- imum permissible val-
ues have already been exceeded by this time moment; in case of consideration of the pipeline
system, the places of exceeding the maxi- mum allowable pressure at a given time moment
can be highlighted, for example by color, directly on the line of the function.

In conclusion, it should be particularly noted that the presented approach to visualization
using tree-like graphs is applicable not only to displaying at specified moments of time, but
also in the form of animated films. In this case, in our opinion, the visibility of the proposed
approach in the data representation increases due to the continuous perception of the entire
spacetime flow pattern.

In addition, animation visualization can be more visual in case of its implementation in re-
al-time systems, when all the changes are reflected in real or advanced time, for example, in
the control centers, from which the real pipeline systems are controlled. Animated visualiza-
tion is indispensable in analyzing the appearances and development of emergencies.
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Figure 3: Synthetic image enhancement. Top: training phase; bottom: inference phase.

3.3. Loss Function

To effectively train the FakeSegment model, we employ a dual loss function strategy de-
signed to robustly capture unrealistic details while enhancing the model’s discriminative ca-
pabilities. The two primary loss functions guiding our training process are the negative log-
likelihood loss (NLL) Lyp;, and an adversarial loss £,4,. The negative log-likelihood loss is
critical for penalizing the omission of fake regions in our predicted probability map. Specifi-
cally, it evaluates the fidelity of the predicted probability map against ground-truth annota-
tions, focusing on ensuring comprehensive detection of synthetic areas. The NLL loss is for-
mulated as follows [2]:

Lyis = =X j[yijlog(piy) + (1 — yiplog(1 — pi]. (2)
where y;; € {0,1} denotes the ground-truth label of pixel (i,j), indicating real (0) or fake (1),
and p;; represents the predicted probability of pixel (i,j) being fake. This formulation effec-
tively punishes high confidence predictions of fake regions where none exist, as well as low
confidence predictions where fake regions are present.

In addition to the NLL loss, we incorporate an adversarial loss Ladv to imbue the model
with enhanced perceptual realism capabilities. The adversarial component is inspired by gen-
erative adversarial networks (GANs) and seeks to improve the model’s ability to indistin-
guishably blend synthetic textures with real elements. This is achieved through an adversarial
setup where the FakeSegment model competes against a discriminator network that attempts
to distinguish between the generated probability maps and real annotations. Mathematically,
the adversarial loss can be expressed as [3]:

Ladv = EA ~ A[log(D(A))] + EF ~ G(A)[log(1 — D(F))], (3)
where D is the discriminator network, A represents the input data from the real image domain
A, and F is the fake probability map generated by mapping through G. Together, these loss
functions ensure that our FakeSegment model remains not only accurate in detecting syn-
thetic components but also sophisticated in rendering the intricacies of real versus fake dis-
tinctions, thereby achieving high levels of perceptual authenticity in visual outputs.

3.4. Dataset Generation

For our experiments, we generate a diverse set of synthetic images using state-of-the-art
rendering software. These images encompass various object categories and environmental



conditions to simulate realistic scenarios encountered in practical applications. Additionally,
we curate a corresponding set of real-world images for comparative analysis within our
framework.

To effectively train our FakeSegment model, it was imperative to create a paired dataset of
real and synthetic images, tailored to capture the intricacies of cockpit views during the criti-
cal landing phase of a flight. We leveraged a sophisticated 3D model of an airport, crafted us-
ing the robust Unity 3D framework, to simulate this complex environment. This virtual model
allowed us to generate images that realistically mimic the visual dynamics experienced during
landing, focusing particularly on elements such as runway and taxiway layouts. This approach
ensured that our synthetic images maintained a high degree of authenticity in terms of both
aesthetic appeal and spatial accuracy, providing a reliable basis for the development and re-
finement of our segmentation model.

To complement these synthetic images, we sourced real images from videos recorded by
pilots during actual landings. These videos were collected from the internet. The critical chal-
lenge was determining the camera pose relative to the runway, a task we approached system-
atically. Initially, we employed the MLZ+ algorithm [14] to derive a preliminary trajectory
based on the detected boundaries of the runway. This automated estimation served as a foun-
dational step, which was then meticulously refined through manual calibration processes to
enhance the precision of both camera pose and rotational parameters. This dual approach
enabled us to (a) Original Image (b) Model Image Figure 4: Illustrative examples from the da-
taset. (c) Label Image obtain accurate camera poses for 2000 images. Correspondingly, for
each determined pose, we rendered a synthetic counterpart alongside a semantic segmenta-
tion delineating two primary classes: ‘runway’ and ’taxiway’. Illustrative examples from this
dataset are depicted in Figure 4, showcasing the alignment between real and synthetic repre-
sentations.

(a) Original Image (b) Model Image (c) Label Image
Figure 4: Illustrative examples from the dataset.

3.5. Evaluation

Our evaluation strategy encompasses both qualitative and quantitative assessments to val-
idate the effectiveness of our method in identifying unrealistic details in synthetic images.



3.6. Evaluation Protocol

Our evaluation strategy encompasses both qualitative and quantitative assessments to val-
idate the effectiveness of our method in identifying unrealistic details in synthetic images. We
establish a rigorous evaluation protocol that involves comparing feature map activations
across multiple CNN architectures trained on both synthetic and real datasets. This protocol
ensures that our findings are consistent and generalizable across different network configura-
tions.

In the evaluation phase of our study, we critically assess the performance of our FakeSeg-
ment models in comparison with three state-of-the-art baseline models designed for the seg-
mentation of unrealistic or artificially manipulated image regions: ManTraNet [8], MAGritte
[7], and CAT-Net [15]. The evaluation protocol employs two core metrics to quantify the accu-
racy in identifying manipulated regions: the Intersection over Union (IoU) metric and the
Dice coefficient. These metrics are widely recognized for their robustness in measuring the
overlap and similarity between predicted and ground truth segmentations, thereby providing
a comprehensive evaluation of the model’s segmentation capabilities.

Given that the base dataset does not include traditional segmentation-related labels—with
real images labeled as entirely ones and synthetic images as entirely zeros—our evaluation
methodology addresses this limitation through a dynamic mixing of real and synthetic images
in the test dataset preparation. By creating composite images that include both genuine and
synthetic regions, we can better evaluate the model’s ability to accurately segment and identi-
fy these regions. The labeled real regions are utilized as ground truth for validation purposes,
allowing for a precise assessment of how well each model discriminates between real and
manipulated content. This dynamic dataset preparation enhances the relevance and applica-
bility of our evaluation protocol, ensuring that it faithfully represents varied scenarios en-
countered in real-world applications.

Figure 5: Synthetic image enhancement. Top: training phase; bottom: inference phase.

3.7. Qualitative Evaluation

Qualitative evaluation involves visual inspection of highlighted regions within synthetic
images where significant activation discrepancies occur. These visualizations provide intui-
tive insights into specific areas requiring enhancement for improved realism.

In complement to our quantitative assessment, we conduct a qualitative evaluation of the
FakeSegment framework against established baselines by examining visual outputs generated
during the segmentation process. This evaluation involves generating predictive masks for
synthetic images selected from the test split of our dataset and subsequently comparing these
masks with the respective ground truth labels, designed to reflect precise contours and delin-
eations of unrealistically rendered regions. Figure 5 illustrates the comparative effectiveness
of the various models, providing visual insight into the degree of concordance between pre-
dicted segmentation boundaries and their ground-truth counterparts.

The qualitative results presented underscore the superior performance of the FakeSegment
model, particularly in terms of its ability to generate labels that closely align with ground-
truth expectations. The model exhibits enhanced proficiency in accurately tracing the con-
tours of manipulated regions, such as the unrealistic appearances of these sea and adjacent
buildings, which are often challenging for segmentation models due to their complex textures



and reflections. The qualitative analysis reveals that our model not only excels in defining
clear boundaries but also displays an impressive capability to identify and isolate areas with
unrealistic features, which are more frequently misclassified by the baseline models. This
alignment with ground-truth labels reflects the robustness and reliability of FakeSegment in
practical applications where precise segmentation is critical.

3.8. Quantitative Evaluation

For quantitative assessment, we measure the degree of alignment between feature map ac-
tivations from synthetic versus real datasets using statistical metrics such as mean squared
error (MSE) and structural similarity index (SSIM). These metrics offer objective measures of
how closely aligned the representations are across domains.

The quantitative evaluation of the FakeSegment framework, alongside the evaluated base-
lines, is centered around its performance on the test split of our SyntheticLanding dataset us-
ing two pivotal metrics: the Dice coefficient and Intersection over Union (IoU). As presented
in Table 1, the results unequivocally indicate the superior performance of the FakeSegment
framework, marking a distinct improvement in both metrics over the competing baseline
models. This enhancement in segmentation accuracy is indicative of the model’s advanced
capability to align its predicted labels with the ground truth, highlighting its efficacy in de-
tecting and demarcating synthetic or manipulated regions in images. Of the baseline models,
ManTraNet emerges as the closest competitor, yet it trails behind FakeSegment in both eval-
uation metrics. The results are shown in the Table 1.

Table 1. Quantitative evaluation in terms of Dice coefficient.

Class ManTraNet | MAG | FakeSegment
Runway 0.38 0.25 0.51
(R/W)
Background 0.41 0.28 0.49
Average 0.40 0.27 0.50

The comparative analysis reveals that while ManTraNet is adept at identifying small, local-
ized patches indicative of image manipulation—such as those resulting from subtle altera-
tions—it lacks the broader sensitivity required to address the complexities found in synthetic
images. This is especially evident when juxtaposing the qualitative results, which show Man-
TraNet’s propensity to focus on discrete unrealistic patches. In contrast, the FakeSegment
framework demonstrates an enhanced sensitivity to both unrealistic textures and 3D graphics
artifacts. These include common challenges such as aliasing and the absence of shadows,
which are often indicative of artificial image rendering. The ability of our framework to com-
prehensively capture these subtle yet significant imperfections across entire regions rather
than isolated spots underscores its robustness in synthetic segmentation tasks and suggests
superior adaptability to diverse forms of image manipulation and generation.

4. Conclusion

In this paper, we introduced the FakeSegment framework, a novel approach designed to
enhance the detection of unrealistic details in synthetic images. This framework is construct-
ed by integrating two Single Shot Multibox Detector (SSD) models with shared weights,
which extract and refine feature maps, in conjunction with a U-Net architecture that trans-
lates these feature maps into precise segmentation of artificially generated regions. Through
this method, FakeSegment effectively delineates unrealistically rendered areas in synthetic
imagery, illustrating its potential to significantly improve image manipulation detection in
both academic and applied settings.

Furthermore, we have developed the SyntheticLanding dataset, leveraging a sophisticated
environment simulator to produce a comprehensive collection of 16,000 samples that capture
the complexities of the landing stage of flight scenarios. This dataset was instrumental in



training the FakeSegment framework as well as several baseline models. Our subsequent
evaluations, which focused on critical metrics such as the Dice coefficient and Intersection
over Union (IoU) loss, reveal that the FakeSegment model significantly surpasses baseline
models, achieving a remarkable 17% improvement in IoU over ManTraNet, the next best-
performing model. These results underscore the efficacy of our approach in detecting synthet-
ic anomalies and pave the way for future advancements in automated image analysis and in-
tegrity verification.
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