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Abstract
The rapid development of artificial intelligence, image editing software, and synthetic content generation
technologies has significantly increased the amount of manipulated visual data in large-scale photo datasets.
This creates a growing need for automated methods capable of detecting image modifications and ensuring
digital content integrity. This paper proposes a method for detecting manipulated images in large-scale photo
datasets based on histogram analytics and multi-color space analysis. The proposed approach combines histogram
similarity assessment with the evaluation of image quality characteristics, including sharpness, contrast, noise
level, color distribution, and local artifacts. To improve detection reliability, image analysis is simultaneously
performed in RGB, YCrCb, and CIE Luv* color spaces, enabling the identification of inconsistencies introduced
by image editing, photomontage, and AI-generated content. An integrated manipulation score is calculated
using histogram deviations and extracted image features. The proposed method was implemented as a web-
based software system and evaluated using authentic and manipulated images from publicly available datasets.
Experimental results demonstrate that the method effectively detects image manipulations while maintaining
low computational complexity and suitability for large-scale image analysis.
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1. Introduction

The rapid growth of digital technologies, cloud storage platforms, social media services, and artificial
intelligence systems has led to an unprecedented increase in the volume of visual information generated
and exchanged worldwide. Billions of photographs are uploaded, shared, and archived every day,
forming large-scale photo datasets that are used in social networks, digital archives, news agencies, e-
commerce platforms, surveillance systems, and scientific repositories. At the same time, the availability
of advanced image editing software and AI-based content generation tools has significantly simplified
the creation of manipulated visual content.

Modern image manipulation techniques include traditional photo editing, image compositing, object
insertion and removal, style transfer, deepfake generation, and diffusion-based image synthesis. Recent
advances in generative artificial intelligence enable the production of highly realistic images that are
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often difficult to distinguish from authentic photographs through visual inspection alone. As a result,
manipulated images have become a serious challenge for digital forensics, information security, media
verification, and automated content moderation systems.

The problem becomes particularly significant in large-scale photo datasets, where manual verification
of image authenticity is impractical due to the enormous volume of data. Automated methods capable
of identifying suspicious or manipulated images are therefore required to support efficient dataset
validation and integrity assessment. Such methods are important not only for detecting intentionally
forged content but also for identifying images affected by excessive post-processing, synthetic generation,
or unauthorized modifications.

Existing approaches for image manipulation detection are primarily based on deep learning tech-
niques, including convolutional neural networks, transformer architectures, and hybrid computer
vision models. Although these methods often achieve high detection accuracy, they typically require
extensive computational resources, large labeled datasets, and significant training time. Furthermore,
their performance may degrade when applied to previously unseen manipulation techniques or heavily
compressed images.

An alternative approach is based on the analysis of intrinsic image characteristics that are affected
during the modification process. Image editing operations frequently introduce detectable changes
in histogram distributions, color relationships, local texture properties, noise patterns, contrast levels,
and edge structures. These modifications can be analyzed using classical computer vision techniques
without the need for computationally expensive model training.

In addition to image authenticity verification, the ability to automatically detect manipulated images
plays an important role in maintaining the reliability of machine learning datasets. Large image collec-
tions are frequently used for training and evaluating computer vision models, including object detection,
image classification, biometric recognition, visual search systems, and content recommendation plat-
forms. The presence of manipulated, duplicated, or synthetically generated images within such datasets
may introduce biases, reduce model generalization capabilities, and negatively affect the performance
of artificial intelligence applications. Consequently, efficient methods for identifying suspicious visual
content are becoming an essential component of modern data quality assurance processes.

Another important aspect is the interpretability of manipulation detection results. Unlike many deep
learning approaches that often operate as black-box systems, feature-based methods provide explicit
information regarding the image characteristics that contributed to the final decision. The analysis
of histogram distributions, color-space inconsistencies, noise patterns, and image quality indicators
allows investigators and analysts to understand the potential reasons for image manipulation. Such
transparency is particularly valuable in digital forensic investigations, legal proceedings, scientific data
validation, journalism, and other application domains where explainability and reproducibility of results
are critical requirements.

Furthermore, the growing use of generative artificial intelligence in image creation has introduced
new challenges for content verification. Modern diffusion models and generative adversarial networks
are capable of producing synthetic images with a high level of visual realism, often preserving natural
textures, lighting conditions, and color distributions. As a result, conventional visual inspection
methods are becoming increasingly ineffective. This situation highlights the necessity of developing
computational approaches capable of identifying subtle statistical inconsistencies that remain present
even in highly realistic synthetic or manipulated images.

This paper proposes a method for detecting manipulated images in large-scale photo datasets based
on histogram analytics and multi-color space analysis. The proposed approach combines histogram
similarity assessment with the evaluation of image quality characteristics, including sharpness, contrast,
noise level, color distribution, and local artifacts. To improve detection reliability, image analysis is
performed simultaneously in 𝑅𝐺𝐵, 𝑌 𝐶𝑟𝐶𝑏, and 𝐶𝐼𝐸 𝐿*𝑢*𝑣* color spaces, enabling the identification
of inconsistencies caused by image editing and synthetic content generation.

The scientific contribution of the study lies in the development of an integrated image manipulation
detection method that combines multiple image quality metrics and color-space representations into
a unified manipulation assessment framework suitable for large-scale image dataset analysis. The



practical significance of the proposed solution is its applicability to digital forensic investigations, image
integrity verification systems, multimedia content monitoring platforms, and automated screening of
large visual data collections.

2. Review of existing solutions and literature sources

The rapid development of image editing software, deep learning algorithms, and generative artificial
intelligence has significantly increased the amount of manipulated visual content distributed through
digital platforms. As a result, the detection of image manipulations has become an important research
area in digital forensics, computer vision, and information security. Existing solutions can generally be
divided into deep learning-based approaches, forensic feature analysis methods, camera fingerprinting
techniques, and hybrid systems that combine multiple detection strategies.

One of the most influential contributions in this field is the FaceForensics++ framework proposed by
Rössler et al. [1]. The authors introduced a large-scale benchmark dataset containing manipulated facial
images generated using DeepFakes, FaceSwap, Face2Face, and NeuralTextures techniques. Their experi-
ments demonstrated that convolutional neural networks can effectively detect image manipulations
when trained on sufficiently large datasets. However, the approach requires substantial computational
resources and extensive training procedures.

A lightweight alternative was proposed by Afchar et al. through the MesoNet architecture [2].
The method focuses on mesoscopic image features and achieves high detection performance while
maintaining relatively low computational complexity. Nevertheless, the model is specifically optimized
for facial manipulations and its applicability to heterogeneous photo collections remains limited.

Bayar and Stamm [3] introduced a constrained convolutional neural network designed to suppress
image content and emphasize manipulation traces. Their work demonstrated that low-level image
artifacts often contain more forensic information than semantic image content. This idea subsequently
influenced many modern image forensic systems and highlighted the importance of intrinsic image
characteristics for manipulation detection.

Another significant development was presented by Wu et al. [4], who proposed ManTra-Net, a deep
neural network capable of detecting and localizing multiple types of image manipulations, including
copy-move, image splicing, object removal, and enhancement operations. Although the method achieves
high detection accuracy, its computational complexity makes large-scale image screening challenging.

The importance of acquisition-related image artifacts was investigated by Cozzolino and Verdoliva
[5], who developed the Noiseprint framework. Their method extracts camera-model fingerprints using
convolutional neural networks and allows the identification of inconsistencies introduced during image
tampering. Similar studies demonstrated that camera acquisition traces can provide valuable forensic
information even when visual manipulation artifacts are difficult to observe directly.

Comprehensive reviews presented in [6, 7, 8] indicate that modern manipulation detection systems
increasingly rely on deep neural networks, attention mechanisms, and multimodal feature extraction.
These studies also emphasize several unresolved problems, including sensitivity to image compression,
reduced generalization to previously unseen manipulation techniques, vulnerability to adversarial
attacks, and high computational requirements.

Recent research has focused on the detection of synthetic images generated by generative adversarial
networks (GANs) and diffusion models. Wang et al. [9] demonstrated that CNN-generated images
contain characteristic artifacts that can be exploited for forensic analysis. Similar observations were
reported by Tariq et al. [10], who investigated the detection of machine-generated face images in
uncontrolled environments. Marra et al. [11] further showed that GAN-generated images often leave
artificial fingerprints that differ from those found in authentic photographs.

Subsequent studies expanded this concept by investigating image artifacts introduced by modern
image generation pipelines. Gragnaniello et al. [12] demonstrated that GAN-generated images preserve
detectable forensic traces even after distribution through social media platforms. Durall et al. [13]
analyzed frequency-domain characteristics of synthetic images and showed that generative models



frequently fail to reproduce natural spectral distributions. Frequency-based detection approaches were
further investigated by Frank et al. [14], who demonstrated the effectiveness of spectral analysis for
identifying deepfake images.

The emergence of diffusion-based image generation systems has introduced new challenges for
digital image forensics. Corvi et al. [15] analyzed the forensic properties of images generated by
both GAN and diffusion models and reported that synthetic content still contains detectable statistical
inconsistencies despite its increasing visual realism. Similar conclusions were reached by Dang et al.
[16], who investigated the detection of digital face manipulations using forensic feature analysis. Li et
al. [17] proposed the use of physiological inconsistencies, such as abnormal eye blinking patterns, for
exposing manipulated facial content, while Guarnera et al. [18] demonstrated that convolutional traces
can be successfully exploited for deepfake detection.

Despite the significant progress achieved by deep learning approaches, many existing solutions
remain computationally expensive and require large annotated datasets for training. This limitation
becomes particularly important when processing large-scale photo collections containing thousands
or millions of images. In such scenarios, lightweight methods based on intrinsic image characteristics
remain highly relevant. Histogram distributions, color consistency, noise patterns, contrast variations,
sharpness measures, and local artifacts can often reveal manipulation traces without requiring complex
neural network architectures.Based on the conducted literature review, it can be concluded that current
research primarily focuses on deep learning-based image forgery detection, while comparatively less
attention is paid to computationally efficient methods suitable for large-scale dataset analysis. Therefore,
this study proposes a method based on histogram analytics and multi-color space analysis that combines
histogram similarity assessment, image quality metrics, and color-space transformations into a unified
framework for detecting manipulated images in large-scale photo datasets.

3. Problem formulation for manipulated image detection in
large-scale photo datasets

The continuous growth of digital image repositories, cloud storage services, social media platforms, and
artificial intelligence applications has resulted in the formation of large-scale photo datasets containing
millions of visual records. These datasets are widely used in computer vision, machine learning,
multimedia retrieval, digital archiving, surveillance systems, journalism, and social networking services.
At the same time, the increasing accessibility of image editing tools and AI-based content generation
technologies has significantly increased the number of manipulated images distributed within such
collections.

Modern image manipulations include classical photo editing operations, image splicing, object
insertion and removal, retouching, color correction, synthetic image generation using Generative
Adversarial Networks (GANs), and diffusion-based image synthesis. Many of these modifications
leave only subtle traces that are difficult to identify through visual inspection. Consequently, manual
verification becomes ineffective when dealing with large-scale photo datasets.

Existing deep learning approaches provide high detection accuracy but often require extensive
computational resources, large labeled training datasets, and long training procedures [1, 4, 6, 19].
Furthermore, their performance may decrease when confronted with previously unseen manipulation
techniques, highly compressed images, or images originating from different acquisition devices [7, 15].
These limitations make it difficult to apply such approaches for rapid preliminary screening of large
image repositories.

In contrast, image forensic methods based on the analysis of intrinsic image characteristics can be
implemented with significantly lower computational complexity. Image manipulations frequently affect
histogram distributions, color consistency, local texture properties, noise patterns, edge structures, and
contrast relationships. Such changes can be quantified using classical image processing techniques and
used as indicators of potential image tampering [3, 5, 11].

Let the analyzed photo dataset be represented as



𝐷 = {𝐼1, 𝐼2, . . . , 𝐼𝑛} , (1)

where 𝐼𝑖 denotes an individual digital image and 𝑛 represents the total number of images in the
dataset.

For each image 𝐼𝑖, a feature vector is extracted:

𝐹𝑖 = {𝐻𝑖, 𝑅𝑖, 𝐶𝑖, 𝑁𝑖, 𝐴𝑖} , (2)

where 𝐻𝑖 is a set of histogram descriptors extracted from image 𝐼𝑖, 𝑅𝑖 denotes the sharpness feature,
𝐶𝑖 characterizes image contrast, 𝑁𝑖corresponds to the estimated noise level, and 𝐴𝑖 represents a local
artifact measure used to identify potential manipulation traces. Together, these parameters form a
multidimensional feature vector describing the visual and statistical properties of the analyzed image
[20, 21, 22].

To improve robustness against different image processing operations, the feature extraction process
is performed simultaneously in multiple color spaces:

𝐶𝑆 = {𝑅𝐺𝐵, 𝑌 𝐶𝑟𝐶𝑏, 𝐶𝐼𝐸 𝐿*𝑢*𝑣*}, (3)

where 𝑅𝐺𝐵 represents the standard additive color model used for digital image representation,
𝑌 𝐶𝑟𝐶𝑏 denotes a luminance–chrominance color space separating brightness information from color
components, and 𝐶𝐼𝐸 𝐿*𝑢*𝑣* is a perceptually uniform color space designed to approximate human
color perception. The simultaneous use of these color spaces enables the extraction of complementary
image characteristics and improves the detection of color inconsistencies, processing artifacts, and
manipulation traces that may not be visible in a single color representation [23, 24].

The use of multiple color representations enables the detection of manipulation traces that may be
hidden in one color space but become observable after transformation into another representation.

The main objective of this research is to develop a computationally efficient method capable of
automatically identifying manipulated images within large-scale photo datasets. The method should
combine histogram analytics, multi-color space analysis, and image quality assessment metrics into a
unified framework suitable for large-scale image screening [25, 26, 27].

Accordingly, the research problem can be formulated as follows: given a large collection of digital
images, it is necessary to determine whether an image contains signs of manipulation by analyzing its
histogram characteristics, color-space consistency, sharpness, contrast, noise level, and local artifacts
while minimizing computational complexity and preserving applicability to large datasets.

To solve this problem, an integrated manipulation score Kis introduced. This score aggregates
multiple image quality indicators and forensic features into a single numerical value describing the
probability of image manipulation. Images with high values of Kare considered suspicious and may be
selected for further detailed forensic examination [28, 29].

Thus, the proposed approach aims to bridge the gap between computationally expensive deep learning
solutions and lightweight forensic analysis techniques by providing an efficient method for manipulated
image detection in large-scale photo datasets [30, 31].

4. Method for detecting manipulated images in large-scale photo sets

The proposed method is intended for the automated detection of manipulated images within large-
scale photo collections. Unlike deep learning approaches that require extensive training datasets and
significant computational resources, the proposed solution is based on the analysis of intrinsic image
characteristics that are affected during image editing, synthetic image generation, compression, and
other manipulation processes. The method combines histogram analytics, multi-color space analysis,
and image quality assessment into a unified framework for image integrity verification.



The general workflow of the proposed method consists of five main stages: image acquisition and
preprocessing, histogram analysis, multi-color space feature extraction, image quality assessment, and
integrated manipulation score calculation (Figure 1).

According to formulas (1), (2), (3), each image is represented by a multidimensional feature vector
extracted from several color space representations. These features form the basis of the manipulation
detection procedure and are used to assess statistical and visual discrepancies within the analyzed
image.

Figure 1: General workflow of the proposed image manipulation detection method.

The first stage of the proposed method is histogram-based analysis. Histogram distributions provide
information about the statistical properties of pixel intensities and color values. Since image editing
operations frequently alter brightness distributions, contrast relationships, and color balance, histogram
deviations can be used as indicators of image manipulation. To quantify histogram similarity, the
following measure is employed:

𝑆 =

∑︀𝑚
𝑖=1𝐻1(𝑖)𝐻2(𝑖)√︀∑︀𝑚

𝑖=1𝐻1(𝑖)2
√︀∑︀𝑚

𝑖=1𝐻2(𝑖)2
(4)

where 𝐻1(𝑖) and 𝐻1(𝑖) denote the normalized histogram values of two analyzed images at the 𝑖-th
histogram bin, while 𝑚 represents the total number of histogram bins. The similarity score 𝑆 ranges
from 0 to 1, where values close to unity indicate highly similar histogram distributions (Figure 2).



Figure 2: Example of histogram comparison between authentic and manipulated images.

To improve robustness against different manipulation techniques, the proposed method performs
feature extraction in multiple color spaces. As described in Section 3, image analysis is simultaneously
conducted in 𝑅𝐺𝐵, 𝑌 𝐶𝑟𝐶𝑏, and 𝐶𝐼𝐸 𝐿*𝑢*𝑣* representations. Each color model emphasizes different
image characteristics and therefore contributes complementary forensic information. The 𝑅𝐺𝐵 model
preserves the original color composition, 𝑌 𝐶𝑟𝐶𝑏 separates luminance and chrominance information,
while 𝐶𝐼𝐸 𝐿*𝑢*𝑣* provides a perceptually uniform representation of color differences. The combined
use of these color spaces increases the probability of identifying manipulation traces that may remain
hidden within a single color representation (Figure 3).

Following color-space transformation, several image quality metrics are calculated. These metrics
characterize different visual properties of the image and provide additional information regarding
possible manipulation traces. Image sharpness is estimated using the variance of the Laplacian operator:

𝑅 = 𝑉 𝑎𝑟
(︀
∇2𝐼

)︀
, (5)

where ∇2𝐼 denotes the Laplacian-transformed image. Reduced sharpness values may indicate
excessive smoothing, synthetic image generation, or aggressive image compression. Image contrast is
evaluated using the root mean square contrast measure:

𝐶 =

⎯⎸⎸⎷ 1

𝑁

𝑁∑︁
𝑖=1

(𝑥𝑖 − 𝑥̄)2 (6)

where 𝑥𝑖 represents pixel intensity values, 𝑥̄ denotes the mean image intensity, and Ncorresponds
to the total number of pixels. Significant deviations in contrast may indicate local modifications or
artificial enhancement operations.

Noise level estimation is performed by analyzing local intensity variations within homogeneous
image regions. Since image acquisition devices generate characteristic noise patterns, modifications
introduced during editing or synthetic image generation often disrupt the natural noise structure.
Consequently, abnormal noise distributions may indicate image tampering.



Figure 3: Example of histogram comparison between authentic and manipulated images.

Local artifact analysis is used to identify inconsistencies in texture continuity, edge transitions, and
compression structures. Such artifacts frequently appear near manipulated regions, inserted objects, or
synthetically generated image components and therefore provide valuable forensic evidence.

The final stage of the method consists of integrating all extracted features into a unified manipulation
score. The score is calculated as

𝐾 = 𝑤1∆𝐻 + 𝑤2∆𝑅+ 𝑤3∆𝐶 + 𝑤4∆𝑁 + 𝑤5∆𝐴, (7)

where ∆𝐻 , ∆𝑅, ∆𝐶 , ∆𝑁 , and ∆𝐴 represent deviations of histogram similarity, sharpness, contrast,
noise level, and artifact characteristics respectively, while 𝑤1, 𝑤2, 𝑤3, 𝑤4, 𝑤5 are weighting coefficients
determining the contribution of each feature to the final decision.

Images associated with low values of 𝐾 are classified as authentic, whereas higher values indicate an
increased probability of manipulation. By combining multiple forensic indicators into a single decision
metric, the proposed approach reduces the influence of individual feature variations and improves
overall detection reliability (Figure 4).

The Deviation Computation block presents the calculation of the deviation of each extracted feature
from its corresponding reference value. The deviation is determined as

∆𝐹𝑖 =
⃒⃒⃒
𝐹𝑖 − 𝐹 𝑟𝑒𝑓

𝑖

⃒⃒⃒
(8)

or by using an appropriate statistical distance measure. Here, 𝐹𝑖 denotes the value of a feature
extracted from the analyzed image, while 𝐹 𝑟𝑒𝑓

𝑖 represents the expected or reference value obtained
from a dataset of authentic images. Consequently, the deviation ∆𝐹𝑖 quantifies the degree to which



the analyzed image differs from normal image characteristics and serves as an indicator of potential
manipulation.

Figure 4: Integrated manipulation score calculation framework.

The Weight Selection block illustrates the process of determining the weighting coefficients 𝑤𝑖 used
in the integrated manipulation score calculation. The weights are selected empirically or estimated
using a validation dataset. To ensure a balanced contribution of individual features to the final decision,
the weighting coefficients are normalized according to the following condition:

5∑︁
𝑖=1

𝑤𝑖 = 1 (9)

This normalization allows the weights to be interpreted as relative contributions of individual forensic
features to the final manipulation assessment and ensures a balanced formation of the integrated
manipulation score.

The proposed method combines computational efficiency, interpretability, and robustness, making it
suitable for the automated analysis of large-scale photo sets where rapid identification of suspicious
images is required prior to detailed forensic examination.

5. Experimental studies

The experimental evaluation was conducted to assess the effectiveness of the proposed method for
detecting manipulated images in large-scale photo sets. The experiments focused on evaluating the
ability of the method to distinguish authentic images from manipulated ones using histogram analytics,
multi-color space analysis, and image quality assessment metrics.

The experimental dataset consisted of authentic and manipulated images collected from publicly
available image forensics benchmarks and open image repositories. Manipulated samples included
images modified through contrast enhancement, color correction, object insertion, object removal,
image splicing, compression, and AI-based image generation techniques. The dataset contained images
of various resolutions, content categories, and manipulation levels to ensure the diversity of evaluation
conditions.

The developed software system was implemented as a web-based application that performs image
preprocessing, feature extraction, histogram comparison, color-space transformation, and manipulation



score calculation. The implementation allows users to upload images, perform automated analysis, and
obtain a quantitative assessment of image authenticity.

The experiments were performed on a workstation equipped with an Intel Core processor, 16 GB
of RAM, and a modern web browser environment. Since the proposed method relies primarily on
classical image processing operations rather than computationally intensive neural network inference,
the processing time remained relatively low even when analyzing large image collections (Figure 5).

Figure 5: User interface of the developed image analysis system.

To evaluate the contribution of individual forensic indicators, the integrated manipulation score was
calculated for each image according to the methodology presented in Section 4. Histogram similarity,
sharpness, contrast, noise level, and artifact measurements were extracted and combined using the
corresponding weighting coefficients. The resulting manipulation score was subsequently used to
classify images into authentic, suspicious, and manipulated categories.

The results indicate that manipulated images generally exhibit lower histogram similarity, reduced
sharpness consistency, altered contrast distributions, disrupted noise characteristics, and increased
artifact levels compared with authentic images.

To visualize the behavior of the integrated manipulation score, the distribution of score values was
analyzed for both authentic and manipulated image groups.

The obtained distributions demonstrate a clear separation between authentic and manipulated
samples. Authentic images typically produce lower manipulation scores due to the consistency of their
statistical and visual characteristics. In contrast, manipulated images generate higher score values



because multiple forensic indicators simultaneously deviate from their expected reference values. This
observation confirms the effectiveness of combining several complementary features into a single
decision metric (Figure 6).

Figure 6: Distribution of manipulation scores for authentic and manipulated images.

A detailed analysis of feature contributions revealed that histogram-based descriptors and sharpness
measurements provided the strongest discrimination capability. These features were particularly
effective for identifying synthetic content and heavily edited images. Contrast analysis contributed
to the detection of local enhancement operations, while noise and artifact measurements improved
robustness against image splicing and compression-based manipulations (Figure 7).

Figure 7: Relative contribution of extracted features to the manipulation score.

The proposed method demonstrated stable performance across different image categories and ma-
nipulation types. Unlike deep learning-based approaches, which often require extensive training and
retraining procedures, the proposed method maintained consistent behavior without dataset-specific
optimization. This property is especially important when analyzing heterogeneous large-scale photo
sets containing previously unseen image content.

Furthermore, the computational complexity of the method remained relatively low because all calcula-
tions are based on histogram processing, color-space transformations, and statistical feature extraction.



Consequently, the proposed approach can be applied as a preliminary screening mechanism for large
image repositories, identifying suspicious images that require more detailed forensic examination.

Overall, the experimental results confirm that the proposed method effectively detects manipulated
images by combining histogram analytics, multi-color space analysis, and image quality assessment
metrics. The integrated manipulation score provides a reliable indicator of image authenticity and can
be successfully employed in digital forensics, multimedia verification systems, and large-scale image
integrity monitoring applications.

6. Discussion of research results

The conducted experiments demonstrate that the proposed method is capable of effectively distinguish-
ing authentic images from manipulated images in large-scale photo sets. The obtained results confirm
that the integration of histogram analytics, multi-color space analysis, and image quality assessment
provides a reliable basis for image authenticity verification without the need for computationally
expensive deep learning models.

The analysis presented in Figure 6 indicates that authentic images consistently produced low ma-
nipulation scores, with an average value of 𝐾 = 0.11. In contrast, manipulated images generated
significantly higher scores, ranging from 𝐾 = 0.36 for color-corrected images to 𝐾 = 0.84 for im-
ages containing multiple simultaneous modifications. This behavior demonstrates that the proposed
manipulation score successfully captures deviations introduced by various image processing operations.

The distribution of manipulation scores shown in Figure 6 further confirms the discriminative
capability of the proposed approach. Most authentic images were concentrated within the low-score
region, whereas manipulated samples occupied significantly higher score intervals. Although a limited
overlap between the distributions was observed, the separation remained sufficient to support reliable
classification. The threshold values selected during the experimental evaluation allowed the method
to achieve an overall detection accuracy of 92.96%, indicating that the integrated manipulation score
provides meaningful information regarding image authenticity. An important observation is that
different manipulation techniques affect image characteristics in different ways. Contrast enhancement
and color correction primarily modify global intensity and color distributions, which are effectively
captured through histogram analysis and color-space transformations. Object insertion, object removal,
and image splicing introduce local inconsistencies that become evident through artifact and sharpness
measurements. AI-generated images simultaneously affect multiple image characteristics, including
texture structure, color distributions, and noise patterns, resulting in the highest manipulation scores
among all evaluated categories.

The feature contribution analysis presented in Figure 7 demonstrates that histogram-based descriptors
and sharpness measurements provide the strongest influence on the final decision-making process.
Histogram-related features contributed approximately 28% to the integrated score, while sharpness
indicators accounted for 26%. These results suggest that modifications affecting intensity distributions
and edge structures represent the most informative indicators of image manipulation. In contrast, noise
and artifact measurements contributed smaller but still significant portions of the overall score. Their
inclusion improved the robustness of the method, particularly for detecting local editing operations
and image splicing artifacts.

Compared with deep learning approaches, the proposed method offers several practical advantages.
First, it does not require a large annotated training dataset, which significantly reduces implementation
complexity. Second, the method remains interpretable because each feature contributes directly to the
final manipulation score and can be analyzed independently. Third, the computational requirements
are relatively low since the calculations involve histogram processing, color-space transformations, and
statistical measurements rather than large-scale neural network inference.

At the same time, several limitations should be acknowledged. The method relies on statistical image
properties and therefore may be less effective when manipulations preserve most low-level image
characteristics. Highly sophisticated editing techniques or advanced generative models may produce



images whose statistical properties closely resemble those of authentic photographs. In such cases, the
manipulation score may remain within intermediate ranges and require additional forensic examination.
Furthermore, the weighting coefficients used in the integrated score were determined empirically and
may require adjustment for specific application domains or image categories.

Despite these limitations, the experimental results indicate that the proposed approach provides an
effective and computationally efficient solution for the preliminary screening of large image repositories.
The method can rapidly identify suspicious images and prioritize them for more detailed forensic
analysis, thereby reducing the overall workload of image verification systems.

7. Conclusions

This paper presented a method for detecting manipulated images in large-scale photo sets based on
histogram analytics and multi-color space analysis. The proposed approach combines histogram com-
parison, color-space transformations, image quality assessment metrics, and an integrated manipulation
score to identify inconsistencies introduced by various image editing and generation techniques. Unlike
deep learning-based solutions, the developed method does not require extensive training datasets
and provides interpretable decision-making based on measurable forensic indicators. A software im-
plementation of the proposed method was developed and experimentally evaluated using a dataset
containing authentic and manipulated images representing different modification categories, including
contrast enhancement, color correction, compression artifacts, object insertion, object removal, image
splicing, and AI-generated content. The experimental results demonstrated that manipulated images
consistently produced higher manipulation scores than authentic images, confirming the effectiveness
of the proposed feature extraction and fusion procedures.

The conducted evaluation showed that the proposed approach achieved an overall detection accuracy
of 92.96%, with precision, recall, and F1-score values exceeding 92%. Histogram similarity and sharpness
indicators were identified as the most influential features, while noise and artifact measurements
provided complementary information that improved robustness against local image modifications. The
distribution of manipulation scores revealed a clear separation between authentic and manipulated
samples, supporting reliable classification and decision-making. The obtained results indicate that
the proposed method can be effectively used as a computationally efficient preliminary screening
tool for large-scale image repositories. The developed approach is suitable for digital image forensics,
multimedia integrity verification, biometric image analysis, and automated monitoring systems where
rapid authenticity assessment is required.

Future research will focus on extending the feature set, introducing adaptive weighting mecha-
nisms, and integrating machine learning techniques for automatic optimization of forensic indicators.
Further investigations will also consider hybrid frameworks that combine the proposed statistical
analysis approach with deep feature extraction methods to improve robustness against emerging image
manipulation techniques and advanced AI-generated content.
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