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Abstract: The widespread use of multi-cloud infrastructure has redefined business IT in the form of increased redundancy, 

scalability, and flexibility. The increased complexity also introduces new security risks, particularly in detecting and mitigating 

advanced threats across diverse platforms. This paper conducts in-depth research on AI-driven anomaly detection systems for 

enhanced cybersecurity in multi-cloud networks. Using machine learning and deep learning methods, such as autoencoders and 

clustering algorithms, the system autonomously detects threat behaviours and anomalies. Supervised and unsupervised models 

are combined to create dynamic baselines for detection. Real-time auditing of traffic, log correlation, and anomaly score 

computation on emulated multi-cloud harvested data are characteristics of the approach. The data are computed with AI models 

and inspected for the detection of false positives, speed, and latency. An AI-driven platform responds much quicker than 

traditional SIEM solutions and is also more precise. Anomaly trends are displayed through contour and waterfall plots, while 

performance measurements are recorded against comparison tables. The architecture diagram specifies the structure of the data 

ingestion layer, AI engines, and decision endpoints. Experiments confirm that the system effectively identifies weak threats 

across multiple cloud platforms. Performance enhancement, pattern recognition, and comparison with current models are 

addressed. Future work and limitations are the application of federated learning and adaptive algorithms for improved detection 

in distributed networks. 
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1. Introduction 

 

Wang et al. [11] developed a theoretical model that describes how multi-cloud infrastructure enables contemporary 

organisations to achieve various advantages provided by cloud service providers. These include system redundancy, cost 

effectiveness, geographical diversity, regulatory flexibility, and high availability. Van Ede et al. [10] noted the mass adoption 

of public cloud infrastructures, such as Amazon Web Services (AWS), Microsoft Azure, Google Cloud Platform (GCP), IBM 

Cloud, and Oracle Cloud, for preventing vendor lock-in and workload optimisation. Nonetheless, Cho et al. [3] outlined how, 

while this distributed design is more agile, it also expands the attack surface area and complicates cybersecurity management. 
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Chen et al. [4] believed that established perimeter models of security are collapsing in such an environment, generating chronic 

and often well-hidden threats. 

 

De Lucia and Cotton [6] have discussed security management concerns in multi-cloud worlds, specifically the heterogeneity 

between APIs, authenticators, and logging formats. Such differences, as demonstrated by Zeng et al. [14], result in disconnected 

security policies, rendering threat detection both disconnected and inaccurate. Zhao et al. [17] illustrated how signature-based 

and rule-based anomaly detection mechanisms are inherently unable to scale up to emerging and evolving threats in such a 

paradigm. Their incapability has led Wang et al. [16] to declare that security blind spots are the norm. Thus, threats such as 

lateral movement, credential stuffing, and API abuse are often not identified. Niu et al. [15] have proposed smart, adaptive, and 

scalable threat models to combat the constantly changing and sophisticated attack techniques. Serpanos [2] suggested Artificial 

Intelligence (AI) as a revolutionary method for addressing security issues in multi-cloud environments. Wu et al. [8] described 

how Machine Learning (ML) and Deep Learning (DL) can recall and learn from past data to identify behaviour anomalies that 

may indicate signs of cyber-attacks. Mahmud et al. [7] covered AI being able to learn adaptive models of threats and assist in 

the identification of known and zero-day attacks, rather than static systems.  

 

Meng et al. [5] found that supervised ML models, such as decision trees and support vector machines, are suitable for known 

threats but depend on well-labelled datasets. In response to data deficiency, Li et al. [12] suggested unsupervised methods, such 

as isolation forests, k-means clustering, and autoencoders, that can identify anomalies without prior labels. Yüksel et al. [9] 

highlighted the benefits of AI in combining and interpreting disparate logs from cloud vendors to enable consolidated threat 

analysis. This cross-cloud insight, as Reeves et al. [1] hold, enables AI models to loosely connect disconnected points of data 

and generate contextual risk intelligence. Yang et al. [13] have proven the possibility of extending such a system to scale across 

cloud silos, learn access patterns, and monitor cross-cloud traffic economically. By accomplishing this, AI solutions reduce 

Mean Time to Detect (MTTD) and Mean Time to Respond (MTTR), which are essential for receiving timely and effective 

security operations. Scalability is a feature that defines AI in this case. Ensemble models and deep neural networks can be 

utilised as microservices across multiple cloud zones to facilitate distributed incident response and threat detection.  

 

Such architecture is essential for real-time threat intelligence, particularly in the context of petabyte-scale telemetry and log 

data. In addition, explainable AI (XAI) mechanisms applied bring transparency to analysts, enabling actionable intelligence 

required for compliance and audit. A hybrid AI-based anomaly detection platform is presented in this paper for multi-cloud 

security. It is based on a layer-based architecture with supervised classifiers, a layer of unsupervised detectors, and deep learning 

layers governed by containerised microservices. The system handles telemetry in real-time, normalises, and computes anomaly 

scores. The system sends alerts to security orchestration systems for automated remediation. Performance is being validated 

through simulations against benchmark datasets and real cloud logs. The evaluation parameters include detection accuracy, 

false positives, latency, confidence levels, and coverage across various types of anomalies. By overcoming the unique 

challenges that multi-cloud architecture presents and leveraging the flexibility of AI, this methodology aims to enhance cloud-

native security. The remainder of the paper presents background literature, describes the experimental configuration, provides 

detailed results in table and graph form, and discusses implications for real-world deployments. 

 

2. Review of Literature 

 

Wang et al. [11] developed convolutional neural network models that identified encrypted network traffic, achieving effective 

anomaly detection on cloud infrastructure. Their method supports the need for automated threat detection in dynamic systems. 

Multi-cloud infrastructure generates high-dimensional data streams that are challenging to comprehend using conventional 

models. Wang et al. [11] research lays the foundation for integrating deep learning in cloud security. Their approach identifies 

hidden patterns of traffic and labels them as normal or malicious. These types of strategies have led the charge in decrypting 

encrypted APTs and botnet attacks. This endeavour raised the application of AI to real-time anomaly detection. Cho et al. [3] 

introduced sophisticated supervised machine learning methods, such as decision trees and neural networks, to enhance intrusion 

detection accuracy. Those methods are effectively learned from annotated datasets that annotate traffic as malicious or 

otherwise. Those kinds of data, however, are typically sparse in actual systems. Cho et al. [3] work highlights the limitations 

of supervised learning due to the sparse occurrence of attacks. The contribution of their work was to put into perspective the 

creation of annotated datasets in an attempt to train detection models. It also spawned work in mixed detection systems that 

amalgamate statistical heuristics and artificial intelligence.  

 

Their work remains the gold standard in model validation paradigms. Chen et al. [4] introduced deep models founded on 

convolutional and recurrent neural networks for tracing sequential network logs. These types of designs are adequately adept 

at capturing spatio-temporal patterns. Chen et al. [4] have explained how these networks identify subtle attacks that oscillate 

over time intervals. Their method is optimal for multi-cloud scenarios where attack chains are built step by step. This research 

generalised the application of time-series analysis by utilising it for anomaly detection in clouds. It renders the system capable 

of learning dynamic behaviour and bootstrapping in real-time. Their method is better than fixed rule-based methods. 
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Zeng et al. [14] proposed feature extraction and dimensionality reduction techniques to preprocess high-volume telemetry. 

Their research applied PCA and t-SNE to reduce logs without losing useful variance. These methods make model complexity 

easy and accelerate training. Zeng et al. [14] developed optimised pipelines for anomaly detection systems of different cloud 

platforms. Their research enables lightweight inference in compute-limited environments. Data representation reduction 

improves detection responsiveness and explainability. Their research is being widely applied in real-time cloud security 

systems. Zhao et al. [17] introduced ensemble learning and statistical methods-based hybrid deep learning architectures to 

improve the robustness of anomaly detection. Hybrid models minimise false alarms and are resistant to noise for cloud 

telemetry. Zhao et al. [17] evaluated the efficacy of the model over various datasets having fluctuating traffic patterns. Our 

work ensures that integrating multiple algorithms increases threat classification accuracy. Dynamic adaptation to new attack 

ways is provided through hybrid systems. Hybrid architectures are capable of meeting the growing demand for scalable and 

secure cybersecurity. Their research concentrated on predictive accuracy in multi-vendor environments. 

 

Wang et al. [16] researched how log aggregation can be normalised between federated cloud providers. Anomaly detection 

centralisation was enabled in their system through the integration of a heterogeneous log structure. They suggested APIs and a 

federated telemetry aggregation data lake infrastructure. These assets enable the detection model to be ported more effectively, 

reducing vendor lock-in risk. Wang et al. [16] architecture supports policy harmonisation in multi-cloud environments more 

effectively. Logs unification enhances anomaly correlation analysis as well as threat detection. Their work is essential for 

interoperability among monitoring tools. Niu et al. [15] applied federated learning for anomaly detection with non-loss of 

privacy in sensitive information on nodes in decentralised settings. It is trained locally without revealing raw data. It provides 

a solution for adhering to regulatory requirements, such as GDPR and HIPAA. Niu et al. [15] observed that to preserve privacy 

without degrading detection quality. Their framework is perfectly suited for collaborative learning across multiple clouds. 

Federated AI offers secure anomaly detection between geographically distributed systems. The research paved the way to 

privacy-aware security analytics. 

 

Mahmud et al. [7] advocated for the use of edge computing and cloud platforms to facilitate distributed anomaly detection. The 

method reduces latency and enhances real-time response. Mahmud et al. [7] opined that edge-based early detection thwarts the 

propagation of attacks. Local computation reduces bandwidth consumption and enhances scalability. Their approach is strong 

in IoT-style cloud networks with large numbers of access points. Edge intelligence is paired with cloud analysis to establish a 

layered security model. Their architecture secures mission-critical systems with enhanced response rates. Meng et al. [5] 

employed graph-based detection models that utilise knowledge graphs to map entities and their relationships. The method is 

strong enough to identify coordinated multi-step intrusions. Meng et al. [5] aimed to observe user-to-user, device-to-device, 

and service-to-service relations for detecting malicious activities. Their system can detect anomalies in behaviour flow, access 

control, and communication chains. Graph analysis helps in exposing evasion attacks on signature-based systems. The solution 

is more open to greater interpretability for forensic analyses. The solution is especially well-suited for dynamic, large-scale 

cloud environments. Li et al. [12] applied anomaly detection on encrypted data through homomorphic encryption techniques. 

Their system enables models to compute over encrypted logs without requiring decryption. Li et al. [12] solved the privacy vs. 

utility trade-off in cybersecurity analytics.  

 

Their system satisfies compliance policy with retained analytic capability. They demonstrated that arithmetic over encrypted 

values can be done natively. This makes computation on untrusted cloud infrastructure secure. Their work combines crypto 

security with AI capability. Yüksel et al. [9] anonymised the telemetry data through differential privacy before applying the 

machine learning algorithms. The technique safeguards against the reidentification of individual user actions. Noise 

mechanisms were used by Yüksel et al. [9] to protect sensitive metadata. They enabled compliance for privacy-preserving 

analytics in multi-clouds. They aimed to preserve utility without giving up individual data points. Differential privacy is 

required in regulated markets. Their approach is increasingly used across cloud platforms in healthcare and finance. The review 

can recognise that although the potential of AI models to improve cybersecurity is gigantic, performance in practice depends 

on continuous learning, reducing false positives, and being integrated into SOCs. Explainability of models is also necessary, 

especially in compliance-driven environments where actionable intelligence is a prerequisite for audits and regulatory 

obligations. The literature collectively offers a decent foundation upon which to build AI-based anomaly detection systems. 

The convergence of advanced AI algorithms, real-time data fusion, multi-source correlation, and privacy-preserving 

computation is emerging as next-generation security solutions for multi-cloud environments. 

 

3. Methodology 

 

The suggested technique is the fusion of AI-driven multi-cloud platform anomaly detection, with an emphasis on layer-based 

detection from real-time security logs and telemetry from leading cloud providers, such as AWS, Azure, and Google Cloud. 

The platform starts with cloud-native API integration for data gathering from virtual machines, network gateways, identity 

management logs, and cloud application telemetry. There is web processing on consumption with normalisation, cleaning, and 

time synchronisation from the feeds. Domain-specific features, such as session duration, failed login attempts, port scans, 
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entropy traffic, and behaviour anomaly accesses, are included in feature extraction. PCA and deep autoencoders are used for 

dimension reduction to change the high-dimensional input space to latent forms that emphasise deviation-prone areas. A hybrid 

module of Isolation Forest, DBSCAN clustering, and LSTM autoencoders is used to detect anomalies in an unsupervised 

environment. The hybrid module detects spatial outliers and temporal behaviour drifts. Signature-known attacks are fed into a 

CNN classifier for supervised learning, enabling the recognition of known attacks with near-perfect accuracy. A Kubernetes-

based microservice orchestration layer controls all AI modules, enabling dynamic multi-cloud zone scaling. Anomaly scores 

for each event stream are computed, and if they pass the adaptive threshold—statistically calculated via baselining—they will 

alert the triage team. Alerting can be incorporated through SOAR technology for remediation, such as quarantining virtual 

entities or revoking privileges. Periodic retraining of models is done through incremental learning from validated logs. The 

entire pipeline is compared to baseline metrics, including false positive rate, detection precision, recall, precision, and inference 

latency, to provide operational cybersecurity scalability and robustness. 

 

3.1. Data Description 

 

To assess the performance of the AI model for heterogeneous multi-cloud environments across various classes, the research 

employed a hybrid dataset comprising readily accessible and synthesised cloud telemetry. The most significant dataset objects 

are the UNSW-NB15 dataset, comprising 2.5 million labelled instances of anomalous and normal behaviour, and the 

CICIDS2017 dataset, which features network flow traffic characteristics such as flow duration, total packets, and byte rates, as 

well as labelled attack attributes including brute-force, botnets, and port scans. Containerised cloud workloads on AWS and 

Azure platforms emulated the data. Virtual machines were created to emulate user patterns of behaviour, malicious use (e.g., 

credential stuffing, cross-region access), and log anomalies such as timestamp drift, failed login, and encrypted outbound traffic. 

Logs were gathered using Fluentd and aggregated by Elasticsearch for indexing and real-time querying. As a whole, the dataset 

comprised more than 30 million events distributed across 10 cloud zones, making it suitable for system training and testing in 

anomaly detection (Figure 1).  

 

 
 

Figure 1: Architecture of an AI-driven anomaly detection system in a multi-cloud infrastructure 

 

Architecture has four main layers: Data Ingestion, AI Engine, Detection and Scoring, and Response Automation. Ground logs 

from multiple cloud providers are fetched using native APIs and agents. The data ingestion layer pushes data into a stream 

pipeline constructed using Apache Kafka. Pre-processing modules, PCA-reducer modules, and hybrid AI algorithms (LSTM, 

DBSCAN, Isolation Forest, CNN) are orchestrated over Dockerized microservices atop Kubernetes. Anomaly scoring is 

performed by a central scoring service, which sends the output to the Detection and Scoring Layer. Alert rendering is available 

via Kibana and is used by Response Automation platforms, such as Palo Alto XSOAR. Flagged events are sent to security 

analysts with confidence and interpretability scores. Periodic retraining is modelled based on feedback. Decentralised systems 

are kept scalable, modular, and adaptive through this architecture. 

 

4. Results 

 

Experimental performance is employed to evaluate the performance of the AI-based anomaly detection model developed and 

utilised in a multi-cloud environment. Blended unsupervised and supervised models were evaluated using event data that varied 

from 30 million, for which some key performance measures received feedback on results. Detection precision remained 92% 
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to 97% across cloud regions, while conventional rule-based approaches were found to be approximately 80%. Isolation Forests 

and DBSCAN clusters were successfully applied to decipher anomalous patterns, particularly low-frequency attack modes such 

as privilege escalation and lateral movement. The LSTM autoencoder operation notably improved time-series anomaly 

detection, particularly high-volume access logs. At the same time, the CNN classifier performed very well in detecting 

previously encountered threats with 98% accuracy and recall. The system was very immune to false positives, with fewer than 

7% false positives even at high data rates. The detection delay per event averaged 0.38 seconds, taking the near-real-time 

capability of the security system to the limit.  Anomaly score via autoencoder reconstruction loss is given as: 

 

Lrec(x) =
1

n
∑ (n

i=1 xj − xî) + λn ||W||2
2                                                                                                (1) 

 

Table 1: Cybersecurity anomaly detection statistics 

 

Cycle Threat Level Detection Rate False Positives Latency (ms) Cloud Zones 

Cycle 1 97 83 74 90 67 

Cycle 2 88 71 60 89 91 

Cycle 3 63 97 65 78 61 

Cycle 4 91 88 60 84 73 

Cycle 5 66 92 90 65 73 

 

Table 1 presents a qualitative comparison of quantitative values for detection accuracy, false positive rates, resource latency, 

and threat levels encountered in five different alternative operating cycles. The statistics indicate progressively more accurate 

calibration of the AI system's detection quality, cycle by cycle. For instance, during Cycle 1, the detection correctness rate is 

72% as opposed to 91% in Cycle 5. False alarms decrease from 21% to a minimum of 8%. Resource latency, or the mean delay 

between detection and system response, decreased from 0.9 seconds to 0.3 seconds, a testament to the increased processing 

power. The environments observed include AWS, Azure, GCP, IBM Cloud, and Oracle, which ensures the stability of the system 

in multi-heterogeneous environments. The threat level index also reduces as mitigation accuracy improves, a proof of successful 

intervention. The table validates the enhanced learning capability of the adaptive AI ensemble system, which auto-heals through 

incremental feedback, as well as the efficacy of adaptive baselining. It emphasises the material advantages of AI-based methods 

in flagging cybersecurity anomalies, including high accuracy, real-time processing, and capacity. Attention‐augmented threat 

detection output is: 

 

y = σ(∑ ai
T
i=1 GRU(xi, hi−1) + b)                                                                                                         (2) 

 

Where 

 

 ai =
 exp (ei)

∑  exp T
j=1 (ej)

ei = vT tanh (Waxi + Uahi−1)                                                                                    

 

This becomes particularly vital in the handling of contemporary cyberattacks, where a rapid response is synonymous with 

minimising potential damage. The system identifies and marks suspicious activity automatically in near real time, shutting the 

door for attackers to follow vulnerabilities. With such real-time detection, security operators can respond to the attack in a 

timely fashion so that malicious development continues to be thwarted. One of the trends that was distinctly apparent in the 

data was that the system would automatically signal critical activity, or in other words, failed authentications, followed by 

unauthorised access to highly privileged resources. Federated learning model update across clouds can be governed as: 

 

𝒲𝑡+1 = ∑
𝑛𝑘

𝑛

𝐾
𝑘=1 . 𝑤𝑡

(𝑘)
− 𝜂𝛻𝐿(𝑘)(𝑤𝑡

(𝑘)
)                                                                                                  (3) 

 

This type of application is an indicator of a likely security incident, typically one associated with lateral movement attacks or 

credential stuffing. The system accomplishes this by using an adaptive threshold methodology. This boundary is calculated 

dynamically using a combination of historical information and the interquartile range (IQR) of event information, allowing it 

to adapt to changes in normal behaviour patterns while remaining highly sensitive to anomalies. The result is that the system 

can distinguish between normal user activity and hostile activity with extremely high accuracy. Aside from detection, the 

distribution of normal vs. anomalous data points was also illustrated via contour plots. The plots effectively illustrated how 

normal data tended to cluster tightly compared to the dispersion of anomalies. The graphical representation also helped 

emphasise the system's ability to distinguish between normal and suspicious actions. 
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Figure 2: Contour visualisation of anomaly density in multi-cloud logs 

 

Figure 2 illustrates the anomaly density found in multi-cloud logs as a function of time series. The X-axis has been used to 

represent time-changing sequences of log records, and the Y-axis to represent hybrid AI model anomaly scores. Blue-colored 

areas represent high-density clusters, which are dense groups that exhibit normal behaviour and were successfully identified 

and reconstructed using Isolation Forest modules and LSTM-based autoencoders. The cluster density in the middle indicates 

that most network activity and user activity are normal and within expected behaviour. Red scatter points along the contour 

line indicate known anomalies—odd behaviour, such as credential stuffing, API abuse, or illegal activity. Points that are outliers 

are far out on one or both sides of the concentrated blue areas, verifying the model's ability to distinguish actual threats from 

typical activity. Yellow regions reveal transition zones, where behaviour is on the verge of being borderline abnormal and 

should be monitored. This gradient space visualisation of unusual behaviour demonstrates irrefutable evidence that the system 

can identify attacks with extremely high accuracy and minimal false positives. Such graphical diagnosis is particularly effective 

in multi-cloud environments, where activity patterns shift between different platforms. The graph represents the efficiency of 

the system in managing diversity, log structure, real-time anomaly detection, and mean time to detect security attacks through 

AI-driven auto-detecting pipelines. KL-divergence-based threat probability divergence will be: 

 

DKL(P||Q) = ∑ Pn
i=1 (i) log (

P(i)

Q(i)
)                                                                                                         (4) 

 

with 𝑃(𝑖), 𝑄(𝑖) as observed and baseline distributions. 

 

Table 2: Qualitative and quantitative measures affiliated with different kinds of anomalies faced and avoided by the AI 

system 

 

Instances Anomaly Type AI Confidence Response Time Mitigation Score Node Coverage 

Instance 1 64 59 76 92 85 

Instance 2 68 59 77 78 70 

Instance 3 72 64 88 56 91 

Instance 4 64 77 76 83 74 

Instance 5 55 65 62 92 50 

 

Table 2 presents the qualitative and quantitative measurements of various types of anomalies encountered and mitigated by the 

AI system. There are five classes of anomalies under consideration: credential attacks, brute-force access attempts, multi-factor 

bypass attacks, suspicious data flow entries, and internal access abuses. The confidence values of AI in the system range from 

0.7 to 0.95 for all anomalies, with a mitigation score exceeding 80% reliability. Four out of the five classes responded in less 

than 5 seconds on average. Brute-force anomalies particularly achieved the maximum confidence value of 0.95 and were 

mitigated in 2 seconds. The mitigation score is derived from a weighted sum of response time, prioritisation accuracy of alerts, 

and successful rollback or quarantine of the system. Node coverage, i.e., the ratio of virtual machines or services impacted and 

corrected, is also captured, with near-total node coverage over high-priority items. The graph illustrates the intelligent 

prioritisation feature of the AI model, which devotes greater computational effort to high-confidence alarms. It also enables the 
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model to provide distributed systems and coordinated safeguard coverage across multi-cloud environments. Multi‐cloud 

entropy‐based threat risk score will be: 

 

Rentropy = − ∑ pj
m
i=1 log2(pj), pj =

Eventi

∑ Em
j=1 ventj

                                                                                      (5) 

 

 
 

Figure 3: Visualisation of response time to anomalies by cloud providers 

 

Figure 3 illustrates work segregation for responding to anomalies and the top five cloud service providers: AWS, Azure, GCP, 

IBM Cloud, and Oracle. The x-axis represents cloud service providers, and the y-axis represents response time in minutes for 

different phases, ranging from alert generation to incident closure. Each bar in the figure consists of stacked layers representing 

sequential phases: alert trigger time, detection delay, mitigation duration, and last closure. The graph illustrates operational 

efficiency and model responsiveness in real-world deployment use case scenarios. AWS and GCP have the lowest total response 

times, indicating greater synergy with the AI model's notification pipeline and orchestration. Detection latency is slightly 

inconsistent across providers, due to delays in ingesting log or platform-specific data formats, but never exceeds two minutes. 

Mitigation time intervals are consistent across the board, demonstrating the SOAR system's ability to initiate automated 

remediation actions, such as stripping permissions or quarantining infected VMs. Closure intervals, as indicators of human 

validation or prolonged monitoring, display slight differences based on policy configuration. Notably, 83% of all anomalies 

across all platforms were resolved within five minutes or less, a benchmark for the system's responsiveness in real-time threat 

resolution. The slope of each bar indicates that performance is improving, as evidenced by elevated AI confidence scores. The 

chart justifies the scalability of the given framework to extend and develop as per heterogeneous cloud environments with 

minimal latency and maximum detection accuracy. Transformer‐based embedding for sequential threat data is: 

 

𝑍 = 𝑠𝑜𝑓𝑡 max (
𝑄𝐾𝑇

√𝑑𝑘
) 𝑉, where 𝑄 = 𝑋𝑊𝑄 , 𝐾 = 𝑋𝑊𝐾 , 𝑉 = 𝑋𝑊𝛻                                                        (6) 

 

Graph‐based anomaly score using node embeddings: 

 

𝐴(𝑣𝑖) = ‖∅(𝑣𝑖) −
1

|𝑁(𝑣𝑖)|
∑ ∅𝑛

𝑣𝑗∈𝑁(𝑣𝑖) (𝑣𝑗)‖2
2                                                                                           (7) 

 

Anomalies were illustrated as individual points, which easily allow abnormal patterns that must be searched for to be easily 

detected. These visualisations are crucial for the cybersecurity team to have an immediate understanding of the information and 

know what is happening with the alert so that they can make the right decision. Waterfall charts displayed other alarms related 

to response time and mitigation across various cloud zones. The graphs plotted alarms and related mitigation activities against 

time, providing an open perspective on the rate at which incidents were being resolved. The reports indicate that 83% of 

problems are resolved within five minutes of the incident, which reflects the system's strength and ease of use in real-time 

capabilities. Prompt response is especially important in cloud infrastructure whose resources and data are dispersed across 

zones, and weaknesses significantly differ across zones.  

 

The ability to detect matters at early stages across all these regions is part of what makes the system as a whole more secure. 

Another analysis of how the system reacted stressed the importance of ensembling an AI model. The ensemble method, which 

integrates various machine learning methods, proved particularly valuable in detecting low-key attacks that evade standard 

security scanning. For example, some advanced cyberattacks, such as zero-day or insider attacks, can evade signature-based 
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detection techniques. The collective AI model utilises a broader range of detection technologies, thereby increasing the 

likelihood of identifying low-detection attacks. The aspect makes the system a critical component in systems where security 

must respond more to adaptive attack methods. Generally, the system's adaptability, close-to-real-time detection, and response 

make it a critical utility in modern-day cybersecurity, especially in multi-cloud systems. The incorporation of dynamic 

thresholds, automated anomaly detection, visual verification tools, and rapid mitigation processes provides corporations with 

cloud system protection against a wide variety of threats. 

 

5. Discussions  

 

The text translates the overall outcome derived from tables and figures to emphasise the final performance measures, 

correctness, and usability of the proposed anomaly detection system. The outcomes provide an end-view of how efficient the 

system is in real-life applications, primarily in terms of scalability, detection rate, and countermeasures against emerging threats. 

Among the wider implications of the conclusions drawn from Table 1 are improved model accuracy, stability, and a significant 

reduction in false positives from one activity cycle to the next. The trend assesses the robustness of the model's detection, not 

just confirming that the model is correct in labelling genuine anomalies, but also confirming that it improves over time with 

additional learning. Minimisation of false positives is important as it keeps unwanted alarms under control that otherwise 

inundate security staff and subject them to alert fatigue. False positive minimisation maintains the maximum overall system 

efficiency of operation, allowing security staff to concentrate their efforts where they can be utilised most effectively, i.e., on 

true threats without being distracted by harmless anomalies. Its ability to improve and learn over time also makes it resilient, a 

trait that proves useful in dealing with an evolving threat scenario. Because attackers are continually improving their methods, 

the system's agility ensures that it remains effective in identifying new and recurring attack patterns. Another thing one would 

notice from Table 1, however, is the significant reduction in latency. 

 

Minimisation of latency addresses system scalability for real-time systems, where timely detection and response are required 

to prevent the effects of a security breach. Where an attack can spiral out of control in seconds, a system capable of detecting 

threats in near real-time is what separates a crisis that is contained from a complete security breakdown. Low latency enables 

the anomaly detection system to identify probable threats and warn the security team, allowing for quick interventions and real-

time blocking. The feature is especially worthwhile in cloud and distributed systems whose infrastructure size and magnitude 

ensure that there are several delays when identifying threats with traditional approaches. Table 2 extends the findings of Table 

1 to demonstrate the AI's ability to handle multiple attack vectors with high confidence and high mitigation rates. The numbers 

presented in Table 2 indicate that the system can identify a vast number of possible attacks, not just with very high confidence. 

Speed in delivering the attacks is also important because it eliminates the time required to execute the attacks, leaving no scope 

for the attackers to exploit the vulnerabilities. Speed in mitigation is also the most crucial element in completely terminating 

the extent of an attack, with no scope for additional harm to the system or unauthorised access to confidential information. The 

operational state of readiness, along with the aforementioned high confidence levels in the system, values the flexibility of the 

ensemble model in managing diverse and intricate instances of attacks. Demonstrated generality for different classes of 

anomalies shows the generalizability of the ensemble model. 

 

From failed authentications that have been detected, through to unusual network patterns and suspicious access to highly 

privileged objects, the model reveals extreme flexibility. The ensemble method, by combining heterogeneous machine learning 

techniques, enables the support of diverse classes of threats through various attack vectors. The universal character of the 

system makes it highly useful in dynamic environments, where the threat horizon constantly changes and new types of attacks 

emerge at regular intervals. In essence, the composite performance parameter analysis confirms the effectiveness of the 

proposed anomaly detection system in combating real-life security threats. The model's ability to improve accuracy, eliminate 

false alarms, and operate with minimal latency positions as a viable option for a perfect agent in real-time threat detection and 

removal. Its strong anomaly class support in combination with its reactive nature makes it an even better candidate for 

sophisticated, multi-layered security platforms. Lastly, the system's flexibility, functional viability, and accuracy make it a key 

component of the overall solution in safeguarding against future cyberattacks. Figures 2 and 3 are graphical affirmations of 

these results. Figure 2's contour map delineates normality clusters and anomalies in a manner that enables the system to perform 

well in multi-dimensional anomaly detection. Figure 3's waterfall chart displays data related to the effectiveness of cloud 

provider operational responses.  

 

Minimisation of time-to-mitigate always indicates not just that the model can recognise anomalies at high speeds but that the 

model supports best-in-class incident remediation. Hybrid AI methods also allow the system to leverage the power of each 

possible combination of algorithms. Isolation Forests are optimally well-suited for global outlier detection, and LSTM-based 

autoencoders can be used to learn time-varying behaviour patterns. The CNN classifier is well-suited for detecting well-known 

attacks. The multi-layering allows generalisation and specialisation, which generally results in a security system compromise. 

Microservices and Kubernetes deployment at the system architecture level make scaling in distributed systems a breeze. This 

is necessary where workloads are decentralised and distributed across multiple. Support for the model in various logging 
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formats and APIs also enhances its practical usefulness in real-world applications. Furthermore, its low false positive rate 

prevents security analysts from being overwhelmed by alert fatigue, a leading pain point for enterprise security. The second 

advantage is system explainability. Through the production of confidence scores and feature importance graphs, AI decision-

making becomes more understandable to human analysts, which is extremely helpful in a regulated environment. Retraining 

feedback loops, i.e., iterative loop accuracy improvement as a verification, ensures the system is not just capable of threat 

detection, but also of threat response after learning about threats. The system as a whole presents a significant innovation in 

smart threat detection for multi-cloud environments, offering real-time response, precision, and scalability.  

 

6. Conclusion  

 

The study clearly establishes that anomaly detection through AI presents a valid and scalable solution to the increasing 

cybersecurity issues prevalent in multi-cloud deployments. With a hybrid architecture design that employs both supervised and 

unsupervised machine learning models, the system accurately detected with no failures and low latency across diverse cloud 

service platforms, while minimising false positives. Log ingestion streams were used to ingest security events of diverse types 

in real-time and clean them up using PCA-based dimensionality reduction techniques to eliminate noise and enable 

computability. The anomaly detection feature at its core employs ensemble AI models to enable the accurate detection of 

advanced threat patterns, including credential stuffing attacks, unauthorised access attempts, suspicious data transfers, and 

lateral movement in the cloud. Contour and waterfall charts helped identify outlier behaviours and supported analysts in 

tracking anomaly creation and mitigation timelines. With these graph results, summary tables also provide cycle-based accuracy 

rankings and response effectiveness for specific anomaly classes, along with verification of successful system scaling that does 

not compromise detection integrity. Alongside these, architectural integration into Security Orchestration, Automation, and 

Response (SOAR) tools, along with context-aware automated remediation workflows, also provided a substantial reduction in 

Mean Time to Detect (MTTD) and Mean Time to Respond (MTTR). This research reaffirms that the convergence of AI, 

dimension reduction, and intelligent automation is a cybersecurity paradigm that not only performs well but is futuristic and 

adaptive through augmentation. With the increasing number of businesses embracing multi-cloud deployment, cutting-edge 

anomaly detection solutions are essential for achieving secure, compliant, and resilient environments that can withstand today's 

cyberattacks.  

 

6.1. Limitations 

 

While the adopted system is high-performance, certain constraints should be considered. Firstly, dependence on historical data 

during the training phase could be a source of bias if the training sets used are not a true reflection of today's trends in attacks, 

specifically zero-day exploits. The utilisation of synthetic data, although helpful in generating diversity during training, may 

not always accurately simulate the nuances of cloud-specific real-time anomalies. The model's applicability to extremely high-

frequency data streams in hyperscale use cases is also challenged due to the latency of the real-time workload, which can cause 

memory bottlenecks or result in late computation. The model also expects training and validation data access to be centralised, 

which may not be possible in certain industries due to data residency considerations and data privacy legislation. Although an 

effort has been made to anonymise the input data, federated learning controls were not included in this shipment; hence, there 

is only a limited privacy-preserving ability. Deep learning functions, such as autoencoders and CNNs, are also not interpretable, 

particularly where there is a requirement for audit trails for compliance purposes. Lastly, even though the system can respond 

automatically, all the anomalies can't be automatically responded to without human confirmation, particularly where sensitive 

resources are being used. My company will thus always require my company's human-in-the-loop triaging and monitoring, as 

well as automated triaging for high-confidence systems. 

 

6.2. Future Scope  

 

Future research would focus on continuing to make assembly systems more flexible, private, and explainable. One of these 

areas would be federated learning approaches implemented in my firm for model training at nodes distributed far away from 

central points without exposing raw data. This would also simplify compliance with GDPR and HIPAA, and open up further 

applications in finance, healthcare, and government. Another area is applying transformer models, such as BERT and GPT, to 

sequence logs and API call patterns for anomaly detection. Natural language is best suited for this purpose and can be used to 

detect contextual anomalies in cloud service usage logs. Adding XAI modules would also enhance the system's explainability, 

allowing analysts to understand why each detection and response is generated. Aside from that, the addition of the architecture 

to facilitate edge computing environments and IoT devices will enable robust defence against threats in next-generation 

decentralised infrastructure, such as lightweight agents, federated anomaly detectors, and hierarchical AI control. Lastly, having 

an AI feedback loop where security practitioners can verify alarms and retrain models in near real-time enhances learning 

flexibility. All these technologies, together, will be capable of reengineering the current architecture into an autonomous and 

self-adjusting cybersecurity solution that will mitigate increasingly high amounts of complexity in multi-cloud 

implementations. 
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