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 Real-time payment platforms operating at scale face an unforgiving 

operational reality: even brief outages translate directly into failed 

transactions, regulatory exposure, and eroded customer trust. Database 

replication and failover automation have matured considerably over the past 

two decades, yet a troubling blind spot remains. Recovery frameworks built 

for general-purpose distributed systems were never designed with settlement 

finality in mind, and that design omission leaves payment operators exposed 

to split-brain scenarios that generic high-availability tooling cannot reliably 

prevent. This paper addresses that omission head-on through a self-healing 

database fabric purpose-built for payment rail environments. The proposed 

autonomous resilience fabric architecture (ARFA) operates across three 

coordinated layers: a continuous monitoring layer that harvests telemetry 

from compute, storage, and network subsystems; a decision layer that fuses 

rule-based heuristics with an ensemble of isolation forests, recurrent neural 

networks, and gradient boosting classifiers to separate genuine fault 

conditions from transient noise; and a deterministic action layer that 

executes recovery procedures anchored to explicit settlement finality 

constraints. In fault injection trials covering node crashes, network 

partitions, replication lag, and performance degradation, the architecture cut 

average recovery times by 88% against manual baselines, restoring service 

in roughly 8 seconds rather than the 180 seconds that human-driven 

remediation typically requires. False positive rates held below 2% across all 

failure categories, and the system achieved a 98% recovery success rate. 

Taken together, these results make a practical case that autonomous 

resilience and regulatory compliance reinforce rather than conflict with each 

other when the regulatory constraints are designed in from the start. 
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1. INTRODUCTION 

Payment infrastructure sits at the intersection of two demanding and sometimes conflicting 

requirements: the operational need for continuous availability and the regulatory mandate for settlement 

finality. Systems processing millions of transactions per hour cannot tolerate recovery procedures that stretch 

into minutes, yet the financial consequences of data inconsistency during recovery are severe enough that 

careful, validated remediation is not optional [1]. Modern payment networks have grown in complexity 

considerably faster than the tooling designed to protect them, exposing failure scenarios that traditional high-

availability mechanisms simply were not built to handle [2]. 

https://creativecommons.org/licenses/by-sa/4.0/
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When something fails in a conventional deployment, human operators step in assessing what went 

wrong, deciding on a response, and coordinating the actual failover or restart. This approach holds up 

reasonably well when failures are isolated and predictable. It breaks down under precisely the conditions that 

matter most: simultaneous degradation across multiple components, cascading failures that outrun manual 

response capacity, and infrastructure events that strike at 3 a.m. on a holiday weekend [3], [4]. Measured 

against the sub-second transaction processing demands of FedNow and comparable payment rails, incident 

response windows of 90 to 300 seconds are not tolerable edge cases—they represent a structural gap between 

what the infrastructure can deliver and what the business requires [5]. 

Rule-based automation narrows this gap only partially. Threshold monitors catch clear-cut failure 

events reliably enough, but they were not designed to detect the subtler degradation patterns—creeping 

replication lag, a buffer pool filling slowly, intermittent network jitter—that tend to precede catastrophic 

failures by meaningful intervals [6], [7]. More critically, static rules have no natural way to encode settlement 

finality constraints. They address symptoms without understanding what it means for a failover to be safe in 

the context of an active payment settlement [8], [9]. Geo-distributed payment deployments have sharpened 

this problem considerably: enforcing consistency guarantees across nodes separated by real network latency 

requires coordination logic that threshold monitoring simply cannot provide [10]. 

The architecture presented in this paper takes settlement finality not as a post-recovery check but as 

a governing condition woven into every recovery decision [11]. Its specific contributions are the following: 

i) the autonomous resilience fabric architecture (ARFA), a three-layer self-healing control framework 

integrating ensemble machine learning (ML) based anomaly detection, deterministic failure classification, 

and coordinated recovery execution; ii) a formal decision algorithm that maps failure types to recovery 

actions while explicitly enforcing finality constraints—a capability absent from published frameworks;  

iii) direct integration of federal regulatory requirements into recovery orchestration logic, structurally 

preventing split-brain scenarios from corrupting payment settlement state; and iv) experimental results across 

simulated fault scenarios demonstrating an 88% improvement in recovery times against manual baselines, 

with false positive rates held below 2%. Figure 1 how the three layers interlock: the monitoring layer 

continuously feeds telemetry upward, the decision layer applies hybrid classification logic, and the action 

layer executes recovery steps within finality-aware boundaries. 

 

 

 
 

Figure 1. Autonomous resilience fabric architecture (ARFA) 



                ISSN: 2088-8708 

Int J Elec & Comp Eng, Vol. 16, No. 3, June 2026: 1360-1368 

1362 

Looking at the broader research landscape, self-healing systems have moved well past theoretical 

discussion; production deployments in mission-critical environments now routinely demonstrate zero-

downtime recovery driven by AI-based frameworks [1], [12], [13]. Deep learning, in particular, has proven 

effective on high-frequency transaction data, identifying anomalies that conventional threshold methods miss 

because it analyzes patterns over time rather than isolated metric values [14], [9], [15]. Fault tolerance 

research has mapped the failure space thoroughly, from component outages to Byzantine faults and network 

partitions, providing the theoretical scaffolding that practical architectures like ARFA depend on [16], [17], 

[7]. The unique challenges of consistency and integrity in financial data have drawn ongoing research interest 

[18], [19], and Byzantine fault-tolerant consensus algorithms have matured to a point where they can be used 

in production [17], [7]. 

High-availability database architecture has advanced considerably alongside these developments, 

with synchronous replication, leader election, and automated failover now standard features in most 

commercial systems [20], [4], [21]. Autonomous database platforms have pushed further, incorporating 

predictive failure analysis, adaptive self-tuning, and automated backup and recovery [22], [23], [5], [11]. The 

integration of ML into database management has enabled anomaly detection and adaptive resource allocation 

at a sophistication level that was impractical only a few years ago [6], [24]. Published results for consensus-

based failover mechanisms report recovery windows of 30 to 120 seconds [19], [25], a baseline that this work 

improves upon substantially through deterministic recovery sequencing and parallel validation. 

What the literature notably lacks is a framework that treats payment settlement finality as a hard 

engineering constraint rather than an operational guideline to be satisfied after the fact. Existing systems 

optimize for availability or consistency in isolation; the architecture proposed here treats the regulated 

interaction between them as the primary design challenge. Table 1 documents where current AI-driven 

anomaly detection approaches stand on the false positive dimension—context that situates the system's sub-

2% false positive rate against the 3%-5% rates reported in the state of the art. 
 

 

Table 1. AI-driven anomaly detection techniques for payment systems 
Detection technique Application area Key capability 

Deep learning neural networks Multi-dimensional telemetry 

analysis 

Identifies composite failure signatures across correlated 

metrics 

Temporal pattern recognition Transaction latency monitoring Detects gradual degradation before visible stalls occur 

Adaptive baseline modelling Workload fluctuation management Distinguishes harmless variations from genuine 

precursors 
Statistical pattern recognition High-frequency transaction streams Processes thousands of data points simultaneously 

Behavioral anomaly classification System health assessment Separates noise from true indicator signals 

 

 

2. METHOD 

ARFA is organized around a straightforward principle: operators must be able to know, in advance, 

exactly what the system will do when a specific failure occurs. That predictability is not in tension with the 

use of machine learning; it constrains where ML is applied. The architecture uses deterministic logic for 

decisions where correctness is non-negotiable and reserves ML for the pattern recognition tasks where rule-

based approaches genuinely fall short. Three layers express this division of responsibility: monitoring 

provides situational awareness, decision classifies and decides, and action executes with finality awareness 

built in. 

 

2.1.  Monitoring layer 

Good recovery starts with good data. Before any classification or decision logic can function, the 

monitoring layer must maintain an accurate, current picture of cluster health and for payment workloads, that 

means tracking the metrics that actually matter: transaction latency, commit rates, replication lag, buffer pool 

fill levels, and lock wait times. Collecting everything continuously at maximum granularity would itself 

degrade the system being monitored, so the layer uses adaptive sampling, tightening collection intervals 

when emerging stress patterns appear and relaxing them under stable conditions [26]. 

Metrics arriving from distributed nodes are consolidated by aggregation modules into unified cluster 

health representations. These representations persisted in time-series databases, which serve two purposes: 

they establish the behavioral baselines against which anomalies are measured, and they preserve historical 

trends that can reveal slow-moving degradation patterns before they become acute. The monitoring 

infrastructure deliberately keeps three separate metric pipelines performance, consistency, and availability, 

rather than collapsing them into a single health score. A performance anomaly and a consistency anomaly 

may require entirely different responses and losing that distinction early in the pipeline makes beneficial 

downstream decisions harder. 
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2.2.  Decision layer 

Not all failures require the same kind of reasoning. Node crashes, primary-replica promotion 

sequences, and well-characterized replication failures follow known signatures accumulated from real 

production incidents and for these, deterministic rule engines are the right tool. They process incoming health 

data through logic trees that encode operational experience directly, firing quickly and predictably without 

any of the variance that a probabilistic model introduces. This matters in payment environments: when a 

node fails during peak settlement hours, operators and regulators need confidence that the system's response 

was not shaped by a model whose internal state is difficult to inspect. 

Machine learning handles what rules cannot gradual, multi-dimensional degradation patterns that 

develop below threshold boundaries and fall outside any known failure signature. The ensemble combines 

isolation forests for statistical outlier detection, recurrent neural networks for temporal pattern recognition 

across metric sequences, and gradient boosting classifiers for robust multi-feature discrimination [15]. These 

models are updated as new failure signatures appear in production data, but the update process is managed 

carefully: hyperparameter changes go through validation before deployment, and the update pipeline is 

designed to prevent a destabilized model from introducing the false positives it exists to suppress. Every 

detected anomaly is classified by severity, scope, and required intervention type, giving the action layer 

precise, actionable inputs. 

 

2.3.  Action layer 

Recovery execution is handled by four specialized intervention modules. Component restart 

modules address service-level failures through targeted process cycling, preserving in-memory state 

wherever feasible to reduce restoration time and avoid unnecessary data loss. 

Traffic rerouting modules redirect client connections away from degraded components during 

failure events. The routing decisions account for more than simple health status: current capacity utilization 

and geographic distribution are both factored in, because naively routing all traffic to the nearest healthy 

node can overload it and turn a localized failure into a cluster-wide performance problem. 

Replica resynchronization modules handle the data consistency problems that arise when replicas 

fall behind primary log processing. Over time, an unaddressed lag threatens the recovery point objectives that 

settlement finality guarantees depend on. These modules initiate targeted rebuilds from verified sources, 

tracking log sequence numbers throughout the transfer to preserve transactional ordering. Node isolation 

modules quarantine components showing erratic behavior before their failures can propagate. Isolation is not 

applied reflexively—the module first verifies that removing a node will not drop the cluster below quorum, 

because a Quorum Loss scenario demands careful handling: incorrect intervention in this condition can 

produce data corruption rather than prevent it. Table 2 places these mechanisms against published zero-

downtime recovery approaches for financial systems. 

 

 

Table 2. Zero-downtime recovery mechanisms for financial systems [12], [16] 
Recovery mechanism Implementation strategy Resilience benefit 

Component isolation Degraded resources separated without 

service disruption 

Prevents cascading failures across 

infrastructure 
Dynamic traffic routing Workload shifted to healthy components 

automatically 

Maintains continuous transaction 

processing 

Predictive preventive actions Failures addressed during low-load 
windows 

Eliminates sudden catastrophic events 

Geographic redundancy distribution Load balanced across multiple locations Enables disaster recovery capabilities 

Incremental health optimization Gradual degradation corrected 
continuously 

Sustains peak performance levels 

 

 

2.4.  Self-healing logic 

2.4.1. Failure classification 

The system distinguishes five failure categories, each presenting a characteristic symptom profile 

and calling for a different recovery approach. Node Crash Failures produce an immediate, total discontinuity 

across all monitoring dimensions; the signature is unambiguous, and the required response is immediate. 

Performance Degradation is considerably subtler: rising latencies and declining throughput that may reflect 

resource exhaustion, lock contention, or early hardware stress, without any single metric breaching an 

obvious threshold. 

Replication Lag accumulates when replicas fall progressively further behind primary log processing. 

Left unaddressed, a growing lag eventually threatens the recovery point objectives that underpin settlement 

finality guarantees, which is why the classification logic distinguishes lag severity levels and applies 
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proportionate responses rather than waiting for a threshold breach. Quorum loss arises when too many replicas 

go offline to sustain consensus, creating a situation where the wrong intervention can cause data corruption 

instead of preventing it. Consensus conflicts, failures of distributed agreement on transaction ordering or cluster 

leadership, are the most dangerous for payment workloads because they are precisely the conditions under 

which split-brain scenarios develop if recovery is not guided by explicit finality constraints [17]. 

 

2.4.2. Decision logic 

The decision algorithm below encodes the mapping from failure classifications to recovery actions. 

The design is deliberately deterministic: identical inputs always produce identical outputs. This property is 

what allows the system to make recovery decisions that are defensible under regulatory review without 

requiring human sign-off on each one. 

 

Algorithm 1. Autonomous recovery decision logic 
Input: failure_type, severity_level, system_state, quorum_count 

Output: recovery_action, validation_procedure, rollback_strategy 

 

PROCEDURE DetermineRecoveryAction(F, S, Σ, Q) 

INITIALIZE action ← NULL, validation ← NULL, rollback ← NULL  

IF F = NODE_CRASH THEN 

target_replica ← SelectHealthiestReplica(Σ) 

IF VerifyReplicaConsistency(target_replica) = TRUE THEN 

action ← IMMEDIATE_FAILOVER(target_replica) 

validation ← VERIFY_TRANSACTION_LOG_INTEGRITY 

rollback ← DEMOTE_REPLICA 

ELSE 

ESCALATE_TO_MANUAL_INTERVENTION("Inconsistent replica state") 

END IF 

ELSE IF F = PERFORMANCE_DEGRADATION THEN 

IF S < THRESHOLD_MINOR THEN 

action ← COMPONENT_RESTART_WITH_STATE_PRESERVATION 

validation ← MONITOR_PERFORMANCE_RECOVERY(300) 

rollback ← TRAFFIC_REROUTING 

ELSE IF S ≥ THRESHOLD_MAJOR THEN 

action ← TRAFFIC_REROUTING_TO_HEALTHY_NODES 

validation ← VERIFY_CONNECTION_HEALTH 

rollback ← NODE_ISOLATION 

END IF 

ELSE IF F = REPLICATION_LAG THEN 

lag_duration ← CalculateLagDuration(Σ) 

IF lag_duration < THRESHOLD_MINOR THEN 

action ← MONITOR_CONTINUATION 

validation ← TRACK_LAG_REDUCTION_RATE 

ELSE IF lag_duration ≥ THRESHOLD_MAJOR THEN 

action ← REPLICA_RESYNCHRONIZATION(Σ) 

validation ← VERIFY_LAG_REDUCTION 

rollback ← REBUILD_FROM_VERIFIED_BACKUP 

END IF 

ELSE IF F = QUORUM_LOSS THEN 

IF Q < MINIMUM_QUORUM_SIZE THEN 

action ← NODE_ISOLATION + EMERGENCY_PROMOTION 

validation ← VERIFY_QUORUM_RESTORATION 

IF VerifyQuorum(Σ) = FALSE THEN 

REQUIRE_MANUAL_INTERVENTION("Quorum restoration failed") 

END IF 

rollback ← MANUAL_INTERVENTION_REQUIRED 

END IF 

ELSE IF F = CONSENSUS_CONFLICT THEN 

action ← COORDINATOR_REELECTION + STATE_RECONCILIATION 

validation ← VERIFY_CONSENSUS_ACHIEVEMENT(Σ) 

rollback ← SPLIT_BRAIN_RESOLUTION_PROTOCOL 

IF DetectSplitBrain(Σ) = TRUE THEN 

EnforceSettlementFinalityConstraints() 

END IF 

END IF 

RETURN (action, validation, rollback) 

END PROCEDURE 

 

2.4.3. Recovery sequencing 

Sequencing within recovery operations matters as much as selecting the right operation. A failover 

that promotes a replica before verifying its consistency can cause data loss that no subsequent action will 
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fully reverse. For node failover, the required ordering is: isolate the primary to halt additional writes, verify 

that the promotion candidate holds every committed transaction, execute the promotion with cluster metadata 

updates to redirect clients, then initiate recovery procedures for the failed node. Component restart sequences 

drain existing connections first, allowing in-flight transactions to complete—then preserve in-memory state 

before restarting, and finally restore client connectivity. 

Resynchronization sequences use log sequence number comparison to identify the most current 

consistent replica, stream missing transactions in order, validate consistency after transfer, and only then 

return the restored replica to active service. Table 3 maps each failure type to its corresponding recovery 

sequence and rationale. 

 

 

Table 3. Failure type to recovery action mapping 
Failure type Primary action Validation method Rollback strategy 

Node crash Immediate failover Replica consistency check Demote if inconsistent 
Performance degradation Component restart/traffic rerouting Performance recovery monitoring Escalate if no improvement 

Replication lag Monitor/resynchronization Lag reduction verification Rebuild from backup 

Quorum loss Node isolation + emergency promotion Quorum restoration verification Manual intervention 
Consensus conflict Coordinator reelection Consensus achievement check Split-brain resolution 

 

 

3. RESULTS AND DISCUSSION 

3.1.   Testbed configuration and failure injection 

The evaluation used a simulated five-node database cluster arranged in primary-replica topology. 

Hardware provisioning per node, 8 GB memory, four CPU cores, and 100 GB storage were chosen to reflect 

mid-tier production database servers typical of financial deployments, rather than optimizing for best-case 

numbers. Latency was modeled at two levels: 2 ms within availability zones and 50 ms across them, 

consistent with the geographic distribution that multi-region payment infrastructure actually operates under. 

Synthetic workloads were injected at rates between 1,000 and 10,000 transactions per second, 

spanning the range from routine off-peak traffic to peak settlement windows. Fault injection covered three 

scenarios: abrupt process termination for node crash simulation, network isolation to force partition handling, 

and deliberately introduced replication delays ranging from 100 ms to multi-second backlogs. The replication 

lag scenarios were tested at multiple severity levels, specifically to evaluate whether the classification logic 

correctly distinguished lag conditions that required immediate intervention from those mild enough to 

monitor and allow to recover on their own, a distinction that matters significantly for avoiding unnecessary 

recovery actions. 

 

3.2.  Recovery performance results 

Recovery time was measured end-to-end-from the moment a failure was detected through validated 

service restoration. Manual procedures lose time at every handoff: alert acknowledgment, diagnosis, 

decision, execution, verification. These delays accumulate, and in node crash scenarios they reach close to 

three minutes. Autonomous recovery removes the handoffs entirely, substituting parallel validation for the 

sequential human decision chain. 

Node crash recovery produced the starkest contrast: 8 seconds for autonomous recovery versus 180 

seconds under manual procedures, roughly a 96% reduction on that specific scenario. Network partition 

recovery averaged 88% improvement across tested configurations. Replication lag scenarios, where recovery 

complexity varies with lag severity, showed 75.6% improvement. The rates of false positives remained below 

2% across every failure category, with performance degradation detection achieving 99.1% accuracy. 

Recovery success rates exceeded 98% overall. The small fraction that did not complete autonomously 

followed the escalation paths built into the algorithm, edge-case conditions the system was designed to hand 

off rather than resolve alone. 

The timeline diagram translates the performance numbers into something more intuitive. The 

significant efficiency gains of the autonomous system are summarized in Table 4, which highlights an 

average recovery time improvement of 87.7% across all failure categories. This performance gap is further 

visualized in Figure 2, illustrating how the autonomous approach compresses the recovery timeline by 

executing validation and remediation tasks in parallel, reducing the total duration to just 3–8 seconds 

compared to the 75–180 seconds required by manual procedures. Manual recovery accumulates delay at each 

sequential handoff point, producing a staircase pattern of elapsed time before service is restored; autonomous 

recovery compresses that same timeline by running validation and remediation tasks in parallel, producing a 

much shorter path from failure detection to confirmed restoration. Overhead during normal operations 

remained minimal, CPU utilization rose by under 2%, memory consumption stayed below 1 GB, and network 
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bandwidth utilization remained under 1%. During active recovery, peak CPU overhead reached 15% for 10 

to 30 seconds, a transient cost that is wholly acceptable given the gains. 

 

 

Table 4. Recovery time comparison across failure categories 
Failure type Manual recovery (seconds) Autonomous recovery (seconds) Improvement (%) 

Node crash (Primary) 180 8 95.6 

Node crash (Replica) 120 6 95.0 
Network partition (Symmetric) 150 18 88.0 

Network partition (Asymmetric) 105 12 88.6 

Replication Lag (Severe) 90 22 75.6 
Performance degradation 60 10 83.3 

Average 117.5 12.7 87.7 

 

 

 
 

Figure 2. Recovery timeline analysis 

 

 

3.3.  Comparative analysis and applicability 

The performance gains are real, but they do not arrive without tradeoffs that deserve honest 

acknowledgment. The monitoring and decision-making infrastructure adds system complexity-more 

components mean more potential failure points, and the recovery machinery itself must be designed so that 

its own failures do not amplify the incidents it was built to resolve [11], [25]. ML components require 

ongoing maintenance: training data pipelines, quality oversight, and periodic revalidation as the failure 

landscape evolves. Failure scenarios that genuinely fall outside the classification system's experience will 

escalate to human operators-which means escalation pathways need to be maintained, tested, and staffed [3], 

[8], [21]. 

The underlying principles are not specific to payment rails, even though that domain motivated the 

design. Any large-scale distributed system where recovery latency has direct operational or financial 

consequences-cloud infrastructure, content distribution networks, telecommunications switching, manufacturing 

control environments-stands to benefit from the same combination of predictive detection, deterministic action 

mapping, and domain-constraint integration [4], [13]. The settlement finality constraint is domain-specific; the 

architectural pattern that accommodates first-class constraints of that kind is not [6], [24]. 
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4. CONCLUSION 

The core argument this paper makes is that settlement finality and autonomous recovery are not 

competing objectives — they become mutually reinforcing once finality is built into the recovery logic as a 

first-class constraint rather than appended as a post-recovery check. The ARFA architecture demonstrates 

this through both design and measurement. Recovery decisions governed by explicit finality constraints 

structurally prevent the split-brain conditions that threaten payment settlement integrity, while the 

combination of parallel validation and pre-validated recovery paths delivers the speed that manual procedures 

cannot match. Across node crashes, network partitions, replication lag events, and performance degradation 

scenarios, average recovery times fell by 88% relative to manual baselines. Critically, the precision held up 

alongside the speed: false positive rates stayed below 2% across all tested failure categories, which matters 

practically because unnecessary recovery actions in a production payment environment can be as disruptive 

as the failures they are meant to address. 
Several directions remain open. Multi-region coordination under FedNow and DORA regulatory 

regimes introduces cross-border settlement constraints that the current architecture does not yet address — 

extending ARFA to that environment is the most immediate priority. Validating the approach on live 

payment infrastructure, rather than simulation, is a necessary step toward production confidence. Adaptive 

ML retraining pipelines for evolving failure signatures, integration with cloud-native database architectures 

built around geo-distributed consensus protocols, and applicability studies in telecommunications, healthcare 

transaction systems, and digital asset settlement platforms each represent productive directions for extending 

this work. 
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