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Abstract: Tracking individual subjects across networks of non-overlapping cameras is a foundational capability for traffic analytics, 

retail and facility understanding, sports analysis, and safety monitoring, yet it remains substantially harder than either of its 

component problems. Single-camera multi-object tracking and appearance-based re-identification are each mature; their 

composition, maintaining consistent identities as subjects leave one view and appear in another under changed pose, illumination, 

and viewpoint, multiplies their failure modes and adds association problems neither addresses alone. This paper develops a research 

concept for a multi-camera subject tracking system built from three specified layers: per-camera detection and short-term tracking 

using YOLO-family detectors with motion-and-appearance trackers; a metric embedding layer trained with re-identification 

objectives to produce identity-discriminative appearance vectors under cross-view variation; and a cross-camera association layer 

that matches tracklets across views using appearance similarity gated by spatio-temporal feasibility derived from camera topology, 

managed through a gallery of identity prototypes with principled creation, update, and retirement policies. The concept specifies 

the embedding training regime, the association algorithm as a constrained assignment over tracklet pairs, and a real-time 

implementation architecture with approximate nearest neighbor indexing for gallery search at network scale. A phased evaluation 

plan measures per-camera tracking, embedding quality, and end-to-end cross-camera identity consistency with modern higher-order 

metrics on public multi-camera benchmarks, with prespecified ablations isolating each layer's contribution. Applications, failure 

modes, and the privacy and governance constraints that subject tracking obligates are analyzed. The concept's claim is architectural: 

cross-camera identity is best engineered as a composition of separately measurable layers with explicit contracts, not as a monolithic 

learned system. 

1. Introduction 

The components of multi-camera tracking have matured separately. Object detection provides reliable per-frame 

localization at real-time rates, with the YOLO lineage the standard choice where latency budgets bind (Redmon et al., 2016; Redmon 

& Farhadi, 2018; Bochkovskiy et al., 2020; Ge et al., 2021; Wang et al., 2023) within a broader detector landscape surveyed 

comprehensively elsewhere (Zou et al., 2023; Ren et al., 2015; Lin et al., 2017), a primitive whose applied deployments in corridor 

inspection, encroachment detection, airport wildlife hazard monitoring, and medical image screening show it travelling well beyond 

benchmark conditions (Dagodzo et al., 2022; Dagodzo & Ahiaeke Patrick, 2022; Adeyelu & Dagodzo, 2024; Ejofodomi et al., 2014). 

Single-camera multi-object tracking converts detections into trajectories, from minimal motion-based association (Bewley et al., 

2016; Kalman, 1960; Kuhn, 1955) through appearance-augmented designs (Wojke et al., 2017) to detection-centric and joint 

formulations that define the current state of practice (Bergmann et al., 2019; Zhang et al., 2021; Zhang et al., 2022), evaluated on 

standard benchmark series (Milan et al., 2016; Dendorfer et al., 2020) under metrics whose evolution itself reflects the field's maturity 

(Bernardin & Stiefelhagen, 2008; Ristani et al., 2016; Luiten et al., 2021). Person re-identification supplies the appearance 

machinery: metric embeddings trained so that images of the same identity lie close across views, built on contrastive and triplet 

formulations (Chopra et al., 2005; Hadsell et al., 2006; Schroff et al., 2015; Hermans et al., 2017), standardized datasets (Zheng et 

al., 2015), architecture and training practice (Luo et al., 2019; Zhou et al., 2019; He et al., 2016), and consolidated surveys (Zheng 

et al., 2016; Ye et al., 2021), with adjacent biometric work documenting the spoofing and demographic-bias pressures that any 

deployed appearance-matching system inherits (Adeniyi et al., 2025). 

Their composition is where deployed systems struggle. Cross-camera tracking must decide when a tracklet ending in one 

view and a tracklet beginning in another belong to the same subject, a decision that appearance alone cannot make reliably at network 

scale, where galleries grow, distractors accumulate, and viewpoint change is adversarial by construction, and that spatio-temporal 

reasoning alone cannot make either, since topology constrains but rarely determines identity. The research systems that established 

the joint problem demonstrated both the value and the difficulty of the composition, learning association features across cameras 

(Ristani & Tomasi, 2018), formulating tracking with re-identification in unified combinatorial objectives (Tang et al., 2017), and 
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building the multi-camera benchmarks that make progress measurable (Ristani et al., 2016; Chavdarova et al., 2018). What remains 

under-specified in the literature is the systems form of the problem: an architecture whose layers have explicit contracts, whose 

gallery is managed rather than assumed, whose association is gated by calibrated feasibility, and whose evaluation isolates where 

identity is actually lost. Comparable layered specifications in adjacent applied-AI domains, where model behaviour, data handling, 

and release gating are held to separate and separately auditable contracts, suggest that the discipline generalizes (Nwakamma et al., 

2024a; Oyesiji et al., 2024; Ominyi et al., 2026b). 

This paper develops that specification as a research concept. Section 2 reviews background. Section 3 defines the problem 

and requirements. Sections 4 through 7 specify the architecture, the embedding layer, the association layer, and the implementation. 

Section 8 sets out the evaluation plan, Section 9 applications, Section 10 limitations and governance, and Section 11 concludes. 

2. Background and Related Work 

Single-camera tracking establishes the tracklet substrate. Tracking-by-detection dominates practice: detections are 

associated frame to frame using motion prediction, with the linear-Gaussian filter the standard state estimator (Kalman, 1960) and 

optimal assignment solving the per-frame matching (Kuhn, 1955), the combination that minimal trackers showed sufficient at high 

frame rates (Bewley et al., 2016). Appearance integration extended association across occlusions by matching learned descriptors 

alongside motion (Wojke et al., 2017); regression-based designs showed detectors themselves can carry association (Bergmann et 

al., 2019); joint detection-embedding models fold re-identification features into the detection network for efficiency (Zhang et al., 

2021); and association over the full detection set, including low-confidence boxes, recovers identities that thresholding discards 

(Zhang et al., 2022). Benchmark practice fixed evaluation: the MOT challenge series standardizes sequences and protocols (Milan 

et al., 2016; Dendorfer et al., 2020), and metric development moved from event-counting scores (Bernardin & Stiefelhagen, 2008) 

through identity-preservation measures introduced with multi-camera evaluation (Ristani et al., 2016) to higher-order metrics that 

decompose detection and association quality (Luiten et al., 2021), the last two being the natural currency for cross-camera claims. 

Re-identification supplies the cross-view appearance model. The problem is defined by its invariance demands, identity 

constancy under viewpoint, pose, illumination, and background change, and the field's answer is deep metric learning: siamese and 

contrastive origins (Chopra et al., 2005; Hadsell et al., 2006), triplet objectives with hard mining that shaped modern training (Schroff 

et al., 2015; Hermans et al., 2017), strong conventional baselines documenting the training details that matter (Luo et al., 2019), and 

architectures designed for identity-scale discrimination (Zhou et al., 2019) over standard backbones (He et al., 2016). Datasets and 

surveys consolidate the field (Zheng et al., 2015; Zheng et al., 2016; Ye et al., 2021), while adjacent work on parameter-efficient 

adaptation and context-aware data curation frames the domain-transfer problem in the same terms this concept adopts (Oyesiji et al., 

2023; Oyesiji et al., 2024), and two of its standing findings bind this concept's design: embedding quality degrades across domains, 

so deployment-domain adaptation is a requirement rather than an option, and gallery composition governs practical accuracy as 

strongly as embedding quality, motivating the managed-gallery layer of Section 4. 

Multi-camera tracking research defines the composed problem. Network-scale systems formulated cross-camera 

association as correlation clustering over tracklets with learned features (Ristani & Tomasi, 2018), lifted combinatorial formulations 

coupled within-camera and across-camera decisions with re-identification terms (Tang et al., 2017), and dedicated benchmarks 

supplied ground truth across camera sets, both large non-overlapping networks (Ristani et al., 2016) and dense overlapping rigs 

(Chavdarova et al., 2018). Geometric infrastructure underpins the spatio-temporal side: calibration renders image evidence into 

common coordinates where overlap exists (Zhang, 2000; Hartley & Zisserman, 2004), and site models of the kind maintained in 

geospatial asset management and building information modelling supply the same class of structure at facility scale (Dagodzo & 

Ahiaeke Patrick, 2021a; Dagodzo & Ahiaeke Patrick, 2021b; Uduokhai et al., 2023a); where views do not overlap, topology, which 

exits feed which entries at what transit-time distributions, becomes the feasibility structure the association layer of Section 6 

formalizes. Finally, scale pushes the retrieval problem into the approximate regime: gallery search at network size runs on 

approximate nearest neighbor indexes whose accuracy-throughput trade-offs are established infrastructure (Johnson et al., 2021; 

Malkov & Yashunin, 2020), with model and index compression for constrained deployment targets an active adjacent concern 

(Oyesiji et al., 2025; Nwakamma et al., 2025). 

3. Problem Definition and Requirements 

The system's function is stated as follows: given synchronized video from a network of calibrated or topology-mapped 

cameras, maintain a set of global identities such that each detected subject is assigned a global identity consistent across all views 

and times at which the subject appears, with per-assignment confidence, under latency compatible with the consuming application, 

live monitoring at seconds-scale delay or forensic analysis offline. Inputs are per-camera streams; outputs are global tracklets, per-

camera trajectory segments labeled with global identities, together with the association evidence, appearance similarity and spatio-

temporal feasibility, behind each cross-camera link. 

Requirements follow from the failure structure. Identity precision dominates identity recall for most consuming 

applications: a merged identity, two subjects fused into one, corrupts downstream analysis silently, while a fragmented identity, one 
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subject split into two, is visible and repairable, so association operates at high-precision operating points with explicit abstention, 

unresolved tracklets remain unlinked rather than forced. Contract separation is required between layers: per-camera tracking, 

embedding quality, and cross-camera association are separately measurable, and the evaluation plan holds each to its own metrics 

so that end-to-end failures localize. Scale behavior must be specified: gallery size grows with subjects and time, and both association 

quality and latency must degrade predictably, not catastrophically, as it does, the same predictability discipline that governs energy, 

reliability, and latency trade-offs in large distributed sensing deployments (Asiedu & Quainoo, 2024; Asiedu & Quainoo, 2023b). 

And governance is a requirement, not a feature: subject tracking is surveillance infrastructure by capability, so purpose limitation, 

retention bounds, and access control are architectural obligations stated in Section 10 (Mbonu et al., 2018; Ominyi & Anichukwueze, 

2022a; Annan, 2022). 

4. System Architecture 

The architecture composes three layers with a managed gallery as shared state. The per-camera layer runs a YOLO-family 

detector selected for the deployment's latency budget (Redmon & Farhadi, 2018; Bochkovskiy et al., 2020; Ge et al., 2021) feeding 

a tracking-by-detection tracker in the modern configuration, motion prediction with full-detection-set association and appearance 

assistance across short occlusions (Zhang et al., 2022; Wojke et al., 2017; Bewley et al., 2016). Its output contract is tracklets: 

temporally contiguous single-camera trajectories with per-frame boxes, confidences, and sampled appearance crops, terminated 

conservatively, since the cross-camera layer can join what the per-camera layer splits, but joins made wrongly within a camera 

propagate outward. 

The embedding layer converts sampled crops into identity vectors under the training regime of Section 5, aggregating per-

tracklet, quality-weighted pooling over samples with blur, occlusion, and resolution screening, into one or a few prototype vectors 

per tracklet, the representation on which all cross-camera reasoning operates. The association layer, specified in Section 6, links 

tracklets across cameras into global identities using appearance similarity gated by spatio-temporal feasibility, writing its decisions 

into the gallery: the set of active global identities, each carrying its prototype vectors, its camera-time itinerary, and its confidence 

history. Gallery management is specified as policy, not left implicit: identities are created from unlinked tracklets, updated by 

exponentially weighted prototype refresh on confident links, demoted to dormant after absence horizons, and retired at retention 

bounds, with all transitions logged, because in deployed systems the gallery is where scale, drift, and governance all concentrate (Ye 

et al., 2021; Johnson et al., 2021), and because durable identity state is a governed data asset subject to sensitivity classification, 

retention control, and regulatory traceability like any other (Aliliele et al., 2024a; Aliliele et al., 2025b; Mbonu et al., 2022a). 

5. Embedding Design and Training 

The embedding is trained as a re-identification metric under the field's established regime: a backbone of deployment-

appropriate capacity (He et al., 2016; Zhou et al., 2019) trained with a combined objective, classification over training identities plus 

triplet loss with batch-hard mining (Hermans et al., 2017; Schroff et al., 2015), under the practice details that the strong-baseline 

literature shows decisive, sampling identities per batch, appropriate augmentation, and normalization choices (Luo et al., 2019). 

Training data composition follows the deployment gap finding: public re-identification corpora (Zheng et al., 2015) provide the base, 

and a deployment-domain adaptation phase fine-tunes on tracklet-derived pairs from the target network, using within-tracklet 

samples as positives and temporally co-occurring cross-tracklet samples as guaranteed negatives, the supervision the system's own 

per-camera layer generates for free, curated under the context-aware selection discipline that fine-tuning pipelines elsewhere have 

found decisive (Oyesiji et al., 2024; Oyesiji et al., 2023). 

The embedding contract is stated for the association layer's benefit: similarity scores are calibrated on held-out deployment 

data into match probabilities, so that gating and assignment in Section 6 operate on probabilities rather than raw distances; embedding 

versioning is explicit, since prototype vectors in the gallery are comparable only within a version, and re-embedding on version 

change is a managed migration; and evaluation of the layer in isolation uses standard retrieval protocols, cumulative match 

characteristics and mean average precision on held-out identities (Zheng et al., 2015; Ye et al., 2021), so that embedding regressions 

are caught before they surface as association failures, an automated regression-control and release-gating obligation rather than a 

manual one (Mbonu et al., 2021b; Borah et al., 2022; Nwakamma et al., 2024a). 

6. Cross-Camera Association 

Association is formulated as constrained assignment over tracklet pairs within a sliding decision window. Candidate 

generation applies spatio-temporal gating: for non-overlapping views, the camera topology, exit zones, entry zones, and empirical 

transit-time distributions between them, defines which cross-camera tracklet pairs are feasible and weights them by transit likelihood; 

for overlapping views, calibrated geometry tests co-location directly (Zhang, 2000; Hartley & Zisserman, 2004). Topology and 

transit distributions are themselves estimated from data, bootstrapped from confident appearance matches and refined continuously, 
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so the feasibility structure adapts to the site rather than being hand-fixed, the bootstrapped-then-continuously-refined pattern that 

operational predictive models follow in other monitoring domains (Mayo et al., 2021; Tonoyan et al., 2024b). 

Scoring combines calibrated appearance similarity between tracklet prototypes with the transit likelihood into a link 

probability per feasible pair. Decision-making solves the assignment at high-precision thresholds, minimum-cost matching within 

the window (Kuhn, 1955), with clustering formulations available where windows are long and transitive constraints bind, in the 

lineage of correlation-clustering association (Ristani & Tomasi, 2018; Tang et al., 2017). Three behaviors are specified beyond the 

optimizer. Abstention: pairs between threshold bounds remain unlinked and are revisited as evidence accrues, honoring the precision-

dominance requirement. Late binding: links are provisional within the decision window and harden at its trailing edge, allowing 

short-horizon revision when a better candidate arrives. And evidence retention: every link stores its appearance and transit scores, 

making downstream audit and threshold retuning possible on the deployed record, the operational property that distinguishes an 

accountable system from an oracle, and the precondition for the algorithmic accountability that automated decision systems are 

increasingly expected to demonstrate (Mbonu et al., 2019; Ominyi & Anichukwueze, 2024; Annan, 2024). 

7. Implementation Architecture 

The implementation maps the layers onto network infrastructure. Per-camera detection and tracking run at the edge, on per-

camera or per-cluster compute, emitting compact tracklet records, boxes, prototypes, and quality metadata, rather than video, an 

allocation that scales bandwidth with subjects rather than pixels and keeps raw footage local by default, sized against the link budgets 

and throughput degradation that real wireless deployments exhibit (Quainoo et al., 2025a; Asiedu & Quainoo, 2023b). On-device 

execution under quantization, pruning, and distillation, carried on portable cloud-to-edge runtimes, is the enabling substrate for that 

allocation (Nwakamma et al., 2025; Ojukwu et al., 2025). The embedding layer runs where its inputs are, at the edge for prototype 

extraction, centrally for re-embedding migrations. The association layer and gallery run centrally, on clustered accelerator 

infrastructure whose availability is itself a maintained engineering property (Oyeleke et al., 2026): prototype search over the gallery 

uses approximate nearest neighbor indexing with the graph-based structures whose recall-latency behavior is well characterized 

(Malkov & Yashunin, 2020; Johnson et al., 2021), candidate sets are pre-filtered by the spatio-temporal gate before any distance 

computation, and the decision window advances on a fixed cadence so that association latency is bounded and measurable. State 

durability follows the gallery policies of Section 4, with the audit log of link evidence persisted alongside identities under the log-

analytics and incident-response practices applied to other regulated telemetry (Mbonu et al., 2019; Aliliele et al., 2025b), and with 

every identity query mediated by enforced identity and access management (Mbonu et al., 2020; Mbonu et al., 2022b; Ahmed et al., 

2021). The architecture's load parameters, cameras, concurrent subjects, gallery size, and window length, are the axes along which 

the evaluation plan's scale phase measures degradation, because the concept's scale claim is predictability, not unboundedness. 

8. Evaluation Plan 

Evaluation proceeds in three phases with layer isolation as the organizing principle. Phase one validates layers separately. 

Per-camera tracking is evaluated on standard sequences with higher-order and identity metrics (Luiten et al., 2021; Ristani et al., 

2016; Bernardin & Stiefelhagen, 2008; Milan et al., 2016; Dendorfer et al., 2020), establishing the tracklet substrate's quality 

independent of anything cross-camera. The embedding is evaluated on held-out identities under retrieval protocols, with the 

deployment-adaptation phase's contribution measured as the delta over the public-corpus baseline (Zheng et al., 2015; Ye et al., 

2021; Luo et al., 2019). Gating infrastructure is validated directly: learned transit-time distributions are scored against held-out 

confirmed transitions. 

Phase two evaluates the composed system on multi-camera benchmarks with cross-camera ground truth, non-overlapping 

network data and dense overlapping rigs (Ristani et al., 2016; Chavdarova et al., 2018), reporting identity-preservation and higher-

order metrics computed globally across cameras (Luiten et al., 2021), with the operating point swept to expose the precision-recall 

structure of association and with abstention rates reported alongside, since unlinked-but-correct is this design's intended failure mode. 

Prespecified ablations isolate contributions: appearance-only versus gated association quantifies the spatio-temporal layer; single-

prototype versus quality-weighted aggregation quantifies the pooling design; and per-camera tracker variants quantify upstream 

sensitivity, the decomposition that tells future work where identity is actually lost. 

Phase three measures systems behavior: end-to-end association latency against gallery size and camera count, index recall-

latency operating points under the deployment's candidate distributions (Malkov & Yashunin, 2020; Johnson et al., 2021), gallery 

dynamics under long-duration operation, growth, dormancy, retirement, and identity-merge incident rates under stress conditions, 

crowded scenes and appearance-similar cohorts, the conditions under which precision claims earn their keep. Instrumentation for 

this phase follows established continuous-monitoring and performance-dashboard practice, so that degradation is observed rather 

than inferred (Ogbole et al., 2021; Tonoyan et al., 2024b; Basnet et al., 2023). Acceptance is defined per requirement: layer metrics 

at or above phase-one baselines, composed identity precision at the specified operating point, and scale degradation within the 

predicted envelopes, with acceptance treated as a release gate rather than a report (Nwakamma et al., 2024a; Dosunmu & Ogundele, 

2024a). 
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9. Anticipated Applications 

The capability serves analytics wherever subject-level continuity across views carries the value. Facility and retail analytics 

consume global trajectories for flow, dwell, and conversion understanding, complementing the geospatial and predictive methods 

already used for siting, market penetration, and lifecycle analysis (Tonoyan et al., 2022a; Seyi-Lande et al., 2020; Oziri et al., 2020); 

transport hubs consume them for crowd management and journey-time estimation, within transport infrastructures whose sensing 

layers carry their own security obligations (Jimoh et al., 2023) and alongside evacuation and emergency-preparedness planning in 

high-density facilities (Obriki et al., 2022b); sports analysis consumes them for player tracking across broadcast and tactical cameras, 

a setting where the overlapping-rig configuration and dense benchmarks apply directly (Chavdarova et al., 2018); and safety 

applications consume them for lost-person search and incident reconstruction, the forensic mode where late binding and evidence 

retention matter most, adjacent to continuous hazard monitoring and predictive safety analytics in industrial and construction settings 

(Obriki et al., 2023; Obriki & Arumosoye, 2023; Obogo et al., 2026) and to the alerting and public-communication layer that 

incidents ultimately trigger (Odejide, 2024). Industrial and logistics environments add a further consumer, since autonomous mobile 

robot fleets need the same subject continuity for safe coexistence and fleet coordination (Akanbi & Sunday, 2024; Akanbi & Sunday, 

2025; Akanbi et al., 2025), and airport and shared-airspace environments raise the same continuity question for non-human subjects 

under regulatory oversight (Adeyelu, 2023; Adeyelu & Dagodzo, 2024). Research applications include behavioral studies at 

ecological scale, and the architecture's audit-log design doubles as an instrument for studying association itself, since every 

deployment accumulates labeled hard cases at its own operating point (Ristani & Tomasi, 2018; Ye et al., 2021). Where population-

level rather than individual-level output suffices, aggregate flow statistics feed the same dashboard and surveillance-reporting 

infrastructures used in public health informatics, which is also the setting where the case for de-identified aggregation is strongest 

(Oparah et al., 2023; Anioke & Atima, 2023c). Related identity-linked operational systems, from biometric attendance to RFID asset 

tracking, indicate both the demand for continuity and the narrower, consent-anchored designs that often satisfy it (Ussher-Eke et al., 

2025; Yusuf et al., 2023). Across applications, the deployment posture follows Section 10: the concept is specified for consented, 

purpose-limited settings, and its evaluation claims are scoped to those settings. 

10. Limitations, Failure Modes, and Governance 

Technical limits are structural. Appearance is not identity: clothing change defeats any appearance embedding, uniformed 

cohorts compress inter-identity distances, and cross-view extremes, top-down to eye-level, stretch invariance beyond what training 

distributions cover, which is why abstention and spatio-temporal gating are load-bearing rather than decorative (Ye et al., 2021; 

Zheng et al., 2016). Appearance matching is also attackable and unevenly accurate across cohorts, the two failure modes the 

biometric literature treats as primary (Adeniyi et al., 2025), and adversarial manipulation of a perception pipeline embedded in 

operational infrastructure is a modelled threat rather than a hypothetical one (Adebayo et al., 2022; Adebayo et al., 2023). Topology 

feasibility weakens in open spaces with unconstrained paths, degrading the gate toward permissiveness precisely where appearance 

is least reliable, crowds. Error propagation crosses layers: per-camera identity switches contaminate prototypes, and contaminated 

prototypes corrupt galleries, which the conservative-termination contract and quality-weighted pooling mitigate but do not eliminate 

(Zhang et al., 2022; Luiten et al., 2021). Domain drift is permanent: seasonal appearance, camera changes, and re-lamping shift 

distributions under the embedding, making the deployment-adaptation loop and embedding versioning standing maintenance 

obligations rather than one-off tasks (Oyesiji et al., 2023; Mbonu et al., 2021b). 

Governance is the concept's hard boundary. Multi-camera subject tracking is, by capability, surveillance infrastructure, and 

the difference between an analytics system and an instrument of harm lies in deployment constraints: explicit purpose limitation 

with capability disabled beyond it, retention bounds enforced by the gallery's retirement machinery, access control and audit on 

every identity query, and deployment only where a lawful basis and appropriate notice exist. Each of these has an established 

literature the concept borrows from rather than reinvents: harmonized data-protection compliance across divergent regimes and 

privacy by design as a structuring commitment (Ominyi & Anichukwueze, 2022a; Ominyi, 2021; Annan, 2022); anti-discrimination 

and accountability duties attaching to automated decisions (Annan, 2025a; Ominyi & Anichukwueze, 2024; Ominyi et al., 2024b; 

Ominyi et al., 2026b); data protection impact assessment and sensitivity classification for the identity store itself (Mbonu et al., 

2022a; Mbonu et al., 2018; Aliliele et al., 2024a); privacy-preserving handling patterns drawn from comparably sensitive domains 

(Afrihyia et al., 2024; Orise & Niniola, 2023; Orise & Niniola, 2025); and the access-governance, insider-risk, and human-factors 

controls without which an access policy is only nominal (Mbonu et al., 2020; Mbonu et al., 2022b; Onche et al., 2024; Onche et al., 

2026). The system's own security belongs to the same posture, since a compromised tracking network is a surveillance capability 

handed to whoever compromised it: zero-trust segmentation, encrypted and attribute-scoped access to identity records, 

misconfiguration and API exposure monitoring, secure development practice, and continuous control validation all apply (Ahmed 

et al., 2021; Adebayo et al., 2025; Shittu & Nabil, 2023; Aliliele et al., 2023a; Aliliele et al., 2023b; Odejobi et al., 2025; Dosunmu 

& Ogundele, 2024a). Two design choices support these constraints structurally, appearance prototypes rather than raw imagery as 

the circulating representation, and edge-local video with only tracklet metadata leaving the camera, but structure does not substitute 

for policy, and the concept declines the fiction that it could. Evaluation claims in this paper are correspondingly scoped: performance 
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is defined on consented benchmarks and deployments satisfying the governance posture, and no claim is made or implied for 

adversarial identification of unwilling subjects. 

11. Conclusion 

This paper has developed a research concept for multi-camera subject tracking as a composition of specified layers: YOLO-

based per-camera detection and tracking emitting conservative tracklets; a calibrated re-identification embedding with deployment-

domain adaptation and versioned prototypes; and a cross-camera association layer that gates appearance by learned spatio-temporal 

feasibility, decides at high-precision operating points with explicit abstention, and manages a governed gallery with auditable link 

evidence. The evaluation plan operationalizes the architecture's central discipline, contract separation, measuring each layer in 

isolation before composing them on multi-camera benchmarks under identity-preservation and higher-order metrics, with ablations 

that localize where identity is lost and a systems phase that renders scale behavior predictable. 

The concept's claim is that cross-camera identity is an engineering composition, not a monolith: the mature components, 

detection, tracking, metric embedding, retrieval indexing, become a trustworthy capability only when their interfaces carry calibrated 

probabilities, their shared state is managed policy, and their failure modes are designed for rather than discovered. Executed, the 

plan yields both a deployable architecture for the analytics settings that legitimately need subject continuity and a measurement 

template that makes multi-camera claims comparable across works; stated plainly, it also yields capability that obligates governance, 

and the concept treats that obligation as part of the specification rather than an afterthought, in line with the view that governance 

functions are institutional standards for auditable and defensible deployment rather than documentation exercises (Ominyi et al., 

2026b; Annan, 2024). 
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