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Abstract
Background: Integrating AI inference services into clinical workflows
remains a persistent challenge, primarily because inference backends
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assumptions. The EU AI Act further requires transparency and traceability
for high-risk AI systems in healthcare. Nimesh Singh1

Methods: This paper presents the Open Medical Inference (OMI) Gate-
way, an interoperability layer that mediates between FHIR- and DICOM-
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follows a service-oriented plugin model that separates shared interop-
erability concerns from service-specific transformation logic. Input and

Shura-Roman Stump5output data are validated against FHIR profiles andDICOM specifications
at multiple pipeline stages, producing OperationOutcome resources as
a machine-readable audit trail.
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Results: End-to-end pipeline latency wasmeasured across 100 sequen-
tial inference requests, yielding amedian latency of 263ms and a 100%
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Hintergrund:Die Integration von KI-Inferenzdiensten in klinische Arbeits-
abläufe bleibt eine anhaltende Herausforderung, vor allemweil Inferenz-
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schiedlichen Annahmen ausgehen. Der EU AI Act fordert zudem Trans-
parenz und Nachvollziehbarkeit für Hochrisiko-KI-Systeme im Gesund-
heitswesen. 6 Medical Data Integration

Center (MeDIC), Charité –Methoden:Diese Arbeit stellt das OpenMedical Inference (OMI) Gateway
vor, eine Interoperabilitätsschicht, die zwischen FHIR- und DICOM- Universitätsmedizin Berlin,

Berlin, Germanybasierten klinischen Datenumgebungen und heterogenen KI-Inferenz-
Backends vermittelt. Das Gateway wurde in Python mit FastAPI und
asynchroner Auftragsverarbeitung über Celery und RabbitMQ implemen-
tiert. Die Architektur folgt einem serviceorientierten Plug-in-Modell, das
gemeinsame Interoperabilitätsaufgaben von dienstspezifischer Trans-
formationslogik trennt. Ein- und Ausgabedaten werden an mehreren
Stellen der Pipeline gegen FHIR-Profile und DICOM-Spezifikationen va-
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lidiert und erzeugen OperationOutcome-Ressourcen als maschinen-
lesbaren Audit-Trail.
Ergebnisse: Die Ende-zu-Ende-Latenz wurde über 100 aufeinanderfol-
gende Inferenzanfragen gemessen und ergab einemediane Latenz von
263 ms bei einer Erfolgsrate von 100%. Das Konzept wurde anhand
von Interoperabilitätsanforderungen aus Datenintegrationszentren der
deutschen Medizininformatik-Initiative (MII) evaluiert. Das System ist
mit einem einzigen Befehl einsatzbereit und als Open-Source-Software
verfügbar.
Diskussion: Die direkte Einbettung von Validierung und strukturierter
Artefaktverarbeitung in den Ausführungspfad der Inferenz ergibt ein
besser steuer- und auditierbares Integrationsmodell als ad-hoc entwi-
ckelte Dienstadapter.

Schlüsselwörter: medizinische Informatik, Open Medical Inference,
Gateway, FHIR, DICOM, KI-Inferenz, Interoperabilität, Open Source, MII,
serviceorientierte Architektur

1 Introduction
Healthcare AI services are now routinely deployed as re-
mote or containerized endpoints, but their operational
integration into clinical information systems remains
fragmented. Hospitals may operate FHIR servers, PACS
archives, and Data Integration Centers (DICs), but con-
necting these to AI inference endpoints requires solving
several distinct problems, including semantic alignment
between healthcare standards and computation-oriented
model protocols, lifecycle management for asynchronous
jobs, validation of inputs and outputs, and consistent ar-
tifact storage. Without a dedicated integration layer, each
new AI service introduces its own adapter logic, leading
to systems that scale poorly and are difficult to govern or
audit.
Several platforms address aspects of this challenge.
Kaapana [1] provides workflow orchestration for medical
data analysis. The Joint Imaging Platform (JIP) [2] enables
federated analytics across the German Cancer Consorti-
um. MONAI Deploy [3] offers containerized inference
services. Inference platforms such as Triton [4] or KServe
[5] optimize for throughput but leave semantic transfor-
mation to the caller. The IHE profiles AIW-I and AIR [6],
[7] address result communication but not inference gov-
ernance. None provide a complete, standards-compliant
inference gateway with built-in governance mechanisms.
The Open Medical Inference (OMI) protocol [8] defines
standardized interfaces for AI service discovery, data ex-
change, and inference invocation based on HL7 FHIR
(Release 4B, v4.3.0) [9] and DICOMweb [10]. The corres-
ponding FHIR Implementation Guide is published on
Simplifier [11]. The OMI framework was designed within
the GermanMedical Informatics Initiative [12], [13], [14].
The OMI Gateway is the key execution boundary, providing
an interoperability layer that validates, stages, and man-
ages multimodal clinical data before and after model ex-
ecution.

This work defines the architectural properties a gateway
component needs to fulfill interoperability requirements
in distributed medical AI, implements them in the OMI
Gateway, and evaluates its operational functionality. Our
contributions are threefold:

1. We describe the architecture of a production-capable
inference gateway based on open standards.

2. We present a plugin architecture enabling AI develop-
ers to integrate services with minimal effort.

3. We evaluate the system’s operational performance
and validate the inference pipeline, including a multi-
stage FHIR-based validation mechanism producing
machine-readable audit trails.

2 Background

2.1 Clinical data standards in AI
workflows

HL7 FHIR and DICOM occupy complementary roles in
clinical AI workflows. HL7 FHIR provides structured rep-
resentations of patient context, observations, and work-
flow parameters [9], while DICOM carries imaging data
and modality-specific semantics [10]. In multimodal AI
settings, neither standard alone is sufficient. As Lehne
et al. [15] observe, interoperability is a prerequisite in
digital medicine, not a peripheral concern.
Inference protocols such as KServe’s Open Inference
Protocol [5] assume inputs are already model-ready
tensors. They do not define how FHIR resources or DICOM
series should be validated or mapped. Placing this align-
ment inside each AI service leads to duplicated effort and
inconsistent behavior.
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Figure 1: Microservice architecture of the OMI Gateway connecting clinical data environments to distributed AI inference services

2.2 Data Integration Centers and theMII
context

The German Medical Informatics Initiative (MII) provides
a reference for federated clinical data integration [12],
[13]. Data Integration Centers (DICs) consolidate institu-
tional data and expose it through FHIR interfaces. Recent
work has demonstrated scalable DICOM-to-FHIR pipelines
[16], making AI-ready data provisioning feasible at scale.
The OMI Gateway is positioned as the interface between
DIC-level data structures and distributed AI services.

3 Methods

3.1 System architecture

The Gateway follows a microservice architecture imple-
mented via Docker Compose with six services: the API
server, an asynchronous worker, PostgreSQL, RabbitMQ,
SeaweedFS (S3-compatible storage), and a FHIR valida-
tion service (Figure 1).
The architecture rests on four design decisions:

1. enforced conformance – validating all inputs and
outputs against FHIR/DICOM profiles;

2. separation of concerns – the platform manages au-
thentication, job lifecycles, and storage, while plugins
handle service-specific logic;

3. asynchronous execution – decoupling processing
from HTTP handling;

4. artifacts as first-class objects – storing inputs and
outputs as addressable entities for auditability [17].

The API server, implemented using FastAPI [18], creates
a job record on each submission, uploads FHIR resources
and DICOM files to S3-compatible storage encrypted at
rest, and dispatches the task via RabbitMQ. An HTTP 202
response with the job identifier is returned immediately.
The worker retrieves data from storage, executes the
pipeline, and uploads results back, allowing independent
scaling of servers and workers.

3.2 Processing pipeline

Each request passes through six phases (Figure 2), with
the inter-component message flow shown in Figure 3:

1. Pre-validation: FHIR resources are validated against
the service’s input StructureDefinition using an extern-
al FHIR validator. DICOM files are validated within the
worker process for required tags (e.g., Patient ID,
Modality), correct VR types, and VM ranges [19]. Both
produce OperationOutcome resources.

2. Service-specific validation: The plugin performs do-
main-specific checks, e.g., verifying CT modality.

3. Preprocessing: Clinical inputs are transformed into
model-ready representations.

4. Inference: The plugin executes locally or delegates to
a remote backend.

5. Postprocessing: Predictions are translated into FHIR
resources or DICOM segmentation objects.

6. Post-validation: Outputs are validated against the
declared output StructureDefinition.

Each validation stage produces OperationOutcome re-
sources stored alongside job artifacts. If a plugin raises
an unhandled exception, the worker catches the error,
sets the job to failed, and generates an Operation-
Outcome with severity fatal.
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Figure 2: Six-stage pipeline. Validation stages (blue) produce OperationOutcome resources as an audit trail. Processing stages
(green) handle transformation and inference.

Figure 3: End-to-end job execution sequence. The client receives HTTP 202 immediately; processing continues asynchronously.
OperationOutcome resources are persisted at each validation stage. If validation fails, the job is marked as failed and the

OperationOutcome is returned via the job endpoint.

Three failure modes illustrate this:

1. a DICOM file missing the Modality tag triggers pre-
validation termination;

2. a FHIR resource with an undefined element produces
a warning that may allow continuation depending on
severity thresholds;

3. missing DICOM files trigger a fatal OperationOutcome
during service validation.

3.3 Plugin architecture

AI services are integrated through Python entry points
[20]. Developers implement the abstract BaseService
class (Table 1), packaged as an independent Python
package. On startup, the gateway discovers and loads all
installed service packages. The gateway handles data
transport, encryption at rest, validation, and job lifecycle;
developers only implement the service-specific methods.
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Table 1: BaseService interface methods

Table 2: Pipeline durations across 100 requests (dummy service, single worker)

3.4 API design and security

The gateway exposes RESTful endpoints for service listing
(GET /services), readiness and liveness checks, input
validation (POST /services/{id}/validate), inference sub-
mission (POST /services/{id}/infer), and job retrieval
(GET /jobs/{id}). Input data is submitted asmultipart form
data with HL7 FHIR conformant JSON and DICOM files.
Authentication uses API keys (X-API-Key header) stored
as SHA-256 hashes with role-based permissions. Opera-
tionOutcome resources at each stage, together with
timestamped job status logs, provide a complete audit
trail aligned with the EU AI Act [21], and AMIA’s AI prin-
ciples [17]. Where an integrated AI service qualifies as a
medical device, the EUMedical Device Regulation (MDR)
[22] additionally applies; the gateway’s persistent, ma-
chine-readable audit trail can support the traceability and
post-market surveillance obligations arising from the
MDR.

4 Results
We now evaluate the Gateway’s operational behavior and
its fulfillment of the interoperability requirements intro-
duced above. The gateway was validated using dummy
inference service implementing the complete BaseService
interface. Testing confirmed the successful processing
ofmulti-file DICOM submissions alongside FHIRmetadata
through programmatic access and Swagger UI. The
asynchronous job pattern correctly transitions between
pending, executing, and completed.
End-to-end latency wasmeasured across 100 sequential
requests using two DICOM files (CT_small.dcm, 38 KB
and MR_small.dcm, 10 KB), chosen to isolate gateway
overhead. Table 2 shows all 100 requests completed

successfully. The median 263 ms demonstrates low
overhead; in production, inference time is additive.

4.1 Interoperability evaluation

The plugin interface allows routing requests to either a
central remote inference service or a local compute node,
such as a RACOON-connected GPU server [23], without
changing the client-facing API. Consider a segmentation
service accepting a CT study with a FHIR parameter set:
the gateway validates both inputs, dispatches processing
asynchronously, and reconstructs the segmentation as
a DICOM object with an optional FHIR diagnostic report.
The gateway realizes the following architectural properties
derived from MII-aligned interoperability requirements:
FHIR profile conformance through profile-aware input/out-
put validation producing OperationOutcome resources;
DICOM handling through structural validation against
specification expectations; asynchronous execution via
background workers decoupled from HTTP handling;
service discoverability through a versioned plugin registry
with queryable FHIR profiles; multimodal data staging
with separate artifact directories per modality; audit and
traceability through job lifecycle records combined with
OperationOutcome resources; and backend flexibility
through plugin routing that transparently directs to remote
services or local GPU nodes. Iterative testing revealed
five integration issues across storage, validation, and
deployment. The system is deployable with docker com-
pose up. The source code will be made available upon
publication.
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Table 3: Comparison with related platforms

5 Discussion
The OMI Gateway’s principal contribution lies in relocating
interoperability enforcement from individual service ad-
apters into a shared integration component. When valid-
ation is handled centrally, all AI services benefit from
consistent conformance checking, and standards-con-
formant outputs can be consumed downstream without
additional transformation. This positions the gateway as
a genuine integration component rather than a thin proxy
[17].
Compared to existing platforms (Table 3), the gateway
occupies a distinct position: Kaapana, JIP, and MONAI
Deploy provide federated model training and workflow
orchestration but lack a FHIR-based validation pipeline
with structured audit trails. The OMI Gateway focuses on
standardized inference invocation with built-in gover-
nance. The FHIR-based validation pipeline creates a
complete, machine-readable audit trail supporting EU AI
Act [21] transparency requirements. Together with the
OMI DICOMweb adapter [24], it provides the core stand-
ards-based infrastructure for clinical AI inference.

5.1 Limitations and future work

The current implementation uploads files synchronously,
which may introduce latency for large DICOM datasets.
Worker concurrency is limited to a single process; hori-
zontal scaling is supported via additional Celery workers.
Federation features including registry synchronization
and heartbeat exchange are extension targets. Consent
management is expected to rely on surrounding DIC
components.
Future work includes integration with the OMI Service
Registry [25] through a FHIR-based heartbeatmechanism,
federation with RACOON [23], multi-step pipeline orches-
tration, and governance-aligned monitoring [17]. Valida-
tion with production AI models at clinical sites is planned.
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