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Abstract—The operational deployment of real-world audio
tagging systems introduces severe engineering bottlenecks that
extend far beyond acoustic modeling, posing critical challenges
in the management, versioning, and delivery of large-scale audio
databases. To overcome these hurdles, this paper presents the
SOROLL-IA Framework, a unified, end-to-end pipeline that
governs the entire audio AI lifecycle by bridging the gap from
physical edge data acquisition to production-ready audio tagging
model deployment. The platform operates on a continuous,
multi-stage workflow: first, distributed edge IoT nodes manage
local acoustic recording and stream lightweight telemetry to a
centralized infrastructure. Second, the collected audio recordings
are retrieved and stored within a decoupled infrastructure, where
physical file storage is separated from a relational metadata
layer that indexes and orchestrates the dataset. Third, this
relational layer leverages tailored active learning strategies to
package and deliver informative data batches in iterative, peri-
odic cycles to a custom spectrogram-based annotation interface,
accelerating human labeling while enforcing quality control
protocols. Once models are trained, they are deployed back
to the edge nodes. Finally, in the production stage, the nodes
transmit live inference telemetry, allowing the centralized system
to monitor for domain drift and dynamically adjust subsequent
data curation loops. By mapping explicit hardware constraints
to microservice-driven software orchestration, SOROLL-IA es-
tablishes a scalable, production-ready blueprint that transforms
volatile environmental audio data into an organized, traceable,
and self-enriching database asset.

Index Terms—Audio Database, Audio tagging, IoT, active
learning.

I. INTRODUCTION

Although state-of-the-art Computer Audition has made sig-
nificant progress in audio tagging [1], [2] and sound event
classification [3], the vast majority of contributions remain
confined to static benchmark datasets, isolated model archi-
tectures, and evaluation protocols under tightly controlled,
research-oriented conditions [4]–[6]. While massive reposito-
ries like AudioSet [4] have advanced theoretical modeling [7],
[8], they are inherently structured for benchmarking rather than
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Fig. 1. Comparison between the traditional static dataset paradigm and the
proposed SOROLL-IA closed-loop data management architecture.

production deployment. Industrial applications cannot rely on
such pre-existing data due to severe domain shifts between
controlled training environments and real-world acoustic con-
ditions [9]. Instead, practitioners must architect, curate, and
maintain domain-specific audio databases from scratch [10].
Real-world acoustic monitoring demands data infrastructures
capable of handling extreme environmental volatility—from
harsh mechanical noise in industrial facilities to unpredictable
weather-driven variations in outdoor settings. Transitioning
from research prototypes to robust deployments is thus fun-
damentally a challenge of building and sustaining large-scale,
operationally tailored audio data lifecycles.

Traditional audio AI workflows typically treat datasets as
static, one-off assets: audio is collected, manually annotated,
and used to train a model before being archived. While
sufficient for controlled research, this paradigm collapses
under non-stationary conditions where acoustic backgrounds
constantly shift and novel events emerge. Sustaining long-term
accuracy therefore requires an iterative data lifecycle, where
the underlying audio repository is continuously expanded,
curated, and synchronized with model updates to reflect real-
world conditions (see Fig 1). To address this, we shift the focus
from isolated model training to end-to-end audio data engi-



neering. We present a scalable pipeline designed to manage
and deliver massive audio databases—potentially encompass-
ing millions of continuous streaming segments—and formalize
the architectural requirements to transform raw environmental
recordings into traceable, edge-ready tagging assets. Devel-
oped within the SOROLL-IA platform, this workflow decom-
poses the data lifecycle into six interconnected architectural
pillars:

1) Autonomous Edge IoT Acquisition: Hardened hard-
ware and software layers designed for continuous,
privacy-compliant acoustic capture under power and
network constraints.

2) Decoupled Asset Architecture: A scalable ingestion
engine that decouples unstructured binary blobs from
relational metadata.

3) End-to-End Data Lineage Tracking: A structured
PostgreSQL database schema engineered to preserve
absolute data lineage from the initial recording node to
the expert annotation chunks and active learning (AL)
iterations [11].

4) Human Annotation Infrastructure: A custom,
spectrogram-based multi-label interface (New Audio
Annotation Tool, or NAAT) tailored for rapid
industrial taxonomy management, exporting completed
annotations as structured JSON assets that are
seamlessly reintegrated into the relational database.

5) Continuous Model Evolution and Tracking: An
MLOps-driven workflow that triggers iterative training
runs as fresh ground-truth batches are committed. It
utilizes a centralized experiment registry to relationally
link model versions with their exact dataset snapshots.

6) Closed-Loop Model Evolution: A production feedback
pathway supported by edge inference telemetry. Instead
of an isolated deployment, the system continuously
streams prediction metrics and confidence scores back
to the central architecture; this telemetric layer provides
the baseline indicators required to detect domain drift,
allowing operators to dynamically transition from foun-
dational data-seeding strategies toward model-guided
active learning approaches once the system is deployed
in production.

This paper is intentionally framed as a system architec-
ture and engineering blueprint for industrial audio data man-
agement. Rather than evaluating an isolated acoustic model
under static benchmark conditions, our primary contribution
lies in the formalization of the continuous, end-to-end data
pipeline. The design patterns, architectural trade-offs, and
lessons learned presented throughout this work stem directly
from empirical knowledge acquired across multiple real-world
deployments for industrial partners, focusing on outdoor and
unmanaged environments for operational Audio Tagging ap-
plications. Ultimately, this framework synthesizes these field
experiences into a generalizable, production-ready blueprint to
sustain operational audio AI under hardware, bandwidth, and
environmental constraints.

Fig. 2. Technical challenges on deployment for scalable audio acquisition in
real-world envirnonments using IoT acoustic nodes.

II. TECHNICAL CHALLENGES

A. Scalable Audio Acquisition in Industrial Environments

Implementing a continuous audio acquisition system in real-
world or industrial settings introduces physical and operational
challenges that go far beyond standard acoustic sensing, as il-
lustrated in Fig. 2. Unlike controlled environments, real-world
deployments dictate strict hardware and software infrastructure
constraints. Equipment access is highly restricted, maintenance
requires plant-wide coordination, and the acoustic environment
is inherently hostile due to background noise and/or vibrations,
among other considerations.

To ensure a continuous flow of high-quality data into the
pipeline, the acquisition architecture must overcome three core
engineering bottlenecks:

• Node Autonomy and Edge Resilience: Recording nodes
must operate autonomously for extended periods without
human intervention. This requires robust local storage
strategies to prevent data loss during intermittent network
outages, automated fault detection, and remote diagnostic
capabilities to verify data integrity from afar.

• Data Volume and Bandwidth Constraints: Continuous
multi-node recording generates massive data volumes
that can easily saturate industrial network bandwidth.
Furthermore, in many industrial settings, strict policies
and privacy regulations prohibit transferring raw audio
over external or shared networks to protect proprietary
acoustic signatures.

• Environmental Degradation: Hardware components
face physical degradation due to dust, temperature fluc-
tuations, and mechanical stress.

B. Centralized Storage and Data Ingestion

Establishing a resilient link between distributed edge nodes
and centralized storage demands efficient ingestion and index-
ing of continuous streams. As shown in Fig. 3, this architecture
must overcome three key engineering challenges:

• Exponential Volume and Scaling Limits: High-
resolution multi-node audio recording generates substan-
tial data overhead per hour. At an industrial deployment



Fig. 3. Data ingestion challenges over deployment on industrial environment.

scale, this volume grows exponentially, rapidly straining
storage capacity.

• Decoupling Blob Storage from Relational Metadata:
Industrial audio is useless without its context. The system
must ingest massive unstructured binary files (the raw
audio) while simultaneously managing highly structured,
fast-evolving metadata (timestamps, node IDs, and pro-
cessing states). Designing a storage architecture that can
handle petabyte-scale file lookups without losing the
strict relational links required for querying constitutes a
architectural bottleneck.

• Ingestion Integrity and Lifecycle Management: Real-
world deployments require dynamic stream validation
to detect duplicates and corrupted packets, alongside
automated retention policies that purge redundant or low-
value segments, preventing dataset contamination.

C. Structured Metadata and Annotation Management

Once the structural metadata and raw audio assets are
indexed within the relational schema, the operational challenge
shifts from static data storage to dynamic lifecycle man-
agement. In real-world deployments—where nodes generate
millions of audio segments—human annotation is a critical
bottleneck, demanding that the metadata infrastructure evolves
into an active orchestrator. This operational challenge stems
from two interconnected technical bottlenecks:

• Efficient Cross-Variable Curation: Isolating high-
priority candidate recordings for human review requires
filtering data across diverse, concurrent variables—such
as deployment timelines, specific edge node metadata,
and model confidence scores.

• Tracking active learning Iterations: Standard database
schemas excel at cataloging static assets, but they lack

mechanisms to log the dynamic history of iterative
data selection. AL workflows generate unique meta-
information for each batch—such as timestamps of the
selection event, target configurations, and the specific
metrics that triggered a segment’s proposal.

D. Human Annotation at Scale

Fig. 4. Data collection challenges over deployment on industrial environment.

Despite advances in automated data curation [12], human
expertise remains irreplaceable for industrial-grade audio AI
[11]. AL strategies do not eliminate human operators; instead,
they optimize their effort by filtering out redundancy and
surfacing only the most informative audio segments.

As shown in Fig. 4, annotation forms a continuous loop
tying sample selection, expert review, metadata updates, and
model retraining. Scaling this workflow requires addressing
three key engineering challenges:

• Infrastructure and UX Constraints: Specialized tools
are required to handle industrial audio workflows. These
tools must provide intuitive interfaces for rapid audio
playback, multi-label taxonomic navigation, and efficient
task management, while generating structured outputs
that seamlessly sync with the central database.

• Pipeline Throughput and Coupling: The efficiency of
the pipeline depends heavily on the fluid integration
between the data selection layer (AL) and the annotation
interface. While AL algorithms reduce the volume of
samples needing review, their practical impact is bottle-
necked without an infrastructure that dynamically serves
these samples and instantly commits human feedback
back into the loop.

E. AI Model Training, Evolution and Versioning

As the dataset expands through periodic (e.g., weekly)
annotation batches, the machine learning models must be
retrained iteratively to incorporate this new knowledge. This
continuous evolution introduces a critical MLOps challenge:
maintaining absolute synchronization between the data state
and the model state.



Multiple training runs occur simultaneously using evolv-
ing dataset versions, shifting hyperparameter configurations,
and diverse model architectures. The core engineering chal-
lenge lies in ensuring strict reproducibility and traceabil-
ity—guaranteeing that any given model checkpoint can be
mathematically and textually traced back to the exact training
data split, the specific active learning iteration or iterations that
generated it, and the precise software environment used.

Fig. 5. Overview of the SOROLL-IA MLOps and continuos inference
pipeline. Block E details the training, experiment tracking, and model registry
workflow leading to edge deployment. Block F illustrates the closed-loop
continuous improvement cycle, driven by edge inference telemetry, active
learning updates and human annotation to update the database.

F. Closed-Loop Retraining and Continuous Improvement

The paradigm shifts fundamentally once the initial Mini-
mum Viable Product (MVP) model is deployed into produc-
tion. Industrial or open real-world environments are inherently
dynamic, meaning the acoustic conditions encountered during
real-time operation inevitably diverge from the static distri-
bution of the initial training dataset. Over time, factors such
as mechanical wear on machinery, environmental noise shifts,
or completely unseen acoustic events trigger performance
degradation, commonly known as data and domain drift [13].
Mitigating this degradation requires transforming a linear
deployment pipeline into a self-sustaining, closed-loop system
(see Fig. 5). The main challenge here is twofold: informational
and economic. First, the infrastructure must capture and route
telemetry and inference data from the edge back to the
central data management layer without disrupting production
bandwidth. Second, because continuous manual labeling of
millions of streaming production segments is economically
and operationally impossible, the system faces a selection
challenge. The pipeline must intelligently identify and filter
which specific production samples are truly informative or
indicative of domain shift. Defining the constraints and ar-
chitectural boundaries to ingest this production feedback loop
seamlessly, without overloading human operators, constitutes
a core bottleneck for sustaining long-term model reliability in
the wild.

Fig. 6. Hardware and software architecture of the IoT audio node. The left
side shows the physical components of the node. The right side summarizes
the software stack for audio acquisition, automation scripts, telemetry, local
storage and system monitoring.

III. PROPOSED FRAMEWORK AND IMPLEMENTATION

A. Edge IoT Audio Nodes

To mitigate the harsh physical and operational constraints
outlined in Section II-A, we designed an autonomous,
industrial-grade Edge IoT architecture. The proposed node
treats hardware selection and software automation as a uni-
fied engineering solution to ensure continuous data integrity
(see Fig. 6). Building upon the foundational acquisition con-
cepts explored in our preliminary prototype [11], the mature
SOROLL-IA edge node isolates and solves each specific
acquisition bottleneck through distinct architectural layers.

As illustrated in Fig. 6, the deployment architecture balances
computational capacity with physical hardening through a
structured co-design:

• Mitigating Autonomy and Power Resilience Chal-
lenges: To survive restricted physical access and sudden
blackouts—that may occur in both industrial grids and
unmanaged open environments—the node implements a
versatile power management architecture. The subsystem
supports a dual-input power routing scheme, allowing the
node to be seamlessly powered either via a standard AC
grid adapter in indoor industrial settings, or via a solar
panel feed for outdoor deployments. To govern this hybrid
input, we pair a Raspberry Pi 4 Model B (8 GB) with an
intelligent PiJuice HAT module [14]. The PiJuice acts as
a smart power regulator and backup battery: it handles
safe-shutdown sequences whenever power drops below
a critical threshold to prevent file system corruption,
orchestrates automated boot-up sequences once current is
restored, and dynamically manages the node’s power cy-
cles based on solar availability when deployed in the wild.
All the components are placed inside a IP65 waterproof
box. On the software layer, this unattended autonomy is
reinforced by optimized cron automation daemons and
system services that continuously monitor system health,



verify recording states, and handle execution recovery
without human intervention.

• Bypassing Bandwidth and Privacy Constraints: To ad-
dress network saturation and strict data privacy mandates
common in both urban and industrial environments, the
architecture enforces an edge-first storage lifecycle where
processing and data buffering are handled locally at the
node level. High-resolution acoustic capture is routed via
a RODE Lavalier II microphone [15] through a USB-
to-jack converter, writing directly to an expansive 1 TB
Class 10 SD card. The local recording daemon structures
the acoustic stream into discrete, non-overlapping 10-
second audio clips. This duration was explicitly selected
to align with the standard segmentation format of estab-
lished public sound repositories, such as AudioSet [4],
ensuring format compatibility for downstream training
while dramatically reducing network load by allowing
scheduled, batch-based database synchronization. To sup-
port this edge-first architecture without disrupting local
bandwidth constraints, the node utilizes a BROVI E3372-
325 USB cellular modem [16] (equipped with an indus-
trial SIM) dedicated strictly to low-overhead telemetry
and control loops:

– Telemetry Loop: A lightweight automation script
extracts operational metrics (battery state, CPU tem-
perature, storage limits, and connectivity status)
alongside non-invasive RMS energy estimates from
the latest recorded segment to verify sensor health
without transmitting raw audio and its file name.

• Managing Environmental Degradation and Lifecy-
cles: Continuous telemetry observation enables predic-
tive maintenance scheduling, allowing operators to plan
interventions based on storage consumption, power fluc-
tuations, and acoustic energy anomalies before hardware
failure occurs. To ensure safe field maintenance without
external network dependencies, the node dynamically
hosts a local Wi-Fi access point. This permits direct
laptop connectivity to the operating system, enabling
graceful service termination, log inspection, and con-
figuration validation when near the node. Following a
controlled power cycle, the system automatically verifies
sensor initialization and recording states upon reboot,
guaranteeing operational readiness before returning to
unsupervised deployment.

• Deployment of Telemetry: To ensure seamless integra-
tion with the SOROLL-IA data architecture, the current
pipeline replaces the legacy MQTT/ThingsBoard proto-
typing approach [11] with a structured HTTPS-based
communication stack. A lightweight telemetry agent on
the edge node periodically collects operational variables
and transmits them as structured JSON payloads to a
dedicated REST API. The API validates requests, asso-
ciates records with node identifiers, and persists them in
a PostgreSQL database (Telemetry DB). On the backend,
Grafana queries the database via optimized SQL to render

real-time and historical dashboards for anomaly detection,
maintenance planning, and operational supervision (see
Fig. 7). All backend services are containerized using
Docker, ensuring reproducible deployment, service isola-
tion, and straightforward scaling. While the initial teleme-
try layer focuses on hardware and acquisition monitoring,
the same infrastructure is designed to incorporate future
inference-related indicators (e.g., predicted classes, con-
fidence scores, and execution latency) (see Section III-F)
without architectural changes (see Fig. 8).

Fig. 7. Telemetry dashboard capturing real-time edge node parameters during
the continuous recording phase. This centralized monitoring interface tracks
CPU temperature, battery performance percentage, deployment geolocation
coordinates, available SD card capacity—where sharp resets visually denote
the periodic physical data retrieval events—and the root-mean-square energy
profiles of the acquired acoustic streams, alongside other critical operational
diagnostics to ensure field maintenance and data integrity.

Fig. 8. Operational dashboard displaying a representative edge node deploy-
ment. The interface integrates the model’s top-3 predicted audio classes, the
execution time required for the latest inference, and a historical timeline
tracking a user-selected target class over time. Designed for production
monitoring, this unified view tracks files logged under the standardized
snd_YYYYMMDD_hhmmss_idnode.flac (see Fig. 10 table Nodes) nam-
ing convention alongside local hardware, storage, and thermal metrics, allow-
ing operators to verify exact system latency and edge reliability.

B. Centralized Storage and Data Ingestion

To resolve the scalability, metadata coupling, and integrity
bottlenecks described in Section II-B, the SOROLL-IA back-
end decouples physical object storage from relational meta-
data. Deployed on a centralized on-premise server using
Docker (see Fig. 9), the architecture systematizes data infras-
tructure through three specialized implementation layers:

• Adaptive Ingestion and Offline Preprocessing: To mit-
igate network saturation over extended field operations,



Fig. 9. Docker-based deployment architecture of the SOROLL-IA backend
infrastructure hosted on a centralized on-premise server. Within the isolated
SOROLL-IA network, the main PostgreSQL container (DB) centralizes the
lifecycle registry detailed in Fig. 10. This core storage is supported by
specialized utility services: the INIT container executes as a single-run
service to instantiate relational schemas and configurations; BACKUP runs
periodically to ensure state persistence and data recovery; and PGADMIN
provides an interface for browser-based database administration. To ingest
ground truth (see Section III-D), the INSERTJSON service continuously
monitors a target directory via a watchdog mechanism; upon completion of an
annotation batch, it parses the exported JSON files to automatically insert the
new labels into the Chunks table (see Fig. 10), ensuring robust, containerized
synchronization across the pipeline.

the platform utilizes edge telemetry metrics send by
the nodes. Operators review these centralized dashboards
(Figs. 7 & 8) to track node status proactively; once a
storage capacity threshold is breached, field technicians
execute a physical swap of the 1 TB SD card to ensure
continuous recording. Experimental trials demonstrated
that uncompressed audio acquisition rapidly exhausts this
local storage. To maximize deployment windows, native
FLAC recording is highly recommended at the edge,
yielding a 55% size reduction with zero acoustic degra-
dation. However, if deployment constraints necessitate
alternative formats—such as uncompressed WAV—the
platform mandates a standardized conversion to FLAC
during the offline ingestion pipeline, immediately fol-
lowing the file integrity and corruption checks. These
optimized FLAC assets are then uploaded to a physi-
cally independent storage repository. Depending on the
deployment scenario, this backend may correspond to a
cloud storage service, an S3-compatible object storage
bucket, or any equivalent infrastructure; in our specific
implementation, a secure, private server was deployed
(see Fig. 3 for illustratives purposes).

• Decoupled Relational Schema (Data Lineage): While
physical files are stored in the centralized repository,
contextual and operational abstraction is managed in-
dependently via a PostgreSQL instance (DB container
in Fig. 9). This architecture is structured explicitly to
guarantee absolute data lineage from the target deploy-
ment site to the final training split (see Fig. 10). Core
hardware and environmental deployment attributes are

Fig. 10. Overview of the PostgreSQL database schema used to organize
the audio data lifecycle in the SOROLL-IA platform. The schema relation-
ally indexes deployment contexts (Projects, Sources, Nodes), file metadata
(Audios), and human ground-truth segments (Chunks, Ontology, Labelers).
Notably, the id wav primary key in the Audios table serves as a unique
asset identifier irrespective of the underlying audio format, a nomenclature
retained for backward compatibility with our baseline prototype. For an in-
depth specification of the tables, attributes, and constraints, please refer to our
previous work [11].

isolated in the Projects, Sources, Node Types, and Nodes
tables. To maintain a completely decoupled infrastructure,
the metadata of the ingested files is indexed in the
master Audios registry using file name information for
fields id node, wav name and tstamp fields, while their
concrete physical storage locations across the network are
dynamically mapped via the Paths table.

• Infrastructure Resilience and Persistence: Database
administration and backup routines run in isolated con-
tainers to prevent contention with the ingestion pipeline.
PGADMIN provides on-demand management, while
BACKUP executes scheduled snapshots, ensuring data
durability and crash recovery without disrupting active
data flows.

C. Structured Metadata and Annotation Management

To address the human labeling bottlenecks and budget
constraints defined in Section II-C, the SOROLL-IA metadata
layer transitions from a passive storage registry into an active
query engine, relying on the relational interplay between the
Audios and Chunks tables (see Fig. 10). While the Audios table
indexes the global file-level metadata and available acoustic
corpus, the Chunks table stores the precise temporal events
and classes validated by human labelers. Together, these tables
form the backbone of the active learning (AL) pipeline: the AL
algorithms query their joint state to analyze the current ground-
truth distribution and selectively package the most informative,
unannotated data segments for human review. The platform
operates on an iterative, periodic workflow: operators spend a
fixed time window (e.g., one week) annotating the current data
batch, and immediately upon its completion, the INSERTJSON
service commits these new records into the Chunks table. This
database update automatically triggers the downstream AL
selection loop, which processes the newly enriched dataset
state to optimize and propose the batch for the subsequent



iteration. This systematic, continuous data preparation loop is
driven by two main architectural mechanisms:

• Relational Metadata Querying: Operators or algorithms
can query segments based on acoustic acquisition pa-
rameters, target edge nodes, deployment timelines, or
initial model confidence flags, drastically reducing the
search space before any annotation batch is generated.
This structured filtering directly empowers targeted active
sample selection; for instance, in our previous work [11],
we adapted the state-of-the-art Mismatch First-Farthest
Traversal AL algorithm to interface natively with this
relational layout. This specific AL approach is highly
recommended during the foundational stages of building
the ground-truth dataset: the Farthest Traversal mecha-
nism guarantees broad acoustic diversity across early data
batches, while the Mismatch First component provides
valuable insights into model performance relative to the
currently labeled ground truth. Notably, during the ini-
tial iteration where no annotated data is yet available,
the algorithm dynamically defaults to exclusive Farthest
Traversal selection to seed the database.

• AL Iteration Traceability: To fulfill strict data lineage
requirements, the database schema implements a dedi-
cated tracking extension designed to audit every active
AL (see Fig. 11). This centralized tracking layer registers
each execution across four highly normalized relational
tables:

– ALIterations: Captures the macro-context and bound-
ary conditions of each specific selection run. It
records a unique iteration identifier (id it), exe-
cution timestamp (date), the targeted edge node
(id node), and the boundary markers of the pro-
cessed stream window (init wav and last wav). Fur-
thermore, it logs the ratio of already-labeled audio
(labeled percentage), total count of selected files
(audios proposed), and links via foreign key (id al)
to the specific strategy executed.

– AudiosProposed: Serves as the granular bridge table
that maps the chosen assets. It explicitly couples the
unique iteration identifier (id it) with the correspond-
ing audio file identifier (id wav) from table Audio in
Fig. 11), ensuring clear lineage for every proposed
asset.

– ALAlgorithms: Acts as the central algorithm reg-
istry, archiving the core metadata of all AL mod-
els implemented within the platform. It maps the
algorithmic approach through its type and version
attributes, tracking exactly which methodology drove
each loop.

– ALConfigs: Manages the polymorphic execution
hyper-parameters through a dedicated json schema.
Linked directly to the iteration via id it, this flexible
structure avoids relational rigidity by storing varying
parameters unique to each model—such as classi-
fier versions for the Mismatch algorithm, or cluster

Fig. 11. AL database schema extensions inside SOROLL-IA platform,
mapping execution runs (ALPreprocessing) to specific selected samples (Au-
diosProposed).

counts and distances for density-based strategies.

D. Human Annotation Infrastructure

To resolve the industrial UX bottlenecks and rigorous
pipeline coupling challenges identified in Section II-D, the
SOROLL-IA framework introduces a bespoke software solu-
tion. While our preliminary work adapted and updated the
open-source BAT framework [11], [17], scaling to industrial
data volumes required deeper pipeline integration and abso-
lute control over data lineages. Consequently, we developed
the New Audio Annotation Tool (NAAT) from scratch (see
Fig. 12). NAAT acts as the critical bridge between human
expertise and our centralized relational schema, managing the
labeling lifecycle through three specialized operational pillars:

• Role-Based Cross-Validation and Task Management:
The tool ingests the structured batches generated by the
active learning layer (WavsProposed) and dynamically
organizes them into isolated task pools. To guarantee
dataset consensus and robust label validation, the infras-
tructure routes each audio clip to be annotated by an
odd number of independent human operators (e.g., a 3-
labeler pool), enabling multi-annotator majority consen-
sus. Furthermore, NAAT enforces strict role separation:
Administrators manage global projects, user credentials,
server access protocols, and data export pipelines, while
Annotators are served targeted audio queues to maximize
focus and throughput.

• Perceptual Audio UX and Multi-Label Taxonomy: A
core design decision of NAAT is the replacement of stan-
dard raw waveform views with a high-fidelity, interactive
spectrogram-based interface. In acoustic engineering, it
is widely established that spectrograms offer superior
perceptual grounding compared to raw time-domain sig-
nals [18], as visual frequency patterns drastically reduce
human cognitive load when isolating overlapping events.
This specialized UX enables operators to efficiently per-
form precise multi-label annotation, drawing dynamic
temporal bounding boxes (onsets and offsets) to isolate



Fig. 12. New Annotation Tool (NAAT) interface components. (a) User authentication, (b) project and task assignment dashboard, (c) administrative oversight
with completion metrics and label review, (d) spectrogram-based annotation workspace, (e) event-level temporal segmentation with color-coded labels, and (f)
ontology-guided label proposal modal.

simultaneous sound sources. This information could be
useful for not only audio tagging but also for sound event
detection solutions [19].

• Ambiguity Protocols, Mitigation, and Closed-Loop
Sync: To prevent the injection of label noise—a critical
threat to industrial ML convergence—NAAT implements
a strict quality-assurance workflow rather than allow-
ing automated taxonomy updates. When encountering
ambiguous signals, annotators can utilize two dedicated
mechanisms:

– Category Proposals: Annotators can propose new
acoustic classes, which are routed to an administra-
tive panel for expert review before being integrated
into the master ontology (as seen in Fig. 10 on the
table ontology).

– Doubt Flagging: Instead of forcing an uncertain
label, operators can flag a clip as “doubtful.” This
action locks the asset, preventing it from being
committed as ground truth. These flagged segments
are compiled for weekly alignment meetings between
the administration panel and the annotation team
[11]. Once the collective ambiguity is resolved, the
audio is re-queued and served back to the original
labeler for definitive annotation.

Once a batch is finalized and validated, NAAT exports struc-
tured JSON packages containing the precise metadata. These
files are intercepted by the backend’s INSERTJSON service
(see Fig. 9), which instantly commits the labels to the Post-
greSQL Chunks table—binding every temporal event to its
original recording file, active ontology class, and operator ID.

E. AI Model Training, Evolution and Versioning

To address the synchronization, reproducibility, and re-
source constraint challenges outlined in Section II-E, the
SOROLL-IA platform incorporates a structured MLOps work-
flow centered around an integrated MLflow tracking compo-
nent. The framework couples the periodic dataset expansions
with systematic experiment management driven by two tech-
nical pillars:

• MLflow-Driven Experimentation and Run Auditing:
Every iterative training run is registered within MLflow
to maintain a clear history of model evolution. For each
experiment, the pipeline automatically logs the selected
hyperparameters, standard audio tagging metrics (F1-
score, mAP ), and, crucially, the precise ground-truth
dataset snapshot used. Importantly, the unique MLflow
Run ID generated during this process is explicitly com-
mitted back to the ALPreprocessing table described in
Section III-C; this explicit relational link guarantees that
any future active learning query can be audited back to
the exact model state that generated its predictions.

F. Closed-Loop Learning and Continuous Improvement

The architecture sustains long-term model reliability
through two core operational workflows:

• Privacy-Preserving Production Telemetry Ingestion:
Once deployed, edge nodes execute real-time local in-
ference while continuously piping lightweight metadata
back to the central backend. To protect production band-
width and comply with the strict privacy regulations
detailed in Section II-A, raw audio is not streamed
continuously. Instead, the edge nodes send asynchronous,
low-overhead payload logs containing timestamps, node



Fig. 13. Complete end-to-end SOROLL-IA audio AI pipeline architecture. The diagram illustrates the unified interplay between edge acquisition (Block A),
central ingestion (Block B), active learning metadata orchestration (Block C), human annotation (Block D), and MLOps evolutionary deployment (Blocks
E and F). Green lines signify physical raw audio and telemetry data transfers; blue lines denote the ingestion of file metadata into the central SOROLL-IA
database; and magenta lines represent the relational queries dispatched from the Chunks and Audios tables to orchestrate active learning iterations and trigger
downstream model retraining cycles.

identifiers, predicted acoustic classes, execution latencies,
and model confidence scores (see Fig. 8).

• Data Drift Detection and active learning Curation:
The central ingestion/monitoring pipeline stores these
incoming confidence scores to detect anomalies, high-
uncertainty inferences, or symptoms of domain drift.
In long-term deployments, it is highly recommended
to dynamically shift the AL strategy from a diversity-
driven approach to a purely model-centric, uncertainty-
based paradigm [20]. For instance, when a node has
operated in the field for a considerable timeframe (e.g.,
more than 6 months) without retraining, the underlying
acoustic environment may evolve due to seasonal shifts
or mechanical wear, triggering domain drift. Because the
node’s real-time edge inferences and confidence logs are
already systematically archived in the central database,
the pipeline can execute uncertainty-based AL queries
over these fresh, uncollected periods. Consequently, when
field technicians proceed to physically retrieve the local
SD card, the system can instantly propose a highly
targeted validation batch composed exclusively of assets
that exhibited the highest predictive entropy in produc-
tion, maximizing the labeling budget exactly where the
model’s confidence is weakest.

Once domain experts resolve ambiguities and validate these
critical production samples through NAAT’s cross-validation
protocol, the resulting high-fidelity labels are committed back
into the PostgreSQL registry (see Fig. 9 DB container). This

action systematically closes the operational loop: the database
couples these new assets with the historical lineage, automati-
cally re-triggering the MLflow pipeline to train an updated,
hardened model version. This new model run is assigned
a fresh identifier that is linked back to the next AL cycle,
while its optimized topology is automatically compiled into
ONNX format for subsequent edge deployment. Rather than
executing uncontrolled, computationally expensive retraining
cycles, this closed-loop structure provides a highly governed
engineering standard for continuous improvement, ensuring
full traceability and robust data-model synchronization across
the entire industrial audio AI lifecycle.

IV. DISCUSSION AND CONCLUSIONS

This paper introduces the SOROLL-IA Platform, a unified,
end-to-end operational framework that transitions industrial
audio tagging from a collection of isolated machine learning
tasks into a cohesive, continuous data-and-model lifecycle (see
Fig. 13). While existing literature frequently isolates acoustic
modeling from data engineering, this work systematically
bridges the gap between hardware constraints and software
orchestration. By analyzing the architecture, some core en-
gineering insights emerge, demonstrating how the platform
addresses the lifecycle challenges from initial data ingestion
to edge deployment:

• Decoupled Infrastructure and Active Orchestration:
Managing massive industrial databases of unstructured
audio assets is unfeasible without separating physical



storage from contextual metadata. SOROLL-IA proves
that a dedicated relational layer does not merely store
logs; it acts as an active gateway. By structuring a
weekly pipeline lifecycle, the database orchestrates down-
stream active learning (AL) algorithms—such as our
adapted Mismatch First-Farthest Traversal—to optimize
the search space and guarantee data diversity from the
very first annotation batches.

• Quality-Assured Human Infrastructure: Human an-
notation is the primary bottleneck in large-scale ML
deployment. Through the custom-built New Audio An-
notation Tool (NAAT), the platform shifts away from raw
waveform visualization toward perceptually grounded,
interactive spectrograms that drastically reduce cognitive
load. More importantly, the implementation of an odd-
number cross-validation pool, coupled with strict “doubt-
flagging” protocols and weekly alignment meetings, pre-
vents the injection of label noise into the master Post-
greSQL registry, ensuring that only high-fidelity ground
truth is committed.

• Traceable MLOps and Drift Mitigation: Deploying
a model is not the endpoint, but the activation of a
continuous improvement loop. By integrating an MLflow
tracking component, every training run is mathematically
audited, linking specific multi-label dataset snapshots
and cross-validation splits directly to a unique Run ID,
which is committed back to the AL tracking tables. Once
compiled into optimized ONNX artifacts for edge de-
ployment, these models log real-time confidence scores.
This allows the centralized pipeline to monitor and detect
domain drift (e.g., after 6 months in production), auto-
matically shifting the AL strategy toward an uncertainty-
based paradigm that isolates high-entropy clips for tar-
geted physical recovery and retraining.

In conclusion, the primary contribution of this work is
the structural validation of a complete operational cycle tai-
lored to the modern demands of large-scale audio database
management. By mapping explicit hardware constraints to
microservice-driven backend solutions, SOROLL-IA success-
fully transitions raw environmental noise into an organized,
traceable, and self-enriching AI asset. The robustness of this
ecosystem is demonstrated through a continuous lifecycle that
spans from edge acoustic recording and storage-optimized
decoupled ingestion, to relational active learning querying,
human annotation packaging, model retraining, and subse-
quent edge redeployment. Ultimately, this work delivers a
concrete, production-ready blueprint that directly addresses
the critical challenges in the management and delivery of
large audio databases—proving that the bottleneck of massive
acoustic data ingestion can be systematically resolved through
decoupled infrastructure, strict relational lineage, and model-
guided data curation.
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