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Abstract:

This paper presents a five-layer digital twin (DT) architecture for real-time bridge construction monitoring, integrating
Internet of Things (IoT) sensor fusion, deep learning inference pipelines, and BIM—finite element analysis (FEA)
coupling. The physical layer deploys fibre Bragg grating (FBG) strain sensors, MEMS accelerometers, RTK-GNSS
receivers, and thermistor arrays at critical structural locations, transmitting data via MQTT over a hybrid LoRaWAN/5G
edge-cloud topology. The data layer implements an Apache Kafka streaming pipeline with edge pre-processing on
NVIDIA Jetson Orin modules, achieving sub-200 ms sensor-to-dashboard latency. The digital modelling layer couples
an [FC 4.3—compliant BIM model with a Midas Civil / LUSAS finite element model through automated Bayesian model
updating using Markov Chain Monte Carlo (MCMC) sampling, calibrating stiffness parameters in real time against
measured sensor responses. The Al analytics layer deploys four deep learning models: (1) a stacked Bi-LSTM network
for construction progress forecasting (MAE = 2.3% on benchmark data); (2) a variational autoencoder with multi-head
self-attention (VAE-Transformer) for structural anomaly detection (F1 = 0.94); (3) a YOLOv8n object detection model
for CDM 2015—compliant safety monitoring (mAP@0.5 = 0.91); and (4) an XGBoost ensemble for concrete
compressive strength prediction from mix design and curing sensor data (R? = 0.96). All models are containerised in
Docker and orchestrated via Kubernetes for scalable deployment. The architecture is designed for the United Kingdom’s
infrastructure context, compliant with ISO 19650, the Gemini Principles, and the Design Manual for Roads and Bridges
(DMRB). Expert validation (N = 12) yielded a mean technical feasibility score of 4.25/5.00. The system architecture,
data schemas, model hyperparameters, and inference pipeline specifications are detailed to enable reproducibility.

Keywords — Digital Twin, Bridge Construction, loT Sensor Fusion, Deep Learning, LSTM, Variational Autoencoder,
YOLOVvS, BIM-FEA Coupling, Bayesian Model Updating, Edge Computing, MOTT, Kubernetes, ISO 19650, United
Kingdom.
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I. INTRODUCTION

The United Kingdom maintains over 155,000 road
and rail bridges, of which National Highways manages
approximately 8,800 on the strategic road network and
Network Rail oversees 30,000 across the rail network
(National Highways, 2024; Network Rail, 2023). The
Department for Transport estimates 3,700 local authority
bridges are structurally substandard (DfT, 2023). Major
bridge construction and reconstruction projects under
Road Investment Strategy 2/3 (RIS2/RIS3) and Network
Rail’s Control Period 7 (CP7) consistently face
efficiency challenges: the Infrastructure and Projects
Authority (IPA) reports that 40% of major projects
experience cost overruns and 35% face schedule delays
(IPA, 2024). These inefficiencies cost an estimated £2.1
billion annually across UK infrastructure delivery.

Digital twin (DT) technology offers a pathway to
address these inefficiencies through continuous, sensor-
driven virtual representations of physical assets. While
the UK has established global leadership in digital
construction policy—through the BIM Level 2 mandate
(2016), the National Digital Twin Programme (NDTP),

the Gemini Principles (Bolton et al., 2018), and ISO
19650 adoption—the practical implementation of DTs
during the bridge construction phase remains technically
underdeveloped. Yang et al. (2024) reviewed 42 bridge
DT papers and found that research clusters
overwhelmingly target the operations and maintenance
(O&M) phase, with the construction phase receiving
minimal attention. The construction phase poses distinct
technical challenges: rapidly changing geometry, staged
loading sequences, temporary support systems, dynamic
sensor placement requirements, and high-frequency data
streams from concurrent activities.

This paper presents a technically detailed, five-layer
digital twin architecture specifically engineered for real-
time bridge construction monitoring. The contribution is
threefold: (1) a complete IoT sensor fusion specification
with edge-cloud data pipeline architecture achieving
sub-200 ms latency; (2) a BIM-FEA coupling
mechanism using automated Bayesian model updating
with MCMC sampling for real-time structural calibration
during construction stages; and (3) four production-
ready deep Ilearning models—Bi-LSTM progress
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forecasting, VAE-Transformer anomaly detection,
YOLOvV8 safety monitoring, and XGBoost strength
prediction—with fully specified hyperparameters,
training pipelines, and benchmark performance metrics.
The architecture is designed for UK bridge construction,
compliant with DMRB, CDM 2015, and ISO 19650.
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The architecture comprises five layers connected
through a unidirectional primary data flow (physical —
data — model — analytics — interface) with
bidirectional feedback loops between the analytics and
modelling layers for model updating, and between the
interface and physical layers for actuator commands
(e.g., automated safety shutdowns). Table 1 summarises

II. SYSTEM ARCHITECTURE OVERVIEW each layer’s components, technologies, and data
throughput.
TABLE 1: FIVE-LAYER ARCHITECTURE SPECIFICATION
Layer Function Core Technologies Latency Data Rate Protocol
L1: Physical Sensor data acquisition FBG, MEMS, RTK-GNSS, <10 ms 50-200 Mbps MQTT/RTSP
LiDAR, IP camera
L2: Data Ingestion, stream processing, Apache Kafka, Jetson Orin, <200 ms 10-50 Mbps Kafka/gRPC
storage TimescaleDB
L3: Model BIM-FEA coupling, model IFC 4.3, Midas Civil APL, PyMC3 1-60 s 1-5 Mbps REST API
updating
L4: Analytics ML inference, prediction, PyTorch, ONNX Runtime, 50-500 ms 0.5-2 Mbps gRPC
detection TensorRT
L5: Interface  Visualisation, alerts, React, Cesium.js, WebSocket, <ls 0.1-1 Mbps WebSocket

collaboration Grafana

III. LAYER 1: IOT SENSOR NETWORK DESIGN
A. Sensor Selection and Deployment Strategy

Sensor selection follows a performance-criticality
matrix matching sensor characteristics to bridge
construction monitoring requirements specified in BS
EN 1990-1992, DMRB BD 63, and CS 465. Table 2

provides the detailed sensor specification. Sensors are
deployed in three zones corresponding to construction
phases: Zone A (substructure: piles, pile caps, piers);
Zone B (superstructure: bearings, girders, deck
segments); and Zone C (temporary works: falsework,
formwork, launching nose).

TABLE 2: SENSOR HARDWARE SPECIFICATION

Sensor Model Technology Range
Strain HBM FS62 FBG optical +5000 pe
Acceleration PCB 356A17 MEMS triaxial +50 g
Displacement Leica GR50 RTK-GNSS +500 mm
Temperature PT100 array RTD platinum -40-200°C
Load HBM C6A Strain gauge 0-5 MN
3D scan Leica RTC360 ToF LiDAR 130 m
Video Axis P1455-LE CMOS 4K 100 m
Tilt Jewell LSOC3 MEMS servo +30°

B. Network Topology and Communication
The sensor network employs a three-tier

communication architecture. Tier 1 (field level) uses
LoRaWAN (868 MHz ISM band, UK Ofcom compliant)
for low-power, long-range sensors (temperature, tilt)
with a maximum payload of 242 bytes at SF7 achieving
5.5 kbps. Tier 2 (site level) uses 5G NR (n78 band, 3.4—
3.8 GHz) via DSIT’s 5G Connected Construction
programme for high-bandwidth sensors (LiDAR,
cameras) requiring > 10 Mbps uplink. Tier 3 (edge-
cloud) connects on-site edge nodes to cloud services via
dedicated VPN over fibre or 5G backhaul. All sensor
data is timestamped using NTP synchronisation (£1 ms
accuracy) to ensure temporal alignment across
heterogeneous sensor types.

Each construction zone contains a ruggedised edge
gateway (NVIDIA Jetson Orin NX, 100 TOPS INTS, 16
GB RAM, IP65 enclosure) performing: (a) protocol
translation (LoORaWAN/MQTT/RTSP — unified Katka

Accuracy Freq. Interface Power IP Rating
+1 pe 100 Hz Optical fibre Passive P68
+0.01 g 200 Hz MQTT/BLE 3.3V DC 1P67
+2 mm 1 Hz TCP/IP 12V DC P67
+0.1°C 0.1 Hz LoRaWAN Battery 1P68
+0.5% 10 Hz MQTT 10V DC P68
+1.9mm  2M pts/s WiFi 6 Battery P54
3840x2160  30fps  RTSP/ONVIF PoE P67
+0.001° 1 Hz LoRaWAN Battery P67

messages); (b) local anomaly pre-filtering using

lightweight statistical models (z-score, IQR); (c) data
compression (LZ4 lossless, 2—3x ratio for time-series);
and (d) video frame extraction and YOLOVS inference at
15 fps. Edge processing reduces cloud data transfer by
approximately 70%, from an estimated 200 Mbps raw to
50-60 Mbps processed.

IV. LAYER 2: DATA PIPELINE
ARCHITECTURE
A. Stream Processing

The data pipeline is built on Apache Kafka (v3.6+)
deployed in a 3-broker cluster for fault tolerance, with
topic partitioning by sensor zone (Zone-A, Zone-B,
Zone-C) and data type (strain, acceleration,
displacement, temperature, video-meta). Kafka Streams
performs real-time transformations including: unit
normalisation, outlier rejection (Hampel filter with 3c
threshold), resampling to common time bases (1 Hz for
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structural, 0.1 Hz for thermal, 30 fps for video), and
feature extraction (RMS acceleration, peak strain,
temperature gradient AT/Az). The pipeline achieves end-
to-end latency of < 200 ms from sensor acquisition to
processed data availability in the analytics layer.
B. Storage Architecture

Time-series sensor data is stored in TimescaleDB
(PostgreSQL extension) with automatic hypertable
partitioning by time (1-hour chunks) and sensor zone,
enabling efficient range queries across construction
stages. Compression achieves 10-15x reduction on
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historical data. Point cloud data from LiDAR scans is
stored in PostgreSQL with PostGIS 3D extensions and
indexed using R-tree spatial indices. BIM model
versions are stored in a Git-based repository (BIMserver
or Speckle) with full version history and diff capability.
Video streams are processed at the edge; only metadata
(detection events, bounding boxes, confidence scores)
and triggered clips (10-second pre/post event) are
persisted to object storage (MinlO or AWS S3). The
complete data schema is described in Table 3.

TABLE 3: DATA SCHEMA AND STORAGE SPECIFICATION

Data Type Format Storage Engine
Strain time-series float64 array TimescaleDB hypertable
Acceleration float32 x 3-axis TimescaleDB hypertable
GNSS position WGS84 + local TimescaleDB + PostGIS
Temperature float32 array TimescaleDB hypertable
Point cloud LAS/LAZ 1.4 PostGIS 3D / object
Video metadata JSON events TimescaleDB
Video clips H.265 MP4 Object storage (S3)

BIM model IFC 4.3 / gITF Git (Speckle)

V. LAYER 3: BIM-FEA COUPLING AND
BAYESIAN MODEL UPDATING
A. BIM-FEA Integration Workflow

The digital modelling layer maintains two
synchronised models: a geometric/information BIM
model (IFC 4.3) and a structural FEA model.
Synchronisation follows a three-step automated pipeline:
(1) geometry extraction from BIM via IfcOpenShell
Python library, converting IFC entities (IfcBeam,
IfcColumn, IfcSlab, IfcPile) to FEA-compatible mesh
geometry; (2) material property mapping from BIM
material definitions (IfcMaterial,
IfcMaterialConstituentSet) to FEA material models
(elastic, plastic, creep); and (3) construction stage
definition from the 4D schedule, generating sequential
FEA load cases corresponding to each construction
activity (pile driving, pier casting, girder erection, deck
pouring, post-tensioning, formwork removal).

The FEA model uses the Midas Civil API (Python
midas-civil-sdk) or LUSAS Modeller scripting interface
for automated model generation, analysis execution, and
result extraction. Each construction stage triggers an
automated FEA re-analysis, computing predicted strain,
displacement, and stress distributions that are compared
against real-time sensor measurements.

B. Bayesian Model Updating via MCMC

Discrepancies between predicted (FEA) and
measured (sensor) structural responses trigger automated
Bayesian model updating. The updating formulation
treats uncertain FEA parameters—principally concrete
elastic modulus Ec, steel elastic modulus Es, bearing
stiffness kb, and soil spring stiffness ks—as random
variables with prior distributions informed by design
specifications and material test data. The posterior
distribution is computed using Bayes’ theorem:

Retention Compression Index Volume/day
Project life 10-15x B-tree + time ~2 GB
Project life 10-15x B-tree + time ~8 GB
Project life 5x R-tree spatial ~200 MB
Project life 15-20x B-tree + time ~50 MB
Project life LAZ 8-10x% R-tree 3D ~5-20 GB/scan
Project life N/A B-tree + time ~100 MB
90 days hot H.265 codec Event-tagged ~10-50 GB
Full history Git delta Version hash ~500 MB/rev

p0|D) acpD]6)p®)

where 0 = {Ec, Es, kb, ks} is the parameter vector, D
is the measured sensor data, p(D | 8) is the Gaussian
likelihood function comparing FEA predictions with
sensor measurements, and p(0) is the prior distribution.
The posterior is sampled using the No-U-Turn Sampler
(NUTS), a variant of Hamiltonian Monte Carlo
implemented in PyMC3 (Salvatier et al., 2016), with 4
chains x 2000 samples after 1000 warm-up iterations.
Convergence is assessed using R < 1.01 and effective
sample size neff> 400.

Updated parameters are fed back into the FEA
model, producing a calibrated digital twin that accurately
represents the bridge’s actual structural behaviour at
each construction stage. This closed-loop updating cycle
runs automatically after each significant construction
event (e.g., concrete pour, post-tensioning, temporary
support removal), with a typical computation time of 3—
5 minutes per update on an 8-core cloud instance (AWS
c5.2xlarge).

VI. LAYER 4: DEEP LEARNING INFERENCE
MODELS
A. Construction Progress Forecasting: Bi-LSTM
Network

Construction progress is formulated as a multivariate
time-series regression problem. The input tensor X €
R™F comprises T = 30 historical daily timesteps and F =
24 features:
Sensor features (12): daily mean/max strain, RMS

acceleration, = GNSS  displacement  magnitude,
temperature range, cumulative concrete volume,
cumulative steel tonnage, post-tensioning force,

formwork area, and three derived construction activity
indices.
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Schedule features (7): planned progress %, earned value
%, schedule wvariance, critical path float, active
workforce count, equipment utilisation rate, and delivery
compliance rate.
Environmental features (5): daily max/min temperature,
precipitation (mm), wind speed, and humidity from Met
Office DataPoint API.

The network architecture comprises: an input
normalisation layer (z-score standardisation per feature);
two stacked bidirectional LSTM layers (128 and 64
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hidden units per direction, yielding 256 and 128
concatenated outputs); dropout layers (p = 0.3) after each
LSTM; a fully connected layer (64 units, ReLU
activation); and a linear output layer predicting next-day
and next-week completion percentages. Training uses
Adam optimiser (B/ = 0.9, B2=10.999, ¢ = 10®), learning
rate 107 with cosine annealing schedule (Tmax = 50
epochs), batch size 32, and Huber loss (6 = 1.0) for
robustness to outliers. Table 4 reports benchmark
performance.

TABLE 4: BI-LSTM PROGRESS MODEL — BENCHMARK PERFORMANCE

Model MAE (%) RMSE (%)
Linear Regression (baseline) 6.8 8.4
Random Forest 4.2 5.6
Standard LSTM (1-layer, 64) 3.1 42
Bi-LSTM (proposed) 23 31
Transformer (4-head, 2-layer) 2.5 34

The proposed Bi-LSTM achieves best-in-class MAE
of 2.3% on the benchmark dataset (5 historical bridge
projects, 80/10/10 train/val/test split), outperforming the
Transformer baseline while requiring 36% fewer
parameters and 33% lower inference time. Transfer
learning uses the first 4 projects for pre-training and the
Sth for fine-tuning (last 2 layers unfrozen, learning rate
reduced to 104).

B. Structural Anomaly Detection: VAE-Transformer

Anomaly detection employs a variational
autoencoder (VAE) augmented with multi-head self-
attention for capturing temporal dependencies. The
encoder maps a sliding window of sensor data x € RY*S
(W = 256 timesteps, S = 8 sensor channels) to a latent
distribution z ~ N(, o) with latent dimension dz = 32.
The encoder architecture: 1D-CNN (3 layers, kernel size
7, channels 32—64—128) — multi-head self-attention
(4 heads, dk = 32) — linear layers projecting to p, log 62
The decoder mirrors the encoder. The loss function
combines reconstruction loss (MSE) and KL divergence
with B-weighting (f = 0.5):

L =MSE(x, x) + - KL(q(z|x) || p(z))

The model is trained exclusively on normal-
condition data from the first 20% of construction (before
significant structural loading). At inference, the
reconstruction error ¢ = [|x — X|* is computed per window.
An adaptive threshold t = pe + 3ce (rolling window of
1000 samples) flags anomalies. On a synthetic
benchmark with injected anomalies (settlement, crack,
bearing failure), the model achieves precision = 0.92,
recall = 0.96, F1 = 0.94, with a false positive rate of
0.3%.

C. Safety Monitoring: YOLOvS Object Detection

Real-time safety monitoring uses YOLOv8n (nano
variant, 3.2M parameters) for detecting six hazard
classes: (1) missing hard hat, (2) missing high-visibility
vest, (3) worker in exclusion zone, (4) unsafe crane
proximity (< 3 m), (5) missing edge protection, and (6)
unsecured load. The model is fine-tuned from COCO
pre-trained weights on a custom dataset of 12,000

R MAPE (%) Params Inference
0.72 9.1 25 <1ms
0.84 5.8 12K 5 ms
0.91 43 52K 8 ms
0.95 3.2 198K 12 ms
0.94 35 310K 18 ms

annotated construction site images (8,400 train / 2,400
val / 1,200 test), augmented with Mosaic, MixUp, and
HSV jittering. Training: 100 epochs, batch size 16, SGD
optimiser (Ir = 0.01, momentum = 0.937, weight decay =
0.0005), image size 640x640. Performance: mAP@0.5 =
0.91, mAP@0.5:0.95 = 0.72, inference = 8.2 ms per
frame on Jetson Orin (TensorRT FP16). Detection events
trigger CDM 2015—compliant alerts to the Principal
Contractor and CDM Principal Designer via WebSocket
push notifications.
D. Concrete Strength Prediction: XGBoost Ensemble

Early-age concrete compressive strength is predicted
using XGBoost (gradient-boosted decision trees) from
14 input features: cement content, water/cement ratio,
aggregate proportions (fine/coarse), admixture dosage,
slump value, ambient temperature at pour, peak
hydration temperature (from embedded thermistors),
temperature integral (XT-At, maturity method), curing
duration, relative humidity, and three mix-specific
indicators. The model predicts 7-day and 28-day
compressive strength (MPa) from data available within
72 hours of pour, enabling early identification of below-
specification concrete before traditional cube test results
are available. Hyperparameters: max depth = 6,
n_estimators = 500, learning_rate = 0.05, subsample =
0.8, colsample bytree = 0.8, min child weight = 3.
Performance on a dataset of 2,800 concrete pours: R? =
0.96, MAE = 1.8 MPa, RMSE = 2.4 MPa. SHAP
(SHapley Additive exPlanations) analysis identifies
temperature integral and w/c ratio as the two most
influential features.
E. Model Deployment: Containerisation and
Orchestration

All ML models are exported to ONNX format for
framework-agnostic deployment. Inference is served via
NVIDIA Triton Inference Server running in Docker
containers orchestrated by Kubernetes (K3s lightweight
distribution for edge, EKS for cloud). The deployment
architecture separates edge inference (YOLOvVS on
Jetson Orin, < 10 ms latency) from cloud inference (Bi-
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LSTM, VAE-Transformer, XGBoost on GPU instances,
<500 ms latency). Model versioning uses MLflow, with
automated A/B testing and canary deployments for
model updates. CI/CD pipelines (GitHub Actions)
automate testing, containerisation, and deployment.
Monitoring uses Prometheus metrics and Grafana
dashboards tracking inference latency (p50, p95, p99),
throughput (queries/second), model accuracy drift, and
GPU/CPU utilisation.

VII. LAYER 5: REAL-TIME VISUALISATION
AND ALERT SYSTEM

The interface layer provides a browser-based 3D
digital twin visualisation built on Cesium.js (geospatial
context) and Three.js (structural detail rendering), with
the IFC model rendered via IFC.js/web-ifc. Real-time
sensor data is overlaid on the 3D model using colour-
mapped glyphs: strain is rendered as a diverging blue-
white-red colourmap scaled to allowable limits per BS
EN 1992; displacement vectors are shown as scaled
arrows; temperature fields as interpolated heatmaps; and
anomaly alerts as flashing red indicators at the affected
sensor location.

The alert system implements a three-tier escalation
protocol: Level 1 (informational, amber)—sensor value
exceeds 70% of threshold, logged and displayed on
dashboard; Level 2 (warning, orange)—sensor value
exceeds 85% of threshold or Al anomaly detected, push
notification to site engineer and structural engineer;
Level 3 (critical, red)—sensor value exceeds threshold or
safety violation detected, push notification to all
stakeholders including Principal Contractor and client,
with automated work-stop recommendation for the
affected zone. Alerts are delivered via WebSocket (in-
app), SMS (Twilio API), and email, with configurable
notification preferences per user role. All alerts are
persisted in an audit log compliant with CDM 2015
record-keeping requirements.

Time-series dashboards are rendered using Grafana
(v10+) with pre-configured panels for each sensor zone:
strain vs. time with FEA prediction overlay,
displacement trending with alarm bands, temperature
evolution with curing predictions, and construction
progress (actual vs. planned S-curve). The dashboard is
accessible via any modern browser, optimised for both
desktop and tablet use on-site.

VIII. VALIDATION AND DISCUSSION

The complete architecture was evaluated through:
(a) expert review by 12 senior professionals (3 bridge
project managers, 2 BIM/DT specialists, 2 structural
engineers, 2 IoT consultants, 2 client representatives, 1
ML engineer) scoring technical feasibility at 4.25/5.00
(SD = 0.62); and (b) component-level benchmarking of
all four ML models on historical/synthetic datasets as
reported in Sections VI.A-D.

Key technical findings: (1) the Bi-LSTM progress
model achieves 2.3% MAE, representing a 66%
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improvement over linear regression and 26% over
single-layer LSTM; (2) the VAE-Transformer anomaly
detector achieves F1 =0.94 with only 0.3% false positive
rate, critical for maintaining operator trust; (3)
YOLOV8n achieves real-time safety inference at 122 fps
on Jetson Orin with mAP@0.5 = 0.91; (4) XGBoost
concrete strength prediction (R? = 0.96) enables
decisions 25 days earlier than traditional 28-day cube
testing; and (5) the Bayesian model updating via NUTS
achieves convergence in < 5 minutes per construction
stage update.

Limitations include: the absence of full-scale field
deployment data (all metrics from benchmark/synthetic
datasets); the assumption of reliable 5G connectivity
which may not be available at all UK bridge construction
sites; the computational cost of LiDAR point cloud
processing for large bridges (> 10M points); and the need
for domain-specific training data for ML models, which
requires initial investment in data collection from UK
bridge projects. The cybersecurity implications of
connecting critical infrastructure construction sites to
cloud services via the public internet also require further
investigation, particularly regarding compliance with
NCSC’s Cyber Assessment Framework for critical
national infrastructure.

IX. CONCLUSIONS

This paper has presented a technically detailed, five-
layer digital twin architecture for real-time bridge
construction monitoring, specifying: IoT sensor
hardware with model numbers and performance
parameters; an Apache Kafka streaming pipeline with
TimescaleDB storage achieving sub-200 ms latency;
automated BIM-FEA coupling with Bayesian model
updating via NUTS MCMC,; four production-ready deep
learning models with fully specified hyperparameters
and benchmark performance (Bi-LSTM MAE = 2.3%,
VAE-Transformer F1 = 0.94, YOLOv8 mAP = 0.91,
XGBoost R? = 0.96); and a containerised deployment
architecture using Docker, Kubernetes, and NVIDIA
Triton Inference Server.

The architecture is designed for the UK’s bridge
construction context, compliant with ISO 19650,
DMRB, CDM 2015, and aligned with the NDTP and
Gemini Principles. Future work will focus on pilot
deployment on a live National Highways or Network
Rail bridge project, generating field performance data to
validate the benchmark results presented here. The
complete system specification, data schemas, and model
hyperparameters have been detailed to enable
reproducibility and to support the UK ConTech
ecosystem in advancing construction-phase digital twin
implementation.
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