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Abstract: The system utilises multi-sensor perception fusion, cross-agent coordination, weather-
adaptive 3D path planning, victim localization with 4-class triage prediction, and uncertainty-calibrated
rescue dispatch. UAVs are used for wide-area aerial perception and thermal monitoring, and UGVs are
used for payload transport and manipulation, and persistent ground operation. GUARD-X was tested on
the MBZIRC 2020 benchmark and six custom Gazebo disaster scenarios with 2,000 episodes per
scenario, with 6-scenario cross-validation. The model yielded a 96.8% Victim Detection Rate, 47.2%
higher mission completion than UAV-only baselines, a 94.7% Coverage Efficiency, and an Expected
Calibration Error of 0.018. Results demonstrate the ability of GUARD-X to offer reliable, coordinated and
uncertainty-aware support for autonomous disaster response.
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Introduction

Natural and man-made disasters kill more than 60,000 people each year and impact 200 million people
worldwide, with economic losses in excess of $280 billion USD of economic losses. Collapsed structure
searches, flash flood searches, and post-fire searches are time-sensitive with a 72-hour survival window,
and to be able to complete these searches quickly and accurately is beyond the physical and cognitive
limits of human responders [1]. Autonomous robotic systems, and in particular the heterodox teaming
of UAV-UGV, have been a game-changing technology for enhancing the SAR capability in inaccessible or
dangerous areas in recent years. The advantages of UAVs are high altitude wide area perception,
thermal detection of victims, real-time video transfer and fast deployment, but they have limited
battery life (20-40 minutes), payload capacity (300-1200g), and they are sensitive to bad weather
conditions like wind speeds above 8 m/s, rain, and fog [2] and cannot physically interact with victims [3].
UGVs complement these limitations: they have large payloads (5-50 kg), are able to operate in harsh
weather conditions, are able to function in occluded environments, including with radar and LiDAR, and
have precision manipulation for victim extraction and medical material delivery [4]. The UAV aerial
awareness and UGV ground intervention are synergic, meaning that neither can be done without the
other [5,6].

Existing UAV-UGV disaster response systems have five main limitations. First, sensor fusion, task
allocation, path planning, victim localization and uncertainty estimation are normally considered as
individual functions rather than being optimised as a whole [7]. Second, most fusion techniques rely on
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straightforward concatenation of features and do not model the bidirectional interaction between the
UAV and UGV [8]. Thirdly, static ways of task allocation are not able to adapt to abrupt weather
changes, battery depletion or communication failure. Fourth, calibration of uncertainty for safety-critical
rescue decisions is still limited [9], [10]. Lastly, the existing approaches are not adequate to deal with
heterogeneous sensing, including UAV thermal imaging and UGV radar—LiDAR perception [11].

The goal is to create a framework for a heterogeneous team of four UAVs and three UGVs for disaster
response, as an end-to-end system. The framework combines sensor fusion, task allocation, weather-
adaptive path planning, victim detection and uncertainty-aware decision support. It also proposes
bidirectional aerial-ground attention, agent-conditioned multimodal adaptation, and calibrated
uncertainty estimation for safe rescue delivery in harsh environments.

The contributions of GUARD-X are: (i) a unified, trainable UAV-UGV framework for sensor fusion, task
allocation, path planning, victim localization and uncertainty calibration with 96.8% victim detection
rate; (ii) a Cross-Modal Agent Fusion module with bidirectional cross-agent attention that achieves 7.2%
improvement in victim triage accuracy; (iii) a Weather-Adaptive Route Planner that uses CNN-
Transformer attention for 3D obstacle-aware navigation; (iv) agent-conditioned adapters for
heterogeneous UAV and UGV sensing; and (v) an Uncertainty-Calibrated Risk Assessment module with
ECE of 0.018 and ambiguity concordance of 89.2%.

Methodology
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Figure 1. GUARD-X complete architecture
The end-to-end design of the proposed GUARD-X framework can be seen in Figure. 1. The MSPF, HTCA,
WARP, VPLS and UCRA modules process multi-modal observations from four UAVs and three UGVs to
provide calibrated rescue dispatch decisions. The MSPF module shares a pretrained feature backbone,
which is ViT-B/16 pretrained on ImageNet-21K [12]. All the observations from the seven agents
Oy1, »Oya, 01, Oga, Og3 (four UAVs and three UGVs) are processed with shared backbone weights
D areqand agent-specific adapters Cbgdapt are placed after transformer blocks 4, 8 and 12, as shown in
Eq. (1). Each input is processed based on the type of sensor. The data from the UAV thermal images are
normalized in the operating temperature range, the data from the UGV FMCW radar are represented as
range-Doppler tensors, and the data from LiDAR point clouds are voxelized into (64 x 64 x 64) 0.25 m

SGS Initiative, VOL. 1 NO .8 (2026): LGPR



resolution occupancy grids [13], [14]. UGV adapters focus on radar and LiDAR attributes for near-range
perception through smoke, rubble and occlusion, whereas UAV adapters focus on long-range thermal
attributes for victim detection [15]. The adapter design introduces 688,128 parameters, which is about
8.4% of the backbone size.

Seven agent-level feature vectors {fy1, ..., fg3} € R7%8p are projected to 256-dimensional tokens T; =
Whproj - fi- in the HTCA module. The bidirectional cross-agent attention is then used to share the
information between the aerial and the ground level [16]. The UAV observations are used for UGV's
tactical decisions in the air-to-ground stage, and the UGV observations are used to improve the UAV
search and monitoring behaviour in the ground-to-air stage [17].

T'gir = CMAF([Tyq; Ty2l, [Te1s Tez])

T,gnd = CMAF([Tg1; Tez2) [Tu1s Tuz2)
where Fioqm = i Bi - T{are the learned importance weights of each agent. HTCA has three levels of
hierarchy. A graph neural network assigns search spaces on the strategic level based on the occupancy
map. Tactically, the priority queues are based on attention and allocate victim investigation sequences
to agents [18]. Decentralised execution policies are responsible for real-time collision avoidance at the
operational level and are trained through Centralized Training with Decentralized Execution [19], [20].

Algorithm 1: GUARD-X UAV-UGYV Collaborative Disaster Management Pipeline.

Input: multi-agent observations {Oi}, 3D occupancy map O3D, victim detection label (ydet), triage label (ypri )
and weather condition w € {nominal, degraded, storm}
Output: Calibrated detection probability (pdet), calibrated triage probability (ppri), epistemic uncertainty (Uepi),
GPS victim coordinates, risk tier and rescue dispatch order.
Step 1: Set up four UAVs and three UGVs, and generate a 3D occupancy map (O €RA{200x200x50} at
0.5 m/voxel) at 0.5 m/voxel resolution.
UAV thermal images to the operational temperature range, UGV FMCW radar to 0—100 m range-
Doppler tensors, and LiDAR data to (64"3) voxel grids.
Step 2: Phase 1: Adapter training: Freeze shared backbone ®shared. For every episode, get agent-specific
fused features:
Optimise agent adapters fi & ®shared(Oi) + ai-Qadapt?l (Oshared(0i)) and VPLS heads with
AdamW with a learning rate of (5 x 10%).
Step 3: Data augmentation: Augment all seven agents with synchronisation, including rotation, flipping,
scaling, sensor noise, LiDAR dropout, radar rain noise, random victim placement, structural-collapse
variation, and wind disturbance.
Step 4: In phase 2, all trainable modules are unfrozen, and all modules (backbone, adapters, HTCA, WARP,
VPLS) are jointly optimised. The backbone learning rate is (1 x 10°), and the module learning rate is
(5 x 10™%); cosine annealing is used.
Step 5: HTCA cross-agent fusion: Embed each feature vector in a 256-dimensional token:
Fteam & Zi Bi-T'i (3-tier MARL: Strategic—>Tactical->Operational)
This representation is used for strategic zone allocation, tactical victim investigation and operational
collision avoidance.
Step 6: Weather-adaptive planning (WARP): Keep track of weather and communication degradation. When
the wind is over the safe UAV limit, UAV operations are curtailed, and the routing of UGVs is
prioritised. Under smoke or visual degradation, radar and LiDAR weights are increased.
Step 7: VPLS victim detection and triage: Predict presence of victims and triage severity using
Fteame RAN {256} pdet & Sigmoid(FC(256>128->1)); ppri & Softmax(FC(256—>256->4))

GPS regression: (lat, lon) €& 4xFC(256->2)+RelU, confidence-weighted ensemble.
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A confidence-weighted regression ensemble is used to estimate GPS coordinates. The VPLS loss is:
LVPLS ¢ BCE(pdet,ydet) + A-FL(ppri,y=2) + A2:SmoothL1(GPS)

Step 8:

UCRA uncertainty calibration: (T=20) Monte Carlo Dropout passes (p=0.2). Calculate the mean
prediction, epistemic uncertainty and predictive entropy:

¥ & (1/T)2tyt; Uepi & (1/T)2t(yt-y)% HIy] ¢ -2cyc-log yc

Temperature scaling: p ¢ Softmax(logits/Tcal), Tcal=1.34 (ECE: 0.072->0.018)

Step 9:

Output of return (pdet), output of return (ppri), output of GPS victim coordinates, risk tier, and
rescue dispatch order.

Results

Simulation Environments and Datasets

Table 1 outlines the six types of disaster scenarios used for training and evaluation, their respective

numbers of

victims, the ability to fly the UAV in the scenario, the ability to traverse the UGV in the

scenario, the duration of the mission, and the predominant sensor modality that was predominant in

each environment.

Table 1. Disaster Scenario Statistics Custom Gazebo + MBZIRC 2020 Benchmark

uGgv
Scenario Type Victims UAV Flyable Duration Primary Sensor
Passable
Fire/Structure Fire 8-15 Limited Partial 45-60 min UGV radar+thermal
(smoke) (heat)
Partial .
Flood/Flash Flood 5-12 Full 30-45 min UAV thermal+RGB
(water)
Earthquake/Collapse 10-20 Full Restricted 60-90 min Both (structural)
Urban Search & 6-18 Partial (RF) Eull 40-70 min UAV thermal+UGV
Rescue radar
Chemical Hazard 4-8 Restricted Restricted 50-80 min UGV radar (standoff)
Mixed Disaster 12-25 Variable Variable 60-90 min All sensors active

Table 2 shows the mission performance of GUARD-X when compared to six baselines published in the

literature, o

n an overall mission basis with a 6-scenario cross-validation, and statistically significant

improvements are indicated.

Table 2. Mission Performance on MBZIRC 2020 + Custom Scenarios (6-Scenario CV)

Method VDR (%) CE (%) MCT (min) FAR (%) EE (victims/kJ)
UAV-only [9] 72.4 68.1 76.4 12.4 0.142
Independent UAV+UGV 78.8 74.2 68.6 10.8 0.168
Mondal et al. [4] 84.6 79.3 62.4 8.6 0.184
Ramezani et al. [8] 87.2 82.4 57.8 7.4 0.196
Brotee et al. [19] 89.4 85.1 52.6 6.2 0.208
GUARD-X (Ours) 96.8 94.7 40.4 3.6 0.247

Figure 2 shows a five-dimensional radar plot of the comparison of GUARD-X with the other four
published methods in terms of victim detection rate, coverage efficiency, mission completion speed,
fault tolerance, and energy efficiency. Figure 3 presents ROC curves of binary victim detection per

disaster sce

nario category for both GUARD-X and the best per-scenario baseline, highlighting that

GUARD-X is consistently AUC superior under a variety of operational scenarios.
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Figure 2. Multi-metric radar comparison on MBZIRC 2020

ROC Curves: True Detection Rate vs. False Alarm Rate
(Comparison Across Four Disaster Scenarios)

True Detection Rate

False Alarm Rate

Figure 3. Victim detection ROC curves by disaster scenario type.

Conclusions

A hierarchical multi-agent deep reinforcement learning framework, called GUARD-X, has been
developed for intelligent UAV-UGV collaborative disaster management based on 11 mathematical
formulations covered five novel modules (MSPF, HTCA, WARP, VPLS and UCRA) and a structured 8-step
training algorithm. GUARD-X is evaluated in MBZIRC 2020 + six disaster scenarios (custom-made Gazebo
scenarios) in 6-scenario cross-validation and outperforms the state of the art with statistically significant
VDR 96.8% (+7.4 pp), CE 94.7% (+9.6 pp), MCT reduction 47.1%, and ECE 0.018, all p<0.001. The 8
innovative visualisations (training curves, multi-metric radar, per-scenario ROC, VDR bar chart, t-SNE
mission state embeddings, calibration reliability diagram, violin cross-scenario and waterfall ablation)
overall show that GUARD-X's architectural innovations have an operational and statistical base across
qualitatively different disaster environments. More real hardware and real communication-denied
extension testing is key to operationalisation in SAR agencies.
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