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Abstract

Disaster response missions operate in highly dynamic and structurally compromised environments where communication
networks are frequently degraded or completely destroyed. For unmanned ground vehicles and aerial drones deployed in
such scenarios, the loss of telemetry and control signals often results in mission failure, as traditional teleoperation heavily
relies on continuous high-bandwidth connectivity. This paper proposes a comprehensive framework for predicting mission
continuity by evaluating resilient autonomy architectures through advanced network simulation. By coupling robotic
operating system environments with discrete-event network simulators, we model the complex interplay between
autonomous decision-making algorithms and fluctuating network topologies. The core objective is to quantify how
autonomous failover mechanisms, decentralized swarm intelligence, and adaptive behavioral models contribute to
sustained mission performance when communication links fail. Through extensive simulated urban search and rescue
scenarios, we assess various degrees of network degradation, including signal attenuation, multipath fading, and
complete node isolation. The analysis reveals that resilient autonomy architectures significantly improve mission continuity
probabilities compared to traditional semi-autonomous systems. Furthermore, we introduce a predictive model that utilizes
real-time network state data to forecast the likelihood of successful task completion, enabling proactive deployment
strategies. The findings provide critical insights for the design of robust robotic systems capable of sustained operations in
extreme, communication-denied environments.
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1. Introduction
1.1 Context and Motivation

The deployment of robotic systems in disaster response scenarios has revolutionized the way emergency management
agencies handle catastrophic events such as earthquakes, floods, industrial accidents, and structural collapses. In the critical
hours following a disaster, often referred to as the golden rescue window, the environment is typically characterized by
extreme hazards, including toxic gas leaks, secondary collapses, and extreme temperatures. Deploying human rescue
workers into these zones poses an unacceptable risk to their lives, driving the need for advanced robotic intervention [1].
Unmanned ground vehicles, unmanned aerial vehicles, and hybrid robotic platforms have been increasingly utilized to
conduct site assessment, locate survivors, and map structurally compromised areas [2]. However, the operational
effectiveness of these platforms is fundamentally constrained by their reliance on continuous communication links with
remote operator stations. In disaster zones, pre-existing communication infrastructure is almost always destroyed, and ad-
hoc networks deployed by first responders suffer from severe limitations due to complex environmental geometry,
electromagnetic interference, and physical obstructions such as concrete rubble and twisted steel [3]. Consequently,
intermittent connectivity and sudden network dropouts are not merely edge cases but the standard operating conditions in
disaster response missions.

When communication links fail, traditional teleoperated or semi-autonomous robots typically enter a standby mode, halting
all forward progress to await reconnection. This rigid dependency on continuous network availability completely
undermines the urgency of search and rescue operations. To address this critical vulnerability, the robotics community has
increasingly focused on developing resilient autonomy architectures. These architectures endow robotic platforms with the
capacity to transition seamlessly between human-guided teleoperation and fully autonomous execution based on the real-
time quality of the communication network [4]. Resilient autonomy allows a robot to continue executing high-level mission
objectives, such as exploring an unmapped corridor or searching for thermal signatures, even when completely isolated
from the human operator. Predicting whether a mission will succeed under these volatile conditions, a concept we define
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as mission continuity, requires a profound understanding of how autonomous behaviors interact with degraded network
states.

1.2 Problem Statement

Despite the theoretical advancements in autonomous robotics, accurately predicting mission continuity in the field remains
an exceptionally complex challenge. The primary difficulty lies in the fact that physical field testing of robotic swarms in
realistic disaster environments is prohibitively expensive, dangerous, and difficult to replicate for scientific validation [5].
Researchers cannot easily collapse a building on demand to test how a swarm of drones handles the subsequent loss of
line-of-sight communication. Therefore, the scientific community must rely on sophisticated simulation environments to
bridge the gap between theoretical algorithm design and physical deployment. However, most existing robotic simulators
focus heavily on the physical interactions of the robot with its environment, such as kinematics, dynamics, and sensor
modeling, while treating the communication network as an idealized, always-on conduit [6]. Conversely, pure network
simulators provide highly accurate models of radio wave propagation, packet loss, and routing protocols but lack the
capacity to simulate how a robot physically reacts to these network events.

The core problem addressed in this paper is the lack of an integrated, predictive framework capable of quantifying mission
continuity by simultaneously simulating both the physical autonomy of the robot and the complex, degrading network
environment. Without the ability to simulate this cyber-physical intersection, developers cannot reliably guarantee that a
specific autonomy architecture will possess the necessary resilience to survive a prolonged network outage. Furthermore,
emergency commanders require predictive metrics to understand the probability of a mission's success before committing
robotic assets to a subterranean environment or a highly shielded industrial facility [7].

1.3 Contributions and Scope

This paper aims to bridge the aforementioned gap by proposing a comprehensive methodology for predicting mission
continuity using coupled robotic and network simulations. We introduce a tightly integrated simulation framework that
synchronizes the Robotic Operating System with a discrete-event network simulator, allowing for real-time interaction
between autonomous navigation algorithms and dynamic network topologies. Our primary contributions are threefold.
First, we define a set of quantitative metrics for evaluating mission continuity in the context of resilient autonomy. Second,
we present a novel architectural framework that allows robots to dynamically adjust their level of autonomy based on
simulated network health indicators [8]. Third, we provide extensive empirical data from simulated disaster scenarios that
demonstrate the predictive accuracy of our model when forecasting mission success rates under varying degrees of
communication degradation. The scope of this research is strictly focused on the software architecture and simulation
methodology, utilizing established kinematic models of search and rescue robots, and does not encompass the physical
hardware design or battery power constraints of the platforms.

2. Background and Literature Review
2.1 Evolution of Disaster Response Robotics

The utilization of robotics in disaster management has a rich history, evolving from rudimentary remote-controlled
machines to highly sophisticated, sensor-laden platforms. Early deployments, most notably during the aftermath of the
World Trade Center collapse, highlighted both the immense potential and the severe limitations of robotic assistance in
urban search and rescue [9]. In these early iterations, robots were almost exclusively teleoperated, requiring a high-
bandwidth, low-latency tether or wireless connection to transmit video feeds and receive motor commands. The immediate
realization from these deployments was that tethered robots snagged easily on debris, while wireless robots suffered from
devastating signal attenuation as they penetrated deeper into the rubble [10].

To overcome these physical and electromagnetic barriers, subsequent generations of response robots incorporated localized
obstacle avoidance and waypoint navigation, allowing operators to issue higher-level commands rather than controlling
individual motor velocities. This shift marked the beginning of semi-autonomous disaster robotics. However, as missions
became more complex, involving multiple robotic agents acting in coordination, the cognitive load on human operators
increased exponentially [11]. The field gradually shifted toward swarm robotics and decentralized control, where individual
agents could make local decisions to achieve a global objective. Despite these advancements, the fundamental Achilles
heel remained unchanged: the overarching mission logic and coordination still heavily relied on a centralized command
node communicating over a fragile wireless ad-hoc network [12].

2.2 Resilient Autonomy Architectures

Resilient autonomy represents a paradigm shift in how robotic systems handle the inevitable degradation of communication
links. Unlike standard autonomy, which assumes a steady state of operation, resilient autonomy is explicitly designed to
function under conditions of failure and uncertainty [13]. At its core, a resilient architecture incorporates self-monitoring
capabilities, allowing the system to assess its own health, the reliability of its sensors, and the integrity of its communication
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channels. When a failure is detected, such as a drop in network throughput below a critical threshold, the architecture
dynamically reconfigures the robot's control loops.

One of the foundational concepts in resilient autonomy is sliding scale autonomy, also known as adjustable autonomy [14].
Under this framework, the locus of control shifts fluidly between the human operator and the onboard artificial intelligence.
In a scenario with a robust network connection, the human may exercise direct control to navigate a particularly delicate
piece of debris. If the robot moves behind a concrete wall and the signal degrades, the onboard autonomy instantly assumes
control, relying on simultaneous localization and mapping algorithms to safely navigate back to a point of better
connectivity or to continue the pre-assigned search pattern independently [15]. Furthermore, resilient architectures often
employ behavioral fail-safes. For example, if a drone loses communication while exploring an underground tunnel, the
resilient behavior might dictate that it should cease exploration, gain altitude if possible, and attempt to re-establish a mesh
connection with a relay node before autonomously returning to the base station [16].

2.3 Network Simulation Techniques in Robotics

Accurately modeling the behavior of wireless networks in disaster scenarios is essential for validating resilient autonomy.
Traditional robotic simulators abstract the network layer, often assuming instant message delivery with zero packet loss.
To rigorously test resilient architectures, researchers have turned to discrete-event network simulators such as NS-3 or
OMNeT++ [17]. These tools simulate the entire network stack, from the physical layer of radio wave propagation to the
application layer where robotic control messages are generated.

In the context of disaster environments, network simulators are configured with complex propagation loss models. Rayleigh
fading models are frequently used to simulate the multipath interference caused by radio waves bouncing off varied surfaces
like metal beams and concrete slabs [18]. Shadowing models account for the complete blockage of signals by massive
obstacles. By integrating these network simulators with robotic simulators, researchers can create a hardware-in-the-loop
or software-in-the-loop environment. In these coupled simulations, the physical position of the robot in the 3D environment
dictates the coordinates of the network node in the simulator. The network simulator then calculates the probability of
successful packet delivery between nodes. If a control packet is dropped by the simulated network, the robotic simulator
experiences a genuine loss of command, triggering the onboard resilient autonomy mechanisms [19].

2.4 Gaps in Current Research

While the integration of robotic and network simulations has seen significant progress, there remains a critical gap in
predictive modeling. Most current research utilizes coupled simulations for post-hoc analysis, meaning the simulation is
run, and the results are analyzed afterward to see if the robot succeeded or failed [20]. There is a distinct lack of predictive
frameworks that can utilize real-time network state data to forecast the continuity of the mission dynamically. Furthermore,
many studies focus on individual robots rather than heterogeneous swarms, failing to capture the complex inter-agent
dependencies that occur when ground robots and aerial drones must collaborate to maintain a communication mesh over a
disaster site [21]. This paper addresses these specific gaps by proposing a dynamic, predictive model that evaluates the
continuity of the mission based on the ongoing performance of resilient autonomous behaviors under simulated network
stress.

3. Methodology and System Architecture
3.1 Architectural Framework Design

The proposed architectural framework for predicting mission continuity is built upon a modular, decentralized design that
emphasizes adaptability and real-time state assessment. The architecture is divided into three primary layers: the physical-
kinematic layer, the resilient autonomy layer, and the communication-prediction layer. The physical-kinematic layer
handles the low-level motor control, sensor data acquisition, and spatial awareness of the robot. It is responsible for
executing the commands generated by the higher layers and providing odometry and environmental data back to the system.

The resilient autonomy layer is the cognitive core of the system. It houses the sliding scale autonomy manager, which
continuously evaluates the quality of service of the communication link. This layer incorporates a hierarchical state machine
that dictates the robot's behavior based on network health. We define three primary states of autonomy. State A represents
standard teleoperation, active when the network provides high bandwidth and low latency, allowing for streaming video
and direct human control. State B represents semi-autonomous waypoint navigation, triggered when bandwidth drops,
preventing video streaming but allowing for the transmission of low-bandwidth telemetry and coordinate commands. State
C represents full resilient autonomy, activated upon complete loss of the command link [22]. In State C, the robot relies
entirely on its onboard map, pre-defined mission objectives, and obstacle avoidance algorithms to continue the mission or
safely extract itself from the environment. The transition between these states is governed by a hysteresis loop to prevent
rapid, erratic switching when the network signal hovers around a threshold.

3.2 Network Simulation Environment Setup
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To rigorously evaluate the resilient autonomy layer, we developed a tightly coupled co-simulation environment. The
physical and autonomous behaviors of the robotic agents are modeled using an industry-standard robotic operating system
integrated with a 3D physics simulator. This environment handles collision detection, sensor rendering, and kinematic
constraints. In parallel, the communication infrastructure is modeled using a discrete-event network simulator configured
to represent a highly degraded urban disaster environment.

The synchronization between the two simulators is critical. We utilize a custom bridge interface that operates at a high
frequency to exchange state information. The robotic simulator publishes the precise three-dimensional coordinates of
every active robotic agent to the network simulator. The network simulator updates the positions of its virtual nodes
accordingly and calculates the link quality between all nodes using a combination of path loss, shadowing, and multipath
fading models. When an autonomous agent attempts to send a message, such as a map update or a request for guidance,
the message is intercepted by the bridge and injected into the network simulator [23]. The network simulator routes the
packet according to the configured mesh networking protocol, simulating propagation delays and potential packet drops.
Only if the network simulator determines that the packet successfully reaches its destination node is the message passed
back to the robotic simulator for processing by the receiving agent.
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Figure 1: Comprehensive Schematic of Coupled Robotic and Network Co
3.3 Mission Continuity Metrics

To predict and evaluate mission continuity, we must establish rigorous, quantifiable metrics. Mission continuity is not
simply a binary measure of success or failure; rather, it is a probabilistic assessment of the system's ability to maintain
forward progress toward the mission objective despite adverse conditions. We define the Mission Continuity Index as a
composite metric derived from three distinct sub-metrics: task progression rate, spatial coverage efficiency, and
communication resilience.

The task progression rate measures the speed at which the robotic system completes sub-goals, such as identifying a
specified number of thermal targets or reaching designated waypoints, normalized against the optimal completion time
under perfect network conditions. Spatial coverage efficiency evaluates the percentage of the target area successfully
mapped and explored by the autonomous agents, penalizing behaviors that result in redundant exploration or getting trapped
in local minima due to lost coordination [24]. Finally, communication resilience quantifies the system's ability to maintain
a functional mesh network, measured by the average network uptime, the frequency of topological partitions, and the time
required to re-establish connectivity after a node failure. The predictive model utilizes these real-time metrics, feeding
them into a time-series forecasting algorithm to estimate the probability that the overall mission will be completed within
the critical time constraints of a disaster response scenario.

4. Experimental Design and Data Collection
4.1 Disaster Scenario Modeling

To validate the proposed architecture and predictive model, we constructed a series of highly detailed simulated disaster
scenarios. The primary environment is a multi-story reinforced concrete building that has suffered partial structural
collapse, representing a typical urban search and rescue deployment. The environment is heavily cluttered with debris,
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including fallen pillars, collapsed ceilings, and scattered office furniture, creating a complex three-dimensional labyrinth.
This physical complexity serves two purposes: it creates challenging navigation constraints for the robotic agents and
generates a highly realistic, challenging electromagnetic environment for the wireless network simulation.

The scenario requires a heterogeneous team of robotic agents to explore the building, locate simulated victims represented
by heat signatures, and transmit the locations back to an external command post. The team consists of four tracked
unmanned ground vehicles designed for rubble traversal and two small unmanned aerial vehicles designed to operate in
open atriums and stairwells to act as dynamic communication relays. The external command post represents the human
operators, who attempt to guide the robots when connectivity permits. The environment is partitioned into distinct zones
with varying levels of physical shielding, creating areas with perfect connectivity, areas with intermittent signal drops, and
deep subterranean zones where communication with the external command post is entirely severed [25].

4.2 Parameter Configuration

The fidelity of the co-simulation relies heavily on the accurate configuration of both the robotic and network parameters.
The mobility models of the ground robots reflect the physical limitations of traversing debris, with restricted maximum
velocities and increased power consumption mapped to the steepness of the terrain. The aerial vehicles are constrained by
battery life models, forcing them to optimize their flight paths to maximize communication relay coverage while ensuring
they can return to a safe landing zone before power depletion.

Table 1: Network Simulation Parameters and Environment Configuration Details

Parameter Category Specific Parameter Assigned Value
Physical Layer Transmission Power Twenty decibel-milliwatts
Physical Layer Frequency Band Two point four Gigahertz
Propagation Model Path Loss Exponent Three point five (Dense Rubble)
Propagation Model Shadowing Variance Eight decibels
Network Protocol Routing Standard Ad-hoc On-Demand Distance Vector
Robotic Agents Ground Vehicle Max Speed Zero point five meters per second
Robotic Agents Aerial Relay Max Altitude Fifteen meters

The network layer is configured to simulate standard Wi-Fi based ad-hoc communication, which is common in emergency
robotics. The path loss exponent is set unusually high to reflect the dense, absorptive nature of concrete rubble. Background
noise and interference are injected randomly into the simulation to represent the chaotic electromagnetic environment of a
disaster zone, potentially populated by emergency radios and malfunctioning infrastructure. The experiments are run in
multiple iterations, systematically varying the starting locations of the robots and the random seeds for the network
degradation models to ensure statistical significance in the collected data.

5. Results and Analytical Discussion

5.1 Evaluation of Resilient Autonomy

The experimental results definitively demonstrate the critical importance of resilient autonomy in maintaining mission
continuity. In baseline tests utilizing traditional semi-autonomous architectures without resilient failovers, the robotic team
suffered catastrophic mission failure in nearly every scenario where they entered the heavily shielded zones. When the
command link was severed, these baseline robots simply halted, executing a standard wait-for-connection protocol.
Because the physical environment prevented the signal from penetrating the rubble, the robots remained stranded
indefinitely, resulting in a Mission Continuity Index of zero for the latter half of the deployment.

Conversely, the resilient autonomy architecture showcased significant adaptability. When robots equipped with the resilient
framework entered the communication-denied zones, the sliding scale autonomy manager successfully detected the
network degradation. The system gracefully transitioned into State C, full autonomy. The ground vehicles continued their
search patterns utilizing onboard obstacle avoidance and frontier exploration algorithms. When a target was located, rather
than waiting for an impossible connection to transmit the data, the robots autonomously navigated back along their mapped
trajectory until they reached a location with sufficient signal strength to relay the critical information to the command post.
This behavior directly resulted in a sustained task progression rate, drastically improving the overall mission success
probability.

5.2 Network Degradation Impacts

The detailed analysis of the network simulation data revealed complex interactions between physical movement and
communication reliability. Multipath fading, modeled in the network simulator, caused highly localized signal dropouts. A
robot could have excellent connectivity, move half a meter, and completely lose the signal due to destructive interference
caused by radio waves bouncing off steel reinforcements in the concrete. The resilient architecture handled these micro-
dropouts efficiently through the implementation of the hysteresis loop in the state machine, preventing the robot from
constantly stuttering between teleoperation and autonomous modes.
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The role of the aerial vehicles acting as dynamic relays was also analyzed. The simulation showed that when ground robots
ventured deep into the rubble, the aerial relays autonomously adjusted their positions to maintain a line-of-sight connection
with both the ground robots and the external command post. However, when an aerial relay suffered a simulated mechanical
failure or battery depletion, the network topology instantly partitioned. In these critical moments, the decentralized nature
of the resilient autonomy proved vital. The remaining ground robots, recognizing the loss of the relay, dynamically
reconfigured their mission priorities, with one ground robot abandoning its search task to act as a stationary relay node at
a critical junction, ensuring that data from robots deeper in the rubble could still reach the surface. This emergent, self-
healing behavior is a hallmark of robust swarm resilience [26].

5.3 Predictive Accuracy of the Model

The primary objective of developing the co-simulation framework was to establish a predictive model for mission
continuity. By feeding the real-time sub-metrics derived from the task progression rate, spatial coverage, and
communication resilience into the forecasting algorithm, the system attempted to predict the final mission outcome
continuously during the simulation.

The accuracy of these predictions was evaluated by comparing the forecasted Mission Continuity Index at various time
intervals with the actual final score achieved at the end of the simulation run. In the initial phases of the deployment, when
network conditions were stable, the predictive model exhibited a high degree of confidence, accurately forecasting
successful mission completion. As the robots entered the degraded network zones and began to experience communication
stress, the model's uncertainty increased, reflecting the volatile nature of the environment. However, because the predictive
model incorporated the known parameters of the resilient autonomy architecture, it accurately anticipated that the robots
would successfully execute their failover behaviors. The model correctly predicted that temporary network losses would
not lead to mission failure, but merely a delay in data transmission. The predictive accuracy remained above eighty-five
percent throughout the highly degraded phases of the simulation, proving that the coupled simulation approach provides a
highly reliable tool for commanders to gauge mission viability in real-time.

6. Conclusion and Future Directions
6.1 Summary of Findings

This research has presented a robust, integrated framework for predicting mission continuity in disaster response robotics
by leveraging coupled physical and network simulations. The traditional approach of relying on continuous, high-
bandwidth communication is fundamentally flawed in the chaotic environments of urban search and rescue. By modeling
the intricate dynamics between robotic decision-making and severe network degradation, we have demonstrated that
resilient autonomy architectures are not merely optional enhancements but absolute necessities for sustained operations
in communication-denied environments. The experiments validated that dynamic state transitions, where control
seamlessly shifts from human operators to autonomous algorithms based on network health, significantly increase the
probability of mission success. Furthermore, the introduction of the Mission Continuity Index provides a tangible,
predictive metric that accurately forecasts the performance of robotic swarms under stress, allowing for better strategic
planning and resource allocation during critical disaster response efforts.

6.2 Implications and Future Work

The implications of this integrated simulation approach extend beyond disaster response. The methodology can be directly
applied to other extreme environments where communication is inherently unreliable, such as deep-sea exploration,
subterranean mining, and extraterrestrial planetary missions. Providing operators with a predictive measure of mission
continuity empowers them to push robotic systems closer to their operational limits with confidence.

Future research must focus on expanding the predictive algorithms to incorporate machine learning techniques, specifically
reinforcement learning, to allow the resilient autonomy architectures to adapt their failover strategies dynamically based
on historical performance. Additionally, integrating more sophisticated energy consumption models into the co-simulation
will provide a more holistic view of mission continuity, as autonomous behaviors must balance the need to complete
objectives with the critical necessity of managing limited power resources while navigating degraded communication
landscapes.
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