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- Agricultural UAVs like the DJI AGRAS T50 are 

used for large-scale crop monitoring 

- Persistent monitoring requires: thousands of 

sorties, balancing field coverage with reactive 

response to pest outbreaks, autonomously 

managing its energy budget, charging, and 

mission priorities

- Lithium cells suffer irreversible capacity fade 

and impedance growth through cycling and 

calendar aging, reducing range and coverage

- Most planners treat battery capacity as fixed 

- Dual Process Theory (DPT) from cognitive 

psychology separates fast, intuitive responses 

from slow, deliberative planning 

Research Question and Objectives

- Capacity fade is modeled with a semi-

empirical, per-cycle incremental 

formulation, computed once per sortie [3,4]

- Capacity lost per sortie from active use, 

combining depth of discharge, C-rate, 

temperature, and SOC window into one 

multiplicative damage law [3,4]

Figure 1: DPT Architecture Flowchart

Contact Information

- Calendar fade: capacity lost while the pack 

rests, following square-root-of-time SEI 

growth at the anode surface [4]

- Accelerated by higher temperature and 

storage charge; small over the mission but 

keeps the model accurate during long rests
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- 4.4 km × 4.4 km field, sized for roughly one full 

sweep per day on a fresh battery

- UAV: 10 m/s, 10 m altitude, 25 m detection 

radius, 50 m sweep spacing

- 180-day continuous missions; new sortie 

launches as soon as charging completes

- Hidden pest susceptibility map (five hotspots, 

three cold zones) must be learned through 

experience

- Infestations appear one per day and progress 

through three stages: early, established 

(propagates), severe (2× cost)

- 48 configurations: 2 chemistries × 3 SOC 

windows × 2 charge rates × 4 decision 

frameworks

Figure 3: Holybro Drone Setup

Figure 2: Battery Model Flowchart

- Both aging modes become interpretable 

scalars

- An equivalent-circuit + lumped-thermal 

model provides voltage, SOC, and 

temperature to the aging law [2,5,6]

- Degradation feeds back to the DPT 

architecture as SOH and usable capacity

- Can a battery degradation model, integrated 

into a Dual Process Theory multi-layer 

decision making (MLDM), improve 

autonomous persistent field monitoring using 

MUAV?

- Develop a semi-empirical, per-cycle battery 

degradation model and embed it in a DPT 

MLDM

- Evaluate via full-factorial simulation over 

180-day missions, measuring pest control, 

response time, crop damage, and coverage

UAV Hardware Validation

- Built a Holybro quadrotor with an HRB 4S 

LiPo (5000 mAh, 14.8 V, 50C) for 

real world data

- Logs realistic power, current, and voltage 

profiles while flying simulation-

analogous routes

- Data will validate the degradation model 

and calibrate LiPo parameters

DPT MLDM

Δ𝑄𝑐𝑎𝑙 = 𝑘𝑐𝑎𝑙
𝑡𝑟𝑒𝑠𝑡
𝑡𝑟𝑒𝑓

𝜙𝑟𝑒𝑠𝑡 1 + 𝛾𝑆𝑂𝐶 𝑆𝑂𝐶 − 0.5

- Four layer architecture inspired by Dual 

Process Theory (DPT), balancing fast 

reactive and slow deliberative control

- System 1 (safety): monitors SOC; triggers 

return-to-home near the reserve floor

- System 2 (reactive): responds to pest 

outbreaks during flight

- System 3 (exploration): covers least-

recently-visited field regions

- System 4 (exploitation): sizes hotspot 

sorties, scaled to battery capacity

- Planning occurs at the charging station; 

conflict monitoring chooses between 

exploration vs. exploitation

Preliminary Results

Δ𝑄𝑐𝑦𝑐 = 𝑘𝑐𝑦𝑐𝐷𝑂𝐷
𝛼
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𝐶𝑟𝑒𝑓

𝛼𝐶

𝜙𝑒𝑓𝑓𝑒
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- Wider SOC windows degrade faster: 100% vs 80% 
raises per-cycle damage ~20% (NMC), ~170% (LiPo)

- Fast charging (3C) boosts throughput but 
accelerates degradation, lowering final SOH

- DPT-Aware expected to outperform DPT-Unaware 
on pest control and crop damage as the battery ages

- Both DPT agents expected to beat lawnmower 
baselines via reactive response and hotspot 
exploitation

- Conflict monitor expected to favor exploration, with 
periodic exploitation bursts

- Developed a semi-empirical, per-cycle 

degradation model capturing cycling and 

calendar fade, C-rate, temperature, and SOC 

stress

- Integrated it into a DPT MLDM, so battery 

health directly informs return-to-home and 

sortie planning

- Expect wider SOC windows and fast 

charging to trade mission throughput against 

battery life

- Expect degradation-aware agents to sustain 

coverage longer as capacity fades

DPT MLDM (Continued)
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