
Curing NoMoPhobia: A Physics-Informed Stochastic Approach
to Predicting Battery Runtime and Voltage Collapse

Summary

Nomophobia—low-battery anxiety—stems not from energy depletion itself, but from
a mismatch between the displayed State of Charge (SOC) and the device's true phys-
ical limit of operability. Addressing MCM Problem A, we develop a continuous-time,
physics-informed framework that predicts battery runtime by explicitly modeling voltage
collapse under time-varying load and thermal conditions.

Battery dynamics are described by coupled electro-thermal ordinary differential
equations driven by a time-dependent power demand 𝑃�𝑡� that aggregates user beha-
viors. Device shutdown is defined by a terminal-voltage cutoff rather than SOC depletion,
explaining abrupt failures at nonzero SOC. An online power estimation scheme recon-
structs 𝑃�𝑡� from battery management system measurements, enabling real-time Time-
to-Empty (TTE) prediction without application-level power data.

Model parameters are calibrated and validated using the NASA B0005 dataset,
achieving ~50 mV voltage RMSE and 1.4 °C mean temperature error across eight dis-
charge cycles. Scenario simulations (standby, social media, heavy gaming) show that
high instantaneous power demand causes premature voltage collapse, leaving about 15%
of nominal capacity as stranded energy. Cross-dataset validation on Sherlock real-world
traces confirms robustness under stochastic loads.

Uncertainty quantification and sensitivity analysis identify load intensity, ambient
temperature, and internal resistance scaling as dominant runtime drivers, while back-
ground tasks exert negligible influence under high-load regimes. By translating hidden
electrochemical constraints into interpretable, physics-grounded predictions, this frame-
work converts uncertainty into foresight—the cure for battery anxiety lies in the user's
right to know the true physical boundary of operability.

Key word: Physics-informed battery modeling; Continuous-time SOC dynamics;
Voltage collapse; Online power demand estimation; Real-time TTE prediction; Electro-
thermal coupling; Stranded energy; Cross-dataset validation; Nomophobia



1 Introduction

1.1 Problem Background
In modern mobile computing, the user's implicit "Right toKnow" the device's endur-

ance is frequently violated by the mismatch between displayed State of Charge (SOC) and
physical battery limits. In typical user interfaces, SOC is presented as a single scalar per-
centage intended to approximate the remaining usable energy. However, this scalar readout
is often computed through a simplified, nearly linear mapping from internal battery state
to a displayed percentage. While 61% of users prefer precise numerical SOC readouts,
the prevailing linear mapping of SOC fails to account for the nonlinear electrochemical
dynamics—specifically voltage collapse and thermal throttling—under stochastic real-
world loads.

From a physical viewpoint, a battery may still contain chemical charge while
becoming operationally unusable if the terminal voltage drops below the device protection
threshold. Under high instantaneous power demand, the required current increases, and the
associated internal-resistance drop can depress the terminal voltage rapidly, triggering an
abrupt shutdown even when the displayed SOC is nonzero. In parallel, thermal behavior
matters: temperature rise (or cold ambient conditions) can change effective impedance
and thus alter the accessible voltage margin, introducing additional nonlinearity into the
observed runtime.

Current surveys indicate that 72% of users experience "Nomophobia" (low-battery
anxiety) not merely due to low energy, but due to uncertainty. A device showing 15% SOC
may shut down instantly under a heavy gaming load (due to internal resistance voltage
sag) but last for hours on standby. This is not a contradiction of energy conservation;
rather, it reflects that the device runtime is jointly constrained by (i) the time integral of
discharge current (energy depletion) and (ii) an instantaneous voltage feasibility condition
(voltage-limited operability). Consequently, the same SOC percentage can correspond
to substantially different remaining usable time across workloads and environments.

This unpredictability creates a disconnect between the symbolic percentage and the
physical boundary of operability. To cure this anxiety, we must transition from heuristic
estimation to a physics-consistent framework that makes the coupling between user beha-
vior (load power), temperature (thermal state), and voltage constraints explicit, so that
endurance is predicted as a physically verifiable quantity rather than a purely interface-
level indicator.

1.2 Restatement of the Problem
MCM Problem A asks us to construct a continuous-time model to predict SOC evolu-

tion under realistic, time-varying conditions. Concretely, the task requires a dynamical
description that accepts a time-varying usage profile and returns physically consistent
trajectories of the battery state, together with a reliable prediction of when the device
becomes inoperable. We reformulate this as a control-theoretic challenge: to build a state-
space observer that maps heterogeneous power demands to internal electrochemical states.



This restatement emphasizes two requirements that follow directly from the problem
background: first, the input is not a constant discharge current but a time-dependent usage-
driven load, and second, the end of usable runtime is governed by a voltage-protection
constraint rather than a purely energy-based endpoint.

Our modeling objective is strictly defined by three physical imperatives:
• Thermo-Electrical Consistency:The model must couple current integration (Cou-

lomb counting) with internal resistance dynamics �𝑅int�𝑇 , SOC�� to explain why
high-power tasks trigger premature shutdowns (stranded energy).

• Stochastic Load Integration: We must define a time-varying power
function 𝑃�𝑡� that aggregates discrete component loads (Screen, CPU, Network,
GPS) into a continuous energy flux.

• Predictive Robustness:The output must provide a rigorousTime-to-Empty (TTE)
prediction that accounts for environmental variance (e.g., cold weather) and aging
(SOH).

Mathematically, we seek to establish a system of coupled Ordinary Differential Equations
(ODEs) driving the state vector 𝑥= �SOC, 𝑇batt�𝑇 .

𝑥̇�𝑡�= 𝑓�𝑥�𝑡�, 𝑃 �𝑡�, θenv��1.1�

Finally, the model is evaluated against the physically relevant termination condition that
defines operability for the device: 𝑉terminal�𝑡�≤𝑉cutoff, rather than the naive SOC�𝑡�=0.

1.3 Our work

Figure 1-1. Overview of our modeling workflow: continuous-time thermally coupled
SOC dynamics, SOH/aging extension, TTE prediction with uncertainty quantification,
and sensitivity/strategy analysis.



2 Model Preparation

2.1 Assumptions and Justifications

To strike a rigorous balance between electrochemical fidelity and analytical
tractability, we establish the following foundational assumptions, supported by
established battery modeling literature.

• Single-node lumped thermal assumption. The battery is spatially iso-
thermal with uniform temperature 𝑇 �𝑡�. Justification: For compact smart-
phone-scale form factors, Biot number Bi< 0.1 supports lumped-capacit-
ance approximation [7].

• First-order equivalent-circuit (ECM) framework. Electrical behavior
captured by nonlinear OCV source plus internal resistance 𝑅int. Justifica-
tion: Good trade-off between accuracy and efficiency [5].

• Linear additivity of heterogeneous loads. Total power demand is sum of
component energy fluxes [6].

• Monotonic SOH-induced parameter scaling. Aging affects effective
capacity 𝑄eff=𝑄𝑛 ⋅ SOH and increases internal resistance [9].

• Negligible self-discharge and hysteresis (within one discharge run). [9,
4].

• Constant ambient and heat-transfer coefficient (per scenario). [6].

3 Notations
Notation Description
SOC state of charge
OCV open-circuit voltage
Vterminal terminal voltage
I battery current
Pload power demand
T, Tenv, Tref battery / ambient / reference temperature
Qn nominal capacity
SOH state of health
Rint internal resistance
mCp thermal capacitance
hA heat transfer coefficient

Table 3-1. summarizes key symbols.



4 Model I: Hybrid Wear PDE Model

4.1 Data Sources: Multimodal Benchmark & Ecological Traces
• NASA B0005 (lab baseline): Voltage/current/temperature discharge cycles for

calibration and validation (8 cycles; 1552 points).
• Sherlock (real-world trace): Smartphone power traces for stress-testing under

bursty workloads [13].

4.2 Data Preprocessing: Signal Conditioning & Alignment
Cycle segmentation, time alignment, Savitzky-Golay filtering [12], thermal-electrical syn-
chronization.

5 Continuous-Time Dynamic Model

5.1Construction of SOC Differential Equations Based on Multi-factor Coup-
ling

Figure 5-2. Overview of continuous-time SOC dynamics modeling pipeline.

5.1.1 Open-circuit voltage modeling
Before addressing the complex dynamics of a working battery, we must establish a ther-
modynamic

baseline. The Open-Circuit Voltage (OCV) represents the battery's equilibrium poten-
tial, serving as

the fundamental ”ruler” for the State of Charge (SOC). It reflects the chemical energy
stored within the

electrodes without the interference of external current. However, in real-world scen-
arios, this equilibˆ

rium is never directly observable due to the continuous presence of load-driven overpo-
tentials.



For lithium-ion batteries, the relationship between open-circuit voltage (OCV) and state
of charge

(SOC) is inherently nonlinear. This nonlinearity arises from electrochemical potential
changes during

lithium intercalation and deintercalation processes.
To capture this behavior, we model the OCV as a nonlinear function of SOC and tem-

perature:
OCV=𝑓�SOC, 𝑇�

We adopt an affine temperature correction around a reference temperature Tref:

OCV�SOC, 𝑇�=OCVref�SOC�+𝑘𝑇 �𝑇 - 𝑇ref�

As illustrated in Figure 3, the fitted OCV parameters can exhibit non-negligible temper-
ature sensitivity, motivating an explicit temperature correction term .
For the SOC dependence at the reference temperature, we use the common logarithmic

approximation.
OCVref�𝑦�= 𝑎+by+ cln�𝑦�+dln�1 - 𝑦�, 𝑦 ∈ �0, 1�

Figure 5-3. Temperature dependence of OCV model coefficients.

Temperature- dependent OCV- SOC fitting (literature support). OCV- SOC curves are
known to vary with operating temperature, and using a single "room- temperature" OCV-
SOC curve can introduce systematic SOC estimation errors when the battery operates
far from the reference condition. Zhang et al. [3] experimentally characterized OCV-
SOC curves under multiple temperatures and compared several curve- fitting families,
including exponential, polynomial, sum- of- sines, and Gaussian forms. Their results
highlight two modeling implications that motivate our temperature- aware OCV model
in Eq. (5.2):

• OCV curve shift with temperature: the fitted OCV-SOC characteristic exhibits tem-
perature dependence, especially at low SOC.- Low-SOC fitting difficulty: accurate
fitting in the low-SOC interval is often the most challenging and can dominate
SOC estimation error.



In practice, if sufficient OCV data are available at multiple temperatures, the generic
mapping 𝑓�SOC, 𝑇 � in Eq. (5.1) can be instantiated by fitting a separate OCV- SOC
curve at each temperature and then interpolating parameters across 𝑇 (or, alternatively,
by including temperature as an explicit regressor in the fit).

Aging and relaxation effects on "measured OCV". In addition to temperature, the OCV
behavior can evolve with the cell's actual aging state, and the apparent OCV observed in
experiments depends on the relaxation duration after current interruption. Farmann and
Sauer [4] report that both temperature

and aging influence the relaxation behavior and OCV hysteresis, and that the required
relaxation time increases as SOC and temperature decrease. This observation motivates
two practical modeling choices in our framework: (i) treat the OCV mapping as poten-
tially SOH- dependent when cross- cycle data show drift, and (ii) interpret OCV data used
for fitting as quasi- equilibrium values whose accuracy depends on the rest protocol (i.e.,
the waiting time after load removal).
The function 𝑓�⋅� is obtained through offline fitting using experimental data. Introdu-

cing this nonlinear relationship significantly improves model accuracy, particularly near
high- and low- SOC regions.

Figure 5-4. OCV–SOC (V–SOC) validation on the NASA B0005 dataset.

5.1.2 Power-driven discharge representation

While Section 5.1.1 establishes the thermodynamic baseline via the Open- CircuitVoltage
(OCV) at equilibrium, a battery in active service operates far from this static state- dis-
rupted by the persistent, fluctuating energy demands of device hardware. To resolve the
mismatch between the equilibrium OCV framework and real- world dynamic SOC deple-
tion, we shift from a state- based (snapshot) description to a flux- based representation:
one centered on the time- varying energy exchange between the device and battery, rather
than isolated state measurements.
The rationale for adopting a power- driven model (instead of a simplistic constant- cur-

rent assumption) lies in its ability to capture the heterogeneous, bursty nature of modern
smartphone workloads. By abstracting the intermittent, high- frequency activities of CPUs,
displays, and radio modules into a unified, time- varying power envelope 𝑃 �𝑡� , this
approach establishes a tangible physical coupling between user behavior (e.g., adjusting
screen brightness, switching apps) and the electrochemical evolution of the battery. Crit-
ically, this formulation ensures the subsequent SOC differential equations are not just
mathematical constructs—they are explicitly tied to the energetic flux of the device's oper-
ational environment.



To translate this flux- based perspective into a quantifiable model of SOC decay (linking
microscopic component- level energy bursts to macroscopic battery state depletion), we
frame the discharge power 𝑃�𝑡� as a system- level energetic envelope. While smartphone
components exhibit high- frequency stochastic switching, their cumulative impact on the
battery is governed by
Electromechanical- Thermal Inertia—a collective effect that smooths rapid load transi-

ents into measurable state decay, and which directly embodies the time- averaged energetic
flux outlined earlier. We define the total power consumption as a superposition of com-
ponent- specific workloads:

𝑃�𝑡�= �
𝑖∈�𝑆,𝐶,𝑁,𝐺�

κ𝑖 ⋅ 𝑃𝑖�𝑢𝑖�

Here, 𝑃𝑖 denotes the power demand of the display �𝑆� , computing �𝐶� , net-
working �𝑁� , and GPS �𝐺� under their respective usage intensities 𝑢𝑖 ; κ𝑖 (the Coupling
Efficiency Factor) accounts for parasitic losses and power management overhead (cal-
ibrated to real- world hardware via power analyzer measurements).
The Principle of Quasi- Steady State Approximation (QSA). For continuous- time SOC

estimation, we adopt a Quasi- Steady State Approximation, grounded in two key physical
realities:

1. Capacitive Filtering: The Thevenin-equivalentRC network (Section 5.1.1) acts as
a low-pass filter—its time constant (2–5 s) is 3–4 orders of magnitude larger than
component switching periods �≈10ms� , effectively damping micro-scale power
fluctuations.

2. Thermal Integration: The battery's heat-balance equation is an integral process;
its impedance trajectory depends on time-averaged energy flux (not instantaneous
transients)—aligning with the flux-based focus of our model.

5.1.3 Component-level power models
To render the aggregate power 𝑃�𝑡� operational for real- world scenarios, we decompose
it into independent yet additive functional modules. Each component reflects a specific
physical process—photonic emission (display), semiconductor switching (CPU), or elec-
tromagnetic radiation (network)—allowing the model to adapt to the highly dynamic
"Scenario- archetypes" defined in our later simulations.
For smartphone- like load scenarios, 𝑃𝑖�𝑡� is instantiated by mapping component states

to power consumption: this component- based decomposition aligns with standard smart-
phone power modeling frameworks (e.g., PowerTutor/PowerBooter- style tools) [1, 2],
which separate CPU, display, radios, GPS, and audio to compute system- level power via
aggregation.
Table 2 summarizes representative parameters (illustrative values drawn from a smart-

phone component power model) [1].
Table 2: Representative component power parameters



Component State / variable Power model / parameters
CPU frequency (385/246 MHz) + utiliz-

ation
β u,h = 4.34 mW, βu,l = 3.42 mW;
βCPU = 121.46 mW

(active-idle gap)
LCD brightness b 
 [0, 255] PLCD(t) = βbr b(t), βbr = 2.40mW
GPS on / sleep / off PGPS 
{βG,on, βG,sl, 0}; βG,on

= 429.55 mW, βG,sl = 173.55 mW
Wi-Fi low / high / transmit-rate driven PWIFI 
 {20, 710} mW with rate-

threshold switching
(>15 pkt/s high; <8 pkt/s low)

Cellular (3G) IDLE / FACH / DCH PG 
 {10, 401, 570} mW
(state transitions depend on

queue size and inactivity timer)
Audio on / off PAudio 
 {βaudio, 0}, βaudio =

384.62 mW
Under quasi- static conditions, the battery current can be approximated as

𝐼�𝑡�≈ 𝑃�𝑡�
OCV�SOC, 𝑇 �.�5.5�

5.1.4 Dynamic internal resistance model

To ensure the physical fidelity of the continuous- time evolution, the transition from chem-
ical energy to electrical work must account for internal dissipation. While the previous
sections define the external load 𝑃�𝑡� , the actual terminal voltage 𝑉 �𝑡� is modulated
by the internal resistance 𝑅int , which is not a static parameter but a dynamic variable
coupled with the battery's instantaneous state.
The rationale for this detailed treatment lies in the non- linear "voltage sag" observed

during high- power bursts (e.g., gaming). We characterize 𝑅int�SOC, 𝑇 � as a function
of both the remaining charge and the operating temperature, reflecting the Arrhenius-
like behavior of electrolyte ion mobility. This internal resistance serves as the bridge
between the electrical model and the thermal model (Section 5.3), converting a portion
of the chemical energy into irreversible Joule heat, thereby reducing the effective dis-
charge efficiency.
To better capture end- of- discharge behavior, temperature effects, and long- term aging

characteristics, we extend this characterization to include state of health (SOH)—formal-
izing 𝑅int as a function of three interlinked battery states, with each term corresponding
to a tangible real- world battery behavior:

𝑅int�SOC, 𝑇 �= �𝑅base+𝑘1𝑒-𝑘2SOC��1+ 𝑘𝑇 �𝑇ref - 𝑇 ��
1

SOH.�5.6�

This empirical form reflects three common effects:
• Low- SOC effect: as SOC →0 , the exponential term increases, representing the

rapid apparent resistance rise near depletion. - Low- temperature effect:when 𝑇 <
𝑇ref , the factor 1 + 𝑘𝑇 �𝑇ref - 𝑇 � increases, modeling reduced ion activity and
higher impedance [8]. - Aging effect: decreasing SOH increases effective res-
istance, consistent with capacity loss and degradation.



Polarization Effect. In practical lithium- ion batteries, the terminal voltage exhibits a
delayed response under sustained high current, which cannot be fully described by instant-
aneous ohmic loss. To capture this effect, a simplified polarization voltage 𝑉𝑝 is introduced
as an additional dynamic state:

dV𝑝�𝑡�
dt = - 1τ𝑝

𝑉𝑝�𝑡�+𝑘𝑝𝐼�𝑡�, �5.7�

where τ𝑝 is a relaxation time constant and 𝑘𝑝 scales the current- driven polarization
buildup. The terminal voltage is then modeled as

𝑉 �𝑡�=OCV�SOC, 𝑇 � - 𝐼�𝑡�𝑅int�SOC, 𝑇 � - 𝑉𝑝�𝑡�.�5.8�

Remark on ModelValidation. The polarization voltage 𝑉𝑝 is introduced as a phenomenolo-
gical state to capture history- dependent voltage loss under high- power operation. Due to
the lack of independent observability of polarization dynamics in the NASA dataset, 𝑉𝑝 is
not individually validated. Instead,

its effect is indirectly reflected through improved consistency in terminal voltage beha-
vior and energy utilization trends, particularly under aggressive discharge conditions.
If terminal voltage is approximated by 𝑉 �𝑡� = OCV�SOC, 𝑇 � - 𝐼�𝑡�𝑅int�SOC, 𝑇 � -

𝑉𝑝�𝑡� and the load is specified by power 𝑃�𝑡�=𝑉 �𝑡�𝐼�𝑡� , then the current follows from
a quadratic relation:

𝐼�𝑡�=
OCV�SOC, 𝑇 � - OCV2�SOC, 𝑇 � - 4𝑅int�SOC, 𝑇 �𝑃�𝑡��

2𝑅int�SOC, 𝑇 �
.�5.9�

5.2 SOC Dynamics with Aging Effects

Integrating the modular power demand 𝑃�𝑡� derived in Section 5.1.3 and the internal
dissipation mechanics from Section 5.1.4, the battery's State- of- Charge (SOC) is no
longer a simple linear decay. We define the system's trajectory through a coupled ODE
framework. The instantaneous current 𝐼�𝑡� is implicitly determined by the power- bal-
ance identity 𝑃�𝑡� = 𝐼�𝑡� ⋅ 𝑉 �𝑡� . This implies that as the terminal voltage 𝑉 �𝑡� drops
due to impedance, a higher current is required to maintain the same power output, thereby
accelerating SOC depletion in a non- linear spiral.

Based on Coulomb counting principles adjusted for capacity degradation, the SOC evol-
ution equation is formulated as:

dSOC�𝑡�
dt = - 𝐼�𝑡�

SOH ⋅𝑄𝑛
, �5.10�

where 𝑄𝑛 is the nominal battery capacity and SOH∈ �0, 1� represents the aging state of
the battery.

SOC dynamics under different temperatures and power profiles, illustrating the effect
of P(t) and T on discharge rate in (5.11).



Substituting (5.5) into (5.10) yields

dSOC�𝑡�
dt = - 𝑃�𝑡�

SOH ⋅𝑄𝑛 ⋅ OCV�SOC, 𝑇 �
.�5.11�

Figure 5-5. : Illustration of aging effects on the OCV behavior (SOH-dependent capa-
city/voltage characteristics). Substituting (5.5) into (5.10) yields

Figure 5-6. SOC dynamics under different temperatures and power profiles, illustrating
the effect of P(t) and T on discharge rate in (5.11).



5.3 Thermal Model and Energy Consistency
5.3.1 Lumped thermal dynamics
To capture the "real- world" behavior where intensive tasks (e.g., gaming) trigger thermal
throttling or accelerated aging, we introduce a lumped- parameter thermal balance equation.
The coherence of our model relies on the fact that temperature 𝑇 �𝑡� is not an exogenous
variable, but an endogenous state driven by the internal dissipation derived in Section
5.1.4.

Battery temperature evolution is modeled as:

mC𝑝
dT�𝑡�
dt =𝑄gen�𝑡� - hA�𝑇 �𝑡� - 𝑇env�, �5.12�

where mC𝑝 is the thermal capacitance, hA is the effective heat transfer coefficient,
and 𝑇env is the ambient temperature.

5.3.2 Heat generation modeling
In general usage scenarios, external device power consumption contributes indirectly
to heating. However, for the specific validation against the NASA B0005 dataset, the
observed temperature rise originates almost exclusively from internal Joule heating. There-
fore, we define the heat generation term 𝑄gen�𝑡� to enforce energy consistency:

𝑄gen�𝑡�= 𝐼2�𝑡�𝑅int�SOC, 𝑇�, �5.13�

This formulation closes the bidirectional feedback loop:
1. Electrical→ Thermal: Current 𝐼�𝑡� flowing through𝑅int generates heat𝑄gen (Eq.

13), raising Temperature 𝑇 .2. Thermal → Electrical: As 𝑇 changes, it modi-
fiesOCV and𝑅int (via Arrhenius effects), which in turn alters the voltage 𝑉 �𝑡� and
the current required to sustain power 𝑃�𝑡� .

5.3.3 Governing Equations
By combining the electrical evolution (Section 5.2) and thermal dynamics (Section 5.3),
we establish the complete continuous- time state- space model:

����������
�������������������
������������
�
�������������������
�������������������
���

dSOC
dt = - 𝐼�𝑡�

SOH ⋅𝑄𝑛 ,
mc𝑝dTdt =𝐼

2�𝑡�𝑅int�SOC, 𝑇� - hA�𝑇 - 𝑇env�.
�5.14�

The current 𝐼�𝑡� can be computed using either of the following (depending on the desired
fidelity):

his "Trinity" of Electrical, Thermal, and Aging dynamics provides the complete theor-
etical toolkit for predicting the time- to- empty (TTE) and voltage constraints.

5.4 Online Power Demand Estimation for Real-Time TTE Prediction
While the ODEs in Section 5.3 assume a continuous power input, actual user behavior
exhibits high- frequency stochastic switching. In practical smartphone deployment, the
total power demand 𝑃�𝑡� is not directly measurable and must be inferred from Battery
Management System (BMS) readings: terminal voltage 𝑉meas�𝑡� and current 𝐼meas�𝑡� .



Lightweight observer based on power balance. We start from the standard terminal-
voltage relation:

𝑉 �𝑡�=OCV�SOC�𝑡�, 𝑇 �𝑡�� - 𝐼�𝑡�𝑅int�SOC�𝑡�, 𝑇 �𝑡��.�5.16�

Instantaneous power estimate. Assuming a consistent discharge- current sign conven-
tion �𝐼�𝑡�≥ 0 under discharge), a direct power estimate is:

𝑃est�𝑡�=𝑉meas�𝑡�𝐼meas�𝑡�.�5.17�

Adaptive Smoothing for Noise Resilience. To maintain numerical stability without losing
the physical essence of "bursty" workloads, we apply an Exponential Moving Average
(EMA) filter:

𝑃filtered�𝑡�=α𝑃est�𝑡�+ �1 - α�𝑃filtered�𝑡 -Δ𝑡�, �5.18�

with typicalα∈ �0.15,0.30� tuned to the sampling rate. Finally, we set𝑃 �𝑡�=𝑃filtered�𝑡� to
drive the continuous- time model. This step ensures that our model is resilient yet sens-
itive: it filters out infinitesimal measurement noise while preserving the significant power
surges that trigger non- linear voltage drops.

Figure 5-7. Real- time power observer: noise suppression via EMA. The raw
estimate 𝑃est=𝑉meas𝐼meas is smoothed to yield 𝑃filtered , which tracks the underlying
load trend while rejecting high- frequency measurement noise.

Unless otherwise stated, all subsequent simulations use the second formulation in Eq.
(5.15) (the quadratic power- balance solution) to preserve accuracy under high- load con-
ditions.

5.5Model Extension and Parameterization: Integrating the Effects ofHistor-
ical Usage and Charging Behavior
The baseline model can be extended to incorporate historical usage and charging beha-
vior by allowing parameters such as SOH and 𝑅int to evolve across cycles (e.g., cycle-
dependent SOH, temperature- dependent OCV parameters, and degradation- aware resist-
ance growth).



6 Sensitivity Analysis

6 Time-to-Empty Prediction and Driver Analysis

Using the validated thermally coupled equivalent- circuit model (TC- ECM), we predict
time- to- empty (TTE) under realistic usage profiles, quantify uncertainty from manu-
facturing and environmental variability, and attribute the dominant drivers of premature
shutdown. The key message is that usable capacity can be substantially smaller than the-
oretical capacity when voltage protection triggers early.

6.1 Scenario simulation: divergence between theoretical and usable capa-
city

We use three representative load profiles:
1. Idle/background �𝑃 ≈0.2 𝑊� : low-current baseline.
2. Social media �𝑃 �𝑡�≈1.5±0.5 𝑊� : medium, time-varying demand.
3. Heavy gaming �𝑃 ≈6.0 𝑊� : sustained high power.

The 6.0 𝑊 gaming level is obtained by aggregating peak CPU/GPU and display states
(Table 2) under ≈100% utilization and high brightness.

Figure 6-8. Terminal voltage and SOC trajectories under three representative load pro-
files (shutdown at 𝑉min=3.0𝑉 )



Termination criteria. Shutdown is modeled as a race between chemical depletion and
voltage cutoff:

TTE= inf �𝑡: SOC�𝑡�≤ 0 or 𝑉 �𝑡�≤𝑉min�, �6.1�

with 𝑉min=3.0𝑉 .

Stranded energy (voltage- limited runtime). Figure 8 shows that under idle load the cell
is largely energy- limited (TTE >240min ), whereas under heavy gaming the device is
voltage- limited (TTE =61.0min ) and shuts down with about 15% SOC remaining.

We refer to this inaccessible charge as stranded energy. Its mechanism is captured by
the ohmic terminal- voltage relation

𝑉 �𝑡�=OCV�SOC, 𝑇� - 𝐼�𝑡�𝑅int�SOC, 𝑇 �, �6.2�

which implies that increasing load power increases 𝐼�𝑡� and thus the IRint drop. There-
fore, reducing peak load can recover part of the stranded SOC without increasing battery
capacity.

6.2 Uncertainty quantification via Monte Carlo simulation

To quantify prediction reliability under real- world variability, we perform a Monte
Carlo study ( 𝑁 =500 ) for the voltage- limited heavy- gaming case with

.𝑅base∼𝑁�0.12, 0.01�Ω, 𝑇env∼𝑁�25, 3�∘𝐶.
Statistical interpretation. As shown in Figure 9, the TTE distribution exhibits a left-

skewed tail (rare "bad" combinations can reduce runtime disproportionately). Summary
statistics are:

.Mean TTE: 56.83 min. Median TTE: 56.90 min.

.90% confidence interval: [53.1, 60.5] min.

Figure 6-9. Monte Carlo TTE distribution for the heavy-gaming scenario (histogram
with summary statistics and box plot)



A small ambient- temperature decrease can shorten runtime by several minutes because
resistance increases nonlinearly at low temperature, strengthening voltage- limited shut-
down.

6.3 Driver attribution and sensitivity analysis

We perform a one- at- a- time (OAT) sensitivity analysis around the social- media
baseline; results are shown in Figure 10.

Figure 6-10. One-at-a-time sensitivity analysis (social-media baseline): change in TTE
due to power, temperature, and aging-related resistance variations

The dominant drivers are:

1. Load power (user behavior): a 20% increase in 𝑃 shortens TTE by 39.7 min.

2. Ambient temperature: a 10∘𝐶 decrease shortens TTE by 4.2 min via impedance
growth and increased stranded energy.

3. Internal resistance / aging: a 20% increase in 𝑅int reduces TTE by 3.4 min,
increasing vulnerability to premature shutdown under peaks.

"This conclusion holds under sustained high- load foreground usage, where background
tasks contribute only second- order variations relative to dominant power demand."

7 Recommendations

Instead of passive user guidelines, we propose an Active-Guard Control Framework to be
implemented at the OS kernel level. By transforming our model's physical insights into a
closed- loop feedback control, we can recover the "stranded energy" identified in Section
6.



7.1 OS-Level Strategy: Voltage-Aware Dynamic Throttling (VADT)
To prevent premature voltage collapse under heavy loads (e.g., gaming), we design a Pro-
portional Control Loop that prioritizes voltage margin over instantaneous performance
when the system approaches the cutoff threshold.

Input: Terminal Voltage 𝑉 �𝑡� , Estimated SOC�𝑡� , Max Power 𝑃max
Parameters: 𝑉cutoff=3.00𝑉 𝑉guard=3.10𝑉 (Safety Buffer)
Output: Allowable CPU/GPU Power 𝑃limit

1. Measure 𝑉 �𝑡� from BMS sensor at sampling rate 𝑓𝑠
2. Calculate Voltage Margin: Δ𝑉 =𝑉 �𝑡� - 𝑉cutoff
3. Check Critical Condition:

.IF �𝑉 �𝑡�<𝑉guard AND SOC�𝑡�> 5%
Risk of stranded energy detected. Trigger active throttling.
.Calculate Throttling Factor α∈ �0, 1� .

α�𝑡�=min�1.0, Δ𝑉
𝑉guard - 𝑉cutoff

�
.Apply Power Limit: 𝑃limit←𝑃max ⋅ α�𝑡�
.Result: Reducing 𝑃 reduces 𝐼 , lowering 𝐼 ⋅ 𝑅int drop, forcing 𝑉 �𝑡� rebound.
.ELSE:
·𝑃limit←𝑃max (Full Performance)

1. Update UI: If α<0.8 , notify user "Performance optimized to extend runtime."

Table 7-2. Algorithm 1: Voltage- Aware Dynamic Throttling (VADT) Logic

Mechanism: Unlike static "Low Power Mode," VADT is continuous. By dynamically
reducing the load current 𝐼�𝑡� as 𝑉 �𝑡� → 𝑉cutoff , the Ohmic voltage drop �𝐼 ⋅ 𝑅int� is
reduced. This "buys time" for the battery to release the remaining chemical energy
(the 15% stranded SOC) at a lower rate, effectively converting a voltage- limited shut-
down into an energy- limited full discharge.
Temperature- aware cut- off prediction: the TTE estimator must account for 𝑇env (and/or

estimated cell temperature 𝑇 ). A static algorithm overestimates remaining time in cold
weather. Incorporating temperature into the SOC estimator (e.g., Kalman- filter- based
SOC tracking with temperature- dependent OCV/impedance) improves robustness.

Our study suggests that extending device lifetime is not only a battery problem, but a
system- level co- design problem between hardware, software, and energy storage.

8 Sensitivity Analysis and Model Robustness
WhileQuestion 2 established baseline predictions, real- world operation involves dynamic
environmental shifts and progressive hardware degradation. Here, we move beyond single-
variable sensitivity to examine synergistic parameter interactions and test model robust-
ness under transient environmental shocks.



8.1 Synergistic degradation: the "cold-aging" coupling effect

Standard sensitivity analyses often treat parameters independently. However, battery
degradation (SOH) and ambient temperature �𝑇env� are physically coupled through
the internal resistance dynamics in Eq. (5.6). We therefore simulate a heavy-
gaming �6𝑊� scenario across a grid of health states �SOH ∈ �0.6, 1.0�� and temperat-
ures �𝑇env∈ �-10, 40�∘𝐶�

Figure 8-11. Robustness and interaction tests: SOH-temperature synergy (left) and
dynamic thermal-shock response (right).

Figure 11 reveals three critical insights:
1. Nonlinear coupling (multiplicative penalty). The TTE gradient is not uniform;

the lower-left corner (low SOH and low 𝑇env ) exhibits a disproportionate col-
lapse in runtime because internal resistance grows with both decreasing SOH and
decreasing temperature, causing the voltage-limited cut-off to trigger early.

2. Iso-performance contours (diagonal gradients). Contours tend to slope from top-
left to bottom-right, indicating a trade-off between aging and temperature: a new
battery in freezing conditions can behave similarly to a degraded battery in mild
conditions.

3. Operational zones. The plot naturally partitions into an "optimal" regime (high
SOH, warm ambient), a moderate regime, and a critical regime where voltage sag
dominates and usable capacity collapses.

8.2 Robustness test: dynamic response to thermal shock

To validate model stability under non- equilibrium conditions, we simulate a step- change
"thermal shock" experiment: a user operating at 5𝑊 begins indoors �25∘𝐶� and then trans-
itions to a cold outdoor environment �-10∘𝐶� at 𝑡 = 30min . Unlike static estimators,
our thermally coupled framework successfully captures the transient voltage sag during
environmental shocks. As a baseline comparison,

a temperature- agnostic (static) model would predict a much smoother voltage trajectory
and typically miss this sag, highlighting the value of thermal coupling. Figure 11 illus-
trates the coupled transient dynamics:1. Thermal inertia (lag effect). After the ambient
temperature drop (dashed line), the battery temperature (solid orange line) does not change



instantaneously; it decays gradually according to the thermal time constant implied by
Eq. (5.12).2. Voltage sag and premature cut- off. As the cell cools, impedance rises and
the ohmic drop increases, producing a distinct acceleration in terminal- voltage decline
that can induce early voltage cut- off even when significant chemical charge remains.
Implications for system design. These robustness tests suggest two actionable implica-

tions:
• Temperature-aware TTE is mandatory: a static estimator fails to predict the voltage

sag under cold shock and will systematically overestimate remaining time.- Pre-
emptive throttling in the "critical zone": when the joint state (old × cold) enters
the critical regime, reducing peak load can mitigate the IRint drop and extend
voltage-limited runtime.

9 Model Evaluation

9.1 Parameter identification

Model parameters are identified via constrained nonlinear optimization using the L- BFGS-
B algorithm. The objective function combines voltage and temperature prediction errors:

𝐽 =RMSE𝑉 +𝑤𝑇RMSE𝑇 , �9.1�

where 𝑤𝑇 is a weighting factor reflecting the importance of thermal accuracy. In our
experiments, 𝑤𝑇 =10 is selected based on a Pareto trade- off analysis.

Figure 9-12. Temperature-dependent OCV-SOC fitting and validation summary (meas-
ured vs. fitted curves and performance metrics) on the NASA B0005 dataset.



9.2 Cross- cycle validation results

Figure 9-13. NASA B0005multi-cycle validation (8 cycles): voltage/temperatureRMSE,
parameter consistency, and TTE stability. </center><center>Fig 14: Cross-cycle val-
idation overview (8 cycles)

Figure 9-14. Eight-cycle results and V–T RMSE trade-off.

Figure 9-15. Validation summary metrics across cycles.



Across all eight cycles, the model exhibits consistent performance:

• Average voltage RMSE: ≈0.05 𝑉 (tens of mV; computed over the pre-cutoff
interval).

• Average temperature RMSE: 1.415∘𝐶 .

• All cycles converge successfully.

• Internal resistance estimates cluster around 0.13Ωwith less than 5% standard devi-
ation.

9.3 Comparison with experimental data

Figure 15 compares measured and model- predicted terminal voltage for a representative
NASA B0005 discharge replay, including the 3.0𝑉 cut- off.

Across cycles, the nonlinear voltage drop at high and low SOC is captured by the tem-
perature- aware OCV model, and the coupled thermal dynamics reproduce the observed
temperature rise with high fidelity.

9.4 Ecological Validity: Generalization to Real-World Traces

While the NASA dataset validates electrochemical consistency under constant loads, real-
world usage involves stochastic, bursty variations in power demand. To assess robust-
ness, we performed a cross- domain replay using the Sherlock smartphone dataset [13],
extracting a raw power trace from a "Social- Heavy" user session �𝑃avg ≈ 1.8𝑊 with
stochastic spikes). As shown in Figure 16a, the model generalizes well without parameter
re- tuning. Although the input trace exhibits high- frequency fluctuations (Panel 1), the
coupled electro- thermal ODEs act as a physically grounded low- pass filter, producing
smooth, monotonic trajectories for terminal voltage and SOC (Panels 2 and 4). The pre-
dicted temperature rise �Δ𝑇 ≈1.3∘𝐶 ; Panel 3) matches the mild heating expected during
sustained social- media activity. This "zero- shot" replay supports the model's stability
and applicability to dynamic, noisy operating environments.

9.5 Strengths

• Physics-consistent electro-thermal coupling: preserves nonlinear voltage beha-
vior via the quadratic power-balance current model and thermally coupled ODEs.-
Explains premature shutdowns: captures the stranded energy mechanism separ-
ating energy-limited and voltage-limited runtime.- Scenario robustness: supports
cross-condition analysis across SOH/ambient temperature/load and reveals the
cold-aging interaction.

• Ecological validation: generalizes from laboratory discharge data to real-world
stochastic traces.



Figure 9-16. Ecological validity results and cross-condition evaluation.

9.6 Weaknesses

• Offline calibration: primarily designed for forward prediction with fixed para-
meters.- Limited online state estimation: does not include an EKF/UKF-style
observer (e.g., [10]) for joint state/parameter tracking.- Simplified electro-
chemical effects: no explicit hysteresis/relaxation dynamics.- Input assumption:
assumes 𝑃�𝑡� is known or can be reliably inferred from device measurements.





10 Conclusion
In this work, we bridged the gap between electrochemical reality and user perception
by developing a thermally coupled, power- driven battery model. Validated against both
the NASA benchmark (constant load) and Sherlock traces (stochastic usage), our frame-
work demonstrates that battery endurance is not merely a resource problem but a control
problem. Our analysis uncovered two critical phenomena: (1) Stranded Energy, where
high- power loads trigger premature voltage collapse, locking away ∼15% of capacity;
and (2) a Synergistic Cold- Aging Failure, where adverse conditions amplify impedance
non- linearly. By translating these physical constraints into the proposed Active- Guard
Control Strategy, we replace heuristic guesswork with physics- based foresight. Ulti-
mately, curing "Nomophobia" requires not just larger batteries, but smarter, transparent
algorithms that restore the user's right to know the true operational boundary of their
device.
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Appendix A:
You can try Baltamatica: https://www.baltamatica.com/, an alternative to Matlab

1 % 矩阵运算示例
2 A = [1, 2, 3; 4, 5, 6; 7, 8, 9];
3 B = [9, 8, 7; 6, 5, 4; 3, 2, 1];
4

5 % 矩阵乘法
6 C = A * B;
7

8 % 求逆矩阵（如果可逆）
9 D = inv(A' * A); % A的转置乘以A的逆

10

11 % 特征值和特征向量
12 [eigVec, eigVal] = eig(A);
13

14 disp('矩阵C:');
15 disp(C);
16 disp('特征值:');
17 disp(diag(eigVal));
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