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Abstract

Accurate time-to-empty (TTE) estimation for smartphones remains challenging because
battery electrochemical dynamics interact with highly variable device-level power de-
mands. This study develops the Fusion Mechanism-Coordinated Dynamic Model (FM-
CDM), a physics-informed theoretical framework that couples a second-order Thevenin
equivalent-circuit model with component-level power consumption, electro-thermal
feedback, battery state of health, and stochastic workload generation. TTE is formulated
as the first time at which the terminal voltage reaches a 3.2 V cutoff, thereby distinguishing
the shutdown condition from SOC = 0%. The algebraic coupling among device power,
discharge current, and terminal voltage is resolved using the physically admissible solu-
tion of the constant-power load equation. Separate battery and processor thermal states
are introduced to represent temperature-dependent internal resistance, battery heat gen-
eration, heat dissipation, and processor thermal throttling. Four representative workload
classes—Standby, Light, Medium, and Heavy—are considered, with 500 Monte Carlo re-
alizations used for each class to propagate workload and parameter uncertainty. Global
sensitivity is evaluated using the Morris elementary-effects method. The illustrative nu-
merical analysis shows that increasing component activity shortens model-estimated
runtime and that voltage-triggered shutdown can occur at a nonzero residual SOC, par-
ticularly when temperature-dependent resistance and load-induced voltage drop become
significant. The framework provides a transparent and reproducible basis for investigat-
ing smartphone battery depletion, uncertainty propagation, and mechanism-level energy-
management strategies under explicitly defined reference conditions.

Keywords: smartphone battery; time to empty; equivalent-circuit model; electro-thermal
coupling; stochastic workload

1. Introduction

Battery runtime remains a fundamental constraint on smartphone usability and op-
erating-system energy management. A reliable estimate of the remaining operating time
is required not only to inform users but also to support workload scheduling, network
management, display control, and processor power regulation. Smartphone battery de-
pletion is inherently nonlinear because the available charge, open-circuit voltage, internal
resistance, polarization, temperature, and load-dependent conversion losses jointly deter-
mine the terminal voltage and shutdown time. Previous studies have demonstrated that
device operations and temperature can substantially affect battery behavior [1,2], while
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user-centered studies have highlighted the practical importance of battery-runtime infor-
mation [3]. Consequently, a linear extrapolation of the displayed battery percentage can-
not fully represent the physical processes governing TTE.

Coulomb counting is widely used for state-of-charge estimation because of its low
computational cost and straightforward implementation. However, its accuracy is af-
fected by current-measurement bias, uncertainty in the initial SOC, and accumulated in-
tegration error [4,5]. Data-driven approaches, including machine-learning and neural-net-
work models, can learn nonlinear relationships among voltage, current, temperature, and
battery state [6,7]. Their performance, however, depends on the representativeness of the
training data and may deteriorate when the operating conditions differ substantially from
those encountered during training. Equivalent-circuit models provide an interpretable al-
ternative by representing the dominant ohmic, charge-transfer, and diffusion processes
with a limited number of electrical states [8,9]. Temperature-dependent OCV-SOC iden-
tification further improves their applicability under varying thermal conditions [10].

Smartphone-level TTE estimation introduces an additional challenge because the bat-
tery current is determined by a combination of heterogeneous and time-varying hardware
loads. OLED display power depends on both brightness and average pixel level; processor
and graphics power varies with activity, frequency, voltage, and thermal throttling; and
wireless interfaces exhibit discrete operating states and tail-energy effects. GPS operation,
camera activity, background synchronization, and wake-lock events introduce further
temporal variability. Recent studies have provided detailed characterizations of
smartphone hardware power consumption and user-dependent energy demand [11-13].
Nevertheless, component-level power models are frequently analyzed independently of
the battery’s internal voltage and thermal states, whereas battery models commonly treat
the external load as a prescribed current or power profile.

This separation becomes particularly important when the terminal-voltage cutoff, ra-
ther than complete charge depletion, determines the usable runtime. Under a high-power
workload, the voltage drop across the internal resistance and polarization branches may
cause the terminal voltage to reach the shutdown threshold, while a nonzero amount of
charge remains. Low-temperature conditions can further increase internal resistance and
intensify this effect. Conversely, processor self-heating and thermal throttling can alter the
device-power trajectory during discharge. Battery state of health changes the available
capacity and resistance over the device lifetime, but its influence on a single discharge
process must be distinguished from long-term degradation. A coherent TTE model should
therefore coordinate electrical, thermal, health-related, and device-power mechanisms
within a common state-space formulation.

To address these requirements, this study proposes the Fusion Mechanism-Coordi-
nated Dynamic Model (FM-CDM). The objective is to establish a transparent theoretical
coupling among a second-order Thevenin equivalent-circuit model, component-level de-
vice power, electro-thermal feedback, battery state of health, and a voltage-based TTE
event. The model treats TTE as a first-passage problem in which simulation terminates
when the terminal voltage reaches a prescribed cutoff. Device power and discharge cur-
rent are coupled through the terminal voltage, and the resulting constant-power equation
is solved using its physically admissible current root. Separate battery and processor ther-
mal states are used so that battery resistance correction and processor thermal throttling
are governed by physically distinct temperatures.

The main contributions of this work are summarized as follows. First, TTE is formu-
lated as a terminal-voltage first-passage event, thereby distinguishing the shutdown con-
dition from SOC =0%. Second, a physically admissible solution is derived for the algebraic
coupling among device power, discharge current, and terminal voltage under constant
power loading. Third, a two-node electro-thermal structure is introduced to distinguish
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battery temperature from processor temperature and to represent the associated heat-gen-
eration and heat-rejection processes. Finally, stochastic workload variability and parame-
ter sensitivity are incorporated through Monte Carlo simulation and Morris screening
within a reproducible numerical workflow.

The remainder of this paper is organized as follows. Section 2 presents the model
scope, electrical and thermal formulations, component-level power models, stochastic
workload definitions, and numerical implementation. Section 3 describes the numerical
analysis of scenario-dependent TTE, uncertainty, power attribution, global sensitivity,
and thermal coupling. Section 4 summarizes the principal conclusions, discusses the ap-
plicability and limitations of the framework, and outlines directions for subsequent de-
vice-level evaluation.

2. Methodology

To address the challenge of predicting smartphone battery depletion under stochastic
usage, this study proposes the FM-CDM. Unlike black-box regression models that treat
the device as a simple energy sink, the FM-CDM is a continuous-time “white-box” ap-
proach. It mathematically couples the internal electrochemical dynamics of the lithium-
ion battery with the external, non-linear power scheduling logic of the operating system.

2.1. Scope, Assumptions, and State Definitions

The FM-CDM is formulated as a coupled continuous time framework that links bat-
tery electrical dynamics, device-level power demand, and electro-thermal feedback. The
modeled system comprises a generic single-cell lithium-ion battery and an aggregated
smartphone load. For the illustrative numerical analysis, the reference configuration
adopts a nominal capacity of 5 Ah (18,000 C) and a terminal-voltage cutoff of 3.2 V. These
values define a smartphone-scale theoretical configuration rather than a parameterization
of a particular commercial handset. To maintain physical consistency, the open-circuit-
voltage curve, equivalent-circuit parameters, and thermal properties used within an indi-
vidual simulation case are required to correspond to the same reference cell configuration
and voltage window.

The model is established under the following assumptions. First, the dominant battery
voltage dynamics are represented by a second-order Thevenin equivalent-circuit model with
an additional hysteresis state. Second, the battery and the system-on-chip are treated as two
spatially lumped thermal nodes with uniform temperatures. Third, the device load is approx-
imated as a constant-power load within each numerical integration interval, while its power
demand may vary between intervals according to the prescribed workload process. Fourth,
the initial state of health, denoted by (SOH,, ), remains fixed during a single TTE simulation.

Finally, device shutdown is defined by the first occurrence of the loaded terminal voltage
reaching the prescribed cutoff voltage; it is not defined by the SOC reaching zero.

With the battery discharge current defined as positive, the electrical and thermal state
vector is written as:

x(t) =2V, h T, L] M
where z€ [0,1] is the normalized state of charge; V| and V), are the polarization volt-
ages associated with the fast and slow RC branches, respectively; he [—1,1] is the di-
mensionless voltage-hysteresis state; 7, is the lumped battery temperature; and 7, is

the lumped system-on-chip temperature. Separating 7, from 7, allows the tempera-

ture dependence of the battery resistance and the processor thermal-throttling mechanism
to be represented independently.
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The time-varying device-level input vector is defined as:
T
u(t) = I:aT ’ sdi:p b L’ APL’ Snet 4 SGPS b Scam s wwake } (2)
where u(t) is the time-varying device-level input vector; &= [0(1,...,61! NC]]T contains
the activity factors of the N, processor or graphics domains; L€ [0,1] is the normal-
ized display-brightness level; APL € [0,1] is the average pixel level; S_, is the dis-

net

crete network operating state; SNR is the received signal-to-noise ratio; Sgpg € {0,1}
and s, € {0, 1} indicate whether the GPS and camera modules are active, respectively;

and @,,, € {0,1} denotes the finite-duration background wake-lock state. All quanti-
ties on the right-hand side of Equation (2) are evaluated at time f. Their stochastic evo-
lution is specified in Section 2.7.

The nominal capacity (), , ambient temperature 1, ,, initial state of health

SOH ), and cutoff voltage V,

. are treated as case-level conditions rather than time-var-

ying workload inputs. Let € denote the set of electrical, thermal, and component-power
parameters. The FM-CDM can then be expressed in the general state-space form.

x(t) = f(x(®),u(),60,T,,,,SOH )
V(O =[V, (), 2(0), T, (), T,()]

where f(-) denotes the nonlinear state-transition function; @ is the parameter vector

®)

containing the electrical, thermal, and component-power parameters; y(f) is the model-
output vector; and V,, (f) is the loaded battery terminal voltage. The detailed expres-

sions governing the individual state variables are developed in the following subsections.

The overall coupling architecture of the FM-CDM is illustrated in Figure 1. The
framework links stochastic workload generation, component-level device power, con-
stant-power current calculation, battery electrical dynamics, two-node thermal feedback,
and the voltage-cutoff TTE event.

1. Inputs & Environment 2. FM-CDM Dynamics 3. Cutoff Event
( ( N

YT,
Stochastic Workload (4  Component Power Model
{ (IR ) Pt Time-to-Empty
v LA TG
( s N i
Ambient Temperature Constant-Power Coupling i i bt S ——
i i ¢ il l Pt Residual State
'l N N
| —
Initial State & SOH Second-Order Thevenin ECM [Cutoff-Event Interpolation
UL J .
) i it ‘
Model Parameters Two-Node Thermal Feedback M Analysis Outputs
i 4l J ) J AN

Figure 1. Coupling architecture and voltage-cutoff workflow of the FM-CDM.

2.2. Electrical Model and Voltage-Cutoff TTE

The battery electrical subsystem is represented by a second-order Thevenin equiva-
lent-circuit model, which provides a computationally efficient description of the open-
circuit voltage, ohmic voltage drop, polarization dynamics, and voltage hysteresis [8-10].

The open-circuit voltage is represented by a polynomial function of SOC:
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nc(z):ijZj’ Ze[Zmin’Zmax] (3)
j=0

where p, is the j -th polynomial coefficient, n is the polynomial order, and

[Zin>Zmax ] denotes the applicable SOC interval. A sixth-order polynomial, correspond-

ingto n =6, is adopted in the reference formulation. The coefficient vector and applica-
ble SOC interval are summarized in Table 1, and the model is evaluated within this inter-
val.

Table 1. Core parameters of the theoretical reference configuration.

Category Symbol Value (Typical) Unit
Nominal capacity Qnom 18,000 C
Cutoff voltage Vo 3.20 \%
Ref
eference T, 208,15 K
temperature
Reference SOH SOH, 1.00 -
3.202466, 5.457440, —26.637712,
OCV coefficients Do+ Pe 72.840195, -108.07222, 81.460741, \Y%
-24.053131
Branch resistances Ro,ref,Rl,ref, Rz,ref 0.058, 0.032, 0.032 Q
Branch capacitances Cl 5 C2 5460, 18,720 F
RC time constants 7,7, 174.72, 599.04 S
Hysteresis parameters /A 0.030, 20 Vv, -
1'2e51'stance E,, /R 1200 K
Activation factor e
SOH
Ky 0> Kz 15 K 0.80, 0.80, 0.80 -
resistance coefficients RO>TRI> TR
DC conversion efficiency My 0.92 -
Thermal capacitances G, C, 120, 180 JK™
Thermal resistances R R, R, 1.50, 8.00, 5.00 Kw ™
Heat-conversion
Fractions Saevs e 050, 1.00 i

Note: The values define the theoretical reference configuration used in the numerical analysis. The

OCV coefficient orderis P, to Py . Detailed device-component parameters are listed in Appen-

dix A, Table Al.

The discharge current [/(¢) is defined as positive. To separate short-term battery

depletion from long-term aging, the effective available charge capacity for an individual
TTE simulation is defined as:

Qeﬁr = Qn(;mSOHO (4)

where O, is the nominal charge capacity in coulombs and SOH|; is the battery state

nom

of health at the beginning of the simulation. The resulting 0, remains constant during

a single discharge simulation. Temperature influences the predicted runtime through the
resistance, polarization, terminal-voltage, and thermal-feedback equations; temperature-
dependent capacity derating is not included in the present formulation.
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Assuming unity discharge coulombic efficiency and negligible self-discharge over a
single smartphone-discharge period, charge conservation is expressed as:
dz  I(t)

o 0, ©)

where z is the dimensionless SOC, [ is expressed in amperes, and Qeff is expressed in

coulombs. The negative sign indicates that SOC decreases when the positive discharge
current flows from the battery to the device.

The fast and slow polarization processes are represented by two polarization
branches, each comprising a parallel resistor-capacitor pair. The voltage dynamics of
branch i are governed by:

v v I
Lo/
i RC C 2} ©)

where R, C.,and V. denote the resistance, capacitance, and polarization voltage of
i i p p g

branch i, respectively. The corresponding time constantis 7, = R,C;. The parameter set
{R,C,,7,R,,C,,T,} issummarized in Table 1.

To represent the path-dependent voltage difference between charging and discharg-
ing, the dimensionless hysteresis state is described by:

D=y Ll sen(y-h
iy 0, [sgn(/)—h] @)

where ¥, is the hysteresis-rate coefficient and sgn(-) denotes the sign function. Under

the adopted current convention, 4 approaches +1 during sustained discharge. When
I =0, Equation (8) gives dh/dt =0, and the hysteresis state remains unchanged.
The loaded terminal voltage is calculated as:

View =Voe(2) =V =V, = IR, = Mh ®)

where R, is the instantaneous ohmic resistance and M is the maximum hysteresis-

voltage magnitude. The ohmic resistance is modeled as a function of SOC, battery tem-
perature, and initial SOH. Its temperature dependence is introduced in Section 2.4. The
sign of the hysteresis term is consistent with Equation (8), such that —M#h represents the
discharge-side hysteresis contribution as /# approaches +1.

Because the smartphone is represented as a constant-power load within each numer-
ical integration interval, battery current cannot be calculated by dividing the device power
by an independently prescribed terminal voltage. The power drawn from the battery ter-
minals and an auxiliary voltage variable are defined as:

P,
B, =% A=V _-V,-V,—Mh )

bat
dc

where P

ey 18 the total device-level power demand, 7,. € (0,1] is the DC conversion

efficiency, and F,, is the power drawn from the battery terminals. Substitution of

Viin =A—IR, into B =1V, gives

t

RI*—AI+P,

bat

=0 (10)

The physically admissible current is the smaller positive root of Equation (11):

AL -4rR, 2B,

2R, A+ A -4R P,

(11)

at
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The second expression in Equation (12) is algebraically equivalent to the conventional
quadratic-form solution and is used in the numerical implementation to avoid subtractive

cancellation when Ro is small. A real-valued current exists when

A*—4RP, >0

bat —

If this condition is violated, the requested constant power cannot be supplied at the
current electrical state. The simulation is then terminated, and the event is recorded as an
electrical-load infeasibility rather than a voltage-cutoff event.

The voltage-cutoff time is defined as the first time at which the loaded terminal volt-
age reaches the prescribed cutoff threshold. The TTE and residual SOC at shutdown are
subsequently defined as:

t =I0Fl 21,V (D SV, )

13
TTE = tcut _ZO, Zcut = Z(tcut) ( )

where {, is the initial simulation time, £

«t is the voltage-cutoff time, and z,, is the

=3.2 V. This threshold

represents a voltage-based shutdown condition and is not equivalent to z =0. Conse-
quently, the model can produce a nonzero residual SOC at shutdown, particularly under high-
power or low-temperature conditions that cause a pronounced load-induced voltage drop.

residual SOC at shutdown. In the reference configuration, V,,

2.3. Component-Level Device-Power Model

The component-level power model converts the stochastic workload variables de-
fined in Section 2.1 into the electrical power demand applied to the battery model. At the
output boundary of the DC-DC converter, the total device power is expressed as:

Pdev(t) =I)disp(t)+ Z}zi(t)+I)r16t(t)+PGPS(t)+Pcam(t)+Pwake(t)+R>vh(t) (14)

deD
where D ={L,M,B,G} denotes the Little-CPU, Medium-CPU, Big-CPU, and GPU do-
mains, respectively. The DC-DC conversion loss is not included in Equation (14) because
it is applied separately through the conversion efficiency in Equation (10).
For the OLED display, the power demand depends on the display-state indicator,
normalized brightness, and average pixel level:

Py () = 5y (O] Py + Ky L) APL()"" | (15)
k

where sy €{0,1}, Le[0,1], and APLe[0,1]. The quantities F) disp s Qrs

isp,0 7
and b,p, are the display-driver power, brightness—APL coefficient, brightness exponent,
and APL exponent, respectively.

The temperature-dependent throttling multiplier applied to the computational do-
mains is defined as:

L I<T,
1-8¢. T -T
o) ={lap - Ta) g g (16)
Tfull _Ton
[8 911005 I 2Ty,

where 1 isthe system-node temperature, 1. isthe throttling-onset temperature, 7T;,
is the temperature at which the minimum multiplier is reached, and ¢} is the retained

activity multiplier under full throttling.
For computational domain d, the effective activity factor, normalized frequency,
and normalized voltage are calculated as:

https://doi.org/10.3390/en19153669
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&, . (t) = clip[XT))er, (1),0,1]
fd(t):pmin +(1_pmin)ad,eff(t) (17)
";d (t) = cv,O + cv,lf;/ (t)'

Here, «,; isthe commanded workload activity, 0, isthe normalized frequency

intercept, and ¢,, and ¢, define the normalized voltage-frequency relation. The op-

erator clip(x,0,1) restricts x to the interval [0,1].
The power of computational domain d is the sum of dynamic and temperature-
dependent leakage contributions:

Py(t) = Py Oy e () £, (09, (1)
+Pdr,eliak exl{ﬁleak (]; _];ef ):| |:g0 +g1]1(ad > agate ):|

. . . .. £
is the maximum dynamic-power coefficient, Pdrcleak is the reference leak-

(18)

where P,

,max

age powerat I ., and [, isthe leakage-temperature coefficient. The indicator func-

ref /

tion I(-) distinguishes active and inactive computational domains, while g,, &, and

Oy, define the leakage-power gate.

Network interface power is determined by its discrete operating state:

Poiaes  Sw(®)=1dle
I)nct (t) = I)nct,tail > Snct (t) = Tall (19)
I)nct,activc ’ Snc( (t) = ACtive

The Tail state represents the finite elevated-power interval following an Active event.
The stochastic state transitions and state durations are defined in Section 2.7. No addi-
tional signal-quality correction is applied in the reference configuration.

The GPS and camera contributions are:

Fips (1) = Fips aerScps (1)
I)cam (t) = l)cam,actscam (t)

where Sgps, Sem € 10,1}, and FBypg,, and P, ., are their active-state powers.

(12)

Wake-lock activity and the remaining system overhead are represented inde-
pendently as:

Pwake (t) = Pwake,act Wwake (t)
R)vh (t) = P

base

(13)
+ ka maXdeD ad,eff (t) + kdisp,onsdisp (t)

where W, € {0,1} is the finite-duration wake-lock state. The overhead term accounts

for power-management quiescent consumption, memory and storage activity, sensor-hub
operation, and activity-dependent supporting circuitry that is not assigned to the explic-
itly modeled components.

All power terms in Equations (14)—(21) are nonnegative and expressed in watts. Their
sum is evaluated at each numerical time step, converted to battery-terminal power
through Equation (10), and used to determine the physically admissible battery current
from Equation (12).

2.4. Electro-Thermal Coupling

The electrical and thermal subsystems are coupled through battery heat generation,
temperature-dependent electrical resistance, and device-level heat dissipation. Because
the battery cell and the system-on-chip have different heat-generation mechanisms and

https://doi.org/10.3390/en19153669
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thermal time constants, they are represented by two lumped thermal nodes. The battery
node has temperature 7, and thermal capacitance C,, whereas the system node has
temperature 7, and thermal capacitance C, .
The energy balance of the battery thermal node is written as:
¢4 _p TR LT,
dt R R

(14)

bs ba

where Qb is the heat-generation rate within the battery, R, is the thermal resistance
between the battery and the system node, R, is the thermal resistance between the bat-
tery and the ambient environment, and 7, , is the prescribed ambient temperature. A posi-

tive value of (7, —7;)/ R, represents heat transfer from the system node to the battery.
The energy balance of the system thermal node is:
cdL_p LT, _T-T,
dr TR R

bs sa
is the heat-generation rate associated with the device components and DC con-

(15)

where O,
version loss, and R, is the thermal resistance between the system node and the ambient
environment. The heat-transfer term between the two nodes appears with opposite signs
in Equations (22) and (23), thereby conserving energy within the coupled thermal system.

The heat generated in the RC polarization branches can be derived directly from
Equation (7). Multiplying the branch equation by CV, gives

E 2 1

where Clez /2 is the energy temporarily stored in the polarization capacitor and

2
d (lC.V.ZJ:IVi —%, ie{l,2} (16)

1

Vi2 / R, is the irreversible heat-dissipation rate in the corresponding polarization re-

sistance. This relation distinguishes energy storage in the capacitors from irreversible
thermal loss in the resistors.

For the discharge-only TTE simulations, the total battery heat-generation rate is de-
fined as:

. Vi
O, =R, +——+-2+1IMh (17)
R R,
where I’R, is the ohmic heat-generation rate, ¥/ R, and V; /R, are the polariza-
tion-loss terms, and IMh represents the irreversible contribution associated with the
discharge-side hysteresis overpotential. The reference discharge cases use [ =0 and
h(t,)=0; consequently, # remains nonnegative, and all terms in Equation (25) are
0 q y & q
nonnegative. Reversible entropic heat is not included because the OCV formulation in
Equation (4) does not contain a temperature-dependent entropic coefficient.
The heat-generation rate of the system node is expressed as:

Qs = é:dev[ziev + é:dc (Pbat - Pdev) (18)
where &, €[0,1] is the fraction of device-level electrical power converted into heat

within the lumped system node, and égdc €[0,1] is the fraction of DC conversion loss

dissipated within the same node. The difference £, —P,

4y 1S nonnegative because

P =P /n, and 0<7, <1.Energy leaving the modeled thermal node as display

https://doi.org/10.3390/en19153669
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light, radio-frequency radiation, acoustic output, or mechanical work is represented by
the fraction 1-&, .

The resistances of the ohmic and polarization branches depend on SOC, battery tem-
perature, and initial SOH. For i€ {0,1,2}, the resistance is expressed as:

R.(Z,T,SOH ):R. (2)g .(SOH )exp E,; 11 (19)
i b 0 i,ref R,i 0 Rg T;) T

ref

where R, :(z) isthe SOC-dependent resistance at the reference temperature 7, ; and
reference health state, g, (SOH,)) is the resistance-scaling function associated with
battery health, E, ; is the activation energy, and R, is the universal gas constant. The

SOH scaling function is defined in Section 2.5.

Both 7, and T in Equation (27) are expressed in kelvin. The units of F,; and
4 -1 g1 . . . .
Rg areJmol~ andJmol K, respectively, making the exponential argument dimen-

sionless. For E_; >0, a battery temperature below 7, increases R;, thereby increas-

ing the ohmic voltage drop and advancing the voltage-cutoff event under a given power

demand. The polarization capacitances C;, and C, are treated as constant reference pa-

rameters in the present formulation.
Adding Equations (22) and (23) eliminates the internal heat-transfer term and gives
the overall transient thermal-energy balance:

dT, ar, . . T,-T
C b +C s — + __b amb __ amb
v TG T9re R, R,

Equation (28) shows that the thermal coupling between the battery and the system
redistributes heat internally but does not create or remove energy. At thermal equilibrium,
the stored-energy terms on the left-hand side vanish, and the combined heat generation

T-T

(20)

equals the heat rejected from the battery and system nodes to the ambient environment.
All thermal capacitances and thermal resistances are positive, and their reference values
are summarized in Table 1.

The battery resistance obtained from Equation (27) is used in the terminal-voltage
equation and constant-power current solution at every numerical time step. Simultane-
ously, the system temperature obtained from Equation (23) determines the processor fre-
quency limit in Equation (17). These two feedback paths complete the electro-thermal cou-
pling of the FM-CDM.

2.5. State of Health and Aging Scope

Battery state of health affects TTE through two distinct mechanisms: a reduction in
available charge capacity and an increase in internal resistance. In the FM-CDM, SOH is
treated as a case-level condition that characterizes the battery at the beginning of a dis-
charge simulation. It is not included as a time-varying state during the several-hour TTE
calculation.

A capacity-based definition of the initial SOH is adopted:

J
SOH, = Q‘“—(g) 0<SOH, <1 1)

where QO (tage) is the maximum available charge capacity at battery age 7, , and
Q... is the beginning-of-life nominal capacity. Therefore, SOH; =1 represents the ref-
erence beginning-of-life condition, whereas SOH,, <1 represents a capacity-degraded
battery.

https://doi.org/10.3390/en19153669
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According to Equation (5), the effective charge capacity used in the SOC dynamics is:
Qeff = QnomSOHO

A decrease in SOH,, therefore increases the SOC depletion rate for a given dis-

charge current through Equation (6). This constitutes the capacity-related pathway by
which battery aging affects TTE.

The resistance-related effect of SOH is represented by the scaling function introduced
in Equation (27):

2z, (SOH)) =1+x,,(1-SOH,), i€ {0,1,2} (22)
where K, 20 is the resistance-growth coefficient of the ohmic or polarization branch
i . This formulation satisfies g,.(1)=1, so that the resistance reduces to its reference

healthy-state value when SOH; =1. For SOH,, <1, the scaling factor exceeds unity
and increases the corresponding resistance. The resulting resistance increase produces a
larger load-induced voltage drop and can cause the terminal voltage to reach V,, ata
higher residual SOC.

During an individual TTE simulation, the health state is held constant:

dsdg -0, SOH(1)=SOH,, <<t (23)

Consequently, capacity loss and resistance growth are introduced only through the
initial condition SOH,,, Equation (5), and Equation (30). No additional capacity-fade or
solid-electrolyte-interphase growth equation is integrated during the same discharge sim-
ulation. This separation prevents the degradation represented by SOH,, from being
counted a second time within the TTE calculation.

Long-term calendar and cycle aging occur on a time scale substantially longer than a
single smartphone discharge. They are therefore treated as an outer process that deter-

mines the value of SOH,, before each TTE simulation. Discharge cases with different
health conditions are evaluated by repeating the FM-CDM calculation with different fixed
values of SOH,, while keeping the short-term electrical, thermal, and workload equa-
tions unchanged.

This treatment produces two identifiable SOH-to-TTE pathways. First, a lower
SOH,, reduces Q.; and accelerates SOC depletion. Second, it increases R, R, and

R, through g, ;, thereby increasing the ohmic and polarization voltage drops. The first

pathway affects the available charge inventory, whereas the second affects the voltage-
cutoff time. Both effects are included once and remain mathematically separated in the
model.

2.6. Reference Parameters and Traceability

To define a reproducible baseline for the numerical analysis, the FM-CDM parameter
vector is divided into electrical, thermal, component-power, and state-of-health subsets:

aref = {aelec 4 0therma1 4 0power > 0SOH } (24)

The configuration represents a generic smartphone-scale single-cell battery coupled
to a generic mobile-device load. It is defined as a theoretical reference configuration and
is not associated with a named commercial handset. The core electrical, thermal, and SOH
parameters are summarized in Table 1. Detailed display, processor-domain, network, and
auxiliary-module parameters are provided in Appendix A, Table Al.
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The nominal capacity issetto O, =18000 C, corresponding to 5 Ah, and the ter-

minal-voltage cutoff is V,, =3.2 V. The reference OCV relation is represented by the

cut
sixth-order polynomial in Equation (4). Over ze€ [0,1], the selected coefficient vector
produces a smooth monotonic increase from approximately 3.202 V to 4.198 V. The curve
serves as an analytical reference relation for the theoretical numerical analysis rather than
as an empirical fit to a particular smartphone cell.

The reference resistances and capacitances define the fast and slow polarization dy-

namics. Their time constants are obtained directly from 7, = RC;:
7, =RC =17472s,  7,=R,C,=599.04s (25)

Thus, the two RC branches represent distinct polarization time scales while preserv-
ing dimensional consistency between resistance, capacitance, and time. The capacitance
values in Table 1 are expressed in farads.

The temperature-dependent resistance factor in Equation (27) is parameterized using
E,; / Rg =1200Kfor i€ {0,1,2} . Reporting the ratio in kelvin distinguishes it from an

activation energy reported in ] mol ' The resistance-growth coefficients in Equation (30)
are identical for the three electrical branches in the reference configuration, giving a com-
mon first-order resistance increase as SOH decreases.

The two-node thermal parameters define the transient heat storage, internal heat
exchange, and heat rejection represented by Equations (22) and (23). The battery and
system thermal capacitances are C, =120JK™" and C, =180 JK', respectively. The

three thermal resistances separately represent battery-to-system, battery-to-ambient, and
system-to-ambient heat-transfer paths. The thermal parameters are positive, ensuring a dissi-
pative and asymptotically stable thermal subsystem under bounded heat input.

The baseline parameter vector remains fixed during each deterministic simulation.
In the uncertainty analysis, selected parameters are sampled around these reference val-
ues using the bounded distributions defined in Section 2.8. Workload-dependent quanti-
ties, including display activity, processor utilization, network states, and module activa-
tion, are not included as fixed parameters in Table 1; their scenario-specific definitions are
provided in Section 2.7.

The reference values in Table 1 define the baseline case rather than a population dis-
tribution of smartphone batteries. Accordingly, numerical results obtained from this con-
figuration are interpreted as model responses under the stated assumptions. The influence
of parameter variation is evaluated separately through Monte Carlo uncertainty propaga-
tion and Morris sensitivity analysis.

2.7. Stochastic Workload Scenarios
The stochastic workload model converts the scenario class into time-varying inputs
for the component-power equations. Four reference classes are considered:

ce {Standby, Light, Medium, Heavy}

These classes define theoretical workload conditions rather than population-level statis-
tics for smartphone users. A scenario class remains fixed during one TTE realization, while its
display, processor, network, and auxiliary-module states vary stochastically over time.

The general workload vector for class ¢ is sampled at discrete command intervals:

u ~P u()=u?, kAt, <t<(k+DAt, (26)

where P is the class-dependent joint distribution and Af, =60 s is the workload-
command interval. Display brightness, APL, processor activity, SNR, GPS state, and
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camera state are held constant within one command interval and resampled at the begin-
ning of the next interval. Network-state transitions and wake-lock events are updated at
a finer time resolution.

The command-level variables are sampled according to:

Saispke ™ Bernoulli ( pdisp’c)
Ll sy, =1~ U(L,LY)

APL,| 54, =1~ u(A;,A;)
(27)
a,, ~L{(a;,c,a;,c), de D

Saps ~ Bernoulli ( Daps.c )

Sums ~ Bernoulli(p,,...)

cam,k
The sampled values remain constant throughout the corresponding 60 s command

interval. When sy, = 0, Equation (15) gives P, =0, irrespective of the sampled

isp
brightness and APL values. The processor activities are converted into effective activities,
normalized frequencies, and normalized voltages using Equation (17); therefore, no sep-
arate commanded-frequency equation is required in this section.

Network activity is updated at the finer interval A? , =1s. When no Active transfer

is in progress, the network-event indicator is sampled as:

(c) : ﬂ’net cAtnet
b ~ Bernoulli| ———
’ 3600

The network state is updated according to

Active, b, =1,
Snct,m = Tail’ bnct,m = O and O < (m - mlast )Azncl S ttail,c’ (28)
Idle, otherwise,

where A

net,c

is the class-dependent event-arrival rate in events per hour. A new event
places the network interface in the Active state for d,, . seconds. After the Active inter-

val has elapsed, the interface enters the Tail state for d,; =8$. An event arriving during

ail
the Tail interval restarts the Active state, whereas the interface returns to Idle when the
Tail counter reaches zero. The resulting state S () determines the network power
through Equation (19).

The Medium workload uses a higher network-event rate than the Heavy workload
because the former represents a communication-intensive condition, whereas the latter is
defined as a computation-dominant condition. This distinction is reflected in the compo-
nent-level energy attribution discussed in Section 3.3.

Wake-lock starts are generated independently at the 1 s update interval:

b(c) N — dwake =30. 29)

j<n wake, j wake
n—j<N. A

W

wake,n

=max
wake net

Thus, each wake-lock event produces a 30 s binary pulse, and overlapping events are

represented by the union of their active intervals. The resulting W, .(f) determines the

ake
independent wake-lock power in Equation (21) and does not modify the processor activity
factors.
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The complete time-varying workload trajectory is formed by combining the 60 s com-
mand-level variables with the 1 s network and wake-lock processes. The class-dependent
distributions and event parameters are summarized in Table 2.

Table 2. Definitions of the stochastic reference workload classes. (a) Display and processor activ-

ity; (b) Network and auxiliary-module activity.

(a)
Scenario Class Py, Brightness and APL Processor Activity
L:U(0.05,0.15) a = [U(0, 0.05), U(0, 0.03),
. Standby 0.05 APL : 4(0.10,0.30) U(0, 0.01), 0]
. L:14(0.20,0.50) a = [U(0.05, 0.25), U(0, 0.15),
II. Light 065 APL24(0.20,0.60) U(0, 0.05), U(0, 0.05)]"
. L:14(0.45,0.80) a = [U(0.20, 0.55), U(0.15, 0.45),
L. Medium 090 APL:2/(0.30,0.70) U(0.05, 0.30), U(0.05, 0.35)]"
L:4(0.70,1.00) a = [U(0.50, 0.90), U(0.40, 0.80),
IV. Heavy 1.00 APL:2/(0.40,0.90) U(0.30, 0.75), U(0.40, 0.95)]t
(b)
Scenario Class pnet ttail (S) SNR (dB) pGPS pcam ﬂ“wake
L. Standby 0.002 10 U(10,30) 0 0 2
IL. Light 0.010 10 U(10,30) 0.02 0 4
III. Medium 0.050 10 U(8,28) 0.15 0.05 8
IV. Heavy 0.100 10 U(8,28) 0.30 0.10 12

2.8. Uncertainty and Sensitivity Analysis

Two sources of uncertainty are considered in the FM-CDM. Aleatory uncertainty
originates from the time-varying workload processes defined in Section 2.7, including dis-
play activity, processor utilization, network-state transitions, auxiliary-module activation,
and wake-lock arrivals. Parametric uncertainty represents variation around the theoreti-
cal reference configuration defined in Table 1 and Appendix A, Table Al. These two
sources are propagated jointly within the Monte Carlo framework.

For realization 7, a parameter vector @ ") s sampled once at the beginning of the
simulation and remains fixed until the termination event. A stochastic workload trace
u” () is then generated from the selected workload class. Positive parameter multipli-

ers are sampled using bounded lognormal distributions:
2

O, .
(ry _ (r) In, ) 2
& —exp(é‘j ——2’} e ~N(0,0)) (30)

where & ; is a dimensionless multiplicative factor and 0, ; = In (1 + CVJ.Z) is deter-

mined from the prescribed coefficient of variation CV,. Samples outside their physical

bounds are rejected and resampled. Bounded scalar variables are represented by uniform
or truncated-normal distributions. The complete factor definitions, distribution parame-
ters, and physical bounds are provided in Appendix A, Table A2.

Group multipliers are applied to physically related parameters. The same resistance
factor &, multiplies R,, R, and R,, thereby preserving their relative ratios. Common
multipliers are also applied to the polarization capacitances, thermal resistances, thermal
capacitances, and component-power coefficients. The OCV polynomial coefficients are not
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perturbed independently because independent coefficient variation could destroy the
monotonicity of the reference curve. Instead, an additive offset OV, is applied to the

complete OCV relation.

For each of the four workload classes, N =500 independent Monte Carlo realiza-
tions are performed. The pseudorandom number generator uses the fixed seed 20250724.
In each realization, the parameter vector is sampled first, followed by the generation of an
independent stochastic workload trace. The coupled electrical and thermal equations are then
integrated until either the voltage-cutoff event or an electrical-load infeasibility occurs.

Each realization records the termination time, termination category, residual SOC,
maximum battery temperature, and maximum system temperature. Let

R ={}":Vlgzl reaches V(u:)} denote the set of voltage-cutoff realizations and let

(¢ c
Ncut = |Rcut

ard deviation of TTE are calculated over this set:

be the corresponding number of valid TTE outcomes. The mean and stand-

N

cut 7€ Rew

TTE=— > TTEY, sy = \/; > (TTE("’ —TTE)2 (31)
cut 7€ Ry
STTE

The corresponding coefficient of variation is CVTTE = =——="The empirical 95% pre-

diction interval is defined as:
Pl = [%.025 (TTE), 44475 (TTE)] (32)

where §,,,s and ¢,4;; are the empirical 2.5th and 97.5th percentiles of the voltage-cut-

off TTE samples. This interval characterizes the distribution of model outcomes under the
prescribed workload and parameter assumptions. It is therefore interpreted as a predic-
tion interval for the theoretical model rather than as a confidence interval for measured
smartphone performance.

Electrical-load infeasibility is treated as a separate termination category. Let

2 . -
DY (1) = [A(r)(t)] —4R"(t)P")(t) denote the discriminant of the constant-power

bat

current equation. The estimated infeasibility probability is:
. 1 &
— : (r)
P _W,Z::‘H[mm’ D" (t)<0] (33)

where [[-] is the indicator function. Voltage-cutoff and electrical-infeasibility outcomes
are reported separately so that an infeasible constant-power request is not interpreted as
an ordinary voltage-cutoff TTE.

Sample-size convergence is evaluated using nested sample sizes N = 100, 250, 500,
and 1000 drawn from the same seeded sequence. The convergence analysis compares the
mean, standard deviation, and empirical 2.5th and 97.5th percentiles. The sample-size
convergence results are presented in Section 3.2.

Morris Sensitivity Analysis

Global parameter screening is performed using the Morris elementary-effects
method. The 14 uncertain factors listed in Appendix A, Table A2 are mapped to the nor-
malized domain [0,1]. For factor j and Morris trajectory ¢, the elementary effect is

defined as:
Y(W(q) +Aej ) _ Y(W(q) )
A

EE'" = (34)
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where ¥ is the normalized factor vector, e ; is the unit vector associated with factor
J,Y isthe mean TTE at the parameter point, and A is the normalized Morris step.

The Morris design uses six grid levels, p =6, and #, =20 trajectories. The nor-

malized step is A=ﬁ=0.6. With 14 factors, the design contains
p—

1 (14+1) =300 300 parameter points for the Heavy workload class. At each parameter

point, Y is calculated from 20 workload realizations. Common random numbers are
used within each trajectory, so paired evaluations use identical workload traces and differ
only in the perturbed parameter. Parameter points that produce an electrical-infeasibility
event are recorded separately and are not included in the elementary-effect statistics for
voltage-cutoff TTE.

The signed mean, mean absolute effect, and standard deviation of the elementary
effects are calculated as:

1 &
p;=—> EE[],

. M Y 2
H, :_Z‘EE(;) S Y o > (EE - u;)
M g=1 w13

A large ,u; indicates a strong overall influence on TTE, whereas a large O indi-

cates nonlinear behavior or interactions with other factors. Morris screening is performed
for the Heavy workload class using the factor ranges listed in Table A2.

2.9. Numerical Implementation

The coupled FM-CDM equations are integrated using a fixed-step trapezoidal
scheme, also referred to as the Tustin or bilinear method. The baseline integration step is
At =1 s.This value is consistent with the 1 s network-state update interval in Section 2.7,
whereas the 60 s workload commands remain piecewise constant over 60 consecutive in-
tegration steps. All calculations are performed using double-precision floating-point
arithmetic.

Let Tl i Ri . C, i€ {l,2}, where R, , is evaluated at the midpoint

T2 T2
SOC and battery temperature within the current integration step. The Tustin coefficients
for polarization branch i are

At
1- At
2r —
g, =y = 2 36
ik = Ar ik = At (36)
1+ 1+
2t 27
ik+— ik+—
2 2
The polarization-voltage update is therefore:
Vi =@,V +b, (I + 1), ie{l,2} (37)
The SOC equation is discretized using the same trapezoidal rule:
At
(L +1) (38)

Zkn T2 — >
Qeff

For the hysteresis and thermal states, define /;, , [, and F, as the right-hand

S
sides of Equations (8), (22), and (23), respectively, after division by their corresponding
state coefficients. Their updates can be written in the common form
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At
91 = 4y +7|:E1,k +E/,k+l:|’ qe {h,E,Ts} (39)

Because /,,, depends on the updated polarization voltages, temperatures, proces-

sor power, resistance, and terminal voltage, Equations (44)—(47) form an implicit coupled
system. A fixed-point iteration is used within each time step. The iteration index is de-

noted by /, and the initial guess is setto X\ =x,, [\ =1,.

At iteration £+1, the component powers are evaluated first. The processor fre-
quency is constrained using Equation (17), the temperature-dependent resistances are cal-
culated using Equation (27), and the battery current is obtained from the physically ad-
missible root in Equation (12). The electrical and thermal states are then updated using
Equations (44)—(47).

The fixed-point iteration terminates when ‘] ,f:l) -1 15?1 <10°A
(¢+1) 0) -6 (4 p(h) (0+1) o N 5
Vtenn,ku _I/term,kﬂ <107V, and max{‘z—{),k-ﬂ —7L,k+| > Ts,k+1 _Ts,k+1 | <107 K.

A maximum of 20 fixed-point iterations is used for one integration step. When the
convergence conditions are not satisfied within this limit, the step is repeated using
At /2. Up to four consecutive step halvings are permitted. A persistent failure after the
fourth halving is recorded as a numerical-convergence failure and is not classified as a
voltage-cutoff or electrical-infeasibility event.

Cutoff-Event Interpolation

A voltage-cutoff event occurs when V,_ >V _ .V, <V,

term,k cut®” term,k+1 — 7 cut*®
To reduce the dependence of TTE on the integration grid, the cutoff position within
the final step is calculated as:

Ve =V,
Hew =7, 0< 7, <1 (40)
I/term,k - I/term,k+1

The cutoff time and residual SOC are then interpolated as:
o =l Xy Za =2 K (00— 70) (41)
The TTE is subsequently calculated from Equation (13b). The same interpolation
principle is applied to the discriminant D = 4> —4R P, when an electrical-load infea-
sibility occurs within an integration step.
Time-step independence was examined using (Af=2,1,0.5,and 0.25s) . The

baseline step size of Af =15 was considered converged when the relative difference in
TTE with respect to the 0.5s solution was below 0.5%, while the corresponding differ-

ence in the cutoff SOC was below 0.1%. All simulations were performed in double preci-
sion using the same initialization, workload realization, model parameters, and cutoff-
event detection procedure.

3. Results and Discussion

This section presents the numerical results obtained using the FM-CDM under the
reference configuration defined in Section 2. The analysis focuses on reference-case dis-
charge dynamics, stochastic TTE uncertainty, component-level energy attribution, global
sensitivity, and thermal-coupling effects.

3.1. Reference-Case Results and Cutoff Dynamics

Reference-case simulations were first conducted to characterize the discharge behav-
ior of the FM-CDM under the four workload classes defined in Table 2. The common
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initial conditions were z(0)=1 , V(0)=V,(0)=h0)=0 ,
1,(0)=T.(0)=T,, =298.15K, and SOH,=1. The cutoff voltage was fixed at
|4

" =320 V. For each workload class, one reproducible workload realization was gen-
erated using the random seed and simulated using the reference parameterization re-
ported in Tables 1 and Al.

Time-step independence was evaluated using the Heavy reference case. For time
steps of 2, 1, 0.5, and 0.25 s, the corresponding TTE values were 4.31637, 4.31652, 4.31659,
and 4.31663 h, respectively. Relative to the 0.5 s solution, the 1 s baseline produced a TTE
difference of 0.0017% and a cutoff-SOC difference of 0.0016 percentage points. Both dif-
ferences were substantially below the convergence criteria specified in Section 2.9. There-
fore, At=1s was used for the subsequent simulations.

As summarized in Table 3, the reference-case TTE decreased monotonically from
58.64 h in Standby to 22.53 h in Light, 8.99 h in Medium, and 4.32 h in Heavy. Over the
same sequence, the mean device-level power increased from 0.292 to 0.754, 1.852, and
3.765 W, respectively. The resulting endurance ordering is therefore consistent with the
progressively higher display, processor, network, and auxiliary-module activity pre-
scribed by the four reference workloads.

Table 3. Reference-case numerical outcomes under the four workload classes.

. Mean Device Battery Temperature at Device Temperature
Scenario Class TTE (h) Power (W) Cutoff SOC (%) }éuto ffp(o 0 at Cuto ffp(o 0
Standby 58.64 0.292 0.91 25.76 25.89
Light 22.53 0.754 1.28 26.83 27.11
Medium 8.99 1.852 2.40 29.82 30.59
Heavy 4.32 3.765 3.38 35.08 36.46

Figure 2a shows that the terminal-voltage trajectories contain short-timescale fluctu-
ations associated with workload-state transitions, whereas the SOC trajectories in Figure 2b
remain comparatively smooth because charge depletion integrates the instantaneous cur-
rent over time. The voltage decline becomes more pronounced as the workload increases
because higher battery current amplifies the ohmic drop and the two polarization-voltage
contributions.

Importantly, all four simulations reach the 3.20 V cutoff before the modeled charge
state becomes zero. The residual SOC at cutoff increases from 0.91% in Standby to 3.38%
in Heavy. This trend demonstrates the distinction between charge inventory and voltage-
limited availability: under a larger power demand, the terminal-voltage threshold can be
reached while a greater fraction of charge remains in the cell. The temperatures at cutoff
also increase with workload, reaching 35.08 °C for the battery node and 36.46 °C for the
device node in the Heavy case. Together, these trends demonstrate how workload inten-
sity, voltage cutoff, and electro-thermal feedback jointly determine the simulated dis-
charge endpoint.
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Figure 2. Simulated discharge trajectories for the four reference workloads: (a) terminal voltage and
(b) SOC.

3.2. Stochastic TTE Uncertainty

Monte Carlo simulations were conducted to quantify the combined effects of
workload variability and parameter uncertainty on TTE. For each workload class, 500
realizations were generated using the distributions specified in Table A2 and the master
random seed 20250724. All 2000 reported simulations reached the voltage-cutoff event
within the simulation horizon. No electrically infeasible power-coupling event or
numerical-convergence failure occurred.

Figure 3 shows the resulting TTE distributions. For Standby, the mean TTE was 55.88
h with a standard deviation of 2.55 h, a coefficient of variation of 4.56%, and a 95% pre-
diction interval from 51.26 to 61.08 h. The corresponding results were 21.75 + 1.13 h for
Light, 8.63 = 0.51 h for Medium, and 4.18 + 0.27 h for Heavy, where the values following
the plus—-minus sign denote one standard deviation. Their 95% prediction intervals were
19.67 to 24.07 h, 7.74 t0 9.71 h, and 3.67 to 4.73 h, respectively.

95% Pl = QR O Median # Mean
Mean 55.88 h; CV 4.6%
Standby
Mean 21.75 h; CV 5.2%
Light %
Mean 8.63 h; CV 5.9%
Medium &
Mean 4.18 h; CV 6.5%
Heavy @
0 10 20 30 40 50 60 70

Time to empty (h)

Figure 3. Monte Carlo TTE distributions for the four workload classes.

The Standby class exhibited the largest absolute standard deviation because its
longer discharge duration allows small variations in capacity and background power to
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accumulate over a longer period. In contrast, relative variability increased with workload
intensity: the coefficient of variation rose from 4.56% in Standby to 5.21% in Light, 5.90%
in Medium, and 6.51% in Heavy. Thus, the high-load scenarios did not produce the largest
absolute dispersion, but they exhibited greater dispersion relative to their mean TTE. This
trend is consistent with the stronger influence of current-dependent voltage losses and the
voltage-cutoff event at higher power levels.

The Monte Carlo means are lower than the corresponding reference-case TTE values
reported in Section 3.1 because the uncertainty ensemble includes SOH values from 0.90
to 1.00 together with bounded variations in capacity, resistance, component power, ambi-
ent temperature, conversion efficiency, and cutoff voltage. The reference cases, by com-
parison, use the nominal parameter values and an initial SOH of 1.

Sample-size convergence was examined using 100, 250, 500, and 1000 realizations per
workload class. Increasing the sample size from 500 to 1000 changed the estimated mean
TTE by less than 0.25% for every class. Over the same comparison, the largest change in
either endpoint of the 95% prediction interval was 0.22 h and occurred in Standby. These
results support the use of 500 realizations for the reported uncertainty analysis.

3.3. Component-Level Energy Attribution

Component-level energy consumption was obtained by integrating each device-
power term from the initial time to the voltage-cutoff event. The corresponding mean
power was then calculated over the scenario-specific TTE. For clarity in Figure 4, the Little,
Medium, and Big CPU domains and the GPU domain are combined into the CPU/GPU
category, while their individual parameters remain separately defined in Table Al. GPS
and camera power are similarly combined as auxiliary sensing and imaging loads.

I Display I cpPuiGPu T Network
- GPS/camera [ Wake-lock - Overhead
3.76 W
1.85W

0.75W
029 W
]
Standby Light Medium Heavy

Figure 4. Mean device-power attribution across the four reference workloads.

The mean device power increased from 0.292 W in Standby to 0.754 W in Light, 1.852
W in Medium, and 3.765 W in Heavy. In Standby, system overhead was the dominant
contribution, accounting for 81.4% of the total power, while CPU/GPU and network ac-
tivity contributed 9.5% and 7.2%, respectively. This composition reflects a low-activity
state in which the display and auxiliary modules remain inactive for most of the discharge
period.

In the Light scenario, display power increased to 0.270 W and accounted for 35.8% of
the total, while system overhead and CPU/GPU activity contributed 39.3% and 18.3%,
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respectively. Display power became the largest individual contribution in Medium, reach-
ing 0.757 W or 40.9% of the total. CPU/GPU activity contributed a further 0.514 W, corre-
sponding to 27.7%. Network activity and GPS/camera operation contributed 6.5% and
6.1%, respectively.

The Heavy workload was dominated by CPU/GPU and display activity. Their mean
powers reached 1.685 and 1.420 W, corresponding to 44.8% and 37.7% of the total device
power. Together, these two categories accounted for 82.5% of the Heavy power demand.
The increase from Medium to Heavy was therefore driven primarily by processor and
display activity, which together accounted for approximately 96% of the increase in total mean
power. Network power was lower in Heavy than in Medium because the Heavy reference
workload was defined as computation-dominant rather than network-dominant.

For every scenario, the sum of the integrated component energies agreed with the
independently accumulated total device energy to numerical round-off precision. This
agreement confirms the internal consistency of the component-power aggregation and
shows that conversion losses were not counted within the device-side categories; they
were applied separately through the DC-DC efficiency in the battery-power coupling.

3.4. Global Sensitivity Analysis

Global sensitivity was evaluated for the Heavy workload class, which produces the
highest discharge power and temperature rise among the four reference scenarios. Four-
teen factors were varied using six grid levels, 20 Morris trajectories, and a normalized step
size of 0.60, resulting in 300 design points. Each design point was evaluated using 20
Heavy-workload realizations generated with common random numbers. The mean TTE
normalized by the Heavy reference TTE of 4.316517 h was used as the model output. Conse-
quently, 6000 FM-CDM trajectories were simulated using the same master seed. All simula-
tions reached the voltage cutoff without an infeasible current solution or numerical failure.

Figure 5 presents the mean absolute elementary effect (u*) and the standard devia-
tion of the elementary effects (0). Ambient temperature showed the highest overall influ-
ence, with u* = 0.13905 and o = 0.13744. CPU/GPU power, SOH, display power, capacity
factor, and DC-DC efficiency followed, with u* values of 0.12097, 0.11098, 0.10989,
0.10434, and 0.09641, respectively. Their comparatively smaller o values indicate predom-
inantly monotonic effects over the prescribed parameter ranges.

Thermal resistance exhibited a moderate u* of 0.04919 but a relatively large o of
0.07038. This result indicates that its effect on TTE changes substantially with the ambient
thermal condition and the resulting electro-thermal feedback. Cutoff voltage, OCV offset,
and resistance factors produced intermediate sensitivities, with u* values of 0.02365,
0.02126, and 0.01926, respectively. Network power and wake-lock activity had lower ef-
fects, with p* values of 0.00819 and 0.00575. Thermal capacitance and electrical capaci-
tance factors were the least influential factors for the TTE output within the investigated
ranges, with u* values of 0.00100 and 0.00022. Their low TTE sensitivities do not imply
that they have no effect on short-time voltage or temperature transients.

Overall, the Morris analysis identifies ambient temperature, CPU/GPU power, SOH,
display power, effective capacity, and DC-DC efficiency as the dominant contributors to
TTE variation under the Heavy workload. Thermal resistance also requires attention be-
cause its effect exhibits strong dependence on the coupled operating condition.
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Figure 5. Morris sensitivity indices for TTE under the Heavy reference workload.

3.5. Electro-Thermal Coupling and Ambient-Temperature Effects

The effect of electro-thermal coupling was examined under the Heavy workload us-
ing the same initial state, workload realization, cutoff voltage, and 1 s time step as the
reference case. An uncoupled isothermal reference was constructed by suppressing the
temperature dependence of the electrical resistances and evaluating the device-power
model at the prescribed ambient temperature while keeping the workload trace and all
other model parameters unchanged. The resulting dependence of TTE on ambient tem-
perature is shown in Figure 6.

— FM-CDM — Isothermal reference

6.0
55

5.0

TTE (h)

45

- ——o .

40

35 T T T d
-10 0 10 25 40

Ambient temperature (°C)
Figure 6. TTE response to ambient temperature under the Heavy workload.

At -10 °C, the FM-CDM predicted a TTE of 4.1593 h, compared with 4.3319 h for the
isothermal reference. The corresponding difference was —-3.98%, and the cutoff SOC in-
creased from 4.47% in the isothermal reference to 6.56% in the coupled model. At 0 °C, the
coupled and isothermal TTE values were 4.2333 h and 4.3317 h, respectively, correspond-
ing to a difference of —2.27%. These results indicate that the temperature-dependent
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resistance increase at low ambient temperature causes the terminal voltage to reach the
cutoff threshold, while a larger fraction of the stored charge remains available.

At 25 °C, the two TTE values were nearly identical, with 4.3165 h for the FM-CDM
and 4.3164 h for the isothermal reference. At 40 °C, however, the FM-CDM predicted a
TTE of 5.7275 h, whereas the isothermal reference predicted 4.2371 h. In the coupled sim-
ulation, the device temperature reached 48.92 °C at the cutoff and exceeded the processor-
throttling onset of 42 °C. The resulting reduction in CPU/GPU activity partially offset the
increased temperature-dependent leakage and produced a longer TTE. This high-temper-
ature response demonstrates that thermal coupling affects both the battery-side voltage
dynamics and the device-side power-demand path.

The comparison confirms that the influence of temperature is not represented by a
single resistance correction alone. Ambient temperature, self-heating, temperature-de-
pendent resistance, leakage power, and processor throttling jointly determine the cutoff
event. The magnitude and direction of the TTE change therefore depend on the operating
regime and on whether thermal feedback crosses a device-level control threshold.

3.6. Implications and Model Scope

The combined power-attribution, uncertainty, and sensitivity results provide a mech-
anism-based interpretation of TTE variation. Display power and CPU/GPU activity are
the main controllable contributors under active workloads, whereas ambient temperature
and thermal resistance determine how strongly electrical and device-level states interact.
Consequently, display brightness and average pixel level can be reduced to limit direct
power demand, while workload-aware CPU/GPU scheduling can reduce both computa-
tion power and temperature-driven feedback. The stochastic workload model also indi-
cates that batching background tasks and reducing unnecessary network-state transitions
can decrease repeated high-power activation events.

The FM-CDM is intended as a scenario-conditional numerical framework. Its TTE
predictions depend on the specified battery parameters, device-power coefficients, ther-
mal parameters, SOH value, and workload probability distributions. Application to a par-
ticular smartphone therefore requires re-identification or independent confirmation of
these quantities. The present results quantify the response of the defined model and ref-
erence scenarios; they do not constitute a universal accuracy ranking against measure-
ment-based or data-driven predictors. Independent smartphone measurements, held-out
workload traces, and common dataset comparisons with explicit error metrics are appro-
priate next steps for external validation.

4. Conclusions

This study developed the Fusion Mechanism-Coordinated Dynamic Model (FM-
CDM) for mechanism-based analysis of smartphone battery depletion under time-varying
device-level power demands. The framework combines a second-order Thevenin battery
model, voltage-based cutoff-event detection, component-level power models, electro-
thermal feedback, SOH representation, stochastic workload generation, and numerical
uncertainty analysis.

Under the reference configuration, the predicted TTE decreased from 58.6371 h in
Standby to 22.5271 h in Light, 8.9888 h in Medium, and 4.3165 h in Heavy. All reference
cases reached the 3.20 V cutoff before the modeled SOC state reached zero, with cutoff
SOC values ranging from 0.91% to 3.38%. Monte Carlo analysis with 500 realizations per
workload class produced load-dependent TTE variability, with coefficients of variation
from 4.56% to 6.51%.

Component-level attribution showed that active workloads were dominated by dis-
play and CPU/GPU power, whereas fixed overhead accounted for most of the Standby
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demand. Morris screening under the Heavy workload identified ambient temperature,
CPU/GPU power, SOH, display power, capacity, and DC-DC efficiency as the most influ-
ential factors. Thermal resistance exhibited a moderate mean effect but a comparatively
large standard deviation of elementary effects, indicating strong dependence on the cou-
pled operating condition.

The ambient temperature comparison further showed that electro-thermal feedback
changes the cutoff event in a regime-dependent manner. Relative to the uncoupled iso-
thermal reference, the coupled model reduced TTE by 3.98% at —10 °C and increased TTE
by 35.18% at 40 °C because the simulated device temperature crossed the processor-throt-
tling threshold. These results support the inclusion of thermal feedback and device-level
control logic in a theoretical TTE model.

The present FM-CDM should be interpreted as a reproducible theoretical and nu-
merical framework whose outputs are conditional on the stated parameterization and
workload assumptions. Future work should identify device-specific parameters, evaluate
the model against independent smartphone measurements, and perform common-dataset
benchmarking using explicit TTE error metrics.
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The following abbreviations are used in this manuscript:

FM-CDM Fusion Mechanism-Coordinated Dynamic Model
SOC State of Charge

TTE Time-to-Empty

OCV Open-Circuit Voltage
ECM Equivalent Circuit Model
APL Average Pixel Level

RRC Radio Resource Control
SOH State of Health

BMU Battery Management Unit
MCS Monte Carlo Simulation
EE Elementary Effect

NLS Non-linear Least Squares
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Appendix A

This appendix provides the component-level device-power parameters and uncer-
tainty-factor definitions used in the numerical analyses. The core battery electrical, ther-
mal, and state-of-health parameters are reported in Table 1, whereas the scenario-depend-
ent workload definitions are provided in Table 2. Tables A1 and A2 therefore contain only
the additional parameters required to reproduce the component-power, Monte Carlo, and
Morris analyses.

Table A1l. Component-level device-power and thermal-control parameters used in the reference

configuration.
Subsystem Parameter Symbol Value Unit
Acti eolay-dri
Display ctive display-driver P, o 0.035 W
power
. Brightness—APL power k
Display coefficient disp 2.20 W
Display Brightness exponent a; 1.15 -
. Average-pixel-level b
Display exponent APL 0.65 -
Processor Maximum dynamic- p [0.40, 0.70,
power coefficients max 1.20, 1.40]
0.012, 0.016
P Ref, leak per 10012,0.016,
rocessor eference leakage powers Teak 0022, 0.024]
Processor Minimum normalized fre- D, 025 )
quency factor
lized voltage—
Processor Normalize VO, e.lge [c,05C, 1] [0.55, 0.45] -
frequency coefficients T
Leakage-temperature co- .
Processor officient ﬁleak 0.025 K
.20, 0.8
Processor Leakage gate [go,gl,agate] [0 006?] 0 -
Thermal control Throttling-onset T, 315.15 K
temperature
Full throttli
Thermal control U Hroting Tin 320.15 K
temperature
Thermal control Minimum t hr.otthng mul- ?9mm 0.65 -
tiplier
Network Idle, Tail, and Active state 1—_; ) [0.018, 0.190, W
powers 0.680]
Auxiliary module ~ GPS active-state power F GPS act 0.380 w
Auxiliary module Camera active-state f;am,act 0.850 W
power
Wake lock Active wake-lock power P wake.act 0.220 W
Wake lock Wake-lock pulse duration d, . 30 S
Overhead Baseline device power B.. 0.230 \
P -activit
Overhead rocessor-activity k, 0.100 W
coefficient
Overhead Display-on coefficient kdisp,on 0.050 W
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Note: The processor-domain vectors are ordered as Little CPU, Medium CPU, Big CPU, and GPU.
The values define the theoretical reference configuration used in the numerical analyses and are not
presented as measurements from a specific commercial smartphone. Workload-dependent activity

ranges and event-arrival parameters are reported separately in Table 2.

Table A2. Uncertain factors, Monte Carlo distributions, and physical bounds used in the uncertainty

and Morris analyses.

Factor Symbol Reference Monte Carlo Distribution Bounds  Unit
Effective Bounded lognormal,
1. 95, 1. -
capacity factor SKQ 00 CV=0.03 [0.95,1.05]
Imt?i;t:;e °f SOH,  1.00 Uniform [0.90,1.00] -
Ambient Truncated normal [288.15
T 298.1 ! / K
temperature amb 9815 0=3.0 308.15]
T t 1
Cutoff voltage ~ V, 3.20 run;a:ec(l) o 1B15325] v
Electrical re- £ Bounded lognormal,
: 1.00 [0.85,1.15] -
sistance factor R Cv=0.10
Polarization-ca- & Bounded lognormal,
. 1.00 [0.90,1.10] -
pacitance factor ¢ CV =0.05
e xS 100 G w01z -
Thermal capaci- & Bounded lognormal,
1.00 [0.90, 1.10] -
tance factor € CV=0.05
DC conversion Truncated normal,
92 . . -
efficiency & 09 0=0.015 [0.88, 0.96]
Display-power & Bounded lognormal,
~ 1.00 [0.85,1.15] -
factor disp CV=0.10
Processor-power £ Bounded lognormal,
1.00 [0.85,1.15] -
factor proe CV=0.10
Network-power & Bounded lognormal,
1.00 [0.85,1.15] -
factor net CV =0.10
Wake-lock power & Bounded lognormal,
1.00 [0.50, 1.50] -
factor wake CV=0.20
T ted 1
OCVoffset  AVpey 0 ool o000V

1. Yurur, O, Liu, CH.; Moreno, W. Modeling battery behavior on sensory operations for context-aware smartphone sensing.
Sensors 2015, 15, 12323-12341.

2. Rodrigues, L.M.; Montez, C.; Moraes, R.; Portugal, P.; Vasques, F. A temperature-dependent battery model for wireless sensor
networks. Sensors 2017, 17, 422.

3. Ferreira, D.; Dey, A K,; Kostakos, V. Understanding human-smartphone concerns: A study of battery life. In Proceedings of the

International Conference on Pervasive Computing; Springer: Berlin, Heidelberg, Germany, 2011; pp. 19-33.

4. Ng, KS,; Moo, C.-S.; Chen, Y.-P.; Hsieh, Y.-C. Enhanced coulomb counting method for estimating state-of-charge and state-of-
health of lithium-ion batteries. Appl. Energy 2009, 86, 1506-1511.

5. Movassagh, K.; Raihan, A.; Balasingam, B.; Pattipati, K. A critical look at coulomb counting approach for state of charge esti-
mation in batteries. Energies 2021, 14, 4074.

6.  Chemali, E.; Kollmeyer, P.J.; Preindl, M.; Ahmed, R.; Emadi, A. Long short-term memory networks for accurate state-of-charge
estimation of Li-ion batteries. IEEE Trans. Ind. Electron. 2017, 65, 6730-6739.

https://doi.org/10.3390/en19153669



Energies 2026, 19, 3669 27 of 27

10.

11.

12.

13.

Vidal, C.; Malysz, P.; Kollmeyer, P.; Emadi, A. Machine learning applied to electrified vehicle battery state of charge and state
of health estimation: State-of-the-art. IEEE Access 2020, 8, 52796-52814.

Plett, G.L. Extended Kalman filtering for battery management systems of LiPB-based HEV battery packs: Part 3. State and pa-
rameter estimation. J. Power Sources 2004, 134, 277-292.

Plett, G.L. Battery Management Systems, Volume I: Battery Modeling; Artech House: Norwood, MA, USA, 2015.

Fan, K; Wan, Y.; Wang, Z.; Jiang, K. Time-efficient identification of lithium-ion battery temperature-dependent OCV-SOC curve
using multi-output Gaussian process. Energy 2023, 268, 126724.

Gupta, A.; Heidari, A.; Kalipattapu, A.; Jain, I.K,; Bharadia, D. 3 W's of smartphone power consumption: Who, Where and How
much is draining my battery? In Proceedings of the 30th Annual International Conference on Mobile Computing and Network-
ing, Washington, DC, USA, 18-22 November 2024

Vangaru, K.K. Accurate Power Modeling and Estimation for Smartphone SoCs using Post-Silicon Correlation. Sarcouncil |. Mul-
tidiscip. 2025, 5, 514. https://doi.org/10.5281/zenodo.15970493.

Flores-Martin, D.; Laso, S.; Herrera, J.L. Enhancing smartphone battery life: A deep learning model based on user-specific ap-
plication and network behavior. Electronics 2024, 13, 4897.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-

thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/en19153669



