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ABSTRACT Addressing the highly nonlinear and stochastic nature of smartphone battery depletion, this
study establishes a comprehensive dynamic modeling and prediction framework. First, by incorporating
the modified Nernst equation and Kirchhoft’s voltage law, a fundamental model of nonlinear discharge is
established. Building upon this, thermodynamic equilibrium equations are coupled to quantify the feedback
mechanisms among Joule heating, internal resistance, and temperature. To replicate real-world complex
usage environments, the study innovatively introduced the “Tail Effect” to characterize the high-power-
consumption idle state of network modules following data transmission, and utilized Gaussian white noise
and Brownian motion to model user interaction behavior as a stochastic process. Experimental results
demonstrate that the model achieves extremely high prediction accuracy in typical scenarios such as
gaming and social media, with a coefficient of variation consistently below 6% in low-load scenarios.
Furthermore, the study thoroughly examined the impact of environmental factors, finding that extreme
temperatures significantly accelerate battery capacity degradation; the cycle life at 65 °C is only about one-
fifth of that at 35 °C. Through multidimensional sensitivity analysis, the study further identified processor
load as the primary energy-consuming factor during high-intensity tasks, while communication traces are
a significant source of energy loss in sporadic interaction scenarios. This study provides scientific and

quantitative support for energy management and battery life prediction in mobile devices.

INDEX TERMS Electrothermal coupling, stochastic dynamics, sensitivity analysis.

I. INTRODUCTION

GAINST the backdrop of modern smartphones serving

as digital hubs, the nonlinear depletion of battery
power and the uncertainty of predictions have long been
critical challenges in user experience. Existing battery life
predictions often rely on simple linear extrapolation, making
it difficult to capture the complex coupling mechanisms
among screen brightness, processor load, and hidden back-
ground network activity. Although previous studies have
made progress in electrochemical modeling, most have
overlooked the real-time feedback of temperature on internal
resistance and the stochastic fluctuations caused by user
behavior. The innovation of this study lies in constructing
an iterative optimization framework that bridges “ideal
dynamics” and “stochastic loads,” deeply integrating the
electrothermal balance model at the physical layer with
the communication trace effects at the system layer, and
introducing stochastic differential equations to quantify pre-
diction uncertainty [1], [2]. The research approach in this
section begins with the construction of a basic model, fol-

VOL. 15, NO. 3, AUGUST 2026

lowed by parameter calibration using nonlinear least squares
methods, then proceeds to multi-scenario simulation and
prediction, and finally evaluates the model’s robustness and
environmental adaptability through sensitivity testing, with
the aim of establishing a highly versatile energy evaluation
system [3].

Il. MODEL CONSTRUCTION

In this section, we employ an Iterative Modeling Strategy to
progressively approximate the complex discharge dynamics
of smartphone batteries in real-world scenarios. Adhering to
a “simple-to-complex” philosophy, we first establish a basic
model to determine the core non-linear mapping among
“Charge-Voltage-Power.” Subsequently, we introduce ther-
modynamic laws to construct an electro-thermal coupled
system. Finally, we develop a fine-grained component power
consumption model incorporating the “Tail Effect” mecha-
nism and stochastic uncertainty to simulate realistic usage
environments [4]-[6].

10996



JOURNAL
¢ ORG

AE

Y. Lu

A. BASIC MODEL

We commence by constructing a benchmark model. At this
stage, we assume the battery operates in a constant room
temperature environment (7,1, = 298 K), temporarily dis-
regarding the influence of dynamic temperature fluctuations
on internal chemical reaction rates.

The state evolution of a battery system is strictly governed
by its Open Circuit Voltage (OCV), denoted as electromotive
force E. While the classical Nernst Equation offers a the-
oretical foundation, its logarithmic term exhibits numerical
singularities at SOC boundaries [7]. To enhance numeri-
cal stability, we adopt an engineering approach based on
Taylor series expansion, utilizing a high-order polynomial
approximation. The modified electromotive force E(SOC)
is expressed as:

5
E(SOC) = Ey — Ry Y _ ax - SOC(t)* (1)
k=0
where FJ is the standard reference potential, and the coeffi-
cients ay, are determined via least squares fitting of empirical
OCV curves [8], [9].

Modern smartphones typically exhibit Constant Power
Load (CPL) characteristics [2]. As the battery terminal
voltage drops, the loop current I(t) must automatically
increase to maintain a constant power output Pj,,q4. Based
on Kirchhoff’s Voltage Law (KVL):

Pload = Vterm(t)l(t) = (E(SOC) - I(t)TO) I(t) (2)

Solving this quadratic equation for the instantaneous current
I(t) (taking the physically meaningful smaller root):

o E(SOC) — \/E(SOC)2 — 47"0P103d
- 2T0

1(t)

Equation (2) reveals a positive feedback mechanism:
SOC |= Vierm 4= I(t) 1, which explains the accelerated
power depletion observed at low battery levels.

Based on the Coulomb Counting principle [10]-[12], we
introduce two critical correction factors to refine the state-
space equation: the Aging Factor (§) and the Temperature
Efficiency Coefficient (¢). Let Cy be the nominal capacity.
The differential equation for SOC evolution is:

3)

dSOC(t) 1
= - I
dt Cactual (t)
1 E(SOC) — /E(SOC)2 — 47 Poad
=~ “
Co-0-¢ 2rg

The Temperature Efficiency Coefficient € is modeled as a
piecewise function to reflect reduced chemical activity at
low temperatures:

1, T > Ty,

— T
0)7 TSTCH

(&)

A

where Ty is the threshold temperature, and p, A are fitting
parameters.

T
14 parctan
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B. THE IMPROVED MODEL: ELECTRO-THERMAL
COUPLED DYNAMICS

The basic model relies on an “Isothermal Assumption”.
Since the internal resistance r( is highly sensitive to tem-

perature, we expand the system into an Electro-Thermal
Coupled System [13]-[15].

1) THERMODYNAMIC BALANCE EQUATION
Treating the battery as a homogeneous system, the evolution
of temperature 7'(¢) depends on the balance between heat
generation (Qgen) and heat dissipation (Qaiss):
dr(t

mcp% = Qgen (t) - Qdiss (t) (6)
Heat Generation ((gen): Includes Joule heating and thermal
conduction from the motherboard (coefficient ):

Qgen(t) = 1(1)*ro(T) +vPioad (7
Heat Dissipation (Qgiss): Based on Newton’s Law of Cool-

ing:

Qdiss (t) = hAsurf (T(t) - Tamb) (8)

2) ARRHENIUS CHARACTERISTICS
We employ the Arrhenius Equation to characterize the non-
linear temperature dependence of internal resistance [16]:

E, 1 1
TO(T) = Tref €XP {R (T(t) - T f)} 9
g re

3) FINAL COUPLED SYSTEM OF ODES
Combining equations (4), (6), and (9), we derive the system
equations for the state vector z = [SOC, T]7:

dSOC  E(SOC) — /E(SOC)? — 4ro(T) Pioad

dt 27’0(T)C() -0-€
dT’
mcp% = I(t)27’0 (T) + ’YRoad - hAsurf (T - Tamb) .

(10)

C. TOTAL POWER CONSUMPTION MODEL WITH WAKE
EFFECT

In reality, Poaq iS a dynamic superposition of multiple
factors. We model the total load Poaq(t) as:

Pload (t) - ]Dscreen (t) + Pcpu(t) + ngu (t)
+ Pnetwork (t) + Pbackground (t)

We employ regression analysis to characterize each compo-
nent:

Screen: Non-linear coupling of brightness (5) and color
(RGB):

Pscreen = ksl -B+ st -RGB + k53 : (B . RGB) (12)

an

Processor: Polynomial fitting of frequency f:

Pcpu(f) - alfcpu + a2f02pu + a3f§pu + Ccpu7

13
ngu(f) :Blfgpu+52fg2pu+cgpu- (13)
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Network and “Tail Effect”:

Pnctwork = TMB - B : 10%10 (TBytcs) + Y (14)
The specific models are:

Pyis = oo - Tvs + Bo - 10g1o(TBytes) + 70,

(15)
Pccllular = Qg - TMB + 61 : loglo(TBytcs) + Y1

1) UNCERTAINTY QUANTIFICATION
To simulate the stochastic nature of the real world, we
introduce random processes:

Gaussian White Noise: For high-frequency fluctuations
(clicks/switching), noise is superimposed on foreground
components:

Pc*omponent (t) = Pcomponent (t)+§(t)’ f(t) ~ N(Ov Uﬁser)
(16)
Brownian Motion: Addressing the unpredictability of back-

ground tasks, we model this using a Wiener Process:

Pbackground (t) - Pbase + UbW(t) (17)

where W (t) satisfies the independent increment property:
W(t+ At) — W (t) ~ N(0, At).

lll. PROBLEM SOLVING

A. PARAMETER ESTIMATION AND MODEL FITTING

To transition the theoretical model established in Chapter
3 into an executable predictive tool, we utilized a real-
world smartphone power consumption dataset sourced from
Kaggle [17] and Stanford University. We applied non-linear
least squares regression to rigorously calibrate the power
equations for each component, successfully deriving robust
empirical formulas. These formulas serve as the basis for the
subsequent iterative solution of the State of Charge (SOC).
The resulting empirical power equations for each module
are as follows:

Picroen = —0.2964B + 0.2515RGB + 0.010488(B - RGB)

(18)
Pepu = —491.32f 0, + 134156 f2,, — 194383 — 48.79
(19)
Prpu = 109.88 fgpy + 307.97f2,, +6.79  (20)

Pyi = 6.44T\p — 3.36log, o (TBytes) + 210.05 (mW)
21

Pcellular = 8~54TMB —4.51 1OglO (TByteS) +449.22 (IHW)
(22)

To verify the reliability of the aforementioned parameter
estimation, we introduced the Coefficient of Determina-
tion (R?) and the Normalized Root Mean Square Error
(NRMSE) as evaluation metrics. The calculation formulas
are: n o
LRV ==1C e [ 23)
> e (yi — 9)?

VAT i - 62
NRMSE = x 100% 24)

Ymax — Ymin
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FIGURE 1. R2 and NRMSE of component power fitting

where y represents the observed value, ¢ is the predicted
value, and ¥ is the mean of observations. The fitting perfor-
mance for each component is illustrated in Figure 1.

The parameter fitting demonstrates exceptionally high
precision and robustness. The coefficient of determination
(R?) for all modules exceeds 0.89, and the normalized error
for each module is strictly controlled within 6%, with the
maximum being only 5.84%. These high-precision equa-
tions provide reliable data support for subsequent temporal
predictions [18], [19].

B. EXPERIMENTAL SETUP AND SCENARIO
INITIALIZATION

Prior to initiating numerical simulations, we first parameter-
ized the model’s input space. To encompass diverse battery
discharge patterns, we defined four representative usage sce-
narios: Immersive Gaming, Video Streaming, Long Reading,
and Social Snacking. We defined the feature parameter for
each scenario. The specific parameter settings are detailed
in Table 1.

Parameter initialization for typical usage scenarios is
shown in Table 1.

Based on these parameters, we calculated the baseline
hardware power for each scenario at ¢ = 0. To realistically
replicate the physical environment, we introduced a hybrid
stochastic perturbation mechanism on top of the baseline:

We utilized Gaussian white noise (standard deviation =
0.1) to simulate power oscillations caused by instantaneous
user interactions such as clicking and sliding.

We implemented Geometric Brownian Motion (initial
value 500mW, drift 0.5, volatility 0.1) to characterize the
cumulative power drift generated by background applica-
tions over time.

Ultimately, this total load model, fusing physical laws
with stochastic processes, combined with standard battery
parameters (3582 mAh) and a 4th-order Runge-Kutta solver,
provides a high-fidelity simulation environment for cap-
turing battery depletion behavior under various operating
conditions [20].

C. MULTI-SCENARIO DETERMINISTIC TIME-TO-EMPTY
PREDICTION AND ANALYSIS

We first conducted numerical simulations for the Time-
to-Empty (TTE) across the four typical scenarios under
deterministic conditions (ignoring Gaussian and Brownian
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TABLE 1. PARAMETER INITIALIZATION FOR TYPICAL USAGE SCENARIOS

Parameter Symbol Unit Gaming Video Reading  Social
Screen Brightness B % 90 20 40 60
Pixel Grayscale RGB 0-255 240 200 200 200
CPU Frequency fepu GHz 24 0.4 0.8 1.6
GPU Frequency fepu GHz 0.8 0.5 0.4 0.5
Data Rate Dyg MB/s 2.0 0.3 0.0 0.1
Network Mode - - WiFi WiFi WiFi WiFi

perturbations). We tested five different initial battery levels
(S0Cy € {20%,40%, 60%,80%, 100%}). The simulation
results are shown in Figure 2.

The simulation results in Figure 2 display the SOC
decline trajectories under different initial conditions. A
comparison reveals that the “Immersive Gaming” scenario
exhibits an extremely rapid power depletion rate, with a
full-charge endurance of only approximately 3.66 hours. In
contrast, the low-load scenario “Reading” show significantly
flatter curves, achieving endurance times of over 10 hours,
respectively, demonstrating excellent energy efficiency in
low-power modes.

Notably, the curves exhibit non-linear characteristics at
the tail end: in the low battery interval (SOC < 15%),
the discharge curve shows an “accelerated drop™ consistent
with physical laws. This is due to the increase in internal
resistance and accelerated voltage drop caused by internal
chemical reactions, verifying that the differential equation
model correctly reflects the electrochemical non-linearities
of the battery.

D. MODEL VALIDATION

In reality, users rarely engage in a single activity continu-
ously for several hours. To validate the model’s predictive
capability in a complex, real-world environment, we defined
a mixed weighted process, consisting of 10% Gaming, 20%
Music, 20% Reading, and 50% Social.

Pcomp = 0-1Pgarne +O-2Pmusic+0-2pread +O-5Psocial (25)

To assess accuracy, we compared the model’s predicted
full-charge endurance T},,cq for this synthetic scenario with
standardized test data T}.,; for the same device model from
reputable Tech Reviewers. The comparison is shown in
Figure 3.

E. UNCERTAINTY QUANTIFICATION AND MODEL
PERFORMANCE EVALUATION

To quantify the credibility of our predictions, we employed
Monte Carlo simulations. The quantification results are
illustrated in Figure 4.

Figure 4 presents the TTE distribution including 95%
Confidence Intervals (95% CI). The results indicate that
the Time-to-Empty is a probability distribution rather than
a fixed value. Significant differences in prediction uncer-
tainty exist across scenarios. To systematically evaluate
the model’s performance under different conditions, we
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introduced the Coefficient of Variation (CV) as an evaluation
metric, calculated as:

Standard Deviation

CV = x 100% (26)

Mean
As shown in Figure 5, the heatmap intuitively reveals the
evolution of prediction uncertainty with load intensity and
remaining power.

Based on this assessment, the core strength of the model
lies in handling daily scenarios with medium-to-low loads
and medium-to-high battery levels, where the CV value
stabilizes within 7%, indicating high prediction accuracy
and robustness. Conversely, the model’s limitations are
concentrated in high-load conditions, where the fluctuation
range of prediction results is larger (CV > 10%).

F. POWER DRAIN FACTOR ANALYSIS
To deeply investigate the specific physical mechanisms
leading to rapid battery depletion under different operating
conditions, we performed a component decomposition anal-
ysis of the average load power for the four typical scenarios.
As shown in Figure 6, the energy consumption decom-
position intuitively reveals the direct causes of rapid battery
drain. In the “Immersive Gaming” scenario, the combined
energy consumption of the computing units—CPU (62.7%)
and GPU (13.4%)—exceeds 76%. Meanwhile, the Screen
accounts for 18%-36% in Reading and Streaming scenarios.
Surprisingly, background energy consumption is controlled
within 5% across all scenarios. Network Impact Analysis:
Wi-Fi vs Cellular in the Immersive Gaming scenario is
shown in Figure 7.

IV. IMPACT OF ENVIRONMENTAL FACTORS ON
PREDICTION RESULTS

As can be seen from the figure above, endurance is longest
at 10°C (5.85 hours), followed by 0°C (4.96 hours) and
20°C (5.45 hours). Excessively high or low temperatures
shorten battery life. Screen Brightness is shown in Figure 8.
Seasonal impact on battery life (video streaming scenario)
is shown in figure 9.

A. BATTERY AGING MECHANISMS AND STRATEGY

Battery aging is a complex electrochemical degradation
process characterized by two primary manifestations: capac-
ity fade and internal resistance growth. To systematically
quantify battery health deterioration over its operational
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Battery Depletion Curves: Video Streaming
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FIGURE 2. Battery depletion curves under four typical scenarios

Smartpheas Battery Life Beachmark (Time-te Emply b
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FIGURE 3. Smartphone battery life benchmark comparison

s
Il State af Change (S0C)

FIGURE 4. TTE distribution with 95% confidence intervals

lifetime, we introduce the concept of State of Health (SOH),
defined as:

Qmax

Qdesign

Qloss

SOH = —
Qdesign

x 100% = (1 > x 100% (27)
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Relutive Instubility {Coeilicient of Variation) Hestmp

FIGURE 5. Relative instability (coefficient of variation) heatmap

Where (max represents the measurable capacity, Qdesign
is the nominal capacity at beginning-of-life, and the Q)oss
is the capacity loss.To capture the nonlinear degradation
dynamics under varying operating conditions, we adopt the
cycle-based Wang model [21], which explicitly accounts for
the coupled effects of cycle number NV, discharge rate (C-
rate), and temperature 7" and temperature. The capacity loss
expression is reformulated as:

E,(C-rate)

Qloss (N7 T, C-rate) =B. exp |:_ BT

:| . N0.552

(28)
Where B is the pre-exponential degradation coefficient,
E,(C-rate) is the C-rate-dependent activation energy, R is
the universal gas constant, and the exponent 0.552 reflects
the decelerating degradation characteristic of SEI layer
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Energy Consumption Breakdown Initial SOC 100%
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FIGURE 6. Energy consumption breakdown of four typical scenarios
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FIGURE 7. SOC decay trajectories under WiFi and cellular networks

Scenario: Immersive Gaming
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FIGURE 8. Screen Brightness (immersive gaming)

passivation. We define a normalized aging factor § that
quantifies the fractional retention of usable capacity:

_ Quoss(IV, T, C-rate)
Qdesign

O(N,T,C-rate) =1 (29)

This aging factor, which is numerically equal to SOH,
directly modulates the effective capacity in the SOC dynam-
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FIGURE 9. Seasonal impact on battery life (video streaming scenario)

e

Impact of Temperature on Battery Aging (Wang Madel)

Operating Temp
= T = 35°C
T = 45*C
— T = 55
=— T = 655

200 200 #00 00 1000

R R -

FIGURE 10. Impact of temperature on battery aging (Wang Model)

ics. After accounting for cycle-dependent capacity fade, the
modified SOC state update equation becomes:

dSOC _ 1(t) (30)

dt (N, T, C-rate) - Qnominal

Where I(t) > 0 during discharge, and the denominator
§(N, T, C-rate) - Qnominal Tepresents the age-adjusted effec-
tive capacity. This coupled electrothermal-aging framework
enables long-term predictive modeling of battery life under
realistic smartphone usage scenarios, with the model’s de-
pendency on observable quantities (N, T, C-rate) making it
directly implementable in battery management systems.

B. IMPACT OF TEMPERATURE ON CYCLE LIFE

We further simulated the impact of different operating
temperatures on the battery’s full life cycle. The results are
shown in Figure 10.

The results demonstrate the importance of thermal man-
agement for extending battery life. If the battery operates
at 65°C for extended periods, the SOH falls below the
industrial scrap standard of 80% after only 168 cycles.
In contrast, if the operating temperature is controlled at
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V. SENSITIVITY ANALYSIS

This section evaluates the robustness of the proposed model
under various perturbations and identifies the key factors
driving battery depletion. Although the continuous-time
differential-equation-based power model captures the dy-
namic behavior of battery discharge, its predictive accuracy
is limited by modeling assumptions, parameter uncertainty,
and the stochastic nature of user behavior. Therefore, a
systematic sensitivity analysis is conducted from three per-
spectives: modeling assumptions, parameter perturbations,
and usage pattern variability.

A. SENSITIVITY TO THE COMMUNICATION TAIL
ASSUMPTION

In this model, while keeping all other parameters and
usage patterns identical, we compare the battery discharge
processes under two different settings: one that explicitly
accounts for the “Tail Effect” of communication and one
that neglects it. Further Monte Carlo simulations show that
compared with the model without the “Tail Effect”, the
average Time to Exhaustion (TTE) is significantly reduced
when the “Tail Effect” is considered. The results are shown
in Figure 11.

B. SENSITIVITY TO POWER PARAMETER VARIATIONS
To assess the model’s response to parameter uncertainty
under high-load scenarios such as immersive gaming, pro-
portional perturbations of +20% are applied to three key
power components: processor power, display power, and
network power. The resulting changes in TTE are then
evaluated. The tornado diagram of parameter sensitivity is
shown in Figure 12.

C. SENSITIVITY TO USAGE PATTERN VOLATILITY
With model parameters held constant, three levels of usage
volatility are considered: low volatility (¢ = 0.1), moderate
volatility (¢ = 0.3), and high volatility (o = 0.5). Multiple
random simulations are conducted for each case. The results
are shown in Figure 13.

The results demonstrate that as ¢ increases, the mean TTE
remains relatively stable, whereas the standard deviation and
the width of the confidence interval increase significantly.
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FIGURE 12. Tornado diagram of parameter sensitivity (immersive gaming)

Power Congumption over Time
{Immarsive Gaming Scenaris)

| Time (heurs)

FIGURE 13. TTE distribution under different noise levels

D. DISCUSSION ON ASSUMPTION VALIDITY AND
MODEL ROBUSTNESS
Overall, the proposed model demonstrates strong robustness
and interpretability under multidimensional evaluation:
Structural robustness: The inclusion of the communica-
tion tail mechanism aligns the model more closely with the
physical characteristics of mobile communication protocols.
Hierarchical responsiveness: The dominant factors iden-
tified through parameter sensitivity analysis are highly con-
sistent with existing power decomposition studies.
Statistical reliability: The model naturally translates in-
dividual behavioral variability into probabilistic battery life
predictions.

VI. CONCLUSIONS

This study systematically elucidates the intrinsic mecha-
nisms of smartphone battery depletion by constructing an
integrated model that combines nonlinear electrochemistry,
thermodynamics, and stochastic load. The research not only
achieves precise predictions of battery life across multiple
scenarios but also quantitatively reveals the contribution
rates of temperature, network traces, and stochastic behavior
to energy loss. Based on these findings, energy optimization
schemes are proposed at both the user and system levels.
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Limitations and Future Research Directions: Although the
model demonstrates good robustness, the current parameter
calibration is still based on a specific hardware platform,
and there is a lack of coverage for micro-level energy con-
sumption differences between devices of different brands.
Additionally, the model simplifies the complex resource
scheduling logic under multi-task coordination to a signifi-
cant extent. Future research will attempt to integrate more
sensor data to correct stochastic process parameters in real
time, and explore the transfer of this electro-thermal cou-
pling framework to other lithium-battery-powered portable
devices, such as tablets and drones, to achieve universal
energy management across platforms.
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