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Abstract
Smartphone battery prediction requires a consistent connection between hardware demand, electrical
dynamics and capacity aging. We develop a unified continuous-time framework that integrates a second-
order equivalent circuit, a temperature-dependent resistance model, empirical aging and adaptive load
calibration. A finite-horizon error analysis connects current bias and capacity uncertainty to state-of-
charge drift, while exact interval updates provide a reference for numerical verification. Evaluation
combines new Android telemetry, 1000 public smartphone workload profiles and five laboratory cell
trajectories. On a later ZTE session, static scale calibration reduces power mean absolute error from
1.582 to 0.232 W; a predict-before-update recursive comparator achieves 0.117 W. Across 17 forward
temporal blocks, the recursive method yields a pooled error of 0.155 W, with condition-dependent
failures. On public Pixel 8 profiles, linear hardware features explain 89.4% of variation in a nominal-
voltage power proxy. Dual-exponential capacity extrapolation achieves 0.00651 Ah root-mean-square
error on the UCL cell, but offers no general advantage over simpler models on four NASA cells. The
results establish a reproducible route from load calibration to charge-balance error assessment and
identify the conditions governing model deployment. Complete-discharge validation remains necessary
to quantify end-to-end runtime accuracy.

1 Introduction
Smartphone endurance emerges from the interaction of changing hardware demand with the electrical
and aging state of the battery. Processor activity, display content and communication alter power
demand within seconds, whereas temperature, polarization and capacity loss determine how that
demand translates into voltage decline and charge depletion. A useful prediction framework must
connect these time scales through a common physical interface and remain adaptable when operating
conditions change.

Equivalent circuit models and joint state–parameter estimation provide an efficient representation of
battery dynamics [1, 2], while uncertainty in initial state, capacity and measurements remains central to
SOC estimation [3]. On the demand side, AndroWatts models device and component consumption from
system metrics [4, 5]. EDATA uses current and voltage telemetry for energy debugging [6], and direct
power-rail investigations show the importance of distinguishing observed component consumption from
indirect estimates [7]. Display and wireless studies further motivate workload-dependent features [8, 9].
These developments create an opportunity to connect software-visible demand with physically
consistent battery-state evolution.

Recent smartphone studies establish several complementary routes to battery prediction. Wu et al. [10]
formulate continuous state and lifetime prediction from sensor information; Long et al. [11] combine a
second-order circuit, modular power demand and temperature dependence for PinePhone scenario
analysis. Zheng et al. [12] connect multiple physical effects and capacity aging in SOC estimation, while
Xu et al. [13] distinguish instantaneous and delayed drain in device logs. These studies motivate a more
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specific question at the interface between workload estimation and battery dynamics: how can a load
model be revised as observations arrive, and how can errors in its resulting current input and in available
capacity be carried into an interpretable charge-balance assessment? Supplementary Table S2
compares the aims and evidence supporting these related approaches.

We develop an adaptive continuous-time architecture that connects this observation interface to the
battery-state equations. Hardware demand is mapped to battery-side power and current, which drive a
second-order RC model and charge balance with temperature-dependent resistance and cycle-
dependent available capacity. Within this architecture, a finite-horizon error relation separates the
contributions of initial-state error, accumulated current error, capacity uncertainty and numerical error.
Exact interval updates supply a common reference for checking the state implementation. The
contribution is the explicit connection between calibration decisions and their consequences for state
prediction: it makes clear which errors online load correction can address, which require capacity or
state identification, and which originate in numerical integration.

Our newly collected ZTE phone sessions provide the primary empirical evidence for this architecture's
adaptive load interface. We compare fixed calibration with recursive adaptation on a later session and on
forward temporal blocks, scoring each recursive prediction before its target is used for updating.
Reporting signed bias, time-weighted errors and local failures alongside pooled performance reveals
both the benefit and the operating dependence of telemetry feedback. Independent public smartphone
profiles and five laboratory cell trajectories provide complementary tests of load representation and
capacity extrapolation. A prescribed numerical experiment verifies the state updates and finite-horizon
error relation. Together, these elements contribute a reproducible framework and an evaluation design
that connects real device observations, module selection and analytical state-error assessment. The
empirical tests establish performance at the power and capacity interfaces; complete-discharge SOC
and TTE accuracy remains a separate validation endpoint.

2 Principles and Methods

2.1 Battery states and the power interface
Let z denote state of charge as a fraction, I the battery discharge current in amperes, and Vt the terminal
voltage in volts. Positive I denotes discharge. Time is expressed in seconds and available capacity Qav
in ampere-hours. For an individual prediction interval, Qav is treated as fixed after initialization for the
battery condition. The second-order RC representation consists of an ohmic resistance and two
polarization branches [1, 2]:

1

Vt = Uoc(z,T ) − IR0 − v1 − v2
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2

3

The factor 3600 converts Ah to ampere-seconds. Equations (1)–(3) use a unit discharge charge-balance
factor and a fixed positive available capacity within each prediction interval. If capacity varies
continuously and SOC is defined relative to that varying capacity, its derivative must also enter the SOC
equation.

The load model supplies battery-side power Pbat. If component powers are measured at internal supply
rails, their sum and the unmodeled base load must first be converted using an appropriate DC/DC
efficiency ηdc. If the powers are already on a battery-side basis, no second efficiency correction is
applied:

4

Equation (4) closes the interface between the load and battery modules. Empirical evaluation uses
observed current to assess this interface; deployment requires a forecast or prescribed scenario for
future hardware demand.

2.2 Temperature and capacity aging
A possible resistance correction is written in absolute temperature as:

5

Tref is the calibration temperature and βj has units of kelvin. This sign yields greater resistance at lower
temperature. The correction must be identified over the intended battery and temperature range; the
observational temperature strata reported below are not a controlled estimate of βj.

For capacity aging, we use an empirical dual-exponential relation:

= − + , j = 1, 2
dvj

dt

vj

RjCj

I

Cj

= −
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dt

I

3600Qav

Pbat = , I =
Pbase + ∑ Pcomponent
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Pbat
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Rj (T ) = Rj,refexp [β j( − )] ,β j > 0
1

T
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Qmax (N) = Q∞ + Afexp(−afN) + Asexp(−asN)

Page 4/19



6

N is cycle number; Q∞, Af and As are in Ah; af and as are in inverse cycles. Nonnegative amplitudes and
positive rates enforce monotonic capacity loss within this model. Capacity retention Qmax(N)/Qmax(1)
is distinct from instantaneous SOC. The exponential terms represent different empirical time scales, but
their fitted values do not independently identify solid-electrolyte-interphase growth or active-material
loss. Battery aging involves multiple interacting mechanisms [14], and those mechanisms require
evidence beyond a capacity fit.

2.3 Hardware load modeling and online updates
A component-based load layer may include processor, display, wireless and residual power. The
processor contribution can be motivated by dynamic switching power proportional to switching activity,
effective capacitance, squared supply voltage and frequency, together with leakage and idle power. An
empirical model of frequency alone is an approximation to this relation and must be calibrated over the
intended operating range. Display power may depend on brightness and image content [8], while wireless
power depends on traffic and radio state [9]. These dependencies motivate feature selection; they do not
establish universal coefficients or a causal ranking of drain factors.

The new session archive contains estimates of CPU, GPU, display, Wi-Fi, cellular and GPS power. Their
sum is treated as a software estimator output. We assess low-dimensional aggregate calibration and
use the richer public benchmark to evaluate hardware features; individual physical component
coefficients are not identified from the ZTE archive.

For an identifiable linear regression with output y, feature vector φ and parameter vector θ, forgetting-
factor recursive least squares can update parameters using current measurements. With covariance-like
matrix P, gain K and forgetting factor 0 < λ ≤ 1, the proposed update is:

7

8

9

The dense update requires quadratic time and storage in the parameter count. We evaluate an affine
load comparator with φ = [1,x]�, initialized only from earlier observations, and a fixed forgetting factor of

Kk =
Pk−1φ k

λ + φ k
TPk−1φ k

θ k = θ k−1 + Kk(yk − φ k
Tθ k−1)

Pk = [Pk−1 − Kkφ k
TPk−1]

1

λ
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0.995 per sample. Each prediction is recorded before the corresponding telemetry target updates the
model. This implementation evaluates adaptive load calibration; it does not identify the RC or aging
parameters.

2.4 Time to empty and finite horizon error
Time to empty is a first-passage quantity conditional on a future load trajectory. Starting at t0, it is the
first time at which a specified SOC or terminal-voltage cutoff is reached:

10

An equivalent energy approximation equates the integral of battery-side power over the predicted interval
to usable energy. Under constant power, τ = Eusable/Pbat, giving seconds for joules and watts or hours
for Wh and watts. A depletion endpoint, prediction origin and future-load assumption must be specified
before TTE can be evaluated.

Continuous-time equations can be advanced by numerical integration or, for constant inputs and
parameters over an interval, exact interval updates. For the latter case, each RC state decays
exponentially towards RjI, and the SOC decrement equals IΔt/(3600Qav). Exact interval integration
removes truncation error under those assumptions; it does not remove current bias, capacity error,
unobserved load changes or model mismatch.

For the charge balance, let e denote estimated minus true SOC, a = 1/(3600Qav), and â = 1/(3600Q̂av).
Hats denote estimated quantities; both true and estimated capacities are positive and fixed over the
interval. Let Enum(t) be a nonnegative bound on the absolute SOC error introduced by numerical
solution. The triangle inequality gives:

11

The integrals extend from 0 to t. The bound is finite for finite horizons and integrable errors. A constant
current bias δI causes SOC drift − δIt/(3600Qav), even with exact integration. Thus, Eq. (11) separates
numerical error from the cumulative consequences of uncertain physical inputs and parameters. Section
2.7 verifies these effects against an analytic reference.

2.5 Experimental and public data
The new archive comprises 43,278 unique rows from 29 nonempty acquisitions on one ZTE 7552N
phone with a T760 processor and Android 13, recorded during October 3–6, 2026. The 117 CSV files
include automatic file rotations, which are joined within their parent acquisition. Raw JSONL logs are
aligned one-to-one to CSV rows using nearest timestamps within 100 ms: 43,174 rows match, with a

τ = inf{u ≥ 0 : z(t0 + u) ≤ zcutorVt(t0 + u) ≤ Vcut}

|e( t )| ≤ |e( 0 )| + a∫
t

0

∣∣Î ( s) − I(s )| ds + |â − a|∫
t

0

∣∣Î ( s )| ds + Enum (t)
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maximum offset of 12 ms; one malformed raw line is excluded. A duplicated nested export is omitted.
The raw BatteryManager current source is used consistently because CSV fallback sources contain unit
and source inconsistencies. Android defines current in µA, positive for charging and negative for
discharge [15].

Eligible power observations are unplugged, report discharge status, and have negative raw current and
positive voltage. The reference is minus raw current divided by 10⁶, multiplied by raw battery-intent
voltage in mV divided by 1000. It is an internal telemetry reference in watts. The estimator input x is the
logged component-power sum in mW divided by 1000. The early acquisition 20261005_014926 supplies
8755 calibration rows and the later 20261005_143740 supplies 17,635 evaluation rows. Observed
adjacent intervals of at most 5 s cover 13.22 h across the archive; acquisition spans total 37.88 h. Gaps
are retained, and no shutdown endpoint is inferred from the minimum observed battery level of 2%.

The capacity dataset comprises the 400-cycle UCL INR18650 MJ1 record [16] and all four cells in
NASA’s BatteryAgingARC-FY08Q4 release: B0005, B0006, B0007 and B0018 [17]. The UCL experiment
uses a 24°C chamber, 1.5 A charging to 4.2 V and 4 A discharge to 2.5 V. NASA records contain 636
discharge capacities: 168 each for B0005–B0007 and 132 for B0018, with recorded ambient
temperature 24°C. We retain the publisher’s Capacity field unchanged; the README defines it for
discharge to 2.7 V despite different operating cutoffs. These laboratory cells provide capacity
trajectories separately from the phone power measurements. Source conditions and extraction details
appear in Supplementary Methods S1.

The AndroWatts public dataset provides 1000 controlled workload profiles on a Pixel 8 running Android
15 [4, 5]. Its source script converts the reported battery discharge-rate column using a fixed 4.4 V. We
retain that definition and explicitly call the resulting target a nominal-voltage power proxy. Eleven non-
power inputs describe RGB content, brightness, three CPU frequencies, two GPU frequencies, GPU
memory and Wi-Fi bytes. Power rails, battery readings and identifiers are excluded from predictors.
Source-coded missing values comprise 154 CPU-mid entries and 119 Wi-Fi entries; imputation uses
training data only.

2.6 Empirical evaluation design
The original ZTE session split was retained for direct comparison with the initial analysis. Additional
candidates and robustness checks were specified before their execution, after that evaluation session
had already been inspected; they are exploratory secondary analyses. Six static candidates are
compared: the logged sum, training mean, nonnegative scale kx, nonnegative affine a + bx, nonnegative
CPU regression a + b(u/100), and nonnegative CPU-plus-screen regression a + b(u/100) + cs. Here u is
CPU utilization in percent and s is the screen-on indicator. All coefficients use training observations only.
The scale estimate is:

k = max(0, ), ŷ = kx
∑ xiyi

∑ xi2
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The seventh candidate is affine FFRLS using Equations (7)–(9). Initialization uses training normal
equations with a numerical ridge of 10⁻⁶; λ = 0.995 is fixed per observed sample. Predictions are clipped
below at zero, while the update uses the ordinary linear innovation. Targets become available only after
their current predictions are scored. Static models receive no within-session updates. FFRLS therefore
evaluates online calibration with telemetry feedback, rather than an independent forecast of future
demand. All seven candidates and their failures are retained.

We report equal-sample and observed-time-weighted errors. A valid time edge joins eligible rows that are
adjacent in the original table, belong to the same acquisition, and are separated by at most 5 s. Half its
duration weights each endpoint; gaps and excluded rows are not bridged. Minute aggregates require at
least 20 rows and 30 s of support within a continuous-segment/minute bin. A forward check uses fixed
30 min blocks with at least 300 test rows and 600 training rows strictly earlier than block start minus 60
s. Each model is refitted or initialized from the past only. Screen-state and fixed temperature strata are
descriptive. Full eligibility rules are in Supplementary Methods S2.

For each cell, the earliest floor(0.75n) discharge observations calibrate the capacity model and the
remainder form a chronological test. The five candidates are dual exponential, single exponential, global
linear trend, last-value persistence and a recent linear trend using the final max(20, ceiling(0.2ncal))
calibration observations. Exponential amplitudes and asymptotes are bounded to [0,4] Ah and rates to
[10⁻⁶,1] per cycle. Four single-exponential and 27 dual-exponential starts are compared by calibration
error alone. Each cell is fitted separately; this evaluates repeated within-cell extrapolation across
sources. The added NASA protocol was specified before evaluating those trajectories. NASA summaries
weight the four cells equally and exclude the previously inspected UCL result.

For AndroWatts, five contiguous groups of 200 sorted profile IDs are held out in turn, training on the
other 800. IDs have no verified time interpretation, so this is profile-block cross-validation. Fixed
candidates are the training mean, CPU-only ordinary least squares (OLS), all-feature OLS and
nonnegative regression with an intercept. Training means impute missing inputs and training standard
deviations scale features; NNLS inputs are not centered. An additional first-700/final-300 ID split tests
sensitivity to grouping. All rows are retained, and no identical full feature rows occur. Coefficients are
learned separately from the ZTE experiment, with no claimed parameter transfer.

MAE, RMSE and signed bias use the physical target’s units; R² uses the evaluation subset’s mean as its
reference. Capacity-normalized errors divide by the first reported capacity of each cell. Correlated
timestamps, profile folds and temporal blocks are not counted as independent devices. We report
descriptive dispersion and local failures rather than significance tests based on row-level independence.

2.7 Numerical verification of the state and error equations
We verify the coupled second-order RC and SOC state equations using a fully specified numerical
experiment. Illustrative parameters are Q = 4 Ah, z(0) = 0.95, R0 = 0.040 ohm, R1 = 0.012 ohm, C1 = 2500
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F, R2 = 0.025 ohm and C2 = 9600 F, giving polarization time constants of 30 and 240 s. Initial polarization
is zero, and the observation relation uses Uoc(z) = 3.0 + 1.2z V. Discharge current alternates between 1.5
and 0.3 A every 300 s for 7200 s. These explicitly illustrative choices define a numerical verification case;
they are not fitted phone parameters or additional physical measurements.

The reference solution advances analytically at the known current-switching events and evaluates
intermediate times in closed form. Forward Euler, classical RK4 and exact interval updates are tested at
all prespecified steps of 20, 10, 5, 2, 1 and 0.5 s. Every step divides the 300-s input intervals, and all RK
stages use the current from their own interval. The reported errors are maximum absolute differences at
integration nodes. Apparent convergence orders are estimated using the three finest steps. No step or
input case is selected according to its observed error.

A separate analytical test applies a constant + 20 mA current bias, an assumed capacity of 3.8 Ah
instead of 4 Ah, and their combination. With a = 1/(3600Q), the SOC error is compared with the finite-
horizon bound a times the integrated absolute current error plus the absolute error in a times integrated
absolute estimated current. The initial state is exact and numerical error is excluded from this
propagation test.

2.8 AI assisted preparation and analysis
OpenAI Codex (OpenAI; used on 6–7 October 2026) assisted with manuscript drafting and revision,
literature checking, development of research-design and validation options, and the writing, debugging
and execution of data-processing, statistical-analysis, numerical-verification and plotting code. The
workflow used the supplied phone records and identified public datasets; empirical observations were
not generated by an AI model. Numerical scenarios were defined explicitly and are reported separately
from observed data. Figures were rendered programmatically from the analytical data or numerical
experiments. Separate computational implementations were used to check reported metrics and
selected numerical results. The analysis scripts, data-source identifiers and verification records are
included in the reproducibility materials. AI assistance does not replace author judgement or
responsibility for the scientific content.

3 Results and Discussion

3.1 Adaptive power calibration on the recorded phone
The logged aggregate exhibits a substantial scale mismatch against battery telemetry. Its later-session
MAE is 1.5816 W and signed bias is + 1.5815 W. A scale fitted to the earlier session, k = 0.444327,
reduces MAE to 0.2324 W. FFRLS further reduces contemporaneous MAE to 0.1165 W with a bias of + 
0.0129 W. Table 1 compares every specified candidate, and Fig. 1 shows how the evaluation time scale
changes the reported errors.

Table 1
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Table 1
ZTE later-session and forward-block power errors. Session: 17,635 rows. Forward: 24,636 scored

rows in 17 correlated blocks. FFRLS receives each telemetry target only after prediction; static
models remain frozen within each evaluated session or block.

Model Session MAE W Session RMSE W Time MAE W Forward MAE W

Logged sum 1.5816 1.8148 1.6710 1.6867

Training mean 0.8306 0.8874 0.8321 0.4822

Scale NNLS 0.2324 0.3265 0.2573 0.1884

Affine NNLS 0.5276 0.5665 0.5259 0.2113

CPU NNLS 0.3981 0.4772 0.4151 0.2107

CPU + screen NNLS 0.3981 0.4772 0.4151 0.1609

Affine FFRLS 0.1165 0.1948 0.1215 0.1546

Performance depends on both calibration flexibility and operating conditions. A nonnegative intercept
increases the static affine MAE to 0.5276 W, while the fitted CPU-plus-screen model assigns zero to the
additional screen coefficient and matches CPU-only predictions. This coefficient does not imply zero
physical display power. Time weighting raises scale-model MAE to 0.2573 W, compared with 0.1215 W
for FFRLS. The available evaluation support is 18,679 s, so these values characterize observed intervals
rather than energy use across unobserved gaps.

The forward check yields pooled MAEs of 0.1884 W for scale, 0.1609 W for CPU-plus-screen and 0.1546
W for FFRLS. FFRLS nevertheless has higher MAE than scale in 3 of 17 blocks and higher MAE than CPU-
plus-screen in 8; four FFRLS blocks have negative R². Equal-block mean MAEs are 0.2223 W for scale
and 0.1876 W for FFRLS, showing the effect of uneven block sizes. The full block comparison is provided
in Supplementary Figure S2.

Residual structure also matters. Neighboring scale and FFRLS residuals have correlations of 0.636 and
0.526; after minute aggregation the corresponding values remain 0.607 and 0.559. The ≥ 40°C stratum
has 629 observations and scale MAE 0.8172 W, whereas the < 30°C stratum contains only 36
observations. These strata combine changes in workload, time and temperature. They identify
conditions for further investigation without isolating a causal temperature effect.

3.2 Capacity extrapolation across independent cell records
The UCL reference favors the dual-exponential representation: its held-out RMSE is 0.00651 Ah,
compared with 0.04100 Ah for a single exponential and 0.01437 Ah for the recent linear trend. Capacity
declines from 3.37 to 2.88 Ah across the record. The same fixed evaluation procedure on the four added
NASA cells reveals a more varied pattern (Table 2).

Table 2
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Table 2
Capacity RMSE in Ah for the fixed chronological split. NASA means weight cells equally. UCL is

the previously inspected reference. Each model is calibrated on that cell’s early history; these are
not unchanged-parameter transfer tests.

Cell and train/test Dual exp. Single exp. Global linear Persistence Recent linear

UCL EIL-015

300/100

0.00651 0.04100 0.06025 0.04336 0.01437

B0005

126/42

0.01893 0.01893 0.03449 0.06336 0.02891

B0006

126/42

0.02099 0.02099 0.09652 0.10713 0.03456

B0007

126/42

0.01912 0.01912 0.04027 0.05620 0.01089

B0018

99/33

0.06494 0.06496 0.08828 0.02954 0.04913

NASA mean 0.03099 0.03100 0.06489 0.06406 0.03087

The dual-exponential NASA mean RMSE is 0.03099 Ah, close to 0.03100 Ah for the single exponential
and 0.03087 Ah for the recent linear trend. Recent linear extrapolation performs best on B0007, while
persistence performs best on B0018. On B0018, the dual-exponential error reaches 0.06494 Ah and R² is
− 3.884. Thus, increasing aging-model complexity is useful for the UCL trajectory but does not ensure
better extrapolation across all observed degradation patterns.

Parameter behavior explains why empirical model selection is necessary. One dual-exponential
amplitude approaches zero on B0005–B0007, effectively reducing the fit to a single exponential. The
UCL asymptote reaches its lower bound, and its slow time scale of about 4227 cycles extends far
beyond the observation window. These fits describe capacity trajectories without separately identifying
aging mechanisms or a long-term capacity floor. Supplementary Figure S3 presents every cell trajectory
and the overlapping forecasts.

3.3 Public workload benchmark for the hardware layer
On the 1000 AndroWatts profiles, all-feature OLS achieves an out-of-fold MAE of 0.2959 W and R² of
0.8935 for the nominal-voltage power proxy. CPU-only OLS yields 0.3469 W MAE, showing an aggregate
benefit from the additional hardware features. Nonnegative regression produces 0.4061 W MAE and R²
of 0.8081 (Table 3 and Fig. 2). The added sign constraints therefore do not improve prediction in this
benchmark.

Table 3
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Table 3
AndroWatts out-of-fold power-proxy errors

Model MAE W RMSE W Bias W R²

Training mean 0.9242 1.2168 0.0000 -0.0012

CPU OLS 0.3469 0.4512 0.0006 0.8623

All-feature OLS 0.2959 0.3968 0.0024 0.8935

Nonnegative hardware model 0.4061 0.5327 0.0664 0.8081

The first-700/final-300 ID sensitivity split gives MAEs of 0.3093 W for all-feature OLS and 0.4110 W for
nonnegative regression, preserving this ordering. This public-data result complements the temporal ZTE
experiment through a wider range of controlled hardware states. It establishes neither transfer of
coefficients across the two phones nor physical identification of each component’s contribution.
Negative OLS coefficients may reflect correlated inputs and proxy limitations, while nonnegative
constraints can reduce flexibility when features incompletely describe device behavior.

3.4 Numerical behavior and finite horizon error
propagation
The numerical experiment resolves the expected distinction between state-equation consistency and
integration accuracy. Maximum terminal-voltage error decreases from 3.368e-03 to 6.000e-05 V for Euler
and from 1.825e-05 to 4.322e-12 V for RK4 as the step decreases from 20 to 0.5 s. The apparent orders
are 1.01 and 4.03, respectively. Exact interval updates remain within 3.09e-13 V of the event-level
analytical reference. All schemes integrate SOC exactly up to floating-point rounding for this piecewise-
constant current, with maximum SOC discrepancy 2.57e-13.

The true charge throughput is 1.8 Ah, taking SOC from 0.95 to 0.50 over two hours. A constant + 20 mA
current bias produces 1.00 percentage point of SOC error at two hours despite analytical integration. A
5% underestimated capacity produces 2.37 percentage points, and the combined case produces 3.42
percentage points. The computed errors satisfy the finite-horizon bound throughout the reporting grid.
For the chosen same-direction perturbations the bound is tight; its increase with horizon is a feature of
accumulated input and parameter uncertainty, not a numerical integration defect.

Together, the convergence and perturbation experiments verify the computational implementation of the
unified dynamics and the explicit error-propagation relation. They support using exact interval updates
where sampled loads are held constant, while retaining uncertainty terms when the input current or
effective capacity is imperfectly known.

3.5 Implications for unified battery prediction
The main empirical contribution comes from the self-collected phone sessions: they show that a
component-power estimate can require substantial calibration before it serves as a reliable battery-side
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input, and that recursive correction can improve its contemporaneous agreement with telemetry while
still failing in particular operating blocks. The predict-before-update design makes this result
operationally interpretable because the observation used to correct the model is excluded from that
observation's prediction. It evaluates the benefit of sequential telemetry feedback under an explicit
information schedule. The public workload and cell records then test whether greater feature or aging-
model complexity consistently helps; their mixed results support selecting each module by its own
evaluation target and operating conditions.

The analytical contribution connects these calibration choices to charge-balance consequences. Current
bias accumulates with the prediction horizon, while capacity error rescales the charge throughput;
refining the numerical step cannot eliminate either effect. By separating those terms, the framework
identifies distinct interventions: load calibration for input mismatch, capacity identification for charge-
scale error, and an appropriate state update for truncation error. This use of established circuit dynamics,
recursive estimation and integral inequalities supplies a coherent basis for diagnosing an adaptive
predictor. The comparison with related smartphone models [10–13] therefore concerns the combination
of an explicit observation-to-state interface, sequential evaluation on newly collected phone data and
finite-horizon error accounting, rather than a claim that the individual circuit or estimation methods are
new.

The finite-horizon analysis is especially useful because a small instantaneous error can still produce a
material endurance error when it persists. Reducing mean power error and bias addresses this pathway,
but a TTE prediction also depends on initial charge, usable capacity, cutoff conditions and the future
workload. A complete deployment should calibrate the phone’s open-circuit-voltage relation and RC
parameters, initialize capacity for the device condition, and use Eq. (10) with a stated workload scenario
or forecast. The component datasets should inform these modules without being joined as though they
were one measured phone trajectory.

The principal empirical limitations are one self-recorded phone, previously inspected session data,
internal telemetry as the reference, and separate calibration within each public cell or phone dataset.
Brightness in the ZTE archive takes only two values, GPU utilization is unavailable, and several radio-
state flags have no variation. The sample-based forgetting factor also depends on acquisition rate.
These conditions restrict inference about component coefficients, controlled thermal response and
device-population performance. Regression error is not a complete metrological uncertainty budget.

The next validation stage should synchronize external electrical measurements with phone telemetry,
repeat controlled workloads on independent devices, and follow prospective predictions to observed
discharge endpoints. Separate frozen and adaptive evaluations would determine how much telemetry
feedback is required in deployment. Numerical examples establish properties of the specified equations,
while complete-discharge experiments are needed to quantify end-to-end SOC and TTE accuracy. This
distinction preserves a clear path from the present unified architecture to device-level validation.
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4 Conclusion
We develop a unified continuous-time framework connecting smartphone hardware demand, RC battery
dynamics, temperature-dependent resistance, capacity aging and online load calibration. Its finite-
horizon error analysis makes the influence of current and capacity uncertainty explicit, and its analytic
interval updates provide a transparent numerical reference. The architecture supports a coordinated
evaluation of model structure, calibration and error propagation.

New phone telemetry demonstrates a reduction in later-session power MAE from 1.582 W to 0.232 W
with static scale calibration and to 0.117 W with a predict-before-update recursive comparator. Forward
blocks and condition-specific results reveal when this advantage varies. Public workload and multi-cell
comparisons show that added features can improve prediction, whereas nonnegative constraints and
additional exponential terms require empirical justification. These findings strengthen the framework’s
use as a reproducible basis for adaptive battery-drain prediction and guide the next stage of prospective
device-level validation.
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Figures

Figure 1

Power error under sample weighting, observed-time weighting and minute aggregation. All seven models
are shown. The 297 qualifying minute bins use a coverage-qualified subset and a different temporal
resolution; their lower errors do not represent improved instantaneous estimates.
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Figure 2

Independent reanalysis of AndroWatts. Panel a compares each held-out profile block; panel b shows the
nonnegative model’s out-of-fold estimates. The target uses the source’s fixed 4.4 V conversion and is a
power proxy. Blocks contain profiles from one Pixel 8, and their order is not treated as verified
chronology.

Figure 3
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Numerical verification of the unified continuous-time equations with illustrative parameters. (a)
Maximum terminal-voltage error relative to the event-level analytical solution for every prescribed step.
The stated orders use the three finest steps; exact interval error is shown as a numerical value because
it is at rounding level. (b) SOC errors for current bias, capacity bias and their combination; circles show
the analytical finite-horizon bounds. The example verifies equations and numerical propagation, rather
than physical-device or TTE accuracy.

Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

SupplementaryCode1.zip

SupplementaryData1.zip

SupplementaryInformation.pdf

Page 19/19

https://assets-eu.researchsquare.com/files/rs-11289998/v1/e2feec1afdf742bd9a10862c.zip
https://assets-eu.researchsquare.com/files/rs-11289998/v1/4d1bdcbc5e477f77df0e2a5b.zip
https://assets-eu.researchsquare.com/files/rs-11289998/v1/e051d79e47de05c761ac8af3.pdf

