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ABSTRACT
Extending battery lifetime is an important issue for mobile devices.
While extensive attempts have been made at the software level, opti-
mization often risks hampering user experience. One fundamental
method to increase battery lifetime is to improve the efficiency
of the battery itself. We argue that the multi-cell battery system,
which is widely used for enhancing battery efficiency in the elec-
tric vehicle (EV) field, can solve this issue. However, due to the
hardware constraints and device usage characteristics, battery ad-
vancements in the EV field are not directly applicable to mobile
devices. In this paper, we propose BattMan, a multi-cell battery
management system for mobile devices, for the enhancement of
battery efficiency. We develop an accurate battery cell model to es-
timate the expected battery lifetime considering the recovery effect,
the rate capacity effect, and battery aging. We also propose a multi-
cell scheduling algorithm to maximize the overall battery lifetime.
We implemented BattMan on recent smartphones and evaluated
its impact on battery lifetime. The experimental results show that
a two-cell configuration of the proposed system increases battery
lifetime by an average of between 14-19%, depending on cell aging,
in real usage scenarios over a single-cell battery of the same overall
capacity. We hope the proposed multi-cell battery scheme opens up
a new direction towards battery lifetime improvement in mobile
devices.

CCS CONCEPTS
• Computer systems organization → Embedded systems; •
Hardware → Batteries;

KEYWORDS
Mobile devices, Battery lifetime, Multi-cell battery, Battery man-
agement system, Cell modeling

1 INTRODUCTION
As the functionality of mobile applications grows more versatile
and complex, the demand for high performance mobile devices
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rapidly increases. In the case of Central Processing Units (CPUs),
the number of cores and the operating frequency have steadily
increased, leading to high battery consumption. However, battery
capacity has improved slowly relative to device performance. Figure
1 illustrates the trend of CPU performance and battery capacity
for Samsung’s Galaxy series of smartphones. The expansion of the
battery capacity is significantly slower than that of the CPU. The
battery capacity of the Galaxy S6 has even decreased due to design
issues.

Extending device lifetime is a fundamental issue for mobile de-
vices. Diverse approaches have attempted to prolong battery life-
time, such as software optimization [25], constraining hardware
performance [33], and device idle time management [11]. Software-
based methods often result in performance issues along with user
experience tradeoffs. Since the degradation of user experience is
unavoidable in most cases, the software-based approach should be
carefully applied in real environments. Increasing device lifetime
without any impairment of user experience is an ideal solution. To
this end, one intuitive approach is to enhance battery performance
itself.

There are several methods for improving batteries that result in
enhanced device lifetime. First, battery capacity can be augmented
by increasing the battery size or utilizing new materials in bat-
tery production. However, this is unlikely to happen in imminent
future, because battery size tends to be smaller and thinner for
design purposes, and developing new battery materials is challeng-
ing indeed. Another solution is to improve battery efficiency. For
example, multi-cell batteries could be exploited even for mobile
devices. In fact, a multi-cell battery system that consists of several
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Figure 1: CPU performance vs. battery capacity for Sam-
sung Galaxy series of smartphones (Sx represents the device
model)
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small battery cells instead of a single large one is commonly em-
ployed in the EV field. With a multi-cell system, battery lifetime
can increase with the active use of battery characteristics, such as
the rate capacity effect [15] or recovery effect [6]. The rate capacity
effect means that the battery cell’s voltage drops rapidly under a
high discharging current, and the recovery effect means that the
cell voltage recovers itself when discharged intermittently. Battery
lifetime can therefore be extended with an adequate battery us-
age policy, which exploits the concurrent discharging of multiple
cells, or intermittent discharging, by switching component cells
appropriately. This opens up a new opportunity to increase battery
lifetime even in mobile devices.

To maximize the lifetime of a multi-cell battery system, the use
policy for each constituent cell should be accurately determined at
runtime, because the recovery effect and rate capacity effect exhibit
different characteristics depending on the discharging current and
the number of cells employed in the system. Moreover, the use
policy should reflect the degree of cell aging or degradation, often
called the State of Health (SoH) of the cell, because the degraded
battery cell significantly affects both the recovery effect and the
rate capacity effect. This brings us a big challenge, i.e., battery cell
modeling. In order for the multi-cell battery system to work in
mobile devices, the battery itself should be modeled to predict the
battery lifetime accurately considering the battery characteristics
mentioned above. Since the characteristics are affected by various
factors such as discharging current, length of consecutive discharg-
ing, frequency of cell switching, and degree of aging (i.e., SoH),
the battery model should be developed precisely. Unfortunately,
regarding the lifetime aspect of battery analysis, previous cell mod-
els are not accurate, specifically due to lack of consideration for
the recovery effect and SoH. For example, the battery circuit model
[17] does not address the SoH factor for the changes in cell capac-
ity and internal resistance. Similarly, the electrochemical models
[14, 31] and diffusion models [29, 30] do not reflect the lifetime gain
potentially acquired with the recovery effect.

The second challenge lies in the development of cell discharge
scheduling for multi-cell battery systems, which would increase
overall lifetime by maximizing both the rate capacity and recovery
effects. To this end, a sophisticated algorithm should be developed
to optimize cell usage. Since the discharging current tends to change
frequently inmobile device, the algorithm should determine the best
cell use policy with minimum overhead. Most previous research
tried to increase battery lifetime considering only the recovery
effect [7, 34] or the rate capacity effect [5, 27] independently. Al-
though a few approaches [21] studied both effects, they did not
reflect the SoH factor. In addition, since these studies primarily
targeted the EV field, they required specific hardware to collect and
the target is limited to the case of constantly-discharged current,
which are not applicable to mobile devices. Thus, in order to exploit
multi-cell batteries for mobile devices, we have to devise a cell use
policy considering dynamic discharging current and SoH to reflect
both the recovery effect and the rate capacity effect, consequently
maximizing battery lifetime.

In this paper, we propose BattMan, a prototype of a multi-cell
battery system specifically designed for mobile devices, to address
these issues. We first developed a battery cell model to estimate its
lifetime accurately, considering various factors such as discharging
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Figure 2: Potentials of multi-cell battery system

current, SoH, the rate capacity effect, and the recovery effect. Based
on the existing equivalent circuit batterymodel, the proposedmodel
was extended by specifically considering the additional factors of
recovery effect and SoH. We then developed a multi-cell scheduling
scheme called the weighted SoC-based round robin (WSRR) to
select the best use policy which maximizes the efficiency of the
rate capacity effect and the recovery effect. This allows BattMan to
maximize the overall battery lifetime in the multi-cell configuration.
To the best of our knowledge, BattMan is the first multi-cell battery
system implemented in real mobile devices. Our contributions are
as follows:

• We provide an accurate battery cell model to estimate the
battery lifetime considering the rate capacity effect, the re-
covery effect, and the SoH factor. Also, a runtime algorithm
for optimizing the multi-cell use policy is proposed to maxi-
mize battery lifetime.

• The proposed scheme is implemented in real mobile devices
and delivers battery lifetime extension. Various experiments
conducted in real application scenarios validate the effec-
tiveness of the proposed scheme in terms of battery lifetime
improvement.

2 MULTI-CELL BATTERY FOR MOBILE
DEVICES

2.1 Multi-cell Battery System
A multi-cell battery system utilizes multiple cells instead of a sin-
gle, large cell for its power source. As described above, two main
phenomena of the battery—rate capacity effect and recovery ef-
fect—are exploited in the multi-cell configuration. Figure 2 shows
the potentials of a multi-cell system over that of a single-cell battery.
Figure 2(a) illustrates the concept of the rate capacity effect, that
is, the available capacity of a battery cell changes subject to power
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Figure 3: Battery characteristics (Samsung Galaxy S4).

consumption: the smaller the power consumption, the larger the
available capacity. Concurrent discharging of N cells would result
in the power consumption of each cell reduced to 1/N and enlarge
the available capacity. Figure 2(b) illustrates the effective use of the
recovery effect. The voltage recovers itself when the cell becomes
idle, hence battery lifetime could increase by switching multiple
cells.

2.2 Preliminary Experiments
In order to observe the feasibility of exploiting recovery effect and
rate capacity effect towards battery lifetime extension in real de-
vices, we built a system to switch multiple batteries at runtime
(refer Section 4 for the details). For the preliminary study, we used
three brand-new standard batteries from the Samsung Galaxy S4
smartphone (2,600mAh capacity). While discharging the S4 smart-
phone with 0.21 C-rates1 on average, we measured the voltage of
the switching system and compared it with the case of sequen-
tial use of three batteries. Figure 3(a) shows that battery lifetime
increased approximately 10% over sequential use when the three
batteries were switched every 30 seconds. This is due to the recov-
ery effect of each battery while resting in the idle state. Meanwhile,
Figure 3(b) shows the voltage traces of a single battery exhibiting
the capacity fade on different C-rates. The device runs about 833
min, or 97.2% of the theoretical capacity, at the average discharge
rate of 0.07C, whereas the device runs 291 min (92.1%) at 0.19C
and 243 min (85.3%) at 0.21C. The experiment shows that the rate
capacity effect indeed exists in real device since there is additional
capacity loss with a high discharge current.

Next, we compared the efficiency of the rate capacity effect and
the recovery effect according to the battery aging (i.e., SoH). For
the experiment, we solicited a number of Galaxy S4 batteries with
varying degrees of SoH and repeated the experiment illustrated in
Figure 3. Figure 4 shows the lifetime gain due to both the recovery
effect and the rate capacity effect, according to SoH. Here, SoH is
1C-rate is defined as the discharge current divided by the theoretical current draw
under which the battery cell would deliver its nominal rated capacity in one hour.
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Figure 4: Lifetime vs. SoH.
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calculated as the ratio of available capacity over design capacity.
For example, SoH 1 in the figure stands for a brand-new battery.
For the rate capacity effect, lifetime gain is calculated by comparing
the case of 0.21C to that of 0.07C. The results in Figure 4 show that
the efficiency of both effects increases with the degree of aging (i.e.,
toward low SoH).

We also demonstrate the necessity of an efficient cell use pol-
icy in multi-cell battery system. We used a three-cell battery for
the experiment2, where three different use policies are exercised:
Policy #1 of concurrent discharging of all three cells (i.e., no cell
switching), Policy #2 of discharging two cells, sequentially selected
from three, and Policy #3 of discharging one cell at any time while
recovering the remaining two. For Policy #2 and Policy #3, the cells
are selected every three seconds in a round-robin fashion. Figure 5
shows that the best use policy which shows the maximum lifetime
gain changes with discharging current. With low discharging cur-
rent, utilizing recovery effect is more efficient while rate capacity
effect is dominant under high discharging current. Since the rate
capacity effect and the recovery effect are affected by many factors,
the best policy changes accordingly.

Given these observations, we concluded that the multi-cell bat-
tery system shows actual lifetime gain, and determining the best
battery usage policy is necessary to maximize battery lifetime.

3 BATTMAN DESIGN
3.1 System Overview
The goal of BattMan is to extend battery lifetime with the use
of multi-cell configuration by exploiting potential electric energy.
BattMan makes use of the recovery effect by resting the cells and
also maximizes battery lifetime by splitting loads into multiple cells
in a battery to reduce capacity fade. The BattMan system adaptively
determines the cell use policy to maximize the battery lifetime us-
ing both effects. To this end, we developed a battery cell model that
traces voltage to predict the expected battery lifetime considering
the rate capacity effect, the recovery effect, and even SoH. Based
on the proposed model, we designed a cell scheduling algorithm
to maximize lifetime. Figure 6 shows the overall architecture of
BattMan. The BattMan hardware monitors the device’s discharge
current, and also the status of each cell such as voltage, SoC, and
SoH. Given the device workload, the discharging cells are appro-
priately selected and subsequently operated according to the best

2For this experiment, we simply used three 2,600mAh batteries for Galaxy 4. Therefore,
a cell here represents a smartphone battery.
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use policy determined by the BattMan software, that is the WSRR
scheme.

In the following section, we describe the equivalent circuit bat-
tery cell model that is the basis of our model. Our model is then
extended to consider both the SoH and the lifetime gain due to
the recovery effect. Finally, we detail the cell scheduling algorithm,
which finds the best cell use policy given the discharging current.

3.2 Battery Cell Modeling
Existing Circuit Model. The electrical equivalent circuit model
[23] is commonly used to predict a battery’s voltage bymodeling the
battery as the combination of resistance and capacitance. Among
the various models, the run time base two RC model [10] is the
widely-used circuit model, consisting of series resistance, transient
resistances, transient capacitances, and power source. Figure 7(a)
illustrates an example of the second order RC model.

As illustrated in Figure 7(a), the circuit model is generally com-
posed of two resistance-capacitance networks (RC networks). Fig-
ure 7(b) shows the battery cell’s voltage trace according to discharg-
ing and recovering. Voltage change is divided into two factors: the
instant voltage drop Vdrop when discharging occurs, and the volt-
age drop upon discharging time Vtransient . Vdrop is modeled by
Rs , whereas Vtransient is modeled by R1, R2, C1, and C2. The cell
voltage Vbatt is then calculated by subtracting the RC network’s
voltage from the open circuit voltage VOCV as follows:

Vbatt = VOCV −Vtransient −Vdrop

= VOCV − (V1 +V2) − Id · Rs

= VOCV − (I1 · R1 + I2 · R2) − Id · Rs

(1)

where Id is the actual discharging current, and I1 and I2 are the
current of each RC network. To acquire Vbatt , we have to model
(a) OCV (open circuit voltage), (b) Rs , and (c) R1, R2, C1, C2.

First, OCV is modeled according to the state of charge (SoC).
Since the cell voltage reaches OCV after recovering for more than
one hour, OCV is modeled by resting the cell for each SoC. Series
resistance Rs is calculated as:

Rs =
Vdrop

Id
(2)

(a) Two RC network circuit model [10]

Time

Idle Discharging Recovering

(b) Voltage curve.

Figure 7: The existing equivalent circuit model and the volt-
age curve of battery.

Here, Vdrop is measured by the instantaneous voltage rise when
cell starts to rest. Next, the capacitors and resistances of each RC
network are modeled by observing Vtransient . When the cell re-
covers after discharging more than 30 minutes, its voltage increases
exponentially and finally reaches OCV. By fitting the voltage to
time in exponential shape, R1, R2, C1, and C2 are calculated as:

Vtransient (t) = I1(t) · R1 + I2(t) · R2

= a · exp(b · t) + c · exp(d · t)
(3)

R1 =
a

I1
, R2 =

c

I2
, C1 =

1
R1 · b

, C2 =
1

R2 · d
(4)

I1 and I2 are affected by C1, C2, and Id . They can be calculated
according to [20, 22]. Since Vdrop and Vtransient depend on SoC,
the parameters of circuit model also vary with SoC. Therefore,
X = {Rs ,R1,R2,C1,C2} is fitted to SoC as an exponential shape:

Xi (SoC) = (ei · exp(fi · SoC) + дi ) (5)
The cell voltage Vbatt is finally calculated as:

Vbatt (SoC, Id ) = VOCV (SoC)

− I1(SoC, Id ) · R1(SoC)

− I2(SoC, Id ) · R2(SoC)

− Id · Rs (SoC)

(6)

Note that the accuracy of existing circuit model has been val-
idated in various previous works [16, 35]. However, most of the
existing models rarely consider cell aging or the lifetime gain due
to recovery effect, because they only considered the SoC and dis-
charging current.
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Figure 8: Experimental observations for SoH and various components of circuit model. Four different capacities of battery 
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Figure 8: Experimental observations for SoH and various components of circuit model. Four different capacities of battery are
tested; 450mAh (■), 600mAh (•), 900mAh (▲), 1800mAh (▼) with 50% of SoC. The trend lines are acquired with simple linear
regression.

Reflecting SoH and Recovery Effect. We extend the existing
circuit model to reflect battery aging and lifetime gain of recovery
effect. As the number of charging/discharging cycle increases, a
battery’s internal resistance becomes larger. Since voltage is af-
fected by resistance, both Vdrop and Vtransient change with inter-
nal resistance. To model the SoH factor, we empirically observed
the relationship between SoH and other components of the cir-
cuit model (see Section 5 for the experiment details). Figure 8
shows that SoH exhibits almost a linear relationship with Rs , R1, R2,
C1, and C2. Based on our experimental observations, we modified
X = {Rs ,R1,R2,C1,C2} to consider the degree of battery aging as:

Xi (SoC, SoH ) = (e ′i · exp(f
′
i · SoC) + д′i ) · (hi · SoH + ji ) (7)

Here, SoH indicates the ratio of available capacity compared to
design capacity. The design capacity is pre-defined inmobile system,
hence readily available. The available capacity can be acquired by
using the fuel gauge in a mobile device, based on the Coulomb
counting technique which calculates the capacity by accumulating
the amount of discharged current.

Meanwhile, modeling the lifetime gain due to the recovery effect
is difficult because the increased voltage during rest and the actual
recovered capacity are not directly related. The existing circuit
model cannot consider lifetime gain because themodel only predicts
the voltage, not a capacity. After analyzing the recovery effect
and the circuit model in various aspects, we observed that the
increased voltage during recovery is caused by the capacitances in
RC networks. In other words, we consider that the electric charge
is stored in capacitance during discharging and it is returned to
battery in recovery phase, increasing cells voltage. Based on the key
principle of circuit model which represents the recovered voltage
as capacitance and also on our observations, we assume that some
of the returned electric charge becomes the actual gain of capacity.
Now, we model the capacity gain due to recovery effectCr ecovered
as:

Cr ecovered = ρ · (

∫
(I1(t) + I2(t))dt), where Id = 0 (8)

where ρ represents the recovery coefficient. Thus, Cr ecovered is
calculated bymultiplying ρ with the discharged capacity during rest.
Note that the cell’s remaining capacity is increased by Cr ecovered .
This way, we reflect Cr ecovered to the circuit model in terms of

OCV. The final expression for Vbatt is:

Vbatt (SoC
′, Id , SoH ) = VOCV (SoC

′)

− I1(SoC
′, Id , SoH ) · R1(SoC

′, SoH )

− I2(SoC
′, Id , SoH ) · R2(SoC

′, SoH )

− Id · Rs (SoC
′, SoH )

SoC ′ =
Cused −Cr ecovered

Cdesiдned
(9)

where Cused is the amount of used capacity and Cdesiдned is the
designed capacity of cell.

3.3 Parameter Extraction
The parameter extraction process for the proposed battery cell
model includes observing the voltage trace according to SoC, dis-
charging current, and SoH, as well as analyzing the capacity gain
due to recovery effect. In this section, we describe the detailed
methodology for parameter extraction.

First, we generate the OCV-to-SoC table. The battery cell is
discharged by the battery cycler3 and whenever SoC is changed
by 1%, OCV is measured by resting the cell more than one hour.
Since the minimum unit of SoC in our table is 1%, the fine-grained
OCV is interpolated between SoCs. For example, VOCV (50.7%) is
calculated asVOCV (51%) − (VOCV (51%) −VOCV (50%)) · (51− 50.7).

Next, we analyze the voltage trace under various SoC, discharg-
ing current, and SoH, to extract the parameters of our model. Since
conducting experiments for all the possible combinations of param-
eters is not feasible, we selected a sufficient number of cases and
extracted the parameters through data fitting. To acquire the level
of SoH that we need, the cell is repeatedly discharged and charged
with the cycler.

In order to calculate the recovery coefficient ρ, the actual capacity
gainCr ecovered should be estimated. We acquire this by comparing
the amount of used capacity when a cell is discharged intermittently
with when a cell is discharged continuously. For example, when
the cell is using 85% capacity for continuous discharging while
92% is being used for intermittent discharging, Cr ecovered is 7%
of capacity. The parameter values and the modeling results are
described in Section 5.

3We used the Maccor series 4300K, shown in Figure 10, which is able to discharge and
charge with ±5V and ±5A.
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3.4 Cell Scheduling
Thus far, we have discussed the battery cell characteristics to

maximize usage time. Concerning both recovery and rate capacity
effects, BattMan selects the most efficient set of active cells, or the
cells to use with the WSRR algorithm. We compare the lifetime of
various use policies through our cell model and select the best use
policy to maximize the battery lifetime. To this end, three problems
should be resolved: how to generate the use policy, how to find the
best use policy, and when to perform the cell switching algorithm.

Determining use sequence. We describe the determination of
the use sequence which maximizes lifetime under a given number
of discharging cells. The use sequence indicates the order of cell
discharging, taking the form of double array. For example, when
four cells are discharged sequentially, the use sequence is [[1,0,0,0],
[0,1,0,0], [0,0,1,0], [0,0,0,1]]. On the other hand, when three out of
four cells are discharged at a time, one of the possible use sequence
is [[1,1,1,0], [0,1,1,1], [1,1,0,1], [1,0,1,1]], indicating the recovery
order is #4, #1, #3, and #2. To maximize the lifetime, two condi-
tions should be satisfied. First, we should balance the SoC of all
cells as evenly as possible. When a cell is fully discharged much
earlier than others, recovery opportunity will be reduced and dis-
charging current for the rest of cells will become higher. This will
decrease overall lifetime of the battery system. In addition, parallel
connection of cells with different SoC would lead to inefficient dis-
charging. Second, we should prevent the consecutive discharging
of a particular cell as much as possible. Since the lifetime increases
with recovery frequency, the discharging time should be minimized,
leading a cell to rest as frequently as possible.

To fulfill the requirement above, we designed a scheme to deter-
mine use sequence. The scheme generates the use sequence which
balances all cells’ SoC and maximizes recovery frequency. The de-
tailed algorithm is shown in the SeqGen function of Algorithm 1.Q
means the amount of discharging capacity during each switching
interval T . The SoC of each cell represents the remaining capacity
as well as priority.W is a penalty constant for consecutive discharg-
ing. For every switching intervalT , we determine the set of cells to
use, that is, S . First, theweighted_SoC of each cell is calculated based
on its SoC and the penaltyWC[i].usaдe determined by the number
of consecutive use (line 8-9). Next, the scheme selects Nd cells in
order of weighted_SoC (line 11), and discharges the amount ofQ for
the selected Nd cells (line 12-20). Finally, S is added to use sequence
Seq (line 20). The overall process is repeated until SoC of all cells
becomes zero (line 21-23). Note that SoC of all cells becomes zero
approximately at the same time because the SoC is directly related
to the priority, leading SoC for all cells to be balanced naturally.

Finding the best use policy. The battery lifetime is affected by
discharging current and recovery frequency. Therefore, minimizing
the discharging current and maximizing recovery frequency for in-
dividual cells is important. These two factors are determined by the
number of discharging cells. With a larger number of discharging
cells, the current for individual cells decrease, so does the recovery
opportunity. Thus, the number of discharging cells should be se-
lected appropriately according to the required current load. The use
sequence described earlier is unique for the number of discharging
cells. For each number of discharging cells, BattMan generates the
use sequence and estimates its expected lifetime. Among the use
sequences, the one which maximizes lifetime is chosen.

T

weighted_SoC

weighted_SoC

Algorithm 1.

Input:
C  

I, 

T
Output:

SeqGen N C, I) 
W

Q  I T // 
cell_to_use  weighted_SoC  

S  
weighted_SoC  

weighted_SoC i
weighted_SoC

cell_to_use  weighted_SoC

cell_to_use i do 
S i
C i SoC  C i SoC Q 
C i usage  C i usage 

S i
C i usage  

Seq S) 
.           i

C i SoC

Seq

Seq

i
C
Seq i SeqGen N i C, I) 

k  

Seq

The detailed process is explained in Algorithm 1. Since our cell
model only predicts the voltage, the model cannot estimate the life-
time directly. To guess the expected lifetime for each use sequence,
we emulate the voltage trace according to the use sequence until
the cell voltage becomes lower than the cut-off voltage which is
threshold of device shutdown. Here, C stands for the cell infor-
mation which includes all the required information such as SoH,
SoC, designed capacity, and time of consecutive discharging. We
first determine the number of discharging cells (line 27). The use
sequence is acquired by the SeqGen function (line 30). At every
switching interval T , the discharging cells change according to the
use sequence (line 32). The voltage of each cell is calculated via the
cell model (line 35), and the expected lifetime is determined when a
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Figure 9: The prototype BattMan hardware. Figure 10: Experiment settings for cycling tests with Maccor
4300K.

cell voltage goes down under the cut-off voltage (line 36-37). When
a cell’s voltage reaches the cut-off voltage, all other cells would
exhibit the similar state since all cells have been balanced. After
repeating this process N times, the best use sequence is finally
selected (lines 38-39).

When to perform the algorithm. Since the expected battery
lifetime depends on the discharging current and the recovery time,
the cell use policy should be changed accordingly. However, since an
instantaneous current drain of a mobile device is highly dependent
on the user’s usage patterns, it is hardly possible to predict the
discharging current in the future. In addition, the computation
overhead of running Algorithm 1 on mobile device is not negligible.
Therefore, we pre-calculate the number of discharging cells for each
discharging current, SoH, and SoC, i.e., the results of Algorithm 1.
We store them in a table and use it at runtime. BattMan continuously
monitors average discharging current in a sliding window and
simply selects the number of discharging cells from the table. This
method minimizes the overhead without performance degradation.

Difference over prior art. A number of previous works tried
to prolong battery lifetime using the rate capacity or the recovery
effect [5, 7, 21, 27, 34]. However, none of them considered recov-
ery effect, rate capacity effect, and SoH concurrently. In multi-cell
battery system, exploiting the recovery effect and the rate capacity
effect is necessary to maximize battery lifetime. SoH is another
key factor that determines battery lifetime. Without being con-
sidered SoH, the cell with the lowest SoH would be shut down
earlier than the others, significantly reducing the opportunity to
use the recovery and rate capacity effects. Since the proposedWSRR
scheme considers recovery effect, rate capacity effect, and SoH all
at the same time, the best use policy is selected to maximize battery
lifetime.

4 IMPLEMENTATION
The implementation of BattMan requires both software and hard-
ware components. The BattMan software is composed of a mo-
bile application and the Arduino program. The mobile application
receives various information about cells, such as SoC, SoH, and
discharging current information, from the BattMan hardware, then
performs Algorithm 1.

We built BattMan hardware that is attached to a mobile de-
vice. Figure 9 shows the prototype hardware implementation. The
BattMan hardware monitors various information required for run-
ning Algorithm 1 and sends it to the mobile application via Blue-
tooth. Upon receiving the usage policy from the mobile application,
the hardware controls the cells according to the determined use
policy. The BattMan hardware has six power supply channels. The
NPN power transistors are used to connect the battery to the mobile
device. We used the dual channel NPN power MOSFET to control
the battery’s discharging with a small form factor. The MOSFET of
each channel is controlled by an on/off signal from Arduino Uno.
Each channel has a fuel gauge IC (i.e., STC3100 [3]) to read the cell
voltage and the current flow. The fuel gauge IC communicates with
the I2C protocol, which identifies a node using a unique address to
transmit data. Since our fuel gauge ICs have the same address, the
I2C protocol cannot individually discern among them. Hence, we
used MUX/DEMUX to connect one fuel gauge IC at a time.

5 EVALUATION
We validated the proposed battery cell model and subsequently
evaluated the performance of BattMan in a controlled environ-
ment and as well as with real usage scenarios. First, our cell model
is evaluated in terms of accuracy and effectiveness in extending
battery lifetime. Second, the performance of the cell scheduling
algorithm is validated with the experiments under various environ-
ments together with its overhead analysis. Finally, we analyzed the
relationship between various factors such as the number of cells,
degree of cell aging, cell model, cell switching interval, and sensing
window for discharging current.

5.1 Experimental Setup
In order to conduct the experiments for the proposed scheme, we
should construct various forms of multi-cell batteries to use with
mobile devices. Specifically, we should evaluate the efficacy of
BattMan by comparing the lifetime of a multi-cell battery over a
single-cell one of the same overall capacity. In our present work,
we constructed a battery system of 1800mAh for the experiment. In
fact, most recent smartphones are equipped with around 3000mAh
of battery, but we specifically targeted a 1800mAh battery due to
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Figure 11: The RC network components for the 600 mAh battery cell.
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Figure 11: The RC network components for the 600mAh battery cell.

the ease of construction of multi-cell battery with the off-the-shelf
battery cells. That is, in order to build various configurations of
multi-cell batteries providing the same capacity, we used small
cells of different capacity in a modular fashion. Among the battery
cells available in the market, we selected Power Source Energy
[2]’s Li-ion batteries of 450mAh, 600mAh, 900mAh, and 1800mAh
to construct a four-cell, a three-cell, a two-cell, and a single-cell
battery, respectively, all of which provide the same overall capacity
of 1800mAh. These cells have a cut-off voltage of 3.0V, a maximum
discharging rate of 1.2C, and a maximum charging rate of 0.25C.
For the accurate measurement of battery cell characteristics, we
used the Maccor 4300K cycler shown in Figure 10.

5.2 Model Accuracy
BattMan selects the cells to use next based on the underlying battery
cell model, hence model accuracy is critical for overall performance
of the system.We evaluated the accuracy of the proposed cell model
in various conditions including discharging current, cell aging, and
relaxation frequency. The results are compared with the ground
truth measured by the Maccor cycler. First, we experimentally ac-
quired the coefficients for the model explained in Section 3.2, that
is, Rs , R1, R2,C1, andC2 values, under various conditions. In detail,
we measured the cell voltage while discharging 0.4C, 0.8C, and 1.2C
of current and resting one hour at every 10% of SoC. This process
was repeated for seven levels of SoH from 1.0 to 0.8. The SoH level
of cell was obtained with the cycler by controlling the number of
charging/discharging cycles at room temperature. The experiments
were conduced for each type of cell used in the expeirment: i.e.,
450mAh, 600mAh, 900mAh, and 1800mAh. Figure 11 shows the
experimental result for the 600mAh cell. Based on the results, the
coefficient of Equation (7) for the 600mAh cell is determined as:

Rs = (0.220 · exp(−8.96 · SoC) + 0.528) · (−0.114 · SoH + 0.600)

R1 = (0.674 · exp(−12.6 · SoC) + 0.904) · (−0.0919 · SoH + 0.203)
R2 = (0.176 · exp(−4.46 · SoC) + 0.237) · (−1.61 · SoH + 0.2.14)
C1 = 1000 · (−2.24 · exp(−40.0 · SoC) + 2.88) · (13.1 · SoH − 9.02)
C2 = 10000 · (−1.79 · exp(−16.2 · SoC) + 2.29) · (0.68 · SoH − 0.349)

Similarly, we acquired the coefficients for 450mAh, 900mAh, and
1800mAh cells.

We validated the accuracy of the proposed cell model in various
aspects. First, we verify that our model reflects cell aging success-
fully. For the experiment, we used two different cells of 1800mAh
and 450mAh whose SoH level was 0.9 (i.e, moderately aged). The
two cells were discharged with the constant current 0.8C and 0.4C,
respectively. Figure 12 shows the voltage traces of our model in
comparison with both the existing circuit model and the ground
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Figure 12: Model accuracy on cell aging (SoH 0.9).

truth measured with the Maccor cycler. Figure 12(a) shows that our
model is closely matching to the ground truth, whereas the existing
circuit model overestimates the voltage because of its inability to
consider the effect on cell aging. Similarly, for the case of Figure
12(b) where the cell rests while discharging current, the existing
circuit model does not predict the voltage trace accurately, whereas
our model fits to the ground truth.

Second, we evaluated the accuracy of our model estimating the
capacity gain due to recovery effect. The capacity gain Cr ecovered
in Equation (8) is obtained by comparing the amount of used ca-
pacity when a cell is discharged intermittently with when a cell
is discharged continuously by the cycler. For the experiments, we
repeatedly conducted the measurements for various combination
cell parameters, since the recovery effect is influenced by factors
such as SoH, discharging current, and the duration of discharging
and recovery (i.e., recovery interval). We then calculated the recov-
ery coefficient ρ via a data fitting process on Equation (8). In our
experiment setup, the ρ value was finally determined as 0.0738 for
all cells. Based on this ρ value, the capacity gain was estimated and
compared with the actual capacity gain. Figure 13 shows the estima-
tion error of the proposed model on the recovered effect. We used
a set of different discharging current for the measurement, rang-
ing between 0.4C and 1.2C. The experiment results reveal that the
overall error rate is considered acceptable, although the accuracy
of our model varies due to the complicated relationship between
the amount of recovered capacity and SoH.

Finally, we evaluated the overall accuracy of our model by con-
ducting the experiments repeatedly with the combination of SoH
level and the different cell capacities under various levels of dis-
charging currents. For the ground truth measurement, we dis-
charged a cell intermittently with a constant current and recorded
the voltage of cell using the cycler. The error rate of our cell model is
then calculated by comparing the estimation result with the ground
truth every one second. Figure 14 shows the result. The average er-
ror rate, which is calculated over all cases of discharging current, is
1.08%, while the maximum error is 4.08%. This means that until the
voltage drops under cut-off, our model predicts the voltage with an
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Figure 13: Model accuracy on the capacity gain due to recov-
ery effect.

average 1% error rate. The results indicate that the proposed model
reflects various factors of discharging current, SoH, and recovery
effect accurately.

5.3 Efficacy of Cell Scheduling
The cell scheduling algorithm of BattMan aims to select an adequate
set of discharging cells to maximize the lifetime of battery. To
validate the performance of the proposed algorithm, we evaluated
whether BattMan selects the best use policy for cells under various
conditions.
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Figure 14: Model accuracy for combined cases.

We measured the lifetime gain of BattMan under various dis-
charging current and SoH. The overall capacity of multi-cell con-
figuration used in the experiment is 1800mAh. The lifetime gain is
calculated by comparing the lifetime of multi-cells configuration
to that of a single-cell battery. To determine the cell use policy
according to discharging current and to switch cells, we need to fix
the sensing window for discharging current monitoring and the cell
switching interval for the experiment. Considering the hardware
specification and overhead, we set the sensing window and the
switching interval as 200 ms and 50 ms, respectively. The effect of
these factors on lifetime is analyzed in Section 5.5.

Figure 15 shows the lifetime gain of each use policy according to
discharging current. The cell use policy selected by our algorithm
is represented by the red arrows. For example, Figure 15(b) shows
the results for the case when, we use a three-cell configuration and
three different use policies are evaluated according to the number
of discharging cells. Here, "1 cell" means the BattMan algorithm
is discharging one cell at a time, whereas "3 cells" represents dis-
charging three cells at a time. Figure 15(a-c) show the result for the
new cells (SoH 1.0), while Figure 15(d-f) represent the results of
aged cells (SoH 0.8). Figure 15(a) shows, for instance, the case of
exploiting two-cell configuration. When the discharge current is
higher than 1000 mA, the best use policy is to discharge the cells

(a) two 900mAh cells, SoH 1.0 (b) three 600mAh cells, SoH 1.0 (c) four 450mAh cells, SoH 1.0

(d) two 900mAh cells, SoH 0.8 (e) three 600mAh cells, SoH 0.8 (f) four 450mAh cells, SoH 0.8
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Figure 15: Lifetime gain of multi-cell configurations over single-cell system according to cell use policy.
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Figure 16: Effect of cell model upon cell scheduling.

concurrently, thus maximizing the gain of the rate capacity effect.
Alternatively, when the discharging current is under 1000 mA, the
continuous switching of the cells to maximize the recovery effect
showed the maximum gain. Figure 15(c) shows the similar results
with four-cell configuration. In contrast with the case of two-cell
configuration, the best policy with 600∼1000 mA is to discharge
two cells while recovering the remaining two cells. This is because
when the discharging current for an individual cell is lower than a
certain level, the recovery effect is dominant over the rate capacity
effect. These results indicate that BattMan always selects the best
use policy to maximize the lifetime.

Figure 15(d-f) shows that the lifetime gain changes according
to SoH. With SoH 1.0, the lifetime improves with the increased
number of cells under 1.2A, because the larger number of cells
offers more opportunities to recover and also to reduce the amount
of discharging current for each cell. Therefore, the four-cell con-
figuration generally showed the largest lifetime gain. However, in
SoH 0.8, the two-cell configuration showed the largest gain. Since
the internal resistance of small-capacity cell grows up faster than
large-capacity cell, the amount of voltage drop for small cell is
greater than large cell, leading the shortened lifetime. In fact, the
lifetime of four-cell configuration was even shorter than a single-
cell configuration under high discharging current. The results also
indicate that BattMan accurately determines the best usage policy
under a varying degree of SoH.

Meanwhile, we evaluated the impact of the battery cell model
upon the performance of cell scheduling. We compared the pro-
posed cell model with the existing circuit model in terms of overall
battery lifetime. For the experiment, we used a two-cell config-
uration where each cell has a different SoH of 1.0 and 0.8. We
repeated the experiment of the "1 cell" case in Figure 15 with 0.4A
of discharge current. We also traced the SoC of cells to analyze the
efficiency of each cell model. Figure 16(a) and (b) show the SoC
trace of each cell for the existing circuit model and our model, re-
spectively. The lifetime of existing cell model is 9971 seconds while
10333 seconds for the proposed cell model. The battery lifetime of
the existing cell model is reduced because the voltage of each cell
becomes unbalanced due to its inability to reflect SoH. On the other
hand, Figure 16(b) shows that SoC of each cell for our model is well
balanced, and consequently its lifetime is extended.

5.4 Real Usage Scenario
Thus far, the evaluation was conducted under a controlled environ-
ment using the battery cycler. We now evaluate the performance of
BattMan with real mobile devices. For the experiment, we used two

Table 1: Applications used in real scenario. Power is mea-
sured in Galaxy S7 smartphone.

App. 
Average 
power 

Duration Description 

ery lifetime comparison with real usage scenarios.

different types of smartphones: Samsung Galaxy S7 and Samsung
Galaxy Note 4. First, we collected the actual usage patterns of nine
popular Android applications from a brief in-lab test and generated
a Monkey script [1] to repeat the usage patterns for the experiment.
Table 1 summarizes the application information used for the exper-
iments. The length of the overall scenario is 1680 seconds, and the
average discharging current is 562.8mA for Galaxy S7 and 763.4mA
for Galaxy Note 4.

We compared the lifetime gain of BattMan with two simple dis-
charging policies: i.e., (1) continuously switch cells to maximize
recovery effect (RE-only), and (2) discharge all cells concurrently to
maximize rate capacity effect (CE-only). For example, with four-cell
configuration, RE-only uses one cell at a time and the remaining
three are in the idle state, which is in fact equivalent to the leftmost
bars in Figure 15. CE-only always uses four cells concurrently. This
is represented as the rightmost bars in Figure 15. The experiment
was conducted with the two-cell, three-cell, and four-cell configu-
ration for both Galaxy S7 and Galaxy Note 4. The number of cells
and the SoH factor are also considered for the experiments. Table
2 shows the summary of the results. In all cases, BattMan outper-
forms both RE-only and CE-only, extending the battery lifetime
upto 13.94% for SoH 1.0 while 18.44% for SoH 0.8 for Galaxy S7.
With SoH 1.0, RE-only generally showed longer lifetime than CE-
only because as shown in Figure 15, RE-only outperformed CE-only
under 600 mA. However, in SoH 0.8, CE-only improved lifetime
more than RE-only due to the large internal resistance as described
in Section 5.3. In both cases, BattMan extends lifetime the most be-
cause the scheme applies the use policy selectively. Unlike RE-only
and CE-only, BattMan finds the use policy effectively according
to SoH and discharging current. With SoH 1.0, BattMan selected
the use policy which maximize the recovery frequency, whereas
the scheme minimized discharging current for each cell with SoH
0.8. Overall, the proposed scheme is indeed practical since BattMan
extends lifetime significantly without any QoS degradation.

5.5 Sensitivity Analysis
As discussed above, BattMan’s performance is affected by various
factors such as the number of cells, SoH, switching interval, and
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Table 2: Battery lifetime comparison with real usage scenarios.Table 2: Battery lifetime comparison with real usage scenarios. 

11914 
(+13.94%) 

8471 
(+12.42%) 

9598 
(+18.44%) 

6497 
(+15.85%) 

the monitoring duration of discharging current. We analyzed the
effect of each individual factor on the lifetime of BattMan. Again,
the experiments were conducted with the real usage scenarios in
Table 1 on Galaxy S7. For this experiment, we used the two-cell
configuration since it delivered the largest lifetime gain in Section
5.4. Here, the lifetime again is acquired by comparing the lifetime
of multi-cell configuration with the single-cell configuration.

First, we analyzed the effect of cell aging on lifetime because
the degree of cell aging affects both rate capacity effect and re-
covery effect. Figure 17 shows the lifetime according to SoH. The
internal resistance increases along with SoH, hence the lifetime
itself decreases with cell aging. However, the lifetime gain increases
because the amount of discharging current is large in a single-cell
configuration, leading to more voltage drop.

Next, we analyzed the effect of the cell switching interval. Since
BattMan extends the lifetime using recovery effect, the switching
interval, which determines the recovery frequency, affects the bat-
tery lifetime. To observe the impact of the switching interval, we
measured the lifetime gain depending on the length of switching
interval. Figure 18 shows the result. With SoH 1.0, the lifetime gain
decreases from 8% to 3%, while the gain sharply decreases from
18% to 8% with SoH 0.8, because the amount of lifegain in SoH 0.8
is larger than SoH 1.0. Nevertheless, the overall trend is similar
in both cases. The lifetime gain decreases according to switching
interval because the lengthened switching interval decreases the
frequency of recovery. The experiment indicates that the switching
interval should be minimized to prolong the lifetime.

We also evaluated the effect of the sensing window for monitor-
ing the discharging current. Figure 19 shows the lifetime according
to the sensing window. Over a certain length of window, the life-
time decreases because the system does not select the use policy
accurately due to the inaccuracy in monitoring discharging current.
In particular, when SoH is low, the increased internal resistance
causes voltage drop significantly. Therefore, missing the occurrence
of high discharge current is critical for cells in low SoH. The dif-
ference under one second is not significant, however. We consider
that sensing the discharging current every one second is unlikely
to cause heavy workload in chip-level, hence one second of sensing
window would guarantee the lifetime gain.
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Figure 17: Battery lifetime according to SoH.
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Figure 19: Effect of sensing window for current monitoring.

5.6 Overhead
The runtime overhead of BattMan is critical, because BattMan
should continuously determine an adequate set of discharging cells.
With non-negligible overhead, the overall system will degrade user
experience. We observed the overhead incurred by the repeated
calculations in the BattMan application. The CPU overhead was
observed under 0.5%. This indicates that BattMan does not affect
the overall performance of mobile devices.

6 DISCUSSION
In the present work, we validated the proposed system using the
Galaxy S7 and Galaxy Note 4. Since the aging process, recovery
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effect and rate capacity effect are common characteristics of the
Li-ion battery, we believe that our system will also extend the
lifetime for other types of mobile devices that use Li-ion batteries.
In addition, the proposed model will be fitted to a new device model
after a brief learning phase. Since the learning phase can be easily
done by the manufacturer in the production process, we consider
our work to be practical.

Temperature is one of the factors that could cause errors in our
model, because the discharging profile is affected by temperature
[19]. Also, internal resistance, which increases as the temperature
goes high, influences the accuracy of our models. Therefore, we
controlled the environment by ensuring it was as stable as possible
and evaluated the scheme only with new batteries to avoid external
influences due to product deviation. Temperature issues will further
be considered in our subsequent study.

Considering the practical use of the proposed system for mo-
bile devices, we should consider the optimal number of cells for
multi-cell battery system. We observed that the optimal number of
cell changes according to SoH in an interesting way. Under high
SoH, lifetime increases with the increased number of cells, whereas
two-cell configuration is adequate in low SoH. From the pragmatic
viewpoint, however, a small number of cells for battery would be
preferred because we could reduce the hardware costs and the
systems overhead that are required for monitoring and switching
batteries. Therefore, we would suggest that the reasonable number
of cells for the use of recent smartphones is practically two, consid-
ering both efficiency and effectiveness of the scheme. Note that in
the present work, we did not consider the cost issue, because the
main purpose of the present work is to validate the possibility of a
multi-cell battery system for mobile devices.

7 RELATEDWORK
7.1 Battery Modeling
Extensive attempts have been made to model battery characteris-
tics. The circuit models regard a battery as a composition of circuit
components. Each of model has an unique configuration of circuit
components. They varies from the most simple model with only
resistor [28] to the most complex model with three RC networks
[18], but the runtime base two RC network model [10] which is
used by BattMan cell model is commonly used. [32] developed an
impedance-based model considering aging effect by exploiting the
AC response characteristics of the battery. This model is, however,
requires unique equipment to measure internal impedance of bat-
tery at wide range of frequency, resulting high cost for modeling.
The physics-based models are presented based on the dynamics of
Li-ion batteries in [26]. Doyle et. al [14] and Thomas [31] proposed
a model to reflect the electrochemical characteristics of the battery.
Rakhmatov and Vrudhula [29, 30] proposed a model focusing on
diffusion in battery material. However, the model complexity is not
acceptable in the mobile environment, because a large number of
parameters are required and the equations are too complex. KiBaM
[24] proposed an intuitive model and tried battery modeling based
on their chemical kinetic processes. Both the rate capacity and re-
covery effects are considered in their model, but the target battery
is Lead-acid, which is not applicable to mobile devices. Focusing
on the recovery effect, prior work has shown that battery life can

indeed be extended. [4, 12] developed a stochastic model using a
Markov chain, and applications are proposed. They considered a
probability to recover, not the exact voltage recovery process.

7.2 Multi-cell Battery System
The multi-cell battery system is widely studied in the EV field. [6]
tried to apply the recovery effect to an EV application, but only a
limited scenario was considered. The recent work of [9] used the
recovery effect in sensor networks to extend lifetime. Especially,
[34] designed a recovery effect model for mobile devices and ex-
tended battery lifetime for the case of video streaming. However,
neither switching algorithm is presented nor the description on
its hardware implementation. Recently, [5] designed a multi-cell
battery system considering API for the operating system to control
the battery. However, they only proposed the concepts and did not
report the result of real usage scenario test.

Undermulti-cell battery environments, battery lifetime can be ex-
tended via well-designed cell scheduling. One intuitive scheduling
method is round robin [8], which simply switches cells continu-
ously. [7] tried to select discharging cells dynamically according
to discharging current, but the scheme simply switches every cell
very fast to split load. Previous work of this field [21] established
unique battery models along with the scheduling algorithm for EV
application, but the cell aging (i.e., SoH) effect is not considered.
Studies on reconfigurable battery pack [13], which allow to change
the cell connections in real time have possibility to extend battery
lifetime but hardly applicable, due to the insufficient consideration
of the battery model and cost of hardware implementation.

8 CONCLUSION
In this paper, we proposed BattMan, a multi-cell battery system
for mobile devices to increase battery lifetime. To the best of our
knowledge, BattMan is the first approach to model the battery
cell in mobile devices considering the factors such as rate capacity
effect, recovery effect, and cell aging. The cell scheduling is another
contribution of our work. The schememaximizes battery lifetime on
different current draws, based on the combined use of rate capacity
and recovery effect.

We believe that the multi-cell battery system would provide a
new opportunity for solving battery issues even in mobile devices.
Together with many software-based methods, the proposed scheme
will be able to generate synergistic effects on battery lifetime. We
plan to extend our research by combining the scheme with diverse
kinds of software-based techniques.
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