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Abstract:

Lithium—ion batteries serve as critical components for transportation equipment and
electrochemical energy storage, and their long-term safety and scientific utilization
hinge upon precise aging estimation and prediction algorithms. Existing algorithms for
aging estimation and prediction rely extensively on prolonged and costly aging tests when
transferring to cross—type multi-scenario batteries, thus hindering the further
development of batteries. This project focuses on cross—type multi-scenario battery aging
similarity and its guidance on the migration of aging estimation and prediction
algorithms, aiming to replace testing with multi-source aging similarity data: @
Investigate the decoupling of aging patterns from intrinsic and usage characteristics
construct a cross—type and multi-scenario battery aging similarity metric, and elucidate
the mechanism of aging similarity on algorithm transfer. (2 Explore the guiding mechanism
of aging similarity metrics in the transfer of aging estimation, and incorporate physical
information to construct a cross-type and multi-scenario aging estimation model guided by
multi-source similar data and physical information. (3 Tnvestigate multi-dimensional
residual value prediction methods for uncertain application scenarios, utilize
multi-source aging similarity data to guide prior prediction and quantification of
uncertainty scenarios, and analyze aging trajectories and post—aging characteristics
through embedded physical models. The project aims to develop rapid and accurate
cross—type and multi-scenario transfer methods for battery aging estimation and residual
value prediction. The research results will provide a scientific theoretical basis for
the rapid and accurate development of new energy transportation equipment and novel
energy storage systems.
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Keywords (H43%54FF) : New Energy Vehicles; Electric Energy Storage for
Transportation Equipment; Battery Management; State Estimation; Life
Prediction
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Abstract: In the context of the "Dual Carbon" strategy. batteries have become increasingly important as a
core energy source in {ields such as automobiles. energy storage. agricultural machinery. and mobile de-
vices. The full life cycle characteristics of batteries are crucial for the safe and long-term operation of elec-

tric equipment. However. accurately obtaining these characteristics requires significant time and re-
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sources, and it is difficult to simulate the complex working conditions encountered in real-world applica-
tions. To address this, this paper proposes and designs a digital twin of the battery, which can quickly
generate the simulation data of the whole life cycle electrical behavior of battery. Experimental results
show that this digital twin can accurately simulate the capacity degradation trajectory and post-degradation
dynamic voltage behavior of batteries in practical applications. providing a model foundation for rapid life
cycle simulations and the development of battery management systems.

Key words: lithium-ion battery; degradation; digital twin

TEFE [0l es " il E AR HES T . LI B R U M B ) s M SR T T U W LU AR R R
Peg, AN B B L TR A A K RE P S U B0 RE REIE L B A 5 R
R AL 3 Tk s N R E R A E B G, B, RS S R 3 o e vl TR M © B
RER A GE ik i ™,

SR, B iR BIAT R, TS SR E £ s am, X TET M ENLTEM L
PR T SE PE  (AS E 4 S A S P R R P RE S AL R R R B Y A I S0 vk
TEAEFEE S | WEUR R, ELE LARLIL SE R R T A9 4% T80, SCE AR KRR I B PR 1 3 Jy b i AR A AL
I AT E A

TLARSR . B IR A RORTEAL S ALK i S WU S Sk . RO TRy RSN B F Al 4. #id
DB A B R . DR A R A p R R AL R ARSI A S A R, A
PR ARSI 0 R PR B O AR 9 B ARG S sh A A . b R R GO & SRR
P42 155 A7 1 S .

ASCHE I T Fh 3 ST R A I, B A (TR AR D R B T e 1 R, P
PR 4 75 o R M P R AR U AL L 20RO DT R A St A o A I ORI, R g i g T
K5 I A T A BR S A
1 BB FEEMFIGEIT

ST B A R T AR IR R BRI S iR . REBUANR T R N R T R
7 A A R AL AT A BRI S IR A R E A AL QT SRR RO Y AL A
1.1 KE#EAET

TR I A R R g E R

7:3 % 100% (0

o

e Qu M Bl b T AR CTT A A s Q S B0 e il AR B B T A A
a3y VL it 4 i T O O 0 67 SR T AL O A

Q=p, e fpy e ()
K prapopy i p ARFEROBRA B o NGRS, W B LRl e A i e, #ORL 2, TR
ARMT .

Tae=ar v xa’ Tarcrntas (3)

K g, .q, Al g, WEIHRSEL
&h 7 HL R AT AR T AR, A ISR R A .

FEM  hitps:/www.cnki.net

83



26 B K FFRCEAFFI http://xbbjb. swu. edu. en F 46 £

U,=g(z(z)) D
A U s i sm i, TR MR R e () &R 2 WU MREES B BT « (T,
LLQ .T;.h).
T MRS BE S AR L B 0 4 A A TR 9 A L TR AT Ry R

S H 2k RO T S R BT HEAT R (] 1)
(2(e) =[Upr Ros Ry 7y s Rys 7]

‘U,zUw I+R,—U,, —U,.
J (5)

T U =I+R,, U,

tpr U =I+R,,—U,,

e T sl M TR R U, NIFHHEE: R, R AL
U, MU, FXRAGHE s R, F1 R, XU A R R AL
B v, oy, AR LA TR RE AT RS 5. Uy s Ro s Ry s Ry Ty s Ty TR T o MIHLE S5
MRS AV R AL E I

H1 sAhrRit R ERRER

[

Mw,, 0.,
z =—arg min \‘“‘7 (6)

A M
S U, o U AR 25 R0 o AR 0 A S R s MR BERG = bl T S A 0 SR R It
BEIEHS » SHEESEn R - ZRMEHR.

z=f(z) tese~ N, s (N

AL O R GREESHE R ZEMEBELT; c RBEN 0. FER G MARHE. « Mk
6 431 AT LR A 8 e R Sy

2~ NW. K(X, X)+'E) €))

R B KX, X Nth 288 M. K(X ., X) B4 8 6t RE 9 70 2 1 ol @ it ek (o
i

(b, x) k(xy. ) = ke, ax)]

kCxys 20) k(xys xy) = klxys x,)

(9
[FE TS T TE S BT ¥ C
AP ERE L (O BUFFIEE RS KRBT 24 s, 280 s Bl R LT L1k ) 8 3k 75 .
ézargmaxlngp(z | X, s) (10)

FH. p (O WAERASREL s MBS BB

A% 30 LA )0 (R R AR AR R AN 2.6 Ah. b TR E 48
4.2 V275 V. IR KA BTN 1.3 AT 5.2 A,
1.2 REigit

X2 F7 ML 4 A AR L A SR T AN 2 PR 0 3h ) M R SO TR (R B I 4
TONTELHER , LSS ST AT S, MR, T 8 S R o bR P T e P B B
A I o = R R . BRI R AL R R R FEEE MR R L N R AR A R R B Y
B0 97 W A B 2 AR 2 5 1 W A 2 1 0 L SO P vk B B 7 ok A S 0

hEMM  hitps:/www.cnki.net

84



#1244

FRERE, F AN LA TFEARRITALLFFRITAG A

27

B, KT 5 FES R RIE 0 AR LR HE SR U S B AR . R i — b e s A
MR T BB 22 A AR M FEOR 00T B SR IR B A e A R it ok B AR S e . R

HE 2 B AL B 97 A o SR oK B AT R IR E A 4 A AT O A T IS B A A ATk e P S e, BT BT

HO7 AP A R R R L B R AR R R S Ay . fETE A R R

froh. BRI,

H b AT X 2 o RS L Rl T 7 A ) o e PR IS T 9 B R A AR S R (07 LR A 8 7 L Tl
BB B S R EAT B R LUE R P T R E IR A BB 55 4

Bl A3 H A AR A A i AT R D B

FP AT BT 30 A7 R R
S AL O L. T AL T i A 77 OO R R i Bl Rt i ek i) 5 R s R R R
[BIAC AR, AL, 73R a0 ZALPLTIE . FP i T LBk — A B0 8 07 L T R LR
R PAT LA 5 AT 5 A I il 4 1 PR R D S B SRR . SRE TR R B

WK % a
S E R = - '
BTE e - S el
SRS =TRR BHERRE < FRMTAREEE - EEaRsERIT A
CHRMEGEGR - RiRNELE < ARBEZH F A - S0 BB BT

B2 HhmuRFFEEFRARASEGBITHHARRE

TR bk SRR AR, A5 30 a0 A0 6 X rl it A I £ B 5 S b R L R AT R O B BRI T A

SEE 3. B 4, DUEH P S R,

BatteryDigitalTwinDisplay

- WEREENE | REETR | e
) LR I !
gy
i w& P aRREE
wHay | AR v 27
T S M _28F \
3 i
@ Mt REF A Fii N
(A 55 888 7 i b R o BT A o e £ FH 1 05) §' M
o N
Q \\
O) Wit sh ook £ .
o =
(L T R R P ) s
: 230 200 400 600 800 1000
mi [ o] B =
(AL AR B e 40 AR | CA ~ =

B3 HhmbEhREiRERERRE

T E W

https://www.cnki.net

85



28 G KE LR AT RO http://xbbjb. swu. edu. en % 46 %

BatteryDigitalTwinDisplay

g W ST TR | MR |
Bh A7 e R AR A
HEHER TG LD
ey O s i win [ )
e # & e
s R L A @ S s [uoos v
S AL 45
Before degrad_a(ion
® P s = 4 — After degradation
>
(UL 52 PR T P 0 B PR 52 a5
-2
)
O Bil%p ok it =i
CCA R e T it At TR0 o2
"o 05 1 15 2
i = " 900 Time (s) =10*
(MY AT 20 ) ARHERE  [On ]

4 BHBMRERETANTHEREARE

2 HBihBtmeEGARBERE

2 ST B A R RE S S L A A A R M AR R I, AR AR EYE . ERITFMAME L R ER
A EAT SR E.
2.1 FEFTEYLHE

s M 2 T AL . B F7 v i BT AR A R SR B N SR T IR . T TR
IE. Al Bt 1 000 WIEFRA R85 3 000 Ah Fruk BE A ], 20 SIAE40UH B 32 10 O =0 F i 2
FEPIL, R WE 5, B 6 FiR.

100
100
A 2 95
& £ o5k
& P
oK b3
o 5
90 L
& & 90
0 200 200 500 200 1000 0 500 1000 1500 2000 2500 3000
Rit@EE R E/ R RitZpELR/AD

5 ZH 1000 RBEHRMFNREFERZNTHR Be £FH3000 AhFREHNHNBBEFERENLHR
5. 6 SR ARE . BT AR R IR RS A ORI L R TR B U R AN L i A ok A A S Al B A I 2R
R R,
2.2 REABBEMRE
MLk D[R] FF B H PR R 2R R B S o A A S . RS TR e Fa MM MR B EER. —
ST A IBUR T £ I P TR B O T R 5 11 R T IR U A5 N B R . PR R A G BRI A2

hEXMM https:/www.cnki.net

86



%12 4 PRK. F: B ARREFEEREA AL LA G LT AL A 29

e H kA

AL BITZ T 1 000 WARE A B AL MR . L 0. 05 C 48 5 H Ol 3 1T 20 77 i 58 )R T B R O
H, G E 7 PR, B 7 ERR I, B R R S A RO 5 I R 56 T R B 1 T R R PR R R
Jil R O 475 FCE B X AR B L R TR A AT BB S B 7 L S T R R 0 B R
2.3 REHEBRETANE

Bl 7 v A A S B L P TR R S A R S AR T DO T s A R, . SR
2l Fy v it % s 2 H R A s A UTE M REAT 0 Tk R R R, RIS 0 7 L i U
1 5t A L o AR T O Y T s PR UM A S B T A o L 5 B

A S R ZEHT 1 000 YARER A AL B . DL E R YU AT B T B CCLTO Y oy o s o i Il 3 AT
2 F1 b )5 Sh A R N {7 E L, S5 RANE 8 R, (A 8 SRR EA . BT DR BRI A ORI 5 e b
Tl 2 v O SR Y LR AT SR R, B AR SR TS B O AR R L BT R iR A R A S g L )
AHTRAT A = B R

4.5 4.51r

BE/NV

2320000 40000 0000 80000 20 5000 10000 15000 20000 25000
R [8)/s B /s
7 £F1000%FEHRET, EH B8 £ 1000 :kEHRF, ExhAE CLTC
B hBh FREEESEGR IREMBERETAHHE
3 &g

HER B 7 Pl A A S R R R AR e A (i PR R B G RERT HE. SR . B Tt A
iy i 0 S R AR DR BT R . 3 LA LA e S FOL SR O R A B e T AR SR R RRE T —Fh
ST R A REE B A A R P R R AT . I R S PR et B . BT AR AR R R AL
RES i 8 S e Pt ) 7 it R R 3 R0 o P PR R U 0 S TR W R 3% T A O R
TR IR RE TS | TR AR A B, S B T e i R A AR R T e TR A
WEFE . B 7R AR R O 30 7 P AL R A PR PR AL 5 R R TR AT B BRAS T M T,
WHARGHZLZHE AR THRTR/RBMEA. tb5h, Frfm 7 R HER B A SRy R, A
SR 533 N () S BY () Fi b AR e B B 5 R Bt — 2 U B R R A T LAE AT Mk R
BB R. AREM BT - S EEE AN TR R, SRk RANES SEMET N, HFELY REE
AARTE R B BRI . DU 8 7 v i 4 2= i F U 00 £ 32 P 5 S

EEEA
[1] Z=EE&, WA, T8, % B8 THBATHREAWRHR (1), SBTE¥M|, 2023, 23(8): 1102-1117.
[2] taEms. F¥. ook % AFAEd THOEE R E 7 b it i e ShIE R HL IR RS AL (V). R AR BLIE =3 2022,

FEM  hitps://www.cnki.net

87



30

Gk FFRCHRFAF http://xbbjb. swu. edu. en % 46 %K

L3l

[4]

Le]
7]
L8]
[o]

[10]
[11]

f12]

[13]
[14]

[15]
[16]
[17]
[18]
[19]
[20]

[21]

FE M

43(2): 104-111.

W) SR AZE. T e T bR Y 2 1O -cks T H 5 ) £ ot 3 4R SRR IR BRAE fL oy ik (D). E . 2023,
56(5); 72-79.

LU J H. XIONG R. TIAN J P. et al. Deep Learning to Predict Battery Voltage Behavior after Uncertain Cyeling-In-
duced Degradation [J]. Journal of Power Sources. 2023, 581: 233473.

E5E, R, BN, R BRI L TR R IR s R B R ER R Tk O il R A P AR ()], s T REAR R
2020, 35(23): 4980-4987.

. M ERASERLCEE (M), 2 M. dua. YU Tk A, 2022,

R A EEE. EAR e SE [1]. PR R IR A AR E R . 2028, 45(3): 214-221

T, SR, BE. % B THES TR MR PR (1] R R R BRERD . 2022, 44(3)
29-43.

KB TkiE. HEE, % ERE A ERRE T RS [J). m R R CH AR D . 2022,
44(2): 194-206.

HU X S8, XU L, LIN X K, et al. Battery Lifetime Prognostics [J]. Joule. 2020, 4(2);: 310-346.

LUJ H, XIONG R, TIAN J P, et al. Deep Learning to Estimate Lithium-Ion Battery State of Health Without Addition-
al Degradation Experiments [J]. Nature Communiecations, 2023, 14(1); 2760.

WANG W W, WANG J. TIAN J P. et al. Application of Digital Twin in Smart Battery Management Systems [ ] ]. Chi-
nese Journal of Mechanical Engineering, 2021, 34(4): 12-30.

WAL, HF AR BN Tl A B AR (ML desl. AR L . 2021

WU B. WIDANAGE W D, YANG S C, et al. Battery Digital Twins: Perspectives on the Fusion of Models, Data and
Artificial Intelligence for Smart Battery Management Systems [ J]. Energy and Al. 2020, 1 100016,

Fifpee, TH. BFEAMTHAMSCEERER — & F R0, RERF 20T REAESTHAME S (1], 34
HEFEHA, 2021, 31(D): 12-20.

LIANG J Y, LIU H, XIAO N C. A Hybrid Approach Based on Deep Neural Network and Double Exponential Model for

Remaining Useful Life Prediction [J]. Expert Systems with Applications. 2024, 249 123563,

LIF, ZUO W, ZHOU K, et al. State-of-Charge Estimation of Lithium-Ion Battery Based on Second Order Resistor-Ca-
pacitance Circuit-PSO-TCN Model [J]. Energy. 2024, 289: 130025.

LAI X. GAO W K, ZHENG Y J. et al. A Comparative Study of Global Optimization Methods for Parameter Identifica-
tion of Different Equivalent Circuit Models for Li-Ton Batteries [J]. Electrochimica Acta, 2019, 295: 1057-1066.

LIX Y. WANG ZP. YAN] Y. Prognostic Health Condition for Lithium Battery Using the Partial Incremental Capacity
and Gaussian Process Regression [J]. Journal of Power Sources, 2019, 421: 56-67.

LIX Y, YUAN C G, LI X H, et al. State of Health Estimation for Li-lon Battery Using Incremental Capacity Analysis
and Gaussian Process Regression [J]. Energy, 2020, 190 116467,

LIU Y. WU Z X, ZHOU H. et al. Development of China Light-Duty Vehicle Test Cycle [J7. International Journal of
Automotive Technology. 2020, 21(5); 1233-1246.

HEERE KN

https://www.cnki.net

88



3.3 DL IE# LR T kil UE
3.3.1 Pineapple Detection with YOLOv7-Tiny Network Model Improved

Pruning and a Lightweight Backbone Sub-Network (A 345 )

remote sensing

Article

Pineapple Detection with YOLOv7-Tiny Network Model
Improved via Pruning and a Lightweight Backbone

Sub-Network

Jiehao Li ¥, Yaowen Liu 2, Chenglin Li ?, Qunfei Luo ? and Jiahuan Lu >*

check for
updates

Citation: Li, ]; Liu, ¥; Li, C; Luo, Q.;
Lu, J. Pineapple Detection with
YOLOV7-Tiny Network Model
Improved via Pruning and a
Lightweight Backbone Sub-Network.
Remote Sens. 2024, 16, 2805.

https:/ /doi.org/10.3390/rs16152805

Academic Editors: Mohammad

Awrangjeb and Pedro Melo-Pinto

Received: 4 June 2024
Revised: 23 July 2024
Accepted: 26 July 2024
Published: 31 July 2024

[Cmom

Copyright: © 2024 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https:/ /
creativecommons.org/ licenses /by /
4.0/).

1 State Key Laboratory of Robotics and Systems, Harbin Institute of Technology, Harbin 150001, China;
jiehao.li@ieee.org

Key Laboratory of Key Technology on Agricultural Machine and Equipment, Ministry of Education,
College of Engineering, South China Agricultural University, Guangzhou 510642, China
Correspondence: jhlu@scau.edu.cn

Abstract: High-complexity network models are challenging to execute on agricultural robots with lim-
ited computing capabilities in a large-scale pineapple planting environment in real time. Traditional
module replacement often struggles to reduce model complexity while maintaining stable network
accuracy effectively. This paper investigates a pineapple detection framework with a YOLOvZ-tiny
model improved via pruning and a lightweight backbone sub-network (the RGDP-YOLOv7-tiny
model). The ReXNet network is designed to significantly reduce the number of parameters in
the YOLOv7-tiny backbone network layer during the group-level pruning process. Meanwhile,
to enhance the efficacy of the lightweight network, a GSConv network has been developed and
integrated into the neck network, to further diminish the number of parameters. In addition, the
detection network incorporates a decoupled head network aimed at separating the tasks of clas-
sification and localization, which can enhance the model’s convergence speed. The experimental
results indicate that the network before pruning optimization achieved an improvement of 3.0% and
2.2%, in terms of mean average precision and F1 score, respectively. After pruning optimization,
the RGDP-YOLOV7-tiny network was compressed to just 2.27 M in parameter count, 4.5 x 10 in
computational complexity, and 5.0MB in model size, which were 37.8%, 34.1%, and 40.7% of the
original YOLOv7-tiny network, respecﬁvely. Concurrently, the mean average precision and F1 score
reached 87.9% and 87.4%, respectively, with increases of 0.8% and 1.3%. Ultimately, the model’s
generalization performance was validated through heatmap visualization experiments. Overall, the
proposed pineapple object detection framework can effectively enhance detection accuracy. In a
large-scale fruit cultivation environment, especially under the constraints of hardware limitations and
limited computational power in the real-time detection processes of agricultural robots, it facilitates
the practical application of artificial intelligence algorithms in agricultural engineering.

Keywords: object detection; neural network; YOLOvV7-tiny; lightweight; model pruning; pineapple
detection

1. Introduction

Pineapple, a tropical and subtropical fruit celebrated for its distinction, holds the fourth
position in global production rankings, with China being a significant contributor. The
Guangdong Province, with its extensive cultivation, covering 10% of the province’s total
38,960 hectares, stands as the primary pineapple-producing region in China, predominantly
focused in Zhanjiang, which is responsible for over 90% of the national output [1-4].
Despite this, domestic pineapple harvesting remains heavily manual, attributed to the
scattered planting patterns and the fruit’s unique surface, which hinders the adoption of
mechanized methods [5-7]. To enhance the efficiency of harvesting and reduce dependence
on human labor, the development of mechanized harvesting technology is particularly
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important. Mechanized harvesting mainly relies on two key technologies: visual object
detection and machine-gripping path control. This article will conduct an in-depth study
of lightweight visual network models [8-10].

In the area of technologies for vision, based on monocular vision, Li Bin et al. demon-
strated that the approximate centroid of the pineapple area is found using mathematical
morphology techniques and cluster analysis, which offers a practical technical solution for
field fruit recognition by robots that pick pineapples [11]. He Dongjian et al. performed
image binarization and segmentation on pineapple images and determined the fruit cen-
troid position from the target pixel point coordinates, to create an automatic pineapple
harvester based on binocular vision. Nevertheless, there are certain drawbacks to these con-
ventional machine-vision recognition techniques, in terms of picking operations’ duration
and accuracy of recognition [12].

Fruit identification technology built on deep learning and machine learning algorithms
has gained a lot of traction in recent years [13-16]. Numerous academics have used it in
their specialized fields of fruit production, with impressive outcomes. For instance, Xu
Lifeng et al. presented a DenseNet-based enhanced fruit target detection framework that
increased the accuracy of clustered fruit detection by combining high-level and low-level
semantic information and creating a feature pyramid structure. In the three data sets
of apples, mangoes, and apricots, the framework’s average detection speed is greater
than 40 FPS; the corresponding F1 values are 92.0%, 92.8%, and 83.1% [17]. As network
performance advances, there are growing numbers of network layers, resulting in higher
demand for processing power and storage capacity and restricting their utilization in
contexts with limited resources. Therefore, the key to effectively utilizing pineapple-
picking robots is to render lightweight the network model. Against this backdrop, the
YOLO (you only look once) series of algorithms, as a popular choice for object detection,
has undergone continuous iteration and improvement. From the innovative proposal of
YOLOw1 to the network structure optimization of YOLOv2 and then to the introduction
of multi-scale prediction in YOLOv3 as well as the integrated innovations of YOLOv4,
each iteration has enhanced detection speed and accuracy while also exploring lightweight
model designs. In particular, YOLOv7-tiny, as a lightweight version of YOLOv7Z, has
been specially optimized for environments with limited resources by reducing the number
of network layers and parameters. It maintains efficient detection performance while
effectively controlling the model size. Zhao Pengfei et al. proposed a network model
based on adding a DBB (diverse branch block) module to the backbone and combining it
with the SimAM attention mechanism to improve YOLOv7-tiny, which is used to detect
sweet pepper fruits in farmland environments. Under identical experimental conditions,
the mean average precision was 2.21% higher and the model size was 5.4 MB smaller
than the original network [18]. Liang Xiaoting et al. proposed a real-time detection
method for tomato surface defects that leverages model pruning. They implemented
channel and layer pruning techniques to streamline the YOLOv4 network model, resulting
in a substantial reduction in model size by 232.40 MB and a decrease in inference time
by 10.11 ms. Additionally, they managed to elevate the mean average precision from
92.45% to 94.56% [19]. Kong Yinghui et al. introduced a sophisticated model for flower
recognition under complex conditions, based on MobileNets, alongside a model pruning
approach. Specifically, they applied the L2 norm method to prune the model, achieving
a significant reduction in model size from 46.2 MB to 24.3 MB, which was approximately
50% compression [20].

Considering the significant advantages of model pruning in simplifying model struc-
tures and enhancing recognition accuracy over traditional module replacement techniques,
this paper optimizes the model through module replacement, followed by pruning, to
further refine the substituted model. Initially, a pineapple dataset was constructed. The
original YOLOv7-tiny network’s backbone was replaced with ReXNet, and lightweight
GSConv modules were integrated into the neck network, along with the incorporation of a
decoupled head in the detection network that enhanced the model’s convergence speed.
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The model was then trained, to obtain the pre-pruning version. Subsequently, a group-level

pruning method was applied, to remove redundant parameters from the network, followed

by fine-tuning, to restore the model’s accuracy, ultimately yielding an efficient model that
had been compressed, in terms of parameter count, computational requirements, and
model size [21]. These improvements were designed to maintain detection accuracy while
significantly reducing the model’s resource consumption, to meet the application needs of
pineapple-picking robots.

The main contributions of this paper are summarized as follows:

*  To enhance the flexibility and generalization of the visual model, we collected and
constructed a dataset containing images of pineapples in various environments at the
pineapple plantation base in Xuwen County, Zhanjiang City, Guangdong Province.

. By replacing the main trunk network, introducing the lightweight GSConv module,
and incorporating the decoupled head structure, improvements were made to the
YOLOv7-tiny model, enhancing its detection accuracy and efficiency.

¢ By applying the group-level pruning method based on the analysis of the dependency
graph, the model was pruned. This effectively reduced the model’s complexity,
maintained detection accuracy, and improved the model’s deployment efficiency on
resource-constrained devices.

The rest of this paper is organized as follows. Section 2 introduces the construction of
the dataset materials and the specific methods for the improvement of the visual network.
Section 3 presents five comparative experiments that verify the improved network from
different perspectives. Section 4 is the conclusion of this paper.

2. Materials and Methods
2.1. Building the Pineapple Dataset

In this research, we constructed a pineapple image dataset, to support and validate
our object detection model. The image collection was carried out at a pineapple plantation
in Xuwen County, Zhanjiang City, Guangdong Province. During the photography process,
we were cognizant of the potential issues that class imbalance could pose for subsequent
model training. To address this, we adopted various shooting strategies: selecting a range
of shooting angles and capturing images at different times throughout the day, to ensure
that the images comprehensively covered the various lighting conditions and occlusion
scenarios that pineapples might encounter in their natural growth environment. This
collection method enhanced the model’s generalization capability in the face of different
environmental conditions. Ultimately, we successfully collected approximately 1100 high-
resolution RGB pineapple images. To further enhance the effectiveness of model training
and the accuracy of validation, we utilized the labeling dataset annotation software to
annotate the target areas. There was only one target category annotated, named “pineap-
ple”. Figure 1 shows the pineapple under different occlusion and lighting conditions. The
collected images were then divided into training, validation, and test sets at a ratio of 70%,
20%, and 10%, respectively. This division ensured that the model could learn thoroughly
during the training process and that its performance could be accurately evaluated during
the validation and testing phases.

2.2. Improved Y OLOv7-Tiny Network Framework

The network proposed in this paper, RGDP-YOLOv7-tiny, is an evolution of the
traditional YOLO series, meticulously crafted to address the complexities of large-scale
pineapple cultivation environments. It is composed of three integral sub-networks: a
backbone network, a neck network, and a detection network. The backbone network, at the
heart of the model, is a lightweight ReXNet designed to efficiently extract features from in-
put data while reducing spatial dimensions and computational load. ReXNet incorporates
depthwise separable convolutions and inverted residual structures, alongside a channel-
wise progressive shrinking strategy, enhancing feature representation and minimizing
computational overhead. Building upon the backbone’s output, the neck network inte-
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grates the innovative GSConv module. This module employs a unique channel-shuffling
operation, to improve feature fusion across different channels, thereby augmenting the
model’s ability to capture nuanced pineapple features amidst varying lighting and weather
conditions, as well as the occlusion factors present in the dataset. Transitioning to the
detection network, we replaced the original YOLOv7-tiny detection head with a decoupled
head structure. This design separates the classification and localization tasks, allowing for
a focused enhancement of the model’s convergence speed and detection accuracy. Each
task now targets specific features, which is instrumental in improving the overall precision
of the model.

()

Figure 1. (a) Sunny morning (unobstructed). (b) Sunny morning (foliage obstruction). (c) Sunny
noon (uneven light). (d) Sunny noon (sunlit). (e) Sunny noon (backlit). (f) Evening.

Finally, to compress and optimize the model further, we employ sparse training, to
guide the model in discerning dispensable parameters from crucial ones. Subsequently,
a group-level pruning method, informed by a dependency graph analysis, is applied, to
prune the less important parameters. This structured approach effectively reduces the
model’s complexity without compromising its performance, aligning with the objectives of
lightweight improvement work that begins with refining these three sub-networks. The
structure of the RGDP-YOLOV7-tiny network is shown in Figure 2.
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Figure 2. Total network architecture diagram.

2.2.1. YOLOv7-Tiny Network Framework

YOLOv7-tiny is a lightweight version of the YOLOv7 algorithm [22-24]. It aims to
maintain high detection accuracy while reducing the complexity of the model and resource
consumption during runtime, making it more suitable for deployment in environments
with limited resources.

Compared to the overall network architecture of YOLOv7, YOLOv7-tiny has reduced
the stacking of convolutional blocks in both the ELAN layer and the SPPCSP layer, which
decreases the model’s parameter count and computational complexity. In the neck network
part, the multi-scale feature fusion method is retained. Through the feature pyramid fusion
module and the feature pyramid alignment module, feature maps of different levels are
interwoven, to better utilize the information from multi-level features. In the detection
head part, standard convolution (SC) is used instead of RepConv, to further reduce the
model’s parameter count. In the activation function part, LeakyReLU is chosen, to minimize
computational expenses [25].

Despite its advantages in lightness and detection speed, YOLOv7-tiny still has some
shortcomings: the core of the ELAN layer is one or more aggregation modules that are
responsible for effectively fusing the input feature maps, which typically include cross-layer
and residual connections. While these connections effectively preserve the information of
both low-level and high-level features, they also increase the complexity of the network and,
to some extent, the computational load. This paper proposes the use of other lightweight
modules for improvement and, on this basis, further compresses the model’s computational
load through model pruning.

2.2.2. Trunk Replacement

Researchers Dongyoon Han et al. from the NAVER Al Lab proposed Rank Expansion
Networks (ReXNet) as an improvement and refinement of the lightweight network structure
based on MobileNet [26]. The Google research team created MobileNet [27], a deep neural
network architecture, with the express purpose of implementing effective neural network
models on embedded systems and mobile devices. It reduces computational load and
model size by adopting depthwise separable convolutions (DSC) and inverted residual
structures [28].
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However, many types of deep networks, including MobileNet, currently exhibit varying
degrees of layer bottleneck issues: the low rank of network inputs does not adequately
represent high-rank spaces. That is, if the resulting dimensions are relatively high when
high-dimensional information is transformed into low-dimensional information then the
loss of information is minimal. Conversely, if the resulting dimensions are relatively low,
the loss of information is significant. After passing through the ReLU activation function,
the loss of information is further exacerbated. The core concept of ReXNet is to incorporate
the Swish activation function and to design additional expansion layers, to reduce the
rank during each expansion, allowing the input dimensions to gradually approach the
output dimensions. This unique channel dimension adjustment strategy not only maintains
efficient computation but also significantly enhances the expressiveness of lightweight
models in image-recognition tasks and classification tasks. It has not only advanced
the design of lightweight models but has also paved new avenues and ideas for the
optimization and exploration of network architectures.

With the specific structure described in Table 1, the ReXNet used in this paper is
an improved version derived from the second-generation MobileNet architecture. The
input image size has been changed from its original 214 x 214 dimensions to 640 x 640.
The bottleneck structure, known as MB-bneck, is made up of 17 sequences in total. The
squeeze-and-excitation attention mechanism module is integrated into the structures from
sequences 5 through 17. Sequences 6, 12, and 17 function as the backbone’s three feature
output layers, each of which is connected to the neck network. For these three output
feature layers, the corresponding output channel numbers are 61, 128, and 185.

Table 1. The network structure of ReXNet.

Sequential Input Operator Qutput Stride
1 6402 x 3 Conv 3 x3 32 2
2 320% x 32 MB-bneckl 16 1
3 3202 x 16 MB-bnecké 27 2
4 1602 x 27 MB-bnecké 38 1
5 1602 x 38 MB-bnecké 50 2
6 802 x 50 MB-bneck6 61 1
7 802 x 61 MB-bnecké 72 2
8 40% x 72 MB-bnecké 84 1
9 40% x 84 MB-bneck6 95 1
10 402 x 95 MB-bnecké 106 1
1 402 x 106 MB-bnecké 117 1
12 102 x 117 MB-bnecké 128 1
13 402 x 128 MB-bnecké 140 2
14 202 x 140 MB-bnecké 151 1
15 202 x 151 MB-bnecké 162 1
16 202 x 162 MB-bneck6 174 1
17 202 x 174 MB-bnecké 185 1
18 22 <185 o 1x1pool 1280 1

7x7
19 12 x 1280 Fc 1000 1

2.2.3. Neck Network Introduces the GSConv Lightweight Module

In convolutional neural networks, DSC refers to an operation where each input channel
is convolved with a separate convolutional kernel. The structure of the DSC primarily
consists of two parts: depthwise convolution and pointwise convolution. Compared to
standard convolution, DSC avoids weight sharing, reducing the number of parameters and
the computational cost, and it is often used in the design of lightweight neural networks.
As shown in Figure 3, different convolutional structures are depicted.
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Features x n'

Features * n
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Depthwise convolution Pointwise convolution

(b)
Figure 3. (a) Standard convolution. (b) Depthwise separable convolution.

The expressions of the parameter quantities Py, Py; and the calculation quantities S,
Sasc of SC and DSC modules are as follows:

P =C- Ky - Ky -G (1

Pise =Ci-Ku - Kp+Go - G (2
Sse=C;-Ky-Ky-Co-W-H (3)

Sase =Ci Kw Ky H-W+Co-G-W-H 4

In the formulas, C; represents the number of input channels, while Cp represents the
number of output channels. Ky and Kj, are the width and height of the convolutional
kernel, respectively. W and H are the width and height of the feature map, respectively.

Since DSC lacks interaction between weights, the detection accuracy of networks built
solely with DSC is typically lower. A balance between module weights and detection
accuracy must be considered. Therefore, this paper replaces the SC and ELAN modules in
YOLOv7-tiny with GSConvns and VoVGSCSP in the neck network [29], respectively. The
specific structure is shown in Figure 4.
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Figure 4. The module structures of GSConv, GSConvns, VOVGSCSP, and GS bottleneck.

The GSConv structure depicted in the diagram is bifurcated into two pathways: the
primary path first undergoes SC and DSC operations, followed by a concatenation with
a secondary path that has no convolutional operations. Subsequently, a channel shuffle
(CS) operation is employed, to permeate the information generated by SC into every
segment of the DSC information, altering the channels to a specified dimension. CS is
a channel mixing strategy that, by swapping local feature information across various
channels, can fully integrate the information from DSC into the input of SC, thereby
compensating for the lower detection accuracy inherent in DSC. Gsconvns represents a
variant structure of Gsconv, where the original channel shuffle operation is substituted with
a two-dimensional convolution followed by an activation function ReLU. This structure also
blends the feature information emanating from the DSC output through two-dimensional
convolution. VoVGSCSP strongly resembles GSConv, with the distinction that the channel
shuffle operation is replaced by a standard convolution, and the DSC are supplanted by
a GS bottleneck structure. The bottleneck layer structure, GS bottleneck, is composed
precisely of two GSConv units and an SC module. These four configurations are applied to
different convolutional layers within the neck network, augmenting the diversity of the
network’s convolutional operations.

2.2.4. Detection Network Introduces Decouped Head

The detection head in a neural network is an essential component of object detection
models, tasked with extracting and predicting the class and location of objects from feature
maps. In the early versions of YOLO, the detection heads were typically coupled, mean-
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ing that the classification and localization tasks were performed simultaneously within
the same network layer. Starting from YOLOv2, the series introduced the anchor box
mechanism, which uses a predefined set of bounding boxes to match objects of various
sizes. Following YOLOv3, the concept of multi-scale detection was introduced [30], which
involves making predictions on feature maps at different layers, to detect objects at various
scales. This paper retains the anchor box mechanism and multi-scale detection from the
YOLO series and replaces the original coupled head structure with a decoupled head
structure [31]. The decoupled head is based on the core idea of separating the classification
and localization tasks in object detection. This structural change allows each task to focus
on its specific features, thereby improving the model’s convergence rate and effectively re-
ducing the number of parameters and computational complexity, thus providing enhanced
performance in object-detection tasks. The structure of the decoupled head is illustrated in
Figure 5. The numerical values of 256, 128, and 64 in the figure correspond to the number
of output channels for the three stages of the neck network, respectively. Cls, Reg, and IoU
represent the classification, location, and object score, respectively.
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Figure 5. Structure of decoupled head.

2.3. Model Compression
2.3.1. Model Pruning

Model pruning is a deep learning model optimization technique, primarily aimed at
reducing the complexity of models and enhancing efficiency. By analyzing the weights in a
neural network, pruning technology identifies and removes weights that have a minimal
impact on the model’s output, thereby reducing the number of model parameters and
computational requirements. This simplification can significantly decrease the model’s
inference time, reducing latency. Additionally, pruning can reduce the model’s memory
footprint, which helps to decrease the frequency of memory access and data exchange on
devices, further lowering power consumption and extending the usage time and battery
life of devices. At the same time, a smaller model size is also beneficial for deployment on
mobile devices or embedded systems, reducing deployment costs and time.

The main pruning techniques nowadays are channel pruning, layer pruning, and
unstructured pruning. Channel pruning reduces the width of the network by removing
entire channels from convolutional layers, thereby reducing the model’s parameter count
and computational complexity. However, this may affect the expressiveness of the features.
Layer pruning involves removing entire convolutional layers from the network, which
can significantly reduce the model’s depth, but may also lead to the loss of more feature
information, affecting the model’s learning ability. Unstructured pruning is carried out at
the weight level, without following the inherent structure of the network. This flexibility
allows it to achieve a higher compression ratio without sacrificing network performance,
but it may require special optimization strategies to deal with sparsity issues.

This paper utilizes group-level pruning as the model pruning method [32]. This
structured pruning technique is applicable to various network architectures. It constructs a
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dependency graph to identify and model the structural interdependencies among layers
within a neural network, and it groups the structured parameters within the network.
Subsequently, parameters with low importance scores, as determined by subsequent sparse
training, are pruned. This approach aims to reduce the model’s size and expedite the
inference process.

The dependency graph is the core of the group-level pruning algorithm. Here is an
explanation of the dependency graph: Due to the structural coupling relationships between
layers within the same and different layers of a neural network, when one layer is pruned,
another layer will also undergo corresponding changes. To achieve structured pruning, we
need to analyze the interdependencies of layers, to group parameters: for example, a pa-
rameter group L = {1, 17,1, 1, ..., I, I }, where each I refers to a parameterized layer,
including convolutional (Conv2d) layers, batch normalization (BN) layers, and activation
function layers, or a non-parameterized operation, such as residual addition. The positive
and negative superscripts of I represent the outputs and inputs of the layers, respectively.

By focusing on the dependency relationships between layer inputs and outputs, a layer
dependency model is constructed, as shown in Equation (5) for the dependency expression:

(1) = () & o (1) ©)
The equation includes two types of layer dependencies: inter-layer dependency I';r, Ii’
and intra-layer dependency I, I, Inter-layer dependency refers to the direct association
between adjacent layers in the network, where the output features of one layer serve directly
as the input to the next layer, creating an end-to-end connection. Intra-layer dependency
refers to the association between the inputs and outputs within a single layer. As shown in
Figure 6, the parameter dependency analysis of two standard convolution modules with
residual links is performed. The batch normalization layer is I; or I5, and their respective
input and output are a pair of intra-layer dependencies and are coupled. However, the
inputs and outputs of layer 4 are not dependent on each other and are independent, yet we
can still group them into the same parameter group and prune them with different pruning
layouts, to achieve consistent cross-layer pruning. This enhances the efficiency of pruning
and the accuracy of model compression.

Parameter
dependency analysis

Figure 6. Dependency graph analysis.
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2.3.2. Sparse Training

During the process of group-level pruning, batches of parameters are deleted simulta-
neously. To ensure the effectiveness of pruning, it is necessary to confirm that the deleted
parameters are collectively unimportant, meaning their contribution to the network's per-
formance can be disregarded. If the group of parameters includes those that are crucial for
the network’s predictive ability, removing them may lead to a significant degradation in
network performance. In such cases, a strategy of sparse training is required to identify
these parameters, allowing them to be safely removed during the pruning process.

This paper introduces a regularization term Hy . for the weight parameter group
g = {wy, w2, ..., wg} with K dimensions that can be pruned. The purpose is to motivate the
model to learn which parameters in the group g are expendable for pruning. The specific
formulation is as follows:

K
Her =Y 1 Quk (6)
k=1
Qex = Y Iwlkll3 @
weg
= 20O Q) / (G -0F™) (8)

In Equation (6), y is a scaling factor that controls the sparsity strength of the k-th
prunable dimension, while Qg denotes the importance score of the parameter w in the
k-th prunable dimension within the parameter group g.

In Equation (7), w[k] represents the k-th parameter submatrix within the parameter
group g, where w refers to the weight parameters of the neural network and k refers to a
specific slice of the parameter matrix—that is, a subset selected from the entire parameter
matrix. During group-level pruning, this slicing operation allows the algorithm to focus
on the submatrix within the current parameters, thereby enabling independent analysis of
each parameter group.

In Equation (8), « is a hyperparameter that controls the range of sparsity intensity,
while Qmax and Qpip denote the maximum and minimum importance scores, respectively,
within the parameter group g, which are used to determine the strength of sparsity.

Utilizing the sparse training algorithm described, we can identify k sets of parameters
with varying levels of sparsity. We then select the set with the minimal L2 norm, which
has the least detrimental effect on model performance, for group-level pruning of the
network structure.

2.4. Model Evaluation Metrics

To evaluate the performance and complexity of the model, this study chose several
metrics commonly used in object detection. These include precision, recall, the compre-
hensive evaluation metric F1, average precision (AP), mean average precision (mAP), the
count of parameters (Params), the computational load, in terms of floating point operations
(FLOPs), and the size of the model. The expressions for calculating the first five metrics are
as follows:

P
_ 9
P=7p7p ©)
TP
R=Tp7En (10)
2PR
r— 28 1
P¥R (1
1
AP = [ PRAR 12)
Jo
1 [
mAP = < Y AP (13)

i=0

99



Remote Sens. 2024, 16, 2805

120f 22

Equation (9) and Equation (10) represent precision and recall, respectively. In these
equations, TP indicates true positives, where the actual class of the sample is positive
and the prediction is also positive; TN indicates true negatives, where the actual class is
negative and the prediction is negative; FP indicates false positives, where the actual class
is negative but the prediction is positive; FN indicates false negatives, where the actual
class is positive but the prediction is negative. Precision describes the proportion of true
positives among the positives predicted by a binary classifier, while recall describes the
proportion of actual positives that have been identified.

Equation (11) is the harmonic mean of precision and recall, known as the F1 score.
Its value ranges from 0 to 1, with a value closer to 1 indicating better model performance.
In practical applications, depending on the specific needs of the problem, we may focus
more on either precision or recall, but the F1 score provides a measurement that takes both
into account.

Equation (12) measures the performance of detection for a particular class, which can
be understood as having recall on the horizontal axis and precision on the vertical axis
of a coordinate system; the area where the curve intersects with both axes represents the
average precision. The larger the intersecting area, the higher the AP value. Equation (13)
calculates mean average precision, which assesses the overall effectiveness of detection
across all classes.

The latter three metrics assess the complexity of the model. FLOPs refers to the number
of floating-point operations per second, reflecting the amount of computational resources
required to execute a neural network model. The number of parameters refers to the total
count of learnable parameters within the neural network model, typically including weights
and biases. Model size refers to the file size of the model, which affects the deployment
efficiency of the model. Smaller models are easier to deploy on devices with limited
resources, while larger models require longer transmission times and more bandwidth.

3. Experiments and Analysis

For this paper, we conducted the following four types of experiments: comparative
experiments between YOLOv7-tiny and different lightweight backbones; comparative
experiments with different pruning methods; comparative experiments under a wide
range of pruning ratios; and comparative experiments with different target-detection
algorithms and their corresponding pineapple detection visualization. The comparative
experiment of pruning methods in Section 3.2 of this article compared the impact of different
pruning techniques on the performance of the YOLOv7-tiny model. The experimental
results provided a basis for selecting the most effective pruning method. The comparative
experiment of pruning multiples in Section 3.3 of this article was an exploration of the
depth of the selected pruning technology, with the aim of finding the optimal pruning
ratio and achieving the best balance between model complexity and performance. The
experiments on different target-detection algorithms in Sections 3.4 and 3.5 of this article
expanded the research horizon. The purpose of this section is to show the competitiveness
and practicality of RGDP-YOLOv7-tiny in target-detection tasks, especially in resource-
constrained environments. Each experiment in this section was based on the results of the
previous step, gradually deepened, and, finally, formed a complete research process. The
environment configuration of this experiment is shown in Table 2. The batch size of the
experiment was set to 16, the training epoch was set to 300, and the image resolution was
selected as 640 x 640.
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Table 2. Experimental configuration.

Configuration Parameters
CPU 15-12600KF
GPU NVIDIA GeForce RTX 4060 Ti
Operating system Windows 10
Accelerated environment CUDA 12.1.0; CUDNN 8.9.4.25
Library Pytorch 2.1.1; Torch-Pruning 1.3.6

3.1. Lightweight Backbone Comparative Experiment

To explore the performance of different lightweight backbones on YOLOv7-tiny, for
this section we conducted a comparative analysis of models optimized at various pruning
ratios for each lightweight backbone. YOLOv7-tiny was selected as the base network, and
its backbone network was replaced with GhostNet [33], GhostNetv2 [34], FasterNet [35],
ReXNet, and MobileNetv3 [36], respectively. Each network was pruned at pruning ratios
of 1.0, 2.0, and 2.5. Subsequently, the models were fine-tuned and their performance was
compared. The experimental results are presented in Table 3.

Table 3. Comparison of pruning results of YOLOv7-tiny under different backbone networks.

Prunin; mAP@0.5 Precision F1 Score FLOPs Model Size
Model Ratio. %) %) Recall (%) (%) Params (M) g9, (MB)
1.0 87.1 92.9 80.2 86.1 6.01 13.2 12.3
YOPO\J- 2.0 88.0 933 81.7 87.1 3.0 6.5 6.3
tiny
25 86.8 89.7 81.7 85.5 237 52 5.0
1.0 884 931 81.9 87.1 4.29 7.5 9.0
GhostNet-
YOLOvV7- 2.0 80.0 90.3 71.8 80.0 176 3.7 3.9
tiny
25 79.0 89.0 71.6 79.4 14 3.0 32
1.0 89.7 95.2 823 883 4.59 7.9 9.6
GhostNetv2-
YOLOvV7- 2.0 804 89.0 732 80.3 1.9 3.8 4.2
tiny
25 80.2 88.8 74.3 80.9 1.5 3.1 3.4
1.0 85.5 89.7 79.1 841 5.65 11.4 11.6
FasterNet-
YOLOvV7- 2.0 86.0 925 79.3 85.4 3.09 5.6 6.5
tiny
25 854 91.7 78.8 84.8 243 4.5 5.1
1.0 88.6 93.4 81.7 87.2 6.64 12.0 13.7
ReXNet-
YOLOV7- 2.0 89.5 94.8 81.7 87.8 3.09 6.0 6.6
tiny
25 86.5 928 80.7 86.3 2.57 4.7 5.5
1.0 85.9 93.5 77.6 84.8 4.48 6.7 9.3
MobileNetv3-
YOLOvV7- 2.0 825 89.0 76.2 821 1.86 33 4.0
tiny
25 833 947 73.9 83.0 172 2.6 38

The data from Table 3 indicates that at a pruning ratio of 1.0, which means no pruning
was applied, the YOLOv7-tiny network with the FasterNet and MobileNetv3 backbones
had lower mAP@0.5 and F1 scores compared to the original YOLOv7-tiny. However,
when using GhostNet, GhostNetv2, and ReXNet as the backbones, these metrics were
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approximately 1.5% higher than the original YOLOv7-tiny. It should be noted that the
GhostNet series reduced the parameter count, computational load, and model size, whereas
ReXNet saw a slight increase; when the pruning ratio was 2.0, the mAP@0.5, precision,
recall, and F1 scores of the GhostNet series experienced a significant decrease, which may
be attributed to excessive pruning, causing the model to lose information that was critical
for classification and localization tasks. In contrast, ReXNet showed better anti-pruning
performance, with its mAP@0.5 and F1 scores increased by 0.9% and 0.6%, respectively,
compared to the unpruned state. Compared to the original YOLOvV7-tiny at a pruning ratio
of 2.0, these improvements were 1.5% and 0.7% higher, respectively; when the pruning ratio
reached 2.5, ReXNet’s F1 score rose by 0.8% compared to the original YOLOv7-tiny, and
although the mAP@0.5 dropped by 0.3%, ReXNet still demonstrated its advantages at this
pruning level. Compared to its unpruned state, its parameter count, computational load,
and model size were reduced by 39.4%, 39.2%, and 40.1%, respectively. This shows that
ReXNet is more robust in structure and can better maintain its performance after pruning.

3.2. The Impact of Different Pruning Methods on Model Performance

To verify the advantages of the pruning methods adopted in this paper, various
pruning techniques were applied to the network structure model depicted in Figure 2,
followed by subsequent fine-tuning, to further optimize model performance. The specific
pruning methods used included a filter pruning method based on the L1 norm (P1), a
pruning method that evaluates the importance of neurons through the Taylor expansion of
the loss function [37] (P2), a pruning method that assesses network weights based on the
second-order derivatives of the objective function [38] (P3), and the group-level pruning
method proposed in this paper (P4). The experimental results are shown in Table 4.

Table 4. Comparison results of different pruning methods.

Pruning Pruning mAP@0.5 Precision o F1 Score FLOPs Model Size
Methads Ratio (%) %) Recall () %) Farams WD ) (MB)

Pl 74.2 87.5 64.5 743 4.11 5.7 8.7

P2 20 83.9 921 75.1 827 3.64 5.6 7.8

P3 i 76.9 88.2 67.8 76.7 3.43 5.6 74

P4 87.9 92.5 817 86.8 277 5.7 6.0

According to the comparative experimental results in Table 4, it can be observed that
the group-level pruning method achieved the highest levels in key performance indicators,
such as mAP@0.5, F1 score, precision, and recall. This indicates that during the pruning
process, the group-level pruning method effectively preserved parameters that were crucial
for the network’s predictive performance, avoiding performance loss due to excessive
pruning. Furthermore, from the perspective of model complexity, the group-level pruning
method also showed a significant advantage in reducing the number of parameters, the
computational load, and the model size. Compared to other pruning methods, it achieved
the lowest model complexity, demonstrating greater efficiency in identifying and removing
parameters that contribute less to model performance.

In summary, the group-level pruning method not only showed outstanding perfor-
mance in improving model capabilities but also had a significant advantage in reducing
model complexity. To delve deeper into the performance of the group-level pruning method,
we analyzed the decline in mAP@0.5 and parameter count as the pruning ratio increased
during the pruning process, as illustrated in Figure 7, as well as the channel comparison
chart for different pruning methods at a pruning ratio of 2.0, as shown in Figure 8. Through
this visualization, we could more directly perceive the group-level pruning method’s
capacity to balance model efficiency with the maintenance of predictive accuracy.

Figure 7a represents the curve of mAP@0.5 as the pruning ratio increased. It can be
observed that for pruning methods P’1, P2, and P3, the mAP@0.5 dropped to 0 when the
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pruning ratio reached 1.5. In contrast, method P4 maintained the mAP@0.5 of around
80.0%. As the pruning ratio further increased to 2.0, the mAP@0.5 of P4 could still be
sustained at approximately 65.0%. This indicates that under the same pruning ratio, the
model pruned by P4 had more potential to recover to the initial model’s accuracy after
fine-tuning compared to the other pruning methods. At different pruning ratios, the impact
of P4 pruning on model accuracy was relatively smaller, implying that more significant
compression effects can be achieved at a higher pruning ratio. Figure 7b reveals how
the model’s parameter count changed with the increase in pruning ratio, showing that
compared to the other pruning methods, P4 pruning achieved the greatest degree of
parameter reduction at any pruning ratio. Integrating these observations, we can conclude
that the group-level pruning method used in this paper can maximize model compression
at a higher pruning ratio while maintaining model performance.
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Figure 7. (a) The curve of mAP@0.5 with the incremental increase of pruning ratio. (b) The curve of
the number of parameters with the incremental increase of pruning ratio.

As illustrated in Figure 8, the vertical axis represents the number of channels and the
horizontal axis refers to the detailed convolutional operations within the three main network
layers. The term “Base” denotes the model before pruning, while “Prune” indicates the
model at a pruning ratio of 2.0. Among the four pruning methods, there was no significant
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difference in the channel compression effect in the neck and detection networks. However,
in the ReXNet backbone network section, regardless of the pruning method applied, the
number of channels could be significantly reduced. Under the P1, P2, and P3 pruning
methods, the maximum number of channels in the backbone could be compressed to below
600, 500, and 800, respectively. In contrast, under the P4 pruning method, the maximum
number of channels in the backbone could be compressed to below 200, achieving a channel
compression ratio of approximately 80%, which was more than 1.6 times higher than that
of the other pruning methods. This further confirms the superior model compression
efficiency of the group pruning approach.
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Figure 8. (a) P1 pruning. (b) P2 pruning. (c) P3 pruning. (d) P4 pruning.

3.3. The Impact of Different Pruning Ratios on Model Performance

From Figure 7a, it can be observed that the mAP@0.5 for the P4 pruning method did
not drop to zero as the pruning ratio increased, unlike the other pruning methods. For
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models that mAP@0.5 reduced to zero, their performance could still be improved, to some
extent, after subsequent fine-tuning. Therefore, we had reason to further explore the impact
on model performance across a broader range of pruning multiples.

In the following experiment, group-level pruning was applied to the network structure
model shown in Figure 2, and the pruning ratio was gradually increased in a stepwise
manner. The initial pruning ratio was set at 2.0, and it was increased by 0.1 with each
step, up to a maximum of 3.0. The final model was obtained through fine-tuning. Detailed
experimental data can be found in Table 5.

Table 5. Comparison results at different pruning ratios.

Pruning  AP@05(%) Precision (%)  Recall (%)  FlScore (%) Params(M) FLOPs (109  “iedel Size

Ratio (MB)
10 90.1 916 853 883 6.52 114 136
20 879 05 817 868 277 57 6.0
21 87.4 914 810 85.9 2,60 53 57
22 8738 931 803 862 249 51 55
23 87.0 26 802 86.0 239 49 53
24 877 913 823 86.6 233 47 51
25 87.9 949 810 874 227 45 50
26 852 803 79.7 842 221 43 49
27 74.4 843 68.5 756 216 42 48
28 745 89.6 66.3 762 2.09 40 47
29 741 886 65.2 751 204 3.9 16
30 743 857 65.9 745 1.95 38 44

Based on the data from Table 5, it is evident that before pruning, the completely
replaced network model saw an increase of 1.5% in mAP@0.5 and 1.1% in the F1 score over
the ReXNet-YOLOv7-tiny model. The parameter count, computational load, and model size
were reduced by 0.12 x 108, 0.6 x 10%, and 0.01 MB, respectively. Within the pruning ratio
range of 2.0 to 2.5, the model’s performance remained relatively stable after fine-tuning,
with no significant fluctuations. Meanwhile, the complexity metrics of the model, including
parameter count, computational load, and model size, continued to decline. However,
when the pruning ratio increased beyond 2.6, the model’s performance metrics began to
decline noticeably and the rate of decrease in the complexity metrics also slowed. This
indicated that within the pruning ratio range of 2.0 to 2.5 an equilibrium had been achieved
between model performance and complexity. Beyond this range, further pruning began
to negatively affect model performance, and the effect of reducing model complexity also
gradually diminished. Consequently, the network structure in Figure 2, after a 2.5-times
pruning, represents the final improved pruned lightweight pineapple detection network
model RGDP-YOLOv7-tiny obtained in this paper. When comparing this model with the
YOLOv7-tiny after a 2.5-times pruning, as listed in Table 3, RGDP-YOLOv7-tiny achieved
higher compression ratios of 4.6% in parameter count and 3.9% in model size, with a 0.1%
reduction in computational load. In short, the improved model’s compression effect is
more pronounced than the original YOLOVZ-tiny.

3.4. Performance Comparison of Different Object-Detection Algorithms

To objectively validate the proposed pruned lightweight pineapple-detection algo-
rithm, this experiment compared six object-detection algorithms: YOLOv5s, YOLOv7,
YOLOv7-tiny, YOLOvSs, YOLOvSn, and RGDP-YOLOv7-tiny. The results are shown in
Table 6. It can be observed that the RGDP-YOLOv7-tiny network had a parameter count of
2.27 M, a computational load of 4.5 x 10°, and a model size of 5.0 MB. These complexity
metrics are lower than those of other networks in the YOLO series. At the same time, the
YOLOV7 network, with its higher model complexity, achieved mAP@0.5 and F1 scores of
90.0% and 88.0%, respectively, ranking first among all the compared networks. However,
the RGDP-YOLOv7-tiny also performed well, reaching 87.9% and 87.4%. These results high-
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light that RGDP-YOLOv7-tiny can maintain a high level of pineapple detection accuracy
even with relatively lower resource consumption. Specifically, RGDP-YOLOv7-tiny out-
performed other YOLO series networks in terms of parameter count, computational load,
and model size, which implies not only computational efficiency but also more convenient
application in agricultural robots.

Table 6. Comparison of different object-detection algorithms.

Pruning Ratio m“;g:‘f["s P'e(‘;;;“’“ Recall (%)  F1Score (%) Params (M) FLODs (10°) M"g&'ﬁf‘“
YOLOvV3s 858 915 770 83.6 7.02 159 144
YOLOvV7 90.0 93.2 83.3 88.0 37.20 105.1 74.8

YOLOVZ-tiny 871 929 802 86.1 601 132 123
YOLOvSn 87.6 92.9 80.2 86.1 3.01 8.2 6.3
YOLOvSs 87.2 90.4 81.1 85.5 11.14 28.6 225

RGDP-YOLOv7-tiny 87.9 949 81.0 87.4 2.27 45 5.0

3.5. Pineapple Detection Visualization

This section employs the Grad-CAM heatmap visualization technique to illustrate the
output of deep learning models [39]. The essence of this technology lies in leveraging the
gradient information of the model’s predictions concerning the input image. The gradients
indicate the degree to which each pixel in the input image contributes to the model’s
output class score. By calculating these gradients and combining them with the model’s
intermediate feature maps, Grad-CAM can generate a heatmap. The intensity of colors on
this heatmap represents the significance of each area to the model’s predictive outcome,
with highlighted areas indicating areas of greater focus. Specifically, the six object-detection
algorithms listed in Table 6 were used to create heatmaps, as shown in Figure 9.

To evaluate the performance and generalization capability of the RGDP-YOLOv7-
tiny network in detecting pineapples under various environmental conditions, for this
section we tested multiple typical scenarios, including unobstructed, foliage-obstructed,
uneven lighting, dim environments, and situations with front and backlighting. The
collected field-planted pineapple images were used to generate heatmaps with the Grad-
CAM technique, to visualize the model’s predicted focus areas. Observing Figure 9,
under the soft morning light and unobstructed conditions, the highlighted areas of the
YOLOv7 and RGDP-YOLOv7-tiny networks were more concentrated, while the other
networks were more dispersed. Under the four different lighting conditions at noon, the
highlighted areas of the YOLOvb5s, YOLOV7, and RGDP-YOLOv7-tiny networks were larger,
showing impressive adaptability to lighting conditions, among which, the highlighted
areas of the RGDP-YOLOv7-tiny were more concentrated, indicating that the network
maintained high recognition accuracy under complex lighting conditions. Under the
foliage obstruction, the level of highlighted areas drawn by the six networks was relatively
average and the recognition performance of each network did not differ much. Overall,
the heatmaps drawn by the YOLOvV7 network had the widest and most concentrated
highlighted areas, while the RGDP-YOLOv7-tiny network also demonstrated detection
accuracy and generalization capability comparable to YOLOv7 while maintaining a lower
parameter volume. This indicates that the RGDP-YOLOv7-tiny network not only maintains
high precision in detecting pineapples but also has excellent generalization ability, capable
of adapting to a variable field environment.
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Figure 9. Heatmap visualization.

3.6. Performance of RGDP-Y OLOv7-Tiny in Complex Scenarios

For this section, we explored the performance of the RGDP-YOLOV7-tiny model under
diverse environmental conditions, through experiments, with a particular focus on its
ability to handle false positives and false negatives when identifying targets in complex
scenes. Figure 10 shows the results of 10 test images predicted by the RGDP-YOLOv7-tiny
model, where green boxes represent true positives, blue boxes indicate false negatives, and
red boxes signify false positives. The network detected a total of 132 target boxes, including
107 true positives, 10 false negatives, and 15 false positives. The green boxes predominantly
appear in areas with abundant target features, while the blue and red boxes are mainly
found in areas with fewer target features—that is, when the distance between the shooter
and the target was farther then the resolution of the target object was reduced, leading to
increased difficulty in feature extraction, which may be the main reason for missed and
false detection. Considering that pineapple-harvesting robots mainly target objects at closer
ranges, this network can meet the work requirements of pineapple-harvesting robots in
practical applications. However, there is still room for improvement in the performance of
long-distance targets. We will continue to explore model optimization strategies to enhance
its robustness in different distances and complex environments, ensuring its efficiency and
accuracy in actual harvesting operations.
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Figure 10. Detection results of the RGDP-YOLOv7-tiny network.

4. Conclusions and Future Works

This paper addressed the application requirements of agricultural robots in large-scale
planting environments by proposing an improved object detection model, RGDP-YOLOv7-
tiny, designed to accommodate robotic platforms with limited computational resources.
The model employs ReXNet as the backbone network, integrates GSConv into the neck
network, and introduces a decoupled head in the detection network, ultimately achieving
model compression through sparse training and group-level pruning optimization. Our
experimental results demonstrated that, although the model’s complexity slightly increased
before pruning and optimization, there was a 3.0% improvement in mAP@0.5 and a 2.2%
improvement in the F1 score, indicating that the model had greater potential for further
compression in subsequent pruning processes. After pruning, the RGDP-YOLOv7-tiny
model outperformed the original YOLOvZ-tiny, with Params, FLOPs, and model size
reduced from 6.01, 13.2 x 10%, and 12.3 MB to 2.27, 4.5 x 10%, and 5.0 MB, respectively,
representing decreases of 37.8%, 34.1%, and 40.7%. Additionally, the mAP@0.5 and F1
scores of RGDP-YOLOv7-tiny also improved by 0.8% and 1.3%, reaching 87.9% and 87.4%,
respectively. Despite the significant reduction in size, the mAP@0.5 and F1 scores of RGDP-
YOLOv7-tiny remained higher than most of the YOLO series object-detection algorithms.
The final heatmap visualization comparison also proved that the model maintains decent
generalization performance across different pineapple cultivation environments, providing
effective visual detection technology for pineapple agriculture robots. However, different
pruning methods and lightweight modules exhibited varying adaptability to convolutional
neural networks. In our future research, we plan to explore the adaptability between
the various pruning methods and lightweight modules, aiming to further enhance the
model’s performance under resource-constrained conditions. Additionally, we recognize
that the model may have limitations when generalized to a variety of agricultural scenarios,
while target-detection tasks are ubiquitous in the agricultural field. Therefore, we can
leverage transfer learning technology and make appropriate adjustments and optimizations
to extend the framework to broader applications, including the detection of other crop
targets, crop disease detection, and weed identification. We believe that, through further
research and development, exploring these possibilities in our future work will promote
the development of smart agriculture and contribute to the advancement of agricultural
robot vision technology.
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Abstract

Accurate prediction of lithium-ion battery capacity degradation under dynamic loads is
crucial yet challenging due to limited data availability and high cell-to-cell variability. This
study proposes a Latent Gaussian Process (GP) model to forecast the full distribution of
capacity fade in the form of high-dimensional histograms, rather than relying on point
estimates. The model integrates Principal Component Analysis with GP regression to learn
temporal degradation patterns from partial early-cycle data of a target cell, using a fully
degraded reference cell. Experiments on the NASA dataset with randomized dynamic load
profiles demonstrate that Latent GP enables full-lifecycle capacity distribution prediction
using only early-cycle observations. Compared with standard GP, long short-term memory
(LSTM), and Monte Carlo Dropout LSTM baselines, it achieves superior accuracy in terms
of Kullback-Leibler divergence and mean squared error. Sensitivity analyses further
confirm the model’s robustness to input noise and hyperparameter settings, highlighting
its potential for practical deployment in real-world battery health prognostics.

Keywords: capacity histograms; prediction; rechargeable batteries; degradation

1. Introduction
1.1. Literature Review

Rechargeable batteries, particularly lithium-ion batteries, have gained widespread
global application across important fields such as electric vehicles [1], energy storage sta-
tions [2], and portable devices [3]. However, even under regular operating conditions,
repeated charge and discharge cycling inevitably induces degradation processes, primarily
including solid electrolyte interphase (SEI) layer growth leading to irreversible lithium
loss, and active material loss reducing lithium storage capacity [4-6]. These degrada-
tion mechanisms are strongly influenced by usage profiles, and their cumulative effects
typically manifest as observable capacity fade that intensifies over cycling [7,8]. Thus, un-
derstanding and predicting battery capacity degradation is crucial for battery configuration
and management, helping to prevent unexpected performance losses and safety hazards
during usage.

Battery capacity degradation trajectory prediction has long been a core topic in bat-
tery research. Early studies focused on developing mathematical models that established
relationships between cycle count and capacity degradation trends, using functions such
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https:/ /doi.org/10.3390/en18133503

111



Energies 2025, 18, 3503

20f15

as linear, polynomial, or exponential models to quantify future degradation [9-11]. Other
approaches utilized recursive models, including autocorrelation models and autoregressive
integrated moving average (ARIMA) models, to predict future capacity based on historical
data [12-14]. While these foundational methods provided useful quantitative frameworks,
they have been continually refined and improved upon over time, giving rise to more
sophisticated models. Notably, some studies have integrated electrochemical modeling
into capacity degradation prediction to enhance physical interpretability. Lyu et al. [15]
identified key degradation-related physical parameters using an electrochemical model
and extrapolated their evolution via exponential functions to forecast capacity fade. Ren
et al. [16] developed a capacity degradation model by coupling a pseudo-two-dimensional
electrochemical model, a three-dimensional thermal model, and an SEI formation model,
enabling recursive prediction of future capacity loss. Although such semi-quantum models
show promise in improving interpretability, their application in real-world scenarios re-
mains limited due to data scarcity and computational complexity. Recent advancements in
deep learning technologies have led to the development of even more advanced models,
such as neural networks, which aim to bridge the gap between historical data and future
predictions [17,18]. For instance, Huang et al. [19] utilized long short-term memory (LSTM)
and convolutional neural networks (CNNs) to predict capacity trajectories by incorporating
historical capacity, rest time, and internal resistance. Zhao et al. [20] applied multi-channel
dependent neural networks to map incremental capacity and capacity differentials to critical
future degradation points. Yang et al. [21] employed a CNN-Transformer-Kolmogorov—
Arnold network to connect historical charging data with future capacity degradation.
Similarly, Du et al. [22] bridged the relationship between historical charge/discharge cycles
and future capacity degradation through CNNs. While these approaches have achieved
success, they mostly rely on assumptions of constant load conditions, ignoring the dynamic
load environments that batteries encounter in real-world applications [23]. As a result,
their predictive outcomes may lack practical relevance, particularly when batteries operate
under complex dynamic conditions.

In recent years, dynamic load-based battery capacity degradation prediction has
emerged as a key research focus. Notably, the National Aeronautics and Space Admin-
istration (NASA) released a dataset detailing battery degradation under dynamic load
conditions, revealing a nonlinear scatter in capacity degradation, which formed a capacity
distribution rather than a single trajectory [24-26]. This starkly contrasts with the con-
tinuous degradation trends observed under constant load in earlier studies, prompting
widespread academic interest in dynamic load effects on battery performance. Lu et al. [27]
further analyzed battery capacity degradation under uncertain current excitation, revealing
nonlinear oscillation patterns that emerge when current excitation changes unpredictably.
They proposed a method for accurately predicting degradation based on future dynamic
excitation plans. Subsequent research [28] confirmed that battery performance during
charging and discharging varies based on load conditions, reinforcing the need to consider
dynamic loads in capacity predictions.

While these studies incorporate future load plans to account for load capacity depen-
dency, accurate prediction of such plans remains a prerequisite. Obtaining precise future
load plans in practical applications is challenging, and the limited availability of degra-
dation samples further complicates the predictive process [29,30]. Therefore, predicting
future capacity histograms under dynamic loads without explicit knowledge of future load
plans remains a critical issue to address.

To overcome these challenges, this paper presents a Latent Gaussian Process (LGP)-
based method for predicting battery capacity histograms, particularly under dynamic load
conditions. The contributions of this study are as follows:
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(1) Dynamic load capacity prediction: This paper proposes a method for predicting
battery capacity degradation histograms that reflect dynamic load conditions, offering a
more accurate representation of degradation in real-world scenarios.

(2) Prediction of capacity degradation histograms: In contrast to traditional trajectory-
based predictions, this work provides probability histograms of future degradation based
on historical distribution patterns, delivering more comprehensive prediction results.

(3) Adaptability to small sample sizes: Compared to deep learning techniques, this
approach excels in scenarios with limited data, effectively predicting capacity degradation
even with sparse datasets, without the heavy reliance on large data volumes required by
deep learning models.

1.2. Article Organization

The rest of the article is organized as follows. Section 2 presents the methodology,
followed by Section 3, which discusses the experimental results and performance analysis.
Finally, conclusions are drawn in Section 4.

2. Methodology
2.1. Framework of Methodology

The proposed framework aims to predict the future capacity degradation distribution
of lithium-ion batteries under dynamic operating conditions. As illustrated in Figure 1,
the proposed method consists of three main stages: histogram construction, latent space
modeling, and probabilistic forecasting via Gaussian processes.
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Frequency Principal
Component Analysis
- Latent Future capacity
Gaussian Processes histograms

Figure 1. Overview of the proposed prediction framework.

First, a sliding window is applied to the capacity degradation trajectory of the target
battery, converting sequential capacity values into a series of histograms that describe
the statistical distribution of capacity within each window. This histogram representation
transforms the problem from single-point prediction into a distributional forecasting task,
allowing the model to capture the inherent stochasticity of battery degradation.

Next, the high-dimensional histograms are projected into a lower-dimensional latent
space using principal component analysis. This step extracts the dominant components that
capture the major variations in degradation behavior, significantly reducing computational
complexity and noise sensitivity.

Then, each principal component is modeled using a separate Gaussian Process. These
GPs learn the temporal evolution of latent variables across different cycles, enabling robust
extrapolation beyond the observed data.

Finally, the predicted latent components are reconstructed back into the histogram
space, yielding forecasts of the full capacity degradation distribution over future cycles.
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This approach ensures that inter-bin correlations are preserved and uncertainty is naturally
quantified via the GP’s posterior variance.

2.2. Battery Capacity Histogram Definition

The battery capacity histogram at the t-th cycle can be represented by a histogram
over a sliding window:

H(t) =[h (t),ha (1),....hx (1)], t=1,2,...,T (1)

where H(f) is the battery capacity histogram at the i-th cycle, K is the total number of bins
and hy(t) is the frequency of capacity in the k-th bin, which is expressed as follows:

W
I () = Y 8(Qi(t) € By) @
i=1
where W is the length of the sliding window, Q;(#) is the capacity value at the ¢-th cycle for
the i-th measurement within the sliding window, g(-) is the indicator function, which is 1
if the condition inside the parentheses is true (i.e., if the capacity value Q;(f) falls within
bin By) and 0 otherwise, and By denotes the k-th bin of the predefined capacity histogram,
covering a fixed range of capacity values, which can be described as follows:

B, = [Qmin + (k - 1) *AQ, Quin + k- AQ} ®)

where AQ) is the capacity step size, which can be specified based on the chosen resolution,
Qmin is the capacity failure threshold and k is the bin index, which ranges from 1 to K. The
sum of the histogram bins at each cycle corresponds to the length of the sliding window, as
it reflects the number of samples within the sliding window:

K
Y ()=w (4)
k=1

2.3. Principal Component Analysis

Principal Component Analysis (PCA) [31] is used in this paper to reduce the dimen-
sionality of the observed battery capacity histograms, H(t), and project them into a latent
space where the most significant patterns of capacity degradation can be more effectively
modeled. Each capacity degradation trajectory is initially represented as a high-dimensional
distribution, where each cycle of degradation corresponds to a capacity histogram with
multiple bins. However, to model the degradation process effectively, we first reduce the
dimensionality of these histograms. This reduction is performed by PCA, which projects
the high-dimensional data into a lower-dimensional latent space.

This approach is one of the key reasons why the method is referred to as a Latent
Gaussian Process. Instead of directly applying the Gaussian process to the high-dimensional
capacity histograms, we first apply PCA to H(t), reducing the data to K-dimensional
latent variables. These reduced components are then used as inputs for Gaussian process
regression, significantly simplifying the modeling process. This latent space transformation
allows us to capture the key features of the degradation behavior while discarding less
important details, providing a more efficient and accurate modeling approach.

To prepare the data for PCA, we first center and standardize the capacity histograms
H(t) at each cycle. Centering ensures that each distribution has zero mean, and standard-
ization ensures that each feature has unit variance, making the data suitable for PCA:

H.(t) = H(t) — ug (5)
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where yy; represents the mean capacity distribution across all cycles.

Next, we calculate the covariance matrix C, which captures the relationships between
the different bins of the capacity histograms:

1 T
C— < H(N)He(t) ©)

where N is the number of cycles. This covariance matrix is essential for PCA to identify the
correlations between capacity bins.

PCA involves solving the eigenvalue problem for the covariance matrix C. The eigen-
vectors vy represent the principal components, and the eigenvalues A, correspond to the
variance explained by each component:

Cop = v Ay (7)

These eigenvectors are ordered by the magnitude of their corresponding eigenvalues,
and the principal components with the largest eigenvalues are selected for the latent space.

After identifying the principal components, we project the centered data Hc(t) onto
the space spanned by these components:

Z(t) = He(t)V (®)

where Z(t) is the data projected into the lower-dimensional latent space and V is the matrix
of eigenvectors (principal components).

The number of principal components d is selected based on the explained variance.
We choose d such that the cumulative explained variance exceeds a threshold, ensuring
that the most significant patterns in the data are retained. In our case, d = 5 components
are chosen to represent the most critical variations in capacity degradation behavior, while
reducing dimensionality:

1

- ©
E A
k=1

where E is the explained variance ratio. This step ensures that the latent space captures

the key degradation features and provides a compact representation of the original high-
dimensional data.

2.4. Gaussian Processes

In this study, we perform Gaussian process regression [32] on each of the d principal
components derived from the PCA process. Let Z(t) = [z(£), za(£), . - ., z4(})]T denote the
vector of latent variables (principal components) at cycle t, which corresponds to the battery
capacity histogram H(t) projected into the lower-dimensional latent space using PCA. Each
component z;(f) represents the value of the k-th principal component at cycle t.

For each ke{l, 2, ..., d}, a separate GPR model is used to predict the trajectory of the
corresponding latent variable zi(f) over cycle. The general form of the model for each
principal component z(t) is given by

() = fie(t) + ex(t) (10)
where fi(f) represents the underlying smooth function that governs the evolution of the

k-th principal component over time and &(t) is the Gaussian noise term, capturing the
uncertainty or errors in the observations of the k-th component.
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Each fi(t) can be modeled as a Gaussian Process:
zi(£) ~ GP(ui(t), ke(t, 1)) (11)

where j;(t) is the mean function, which is assumed to be zero, and k(f, ') is the covariance
function (kernel), which defines the correlation between cycles for the k-th component. A
typical choice for the kernel is the squared exponential kernel, which ensures smoothness
and captures correlations between nearby cycles.

The GPR models are trained separately for each of the d principal components, with
the observed data used to infer the latent function fi(t) and the noise term g(t). After
training, these models can predict future values of the zi(t), allowing us to forecast the
battery capacity degradation in the latent space. These predicted latent components Z, ¢4 (f)
are then combined with the inverse PCA transformation to reconstruct the future capacity
histograms Yp,ed( t):

Yored (£) = Zprea (V' + 2 (12)

To obtain normalized histogram values, we apply the Softmax function [33] and
scale the predictions by the length of the sliding window to ensure the total sum of the
distribution is W:

YB‘[:&" (t) = W - Softmax(Ypea(t)) (13)
where YIUA\(f) is the final output of the proposed method.

2.5, Evaluation Metrics

The performance of the prediction model is evaluated using two key metrics: Kullback—
Leibler (KL) divergence and mean squared error (MSE) [34].

The Kullback-Leibler divergence KL measures the difference between the true and
predicted distributions, which can be computed as follows:

true,k norm

K
KL= E ynorm lOg( Yirue k ) (14)
=1 Ypred k

The mean squared error MSE evaluates the overall error between the true and pre-
dicted distributions, which can be defined as follows:

1 K
MSE = 23 (Viruek = Vpees)” (15)
k=1

3. Results
3.1. Datasets

To evaluate the performance of the proposed latent Gaussian process-based model
in predicting capacity histogram evolution under dynamic loads, we employed the Ran-
domized Battery Usage 7: Low-Temperature Left-Skewed Random Walk dataset provided
by NASA’s Prognostics Center of Excellence. This dataset comprises four commercial
18,650 lithium-ion cells (identified as RW13, RW14, RW15, and RW16) that were con-
tinuously cycled under a randomized loading protocol designed to emulate real-world
current variability. In each cycle, the batteries were first charged to 4.2 V using a constant-
current/constant-voltage (CC/CV) scheme and then discharged to 3.2 V following a ran-
dom walk discharge pattern. During discharge, the current setpoint was updated every 60 s.
The new current value was drawn from a customized left-skewed probability distribution
favoring lower currents. The available setpoints ranged from 0.5 A to 5.0 A, with selection
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probabilities as follows: 0.5 A (7.2%), 1.0 A (14.8%), 1.5 A (19.3%), 2.0 A (21.6%), 2.5 A
(14.6%), 3.0 A (10.0%), 3.5 A (6.5%), 4.0 A (4.0%), 4.5 A (1.5%), and 5.0 A (0.5%).

The discharge capacity degradation of four cells (i.e., RW13, RW14, RW15, and RW16)
over time under dynamic current loads are shown in Figure 2. It is worth noting that
the RW16 curve in Figure 2d presents a visible gap between mid-November and mid-
December 2014, which reflects a discontinuity in the original dataset rather than any
data preprocessing issue. The results highlight that despite identical testing protocols, the
degradation behaviors of different cells under randomized dynamic loads exhibit significant
variability. The dynamic loading conditions lead to capacity degradation patterns that
are not confined to a single trajectory but instead manifest as dispersed scatter trends.
Moreover, the degree of dispersion increases with cycling, emphasizing the stochastic
nature of battery aging. This further validates the necessity of capturing the distribution
of capacity degradation rather than relying solely on deterministic point estimates when
predicting battery health under realistic operating conditions.
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Figure 2. Scatter plot of battery discharge capacity degradation under dynamic load: (a) RW13;
(b) RW14; (c) RW15; (d) RW1é.

3.2. Predictive Performance

To evaluate the predictive performance of the proposed method under a practical
small-sample setting, we consider a scenario where the complete degradation trajectory of
battery RW13 is available, while only the first 100 cycles of RW14, RW15, and RW16 are
observed. The objective is to predict the capacity degradation histograms of RW14-RW16
from the 100th cycle until end-of-life. The prediction results are illustrated in Figure 3.
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Figure 3. Prediction results on RW14, RW15, and RW16 using the proposed method. (a,e,i): Measured
histograms. (b,fj): Predicted histograms. (c,g,k} and (d,h,1): KL divergence and MSE boxplots from
cycle 100 onward.

As shown in Figure 3a,e,i, the actual degradation histograms of RW14-RW16 exhibit
considerable variability despite identical test protocols. Nevertheless, leveraging the full
degradation data from RW13 and the early-cycle data from each target battery, the proposed
method accurately reconstructs the capacity degradation histograms, closely matching the
measured histograms in Figure 3b,fj.

To quantitatively assess prediction accuracy, we report the KL divergence and MSE
between the predicted and actual histograms in Figure 3c,g,k and Figure 3d,h,1, respectively.
The results show that the maximum KL divergence remains below 3, with the median value
under 2, indicating strong distributional consistency. Meanwhile, the maximum MSE does
not exceed 0.16, and the median remains below 0.03, confirming the high fidelity of the
predicted degradation patterns.
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These results demonstrate that the proposed approach can effectively infer future
degradation histograms using limited early-cycle data, offering a promising solution for
data-efficient battery lifetime prognosis under dynamic operational conditions.

3.3. Comparison with Conventional Baselines

To demonstrate the effectiveness of the proposed Latent GP method, we design three
comparative baseline models. The first baseline uses a standard GP without dimensional-
ity reduction, directly modeling the high-dimensional capacity degradation histograms.
This model shares the same hyperparameters as the proposed Latent GP to ensure a fair
comparison. The second baseline employs an LSTM network, a widely used deep learning
approach for time-series forecasting. The LSTM network takes the sliding window of
historical capacity histograms as input and iteratively predicts future distributions. The
network consists of two LSTM layers (each with 30 hidden units), followed by a fully
connected layer for dimensional mapping and ReLU activation to ensure non-negativity of
the output. It was trained for 200 epochs using the ADAM optimizer with a learning rate
of 0.02 and MSE as the loss function. The third baseline introduces a Monte Carlo Dropout
LSTM model, which shares the same architecture and training setup as the standard (MC)
LSTM but adds dropout layers with a rate of 0.3 before each LSTM and fully connected
layer. During inference, dropout is retained to enable stochastic forward passes that ap-
proximate a Bayesian posterior distribution [35]. A total of 30 such passes are performed at
each prediction step, and the final prediction is obtained by averaging the results. These
comparisons were conducted under the same setup: RW13 served as the reference battery
with complete capacity degradation data, and RW14 was the target battery. Predictions
began at the 100th cycle. The results are shown in Figure 4.
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Figure 4. Predictions on RW14 using RW13 as the source, starting from cycle 100. (a-d): Results
from LSTM, MC Dropout LSTM, standard GP, and Latent GP. (e~h): Corresponding KL divergence
and MSE.
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Figure 4a—d illustrate that the Latent GP most closely reproduces the measured degra-
dation histograms (cf. Figure 3a). In contrast, the LSTM and MC Dropout LSTM models fail
to capture the degradation patterns over time. The MC Dropout variant provides slightly
less noisy predictions than the deterministic LSTM but still lacks the ability to track capacity
decline. The standard GP performs better than both LSTM-based models but remains less
accurate than the Latent GP. Its scattered predictions may result from its inability to model
the dominant components of degradation processes.

Figure 4e—h quantify performance using KL divergence and MSE. The LSTM model
exhibits the highest KL divergence, often exceeding 20, indicating a significant mismatch
with the true distribution. The MC Dropout LSTM reduces the KL divergence to below 9
and achieves a median MSE around 0.01, suggesting that Bayesian approximation improves
generalization and robustness. The standard GP maintains KL divergence below 7 but
reaches an MSE above 0.02. In contrast, the Latent GP achieves both KL divergence below
3 and MSE below 0.015. These gains are attributed to the use of PCA, which captures the
intrinsic structure of histogram evolution and enhances long-term forecast stability.

3.4. Performance with Different Starting Points

To explore the predictive performance under varying data availability, we conducted
simulations assuming the complete capacity degradation data of the RW13 battery is
known. The target battery in this analysis is RW14. We varied the starting point of
prediction, altering the ratio between available historical data and the future degradation
trajectory to be predicted. Specifically, the starting points were set at cycles 1, 50, 100, 200,
and 500 to simulate different levels of prior information.

The boxplots for KL divergence (Figure 5a) and MSE (Figure 5b) are shown for each
starting point. As the number of available cycles increases, both the KL divergence and
MSE reduce, indicating that a higher proportion of historical data contributes to improved
prediction accuracy. Specifically, when starting from cycle 1, the predictions exhibit higher
divergence and error, which steadily decrease as more cycles are included for training.
Starting from cycle 100 and beyond provides relatively stable prediction results, with the
KL divergence and MSE values remaining low, indicating that predictions based on a larger
portion of historical data are more accurate.

These results suggest that the predictive performance improves significantly when
more historical data are incorporated, emphasizing the importance of early-cycle data in
refining capacity degradation forecasts.

3.5. Sensitivity Analysis

Sensitivity analysis helps evaluate the robustness of the LGP method to design choices
and input variations. Thus, we perform a sensitivity analysis focusing on three aspects:
the number of principal components retained, the resolution of the capacity histogram
(i.e., the number of bins), and the impact of noise in early-cycle data. These experiments
are conducted under the same prediction setup used throughout the paper, where the full
degradation trajectory of battery RW13 is used for training, and only the first 100 cycles of
RW14 are observed for prediction.

We first vary the number of retained principal components in the PCA step. As
shown in Figure 6a,d, the model performs best when 3-5 components are kept, balancing
dimensionality reduction with information preservation. Including too few components
underrepresents structural trends, while including too many can introduce noise, leading
to increased prediction error.
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Figure 5. KL divergence (a) and MSE (b) for predictions starting at cycles 1, 50, 100, 200, and 500.

The effect of histogram resolution is examined by changing the bin width used to
discretize capacity into histograms. Specifically, capacity step sizes of 0.1 Ah, 0.05 Ah,
0.025 Ah, and 0.0125 Ah are used, resulting in 23, 45, 89, and 177 bins, respectively. As
shown in Figure 6b,e, increasing the number of bins generally reduces the mean squared
error (MSE), as finer resolution enables better matching of local histogram structures. How-
ever, a noticeable increase in KL divergence is observed at the highest resolution (177 bins).
This discrepancy between MSE and KL behavior arises because KL divergence captures the
overall distributional shape rather than localized errors. When the histogram has many
bins, many of them may become sparsely populated or empty. Although such sparsity
reduces the absolute error in individual bins (hence the lower MSE), even minor deviations
in the prediction can accumulate across many bins, leading to amplified differences in the
probability distribution and thus a higher KL divergence. Furthermore, retaining a fixed
number of principal components in the PCA step may limit the model’s capacity to fully
preserve fine-grained histogram features when the number of bins increases. Since PCA
reduces dimensionality based on variance concentration, subtle details captured in high-
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KL divergence

Mean squared error

resolution histograms may be compressed or lost. This trade-off between representation
resolution and latent feature fidelity may also contribute to the divergence trends observed
in Figure 6b,e.
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Figure 6. Sensitivity analysis: (a,d) impact of number of retained principal components; (b,e) impact
of capacity histogram resolution (bin count); (c,f) impact of early-cycle capacity noise level. Top row:
KL divergence; bottom row: MSE.

To evaluate robustness to early-cycle measurement uncertainty, we introduce zero-mean
Gaussian white noise to the first 100 capacity values of RW14, with the noise standard
deviation set to 1%, 2%, 3%, and 4% of the battery initial capacity. As illustrated in Figure 6c¢,f,
the LGP method demonstrates good stability across all tested noise levels. The KL divergence
and MSE remain relatively unchanged, suggesting that the model can tolerate moderate levels
of input noise without significant degradation in predictive performance.

These results indicate that the LGP framework is resilient to moderate parameter
perturbations and input uncertainty, supporting its potential for deployment in real-world
battery life prognosis scenarios.

4. Conclusions

This paper presents a Latent GP model for predicting high-dimensional capacity
degradation histograms of lithium-ion batteries under dynamic load conditions. The
method combines PCA for latent feature extraction with Gaussian Process regression
for temporal prediction, enabling accurate distribution forecasting from limited early-
cycle data.

We validated the approach using the publicly available NASA PCoE lithium-ion
battery dataset. In our experiments, battery RW13 served as the reference cell with full

122



Energies 2025, 18, 3503 13 0f 15

degradation data, while RW14, RW15, and RW16 were used as target cells with only
partial data available from the first 100 cycles. The proposed method demonstrated strong
predictive performance, with KL divergence consistently remaining below 3 and the median
MSE below 0.03. Compared to the conventional Gaussian Process method and a two-layer
LSTM baseline, the Latent GP produced more accurate and less scattered forecasts of the
capacity degradation histograms. In addition, the model maintained stable prediction
accuracy across different starting points for forecasting, including the 1st, 50th, 100th, 200th,
and 500th cycle, indicating its robustness under conditions of limited data availability.

Although this study was conducted using the commercial 18,650 cells from the NASA
dataset, the proposed method is inherently data-driven and does not rely on specific electro-
chemical formulations. As long as historical capacity degradation data are available, the La-
tent GP model can, in principle, be extended to batteries with different cathode chemistries.

Future extensions could incorporate cross-cell correlation modeling, generalization
to multi-chemistry datasets, and real-time online learning strategies for deployment in
embedded battery management systems.
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Abstract

Inconsistencies in lithium-ion battery packs pose significant challenges for both electric
vehicles and energy storage systems, causing diminished energy utilization and accelerated
battery aging. This study investigates the characteristics and aging processes of 32 batteries,
creating simulation models for cells and packs based on experimental data. Through a
controlled single-variable approach, the decoupled analysis of multi-parameter inconsis-
tencies is carried out. Simulation results demonstrate that parallel-connected packs can
maintain charge consistency without the need for external balancing systems, thanks to
their self-balancing mechanisms. On the other hand, series-connected packs experience
accelerated capacity degradation primarily due to charge inconsistencies linked to differ-
ences in Coulombic efficiency (CE) and the initial state of charge (SOC). For packs with
minor capacity variations and temperature inconsistencies, a passive balancing current of
0.001 C can effectively eliminate up to 3.8% of capacity loss caused by charge inconsistencies
within 15 cycles. Active balancing systems outperform passive ones primarily when there
is significant capacity inconsistency. However, for packs that have undergone capacity
screening before assembly, both active and passive balancing systems prove to be equally
effective. Additionally, inconsistencies in internal resistance have a minimal impact on
overall pack capacity but limit the power of both series-connected and parallel-connected
packs. These findings offer essential insights for the development of balancing systems
within battery management systems.

Keywords: lithium-ion battery; battery pack; inconsistency; passive balancing; active
balancing; battery management system

1. Introduction

As one of the key components driving the development of new energy technologies,
lithium-ion batteries have been widely adopted in energy storage systems and new energy
vehicles due to their advantages of high energy density and long cycle life [1]. Cells are
typically connected in series-parallel configurations to satisfy power and capacity demands.
However, inconsistencies in cell parameters can lead to the ‘barrel effect’, significantly
compromising the operational safety and lifespan of the battery pack [2]. Consequently,
research on battery consistency management holds critical importance for advancing the
efficient utilization of large-scale battery systems.

Battery inconsistency refers to the differences in parameters such as voltage, state of
charge (SOC), capacity, and internal resistance among cells of the same specification [3]. As
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shown in Figure 1, the differences in external characteristics of batteries arise from the cou-
pled effects of multiple internal and external factors [4]. Externally, critical factors affecting
consistency include the resistance of tab welds and connectors [5], thermal management
conditions [6], and preload forces exerted on cell surfaces [7]. Internally, variations in the
initial state and aging processes of cells lead to inconsistencies in internal parameters like
SOC, capacity, and internal resistance [8]. The initial state differences primarily depend on
battery materials and manufacturing process quality during steps such as electrode coating
and formation [9]. The differences in the aging process are primarily attributed to factors
such as Coulombic efficiency (CE), capacity fade rate, and resistance growth rate. These
depend not only on the materials and manufacturing techniques but also on the structural
design and management strategies of the battery pack [10]. Inconsistent CE induces SOC
variations in the short term [11], which indirectly causes uneven depth of discharge (DOD)
and further aggravates inconsistent capacity fade rates [12]. Additionally, inconsistent
internal resistance causes temperature differences during operation, further affecting CE
and capacity fade rate [13].

s Initial state - Internal parameter -- Aging process

Initial charge

Initial capacity

Initial resistance

| Terminal voltage | Temperature

A

Thermal

=
£l
= welds & connectors management

‘ Resistance of tab

‘ ‘ Preload force ‘

External

Figure 1. Influencing factors of inconsistency and their relationships.

As demonstrated above, inconsistency evolution is a complex process involving the
interaction of multiple factors. Without effective management, it can lead to accelerated
capacity fade and significant reduction in service life [14]. Therefore, first, cells must
undergo screening prior to pack assembly to enhance initial consistency [15,16]. Second,
external inconsistencies should be mitigated through optimized mechanical structures
and thermal management systems [17,18]. However, inconsistencies arising from battery
aging remain unavoidable. To address this, balancing systems are required to improve the
performance of the battery pack after aging.

Common balancing systems are classified into two categories: active and passive
balancing systems [19,20]. Active balancing systems transfer energy from high-energy cells
to low-energy ones via external circuits [21] or individually charge low-energy cells using
external power sources [22]. There is almost no energy loss in this process. Conversely,
passive balancing systems dissipate excess energy from high-energy cells through parallel
resistors as heat until energy equalization is achieved [23]. This reduces the total system
energy, making it also known as dissipative balancing.

Current research suggests that passive balancing is suitable for small-to-medium-sized
battery packs with good consistency, offering simple structure and ease of operation. In
contrast, complicated active balancing is preferred for high-power application scenarios
such as large-scale packs with significant inconsistency [24]. However, detailed studies
remain scarce regarding the specific applicability of active and passive balancing under
varying battery parameter inconsistencies. Systematic investigation into the impact of cell
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parameter inconsistencies on pack performance and the applicability of active and passive
balancing is critical for enhancing the efficient and safe utilization of energy. Nevertheless,
conducting such research using actual battery packs faces significant challenges due to the
following factors:

1. Parameter coupling: The influence of cell parameter inconsistencies on overall pack
performance exhibits strong interdependencies [25].

2. Measurement constraints: Key parameters of cells such as capacity, SOC, and CE
cannot be directly measured during aging tests without disassembling the pack.

3. Irreversibility and non-reproducibility: Irreversible parameter changes and non-
repeatable experimental conditions prevent result verification.

To address these limitations, this paper establishes battery models based on experi-
mental data, with investigations conducted through simulation. The major contributions of
this paper are as follows:

1. A controlled single-variable approach is innovatively introduced to inconsistency
evolution analysis. Based on the developed battery pack simulation model, this study
quantitatively decouples how each factor (e.g., initial capacity, internal resistance, CE)
independently drives pack capacity degradation. This solves the problem of unclear
fade mechanisms of pack capacity under multi-parameter coupling in traditional
experimental science and offers crucial evidence for identifying the main factors of
pack capacity fade.

2. Previous studies select active/passive balancing systems based solely on cost and bal-
ancing time. The correlation between inconsistency types (SOC/ capacity /resistance)
and optimal balancing system is systematically proposed for the first time based on
decoupling analysis. These findings provide new guidance and a novel dimension for
selecting balancing systems.

The remaining sections are organized as follows: Section 2 describes the lithium-
ion batteries and experimental protocols employed in this paper. Section 3 presents the
methodology for constructing the battery simulation model. Section 4 systematically
conducts a decoupling analysis of parameter inconsistencies of battery packs configured in
series and parallel. Section 5 discusses the applicability of active and passive balancing.
Finally, Section 6 summarizes the findings.

2. Battery Experiment

To comprehensively characterize the probability distribution of battery parameters
and mitigate the effects of random experimental errors, 32 lithium nickel manganese
cobalt oxide (NMC) batteries of the same batch are selected as test subjects. These cells,
sequentially labeled NMCO1 to NMC32, exhibit specifications detailed in Table 1.

Table 1. Specifications of NMC batteries.

Parameter Value
Size @18 x 65 mm
Normal capacity 2.4 Ah
Cut-off voltages 3.042V
Max discharge rate 4 C(0~40°C)
Normal charge rate 05Cat25°C
Operating temperature —20-60 °C for discharge and 10-45 “C for charge
Mass 48¢g

The experimental platform consists of an ARBIN-BT2000, an environmental simulation
chamber, and a host computer. As shown in Figure 2, the experimental procedure mainly
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consists of four parts: capacity tests, open-circuit voltage (OCV) tests, hybrid power pulse
characteristic (HPPC) tests, and aging cycle tests. Characteristic tests are performed every
100 aging cycles. All tests are conducted at 25 °C.

:Characteristic fests at 25°C% ;" "Aging cycle tests at 25°C™ "
Capacity test '4— 100 cycles of 0.5C charging |:
5 ( E iy ) : [ and 1C discharging :
( OCV test J ¥

: % : Data extraction

¢ ._’. + Capacities

( HPPC test )1 i e OCV-S0Ccurves :
| 2 i e Parameters of the model

Figure 2. Experimental procedure.

3. Construction of Simulation Model

Battery management algorithms often employ equivalent circuit models, electrochemi-
cal models, or neural network models to characterize both long-term and short-term battery
behaviors [26,27]. However, the evolution of inconsistencies involves multi-factor coupling
effects, and precise modeling of all cells can lead to excessive computational demands.
Given that this paper primarily focuses on long-term battery parameter evolution (e.g.,
capacity and internal resistance), short-term battery behaviors such as concentration po-
larization are omitted in the modeling framework. Consequently, the simulation model
developed in this section incorporates certain simplifications.

3.1. Battery Cell Model
3.1.1. Equivalent Circuit Model

The Rint model is selected in this paper. The model structure is shown in Figure 3.
Here, Uy denotes the terminal voltage of the battery, I represents the load current (positive
during discharge and negative during charge), R; is the internal resistance, and Ugcy is
the open-circuit voltage. While R; and Upcy vary with temperature, changes caused by
temperature fluctuations under constant ambient conditions are neglected in this section.
Therefore, R; and Upcy are only related to the aging state and SOC.

L Ri
 — O
+
Uocv C"’) Ut
0

Figure 3. Rint model.

The SOC can be determined using the following equation:

Z = CQ’; % 100%, 1
Q= Q— [0+ L), @
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where z; denotes the SOC at time k, Qi represents the remaining charge at time k, C, 1 is
the capacity, Qp indicates the initial charge, Iy denotes the balancing current, and 1 is the
CE. CE is challenging to obtain experimentally. The discharge CE is generally assumed to
be approximately 1, while the charge CE is modeled using Equation (3) in this study to
characterize its temperature-dependent behavior.

Hdch =1
{ Heng = 1 +Ky - (T —298) * @

where 714cn and iy denote the discharge and charge CE, respectively. T denotes the
Kelvin temperature. k; is the temperature negative correlation coefficient, which is set to
—2 x 1072 in this paper. This implies that the charge CE generally decreases with rising
temperature [28].

3.1.2. Thermal Model

The thermal model used in this paper is shown in Equation (4):
T= T0+f[(IL+IB)?'Ri—q(T—TO)A]/(mva)a‘f, ()

where m is the cell mass, and Ty is the ambient temperature in Kelvin. Cy, indicates the
specific heat capacity, taken as 1000 ] /(kg-K). A represents the heat dissipation area and is
set to 0.0042 m?. g denotes the heat dissipation coefficient. Optimized thermal management
ensures approximate uniformity in heat dissipation across cells. Thus, 4 is assumed constant
at 20 W/(K-m?2) here.

3.1.3. Aging Model

The aging model in this paper is established based on experimental data. As shown in
Figure 4a, the cells exhibit good initial consistency in internal resistance, with a mean value
of 34.78 m() and a standard deviation of 1.53 m().

* R;afteraging = ]nitialR‘j

* C,afteraging = lnitiaiCJ

@3 Lo @ o - (&) 24 _.-I..I.l'-.l.l.'.-...l..l.-..l.
48 - - T S 23 |=
A .. . L] g
S ) e B R, SR e =22
> i i . g el
40 | I s §f S . TR
F o= L] H . (s ® . 4" o
R R T LT S e 1 el Wi T W 37 R
[ .. -an - I [] -
2 o | UL Pl S| 19 P P ) I |
0 8 16 24 32 0 8 16 24 32
Cell No. Cell No.

Figure 4. Distributions of internal resistance and capacity across 32 cells. (a) Initial internal resistance
and internal resistance after aging. (b) Initial capacity and capacity after aging.

After 400 aging cycles, the internal resistances increase overall. The inconsistency
further aggravates, with the mean value rising to 47.04 mQ) and the standard deviation
increasing to 3.08 m(). In addition, due to divergent aging trajectories, the cells with the
maximum and minimum internal resistance shift after the aging cycles compared to before.
Similarly, the capacity distribution is shown in Figure 4b. The initial capacity demonstrates
a mean value of 2.36 Ah with a standard deviation of 0.014 Ah. After 400 aging cycles, the
capacity exhibits a reduced mean value of 2.01 Ah and an increased standard deviation of
0.05 Ah. It indicates an overall capacity fade and increased inconsistency.
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Figure 5 illustrates the internal resistance growth trajectories and capacity fade trajec-
tories of 32 cells over 400 aging cycles.

@3
5 FCell 1 NIRRT Cell32
50 =

-_ gl
it

0 100 200 300 400 0 100 200 300 400
Cycle No. Cycle No.

Figure 5. Internal resistance growth trajectories and capacity fade trajectories of 32 cells over

400 aging cycles. (a) Internal resistance growth trajectories. (b) Capacity fade trajectories.

Based on the experimental data, simplified linear aging models for battery resistance
and capacity are established, as shown in Equations (5) and (6), respectively.

Rin = Rijp +kg "N, (5)

CanN =Cap+kc N, (6)

where N € [0, 400] denotes the equivalent cycle number, defined as the ratio of total
charge /discharge ampere-hour (Ah) to the rated capacity. R;y and C,y represent the
internal resistance and capacity at equivalent cycle N. Ry and C,y indicate the initial
internal resistance and initial capacity, respectively. kg is the positive internal resistance
growth rate, and k¢ is the negative capacity fade rate.

3.2. Battery Pack Model
The battery pack model comprises basic models and difference models. The basic
models establish relationships between cell-level and pack-level parameters, defining pack
capacity, SOC, resistance, and other pack-level parameters under varying topologies and
balancing system configurations. Difference models generate parameter variations among
cells to simulate inconsistencies. The overall flowchart for constructing the battery pack

model is illustrated in Figure 6.
[Difference models |
% difference |__
model .

CE difference
model

Generate Can and Casno
of cells randoml

Y

Cell capacities

Calculate SOCs based
on Equations (1)&(2

Generate zo and K, of
cells randomly

Cell SOCs&OCVs

Generate Rioand Rian | & | ke difference | : o]
of cells randomly

>
Tnitialize cel | U™ Calculate temperatures. H o —_——
temperatures based on Equation (4) i 5

v 1

Paralle] g
Topology Calculate pan_kl\ parameters

based on Equations (13)&(14;
Series

Cell resistance

!
L

Calculate pack parameters

Judge the balancing system
based on Equations (7)-(12,

configurations

Figure 6. Overall flowchart for constructing the battery pack model.

3.2.1. Basic Model
The calculation methods for parameters such as capacity, internal resistance, and SOC
in the battery pack differ from those for the cell. For series-connected battery packs, the
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total current equals the main circuit current, and the total voltage and internal resistance

correspond to the sum of terminal voltages and internal resistances of all series-connected

cells, respectively. However, the definitions of usable capacity and SOC vary with the
applied balancing systems [29]. As shown in Figure 7, we take three series-connected cells
as an example:

1. Battery packs without balancing systems. Cell 1 exhibits the minimum remaining
rechargeable capacity in the initial state, while Cell 2 demonstrates the minimum
remaining electric quantity and the smallest total capacity. During charging, Cell 1
gets fully charged first, whereas Cell 2 gets fully discharged first during discharging.
This demonstrates that the total pack capacity is constrained by the two cells, and the
battery pack state is defined accordingly as follows [30]:

C;,(faack =min(C, ;- 2;) + min [Cy ;- (1 - z;)], (7
in(C. -z
20 = m—"::(mﬂ” %) s 100%, ®)
a,pack
where C;‘,‘l’mk and zggck denote the capacity and SOC of the battery pack without the

balancing system, and C and z indicate the capacity and SOC of cells.

2. Battery packs with passive balancing systems. Dissipative resistors continuously
discharge Cells 1 and 3 during charging to ensure Cell 2 achieves full charge. Pas-
sive balancing is disabled during discharging, allowing Cell 2 (with the minimum
remaining electric quantity) to get fully discharged first. Consequently, the theoretical
maximum capacity of the battery pack with the passive balancing system equals the
capacity of the weakest cell. The battery pack state is defined as follows:

Copack = min(Co ), ©)
pa _ min(Cy;-z) o
Pock = — g X 100%, (10)
a,pack

where C:;Mk and Zg:ck denote the capacity and SOC of the battery pack with the
passive balancing system.

3. Battery packs with active balancing systems. Since energy can be transferred among
cells, it can theoretically ensure that all cells reach full charge or full discharge simul-
taneously. The state is defined as follows for the battery pack:

C;jmk = mean(C,;), (11)
: Cay 21
B = w X 100%, (12)

a,pack

where C:cpac.k and Z?}ick denote the capacity and SOC of the battery pack with the

active balancing system.

Compared to series-connected battery packs, the basic model of parallel-connected
battery packs is relatively simpler. All cells share identical terminal voltages, while the total
pack capacity equals the sum of cell capacities. The pack resistance can be calculated using

Equation (13): - %
1482 .- g

—_—— 13
Ri+Ry+...4+R, (13

Rpark =

where Rpack denotes the pack resistance, and R, represents the internal resistance of each
cell. Due to the self-balancing mechanism, the OCVs of all cells equalize after prolonged

132



Energies 2025, 18, 3439 8of 20

rest periods [31]. During operation, differences in internal resistance cause varying branch
currents. These currents can be calculated according to Equation (14):

L' Ry 0 0 0y, Uocv,1
1 0 Ry, . o0fl|h Uocvy,2
. Li| i .
SR RO | el el N & (14
1 0 0 R,||: Uocv
0 1 1 1 Iy I

where Ugcy, represents the OCV of the n-th cell, and I;; is the current in each branch.

Without balancing Passive balancing Active balancing
. —

Full charge
Full charge
Full charge

o 17 1]
o — 5o =] =
e f g
=) F
] & =
2 I 2 .
= 3 E

Initial state = L] = £

(a) (b) (c) (d)
Irreversible — Remaining oEE Remaining electric p—— =~  Pack

capacity loss rechargeable capacity quantity ==—=1 capacity

Figure 7. State differences in battery packs with different balancing systems. (a) Initial state of the
battery packs. (b) Battery packs without balancing systems. (c) Battery packs with passive balancing
systems. (d) Battery packs with active balancing systems.

3.2.2. Difference Model

To characterize inconsistency, models for differences in CE, internal resistance, and
capacity are added. This section introduces an efficiency variation coefficient Ky, to represent
the inconsistency in CE among cells, as formulated below:

fdch,i = Kypi
3 o (15)
{ ';'chg,! = Kﬂ;ﬂ.i [‘E o kn’ G (Ti = 298)]

where the values of K, are selected based on experimental data, following a normal
distribution with a mean of 0.9884 and a standard deviation of 5 x 107,

The difference models for cell capacity and internal resistance are also generated based
on experimental data. The initial internal resistances of cells follow a normal distribution
with a mean of 34.78 m() and a standard deviation of 1.53 m{). After 400 aging cycles, the
internal resistances conform to another normal distribution with a mean of 47.04 mQ) and a
standard deviation of 3.13 m{). Initial and post-aging internal resistances for simulated
cells are randomly generated using normal distribution functions. The slope of the line
connecting the initial point and the aged point represents kg in Equation (5). Then the
internal resistance difference models for each simulated cell can be generated accordingly.
The capacity difference models are constructed following a similar methodology.

4. Decoupling Analysis of Inconsistencies

This section employs a controlled single-variable approach to conduct battery pack
simulation experiments. The battery parameters are configured according to experimental
data, as specified in Table 2.
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Table 2. Battery simulation parameter configuration.
Parameters zy Cap Rip Ky Cad00 Ri 400
Expectation 0.5 2.363 Ah 34.78 m() 0.9884 2.026 Ah 47.04 mQ)
Standard deviation 0.01 0.03 Ah 1.53 mQ) 5% 1078 0.06 Ah 313 mO

4.1. Simulation of Battery Pack Connected in Parallel

In parallel-connected battery packs, where all cells maintain identical terminal voltages,
self-balancing during prolonged rest periods ensures equal initial SOC. Consequently, the
primary factors influencing inconsistency include initial capacity, initial internal resistance,
CE, capacity fade rate, and internal resistance growth rate. The simulation focuses on
a 12pls battery pack, and operational conditions are the same as those of aging cycle
experiments to maintain degradation trajectory consistency. To reduce simulation time, rest
periods between consecutive cycles are omitted.

4.1.1. Inconsistent Initial Capacity

The initial capacities of cells, generated stochastically based on Table 2, are listed in
Table 3. The capacity fade rate is set to —7.8 x 107% Ah, and the other parameters are all
taken as expected values.

Table 3. Initial capacities of cells.

2 3 4 5 6 7 8 9 10 11 12

Cap (AR

2.34

233 233 2.35 2.30 239 238 2.36 2.36 234 239 236

Figure 8a reveals fluctuating branch currents during charging. At the transition from
discharge to charge, cells with smaller initial capacities exhibit higher branch currents. After
approximately 70 s, branch currents turn to uniform levels. Subsequent current fluctuations
show that higher-capacity cells sustain larger branch currents, while lower-capacity cells
maintain higher SOC. This phenomencn originates from self-balancing mechanisms driven
by capacity inconsistencies. When branch currents equalize, all cells have identical ohmic
voltage drops and charge throughput. However, higher-capacity cells show smaller SOC
increments and correspondingly smaller SOC increments. To preserve terminal voltage
uniformity, branch currents of higher-capacity cells will increase to reduce SOC differences
between cells, and ohmic voltage drops will also increase accordingly. As SOC differences
decrease progressively, current inconsistencies diminish correspondingly, thus establishing
a dynamic equilibrium. Figure 8b,c demonstrate that upon entering the OCV plateau, the
differences in both branch currents and OCV are minimized. Charge throughput difference
is defined as the difference between the charge/discharge throughput of each branch and
the average throughput. As shown in Figure 8d, except during initial cycle transitions,
lower-capacity cells consistently have less charge throughput. The curves exhibit fishtail-
like expansion throughout the process. During the entire charging cycle, the maximum
current difference reaches 0.06 C, the maximum variation of OCV is 5 mV, and the SOC
difference remains below 1%.

Following the transition from charging to discharging cycles, the SOC of the cell with
the minimum capacity becomes the lowest. Since the discharging rate is higher than the
charging rate, Figure 9b,c demonstrate that with an initial capacity difference of 3.8%, the
range of branch currents reaches 0.1 C, the range of OCVs attains 8.3 mV, and the range of
SOCs exceeds 1%.
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Figure 8. Simulation of the single charging cycle of battery packs with inconsistent initial capacities.
(a) Absolute values of branch currents. (b) Range of branch currents. (¢) Ranges of OCVs and SOCs.

(d) Charge throughput differences in cells.
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Figure 9. Simulation of the single discharging cycle of battery packs with inconsistent initial capacities.
(a) Absolute values of branch currents. (b) Range of branch currents. (¢) Ranges of OCVs and SOCs.

(d) Charge throughput differences in cells.

4.1.2. Inconsistent Initial Internal Resistance

Initial internal resistances of cells, randomly generated based on Table 2, are listed in
Table 4. The internal resistance growth rates are set to 0.03 m().
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Table 4. Initial internal resistances of cells.
No. 1 2 3 4 5 6 74 8 9 10 11 12
Rjp (mQY) 355 36.4 359 343 35.2 33.6 36.1 33.0 33.1 335 30.3 37.0

Simulation results for a single discharging cycle are shown in Figure 10. The cell with the
lowest initial internal resistance exhibits the smallest ohmic voltage drop and the lowest SOC.
Upon entering the OCV plateau, discharge currents in lower-resistance branches increase to
maintain terminal voltage uniformity, further amplifying the SOC differences. However, after
exiting the OCV plateau, the discharge currents in lower-resistance branches rapidly decrease.
Figure 10a,d illustrate the dynamic evolution of branch currents and charge throughput
differences. Lower-resistance cells initially release more energy, while their discharge rates
progressively decrease. The charge throughput difference curves first expand and then
contract like a “spindle”. Notably, despite identical cell capacities, lower-resistance cells
deliver more energy during discharging cycles and absorb more charge during charging
cycles, creating differences in C-rates and DOD. Figure 10b,c reveal that given the initial
maximum internal resistance difference of 18.1%, the range of branch currents reaches 0.33 C,
the range of OCVs attains 40 mV, and the range of SOCs exceeds 5%.
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Figure 10. Simulation of the single discharging cycle of battery packs with inconsistent initial internal
resistances. (a) Absolute values of branch currents. (b) Range of branch currents. (¢) Ranges of OCVs
and SOCs. (d) Charge throughput differences in cells.

4.1.3. Inconsistent Coulombic Efficiency

Given the small inconsistencies in actual CE, this section amplifies the standard
deviation of the efficiency variation coefficient to enhance simulation clarity. The efficiency
variation coefficients for cells are specified in Table 5, while other parameters are set to their
expected values. CE inconsistencies impact the battery pack on a relatively small timescale.
Within a single cycle, CE inconsistencies directly induce SOC differences among cells.
As demonstrated in Figure 11 during charging, cells with lower CE have higher branch
currents but lower SOC, similar to simulation results with inconsistent initial capacities.
The maximum range of branch currents is about 0.02 C, the range of OCVs attains 1.4 mV,
and the range of SOCs is less than 0.4%.
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Table 5. Efficiency variation coefficients of cells.

No. 1 2 3 4 5 6 Z 8 9 10 11 12
Ky 101 9.83 9.89 9.91 9.94 9.96 9.89 9.81 9.85 983 1000 985 9.92
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Figure 11. Simulation of the single charging cycle of battery packs with inconsistent CE. (a) Absolute
values of branch currents. (b) Range of branch currents. (¢) Ranges of OCVs and SOCs. (d) Charge
throughput differences in cells.

As shown in Figure 12, inconsistencies show no significant progression even after
400 aging cycles. It indicates that parallel-connected battery packs are virtually unaffected
by CE inconsistencies.

1.00
B — —Cells
2 [ [=—Pack
5095 - ‘
T t
£ 0.864
Z 090 g EE
E ;i
5 L 0.860
0 100 200 300 400
Cycle No.

Figure 12. Aging trajectories of the parallel-connected battery pack and cells with inconsistent CE.

4.1.4. Inconsistent Capacity Fade Rate or Resistance Growth Rate

Inconsistent capacity fading rate and resistance growth rate affect the battery pack
over a long-term timescale. Their effects resemble those caused by initial capacity and
internal resistance inconsistencies. As cycles accumulate, the cumulative impacts of C-rate,
DOD, equivalent cycle number, and temperature differences become stronger. This further
exacerbates inconsistencies in capacity fade rates and resistance growth rates, ultimately
accelerating capacity degradation in parallel-connected battery packs. In extreme cases,
it can induce certain cells” actual charge /discharge rates to exceed the maximum limit,
causing safety risks [32].
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4.2. Simulation of Battery Pack Connected in Series
The simulation focuses on a 12s1p battery pack, and operational conditions are the
same as those of aging cycle experiments.

4.2.1. Inconsistent Initial Capacity
The cell parameters align with those in Section 4.1.1. Figure 13a illustrates the fade

trajectories of average cell capacity, minimum cell capacity, and pack capacity. The fade
trajectory of pack capacity fully overlaps with that of the weakest cell, maintaining a constant
offset from the average cell capacity. This demonstrates that the fade rates of series-connected
packs are determined solely by the weakest cell, independent of initial capacity inconsistencies.
While excessive initial capacity inconsistencies reduce the pack’s lifetime average capacity,
such effects remain stable and do not gradually expand with aging. Notably, the capacity
gaps between the pack and the minimum/average cell capacities represent theoretically
recoverable capacity losses through passive or active balancing systems, respectively. As
shown in Figure 13b, passive balancing systems cannot restore capacity losses due to initial
capacity inconsistencies, while active balancing systems can recover a fixed capacity equal
to the difference between average and minimum cell capacities. For packs with an initial
capacity range of 3.8%, active balancing systems can restore capacity by approximately 2%.
Since cells are typically screened based on initial capacities before assembly, the impact of
initial capacity inconsistency on series-connected packs can generally be eliminated.
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Figure 13. Simulation of series-connected packs with inconsistent initial capacities. (a) Fade trajecto-
ries of average cell capacity, minimum cell capacity, and pack capacity. (b) Theoretical recoverable

capacity losses by active or passive systems.

4.2.2. Inconsistent Initial Internal Resistance

The parameters of cells align with those in Section 4.1.2. It should be noted that internal
resistance inconsistencies lead to temperature variations, thereby causing differences in CE.
However, during the simulation, the temperature difference induced by internal resistance
does not exceed 1 °C, resulting in minimal SOC differences. As shown in Figure 14b, the
capacity improvement through balancing is nearly zero, so the initial internal resistance
inconsistency has almost no effect on the series-connected battery pack’s capacity.
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Figure 14. Simulation of series-connected packs with inconsistent initial internal resistances.
(a) Fade trajectories of average cell capacity, minimum cell capacity, and pack capacity. (b) The-
oretical recoverable capacity losses by active or passive systems.
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4.2.3. Inconsistent Initial SOC

The initial SOCs of cells are generated according to Table 2, as detailed in Table 6. All other
parameters are set to their expected values. Figure 15 reveals identical fade trajectories of the
minimum cell capacity and average cell capacity, both maintaining a constant offset from the
pack capacity fade trajectory. Notably, the recoverable capacity losses through active/passive
balancing remain consistent, with normalized values closely matching the initial SOC range.
This indicates that initial SOC inconsistencies have no persistent impact on battery packs, as
such inconsistencies can be fully eliminated through balancing in the early stage.

Table 6. Initial SOCs of cells.

No. 1 2 3 4 5 6 7 8 9 10 11 12
SOC (%) 50.5 51.8 47.7 50.9 50.3 48.7 49.6 50.3 53.6 528 48.7 53.0
. 100
% 0ss
g
E 090
E 7 P O .G SRR+ (R P (i e
Z 480 - - y
0 100 200 300 400 100 200 300 400
Cycle No. Cycle No.
Figure 15. Simulation of series-connected packs with inconsistent initial SOCs. (a) Fade trajectories of
average cell capacity, minimum cell capacity, and pack capacity. (b) Theoretical recoverable capacity
losses by active or passive systems.
4.2.4. Inconsistent Coulombic Efficiency
The efficiency variation coefficients are randomly generated based on Table 2 as shown
in Table 7, with other parameters set to their expected values.
Table 7. Efficiency variation coefficients of cells.
No. 1 2 3 4 5 6 7 8 9 10 11 12
K, (10" 9.8834 9.8844 9.8841 9.8839 9.8840 9.8831 9.8839 9.8847 9.8839 9.8839 9.8835 9.8839

As shown in Figure 16, after 400 aging cycles, the minimum cell capacity retains 86.5%
of the rated value, while the pack capacity declines to 81%. This is mainly due to the
CE variations causing varying charge throughput across cells. Charge throughput differ-
ences accumulate progressively with aging, resulting in pack capacity losses illustrated in
Figure 7b. Critically, CE inconsistencies induce negligible capacity variations, as evidenced
by nearly identical minimum and average cell capacities in Figure 16a. Figure 16b further
demonstrates that both active and passive balancing systems effectively reduce the battery
pack capacity loss caused by CE inconsistencies.
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o E
T 0% gz
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= 2 00
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3 [ g
< 080 2 000
0 200 300 a0 g 0 100 200 300 00
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Figure 16. Simulation of series-connected packs with inconsistent CE. (a) Fade trajectories of average
cell capacity, minimum cell capacity, and pack capacity. (b) Theoretical recoverable capacity losses by
active or passive systems.
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4.2.5. Inconsistent Capacity Fade Rate

The capacity fade rates of cells are set as specified in Table 8, with other parameters
assigned their expected values.

Table 8. Capacity fade rates of cells.

No. 1 2 3 4 5 6 7 8 9 10 11 12
ke (—10~% Ah) 8.47 8.53 8.07 7.02 6.20 8.02 8.40 785 835 100 687 787
Figure 17 demonstrates that the battery pack capacity always equals the minimum cell

capacity, while the difference between pack capacity and average cell capacity gradually
increases. This pack capacity loss can only be recovered by active balancing systems.
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Figure 17. Simulation of series-connected packs with inconsistent capacity fade rates. (a) Fade
trajectories of average cell capacity, minimum cell capacity, and pack capacity. (b) Theoretical
recoverable capacity losses by active or passive systems.
4.2.6. Inconsistent Resistance Growth Rate
The resistance growth rates of cells are set as specified in Table 9, with other parameters
assigned their expected values.
Table 9. Resistance growth rates of cells.
No. 1 2 3 4 5 6 7 8 9 10 11 12
kg (1072 mQ) 2.86 2.65 4.16 3.23 2.29 4.38 4.23 224 222 2.90 3.21 3.73

As shown in Figure 18a, even with a 50% range in resistance growth rates, the mini-
mum cell capacity, average cell capacity, and pack capacity are roughly equal. Figure 18b
reveals that increased internal resistance differences indirectly induce minor CE variations,
though the recoverable capacity loss through balancing systems remains below 0.1%. These
results conclusively demonstrate that inconsistencies in resistance growth rates have a
negligible impact on battery pack capacity.
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Figure 18. Simulation of series-connected packs with inconsistent resistance growth rates. (a) Fade
trajectories of average cell capacity, minimum cell capacity, and pack capacity. (b) Theoretical
recoverable capacity losses by active or passive systems.
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5. Discussion

The preceding analysis demonstrates that the self-balancing mechanism in parallel-
connected battery packs functionally equates to terminal voltage-based active balancing.
Throughout the aging process, normal cell inconsistencies exhibit minimal impact on
the capacity of parallel-connected battery packs, so no extra balancing system is needed.
However, significant inconsistencies, particularly large differences in internal resistance, can
cause individual cells to experience higher current rates than the pack average, accelerating
cell aging or causing safety risks. Consequently, pre-assembly screening of capacity and
resistance, especially resistance, is critical for parallel-connected packs.

For series-connected battery packs, supplemental balancing systems prove essen-
tial. The applicability of the active/passive balancing system is discussed below from
three perspectives.

1. Capacity inconsistency. Capacity inconsistencies primarily arise from steady-state
differences from initial capacity and dynamic differences caused by varying capacity
fade rates. Although CE inconsistencies indirectly contribute to capacity inconsisten-
cies, their impact remains negligible compared to the former factors. As mentioned
earlier, passive balancing systems cannot address capacity inconsistencies. Only ac-
tive balancing systems ensuring full charge and discharge of all cells can achieve
theoretical maximum pack capacity, while persistent capacity inconsistencies impose
heavy loads on active balancing circuits. For well-managed packs with pre-screened
capacities, the costly and complex active balancing systems can be avoided.

2. Resistance inconsistency. Resistance inconsistencies originate from inconsistent initial
resistances and resistance growth rates. Large resistance differences can induce
thermal differences, indirectly affecting CE and capacity fade rates. However, in
packs with optimized thermal management systems, such effects remain negligible.
Simulations confirm that resistance inconsistencies do not greatly affect the capacity
of series-connected battery packs. However, like parallel-connected packs, they can
limit the available power and overall performance. Notably, series-connected packs
demand stricter consistency in capacity and charge during pre-assembly screening,
with resistance uniformity being comparatively less critical.

3. Charge inconsistency. Initial SOC and CE variations jointly determine charge incon-
sistency. Initial SOC-induced charge inconsistencies remain constant during cycling,
while CE-induced charge differences accumulate with aging. Initial SOC variations
can be eliminated early in the pack’s life through balancing systems, so their im-
pact is transient. In contrast, CE-induced charge differences are persistent, requiring
continuous balancing throughout the pack’s life. Simulation experiments show that
charge inconsistencies are the main cause of pack capacity fading, while in the case
of only inconsistent charge, there is almost no difference in the pack capacity loss
that can be restored through passive or active balancing systems. To reduce balanc-
ing loads, pre-assembly screening should minimize initial SOC variations, coupled
with manufacturing process improvements to reduce CE inconsistencies. Notably,
the above simulation is for battery packs with uniform heat dissipation. Long-term
aging may amplify thermal inconsistencies, which can further indirectly cause charge
differences due to temperature-dependent CE. While balancing systems can address
resultant pack capacity losses, an effective thermal management system remains
essential throughout the battery’s lifecycle, significantly reducing the operational
burden on balancing circuits.

Given that passive balancing currents are typically limited, further discussion is re-
quired to assess their applicability in packs with large charge inconsistencies. In automotive
battery packs, the standard deviation of initial SOC is generally below 0.005, while the
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CE standard deviation is less than 3 x 10~°. Considering extreme cases, this section sets
initial SOC and CE standard deviations to 0.01 and 5 x 1077, respectively. Furthermore, the
cell with the lower initial SOC also has the lower CE. Initial SOCs and efficiency variation
coefficients are randomly generated and sorted in ascending order, as detailed in Table 10.
Other parameters are set to expected values based on Table 2.

Table 10. Initial SOCs and efficiency variation coefficients of the simulated cells.

No. 1 2 3 4 5 6 7 8 9 10 11 12
SOC, (%) 479 48.0 489 49.2 49.8 50.1 50.5 50.7 51.0 51.4 514 51.7
Ky 10~ 9.8831  9.8834  9.8835 9.8839  9.8839  9.8839  9.8839 9.8839 9.8840 9.8841 9.8844 9.8847

Figure 19a presents simulation results without passive balancing. It indicates that
the capacity of the battery pack declines rapidly. After approximately 350 aging cycles,
the capacity of the battery pack is less than 80% of the rated value. Initial SOC inconsis-
tencies account for a 3.8% capacity loss, while CE differences lead to increasing charge
inconsistencies, contributing an additional 9.1% recoverable capacity loss after 400 cycles.
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Figure 19. Simulation of series-connected battery packs with inconsistent initial SOC and CE.
(a) Simulation results without passive balancing. (b) Simulation results with passive balancing.

For comparison, the simulation is repeated with passive balancing enabled. The
passive balancing current is set to 0.001 C. This indicates that for automotive battery packs
with capacities of 100-200 Ah, the balancing current does not exceed 200 mA, consistent
with practical implementations [33]. As shown in Figure 19b, capacity losses caused by
charge inconsistencies are fully eliminated within approximately 15 cycles. Then, the
pack capacity remains equal to the theoretical maximum capacity. These findings confirm
that even with severe charge inconsistencies, a 0.001 C passive balancing current remains
fully sufficient.

In summary, passive balancing systems cannot recover pack capacity losses caused by
capacity inconsistencies. Therefore, active balancing systems are superior for scenarios with
significant differences in initial capacities or capacity fade rates, or where fast balancing is
required, such as second-life applications or large-scale battery maintenance operations.
However, for pre-screened packs exhibiting minimal capacity inconsistencies, passive
balancing systems achieve equivalent recoverable pack capacity as active balancing systems.
Crucially, the passive balancing remains effective even when initial SOC and CE standard
deviations reach 0.01 and 5 x 1073, respectively. Given their simple structure and low cost,
passive balancing systems are the optimal solution in such scenarios.

6. Conclusions

This study investigates battery pack inconsistencies under multi-parameter coupling
conditions. Characterization and aging experiments are conducted on 32 NMC batteries
at 25 °C to extract cell parameters and degradation trajectories. The data from these
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experiments are used to develop simulation models for both cells and packs. A controlled
single-variable approach is used to conduct the decoupled analysis of the impacts of
multi-parameter inconsistencies on battery packs. The capacity degradations of series-
connected and parallel-connected battery packs are systematically investigated under
varying conditions, including inconsistent capacity, internal resistance, charge, and aging
rates. Detailed discussions on the applicability of active and passive balancing systems are
conducted based on simulation results. Key conclusions are summarized below.

1. Parallel-connected packs can avoid the need for external balancing systems due to
self-balancing mechanisms. However, excessive internal resistance inconsistencies
may cause individual cells to experience current rates that exceed the pack averages,
which accelerates aging and poses safety risks.

2. Inseries-connected packs, inconsistencies in capacity and charge accelerate degra-
dation, with charge inconsistency caused by different CE and initial SOC being the
primary factor. Capacity inconsistency can only be addressed through active bal-
ancing systems, while both active and passive balancing systems are effective for
packs with charge inconsistencies. Although internal resistance inconsistencies have a
relatively minor impact on the capacity of series-connected packs, they do constrain
power performance.

3. For packs with well-controlled capacity and thermal uniformity, a passive balancing
current of 0.001 C can eliminate up to 3.8% capacity loss within 15 cycles. Therefore,
pre-assembly capacity screening and thermal management during operation are
critical. Under these conditions, passive balancing systems can significantly reduce
complexity and costs.

Future advancements in rapid pack assembly screening technologies and more ef-
ficient balancing strategies will enhance pack lifespan and operational safety. Further-
more, constructing more precise system-level thermal models will assist in the pre-
diction of consistency evolution and enable early-stage diagnostics for cells exhibiting
consistency deterioration.
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Abstract: [Objective] To solve the problem of endpoint trajectory tracking control in the application of
mechanical arms in the agricultural field. and ensure the high-precision trajectory tracking and stable operation
of the agricultural picking robot picking end. [Method] It is suggested to use a hyperbolic tangent function-
based sliding mode tracking control approach for a picking robot arm. A model of the manipulator dynamics
based on the workspace was built using inverse kinematics, and a sliding mode tracking controller for the
hyperbolic tangent function was created. The asymptotic stability of the control system was guaranteed by the
Lyapunov function. The simulation conftrol system of the manipulator was built in the MATLAB/Simulink
environment to verify the control algorithm. and the tracking effect of the sliding mode controller on the end

trajectory of the manipulator was analyzed. [Result] The simulation test results showed that the sliding mode
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controller based on the hyperbolic tangent function achieved high-precision trajectory tracking and stable

control, improved the convergence speed of the terminal trajectory tracking. reduced the robot end trajectory

tracking confrol error, and reduced the convergence time of the terminal trajectory tracking curve by 50%.

effectively improved the real-time performance and tracked accuracy of the robot picking system compared with

the switching function sliding mode controller. [Conclusion] The research can provide an effective control

method for the practical application of robotic arm picking.

Key words: Picking manipulator: Workspace; Sliding mode control: Hyperbolic tangent function: Trajectory

tracking
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3.3.5 Analytical prediction of battery capacity degradation trajectories considering

future operating condition variability ( ESCI/EI )

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior
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Analytical Prediction of Battery Capacity
Degradation Trajectories Considering Future
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(1. School of Mechanical Engineering, Beijing Institute of Technology, Beijing 100081, China;
2. Energy Storage Research Institute, CSG, PGC, Guangzhou 510630, China;
3. College of Engineering, South China Agricultural University, Guangzhou 510642, China)

Abstract: Accurate prediction of battery capacity degradation trajectories is essential for ensuring device safety, yet existing

analytical models often overlook the uncertainties of future operating conditions. This paper presents an analytical approach that

incorporates future operating condition variability into capacity degradation trajectory prediction. A dual-exponential model is used to

model the nonlinear degradation behaviors, while Box-Cox transformation with variable coefticients is applied to describe the

trajectory’s dependence on future operating conditions. Additionally. particle filtering is employed to dynamically predict capacity

degradation trajectories and confidence intervals under random future conditions. Experimental results show that the proposed

approach achieves a median root mean square error below 0.172 A-h using only the first 25 cycles, representing a 52.8% improvement

in accuracy over existing methods.

Keywords: Lithium-ion battery: capacity degradation: remaining useful life prediction; analytical modelling: particle filter

1 Introduction

As the demand for clean energy continues to rise,
lithium-ion batteries have become essential energy
storage devices in applications such as electric
vehicles, portable electronics, and electrochemical
energy storage systems, thanks to their high energy

density, long environmental

[1-3]

lifespan, and low
impact " . Their capacity is a critical performance
metric but inevitably degrades over time, which
directly impacts both device performance and
potentially operational safety . Therefore, capacity
monitoring is crucial for ensuring the reliability and
safety of lithium-ion batteries throughout their
lifecycle 561

Predicting battery capacity degradation trajectories

is particularly important for estimating the remaining
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useful life of the battery, evaluating its remaining
ampere-hour throughput, and ultimately enhancing
device reliability, extending service life, and reducing

. 7-
maintenance costs [Sl.

These predictions play a
critical role in preventing capacity failure and
optimizing maintenance schedules.

Battery capacity degradation prediction methods
can be classified into two categories: deep
learning-based approaches and analytical model-based
approaches. Deep learning methods, particularly those
leveraging large historical datasets, have garnered
considerable attention in recent years for their strong
data processing capabilities and automatic feature
extraction. For example, researchers have used long
short-term memory (LSTM) networks to capture the
temporal dependencies in battery degradation data and
predict future degradation trajectories ! Other
methods, such as deep convolutional neural networks
(CNNs), have been applied to mine features from
operational data to map degradation patterns Hacta),
While these methods perform well with extensive data,

they are highly dependent on the quantity and quality



of training data, can be sensitive to noise, and may
lack reliability under extreme operating conditions.

In contrast, analytical model-based approaches offer
higher interpretability and robustness by explicitly
defining the relationship between cycles and capacity
These
typically use simple functional forms such as linear,

through  mathematical equations. models
polynomial, logarithmic, and exponential equations to
map cycle numbers to degradation trajectories,
providing stable predictions based on extrapolation
U521 However, most existing analytical models
assume that future operating conditions will remain
consistent with historical data, neglecting variability in
future usage conditions. This limitation reduces the
accuracy and applicability of predictions in real-world
scenarios >, To address this, some studies integrate
deep learning methods that consider both historical
degradation patterns and the variability of future
operating conditions ™!, Despite these efforts, such
methods remain fundamentally deep learning-driven,
and still face challenges related to data dependency
and reliability.

Given these challenges, there is a clear need for
analytical modeling methods that account for
variability in future operating conditions, offering
more robust and reliable predictions for real-world
applications. To meet this need, this paper proposes a
novel analytical modeling and prediction approach that
incorporates variability in future operating conditions
into the prediction of battery capacity degradation
trajectories. The proposed method utilizes a
dual-exponential model to capture the nonlinear decay
of battery capacity, applies a Box-Cox transformation
with variable coefficients to represent the dependency
of degradation trajectories on future conditions, and
uses particle filtering to dynamically predict
degradation trajectories and their confidence intervals
under varying conditions. The effectiveness of this
approach is validated using a dataset covering 55
battery samples. with variable operating conditions.

The remainder of this paper is organized as follows:
Section 2 presents the dataset of battery capacity
degradation under wvarying operating conditions.
Section 3 outlines the proposed analytical modeling
and prediction methods. Section 4 discusses the results

and analysis, and Section 5 draws the conclusions.
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2 Battery degradation data

Batteries in real-world applications are often subjected
to dynamic external factors, such as fluctuating
currents and temperatures, which lead to wvarying
operating conditions. This variability complicates the
prediction of battery capacity degradation trajectories,
making it essential to consider how future operating
conditions might influence degradation.

For this study, we utilize a battery capacity
degradation dataset jointly developed by Beijing
Institute of Technology and the Massachusetts Institute
of Technology 1] The dataset includes degradation
test data for 55 commercial LR1865SZ lithium-ion
batteries (nominal capacity 2.4 A-h, operating voltage
range of 3.0 Vto 4.2 V, and tested at 25 C).

The testing process comprises two phases: an early
constant-current  cyeling phase followed by a
random-current cycling phase.

In the early constant-current phase, the batteries are
discharged at a constant current of 2C, followed by
charging at 0.5C constant current to 4.2 V. The
charging then switches to constant voltage mode until
the charging current drops below 0.048 A. In the
random-current cycling phase, the batteries are
discharged at 3C constant current and then charged
with a randomly selected current (1C, 2C, or 3C) until
reaching 4.2 V.

The resulting battery capacity degradation
trajectories from this dataset are shown in Fig. 1,
providing a comprehensive view of the impact of

varying operating currents on capacity loss.

23

¥}
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Iig. 1 Battery capacity degradation trajectories under varying

current profiles. Different colors indicate different batteries



The test results indicate that the full-life degradation
trajectory of the batteries exhibits typical nonlinear
characteristics. Under randomly varying current loads, the
degradation trajectory displays discontinuous oscillations,
which significantly complicate prediction. Therefore,
accurately modeling the degradation trajectory requires a
method that can capture and handle these discontinuous
reliability and

oscillatory behaviors, ensuring the

precision of the degradation predictions.
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3 Methodology

The proposed battery capacity degradation trajectory

prediction process, which accounts for future
operating condition variability, is shown in Fig. 2. This
method is a purely mathematical analytical framework
that predicts future capacity degradation based on the
battery’s historical degradation trajectory and a

customized usage plan for the future.
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Iig. 2 Flowchart of the proposed prediction method considering future operating profile variability

3.1 Capacity degradation trajectory model

Due to the combined effects of complex physical and
chemical processes within the battery, the capacity
degradation trajectory generally follows a nonlinear
decay pattern. The double-exponential model, which
can describe multiple degradation rates, is widely
recognized as an effective analytical tool for capturing
such nonlinear degradation behaviors % The model
can be expressed as

(n

where & represents the cycle number, Qupy is the

I Pak
Qm,k =|pe ;e

predicted capacity value of the battery at the k-th cycle
in the double-exponential trajectory model, ps pos.
p3x and pyyare the corresponding model parameters

for the k-th cycle, respectively. It is important to note
that this model does not account for the variability of
operational conditions throughout the entire lifespan of
the battery; therefore, it is primarily used in this paper
to approximate the overall nonlinear trend of capacity
degradation.

To account for the variability of future operating
conditions, the future operating current is incorporated
into the capacity degradation trajectory model. To
capture the discontinuous oscillatory pattern of

capacity degradation under wvarying operating
conditions, and inspired by the Box-Cox
transformation that improves the normality of data
distributions 7 we employ a Box-Cox

transformation with continuous variable coefficients to
describe the dependence of the capacity degradation
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trajectory on future varying operating currents. This
can be formulated as

A1
ot A4 %0

o, = A @)
In Qexpj s A4 =0

where Oy represents the predicted battery capacity at
the k-th cycle, considering the variability of future
operating conditions, A; is the transformation
coefficient at the k-th cycle, which depends on both
the cycle number and the future operating current plan.
Herein, a bivariate non-homogeneous relationship is
used to analyze the dependence on both the cycle
number and the future operating current plan, which

can be written by

A =gk +q, I8 + gkl +q, (3)
where [; represents the planned operating current for
the k-th future cycle. Herein, the discharge current is
used as an example to illustrate the effect of
considering cycle variability, the parameters g1, g2,
34 Gaj» 54 and gex correspond to the transformation
coefficients for the k-th cycle, which are used to
ability to describe the
nonlinearity and discontinuity of the capacity
degradation trajectory under future varying operating

enhance the model’s

conditions.

3.2 Parameter update

The update of ftrajectory model parameters is

fundamental for predicting capacity degradation

trajectories.  Considering the nonlinear  and
discontinuous nature of the model, this paper employs
particle filtering for the parameter update of the
degradation trajectory model. Particle filtering is a
Monte Carlo-based approximate Bayesian filtering
method that can estimate model parameters through
the sample mean of a particle set, making it robust to
the nonlinear and discontinuous behaviors of the
system model 2230,

To facilitate the parameter update, a state vector x is

established based on the constructed trajectory model
I
X :[Pp’h] “)
where p; and q; are the parameter vectors of the

double-exponential model and the transformation
coeflicient vector corresponding to the A-th cycle,
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respectively. Their mathematical expressions can be
written as

P = [pu.w P22 Psgr Pak ]T
o (5)
q, = [‘Iu oo p oG pols o ]

Battery aging is typically a long-term process, so
the trajectory model parameters are assumed to change
slowly over time. The state transition equation can be
expressed as

X =Fx +wy ©)
where wy represents the system process noise at the
k-th cycle, assumed to follow a Gaussian distribution
with a mean of zero and a corresponding covariance of
Q. F is the state transition matrix, assumed to be an
identity matrix.

To relate the state vector to the capacity degradation
observations, the system observation equation is
established based on the capacity trajectory model

O, =h(x,. k1) +v, )]
where vy is the system measurement noise for the k-th
cycle, assumed to follow a Gaussian distribution with
a mean of zero, and the corresponding covariance is £;.
The function A(xi, k, Iy} is the system observation
function, which can be simplified using the hyperbolic

tangent function as follows

Qogi* 1
;:ﬁ{lfltanh(ﬁi} )|]+

In (ch + s) . |tanh (94 )l

where ¢ is the regularization parameter used to ensure

hx, . k.d)= ®)

the validity of division and logarithmic operations, and
& is the smoothing transition constant used to achieve
smooth transitions in the transformation process.
Based on the historical capacity degradation
trajectory observations [Oi, O, ..., (4], the key to

estimating  the model
calculating the probability distribution P(x)QO14) of

the state vector x;. A discrete particle set of size N is

trajectory parameters is

constructed to represent the candidate state vectors.
Using Monte Carlo simulation principles, the
proportion of particles that are close to the true values
can be increased by wupdating based on the
observations, which is expected to approximate the
model parameters. The particle importance evaluation

is the primary step for this update. Based on the



observation function, the importance of each particle

can be quantified by measuring the discrepancy

between the predicted and actual observation, leading

to the weight update equation

P(Q <) P(xi]xi.)
Eadl i)

where w} is the importance weight of the i-th particle

)]

k-1

corresponding to the state vector in the A-th cycle, i
takes values from 1 to N, and I'(x}|x..Q14) is the

reference distribution under Bayesian importance
sampling, assumed to be the prior density
(%) 0u ) = P(xi]xi ) (10)
Thus, the weight update equation simplifies to
w, =wl,P(Q,]x) an

Particle resampling is a critical process to increase
the proportion of particles that are close to the true
values. To facilitate resampling, particle weights
should be normalized
W
W, =—*&

== N
3wl (£2)
i=1

Then, by resampling randomly, particles with high

weights are duplicated, and those with low weights are
eliminated, promoting the particle set to approximate
the model parameters
{(x.w] - {x&,ﬁ}ml (13)
According to the Monte Carlo sampling principle,
when the particle set size N tends to infinity, the target
P(x1O14) can  be
approximated by the following equation

probability  distribution

1 &
P(xl.& |QLA)EWZ“";§(‘Y:\? —,‘l‘&) (14)

where d(*) is the Dirac delta function.

Finally, the model parameters for the battery
capacity degradation trajectory can be approximated as
the expectation of the state vector in the particle set,
expressed as:

N
X, ==X 15
P (15)
where x; is the estimated battery capacity degradation
trajectory model parameters for the k-th cycle.
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3.3 Capacity degradation trajectory prediction

Let the battery currently be in the A-th cycle, and the
target cycle number L to be predicted, along with the
corresponding future current plan [l, fro,..., Tl
Based on the capacity degradation trajectory model
parameters obtained by particle filtering, the future
capacity degradation trajectory can be calculated using
the observation function

§ T
O = (X k+1.1,,)

Qﬁu:h(x;-k*'zr‘rmz) (16)

Oy =h(x;vk +L.1..)

where [Qci1, Oko,..., Orir] is the battery capacity
degradation trajectory under the future current plan
[Tee1s fre2aenes Dz

Thanks to the particle set used in particle filtering,
each candidate particle can index the corresponding
candidate model parameter vector. Based on this, a set
of candidate capacity degradation trajectories of size N'
can be generated through Monte Carlo simulation.
These trajectories can be approximated by a normal
distribution to estimate the confidence intervals for the
future capacity degradation trajectory, expressed as

N N _ | &
20 2o -2
QA-,U = J_‘N + Z(P) = N71’=|
N v N (]7)
>0 0 -0
O = = 73(}-7) =
YN N-1

where Oy and Oy are the upper and lower bounds of

the confidence interval for the future capacity

degradation trajectory, respectively, Q: is the
predicted capacity for the &-th cycle corresponding to
the state vector of the i-th particle index, and z(p) is
the inverse cumulative distribution function "1, which

depends on the confidence level p, and is expressed as:

z(p)=—~2-0(2p)
o '(x) :%_":e “dr

The prediction performance of the trajectory

(18)

analysis model is evaluated by the root mean square
error (RMSE) between the predicted and actual values
of the battery degradation trajectory, expressed as



E (19)

mse

where Eiyse is the RMSE between the predicted and
actual values, and Oy, is the actual capacity value for
the k-th

representation of the prediction error, the RMSE is

cycle. To provide a more intuitive
also expressed as a percentage of the battery’s nominal
capacity. This approach allows for a clear display of
the prediction error levels in practical applications,
making

the prediction error comparable across

batteries of different capacities.

4 Results and analysis

4.1 Initialization

To validate the predictive performance of the proposed
method, this study uses a capacity degradation dataset
under varying operating conditions from 55
lithium-ion batteries. Since the proposed method
improves upon the double-exponential

accounting for operational condition variability, a

model by

prediction  method  driven  solely by the

double-exponential model is chosen as the baseline,
with the double-exponential model serving as the
observation equation P This comparison allows for

the validation of the proposed method’s effectiveness
and superiority in
condition

handling complex operating
variability, clearly demonstrating the
performance improvement of the proposed approach.
During validation, we set the particle size for
updating the battery capacity degradation trajectory
model parameters to 300, with the system
measurement noise covariance set to 0.001. The
process noise covariance matrices for the
double-exponential model and the proposed method
are configured as diag [107, 107, 107, 10'6] and diag
(107, 10, 107, 10, 107,10%, 10%, 10%, 10%, 107},
respectively. The

regularization parameter and

smoothing transition parameter are set to 10 and 10°%,
4.2 Capacity degradation prediction

Historical capacity degradation data form the basis for
predicting future trajectories, and the amount of
historical data used is a critical factor influencing
performance. To
historical data, we select six prediction starting points:
the 25th, 40th, 55th, 70th, 85th, and 100th cycles. For
each starting point,

simulate varying amounts of

we predict the remaining
degradation trajectory of all samples and present the
RMSE of the predictions as a box plot, as shown in

Fig. 3.

12

08

06

Root Mean Square Error (Ah)

T T T
B Double-Exponential Model Driven Prediction

B Prediction Based on the Proposed Model
. .

.
H

-]

LAEN

85 100

Prediction Starting Point

Fig. 3 Statistical comparison of prediction results for battery capacity degradation trajectories

The results show that, regardless of the chosen
prediction starting point, the RMSE of predictions
driven by the proposed method is significantly lower
than that of the double-exponential model. Specifically,
the median RMSE for the double-exponential model
exceeds 0365 A-h, indicating limited prediction
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accuracy. In contrast, the proposed method reduces the
median RMSE to below 0.172 A-h, improving
accuracy by over 52.8%., This substantial reduction
highlights the importance of considering operating
condition variability and validates the effectiveness of
the proposed method.



Further analysis reveals that as the prediction
starting point moves later and more historical data is
used,
double-exponential model shows little improvement

the prediction accuracy driven by the

and even deteriorates in some cases. On the other hand,
the prediction error of the proposed method decreases
as more historical data is incorporated, indicating that
the proposed
historical data for capacity degradation trajectory

method more effectively utilizes
prediction. Notably, the proposed method can achieve
precise early predictions (with a median RMSE of less
than 0.172 A-h) using only the first 25 cycles. After
adding data from the subsequent 30 cycles, the relative

efficiency and practicality of the proposed method.

In summary, the proposed method shows significant
advantages in historical data utilization, prediction
accuracy, and stability, confirming its potential for
practical applications.

Three representative battery samples (Samples I to
[11), which correspond to varying current plans from
sparse to frequent, are further selected for in-depth
analysis. The prediction results for these samples using
both the proposed and baseline methods are shown in
Fig. 4, with the 99.7% confidence interval included.
We focus on prediction starting points at the 25th, 40th,
and 55th cycles, which are crucial for early-stage

error falls below 5.6%. This further confirms the predictions.
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Fig. 4 Battery Capacity Degradation Trajectory Prediction Results: (a) to (¢) show the prediction results for Sample I at cycles 25,

40, and 335, respectively: (d) to (f) show the prediction results for Sample 11 at cycles 25. 40, and 55, respectively: (g) to (i) show the

prediction results for Sample 11T at cycles 25, 40, and 53, respectively.

Figs. 4a to 4c show the predicted degradation
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trajectories for Battery Sample I. where current



changes are sparse. The results show that predictions
based on the double-exponential model fail to capture
the oscillatory behavior of the degradation trajectory
under varying operating conditions. This is because
the double-exponential model cannot adapt to future
changes in operating conditions. In contrast, the
proposed
discontinuous oscillations caused by changes in

method  accurately  captures  the
operating conditions. Figs. 4d-4f and 4g-4i display
predictions for Samples Il and 111, which correspond to

more frequent current changes. The proposed method

outperforms the baseline in predicting these
oscillations, further validating its robustness.
As more historical data becomes available,

predictions based solely on the double-exponential
model tend to diverge from the actual measured
trajectories, whereas predictions from the proposed
method converge more to the actual

measurements. This pattern aligns with the results

closely

shown in Fig. 3 and illustrates the proposed method’s
superior ability to leverage historical data for more
While the early
prediction error is larger when starting at the 25th

accurate long-term predictions,

cycle, the 99.7% confidence interval for this prediction
nearly encompasses the actual measured trajectory,
suggesting that the proposed method can provide
highly reliable early warnings, even with limited data.
This stability and reliability are due to the analytically
solvable mathematical model incorporated into the
proposed method.

In conclusion, the proposed method demonstrates
significant advantages in predicting battery capacity
degradation trajectories. It not only excels in
predicting under various current plans but also
provides reliable high-confidence predictions even in
data-scarce scenarios. These strengths confirm the
method’s effectiveness and robustness in practical
applications, making it a valuable tool for battery

management S)fSthS.
5 Conclusions

This paper addresses the limitation of existing battery
capacity degradation trajectory models that neglect
variability in future operating conditions. We propose
a novel modeling and prediction method that
incorporates future condition variability, leveraging a
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double-exponential model to capture the nonlinear
decay of capacity, a Box-Cox transformation with
variable coefficients to analyze the influence of future
operating conditions, and particle filtering to
dynamically predict the degradation trajectory and its
confidence intervals.

We validated the proposed method using a dataset
of 55 battery samples with varying degradation
conditions. The results demonstrate that the method
captures the discontinuous oscillations in degradation
trajectories caused by changes in operating conditions,
without relying on deep learning techniques. The
method also achieves precise early predictions, with a
median RMSE of less than 0.172 Ah using only the
first 25 cycles of data, which
of 52.8% over the

analytical model-based approach.

represents  an
improvement conventional

In addition to improving prediction accuracy and
stability, the proposed method accounts for future
operating condition variability, making it a more
reliable solution for capacity degradation prediction in
battery management systems. These findings highlight
the potential of the method for practical applications,
offering enhanced efficiency and robustness in
predicting battery degradation trajectories.

While the double-exponential model and particle
filtering are used in this study as illustrative examples.
Future work could explore alternative models or more
advanced parameter update methods to further
enhance prediction performance.
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Thus standard 1s developed by the China Energy Storage Alliance, and all rights such as copyright
arising from it are reserved by the China Energy Storage Alliance. No copy or use of this standard, in

part or whole, is allowed in any form without official permission from China EnerggSiorace Alliance

or unless pernmitted under national law. For any questions or enquiry regardin ofgthis

standard, please contact the China Energy Storage Alliance.
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1s a grade SA China Social Organization and China’s first
edicated to the international energy storage industry. CNESA is committed to the
healtiry of the energy storage industry through positive influence of government policy and
promotion of energy storage applications.

CNESA’s membership body includes domestic and international organizations involved in all aspects of
the energy storage industry, from technology manufacturers, renewable energy corporations, research bodies,
mstitutes of higher leaming, and more. CNESA partners with government bodies to develop strategies for
industry development, determine directions for medium- and long-term industry growth, consolidate efforts to
establish a market mechanism, and many other projects that play a crucial role in advancing the energy storage
industry in China and abroad.
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Elsevier Data Repository

August 2025 data-update for "Updated science-wide
author databases of standardized citation indicators”

Published: 19 September 2025 | Version 8 | DOI: 10.17632/btchxktzyw.8
Contributor: John P.A. loannidis

Description

Citation metrics are widely used and misused. We have created a publicly available database of top-cited scientists that provides
standardized information on citations, h-index, co-authorship adjusted hm-index, citations to papers in different authorship
positions and a composite indicator (c-score). Separate data are shown for career-long and, separately, for single recent year
impact. Metrics with and without self-citations and ratio of citations to citing papers are given and data on retracted papers
(based on Retraction Watch database) as well as citations to/from retracted papers have been added. Scientists are classified into
22 scientific fields and 174 sub-fields according to the standard Science-Metrix classification. Field- and subfield-specific
percentiles are also provided for all scientists with at least 5 papers. Career-long data are updated to end-of-2024 and single

recent year data pertain to citations received during calendar year 2024, The selection is based on the top 100,000 scientists by c-
srore fwith and withaut self-citations) or a nercentile rank of 2% ar abnve in the suh-field. This version (7) is hased an the Ausust

Dataset metrics

Views 4379283
Downloads 1107496
Citations 1
Latest version

Version 8

Published: 19 Sep 2025
DOl: 10.17632/btchxkizyw.8

Cite this dataset

loannidis, John P.A. (2025), “August 2025
data-update for "Updated science-wide
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