
 

 
 

 

 
Energies 2025, 18, 5640 https://doi.org/10.3390/en18215640 

Article 

Comparative Analysis of DCIR and SOH in Field-Deployed 

ESS Considering Thermal Non-Uniformity Using  

Linear Regression 

Taesuk Mun, Chanho Noh and Sung-Eun Lee * 

KEPCO Research Institute, Korea Electric Power Corporation, 105 Munji-ro Yuseong-gu,  

Daejeon 34056, Republic of Korea; xotjr99@naver.com (T.M.); chanho0718@kepco.co.kr (C.N.) 

* Correspondence: sungeun.lee@kepco.co.kr 

Abstract 

Large-scale lithium-ion energy storage systems (ESSs) are indispensable for renewable 

energy integration and grid support, yet ensuring long-term reliability under field condi-

tions remains challenging. This study investigates degradation trends in a 50 MW-class 

ESS deployed on Jeju Island, South Korea, focusing on two indicators: direct current in-

ternal resistance (DCIR) and state-of-health (SOH). Annual round-trip (capacity) and hy-

brid pulse power characterization (HPPC) tests conducted from 2023 to 2025 quantified 

capacity fade and resistance growth. A polynomial-regression-based temperature com-

pensation was applied—compensating DCIR to 23 °C and SOH to 30 °C—which reduced 

environmental sca�er and clarified year-to-year degradation trends. Beyond mean shifts, 

intra-bank variability increased over time, indicating rising internal imbalance. A focused 

case study (Bank 03-01) revealed concurrent SOH decline and DCIR escalation localized 

near specific racks; spatial maps linked this hotspot to heating, ventilation, and air condi-

tioning (HVAC)-driven airflow asymmetry and episodic fan operation. These findings 

underscore the importance of combining temperature compensation, variability-based di-

agnostics, and spatial visualization in field ESS monitoring. The proposed methodology 

provides practical insights for the early detection of abnormal degradation and supports 

lifecycle management of utility-scale ESSs under real-world conditions. 

Keywords: energy storage system (ESS); lithium-ion ba�eries (LIBs); direct current inter-

nal resistance (DCIR); state-of-health (SOH); state-of-charge (SOC); hybrid pulse power 

characterization (HPPC); frequency regulation (FR); temperature compensation; polyno-

mial regression; thermal non-uniformity 

 

1. Introduction 

Energy storage systems (ESSs) are indispensable infrastructure for modern power 

grids, enabling large-scale renewable integration and enhancing grid reliability through 

ancillary services such as frequency regulation (FR), peak shaving, and reserve provision 

[1]. Among available technologies, lithium-ion ba�eries (LIBs) dominate utility-scale de-

ployments due to high round-trip efficiency, energy density, and scalability [2]. Despite 

the rapid growth of multi-megawa� installations, ensuring long-term reliability under 

heterogeneous field conditions remains challenging [3]. Ba�ery degradation directly af-

fects safety and economics—resistance growth increases thermal and efficiency losses and 

Academic Editors: Khaled Laadjal, 

Chen Liu and Àlber Filbà-Martínez 

Received: 4 September 2025 

Revised: 21 October 2025 

Accepted: 24 October 2025 

Published: 27 October 2025 

Citation: Mun, T.; Noh, C.; Lee, S.-E. 

Comparative Analysis of DCIR  

and SOH in Field-Deployed  

ESS Considering Thermal  

Non-Uniformity Using Linear  

Regression. Energies 2025, 18, 5640. 

h�ps://doi.org/10.3390/en18215640 

Copyright: © 2025 by the authors. 

Licensee MDPI, Basel, Swi�erland. 

This article is an open access article 

distributed under the terms and 

conditions of the Creative Commons 

A�ribution (CC BY) license 

(h�ps://creativecommons.org/license

s/by/4.0/). 



Energies 2025, 18, 5640 2 of 22 
 

 

capacity fade reduces usable energy within the same state-of-charge (SOC) window, con-

straining dispatchability. Localized abnormal degradation, if undetected, can also jeop-

ardize system-level stability [4]. Accordingly, accurate, field-robust diagnosis and moni-

toring are essential for reliable operation of large-scale ESSs. 

Extensive investigations into ba�ery aging have been conducted in controlled labor-

atory environments. Standardized protocols—hybrid pulse power characterization 

(HPPC), incremental capacity analysis (ICA), and electrochemical impedance spectros-

copy (EIS)—quantify capacity fading and resistance growth and have clarified mecha-

nisms such as loss of lithium inventory (LLI), loss of active material (LAM), and interfa-

cial-resistance growth [5–7]. However, laboratory studies typically assume uniform con-

ditions [8]: temperature and current profiles are tightly regulated and cell-to-cell variabil-

ity is minimized [9]. In contrast, utility-scale ESSs operate with non-uniform airflow, am-

bient fluctuations, and dynamic grid-driven duty cycles that produce complex, spatially 

and temporally non-uniform aging pa�erns [10]. In particular, direct current internal re-

sistance (DCIR) exhibits strong temperature dependence; without temperature compen-

sation (i.e., compensated to a reference condition), field comparisons can be confounded 

by environmental variability. 

Field investigations at multi-megawa� scale remain comparatively sparse. Recent re-

ports highlight pronounced spatial and temporal non-uniformities within large racks and 

banks—largely a�ributed to uneven cooling and heterogeneous current distributions [11]. 

Because DCIR increases at lower temperatures irrespective of true aging state [12], inter-

year comparisons can be misleading unless scalable temperature-compensation methods 

are applied. Although prior studies acknowledged thermal/current non-uniformities, 

many relied on simplified models or small-scale setups that do not translate to multi-MW, 

real-world ESSs [13], and thus often failed to capture system-level interactions and degra-

dation pa�erns [14]. Comparable field investigations have been reported internationally, 

but most are constrained by either system scale or observation duration. For example, 

digital-twin models of MWh-scale ESSs have been used to analyze efficiency and degra-

dation under grid-connected duty [15], while other works discuss opportunities and pit-

falls of lifetime prediction from field datasets [10]. Recent studies further show that mod-

els calibrated solely on controlled laboratory tests can misestimate field degradation un-

less temperature non-uniformity and load dynamics are explicitly considered [16]. Com-

plementary research on thermal management indicates that non-uniform cooling and air-

flow can induce spatially inhomogeneous degradation under FR cycling profiles [11]. Col-

lectively, these contributions confirm the relevance of field-scale effects but also reveal a 

persistent gap as few continuous, multi-year datasets at utility scale quantify how tem-

perature-dependent resistance and capacity evolve under real operating conditions. 

This study addresses these gaps through a three-year (2023–2025) field investigation 

of a 50-MW-class LIB ESS deployed on Jeju Island, South Korea Two standardized field 

tests—round-trip test (capacity) and HPPC test (DCIR)—were conducted annually. Using 

a 50-MW-class field dataset, rigorous temperature-compensated year-over-year compari-

sons and in-depth analyses of progressive intra-bank variability and localized hotspots 

were conducted. The main contributions are: 

1. Temperature-Compensated Degradation Inference. A polynomial regression meth-

odology was developed and validated to compensate state-of-health (SOH) and 

DCIR to 30 °C and 23 °C, respectively. Compensation reduced dispersion and clari-

fied inter-year trends in both DCIR and SOH under heterogeneous field conditions 

while remaining practical with sparse temperature sensing, yielding per-year com-

pensation tables. 

2. Quantification of Intra-Bank Heterogeneity. Beyond mean shifts, bank-level disper-

sion metrics (e.g., DCIR standard deviation and upper-tail fractions such as top 
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25%/top 5% cells) increased monotonically with aging. These variability indicators 

provided early-warning signals complementary to average SOH/DCIR, revealing 

progressive imbalances across cells, racks, and banks. 

3. Spatial Diagnostics and Structural Effects (Bank 03-01). Rack–module heatmaps of 

DCIR and temperature identified a localized hotspot near Racks 14–15, where SOH 

decline and DCIR growth intensified concurrently. The hotspot aligned with heating, 

ventilation, and air conditioning (HVAC)-driven airflow asymmetry and episodic 

fan operation; uncompensated DCIR distributions broadened during fan activity, 

whereas temperature-compensated maps isolated degradation-driven changes—mo-

tivating HVAC co-design and targeted monitoring. 

By combining large-scale field data with regression-based temperature compensa-

tion and spatial diagnostics, this study proposes a scalable framework for diagnosing and 

managing degradation in utility-scale ESSs. The findings provide academic insight into 

spatial non-uniformity and thermally driven imbalance and practical guidance for opera-

tors—prioritizing hotspot surveillance, HVAC set-point/airflow co-optimization, and 

data-driven maintenance planning. 

2. Operation of the ESS and Data Acquisition 

2.1. System Architecture and Field Data Acquisition 

This study analyzes operational data from a 50 MW-class FR ESS located in Geumak, 

Jeju Island, South Korea, collected from 2023 to 2025. The overall system architecture is 

shown in Figure 1. The site comprises thirteen 4 MW-class containers; each container gen-

erally includes two banks, with the last container comprising a single bank (total: 25 

banks). Each bank consists of 19 racks, each rack contains 12 modules, and each module 

integrates 22 series-connected cells of 112 Ah nominal capacity. 

 

Figure 1. Overall configuration of a 50 MW-class ESS. 

At the system level, cells are grouped into modules via busbars, modules form racks, 

racks form banks, and banks are integrated into containerized units. Each container is 

equipped with HVAC to maintain thermal stability under outdoor operation. A site-wide 
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ba�ery management system (BMS) supervises safety and controls while an ESS delivers 

FR and peak-shaving services [17]. 

Unlike laboratory studies that rely on small samples under tightly controlled condi-

tions, this work utilizes large-scale field data acquired during real operation, enabling 

evaluation under varying ambient temperatures, non-uniform airflow, and dynamic grid-

driven duty cycles. Such conditions introduce spatial and temporal non-uniformity that 

is rarely observable in chamber-based tests but is essential for understanding system-scale 

behavior. Consequently, the field dataset supports like-for-like comparisons across years 

and scalable diagnostics of degradation (e.g., capacity-based SOH and DCIR) under actual 

operating environments [18]. 

To ensure comparability while preserving field realism, two standardized assess-

ments were performed annually under operating conditions: the round-trip test (capac-

ity/SOH) and the HPPC test (DCIR). These tests provide site-consistent references without 

departing from real-world constraints, thereby enabling year-to-year tracking of capacity 

fade and resistance growth across banks and racks. 

2.2. SOH and DCIR Evaluation 

2.2.1. SOH Estimation Using the Coulomb Counting Approach 

Capacity fade is a primary indicator of LIBs degradation. As aging progresses, the us-

able capacity within a specified SOC window declines relative to the initial condition. Con-

sequently, the charge required to traverse the same SOC interval decreases over time [19]. 

Figure 2 outlines the ESS-level degradation evaluation. During testing, the system 

follows a constant power load profile. Unlike cell- or module-level tests that typically use 

constant current, utility-scale ESSs operate with power conversion and grid interface con-

straints, making constant power operation more representative of field conditions [20]. In 

practical service, full charge–discharge across the entire SOC range is rarely feasible due 

to upper/lower SOC limits and safety margins [21]. Therefore, SOH is estimated from par-

tial charge–discharge segments using Coulomb counting on 1 s sampled current/volt-

age/time signals. 

 

Figure 2. SOH evaluation using the Coulomb counting approach between annual round-trip tests. 

SOC definition (for Equations (2) and (3)), with discharge current defined as negative: 

SOC(�)[%] = SOC(��)[%] +
100 [%]

������� �������� [�ℎ]
�

�(�)

3600
��

�

��

[�ℎ] (1)

where SOC(��) is taken from the BMS at the window start, �(�) is rack current, and the 

factor 1/3600 converts A·s to Ah. 

The depth-of-discharge (DOD) for the segments indicated in Figure 2 is as follows: 
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DOD [%] = |SOC(��) [%] − SOC(��)[%]| (discharge) (2)

DOD [%] = |SOC(��) [%] − SOC(��) [%]| (charge) (3)

Equations (2) and (3) use the SOC definition above; discharge current is negative by 

convention, and DOD is evaluated within the observed SOC interval. 

Coulomb counting (Ah) over a discharge interval [��, ��] is as follows: 

 Coulomb counting [�ℎ] = − �
�(�)

3600
��

��

��

 (4)

where �(�) is the current at time �, with discharge current negative, the leading minus 

sign. SOH is computed as follows from partial cycles over the available SOC window: 

SOH [%] =
Coulomb counting [�ℎ]

������� �������� [�ℎ] × (DOD [%]/100)
× 100 (5)

Equations (2) and (3) define DOD over the specified charge/discharge intervals. 

Equation (4) computes the transferred charge; Equations (1)–(5) use the same 1 s sampled 

current/time base for consistency. All quantities are evaluated within the available SOC 

window imposed by system operation, and no extrapolation beyond observed ranges is 

performed. 

2.2.2. DCIR Evaluation Using the HPPC Test 

As ba�eries age, DCIR typically increases; consequently, DCIR is widely used as a 

key indicator of degradation. In combination with capacity measurements, it enables a 

more comprehensive assessment of system-level SOH trends [22]. 

Figure 3 illustrates the charge–discharge procedure employed to determine DCIR. 

The test is performed at SOC-70%, during which a rated current is applied for approxi-

mately 10 s in both charge and discharge, while per-cell voltages are sampled at 1 s reso-

lution. Accounting for the number of instrumented cells across the site (the last container 

comprises a single bank), this yields approximately 125,400 valid per-cell DCIR measure-

ments per year. This procedure corresponds to the HPPC test, which is widely adopted 

for DCIR evaluation. 

 

Figure 3. Charging and discharging procedure for deriving DCIR. 

The 10 s pulse duration is chosen to capture not only ohmic resistance but also a 

portion of polarization resistance, thereby mitigating errors from instantaneous voltage 

fluctuations. During field operation of the target ESS, 1 s pulses introduced notable uncer-

tainty in DCIR estimation, primarily due to communication bandwidth constraints and 

limited storage resolution that impeded reliable recording of fast transients. The 10 s du-

ration therefore offers a practical balance between accuracy and robustness under field 

conditions [23]. 
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Unlike capacity measurements—which rely on current integration—DCIR evalua-

tion is fundamentally voltage based. In capacity analysis, the same current flows through 

all cells in a series-connected rack, so estimates are naturally aggregated at the rack level. 

In contrast, DCIR depends on each cell’s instantaneous voltage response, enabling per-

cell estimation. In the studied site, this granularity permits extraction of DCIR values from 

up to 125,400 individual cell records per year, supporting finer-grained degradation as-

sessment than capacity-based summaries. 

Equation (6) is DCIR from the discharge pulse in Figure 3: 

DCIR [mΩ] =
|�� − ��|[��]

|∆�|[�]
 (6)

where �� denotes the open-circuit voltage (OCV) immediately before the current pulse, 

�� the terminal voltage after the pulse is applied, and ∆� the current-step amplitude dur-

ing the pulse. Absolute values ensure DCIR is reported as a positive quantity regardless 

of pulse direction. With voltage in mV and current in A, the ratio yields mΩ. 

Operating conditions and validity domain. All HPPC-based DCIR estimates in this 

study were obtained at SOC = 70%, using 10 s charge/discharge pulses and 1 s sampling 

of per-cell voltage (and rack current). For each year’s HPPC, the module-average temper-

ature included 23 °C. Temperature compensation is not extrapolated beyond each year’s 

observed range. DCIR results and year-to-year comparisons therefore apply to this oper-

ating point (SOC-70%, 10 s pulse, 1 s sampling) and within the temperature domains ob-

served in the corresponding year. 

2.3. Thermal Non-Uniformity Across Different Scales 

Both SOH- and DCIR-based degradation evaluations are inherently influenced by 

temperature, which is a critical limitation under field conditions. In large-scale ESSs, sys-

tem architecture further exacerbates spatial thermal non-uniformities. In contrast, most 

prior studies were conducted in uniformly controlled laboratory environments (e.g., tem-

perature chambers) that do not adequately reflect real-world variability [17]. 

Figure 4a presents simultaneous temperature measurements from 13 operating con-

tainers. The schematic colors indicate relative temperature levels; “Max temperature of 

container” and “Average temperature of container” denote, respectively, the highest and 

mean module temperatures within each container. Even under the same evaluation pro-

cedure, the average temperatures of Containers 4 and 5 differed by more than 5–6 °C, and, 

within a single container, the gap between the maximum and average module tempera-

tures reached approximately 7 °C. These observations confirm substantial thermal non-

uniformity at the container level, with clear implications for degradation indicators such 

as capacity fade and resistance growth, thereby underscoring the need for temperature 

compensation in field analyses. 

Figure 4b shows the module-level temperature distribution within Bank 1 of Con-

tainer 1, highlighting spatial standard deviation due to module positioning. This non-uni-

formity arises from the container’s HVAC and cooling layout as well as structural factors. 

In this case, roughly 2 °C differences were observed among modules owing to airflow 

paths and fan placements, and such disparities can intensify under certain seasonal ambi-

ent conditions. Although no anemometry or computational fluid dynamics (CFD) was 

performed, container-level fan relay on/off flags recorded in the BMS logs were used as a 

qualitative proxy for airflow state. These flags were used to tag HPPC windows as “fan-

off” or “fan-on” for the descriptive analyses in Sections 4.3 and 5. 
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(a) 

 
(b) 

Figure 4. Spatial imbalance in temperature distribution during operation. (a) Temperature distribu-

tion across containers during normal operation; (b) temperature distribution observed during the 

round-trip test of Bank 1 in Container 1. 

Assessing degradation without accounting for temperature therefore presents a con-

siderable challenge. For multi-MW ESSs comprising thousands of cells, a compensation 

methodology is required that balances computational efficiency with accuracy. A robust 

yet practical temperature compensation approach should suppress thermal biases, enable 

like-for-like comparison across heterogeneous conditions, and reliably track outlier cells 

away from the temperature “centerline,” while remaining simple enough for direct de-

ployment in real-world ESS operations [24]. 

3. Derivation of Temperature-Compensated DCIR Using Linear Regres-

sion Analysis 

3.1. Thermal Dependence of DCIR 

The internal resistance of LIBs is highly sensitive to temperature. At lower tempera-

tures, DCIR typically increases due to reduced electrochemical reaction rates and ion mo-

bility. In field-deployed, utility-scale ESSs, thermal conditions are neither uniform nor sta-

tionary: temperature fluctuations can significantly distort resistance-based indicators of 

degradation. This variability complicates direct comparison of DCIRs measured under 
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different environments and motivates a practical, effective temperature compensation 

method. 

As detailed in Section 2.2.2, DCIR was measured via HPPC at 70% SOC using 10 s 

current pulses: temperature was averaged over each pulse window. Given sparse temper-

ature sensing at the bank/module level in utility-scale systems, a dataset-wide compensa-

tion method that scales to all cells is required. 

To address this, the research analyzed the relationship between measured tempera-

ture and DCIR. A fourth-order polynomial regression was employed to capture the non-

linear temperature–DCIR behavior, balancing model flexibility and goodness-of-fit. The 

fi�ed regression curve was then used to estimate the expected DCIR at any temperature. 

A reference temperature of 23 °C, representative of typical ambient conditions, was cho-

sen as the baseline. For each measurement, a compensation factor was computed as the 

ratio of the estimated DCIR at 23 °C to that at the actual measured temperature, and this 

factor was applied to compensate raw DCIR values to the reference. Unlike laboratory 

experiments on small, tightly controlled samples, these compensation factors were de-

rived from a large-scale field dataset spanning diverse ambient temperatures and opera-

tional dynamics, yielding a more realistic and robust compensation. 

Candidate polynomial orders were evaluated as follows. Table 1 compares degrees 

1–8 fi�ed to identical temperature–DCIR datasets (2023–2025). The coefficient of determi-

nation �� served as the sole model selection metric for fit quality. In addition, the Van-

dermonde condition number (�������) and an operation count surrogate Ops ≈ ��� 

were computed to indicate computational burden. For �������, the evaluation grid was 

down-sampled to 2000 temperature points to keep the diagnostic memory bounded when 

the sample size far exceeds 2000. Definitions for ��, �������, and ��� are given in 

Equations (7)–(9) as follows: 

�� = 1 −
∑ (�� − ���)

��
���

∑ (�� − ���)
��

���

 (7)

where ��   denotes the measured DCIR at sample � , ��� = �(��)  is the model-predicted 

DCIR from the polynomial �(�)  defined in Equation (11), ��  is the sample mean of 

{��}���
� , � is the number of samples, and � is the selected polynomial degree (� = 4 in 

this study). 

������� = �(�) (8)

where ����
���

�
 is a uniform temperature grid over the observed range (grid size � = 2000 

used only for this diagnostic). ��� is the centered-and-scaled temperature consistent with 

the fi�ing procedure. � ∈ ��×(���) is the Vandermonde (polynomial-basis) matrix with 

entries ��,� = ���
�(� = 1, … , �;   � = 0, … , �) and �(�) is its two-norm condition number. 

��� = ��� (9)

where ���  an operation count surrogate indicating computational burden; �  is the 

sample size; and � is the polynomial degree (larger � increases basis size and typical 

linear algebra costs roughly proportional to ���). 
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Table 1. Degree-wise comparison (2023–2025) of polynomial regression for temperature–DCIR. 

Number 

of Year 
Degree �� MAPE ������� ��� 

2023 

1 0.3956 2.0476 4.1069 × 10� 1.254 × 10� 

2 0.3957 2.0475 1.8898 × 10� 5.016 × 10� 

3 0.3961 2.0474 8.9360 × 10� 1.1286 × 10� 

4 0.3991 2.0448 4.2855 × 10�� 2.0064 × 10� 

5 0.3993 2.0415 2.0765 × 10�� 3.1350 × 10� 

6 0.3995 2.0411 1.0148 × 10�� 4.5144 × 10� 

7 0.3997 2.0408 4.9963 × 10�� 6.1446 × 10� 

8 0.3998 2.0408 2.4764 × 10�� 8.0256 × 10� 

2024 

1 0.7755 2.3187 2.3840 × 10� 1.254 × 10� 

2 0.7804 2.2858 6.3838 × 10� 5.016 × 10� 

3 0.7804 2.2855 1.7841 × 10� 1.1286 × 10� 

4 0.7804 2.2843 5.1151 × 10� 2.0064 × 10� 

5 0.7807 2.2840 1.4947 × 10�� 3.1350 × 10� 

6 0.7807 2.2837 4.4339 × 10�� 4.5144 × 10� 

7 0.7808 2.2833 1.3314 × 10�� 6.1446 × 10� 

8 0.7808 2.2827 4.0376 × 10�� 8.0256 × 10� 

2025 

1 0.8679 2.4738 1.9457 × 10� 1.254 × 10� 

2 0.8716 2.4355 4.2556 × 10� 5.016 × 10� 

3 0.8716 2.4358 9.7575 × 10� 1.1286 × 10� 

4 0.8718 2.4343 2.3020 × 10� 2.0064 × 10� 

5 0.8719 2.4346 5.5465 × 10�� 3.1350 × 10� 

6 0.8719 2.4344 1.3585 × 10�� 4.5144 × 10� 

7 0.8723 2.4319 3.3713 × 10�� 6.1446 × 10� 

8 0.8723 2.4315 8.4552 × 10�� 8.0256 × 10� 

As the polynomial degree increases, ��  rises monotonically, whereas ������� 

and ��� also increase, implying higher computational cost and potential numerical in-

stability. An empirical is therefore required. In the least-correlated year (2023), �� plat-

eaus beyond degree 4 (only marginal gains at higher orders), while ������� and ��� 

continue to escalate. Based on this worst-case fit, degree 4 was adopted as a parsimonious 

and sufficiently accurate specification for generating temperature-compensated factors. 

To complement �� , the research reports mean absolute percentage error (MAPE) 

(e.g., Equation (10)) for degrees 1–8 (Table 1). These metrics are used not to maximize 

absolute predictive accuracy, but to identify where incremental gains begin to plateau 

while numerical burden (CondNum) and computational cost (Ops) escalate. For 2024–

2025, errors decrease through degree 4 and show only marginal additional reductions 

thereafter, indicating convergence at or shortly after degree 4. For 2023, overall correlation 

is weaker—the campaign was the first post-installation DCIR run, and some measure-

ments were not co-timed on the same dates which dilutes temperature–DCIR coupling—

but the same practical pa�ern holds that beyond degree 4 improvements are minimal 

while CondNum/Ops grow by orders of magnitude. This research therefore adopts de-

gree 4 as a parsimonious and numerically stable specification for deriving temperature-

compensation factors. Equation (10) is as follows: 

MAPE [%] =
100

�
�

�� − ���

��

�

���

, �� > 0 (10)

with ��  the measured DCIR (mΩ) and ��� the model prediction. Samples are 1 s discrete 

points within HPPC windows; year-specific values are listed in Table 1. 
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The algorithm was implemented in MATLAB R2023b environment using built-in 

polynomial routines and compiled into a stand-alone executable via MATLAB Compiler. 

In operation, the executable is not inserted in the communication path; it is executed of-

fline on daily database snapshots that store telemetry collected during operation, enabling 

reproducible automated processing without interfering with communications. 

Applicability and limits: The polynomial fits used to derive compensation factors are 

year-specific regressions trained on field data within each year’s observed temperature 

range. Compensation anchors are fixed at 23 °C for DCIR and 30 °C for SOH, reflecting 

the reference conditions used in Sections 3.2 and 3.3. Accordingly, the reported dispersion 

reductions and clarified inter-year trends are valid for measurements acquired at SOC-70% 

under 10 s HPPC pulses with 1 s sampling, and for temperatures within the observed 

domain. Applying the method at different SOC setpoints, pulse durations, or outside the 

observed temperature range would require re-identification of regression coefficients 

from data gathered under those conditions. 

3.1.1. Polynomial Regression for Temperature Compensation 

Polynomial regression was used to model the nonlinear dependence of DCIR on tem-

perature. By including higher-order terms, the model captures curvature that a purely 

linear fit would miss, which is common in electrochemical systems [25]. 

The general kth-order form is as follows: 

�(�) =  �� + ��� + ���� + ⋯ + ���� + � (11)

where �(�)  is DCIR at temperature � ; ��  are coefficients estimated by least-squares; 

and � is the residual. 

A fourth-order model was adopted to balance flexibility and overfi�ing: empirical 

comparisons (Section 3.1) showed negligible gains beyond degree 4 relative to the in-

creased numerical/compute cost. Fi�ing used the full field dataset (not a small training 

subset), which is appropriate for robust temperature–DCIR characterization at scale. 

The fi�ed function was then used to compensate measurements to a 23 °C reference 

(i.e., temperature compensation). For each observation, a compensation factor was com-

puted as the ratio of the predicted DCIR at 23 °C to the prediction at the measured tem-

perature, and this factor was applied to the raw per-cell DCIR. This compensation enables 

consistent comparison across heterogeneous thermal conditions and supports reliable 

degradation assessment from module to container level in utility-scale ESSs. Compensa-

tion and evaluation are restricted to the observed temperature range (no extrapolation). 

3.1.2. Temperature Compensation of DCIR 

By applying this methodology, DCIR acquired under diverse operating conditions 

can be compared on a common temperature basis, enabling more reliable identification of 

long-term trends and abnormal degradation across the ESS. Accordingly, this subsection 

presents an illustrative example in which the procedure is applied to temperature-re-

solved DCIR from the HPPC test, using the relationship in Equation (6). 

Figure 5 summarizes the workflow using DCIR obtained during HPPC measure-

ments at the Geumak ESS in 2023, where Equation (6) is used to compute per-cell DCIR 

and the regression model provides the temperature compensation table. The blue sca�er 

shows discharge resistance values measured at various temperatures (SOC = 70%). A 

fourth-order polynomial regression is fi�ed to capture the negative temperature–DCIR 

correlation: the red curve is the fi�ed regression and the green vertical line marks the 23 °C 

reference used for compensation. For each temperature, a compensation factor is defined 

as the ratio of the predicted DCIR at 23 °C to the prediction at the measured temperature. 

Applying these temperature-specific factors to all blue points yields the red (compensated) 
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sca�er. In short, the regression (e.g., Equation (12)) is fi�ed to the blue sca�er; then, as 

summarized in Table 2, compensation factors equal to the offset relative to the 23 °C ref-

erence are derived and applied. Through this regression-based approach, DCIR values are 

compensated to a consistent temperature, enabling fair comparisons across heterogeneous 

thermal conditions [26]. Over the full 2023 dataset, compensation reduced the year-level 

standard deviation from 0.030 to 0.024, improving the reliability of inter-year comparisons. 

 

Figure 5. Derivation of temperature-dependent compensation factors from DCIR measured under 

real operating conditions. 

Equation (12) represents the polynomial regression curve used in Figure 5: 

� = (1.392 × 10��)�� + (−1.320 × 10��)�� +  (4.694 × 10�)��

+  (−7.416 × 10�)�� +  (4.403 × 10�) 
(12)

where � is temperature (°C) and � the DCIR (mΩ). Coefficients were estimated by least-

squares using 125,400 temperature–resistance sample pairs from a single-year field da-

taset (year-specific fit). Samples are discrete, acquired at 1 s resolution within HPPC win-

dows; evaluation is restricted to the observed temperature range. Because the regression 

is fi�ed on the full dataset, a compensation factor can be computed at any observed tem-

perature by comparing the regression prediction at that temperature with the predicted 

DCIR at 23 °C. 

Table 2 lists the per-temperature factors derived from the polynomial fit and the 23 °C 

reference DCIR. Multiplying the measured (uncompensated) DCIR by the corresponding 

factor yields the compensated DCIR at 23 °C. The same procedure was applied consist-

ently in subsequent years to construct year-specific compensation tables. 

Table 2. Temperature-specific compensation factors from Equation (12) (2023 dataset). 

Temperature  

(℃) 

Uncompensated DCIR 

(mΩ) 
Compensation Factor 

Compensated DCIR at 

23 °C (mΩ) 

21.0 1.0309 0.8833 0.9106 

22.0 0.9478 0.9608 0.9106 

23.0 0.9106 1.0000 0.9106 

24.0 0.8788 1.0362 0.9106 

25.0 0.8449 1.0777 0.9106 

26.0 0.8353 1.0902 0.9106 
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3.2. Degradation Assessment Based on DCIR Measurements with Temperature Compensation 

Figure 6 summarizes the distribution of discharge resistance (DCIR) across three op-

erational years and the temperature dependence underlying those distributions. 

Figure 6a shows raw (uncompensated) DCIR. Because DCIR is strongly temperature-

dependent, the uncompensated histograms are wide and their standard deviations are 

large, implying that thermal effects inflate the apparent spread relative to intrinsic re-

sistance standard deviation. This broadening obscures year-to-year degradation and can 

mask near-outlier cells. 

Figure 6b presents DCIR after temperature compensation to 23 °C. The compensated 

histograms for 2023, 2024, and 2025 exhibit markedly smaller standard deviations, and the 

year-to-year increases in the mean DCIR become clearly distinguishable. Quantitatively, 

compensation reduced the annual standard deviation of DCIR by approximately 20%, 

50%, and 64.51% in 2023, 2024, and 2025, respectively, thereby clarifying trends that were 

obscured in the uncompensated results and enabling reliable inter-year comparison on a 

like-for-like thermal basis. 

Figure 6c depicts DCIR versus temperature prior to compensation and shows a 

strong negative correlation across all three years [27], reinforcing the need for compensa-

tion to remove thermal bias from resistance-based diagnostics. 

 
(a) 

 
(b) 

 
(c) 

Figure 6. DCIR distributions and their temperature dependence extracted from a 50 MW-class ESS 

over three years. (a) Histograms of DCIR before temperature compensation, including annual 

means and standard deviations. (b) Histograms of DCIR after temperature compensation, showing 
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reduced variability along with annual means and standard deviations. (c) Sca�er plot of DCIR ver-

sus temperature, illustrating the cross-year correlation. 

In summary, temperature compensation not only sharpens year-to-year shifts in cen-

tral tendency (mean DCIR) but also contracts dispersion, allowing large-scale tracking of 

cells at the distribution tails and improving sensitivity to emerging abnormal degradation. 

3.3. Degradation Assessment Based on Capacity-Based SOH Measurements with  

Temperature Compensation 

In this section, discharge capacity data from the annual round-trip tests were used to 

compute SOH via Equation (5). Temperature compensation was then applied using the 

same polynomial-regression approach as in Section 3.2, but with a 30 °C reference (reflecting 

the typical starting temperature of the round-trip tests). Figure 7 summarizes the SOH dis-

tributions and their temperature dependence for 2023–2025, before and after compensation. 

Figure 7a shows uncompensated SOH. Without removing thermal influence, the 

standard deviations are relatively large—0.802, 1.144, and 1.697 for 2023, 2024, and 2025—

indicating widespread standard deviation driven by temperature and making degrada-

tion trends difficult to discern. 

Figure 7b presents SOH after compensation to 30 °C. The standard deviations shrink 

to 0.549, 0.426, and 0.369, enabling much more precise inter-year comparisons. Quantita-

tively, this corresponds to reductions of approximately 31.5%, 62.8%, and 78.3% in 2023, 

2024, and 2025, respectively (average reduction ≈ 63%). The tighter dispersion yields more 

consistent year-over-year SOH trajectories across banks, while the compensated means 

exhibit clearer inter-year shifts, allowing more reliable identification of actual degradation 

trends. Overall, the compensation effectively mitigates ambiguity from temperature non-

uniformities and supports meaningful system-scale SOH assessment. 

Figure 7c shows SOH versus temperature prior to compensation, revealing a distinct 

positive correlation—higher temperature enhances reaction kinetics and can transiently 

increase discharge capacity [28], so more charge is accumulated over the same SOC inter-

val, inflating SOH computed via Equation (5). Without compensation, this temperature-

driven effect may be misread as improved health. The results underscore the necessity of 

quantitative compensation for credible SOH evaluation in large-scale field data. 

 
(a) 
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(b) 

 
(c) 

Figure 7. SOH distributions and their temperature dependence extracted from a 50 MW-class ESS 

over three years. (a) Histograms of SOH before temperature compensation, including annual means 

and standard deviations. (b) Histograms of SOH after temperature compensation, showing reduced 

variability along with annual means and standard deviations. (c) Sca�er plot of SOH versus tem-

perature, illustrating the cross-year correlation. 

4. Temperature-Compensated Degradation Analysis: Bank-Level Corre-

lations and Structural Effects 

4.1. Bank-Level Analysis of Correlated Trends in SOH Degradation and DCIR Growth 

In this section, degradation-related anomalies are examined at the bank scale using 

the full system dataset summarized in Figure 8. Figures 8a and 8c show, respectively, 

bank-level DCIR and SOH along with year-to-year changes (bars: increments; lines: abso-

lute values). From 2023 to 2025, banks generally exhibited a near-linear increase in DCIR 

together with a decrease in SOH. In Figure 8a, the bank median DCIR increased from 

0.9106 mΩ (2023) to 1.0568 mΩ (2025), a +0.1462 mΩ change (+16.05%). In Figure 8c, the 

bank median SOH decreased from 99.7924% (2023) to 95.3669% (2025), a −4.4255% change. 

Among all banks, Bank 01 of Container 03 (03-01) exhibited one of the steepest DCIR in-

creases, rising by 0.1836 mΩ between 2023 and 2025. 

Figure 8b presents the bank-wise standard deviation of DCIR. The across-bank me-

dian standard deviation (DCIR) rose from 0.0205 mΩ (2023) to 0.0276 mΩ (2025), i.e., 

+0.0071 mΩ (+34.63%). All banks showed an upward trend from 2023 to 2025. A larger 

dispersion indicates that cell DCIRs within a bank deviate further from the bank mean, 

evidencing intensifying internal imbalance. Beyond mean value indicators (DCIR and 

SOH), this widening dispersion is a critical field observation for utility-scale systems: deg-

radation intensifies and amplifies intra-bank heterogeneity as the system ages [15,29]. Alt-

hough SOH likely exhibits a similar tendency, direct verification is more difficult because 

SOH is measured at the rack level. 

The progressive increase in intra-bank DCIR dispersion implies non-uniform aging, 

with localized hotspots becoming more pronounced over time. These insights are enabled 

by regression-based temperature compensation to a 23 °C reference, which compensates 
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DCIR and permits precise quantification of intra-bank variability under real-world condi-

tions [30]. Notably, the bank exhibiting the largest increase in dispersion is not necessarily 

the bank with the greatest mean-level degradation; therefore, both means and deviations 

should be considered for a faithful diagnosis of evolving imbalance in large-scale ba�ery 

systems. 

 

(a) 

 

(b) 

 

(c) 

Figure 8. Bank-level analysis of DCIR and SOH over three years of ESS operation. (a) Annual DCIR 

values and year-to-year standard deviations at the bank level. (b) Standard deviations of DCIR for 
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each bank and their inter-annual changes, reflecting intra-bank variability. (c) Annual SOH values 

and year-to-year standard deviations at the bank level. 

4.2. Case Study of Bank 03-01: Escalation of Abnormal Degradation 

Figure 9 analyzes Bank 01 in Container 03 (03-01), identified as the most critical case 

where DCIR increase and SOH decline are most pronounced. (For reference, Bank 01 in 

Container 05—showing the largest capacity fade—was excluded because a brief commu-

nication error during the 2025 round-trip discharge test could bias the trend and correla-

tion analysis.) 

 
(a) 

 
(b) 

Figure 9. Detailed analysis of intra-bank DCIR distribution for Bank 01 in Container 03. (a) Number 

of cells within each rack falling in the site-wide top 25% of DCIR. (b) Number of cells within each 

rack falling in the site-wide top 5% of DCIR. 

In Figure 9a, bars indicate, for each rack, the count of cells whose DCIR falls within 

the site-wide top 25% based on annual rankings across all cells in the 19 racks. Figure 9b 

presents the same metric for the site-wide top 5%. The trajectories demonstrate that, as 

degradation progresses, the proportion of high-resistance (abnormal) cells in 03-01 grows, 

indicating deepening internal imbalance. Quantitatively, in 2025, Racks 14–15 contained 

132 and 152 cells, respectively, within the site-wide top 5% DCIR—up from 0 and 0 in 

2023—confirming a concentrated cluster of high-resistance outliers. 

4.3. Case Study of Bank 03-01: Analysis of Structural Effects and Temperature Compensation 

Section 4.3 focuses on Bank 01 of Container 03, previously identified in Section 4.2 as 

a critical degradation hotspot. The objectives are twofold: (i) to validate the effect of tem-

perature compensation on DCIR evaluation; (ii) to investigate structural factors that influ-

ence degradation. Figure 10 visualizes spatial distributions of DCIR and temperature us-

ing a standardized colormap, enabling direct comparison across years and positions. 
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Structurally, lower module indices correspond to physically upper positions in the con-

tainer. 

Compensated DCIR (Figure 10a–c): Across all three years, modules in regions with 

both lower rack and lower module indices persistently show relatively low DCIR, and the 

spatial pa�ern is stable year-to-year. Progressive degradation is evident near Racks 14–15, 

where DCIR steadily increases over time. As summarized in Table 3, after compensation 

to 23 °C the year-specific DCIR spreads remain relatively narrow—0.0586 mΩ (2023), 

0.0680 mΩ (2024), and 0.0916 mΩ (2025)—supporting like-for-like comparisons, while the 

means increase from 0.9039 mΩ (2023) to 1.0875 mΩ (2025). 

   
(a) (b) (c) 

   
(d) (e) (f) 

   
(g) (h) (i) 

Figure 10. Year-to-year analysis of DCIR and temperature distributions for Bank 01 in Container 

03, before and after temperature compensation; compensated DCIR for (a) 2023, (b) 2024, and (c) 

2025; uncompensated DCIR for (d) 2023, (e) 2024, and (f) 2025; temperature for (g) 2023, (h) 2024, 

and (i) 2025. 

Uncompensated DCIR (Figure 10d–f): In 2023 and 2024, uncompensated DCIR lies 

within narrower ranges, with upper-region modules (low module indices) showing rela-

tively higher values. In 2025, the upper modules around Racks 14–15 become distinctly 

elevated, while lower-rack regions are comparatively lower. The 2025 uncompensated 

spread broadens to 0.2952 mΩ, approximately 3.2× the compensated spread in the same 

year (0.0916 mΩ), highlighting substantial thermal distortion without compensation (Ta-

ble 3). 
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Table 3. Statistics corresponding to Figure 10 for Bank 03-01: DCIR (temperature-compensated vs. 

uncompensated) and temperature by year. 

Figure 10 Max (mΩ) Min (mΩ) Average (mΩ) Range (mΩ) 

(a) 0.9325 0.8739 0.9039 0.0586 

(b) 0.9671 0.8991 0.9342 0.0680 

(c) 1.1294 1.0378 1.0875 0.0916 

(d) 0.9096 0.8437 0.8742 0.0659 

(e) 0.9335 0.8557 0.8859 0.0778 

(f) 1.2220 0.9268 1.0713 0.2952 

Figure 10 Max (°C) Min (°C) Average (°C) Range (°C) 

(g) 24.6162 22.6162 23.9371 2.0000 

(h) 24.9330 22.7564 24.2906 2.1766 

(i) 26.6709 21.1680 23.3935 5.5029 

Temperature distributions (Figure 10g–i): Cooling fans are located at the upper-right 

of the container and activated once thermal thresholds are exceeded. Figure 10g,h capture 

non-operating-fan conditions, whereas Figure 10i reflects post-activation conditions. A 

top-to-bo�om gradient of up to ≈5.5 °C (2025) is observed as cooler air flows downward, 

lowering temperatures in modules below. Table 3 shows that gradients increase from 

2.00 °C (2023) to 2.18 °C (2024) and 5.50 °C (2025), while yearly means remain similar 

(23.94 °C, 24.29 °C, and 23.39 °C), indicating that positional non-uniformity can rise sub-

stantially even when annual means change li�le. 

Using BMS fan on/off tags, research qualitatively contrasted HPPC windows under 

fan-off versus fan-on conditions. Consistent with Figure 10 and Table 3, fan-on windows 

exhibited broader uncorrected DCIR spreads, whereas 23 °C compensation restored nar-

row spreads and preserved the year-over-year rise in the mean—supporting airflow 

asymmetry as the driver of raw broadening and validating compensation as a reliable bias 

remover. 

Two implications follow: First, temperature compensation to 23 °C is essential for 

reliable degradation assessment; without compensation, localized cooling effects (e.g., fan 

operation) introduce significant variability that obscures aging trends, whereas compen-

sated maps accentuate degradation-driven DCIR changes. Second, frequent fan operation 

imposes non-uniform thermal cycling on specific modules—particularly around Racks 

14–15—accelerating localized aging. Although direct airflow velocity or CFD data were 

not collected, the fan on/off states and vertical gradients in Figure 10g–i qualitatively evi-

dence airflow asymmetry; with the cooling unit in the upper-right, the resultant down-

ward cold-air stream aligns with elevated DCIRs near Racks 14–15. Accordingly, the lo-

calized degradation is interpreted as being driven primarily by non-uniform convective 

cooling rather than uniform ambient changes. 

In summary, compensation narrows the 2025 DCIR spread from 0.2952 mΩ (uncom-

pensated) to 0.0916 mΩ (compensated), while the mean DCIR still rises by ≈ 20.3% from 

2023 to 2025, confirming genuine aging progression after removing thermal bias (Table 3). 

5. Discussion 

Field results provide insight into degradation mechanisms under real operating con-

ditions. Temperature compensation via polynomial regression—to 23 °C for DCIR and 30 

°C for SOH—substantially reduced dispersion and enabled clearer inter-year trends in 

both metrics, even under heterogeneous environments (see Table 3 for a bank-level exam-

ple). Interpreted alongside laboratory literature that assumes uniform conditions, these 

findings highlight additional variability introduced at system scale by thermal non-uni-

formity and operational dynamics. 
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Comparative positioning and scope: Relative to prior laboratory and pilot-scale field 

studies, the present work specifies how much and under what conditions field indicators 

become more comparable. Under the compensated references (23 °C for DCIR at SOC = 

70%, 10 s HPPC pulses; 30 °C for SOH at round-trip starts), dispersion contracts substan-

tially (DCIR: ≈20%, 50%, and 64.51% in 2023–2025; SOH: 31.5%, 62.8%, and 78.3%), while 

mean shifts remain monotonic (bank-median DCIR +16.05%, SOH −4.4255%). This shows 

that compensation removes thermal bias rather than a�enuating true aging signals. Fur-

thermore, hotspot detectability improves at utility scale; in Bank 03-01, Racks 14–15 accu-

mulated 132/152 top 5% DCIR cells in 2025 (vs. 0/0 in 2023), revealing localized aging 

masked without compensation. 

Unlike laboratory studies with uniform temperature and controlled cycling, utility-

scale ESSs operate under fluctuating ambient conditions, non-uniform airflow, and dy-

namic grid-driven duty cycles. The field dataset revealed progressive intra-bank hetero-

geneity and localized hotspots—phenomena rarely observable in chamber-based or mod-

ule-level experiments [31,32]. These results indicate that utility-scale degradation path-

ways cannot be fully inferred from laboratory protocols, underscoring the need for long-

term field investigations. 

Qualitative corroboration under field conditions: The spatial co-location of (i) in-

creasing temperature-compensated DCIR at Racks 14–15 over 2023–2025 (Figure 10a–c) 

and (ii) a stable positional pa�ern consistent with the known fan placement in the upper-

right (Figure 10g–i), non-operating vs. operating) supports structural airflow asymmetry 

as a primary driver of the observed hotspot. Even when yearly mean temperature was 

similar (Table 3), the positional temperature gradient expanded markedly in 2025, and the 

uncompensated DCIR spread widened in parallel (Figure 10f), consistent with localized 

cooling and re-heating cycles. Taken together, these observations indicate that the hotspot 

at Racks 14–15 reflects genuine, location-specific aging pressure under real HVAC duty 

cycles. 

Crucially, considering not only mean indicators (SOH, DCIR) but also their statistical 

deviations exposed a progressive increase in intra-bank heterogeneity. This interpretation 

is reinforced by the 03-01 case study; spatial maps show a stable structural pa�ern across 

years, while a localized DCIR increase emerges near Racks 14–15, coincident with HVAC-

driven airflow asymmetry and episodic fan operation. Uncompensated DCIR distribu-

tions broaden markedly when fans are active, whereas compensated maps isolate degra-

dation-driven changes. Practically, the ability to detect localized abnormal cells suggests 

applications for predictive maintenance and early fault diagnosis. Future studies should 

investigate coupling effects among temperature, load dynamics, and operational strate-

gies on degradation, and validate the methodology across chemistries and deployment 

scales. 

6. Conclusions 

This study conducted a three-year, utility-scale assessment of a 50 MW-class lithium-

ion ESS, integrating annual round-trip (capacity) and HPPC (DCIR) tests with tempera-

ture compensation—to 30 °C for SOH and 23 °C for DCIR. The approach enabled reliable 

inter-year comparisons, revealed progressive capacity fade and resistance growth, and—

importantly—exposed increasing intra-bank variability indicative of deepening internal 

imbalance. A focused spatial analysis (Bank 03-01) linked a localized hotspot to HVAC-

driven airflow asymmetry, illustrating how environmental controls shape degradation 

pa�erns at scale. Consistently rising compensated DCIR at Racks 14–15 across years, wid-

ening positional temperature gradients under fan operation, and increasing intra-bank 

dispersion support a mechanistic interpretation: structural airflow asymmetry accelerates 
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localized aging. These field-observable pa�erns, together with the quantitative tables and 

maps, strengthen the reliability of the conclusions beyond figure inspection alone. 

These findings underscore the importance of integrating temperature compensation, 

spatial mapping, and deviation-based diagnostics into field ESS monitoring frameworks. 

The proposed methodology offers a practical, scalable route for the early detection of ab-

normal degradation, providing both academic insight into spatially non-uniform aging 

and actionable guidance for operators seeking to enhance the reliability and lifecycle man-

agement of large-scale ESSs. Future work will incorporate direct airflow measurements or 

CFDs to validate and generalize these qualitative insights across sites and system designs 

and extend the methodology to additional chemistries and duty profiles. 
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Abbreviations 

The following abbreviations are used in this manuscript: 

ESS Energy Storage System 

DCIR Direct Current Internal Resistance 

SOH State-of-health 

SOC State-of-charge 

HPPC Hybrid Pulse Power Characterization 

FR Frequency Regulation 

LIBs Lithium-Ion Ba�eries 

ICA Incremental Capacity Analysis 

EIS Electrochemical impedance spectroscopy 

LAM Loss of Active Material 

LLI Loss of Lithium Inventory 

HVAC Heating, Ventilation, and Air Conditioning 

BMS Ba�ery Management System 

DOD Depth-of-discharge 

OCV Open-circuit Voltage 

CFD Computational Fluid Dynamics 

MAPE Mean Absolute Percentage Error 
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