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ABSTRACT

Direct Air Capture (DAC) is a negative emissions technology whose performance is inherently
linked to ambient conditions, which directly affect its primary feed stream (air). A common simpli-
fication in DAC model simulations is the use of fixed weather conditions, which can bias the pre-
dicted performance under weather variability. In response, this study quantifies the impact of local
meteorological variability and temporal weather aggregation on the performance of DAC units.
Building on a previously developed and validated 1D mechanistic model of a fixed-bed Steam-
assisted Temperature Vacuum Swing Adsorption (S-TVSA) DAC process, we simulate its operation
using weather data from the Met Office station at Buchan (UK), near the Saint Fergus terminal - a
strategic hub for Carbon Capture and Storage (CCS) activities in Scotland. A two-branch method-
ological framework is developed combining optimization and forward simulations. Operating con-
ditions are optimized using a multi-objective genetic algorithm (NSGA-II) to maximize productivity
(Pr) and minimize specific equivalent work (Weq) at two temporal resolutions. Furthermore, daily
weather inputs are aggregated on a monthly and yearly scale to assess the impact of data reso-
lution on model predictions and real operational gains. Results show that temporal weather aggre-
gation to yearly averages biases DAC key performance indicators, overestimating Pr by up to 5%
while underestimating Weq by up to 31%, relative to performance based on daily weather varia-
tions. Moreover, optimization strategies that explicitly account for monthly weather variability pre-
sent monthly gains, by increasing Pr by up to 10%. Yet, these monthly gains do not necessarily
translate into significant operational performance benefits at the annual scale when daily weather
data is propagated in the process model.

Keywords: Carbon Capture, Process Design, Adsorption, Dynamic Modelling, Genetic Algorithm, United King-
dom, Industrial Clusters, Direct Air Capture, Temporal Weather Aggregation

INTRODUCTION

In light of the ongoing need to pursue mitigation
pathways towards climate change, consistent with the
Paris Agreement targets, Direct Air Capture (DAC) has
emerged as a carbon dioxide (CO2) removal (CDR) option
capable of delivering negative emissions by counterbal-
ancing legacy emissions and hard-to-abate residual in-
dustrial CO2 that cannot be eliminated through conven-
tional abatement measures [1]. DAC is a novel yet tech-
nically complex CDR technology during which atmos-
pheric CO: is artificially removed through an engineered
air contactor [2]. Unlike point-source capture

https://doi.org/10.69997/sct.123499

technologies, DAC targets the dilute CO2 in ambient air
and is intrinsically sensitive to local weather conditions
[3]. Furthermore, although DAC systems are claimed to
be location-independent, their operation depends on the
availability and integration of utilities, land and energy
sources. To avoid the need for building new DAC-specific
infrastructure and to reduce their energy consumption,
the integration of DAC systems within existing industrial
clusters is a beneficial engineering solution. In fact, co-
locating DAC units near existing industrial sites can en-
hance the overall efficiency of the system thanks to the
availability of suitable, existing infrastructure, available
waste utilities (heat, cooling water) and low likelihood of
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environmental constraints [1].

Despite ongoing, promising momentum, the wide-
spread adoption of DAC as a viable CDR at large-scale is
currently constrained by several interrelated, unresolved
technical complexities that include the integration of re-
sources within existing industrial activity [1], [3], high
cost of capture [4], [5], and performance uncertainties
due to operational variability under real-world conditions
(3], [4], [6].

Dynamic process simulations have highlighted the
sensitivity of DAC performance to ambient weather, in-
cluding spatiotemporal variations in energy demand
driven by different temperature (T) and relative humidity
(RH) profiles across different locations [4], [7]. To the
best of the authors’ knowledge, only few studies have
quantified the impact of fine weather variability and tem-
poral aggregation on technical key performance indica-
tors (KPIs) [3], [6], [8], employing optimization ap-
proaches ranging from mixed-integer linear programming
(MILP) to data-driven surrogate-based branch-and-
bound (DDSBB) and Bayesian optimization. Most DAC
studies report performance under a limited set of repre-
sentative conditions or rely on temporally averaged
weather inputs, without constructing year-long dynamic
performance profiles that resolve intra-annual variability.
Consequently, the impact of variable ambient conditions
on deviations from design-point operation - particularly
near constraint limits and along energy-productivity
trade-offs - remains insufficiently quantified. In addition,
DAC is often assessed in isolation from region-specific
deployment constraints such as industrial geography, lo-
cal climate, and evolving CO: transport-and-storage
(T&S) infrastructure.

To address this gap, we take an initial step toward a
decision-support framework for DAC siting using the UK
as a case study. We evaluate a Steam-assisted Temper-
ature-Vacuum Swing Adsorption (S-TVSA) fixed-bed
process for DAC at an industrial UK location and develop
dynamic performance profiles under off-design ambient
conditions. We compare predictions obtained using dif-
ferent weather resolutions to quantify temporal aggrega-
tion bias, and we optimize operating variables using
NSGA-II to maximize productivity (Pr) and minimize spe-
cific equivalent work (Weq) under capture-grade specifi-
cations. Finally, we quantify the value of higher optimiza-
tion resolution by comparing a single yearly optimization
against twelve month-specific optimizations accounting
for intra-annual variability.

METHODOLOGY

Temperature-Vacuum-Swing Adsorption
Cycle

Previous work focused on the development of a
Chalasti et al. /| LAPSE:2026.0239

high-fidelity mechanistic model in MATLAB to simulate
and optimize the performance of an S-TVSA DAC unit,
which constitutes the modeling basis for this work [2].
The system separates CO: from ambient air containing
400 ppm COq, nitrogen (N2), and water vapor (H20) at
atmospheric pressure (1 bar) and local ambient
temperature, using the benchmark adsorbent APDES-
NFC. It comprises five sequential steps: (i) adsorption, (ii)
blowdown, (iii) heating, (iv) desorption, and (v)
pressurization, as shown in Figure 1. Each step operates
under a distinct set of conditions, ranging from low
pressure (P) and temperature (P, T.) to high pressure
and temperature (Pnw, Tu). During adsorption, CO: is
selectively captured while H2O co-adsorbs on the
sorbent’s surface. During blowdown, pressure is reduced
to vacuum to remove residual N2. Steam-assisted heating
under vacuum promotes the desorption step, producing
a CO2/H20 stream which is separated downstream by
condensation. At the last step, the bed is then
repressurized to initiate the next cycle using air and
cooling water.

CO, lean air CO, rich product
5 § 5 _§ A’./ Condenser
= = 38
%x -§ a g . Compressor
I}
ﬁ u% 4 g . Vacuum pump
=) 2
o - Heating
P, To (] Cooling
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Figure 1. Schematic representation of the 5-step S-TVSA
cycle considered in this study.

The high-fidelity, one dimensional (1D) fixed bed
model describes competitive CO2/H20 adsorption equi-
libria as functions of pressure, temperature, and gas
composition using thermodynamically consistent iso-
therm models (GAB for H.O and modified Toth for CO:
[9]), assuming negligible N2 adsorption. Adsorption dy-
namics are captured by coupled partial differential equa-
tions for mass, energy, and momentum balances with ax-
ial dispersion. Intraparticle mass transfer is captured us-
ing a Linear Driving Force (LDF) approximation. The cycle
is simulated until cyclic steady state is reached, defined
by <0.5% variation in state variables between consecu-
tive cycles at all axial locations.

Multi-objective optimization

The multi-objective optimization problem to mini-
mize Weq and maximize Pr, subject to a product purity
constraint (s.t. Pu > 95%) is formulated as shown below:

min(—Pr + @, Wy, + @) (m

Syst Control Trans 5:297-305 (2026) 298
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® = 025 x [max(0,95— Pu)]’

where 6 is the vector of process operating variables,
bounded between a lower (6;) and upper () value as
shown in Table 1. The equivalent work term represents
the total energy duty of the system, combining the ther-
mal (heating, steam purge) and electrical energy require-
ments (compressor, vacuum pump, condenser) into a
single metric [2].

Table 1. Upper and lower bounds applied to the operating
variables 6 for optimization of the S-TVSA process.

tads theat Tdes PL Th Vs Vin
(s) (s) (s) (Pa) (K) (m/s) (m/s
)
6, 1, 500 1, 500 36 0.001 0.00
000 000 3 5 5
Ou 15, 1, 40, 5, 37 0.005 0.01

000 500 000 000 3

Building on previous work, the purity constraint is
represented as a quadratic loss penalty function with a
drawdown coefficient ¢ = 0.25 [2]. The decision variables
that are optimized include the adsorption time (tass), the
heating time (tneat), the desorption time (tees), the vacuum
pressure (P.), the steam temperature (Tw), the steam ve-
locity (vs), and the air feed velocity (vin). The duration of
the blowdown (tes) and the pressurization (tpres) steps is
30s [2].

Industrial Clusters — Location case-study
selection

To enable a cluster-specific assessment and the
construction of a year-long dynamic performance profile
under realistic ambient conditions, a representative site
within the Scottish Industrial Cluster was selected. The
Scottish Cluster is particularly relevant for large-scale
DAC deployment due to its proximity to existing and
planned CO: transport and storage infrastructure [10].
The area of Saint Fergus was chosen as a reference lo-
cation, serving as a proxy for cluster-level deployment
and enabling a detailed, high-resolution assessment of
weather-driven performance variability. Year-long ambi-
ent meteorological data for 2024 (T;, RH,) were obtained
on a daily resolution from the Buchan station, the nearest
UK Met Office station to the selected reference site [11].

Effect of weather variability and temporal
aggregation

Dynamic Performance Profiles
Previous DAC process-modelling studies have
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typically employed constant ambient conditions to eval-
uate system performance. Although computationally ef-
ficient, this assumption neglects the intrinsic temporal
variability of atmospheric T and RH that directly define
DAC inlet conditions and may therefore bias predicted
KPIs. To systematically evaluate the impact of weather
resolution on DAC performance, we develop a two-
branch methodological framework combining optimiza-
tion and forward simulations under different temporal
representations of ambient conditions. By developing dy-
namic performance profiles, we can quantify how real op-
eration at a fixed operating set of conditions (fixed oper-
ating strategy) responds to different temporal resolutions
of weather.

60 T T T T T T T T T T T
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Figure 2. Daily ambient conditions at Buchan in 2024: (a)
temperature T, (K) and (b) relative humidity RH; (%). Over
the year, T; ranged from 270.8-288.9 K and RH, from
64.6-99.8%. Annual mean values were T, = 281.6 K and
RH, = 87.4%.

Furthermore, we can evaluate whether temporal ag-
gregation of weather data yields values that are con-
sistent with the fixed monthly and yearly inputs com-
monly assumed in DAC process simulations, and quantify
any discrepancies introduced by this simplification. Daily
weather data (T, RH,) for the chosen location, with d €
{1,...,D} where D are the number of days in 2024 (366),
are obtained directly from the data source. The first step
of the workflow involves running a multi-objective opti-
mization under yearly averaged (Ty,ﬁly) conditions.
From the resulting Pareto set, as shown in Figure 3, the
maximum-productivity point (Pr},..) is selected to de-
fine the fixed operating strategy for this workflow. Next,
this fixed vector of decision variables, &5, that describe
optimal operating conditions at Prj ., is propagated into
forward simulations in the DAC model using the full se-
quence of daily weather inputs (T, RH;). This procedure
yields time-dependent daily trajectories of KPIs, enabling
a direct correlation between ambient weather inputs and
DAC performance. Daily weather inputs are averaged on
a monthly and yearly basis as shown below:

Dm,l
— 1
= 2
Tm,l Dm,i dgl Td ( )
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Dm,l
RFi,, = 5— ) RHy (3)

mi =1
1 D
Ty = B Z Td (4)
d=1
J— 1 D
RH, = de RHy (5)
=1

D,,; denotes the number of days in month i.

Forward Simulations

To assess the impact of weather data temporal res-
olution on performance predictions, the daily KPI outputs
are aggregated into monthly and yearly values.

Dm,i
__ 1
KPI,,; = B d; KPI4(Ty, RHy, 6}) (6)
D
KPI, = % KPI,(Ty,RHy, 6}) (7)
d=1

The resulting averaged KPIs are then compared
against KPIs obtained from simulations that use fixed
monthly (KPIm,i(Tm,i,ﬁIm,i,e;‘)) and fixed yearly
(KPI3(T,, RH,,6;)) ambient conditions by testing the fol-
lowing null hypotheses H,,.

HO:K—PIm,i - KPIm,i(Tm,i’ﬁIm,is 6;;) =0 (8)
Hy: KPI, — KPI;(T,,RH,,6;) = 0 9)

In addition, we can also estimate yearly average

KPIs using weighted fixed-month simulations:
~ 25 o
KPI, = Z%KPIm’i(Tm'i,RHm’i,e;) (10)
i=1

This methodology allows us to (i) determine whether
the temporal averaging implied in fixed-weather model-
ling is valid and (ii) to quantify the operational penalties
that arise when a DAC unit optimized for nominal yearly
conditions is exposed to real atmospheric variability.

Process Optimization

The second branch of the workflow will allow us to
quantify the effect of temporal resolution in process im-
provements of DAC optimal performance. We solve the
optimization problem using NSGA-Il under two temporal
representations of ambient conditions: yearly constant
conditions as described above (Ty,ﬁly) and monthly-
constant conditions (T,,,;, RH,,,), yielding 12 different sets
of decision variables (8;,;). For each optimization sce-
nario, two representative Pareto solutions are extracted:
the maximum Pr (Pr},,.) and the minimum Weq points
(Weq} in)- For the monthly optimization case, annual
mean KPIs are computed by averaging weighted monthly
optima:
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12
- Dy, N — )
KPI; = Z%KPI;"M (Tyni» RHp i 65500) (1
i=1
This branch of the workflow tests whether increas-
ing the temporal resolution of the optimization inputs
leads to improved predicted annual-mean optimal perfor-
mance relative to a single yearly-constant optimization.

To this end, the following null hypothesis is tested:
Hy: KPI;(T,, RH,, 63) — KPLy(Typ s RHp 1 65) =0 (12)

Furthermore, to quantify the month-specific value of
re-optimization, we compare the performance obtained
when operating each month using the annually optimal
decision vector (8;) against the performance achieved
under month-optimal settings (6;,;), both evaluated un-
der the same month-averaged ambient conditions
(T, RH,,)- This test isolates the operational benefit at-
tributable solely to adjusting operating parameters at a
monthly timescale, relative to maintaining fixed yearly
operation:

Hy: KPlLy i( Ty i RH 1, 65)

— KPI m,i(Tm,isRHm,is em,i) =0

Aggregated on an annual scale, we also evaluate:

Hy: KPL,— KPI; =0 (14)
Finally, to evaluate whether gains identified under
aggregated ambient conditions translate into improved
annual operation under fully time-resolved weather, we
test the following null hypothesis:

Hy: KPI,, — KPI} = 0 (15)

, Where we define:

D
L KPI4 (T, RH, 65,) (16)
Dd:l '

KPL; =

RESULTS

Dynamic Performance Profiles

The DAC unit was optimized at nominal weather
conditions that correspond to the yearly average. From
the resulting Pareto Front shown in Figure 3, the combi-
nation of operating variables corresponding to the maxi-
mum productivity was chosen to create our fixed operat-
ing strategy.

The simulated DAC productivity exhibits intra-an-
nual variability (Figure 4b), ranging from 5.6 to 6.2
kg/mé/day, with lower values occurring under combina-
tions of high RH and medium-to-high ambient T. Alt-
hough modest in magnitude, a non-uniform productivity
profile can propagate across the CO: removal value
chain. At plant level, it can reduce capacity utilization and
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can bias sizing when designs rely on annual-average per-
formance. At cluster scale, time-varying CO2 output may
undermine steady-supply assumptions for downstream
compression, transport, and storage infrastructure, low-
ering utilization of shared assets. Even without explicitly
modeling the Carbon Capture & Storage (CCS) chain in
this study, these results suggest that sustained produc-
tivity fluctuations can materially affect integration, cost
estimates, and deployment robustness. Energy con-
sumption (Figure 4c) is strongly affected, displaying
peak-to-trough variations of up to 76% over the year - an
effect that is obscured when steady-state or temporally
averaged conditions are assumed. It is interesting to no-
tice that high RH values cause a simultaneous increase in
energy consumption and reduction in productivity, con-
sistent with CO2-H20 co-adsorption: at very humid con-
ditions, H2O adsorption dominates and water-loaded
sorption sites require additional regeneration, increasing
energy requirements while reducing effective CO:2
throughput. Finally, purity shows a clearer intra-annual
trend, decreasing during summer months (Figure 4a).
This is consistent with the decreasing adsorption capac-
ity and sorbent’s reduced selectivity at higher tempera-
tures, which gives more space for H20 to compete by oc-
cupying and accumulating on the void spaces, yielding a
mixture which is less rich in CO.. Although the purity con-
straint of 95% was met for this combination of ambient
conditions and marginal peak-to-through variability (1%)
was observed, variable product purity can entail the risk
of increasing downstream processing costs to maintain
the stream within spec, with significant impacts on the
downstream CCS chain.

2

(=)}
T
1

Weq (MI kgl )

3 35 4 4.5 5 5.5 6 6.5 7
Pr (kg/m>/day)

Figure 3. Pareto Front resulting from the multi-objective
optimization problem of maximizing productivity (Pr) and
minimizing equivalent work (Weq) using NSGA-II.

Temporal Weather Averaging

Figure 5 compares normalized DAC performance in-
dicators obtained using different temporal representa-
tions of ambient conditions while maintaining a fixed op-
erating strategy (6;). KPIs calculated using yearly aver-
age conditions are included as a reference (dashed lines)
to reflect the common simplifying assumption adopted in
much of the existing DAC modeling literature. The results
demonstrate that the use of temporally averaged
weather inputs leads to systematically biased
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performance predictions. When monthly- (green bins) or
yearly-averaged (dashed line) T and RH values are em-
ployed, KPIs can be either over- or under-estimated rel-
ative to simulations driven by daily resolved meteorolog-
ical data (purple bins). System productivity is consist-
ently overestimated, while energy requirements are sig-
nificantly underestimated when constant yearly ambient
conditions are assumed.
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Figure 4. Dynamic annual profiles of (a) purity (Pu), (b)
productivity (Pr), and (c) equivalent work (Weq) for the
optimized DAC unit operating at St. Fergus.

May corresponds to the maximum deviation from
the yearly nominal operating conditions, with productivity
overpredicted by up to 5% and energy demand underes-
timated by approximately 31% when compared to the
daily-resolved cases. Despite these discrepancies, CO;
purity is shown to be comparatively insensitive to tem-
poral aggregation, with deviations remaining below 1%
across all cases. This indicates that purity constraints are
robust to weather averaging for the operating regime
considered. Other critical KPIs exhibit much stronger
nonlinear responses to ambient variability. Electrical en-
ergy consumption is underestimated by up to 195% when
yearly fixed temporal representations are used under-
scoring the extent to which averaging suppresses high-
energy operating periods. On an annual scale (purple
bins), the same trends are observed compared to the
yearly-averaged simulations (dashed line). This discrep-
ancy highlights that the annual mean of a nonlinear KPI
does not correspond to the indicator evaluated at annual-
mean ambient conditions. Hence, we show that:

KPI, # KPIi(T,,RH,,0;)
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A similar effect is observed at the monthly level.
When KPIs obtained from daily-resolved simulations
(light purple bins) are averaged over each month and
compared to simulations performed using fixed monthly-
average ambient conditions (green bins), systematic de-
viations persist. Specifically, while purity remains largely
unaffected, productivity is overestimated by up to 2.5%
and energy consumption is underestimated by up to 1%
depending on the month. Hence, we conclude that:

K—PIm,i 7é KPIm,i(Tm,isﬁIm,i’ 6;;)

EWKPL,; IKPL,; IMKPI, - - KPI}
@

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Yearly
Figure 5. Comparison of normalized (a) purity (Punom), (b)
productivity (Prrom), and (c) equivalent work (WeQnorm)
obtained at different temporal resolutions. All results are
obtained using the same operating variables &; and are
normalized by the nominal case that produces KPI;.

These deviations arise because short-term excur-
sions to unfavorable temperature and humidity condi-
tions - particularly those associated with high energy
penalties - are smoothed out when average inputs are
used. These findings demonstrate that temporal aggre-
gation masks the true operational variability of DAC sys-
tems by suppressing extreme but impactful weather con-
ditions. While low-resolution weather data may be suffi-
cient for predicting product quality, it fails to accurately
capture energy requirements and the system’s produc-
tivity. This has important implications for techno-eco-
nomic assessments, utility sizing, and system integration
studies, where underestimating peak and cumulative en-
ergy demand may lead to overly optimistic cost projec-
tions and misinformed process design.

Optimization at temporal resolutions

Building on the forward-simulation analysis, we
move to the optimization framework which enables de-
tangling (i) the benefit of re-optimizing operating
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conditions at a monthly timescale, (ii) the month- and
yearly specific improvement achievable relative to fixed
annual operation, and (iii) the extent to which apparent
gains under aggregated weather inputs translate into im-
proved performance under fully time-resolved (dynamic)
ambient conditions. These hypotheses provide a struc-
tured basis to determine whether increasing temporal
resolution yields meaningful operational improvements,
or whether it primarily increases computational burden
without material gains in annual performance. As seen in
Table 2, monthly re-optimization (K=PI;) does not yield
consistent annual-mean performance gains relative to a
single  yearly-constant  optimization  (KPI;). At
Pry max> monthly optimization produces negligible change
in productivity but increases equivalent work from 4.95
t0 5.16 (+4.35%), indicating a deterioration in energy per-
formance. In contrast, at Wegqj ,,;,, monthly optimization
substantially increases productivity (+10.13%) but at the
expense of increased energy consumption (+15.09%).
Overall, these results indicate that increasing temporal
resolution in the optimization inputs shifts the optimal
trade-off between productivity and energy consumption
rather than delivering uniform improvements across the
Pareto front. Hence, we conclude that:

KPI(T,,RH,,6;) # KPUy(Tyis RHp i 65 )

Table 2. Annual-mean KPI comparison for yearly-con-
stant and monthly-constant optimization (max-Pr, min-
W.q). The relative KPI changes are calculated with respect
to the yearly optimization strategy that produces KPI; at
each operating point. AKPI > 0 signifies an increase in the
measured KPI.

Operating  Strat- Pr Weq APr% AWeq%
point egy
PF s KPI;  6.22 ;1.9 - -
KPI; 6.20 5.1 -0.37 435
6
Weq}, min KP;  3.81 29 - -
8
KPI; 420 34 101 15.09
3 3

Furthermore, as shown in Figure 6, by investigating
the month-by-month value of re-optimization at
Pr 0 We Observe that monthly re-optimization yields
higher productivity in most months, with %APr > 0in 9 out
of 12 months. The largest productivity increase occurs in
January (+4.75%), while the most pronounced productiv-
ity penalty occurs in November (-6.98%), indicating that
re-optimization does not consistently preserve the
productivity-extreme solution across the full seasonal
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envelope of monthly mean conditions. The energy re-
sponse at Pr,,., is mixed and season dependent. The
equivalent work decreases (i.e., %AW, < 0) in 8 out of 12
months, reaching a maximum reduction of -11.68% in
April and -7.56% in May, but increases in the remaining
months, with the largest penalty occurring in October
(+7.79%). Consequently, monthly re-optimization at the
productivity-driven operating point does not yield uni-
form co-improvement but instead induces month-spe-
cific trade-offs where productivity gains may be accom-
panied by higher energy consumption (e.g., January, Oc-
tober, December), and energy reductions may coincide
with reduced productivity (notably November). At the
minimum-energy operating point, monthly re-optimiza-
tion produces a consistent productivity improvement in
every month, with %APr > 0 for 12 out of 12 months. The
magnitude of the productivity uplift is substantial, rang-
ing from +1.48% (March) up to +23.02% (November),
demonstrating that the fixed yearly operating strategy is
systematically conservative in terms of throughput when
applied under month-specific ambient conditions.

*
a) Pr
L L L L L ( ). y.max L L L L
5 L
S
<0 r
ot
-9
< 5 L
T T T T T T T T T T T T
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Figure 6. Monthly percentage change in productivity and
equivalent work when applying monthly re-optimization
relative to fixed yearly-optimized operation evaluated at
Prymax (a/b) and at W, in (C/d).

Jul Aug Sep Oct Nov Dec

In contrast, the energy effect remains highly sea-
sonal. Equivalent work is reduced (i.e., %AW, < 0) in only
4 out of 12 months - specifically April (-16.42%), May (-
17.44%), July (-27.12%), and September (-6.35%) - but
increases in the remaining months, with pronounced pen-
alties in November (+23.27%) and December (+17.50%).
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This indicates that month-specific re-optimization does
not consistently minimise energy month-by-month but
rather relocates the operating point along the Pareto sur-
face in a way that frequently favours productivity in-
creases, occasionally at the expense of higher energy
demand. When averaged on an annual scale, at Weg; ,,;,,
montlhy re-optimization provides a clear annual
productivity increase (~11%) with a modest reduction in
Weq (~2%). A similar decrease in Weq is observed at
Prymax coOupled with a marginal increase in Pr (< 1%).
Hence, we conclude that:

KPIm,i(Tm,i’ ﬁlm,i? 9;) # KPI*m,i(Tm,hﬁIm,i’ ejn,i)
KPI, # KPI;

The above analysis serves as a tool to depict that
finer data can improve the predicted KPIs and hence
show that literature-assumptions of constant weather
prevents the system from reaching its maximum poten-
tial. However, these gains are achieved under the as-
sumption of monthly fixed weather inputs. The real oper-
ational gains should be evaluated when daily weather
data is propagated along with the optimal values of op-
erating variables. Under time-resolved weather propaga-
tion, monthly scheduling provides no meaningful benefit
at  Pr.q yielding negligible productivity change
(+0.03%) while increasing equivalent work (+1.72%). In
contrast, at W, ,, min ,» monthly scheduling delivers a sub-
stantial productivity gain (+10.24%) but no corresponding
energy reduction, with equivalent work remaining effec-
tively unchanged (+0.18%). Overall, the ‘real gains’ anal-
ysis shows that improvements inferred under aggregated
ambient conditions do not necessarily translate into en-
ergy savings under intra-month variability, while produc-
tivity gains persist primarily in the energy-minimization
regime. Hence, we conclude that:

KPI, # KPL},

CONCLUSION

To conclude, this work leverages on a previously
developed high-fidelity, mechanistic, model to assess
the impact of local weather variability and temporal ag-
gregation on model predictions and real operational gains
for an S-TVSA DAC unit. We show that DAC performance
responds non-linearly to temperature and relative humid-
ity. Consequently, KPIs evaluated at monthly or yearly
average conditions do not reproduce true annual perfor-
mance under time-resolved operation. Productivity is
consistently overestimated, while electrical energy de-
mand and equivalent work are substantially underesti-
mated when yearly average weather inputs are used,
with important implications for techno-economic
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assessment, plant sizing, and system integration.

The study further shows that increasing the tem-
poral resolution of the optimization inputs from yearly-
mean to monthly-mean ambient conditions does not de-
liver uniform improvements in annual performance but in-
stead repositions the optimal operating strategy along
the productivity-energy trade-off surface. Month-spe-
cific optimizations can yield localized performance peaks
(e.g., productivity uplift in selected months or reduced
equivalent work) that can survive aggregation and deliver
an improved performance on an annual scale. Im-
portantly, operating at the energy minimization regime
can offer substantial productivity gains. However, this
work highlights that the value of these strategies must be
assessed through dynamic evaluation: when day-to-day
weather variability is propagated through the process
model, the apparent benefits inferred under aggregated
conditions are attenuated, and meaningful operational
improvements remain confined to specific operating re-
gimes. Collectively, these findings indicate that weather
should be treated as a primary operational input for DAC
design and scheduling - rather than a secondary disturb-
ance to be averaged out if robust, region-specific de-
ployment near industrial clusters is to be achieved. Alt-
hough demonstrated here for the UK, the proposed
workflow is directly transferable to other regions through
substitution of site-specific meteorological datasets and
deployment constraints, enabling consistent cross-re-
gional benchmarking of DAC performance and operating
strategies.
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