Response to Referee #1

We thank the reviewer for his/her time and consideration, and for the constructive comments. We are
confident that all remarks have been carefully addressed and that the manuscript has been improved
accordingly. Our point-by-point response is provided below (text in italics denotes excerpts from the
revised manuscript).

Referee’s comment 1. Diémoz et al. presents a new PM10 source apportionment framework, RASP-
BERRY, based on aerosol physical properties derived from OPC and aethalometer measurements.
By comparison with chemical PMF results, the authors showed the clear strengths of RASPBERRY.
The manuscript is well organized and easy to follow. However, I still have some issues before the
manuscript can be accepted. Line 292, the authors mentioned “heuristic uncertainty” was optimized
through trial-error methods or iterative approach. Given the strong influence of uncertainty defi-
nition of PMF outcomes, can authors provide more details how to derive this parameterization to
ensure the reproductivity?

Author’s response 1. We thank the reviewer for the positive overall assessment and for raising the point of
the limited level of detail originally provided to describe the uncertainty configuration in our approach.
Indeed, RASPBERRY reproductivity is actually a goal of this work. To address this potential shortcom-
ing, while at the same time keeping the main text concise, we expanded Sect. S7 of the Supplement.
In particular, we now provide a complete description of the procedure used to determine the optimal
uncertainty configuration. This workflow is presented in an objective and reproducible manner. We
also removed the term ‘heuristic’, which — although commonly used in the PMF literature — may give the
misleading impression that the parameter selection was excessively subjective or arbitrary.

The revised text reads:

The uncertainty framework employed in this study follows the methodology outlined by Vérosmarty et al.
(2024), in which the PMF input uncertainty is parametrised as in Eqs. (4) and (5) of the main text. This for-
mulation essentially represents a semi-empirical error model, with notation likely inherited from earlier
PMF implementations (PMF2), and separates the uncertainty into two components representing common
sources of uncertainty in aerosol measurements: (i) baseline instrumentl/analysis noise, ensuring a min-
imum uncertainty even when concentrations are small; and (ii) a concentration-dependent error, which
increases proportionally with the measured concentration. The interested reader is referred to that work,
and the references therein, for further details. Here we instead present an objective and reproducible work-
flow describing, step by step, how the free coefficients A, a, and C3 were selected:

1. Choice for A and a started from relevant ranges suggested in the aforementioned study and in the
scientific literature (e.g., Zhou et al., 2005a; Ogulei et al., 2006, 2007; Gu et al., 2011), i.e. 0.01 to 0.05



10.

for the product A x a. In our case, A =1 was assigned to size channels and optical absorption, and
a =0.01 was used as an initial value, following Vorésmarty et al. (2024).

. Choice for Cs started from values between 0.01 and 0.5. For example, Vérosmarty et al. (2024) select

0.10 for most of their channels. A value of 10 % represents a reasonable a priori estimate of the
uncertainty when no additional information is available, therefore Cs was initially set to this value
in our case.

. We then ensured that the total variable (e.g., PM;¢) did not influence the factorisation by setting it

as ‘weak’ in the PMF (or by assigning A =3 and C; = C3 x 3).

. An initial PMF run was performed, and the residual distribution (Q/Qexp) for each ‘species’ (VSD

channels from OPC and aethalometer spectral absorption at the measured wavelengths) was recorded.
At this stage, the volume distribution component typically dominated the profile splitting and was
better reproduced by the PME with the exception of the largest size ranges (as also reported by Virés-
marty et al., 2024), whereas spectral absorption contributed only marginally to the separation and
was not well reproduced (resulting in a high Q/Qcx) ratio). This behaviour arises from the larger
number of ‘channels’ associated with particle size (OPC measurements) compared with those related
to multispectral optical absorption (aethalometer). This imbalance was corrected in the subsequent
steps.

. We gradually adjusted the uncertainty until three criteria were simultaneously satisfied: (i) the fac-

tor contributions remained as uncorrelated as possible; (ii) the scaled residuals fell within the ex-
pected range (3, Norris et al., 2014); and (iii) the resulting profiles and contributions were physi-
cally plausible.

. In our case, reducing the residuals (and the Q/Qcx) ratio) for the largest size channels without arti-

ficially splitting the coarse ‘local resuspension’ factor into two modes required increasing their un-
certainty. This resulted in C3 = 0.3 for size channels with particles larger than 2um and C3 = 0.4
for particles above 6 ym. The 2 um and 6 um thresholds were selected as representative of the desert
dust and coarse resuspension modes, based on previous literature (see main text) and the examina-
tion of the temporal evolution of the volume size distributions. Indeed, these C3 values improved
the separation between desert dust and local resuspension contributions. Larger uncertainty values
tended to merge these contributions, whereas smaller values tended to split the local resuspension
factor into multiple modes.

. Conversely, in order for the absorption measurements to contribute effectively to shaping the factor

profiles, their uncertainty had to be reduced. In this study, C3 was set to 0.05 for aethalometer mea-
surements. Using higher values caused the size-related portion of the PMF to dominate due to the
larger number of size classes, leading to additional size modes lacking clear physical interpretation.
In some configurations, the contributions associated with traffic emissions and residential biomass
burning became unrealistically small. Similar issues concerning the mass of the traffic factor were
reported by Forello et al. (2023). Notably, the selected configuration yielded PM;y contributions
for traffic and biomass burning that are consistent with the method described by Aujay-Plouzeau
(2020), which is based solely on aethalometer measurements.

. During this process, it was necessary to increase the number of factors relative to the initial run,

which was based only on size, in order to accommodate factors emerging from the multispectral
absorption-driven splitting (e.g., traffic, biomass burning, condensation-mode secondary aerosols).
More details on the selection of the optimal number of factors are provided in Sect. S11.

. The plot of the original and reconstructed time series were examined for each input species to verify

whether the selected uncertainty configuration reproduced the original data satisfactorily.

Note that a primarily affects the PMF behaviour at low concentrations of a species, whereas Cs influ-
ences the behaviour at medium to high concentrations. This distinction is particularly important
for species exhibiting a marked seasonal cycle, such as those related to biomass burning. In such
cases, the minimum uncertainty (constant component, see Table S1) should be chosen so that win-
ter and summer conditions are clearly distinguished, i.e. situations in which the species is present
or absent in the atmosphere are well separated.



11. The factor uncertainties were finely adjusted at the end of the procedure by scaling them so that the
residuals fell within the expected range of £3. In this study, an additional 20 % increase in all C3
values was required. The coefficients were scaled accordingly rather than introducing an additional
parameter (Additional model uncertainty’) in EPA PMF 5.0. The Cs values reported in Table S1
include this factor and their reported digits are approximated to +0.05 for clarity.

The final values for the parameters A, a, and C3 are shown in Table S1. |[...]

It may be noted that:

— The uncertainty assigned to the largest size channels (d > 6 um) is relatively high. This reflects the
low number concentration of large particles and their ‘shot’ nature, which introduces greater vari-
ability when considered from a Poisson-based perspective (Sect. S2.1). Indeed, these bins typically
contain a few peak values emerging from a background of zeros, whose frequency can reach up to
30 %. Consequently, these size channels, together with the total variable PM;y, were classified as
weak variables in the PMF configuration to prevent them from exerting excessive influence dur-
ing subsequent tests. During the testing phase, as suggested in previous studies (e.g., Zhou et al.,
2004; Thimmaiah et al., 2009; Zhou et al., 2005b), an alternative approach was also evaluated
in which the largest size bins were grouped (in sets of three to five, depending on particle size) to
mitigate issues associated with low particle counts and to improve the signal-to-noise ratio (SNR).
Although bin grouping effectively increased the SNR, it hindered the separation of the two coarse
factors (desert dust and local resuspension). For this reason, this approach was not adopted in the
final configuration.

— The NeBC uncertainties used in this study are lower than those reported in some previous works (e.g.,
Forello et al., 2019; Rigler et al., 2020). In particular, Forello et al. (2023) applied an uncertainty as
high as 50 % for by, to avoid convergence issues when coupling absorption data with chemical data
in the PME With such high uncertainty values, combined with the smaller number of optical vari-
ables relative to chemical species, the NeBC information effectively follows the factorisation rather
than contributing to it. In contrast, the present approach aims to ensure that both spectral absorp-
tion and volume size distribution contribute to determining the final solution. Consequently, the
uncertainty values adopted here should not be interpreted as strict measurement uncertainties, but
rather as weighting parameters used to balance the influence of the different input variables on the
Q metric.

RC2. For traffic emissions between chemical and physical PMF results, their correlation is not that
high, r2=0.45. The authors attributed to the detection limit of OPC. Is it possible to improve the phys-
ical PMF by introducing other factors, such as NOx?

AR2. We thank the reviewer for this comment, which allowed us to clarify the reasons why NOy were not
included in the PME More specifically, we introduced the following section in the Supplement (Sect. S5:
On the inclusion of gases in the physical PMF):

Recent guidelines of the European project RI-URBANS (Petit et al., 2024) also suggest including NOy, in
PMF analyses. This practice may be useful for supporting the factor-source attribution based on the factor
NOy is associated with. In such cases, NOy should be introduced into the PMF as weak species (e.g., Vords-
marty et al., 2024) in order to prevent them from exerting an excessive influence on the separation of the
factors (see below).

However, it should be considered that in Alpine environments, particularly during winter, NOy does not
exclusively trace traffic emissions but also biomass combustion, and that Aosta is a relatively small, low-
traffic city (33,000 inhabitants; Diémoz et al., 2019, 2020, 2021). In the chemical PME for example, the



correlation of NO, NO,, and NO, with the biomass-burning factor is higher (R%2 = 0.63, 0.63, and 0.67,
respectively) than with the traffic factor (R* = 0.56, 0.45, and 0.53).

For this reason, we were cautious about using NOy as a strong species contributing to the separation of
the factors. Several tests performed during the development of this work indicate that, when NOy is in-
troduced as a strong species, the agreement between the chemical and physical PMF deteriorates and, in
some cases, the physical PMF yields unrealistic solutions. For example:

— When NOy is introduced with an uncertainty of 5-10 %, the seasonal cycle of NOy is poorly repro-
duced by the PME with NO being strongly underestimated during winter.

— When the uncertainty assigned to NOy is reduced, both NO and NO are forced to be reproduced
more accurately. However, the reconstruction of DeltaC deteriorates (Q/ Qexp = 20), and the con-
tributions of PMyy, and PMyr decrease by approximately a factor of three (i.e., to ~3 %). In some
configurations, an additional NO-rich factor separates from the factor associated with traffic emis-
sions.

This behaviour is likely related to the fact that the relationship between NOy and aerosol, as also discussed
by Rivas et al. (2020), depends on several factors: (a) meteorology and atmospheric dynamics (e.g. solar
radiation availability, temperature, etc.); (b) long-term changes in the vehicle fleet; and (c) driving condi-
tions. Consequently, the ratio between NOy and traffic-related PM can vary throughout the day, between
seasons, and over longer time scales as the ones addressed here. In addition, if as we expect the exhaust
fraction is not fully captured by the OPC and the PMF is forced to maintain a strong correlation with NOx,
the model may compensate this constraint by reducing the PM;y mass attributed to traffic.

Moreover, taking the suggestions received in the review process into account, we introduced the cal-
culation of the uncertainties of the factor contributions (matrix G) for each retrieval using the Effective
Variance Least Squares (EVLS) method coupled to the chemical PMF and RASPBERRY. With respect to
the traffic factor, this analysis clearly shows that traffic is the factor associated with the largest relative
uncertainties, both in the chemical PMF and in RASPBERRY+EVLS. This combination of low signal and
comparatively large uncertainty naturally leads to a substantial dispersion in the point-to-point com-
parison (Fig. 1 here, complementing the results in Fig. 8b reported in the first version of the manuscript
and now included in Fig. S34).

We included this discussion in the revised manuscript, and the corresponding paragraph in Sect. 4.3 was
therefore updated as follows:

The comparison of traffic factors is depicted in Figs. 8a (time series) and 8b (scatter plot). From the first
panel, it is evident that the magnitude of contributions from both source apportionments is about the
same, as are the overall seasonal trends. However, the point-to-point relationship illustrated in the second
panel reveals some discrepancies, with a Pearson’s correlation coefficient of p = 0.67 (R? = 0.45). Further-
more, the regression coefficients deviate from the 1:1 line (y = 0.58 x +0.72 ugm™2). This deviation can be
attributed to difficulties in accurately identifying the traffic factor, primarily due to the following reasons:

— Contributions from both source apportionments are relatively low, steadily remaining below 6 ugm=3,
which is consistent with the fact that Aosta is a relatively small, low-traffic city (33,000 inhabitants;
Diémoz et al., 2019, 2020, 2021). At the same time, the relative uncertainty associated with traffic
emissions is among the highest of all dimensional profiles. This is evident from both the large inter-
val ratio obtained from the DISP test (Sect. 4.2 and Fig. 3) and from the uncertainties derived using
the EVLS method for both the physical and the chemical data sets (Fig. S34).

— The finite lower detection limit of the OPC does not allow all aerosols emitted by traffic to be cap-
tured. In particular, most of the studies focusing on ultrafine and accumulation-mode particles
(among the most recent examples, Harni et al., 2024; Beddows et al., 2025; Cirovié et al., 2026;
Mapelli et al., 2026) identified at least two distinct factors related to traffic (e.g., freshly nucleated vs
more aged or distant particles, or gasoline vs diesel/heavy-duty emissions). This may indicate that
the physical setup and the chemical analyses effectively ‘detect’ different factors attributed to traffic.
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Figure 1: Comparison of daily-averaged PM; source contributions attributed to traffic derived from the chemical
PMF (further reprocessed using EVLS) and RASPBERRY+EVLS, shown together with their individual uncertainties.
The figure clearly shows that the uncertainty in the chemical source apportionment is larger than in the physical
one.

— The coarse resuspended fraction, which significantly contributes to the mass, may be characterised
in slightly different amounts in the chemical and the physical source apportionments, as discussed
in Sect. S10. Distinguishing unambiguously exhaust and non-exhaust particle contributions is a
well-known challenge, frequently reported in the literature (Forello et al., 2023).

— The mass absorption cross-section (MAC) in aethalometer measurements may decrease in winter
compared to summer, as observed in several studies, e.g. Mousavi et al. (2019) in Milan and Savad-
koohi et al. (2024) on a European scale. Such seasonal variation is consistent with an underestima-
tion of NeBC during winter, when concentrations are higher, and an overestimation during summer,
when concentrations are lower, in RASPBERRY.

At the same time, it should be noted that the comparison slope for the traffic factor is higher than 1 when
using York and log-transformed York regressions (Table S3), since the intercept decreases. Therefore, the
deviation from the 1:1 line may also be partly attributable to an artefact of the regression method itself.

RC3. The authors also mentioned RASPBERRY improves the efficiency of PME. How much faster is
RASPBERRY is compared to a normal PMF? Can we also apply RASPBERY to the chemical PMF? If so,
it would be helpful to discuss whether and how the results would differ from those obtained using a
normal chemical PMF approach.

AR3. As shown in Fig. S7, when RASPBERRY retrievals are performed on the same input data, and using
the same uncertainties/profiles from the training phase (PMF), the contributions from RASPBERRY and
the ‘standard’ PMF are equivalent. This follows from the fact that the same metric is minimised during
both the training and the retrieval phases (Eq. 3), regardless of the dataset used. In principle, the same
methodology could also be applied to chemical datasets, in a way conceptually similar to what is com-
monly known in the literature as the Chemical Mass Balance (CMB) approach. It should also be noted



that, for source apportionment based on online aerosol chemical characterisation measurements, more
sophisticated tools than RASPBERRY are available, such as SoFi (Canonaco et al., 2013).

The retrieval phase of RASPBERRY is typically one to two orders of magnitude faster than the PMF train-
ing phase for the same number of observations. However, since chemical analyses are generally per-
formed offline on daily samples, the number of data points to be processed is usually much smaller
than for physical measurements, which are typically automatic and collected at high time resolution.
Consequently, from the perspective of data volume, the computational advantage of applying RASP-
BERRY to chemical datasets would likely be smaller than that demonstrated in this work for physical
measurements. Conversely, once the training phase has been completed, RASPBERRY can be applied
to real-time physics-based measurements, enabling rapid source apportionment while avoiding delays
associated with PM sampling and chemical analyses, as well as the need to collect sufficiently long-term
datasets to perform a chemical PME Therefore, RASPBERRY allows environmental agencies to conduct
high temporal resolution, real-time, continuous, and cost-effective aerosol source apportionment, while
also supporting emergency management.
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