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This manuscript evaluates the effectiveness of including fluorescence information along with 
holographic images for the identification of a small number of allergenic pollen species. They find 
that the accuracy of the combined technique is a large improvement over the use of only 
fluorescence or only holography for identification. While this is a nice piece of work that shows 
value in this combination, I do think it is quite limited in applicability due to the small number of 
pollen samples examined. A few questions/issues that I hope the authors can address are as 
follows: 

I would recommend a bit more instrument description early in the paper. I realize that the 
instrument has been described previously but it would be helpful to have at least a brief summary 
of the most pertinent details presented here since it is not an instrument that has been written 
about extensively and may be unfamiliar to some readers. It would be nice to know the detectable 
size range, what the sizing laser and the fluorescence excitation sources are, how the excitation is 
triggered by the instrument and how the scattered/emitted light is collected. 

We agree with the referee on the need to make the paper more self-contained. We added the 
suggested content as: 

L75: detectable size range “The SwisensPoleno Jupiter measures particles in flight, in the size range 
from 0.5 to 300µm, as they pass through the instrument.” 

L80: how the excitation is triggered by the instrument and how the scattered/emitted light is 
collected, we added “Right after the particle triggering and holographic images, FL is measured 
using the Laser Induced Fluorescence (LIF) method. FL is then sequentially induced by three 
excitation sources and captured in five different wavelength channels, for a total of 15 measured 
FL intensities. For each source, the FL is induced by shooting at the particle as it passes the detector 
and the FL subsequently emitted by the particle is captured by Silicon Photomultipliers (SiPM).” 

L80-81: excitation sources already given “The three different excitation wavelengths are 405, 365, 
and 280 nm, while the reception wavebands are 333-381, 411-459, 465-501, 539-585, and 658-694 
nm.” 

Along similar lines, I think it would be good to describe the data pre-processing in section 2.2 a 
little more clearly. I believe you mean that a human user removed both non-pollen particles and 
any pollen particles that were not of the particular class being sampled. If I’m interpreting that 
correctly, that seems like quite a limitation. If the plan is to eventually use this technique on 
ambient data the instrument and the ML methodology is going to need to be able to deal with both 
non-pollen particles and sampling periods in which many different kinds of pollen are mixed 
together. If this cleaning were not done, how much worse would the performance be? Can you 
comment on whether this would be a necessary step in processing ambient data and, if so, how 
that might be accomplished and what it would mean for identification of different pollen types? 

First, the rationale for cleaning the data is that we have data that we generated ourselves (we 
atomised pollen and fed the instrument with it), thus we may have particles that we would not find 
in ambient air (for example pollen aggregates), and this could bias the model when learning form 
these datasets. Secondly, we use a 2-step process when applying the model to ambient air data. A) 
We apply a “pollen filter” based on the particle aera and solidity (removing very small particles and 
those with irregular shapes since pollen grains typically have smooth convex shapes) and B) we 
apply the ML model to the remaining data. With this process, the ML model is able to differentiate 



various taxa well. In short, the approach is identical to what is done for operational automatic 
pollen monitoring based on digital holography only. 

The authors state that, if subtraction of the baseline resulted in apparently negative fluorescence 
values, those values were assumed to be zero instead. Although this is likely a minor effect, I think 
it is more mathematically correct to include negative values as, without them, you are necessarily 
biasing the data high. Aren’t they statistically meaningful in the sense that they reflect baseline 
variability in the instrument? 

They indeed reflect a certain variability due to noise, but we did not keep them because during the 
computation of ratios, for very low fluorescence particles, they may compensate positive values 
and lead to division by zero. This generates numerical instabilities, which our machine learning 
models cannot deal with, while they otherwise work well even in this low-fluorescence regime. We 
therefore prefer to accept the approximation to zero which, as pointed out, is a minor effect. 

L125-126: precision “If the subtraction caused the final signal to be negative due to noise, the 
resulting value was set to zero to avoid numerical instabilities that our ML model would not be able 
to deal with.” 

The authors are careful to sample fresh pollen quickly which is appropriate for a laboratory study. 
I believe, however, that there is reasonable evidence from recent measurements (see Hughes et 
al., ES&T Lett. 2020 for example) that pollen ruptures into smaller particles when exposed to humid 
conditions. It seems that the size and shape parameters are quite important for telling these 7 
pollen types apart, could the authors comment on how this method might perform if there were 
pollen fragments in atmospheric measurements? 

This is a very pertinent comment, as fragments seem to affect allergic people as much, if not more, 
as pollen does. Pollen fragments are typically very small compared to pollen grains; at most 2.5 µm 
while pollen grains usually have a minimal size of 10 µm. In that regard, pollen fragments would 
not pass the “pollen-non pollen” filter because of their size. If we were not using any filter, the 
holographic images of particles of size 2.5 µm or less would display a sort of dot, due to the low 
image resolution of 0.595 µm/pixel, with no characteristic shape. In that regard, the morphology of 
the particle would not be helpful to distinguish particles. However, we could count the number of 
particles of a certain size as an estimation of what could be pollen fragments. Besides, atmospheric 
conditions can also influence pollen grains’ shape directly, but if the model is trained properly, it 
should cope with some variability in the data and still predict the correct class. 

L272-273: added a sentence on the limitation regarding fragments, “For example, in ambient air, 
pollen can break into fragments also impacting allergy sufferers but not currently monitored.” 

Generally, I think the limitations of the controlled nature of the study and the small number of 
homogeneous samples used, should be discussed more clearly throughout. Although this offers a 
nice proof of concept that fluorescence may help discern different pollen types from one another, 
there is still the potential that a more diverse and variable ambient particles population will not be 
so readily separated. It would have been interesting, rather than focusing on the most allergenic 
species to, instead, focus on the most common species as a function of season as that would be 
more likely to tell you whether this method is capable of giving actionable information to allergy-
prone citizens. 

The most allergenic species that were selected for this study also comprise the most common 
species. Betula tree and Cynosurus grass (Poaceae) represent the most abundant pollen types in 



central Europe with the heaviest impact in terms of allergies. The seasons of the seven taxa that 
were selected here cover the whole pollen season for central Europe, from December to July. 

We emphasized the limitations of this study by modifying: 

L259-261: “In addition, the main limitation of this study, focusing on a reduced number of pollen 
taxa and manually generated data, should be overcome in following work by gathering more data 
to train a broader model and test it on operational data.” 

Line 217 – I think you mean “averages” rather than accuracies 

“Overall accuracies” here means the average accuracies of each model over the seven classes. We 
indeed mean accuracies but the global accuracy, not the specific accuracy of a model for one class. 

For Figure 4, is that based on one of the two instruments used in the study? If so which one? How 
different would the discernment be if the other instrument was used? 

Figure 4 is based on the two instruments; it displays all the data used in the study. We checked if 
there was a major difference between instruments by colouring the UMAP accordingly and also 
through the use of boxplots. In the UMAP case, for each taxon the colours of the two instruments 
were mixed up, showing that the pollen measured by both instruments gave similar 
measurements. The boxplots showed no major difference between the two instruments as 
quartiles clearly overlapped. Even if we tested this difference, it would not be possible to determine 
if the variability that we observe is due to the instruments themselves or due to natural variance 
in the samples. 

We thank the Referee for their suggestions and remarks. We appreciate that you addressed specific 
issues in our paper and hope that we answered satisfactorily to improve the quality of the article. 


