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Abstract

Accurate characterization of the morphology of soot is essential for our understanding and better modeling of
the physical and chemical properties of soot. The morphological characteristics of soot are traditionally explored
experimentally via Transmission Electron Microscopy (TEM), usually by investigating the images via manual
segmentation, which is highly labor intensive. To improve this process, a novel model for automatic segmentation
of primary particles in TEM images of soot is presented in this work. The goal of the model is to identify and
isolate each primary particle from a TEM image of a soot aggregate. The model, titled Soot Aggregate Geometry
Extraction (SAGE) employs a two-stage training process using a convolutional neural network: an initial training
on synthetically-generated TEM images followed by a refinement training by using manually segmented real TEM
images. The model was tested against a dataset of real TEM images that included images from sources different
from the training data (i.e., different instruments and different researchers). When tested against this real TEM
image dataset of soot, SAGE shows good performance with an F; score of 67.7% indicating its ability to correctly
identify primary particles while achieving a balanced trade off between missing true particles and detecting false
ones. SAGE is able to detect more primary particles with better shape and size alignments with the ground
truth data than traditional methods such as circular Hough transform or Euclidean distance mapping methods
leading to a much higher mean Intersection over Union score of 62.2%. Unlike most existing approaches that
produce circular segmentations and requires image-by-image tuning, SAGE effectively captures irregular particle
boundaries without additional adjustments. The particle size distribution obtained from SAGE matches well with
the ground truth. The median errors of predictions obtained from SAGE fall below 5% and 1%, respectively, for
radius of gyration and fractal dimension of particles.
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The research presents a new model for automated segmentation of transmission electron microscopy (TEM) im-
ages to extract features of primary particles in a soot aggregate using machine learning. The model is trained
using a novel multi-step training process that involves both synthetic images and a few hand-segmented images
for robustness and increased performance. The model shows very good performance out of the box, much better
than commonly used models, in capturing irregular shapes of primary particles across TEM images from multiple
sources. This is a significant development since segmentation of TEM images are often tedious and labor-intensive.
The tool presented here shows considerable improvement over existing tools for segmentation of TEM images at
primary particle level. This tool will help the community in more efficient analysis of microscopic images to
extract morphological information of soot aggregates and primary particles.
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1. Introduction

Soot is a particulate matter — a byproduct of the
incomplete combustion of carbon-based fuels with
far reaching impact on global climate, public health
and welfare [1]. During combustion, physical and
chemical processes lead to inception of carbonaceous
spherules — clusters of aromatic and aliphatic struc-
tures [2}13]] — known as soot primary particles (PP) [4].
As these primary particles grow, they eventually ag-
gregate together to form soot aggregates or simply a
soot particle [4}15]. Along with the internal nanostruc-
ture, the morphology of a soot particle — i.e., its size,
shape, and spatial arrangement of its primary particles
— is an important factor affecting its properties [6].
The soot aggregate’s morphology plays a large role
in determining its radiative potential and influences
how soot contributes to global radiative forcing and
climate change [1]]. The morphology and size of soot
aggregate and primary particles change during their
evolution during combustion [6l [7]. Typically, soot
aggregates range in size from few to few hundreds of
nanometers (nm), with primary particles of sizes up
to 40 nm [8].

Transmission electron microscopy (TEM) (and
high resolution TEM or HRTEM) is one of the
most common diagnostic techniques used to analyze
and explore the detailed morphology of soot aggre-
gates [9]]. Proper evaluation of TEM images of soot
requires classification and segmentation (i.e., identifi-
cation and detection of boundaries) of primary parti-
cles as well as the entire aggregates. This classifica-
tion and segmentation (referred together as segmen-
tation for brevity in this work) is performed primarily
by hand, one particle at a time [10]. Due to the labor-
intensive and time-consuming nature of this process,
quantitative data on soot morphology is limited. This
adds to gaps in our knowledge of morphology varia-
tion and its effect on soot properties.

Recent developments in machine learning (ML)
and computer vision (CV) have allowed researchers
to attempt ML-driven automation in segmentation of
microscopic images for feature extraction across var-
ious fields [11H15]. In particular, a Convolutional
Neural Network (CNN) called Mask R-CNN [[16] has
proven successful for object detection and semantic
segmentation tasks. In soot-related works, techniques
such as Otsu thresholding [17], k-means segmenta-
tion [18], and CNN approaches [19} 20] have been
successfully used in the segmentation of entire (not
at primary particle level) soot aggregates. However,
manual approach remains the most consistently reli-
able method to accurately identify, segment, and size
primary particles within a soot aggregate. An excel-
lent review of primary particle segmentation meth-
ods and their limitations can be found in [9]. Work
has been done to automate the analysis of primary
particles, with some methods such as the pair cor-
relation method (PCM) [17]] and Euclidean distance
mapping (EDM) [21] providing automated size esti-
mates. Methods such as the circular Hough transform
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(CHT) [10, [19, 22425], and a combination of wa-
tershed segmentation with EDM (EDM-WS) [9. [11]
attempt to provide actual segmentations along with
size estimates, but are limited in their capability to
handle complex aggregates. These methods strug-
gle with segmentation at the primary particle level
due to challenges such as low contrast, noise, mor-
phological variation in primary particles, and exten-
sive overlapping within aggregates. Recently, CNN-
based approach was used to attempt primary particle-
level segmentation of scanning electron microscopic
(SEM) images of particulates using DeepParticleNet
(DPN) [20]. But it has not been used on TEM images,
which — as mentioned earlier — pose challenges due
to low contrast, high degrees of overlap between pri-
mary particles, and irregular primary particle bound-
aries. TEM images are two-dimensional projections
of three-dimensional aggregates, so inconsistent con-
trast makes it difficult to delineate the boundaries be-
tween primary particles in densely packed overlap-
ping regions.

Therefore, to achieve segmentation of TEM im-
ages at a primary particle level by a ML model,
a rigorous training is needed. This introduces a
new challenge: To train a ML method, one needs a
large amount of quantitative data, which in this case
means a large amount of pre-segmented soot TEM
images, which is not readily available. In this work,
we propose a novel two-phase training approach: A
large number of synthetically generated TEM-like im-
ages in the first phase followed by a few manually-
segmented real TEM images in the second phase. We
show that this two-phase training process leads to an
improved ML model, titled Soot Aggregate Geome-
try Extraction (SAGE), capable of detecting primary
particles in a soot TEM image. The SAGE model is
tested against real TEM images obtained from sources
different than the training images to show the model’s
performance and robustness.

2. Methodology

SAGE is developed by leveraging the instance seg-
mentation capabilities of Mask R-CNN [16], which is
a deep convolutional neural network originally devel-
oped for object detection and instance segmentation
tasks. It builds upon Faster R-CNN [26]] by intro-
ducing a parallel ‘mask head’ branch that outputs bi-
nary masks for each identified object at the pixel level.
This makes it particularly suited for segmentation of
densely packed or overlapping primary particles.

SAGE is trained using a two-phase strategy: (i)
initial training with synthetically generated TEM im-
ages and (ii) fine-tuning with manually annotated real
TEM data. Figure [I] illustrates the overall training
pipeline. The model is initialized with a standard
image detection dataset (COCO [27]) and then first
trained on synthetically generated soot TEM images
using Mask R-CNN leading to the first variant of
the model: SAGEo. Then it is fine-tuned in two
phases using manually annotated real TEM images



33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48

segmented by different analysts, which leads to two
other variants of the model: SAGE; and SAGE,, re-
sulting in progressively refined segmentation perfor-
mance. Only key stages are shown in Fig[I]for brevity.

2.1. Data preparation and training

To overcome the scarcity of annotated soot TEM
data, synthetic aggregates were generated using two
software tools: FLAGE [28]] and PAGenT [29]. These
tools simulate fractal-like aggregates using particle-
cluster algorithms parameterized by primary particle
radius, fractal dimension, and overlap ratios. These
synthetically generated soot particles were rendered
using PAGenT’s post-processing abilities to a TEM
style image. Gaussian noise was added to mimic
imaging artifacts from TEM (see examples in the Sup-
plementary Materials). Each synthetic image was
paired with corresponding binary masks of individual
primary particles, enabling supervised training. Since
these soot particles and their corresponding images
are artificially generated to mimic real TEM images,
we labeled them as synthetic TEM images or synthetic
dataset.

A limited set of real TEM images [30, 31] was
annotated manually using image processing software
Imaged [32]. To address subjectivity in manual seg-
mentation, each image was analyzed independently
by two randomly assigned analysts from a pool of
three, producing two different datasets: M1 and M2.
This approach enhances generalization by exposing
the model to natural variations in interpretation of
primary particle boundary. Table [I] summarizes the
datasets used in training.

Table 1: Summary of datasets used for training the model.
‘Calc.” segmentation method indicates precalculated PP
boundaries for synthetic images. The last column lists the
ratio of the dataset used in training and validation.

Dataset Source Seg. # of Train/
Method  images  Validate

Synthetic  [28/[129]  Calc. 200 75125

M1 [30031] Manual 17 80/20

M2 [30.31] Manual 17 80/20

Mask R-CNN was initialized with COCO-
pretrained weights [27]]. It was then trained on the
synthetic dataset, which included 200 synthetic im-
ages with a total 8,991 primary particles. Loss metrics
were monitored during training to mitigate overfitting
or underfitting. This resulting ML model obtained
with this training is the first variant of the model, la-
beled as SAGEj in this work.

The SAGE( model was fine-tuned sequentially us-
ing M1 and M2 - the two manually segmented real
TEM image datasets. This led to two other variants
of the model: SAGE; (i.e., SAGE trained with M1)
and SAGE; (i.e., SAGE; trained with M2). This fine-
tuning process helped the model learn both general
structural patterns and subjective boundary nuances
from real TEM data.
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2.2. Model performance assessment metrics

The performance of ML models are commonly
evaluated using a confusion matrix which is gener-
ated by comparing the predicted labels (i.e., primary
particle or background) with the ground truth labels.
The confusion matrix is composed of four categories,
(a) TP or true positive, i.e., true primary particles, (b)
FP or false positive, i.e., false primary particles, (c)
TN or true negative, i.e., true background, and (d) FN
or false negative, i.e., false background. It is conven-
tional to define metrics such as accuracy, precision,
and recall based on these values from confusion ma-
trix [33H35]. As a first order assessment, accuracy
tells us how many of the predicted labels are correctly
classified as either primary particles or background,
whereas precision tells us the proportion of predicted
primary particles that are correct, and recall provides
an assessment of how many actual (i.e., ground truth)
primary particles are predicted. A composite metric,
F1 score, can be formulated to combine both preci-
sion and recall, and is given by Eqn. (T).

B TP
~ FP+ (FP+FN)

Fy )

In addition to evaluating classification perfor-
mance through metrics like accuracy, precision, and
recall, we assess segmentation quality using the Inter-
section over Union (IoU) metric. IoU quantifies the
spatial overlap between the predicted segmentation
mask and the ground truth mask of a primary parti-
cle [33]. It is formally defined as Eqn. (2)

[P NG|

ToU =
YT pug

@)

where P is the set of pixels in the predicted mask, and
G is the set of pixels in the ground truth mask.

A higher IoU indicates better alignment between
the predicted and true particle shapes. In our evalua-
tions, a threshold of IoU > 0.5 is considered indica-
tive of a “good” segmentation [36]. This metric is par-
ticularly important for soot particles, where overlap-
ping and irregular morphologies often challenge in-
stance segmentation models.

None of these metrics alone can provide a compre-
hensive assessment of the performance of the model
and, therefore, they should be considered holistically.
These context-agnostic metrics, by themselves, do
not capture how well the actual morphology of the
aggregate is captured. Therefore, along with the
ML-specific metrics, one must also look at domain-
specific metrics such as size distribution of primary
particles, radius of gyration (Rg) and fractal dimen-
sions (dy) in evaluating the model performance. The
R, of an aggregate with /N primary particles is first
calculated in 2D (Rf,D ) using the center of each iden-
tified particle, (z;,y;), and the location of aggregate
centroid, (Z,9), using Eqn. (3). The R2" is then con-
verted to 3D radius of gyration (RZD ) using Sorenson
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Fig. 1. Training pipeline

and Feke’s scaling factor (Eqn. (@) for soot with frac-
tal dimensions near 1.8 [37]].

N
1 _ _
RY” = \| 3 2 (i =2l + |y — 51> ©)
i=1
RYP =1.023 x RZ" 4)
A 2D fractal dimension (d?D ) is calcu-
lated via box-counting method [38] using
StereoFractAnalyzer [39]. The 2D frac-

tal dimension is converted to the commonly used 3D
mass fractal dimension (d?D ), using the correlation
shown in Eqn. (@) as proposed in [40, 4T]).

d3P = 1.391 + 0.01>104%F" (5)

3. Results and discussion

The machine learning model developed in this
work is evaluated using both ML-specific perfor-
mance metrics and domain-specific metrics. As men-
tioned earlier, the ML-specific metrics provide an
objective assessment of accuracy of the task per-
formed by the model without considering any con-
textual information of the image, whereas domain-
specific metrics evaluate how well the model predicts
various physical properties such as particle size dis-
tribution, radius of gyration, and fractal dimension.
To provide a baseline, we also compare the perfor-
mance of our model against two other methods used
in the literature, CHT [23| 24] and EDM-WS [11].
These methods were selected for comparison due to
their use in the literature to automatically estimate
primary particle sizes and approximate their locations
and boundaries within aggregates [9]]. For both CHT
and EDM-WS, we adapted implementations provided
in the atems (MATLAB Analysis tools for TEM im-
ages of Soot) toolbox [42]. Each method was applied
to our test image set, and the resulting segmentations
were exported as binary masks for comparison with
our model, SAGE. For ML-specific metrics and seg-
mentation quality assessment (Sec. 3.1 and 3.2), we
performed pixel-by-pixel assessment using the actual
masks generated by CHT, EDM-WS, and SAGE. For
EDM-WS methods, it is customary to use maximal
grey value of EDM raster from EDM-WS method
as primary particle sizing parameter. Therefore, for
evaluation of the primary particle diameter (dp), we
used the actual diameter of CHT masks, maximal grey
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Table 2: Performance of segmentation methods tested on the
test dataset. Higher numbers indicate better performance.

Acc. F1 APs5q mean IoU
CHT 14.6% 255% 14.0% 29.8%
EDM-WS  288% 44.7% 31.7% 40.4%
SAGE2 51.1% 67.7% 47.4% 62.2%

value of EDM raster from EDM-WS method, and
projected area equivalent diameter of SAGE masks.
For radius of gyration and fractal dimension calcula-
tions, the circular CHT masks, circular masks based
on EDM raster-based d,, and actual SAGE masks
were used. The difference in accuracy of EDM-WS
using either the actual watershed masks or using the
EDM raster is minimal and the comparison is shown
in the Supplementary Materials.

3.1. ML performance metrics

As the first step, we first evaluated performance
of SAGE, against a test dataset containing only syn-
thetic TEM images to prove the merits of using a syn-
thetic images in training. In these proof-of-concept
tests (see Supplementary Materials), SAGE, pro-
duces 75.9% accuracy, and an F; score of 86.3%. The
average IoU in these tests were found to be 92.8%, in-
dicating a very good match with the ground truth. An-
other metric related to quality of segmentation can be
calculated via the average precision at an IoU thresh-
old of 50% (APs0) [27]. The APso of SAGE, against
synthetic data was found to be 76.3%.

Next, all the three variants of the model (i.e.,
SAGEy, SAGE; and SAGE:) were tested against
a test dataset comprised of three new TEM images
from the same source as the TEM images used in
training [30l 31], and six images from a different
source [43H45]. This test dataset includes aggregates
of varying sizes and complexities taken in different
instruments by different research groups. The use of
images from multiple sources in testing helps us de-
termine how well each model can generalize across
diverse sets of images. These test images were also
analyzed using CHT and EDM-WS to compare to
our model. All results and discussion in the rest of
this document is related to this real TEM image test
dataset. For brevity, only the results from our best
model, SAGEo, is shown here. Results from SAGE
and SAGE; are shown in Supplementary Materials.

Table[2]compares the segmentation performance of
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SAGE> model with the performances of predictions
made with CHT and EDM-WS. Although these met-
rics are most commonly used in ML applications, they
can also be applied to CHT and EDM-WS due to their
ability to create instance segmentations. CHT and
EDM-WS show relatively low performance across all
metrics, with accuracies of 14.6% and 28.8%, respec-
tively. In contrast, SAGE2 performed substantially
better, making predictions with 51.1% accuracy. Sim-
ilar trends are observed in the F; scores, which re-
flect the balance between precision and recall. As
with accuracy, SAGE- achieves the highest F; score
of 67.7%, indicating its ability to correctly identify
particles while achieving a better trade off between
missing true particles and detecting false ones. This
is much higher than the scores obtained from CHT
and EDM-WS, implying that they both miss true par-
ticles and detect false ones at higher rates. The APsq
scores saw strong gains as well: SAGE; segmented
primary particles with an APsq of 47.4%, far outper-
forming both CHT and EDM-WS predictions. The
mean IoU improved considerably as well, indicating
more accurate boundary alignment between predic-
tion and ground truth particles. As a reference, the
subjectivity of a human analyst can be measured via
the AP5¢ and mean IoU between M1 and M2, which
are found to be 68.5% and 66.9%, respectively.

It is noted that CHT’s performance can be im-
proved at the cost of generalizability by fine tuning its
parameters on an image-by-image basis. On the con-
trary, once trained, SAGE> requires no further image-
by-image adjustment, even when it is applied to dif-
ferent sized aggregates with different characteristics.

3.2. Segmentation quality

The quality of segmentations made by a model can
be further evaluated through IoU distributions — the
higher the IoU, the better the segmentation quality
(i.e., better match with shape, size, and location of
the primary particle). In general, an IoU above 0.5 is
considered as an acceptable segmentation [36]. Fig-
ure [2] compares the reverse cumulative IoU distribu-
tions between SAGE> model and the two other meth-
ods, tested against the nine manually segmented test
images mentioned previously. In the case of EDM-
WS, actual masks created from the watershed seg-
mentation were used to determine IoU. In a reverse
cumulative distribution plot, the curve shows how
many segmentations have an IoU that is equal to or
above the IoU threshold on the x-axis.

Comparing the IoU distributions of these methods
in Fig. 2} we see that our model makes significantly
more segmentations with higher IoUs. For example,
SAGE: detects approximately 112 particles with loU
scores above 0.5, whereas the EDM-WS and CHT
only detect 60 and 32 particles, respectively. In fact,
there are barely any segmentations made by the other
methods with an IoU over 0.7, whereas SAGE- seg-
ments approximately 75 particles with an IoU of 0.7.
Therefore, the overall quality of SAGE>’s segmen-
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Fig. 2. Reverse cumulative distribution of IoU values for
segmentations produced by SAGEz, CHT, and EDM-WS.
This distribution shows the count of predictions with IoU
values above the threshold on the x-axis.

tations match the manual segmentations of the test
dataset to a better degree than the two existing meth-
ods, highlighting the benefit of training with a mix of
synthetic and manually annotated TEM images.

In addition to the IoU distribution, the quality of
segmentations can be visually assessed. Fig.[3]shows
the the predicted primary particles from each method
on a particular test image. The ground truth man-
ual segmentation is shown in Fig. B[b). As in the
IoU distribution, it is observed that both CHT and
EDM-WS struggle to capture the boundaries of pri-
mary particles, especially in regions of dense over-
lap or irregular boundaries. The predictions made
by CHT (Fig. (b)) look to be significantly smaller
than actual primary particle boundaries, and often
completely misses detecting particles. EDM-WS
(Fig. Blc)) performs slightly better than CHT and
struggles with overlapping particles. SAGE, albeit
not perfect, fares better than the others, making pre-
dictions over almost the entire aggregate, capturing ir-
regular boundaries and overlapping primary particles.

3.3. Soot-specific metrics

Morphological information specific to soot aggre-
gates can be extracted from the TEM images by us-
ing the segmentations produced by the methods. One
of the main morphological characteristics of soot ag-
gregates is the size distribution of its primary parti-
cles. The size distributions of the primary particles
of the entire test dataset as identified by each seg-
mentation method as well as from the manual method
(i.e., the ground truth) are shown in Fig. ] For EDM-
WS, as mentioned earlier, the d;,, determined by the
EDM, not the projected area equivalent diameter, was
used in the size distribution as well as following mor-
phology calculations. As can be seen in Fig. ] the
predicted size distribution from SAGE; captures the
overall spread and shape of the distribution. In con-
trast, methods like CHT and EDM-WS tend to trend
toward smaller diameters as well as less overall detec-
tions. The geometric mean primary particle diameter
obtainde from SAGE; is closer to the ground truth
than the other two methods. A comparison of the ker-
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Fig. 3. Primary particles in a sample aggregate from the test set predicted by each segmentation method: (a) manually segmented
(ground truth), (b) circular Hough transform, (c) Euclidean distance mapping - watershed, and (d) current SAGE2 Model.
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test dataset obtained from various methods. The ‘Manual’
method is the ground truth. The geometric mean and stan-
dard deviation of the diameters are shown in the legends.

nel density function showing the same trend is pro-
vided in the Supplementary Materials.

Two other soot-specific metrics evaluated in this
work — radius of gyration (RSD ) and fractal dimen-
sion (d?cD ) of the aggregates — are shown in Fig. ,
where the predictions from each model is compared
against the ground truth. Our SAGE;> model produces
morphological measurements that most consistently
align with ground truth values, with data points clus-
tering near the line of perfect agreement. In contrast,
the segmentations created through CHT and EDM-
WS show higher deviations, especially in fractal di-
mension estimates. This highlights traditional meth-
ods’ struggles to consistently capture the complexity
of various features of aggregates simultaneously. A
similar comparison for the 2D variants of these prop-
erties (i.e., R;D and d?D ) are provided in the Supple-
mentary Materials showing similar trends.

To further illustrate accuracy, absolute (percent) er-
ror (eq, where () can be RgD or d‘?;'D ) of the models
are calculated from model predictions (Q.,,) and the
ground truth (Q:) using Eqn (6).

cq = 12m-aul/g, x 100% (©)

Fig.[6]presents ¢ distributions for different methods.
In both RSD and d?D , SAGE; exhibits median errors
and spreads far lower than those observed in CHT and
EDM-WS. We see that for RED , SAGE; produces a
median error under 5%, with CHT and EDM-WS pro-
ducing errors exceed 10%. Similarly, the estimated
fractal dimensions, d?j’cD show a median error below
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Fig. 5. Comparison of predicted and ground truth morpho-
logical metrics. (a) 3D radius of gyration (R3P), (b) 3D
fractal dimension (d:;:D). The diagonal lines show perfect
agreement between prediction and ground truth.
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3D radius of gyration (RSD ) and (b) predicted 3D fractal
dimension (d?D ) with respect to the ground truth dataset.

1% for SAGE- and around 2-3% for the other meth-
ods.

4. Conclusions

This work presents SAGE (Soot Aggregate Geom-
etry Extraction), a machine learning model for seg-
menting primary particles in TEM soot images. The
model is initially trained on synthetic TEM images,
then refined using manually segmented real images
to better handle complex particle shapes and image
textures. Three variants (SAGEq, SAGE;, SAGE)
were developed, with SAGE; achieving the best per-
formance.

Results show that adding manually-segmented real
TEM images in training significantly improves model
performance. SAGE. outperforms CHT and EDM-
WS with nearly 3x and 2x higher accuracy respec-
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tively, at least 50% higher F; scores, and superior
APs50 and mean IoU. The IoU distribution indicates
better shape, size, and location matching with ground
truth particles. For soot-specific metrics, SAGE> ac-
curately reproduces particle size distributions with
median errors under 5% for radius of gyration and
1% for fractal dimension. It should be noted that the
results are based on a set of nine real TEM images;
performance metrics may vary slightly with a larger
and more diverse test dataset.

Among existing methods, CHT is limited to circu-
lar segmentations and requires image-by-image tun-
ing; while EDM-WS can identify irregular particle
shapes but struggles with overlapping primary par-
ticles. In contrast, SAGEy captures irregular, non-
circular particle shapes without requiring per-image
tuning, making it a robust and efficient solution for
automated TEM image segmentation and primary
particle feature extraction. Extracting primary par-
ticle morphologies from TEM images presents two
challenges: the loss of 3D structural information due
to 2D projection, and the presence of overlapping
particles. While not without limitations, SAGE at-
tempts to overcome these issues by leveraging syn-
thetic training images with known morphologies. Its
performance could be further enhanced through inclu-
sion of more diverse and higher quality synthetic and
real TEM images of soot.

While some manual effort (in terms of manually
segmented real images) was needed in creating the
model, once created SAGE does not require any man-
ual intervention or fine tuning and is able to segment
primary particles of different sizes obtained from dif-
ferent sources with reasonable accuracy. The trained
SAGE models and associated data can be obtained
from www.github.com/comp-comb/SAGE| for
use by the research community. SAGE serves as an
important step towards greater automation in the seg-
mentation process.
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1 Sample synthetic TEM images

A sample of three synthetic TEM images of soot (which are used to train SAGE,) are shown below in Fig.[ST]

Supplementary Figure S1. Examples of synthetically generated TEM images, used in training SAGEg.

2 Proof-of-concept tests on synthetic image datasets

This section contains performance comparison tables between different variants of SAGE models (i.e., SAGE,,
SAGE,, and SAGE,) and models only trained on COCO dataset followed by fine tuning via M1 and M2 dataset
(referred as COCO; and COCO;). This data show the improvement of adding synthetic images in training over

standard COCO-only training.

Table 1: Performance metrics of SAGEgp when tested against dataset containing synthetic TEM images only.

Model | Test set identifier Acc. F1 AP59  mean IoU
SAGEg | Synthetic-only 759% 86.3%  76.3% 92.8%

Table 2: Comparison of performance metrics of different variants of SAGE and COCO-initialized model (i.e., no synthetic image in the training
process) when tested against dataset containing real TEM images only. SAGE models perform consistently better than COCO-only models indicat-
ing the improvement gained by adding synthetic TEM images in the training process.

Model | Test set identifier Acc. F, APs59  mean IoU
SAGEg | Real TEM images 57.0% 72.7%  33.4% 50.2%
SAGE Real TEM images 48.0% 64.7%  43.8% 64.4%
COCO; | Real TEM images 452% 623% 46.1% 59.0%
SAGE; | Real TEM images 51.1% 67.7% 47.4% 62.2%
COCO2 | Real TEM images 438% 61.0% 39.1% 59.2%




3 Manual segmentation procedure and uncertainty in manual segmentation

This section outlines the general procedure for creating manual segmentation for use in SAGE. Manual segmentation
was performed using ImageJ [

1. In the software Imaged, open a TEM image from preferred file format (.dm3, .tif, etc).
2. Open the ‘ROI manager’ to save multiple selections.

3. Using the freehand selection tool, outline a primary particle .

4

. Add selection to ROI manager, and repeat until all primary particles are outlined. Each ROI is essentially a
primary particle.

5. In regions with high levels of overlap, use the “Enhance Local Contrast” plugin to increase contrast to make
some overlapping boundaries easier to see. However, avoid increasing contrast too much, or artifacts may
appear leading to hallucinated boundaries.

6. With all primary particles in an aggregate saved to ROI manager, use a macro to convert each individual ROI
into a binary image mask and save to proper directory.

7. These binary masks are then used as ground truth data for SAGE training, validation, and testing.

Figure[S2]shows examples of manually segmented real TEM images that were used in training SAGE.

Supplementary Figure S2. Examples of manually segmented TEM images of soot, performed using ImageJ

An example of differences rising from segmentation of the same image by two different analysts is shown in
Fig. |S_3'l The user error in manual segmentation can be quantified using average precision (AP5g) and IoU, which
indicates how well one analyst’s segmentation match another’s. Between the two sets of manually segmented training
images, we see an AP5g of 68.5% and a mean IoU of 66.9%. The difficulty in manual segmentation is that it can be
very subjective based on how different people are discerning primary particle boundaries. It is by no means an exact
science, so at no point would it be expected for different analysts to segment aggregates identically. Because SAGE is
trained on both sets of segmentations, it is able to learn different viewpoints and potential ways to interpret the images
it analyzes.

As an example, the differences in the segmentations done manually and by SAGE are shown in Figure [S4]



(a) TEM image (b) Differences in segmentations.
Supplementary Figure S3. Difference in segmentation done by two analysts. Region in red indicates segmentations done only by Analyst 1, green

regions show segmentations done only by Analyst 2, and the blue (with 50% opacity) regions indicate the common overlap region between two
segmentations.

Analyst 1 (37 particles) Analyst 2 {38 particles)

SAGE (28 particles)

Original TEM image

Supplementary Figure S4. An example of segmentations produced by different human analysts and SAGE>



4 Additional results

4.1 Comparison of two approaches for EDM-WS size estimation

The two approaches for size measurement in EDM-WS method are (1) use the actual area of WS masks and (2) use the
maximal grey value of the EDM raster. This subsection compares the results of sizing and morphological evaluations
using both approaches.

(a) EDM-Watershed Segmentation Mask (b) Circular masks created using the maximal grey value of EDM raster

Supplementary Figure S5. Comparison of two size measurement approaches in EDM-Watershed segmentation method.
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Supplementary Figure S6. Comparison of primary particle size obtained from both EDM-WS approaches
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Supplementary Figure S7. Comparison of morphology metrics obtained from both EDM-WS approaches



4.2 Sample comparison of IoU heat maps from SAGE and COCO

(a) SAGEg (b) SAGE, (c) SAGE2
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Supplementary Figure S8. IoU mask heat maps for a sample image when tested with different models. The higher the IoU value, the better the

segmentation quality. (a) SAGEq: TP: 24 , FP: 27 mean IoU: 55.9%, (b) SAGE1: TP:, 24 FP 4, mean IoU: 69.8%, (c) SAGEs: TP: 24, FP 4, mean
ToU: 70.1%, (d) COCOj: TP: 16, FP: 3, mean IoU: 68.4%. (¢) COCO2: TP: 20, FP: 6 , mean IoU: 62.4%

4.3 Kernel density estimate of primary particle size
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Supplementary Figure S9. Kernel density estimate of particle sizes from the entire test dataset (real TEM images) obtained from various models.

The ‘Manual’ method is considered the ground truth. The maximal grey value of EDM-WS is used in primary particle sizing from EDM-WS
method.



4.4 Two-dimensional radius of gyration and fractal dimension
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Supplementary Figure S10. Comparison of predicted and ground truth 2D morphological metrics across test dataset (real TEM images). (a)
Predicted vs. Ground Truth RSD . (b) Predicted vs Ground Truth d?cD . The dashed diagonal lines represent perfect agreement between prediction
and ground truth values.



5 Segmentations from all models for entire test dataset

The segmentation results from all nine test images (please see citations in the captions for the source of the original
TEM image) including the manual segmentations are presented here. Some TEM images contained more than one
aggregate or some other artifacts. These regions were was cropped out (indicated by white boxes) so that only one
aggregate is present in each image. Future iterations of SAGE may include support for handling multiple aggregates.

(a) Manual Segmentation (b) CHT (c) EDM-WS (d) SAGEo

Supplementary Figure S11. Segmentation of Test Image #1 [2-4]

(a) Manual Segmentation (b) CHT (c) EDM-WS (d) SAGEo

Supplementary Figure S12. Segmentation of Test Image #2

(a) Manual Segmentation (b) CHT (c) EDM-WS (d) SAGEs

Supplementary Figure S13. Segmentation of Test Image #3 [2H4]



(a) Manual Segmentation (b) CHT (c) EDM-WS (d) SAGE2

Supplementary Figure S14. Segmentation of Test Image #4

(a) Manual Segmentation (b) CHT (c) EDM-WS (d) SAGE2

Supplementary Figure S15. Segmentation of Test Image #5

(a) Manual Segmentation (b) CHT (c) EDM-WS (d) SAGEs

Supplementary Figure S16. Segmentation of Test Image #6 [2H4]
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(a) Manual Segmentation (b) CHT (c) EDM-WS (d) SAGEo

Supplementary Figure S17. Segmentation of Test Image #7 [2-4]

(a) Manual Segmentation (b) CHT (c) EDM-WS (d) SAGEo

Supplementary Figure S18. Segmentation of Test Image #8 [2H4]

(a) Manual Segmentation (b) CHT (c) EDM-WS (d) SAGEs

Supplementary Figure S19. Segmentation of Test Image #9 [2-4]
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