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ABSTRACT

We present GRAI3, a device-agnostic web application for generaliz: sle pr diction of soil particle size
distribution from standardized smartphone images. GRAI3 rauples: str.amlil :d acquisition protocol
using a photo-box with a deep learning pipeline based on E ¢ »ntNe. “2-S rained on an expanded,
diverse dataset. The method models the cumulative particle size  “stribution with a two-parameter
Weibull function, inferring its scale and shape directly from  n imay -+ To achieve device-agnostic
performance, GRAI3 automatically reads camera EXIF metada . retrieves per-device pixel density
from a calibration table or estimates pixel density when tne .7« is unknown based on the typical
angle of view. Images are normalized to a target pix<. uc. ‘ty and centre-croppedtoa xed resolution
before inference, reducing covariate shift across ' ame s. /' lightweight veri cation model checks
whether the uploaded image depicts soil and ~dh. = to pk sto-box capture requirements. The web
application performs real-time inference and i Jvides «. - .c-click PDF report, embedding the original
photo, PSD curve and computed parameters. . ‘ante Carlo dropout was implemented to provide a
measure of con dence in the model’s predictions. v ‘idation on an expanded dataset and cross-device
scenarios indicates improved generali’ ability relative to prior versions, attributable to the upgraded
backbone and group cross-validatioi SRAI3 thus o ers a practical, reproducible work ow for soil
granulometry estimation using commou. *smartphones, supporting rapid screening, documentation

and reporting in geotechnical 8- u er. ronmc ital applications.

1. Introduction

Soil particle size distribution (PSD) underpins many
geotechnical decisions because it governs pore architect ¢
and packing, which in turn control strength and ow. ¥ *ll-
graded soils typically achieve higher density and interloci.
ing, leading to larger friction angle than uniform’y graded
counterparts. Hydraulic conductivity is closely . nked to
PSD percentiles (e.g., Hazen’s approximatior .. biu or
clean sands [10]) and nes content, which cz 1 const ¢t pore
voids and reduce permeability. Filter design . 'ies 7.1 PSD-
based criteria to prevent piping while e‘.sur. »a drainage, for
example Dys. iy T 4Dgspase fOr retc tion anu Dys, 1or O
4D ;5.paee for permeability [11]. PSD also s 2bes compaction
behaviour: well-graded soils t¢2<. to attain higher maximum
dry unit weights as smaller paruci. > Il voids between larger
ones, while excess nes rais - v, fimai .vater content and can
hinder granular rearrange2nt [4, . »15].

Conventional sieve:and . ‘drometer tests are cumber-
some and slow. Turr irou, ' times are often hours to days
once you factor in . ‘ing, splitting, washing, sieving and
hydrometer runs .71 ter. ~erature corrections. They require
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uc. ‘Cateu equipment (nested sieve stacks, shaker, hydrome-
tr.s, ¢ rlinders), consumables (dispersants, wash water) and
air_d technicians to manage sample preparation (de occu-
lation, dispersion, removal of organics) and interpret correc-
ions. Alternative approaches, such as the Camsizer [19], use
dynamic image analysis, laser di raction (Mastersizer [17]),
wensor-based free-fall sorting (colour, NIR, laser and electro-
magnetics [30]) or image segmentation (Wipfrag [31]).

Recently, computer vision has emerged as a practical
route to obtain PSD from soil images. Approaches span
photos of borehole samples [9], lab samplers and bench-top
setups [2] and soils arranged in trays [28]. Some scholars
have also attempted to classify the granulometry of river
beds from photographic images, extending these methods to

uvial environments [3, 16]. Some work ows also incorpo-
rate corrections for confounding factors such as water con-
tent [2], improving robustness across real-world conditions.
Importantly, several datasets were released to encourage
benchmarking [22, 27].

In previous studies, we developed convolutional neural
networks for image-based PSD estimation. The rst study,
GRAI1 [26], demonstrated that the full PSD curve can be
predicted from close-range soil images by regressing a two-
parameter Weibull function via a MobileNet [12] backbone.
GRAI2, a subsequent version of the CNN [24], targeted
broader deployment and robustness by incorporating new
data into training, applying additional data augmentation
(hue and saturation adjustments) to better span illumination
and colour variability and adopting 5-fold cross-validation
to stabilize estimates across subsets.

Generalizability emerged as the central challenge in the
previous iterations. A sensitivity analysis [13] revealed that
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the model underperformed on very steep PSDs. Compound-
ing this, minimally altered replicates of the same soil leaked
into the test set, obscuring true out-of-sample error. Aug-
mentation was performed across only the training and not
the test split, but it was also applied prior to the validation
split, creating distributional overlap. The web applications
[21, 23] supported only pre-calibrated smartphones, o ering
no path for unknown devices. Finally, pictures of non-soils
were accepted without warning.

To address these challenges, we expanded the training
set to include poorly graded soils. We eliminated leakage
by adopting group cross-validation. We adapted the aug-
mentation protocol by applying transformations only after
the train/validation split. Recognizing persistent underper-
formance with MobileNet, we upgraded the backbone to
E cientNetV2-S [29]. We expanded the roster of supported
smartphones and introduced a device-agnostic path for un-
known cameras: the web application reads EXIF metadata
and, if the camera is unknown, estimates pixel density from
optical parameters (e.g., focal length and angle of view). To
prevent non-soil images from passing silently, we trained a
lightweight classi cation CNN to gate uploads before PSD
inference.

GRAI3 substantially improves generalizability relative
to prior versions. Across unseen groups, we achieved R? =
0:963 and R? = 0:880 for the predicted Weibull parameters,
with mean absolute percentage errors of 23.2% and 18.6%,
respectively. These results re ect robust performance under
harsher, leakage-resistant evaluation.

2. Materials and methods

2.1. Data acquisition

Images were captured with smartphone .ame. s inside
a photo-box, originally with the model shov 1 in Fi¢ ure 1a.
Soil samples were homogenized in a ¢= 22nt .. r, oven-
dried and then dry-pluviated into the photu hox tray. Be-
cause the box dimensions are publicly a. »ilable (Fig. 2), col-
laborators independently built compatible L xes (Figure 1b)
and contributed data from ve nus geotechnical projects.
The expanded dataset for GRAI3 iri xrr orates samples from
BOKU University, as well as cu. *ributions from industrial
partners (Table 1). T iese sc mples cover a broad geographic
and compositional range, ‘ncluing soils from Austria, Ger-
many and Nepal. Thi: multi aurce acquisition, using repli-
cated but independen.. * constructed setups, enhances the
diversity of im/giny ~onuitions and improves the model’s
generalizabili,, Photo were taken through a 45 45 mm
aperture at=wxea. -ad-o of 210 mm from the soil surface.
The devi es 1.ed-are . ted in Table 2.

Becau  carr zras di er in angle of view (AOV), di er-
ent {~artphones have di erent pixel densities (pixels per
anlimec > PPM). The pixel density is de ned with the
foll wing expression:

PPM = ‘%’ 1)

where w is the width of the image in pixels and b '~ the
width of the photographed area in mm. The AOV is e 1
according to Fig. 3 and can thus be obtained v. th the
expression

tan.AOV/ = % @)

Hence, the pixel density is also equal to

wtan.AOV/

PPM = h (3)
For unsupported phones, a < =st-u. '~ calibration can be
obtained by assuming AO\ @ 2 given the xed h =
210 mm imaging distance. T, is 70 has been obtained by
rounding the average angic «.'~ lated from Table 2. Hence,
we can obtain b fro'n £, 2 and the PPM from Eq. 1. The
pixel density of sup 2or'ed | hones (Table 2) was previously

calibrated; base | on . i2"density, images are resized to a
target of 4.6 PPIv. 'mages are centre-cropped into 400 400
pX squares.

To ratuce bias and spatial correlation, multiple images
of each so.. *wvere acquired while reshaping the surface be-
twer 1 S uts using simple tools. In total, 321 images were
col. xct”d fr m 58 distinct soil samples. Representative im-
anas Tt soil samples are displayed in Fig. 4. The soil
ser.iplas exhibit average clay, silt, sand and gravel contents of
5.1% 11.7%, 47.7% and 36.4%, respectively. The measured
pai ucle size distribution curves for all samples are shown in
-ig. 5, highlighting the contributions from di erent gener-
ations of the dataset (GRAI1, GRAI2 and the new data in
GRAIR).

PSD curves were obtained by sieving for coarse fractions
and by the hydrometer sedimentation method for ne frac-
tions. The coe cients of uniformity and curvature varied
between C, . [1:7;275:0]and C _ [0:5;5:9], representing
a wide range of soil gradations from poorly to well-graded
materials.

The PSDs were tted with the two-parameter Weibull
distribution:

F.d Fdi/=1%e"0b" @

where d is the particle diameter, d; is a speci ¢ diameter
threshold and b and c are tting parameters representing
the scale and shape of the distribution, respectively. As
explained in [26], b and c are related to a characteristic
particle size and to the coe cient of uniformity:

dsp = 0:691-° b (5)

Cy =8:70%¢ (6)

Since the parameters were comprised in the ranges b _
[0:030; 39:561] and ¢ _ [0:392;3:284],the rstterminEq.5
varies between 0.388 and 0.893 and thus the mean diameter
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(a) BOKU'’s photo-box [22, 24].

(b) HPC’s photo-box.

is me. ly determined by b rather than by the curvature. For
the same “=ason, since b shows greater variability than c,
the hatural logarithm of b is used as the output variable to
< sbilize the variance during model training. In doing so, the
ra. e of In.b/ becomes [*3:508; 3:678].

2.2. Data splitting and augmentation

We partitioned the dataset into a training set (9070) a
a held-out test set (10%). The split shown in Fig. 6 -eveals
that portions of the test distribution lie in regic=>at . 7.
space with sparse training coverage, particular y ncar 3; 3/.
This shift implies that the model must extzap. *.te b’ yond
the densest training regions, providing a mo. > reanstic as-
sessment of generalization capability.

To improve robustness, augmente’ian s ategles that pre-
serve semantic content are applied'=ring v _.ning (Fig. 7).
These include horizontal and v rtie.t <ips, 90 rotations
and brightness/saturation “adiusti “ats /joth increase and
decrease). During training,/a u.*erministic staged duplica-
tion pipeline is applied on ti » tran.’ng folds only, yielding
multiple variants per ori_=al i1 age. Validation and test sets
are not augmented *==maintan: rigorous evaluation stan-
dards. After augme’ tatin, the training set comprised 25,728
images.

2.3. Model arci. *acture and training

We prodict In.b/ and ¢ using an E cientNetV2-S [29]
backboric £ cientNetV2-S is a compact variant of the E -
cientM~t\/2",_mily that blends MBConv and fused-MBConv
blo’ ks ¥ ith-progressive training to deliver strong accuracy
at I. 7 cor putational cost. The backbone was initialized
wi > ImiageNet [5] pre-training (transfer learning), its nal
c'assi- cation layer removed and a feed-forward regression

~ac with architecture 2048-512-256-128-2 was stacked for
regression (Table 3).

The full model contains 24,168,418 parameters, of which
3,837,058 are trainable. We optimize them by minimizing
_nean squared error (MSE) with the Adam optimizer. Early
stopping and model check-pointing are employed to mitigate
over- tting. Training uses a mini-batch size of 32.

To assess robustness, we perform 5-fold cross-validation
with group-aware splits to prevent leakage of replicate im-
ages from the same soil sample across folds. After training,
we report the coe cient of determination (R%) and mean
absolute percentage error (MAPE) on both the training and
test sets.

2.4. Uncertainty quanti cation via Monte Carlo
dropout

To provide a measure of con dence in the model’s
predictions, we implemented Monte Carlo (MC) Dropout
[6] as a form of approximate Bayesian inference. Standard
neural networks provide point estimates without quantifying
the underlying epistemic uncertainty. By keeping dropout
layers active during inference and performing 50 stochastic
forward passes for each image, we obtain a predictive distri-
bution for the Weibull parameters.

The predictive mean vy is taken as the nal prediction,
while the predictive standard deviation serves as a proxy
for uncertainty. To ensure the reliability of the uncertainty
estimates, we performed a post-hoc calibration to scale the
raw standard deviations such that the empirical coverage
matches the nominal 95% con dence level.
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3. Resu.’s

Training on an NVIDIA GeForce RTX 3060 GPU re-
., ired approximately 3.5 hours. The best checkpoint was

evaluated on the full training set and on an external held-
out test set. Fig. 8 shows predicted versus observed values
for both Weibull parameters. Dashed bands indicate a , 30~
tolerance.

For In.b/, training yielded R = 0:931 and MAPE =
18:9~; test performance achieved RZ2 = 0:963 and MAPE
= 23:2~. For ¢, training yielded R? = 0:918 and MAPE
= 12:58~; test performance achieved R?> = 0:880 and
MAPE = 18:6~.

Overall, predictions cluster around the bisector line,
indicating good agreement between predicted and observed
values. Residuals are larger in regions with sparse training
coverage, as expected from the distribution shown in Fig. 6.
The slightly better test performance for In.b/ compared to
training suggests good generalization without over- tting,
while the performance on ¢ shows expected degradation
on the more challenging test cases. Fig. 9 displays the
calibrated uncertainty analysis for both In.b/ and ¢ on the
test set. The left panels show a positive correlation between
calibrated uncertainty and absolute error, con rming that the
model is error-aware . The right panels visualize the 95%
prediction interval tunnel sorted by ground truth values,
demonstrating that the totality of test samples fall within
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(a) Silty sand (b) Sand

(c) Sandy gravel (d) Bouldery gravel

the predicted bounds. Fig. L0 shu. = the resulting PSDs for
every soil of the test set. A."hough the predictions are not
always perfect, the es*ime > pe. centages of the various soil
fractions are reaso. ~hly accurate, demonstrating that the
model e ectivelv-~2ntu, - the key characteristics of the soil
types in the tes set.
3.1. Wek{, alicc “ton

We ( 2ve'upe! a S.eamlit-based web application [20]
to del ver 2e PLD estimation in a user-friendly interface
(Fig. " '1). The application is hosted as an open-source
Sp. e 0. the Hugging Face platform [14] at the URL
htt s://huggingface.co/spaces/soranz84/grai3, facilitating
v .despread access for geotechnical practitioners. The pipeline
I arates the lightweight compliance classi er to verify
image quality before PSD inference.

@) (b) © (d)

) ® ) (h)

Upon image upload, the application reads the camera
EXIF metadata and attempts to retrieve the pixel density
(PPM) from a spreadsheet based on Table 2. If the device
is unknown, PPM is estimated based on AOV = 70 and
presented to the user for con rmation. All images are nor-
malized to the target pixel density and centre-cropped to the
standard input size.

Before PSD inference, a binary CNN classi er gates
uploads. The positive class comprises compliant photo-
box images of soil; the negative class comprises randomly
scraped internet photos (non-soil or irrelevant content).
Images with a low soil-compliance score trigger a warning
and are blocked unless the user explicitly overrides the
decision.
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@)

/f")
In.b/

The rearessic ~m~ del then predicts In.b/ and ¢ and the
complete “SL: curve . computed using Eq. 4 and visualized
with stan 'ar s gec .echnical class boundaries (clay, silt, sand,
graveit. Der. o4 parameters including Dy, Dsgg, D, coef-

~ient Cfuniformity (Cy) and coe  cient of curvature (Cc)
are alcula.ed according to Eq. 5 and

4 5
d2 =12 l_C
30 _ In.0:7/ — 1:1481—C (7)

€T 4, dy .09/ In.04/

~

(b)

(d)

and displayed. A one-page PDF report is automatically gen-
erated and o ered for download, embedding the original
photograph, predicted PSD curve, Weibull parameters and
derived geotechnical indices. Con dence intervals for b and
¢ can be calculated with Monte Carlo dropout. The work ow
of the web application is depicted in Fig. 11.

3.1.1. APl implementation
To enable programmatic access to the GRAI3 predic-
tion pipeline, we also deployed a dedicated APl Space on
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@)

(b)

In.b/

Hugging Face at https://huggingface.co, naces/soranz84/
grai3APl. This Docker-basea ".8] API service provides
RESTful endpoints for real-time il particle size distribu-
tion prediction, enabling ir.eg. tion wito third-party work-

ows, batch processing g7 alines «id custom software ap-
plications.

The GRAI3API { pace . built using a Docker container
hosting a Python-ba. A inference server. The API follows
the Gradio progr.....>ing. terface paradigm [1], which auto-
matically gens*ates inc ractive documentation and supports
both synchronou .aru asynchronous inference requests.
Upon ins’anti7 .ion, u. - Space loads the E  cientNetV2-S re-
gression’ 2cel, t e compliance classi er and the calibration
look:i tabie 720 memory, enabling low-latency predictions
“ithou. ~old start delays.

"he Ari exposes a single primary endpoint that accepts
i .ge uploads via HTTP POST requests. Input images are
, “ocessed through the same preprocessing pipeline as the
wew ‘application. The regression model then predicts the

C

Weibull parameters In.b/ and c, from which the full PSD
curve and derived geotechnical indices are computed.

Clients interact with the API by sending multipart/form-
data requests containing the image le. The API returns a
JSON response with the following structure:

Weibull parameters b and c,

characteristic diameters and curve shape coe cients,
soil fractions and

image dimensions.

The API can be invoked using standard HTTP libraries
in any programming language. Example usage in Python:

import requests
url = "https://soranz84-grai3api.hf.space/analyze"

with open(“soil_image.jpg", "rb") as f:

Preprint submitted to Elsevier
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response = requests.post(

url,

files={"file": (“image.jpg", F, "image/jpeg)}
)

print(*'Status:", response.status_code)
print(*'Response:", response.text)

Fig. 12 shows the APl implementation in the commercial
software GGU-CONNECT [7]. The software » “s a soil
image to a speci c segment of a core sample (KD, 71d
utilizes the GRAI3API to analyse the imag’, retu. ~ing the
corresponding soil fractions.

4. Discussion and conclusions

By expanding training coyerage to poo.«y graded soils,
enforcing group-aware cross-v. ‘dation and upgrading the
backboneto E cientNetV2--GRA 2 chieves stable cross-
device performance unde. hars. ~r evaluation conditions
than previous versiuns. 1. device-agnostic architecture
with automatic camera « tectic 7 and on-the- y PPM esti-
mation enables ope=tion ac. >ss virtually any smartphone,
signi cantly broadenir_ the potential user base beyond pre-
calibrated devices.

The lightw “aht cc npliance classi er e ectively gates
non-soil o7 .:n-cu. “iiant images, preventing spurious pre-
dictions ¢ 1d i“apraving uiser con dence in the results. The in-
tegrated v. 1 apr.ication provides rapid inference (typically
unde. 2 seconds per image) and generates comprehensive
rL = repe s suitable for  eld documentation and regulatory
sub nissions.

These improvements advance image-based PSD estima-
u. > from proof-of-concept to a deployable tool suitable for

practical geotechnical applications including site invc tiga-
tion, quality control during earthworks and rapid sc zem,
of borrow materials.

Performance remains sensitive in sparsely »2aresc ==
regions of label space, particularly for very / teer or-gap-
graded distributions. The current implementa. =1 asc umes
dry soil conditions, limiting direct eld depr.y’ment where
moisture is present.

Future research directions inclu'~ co.'ecting training
data across varying water conten*=:*a ena. ¢ robust eld
deployment on as-sampled mat rial’, ircorporating com-
positional or spectral features to  cter < apture gap-graded
and bimodal PSDs, re nina u. loss tunction to penalize
misprediction of the nes fi. <tion nore heavily (given its
disproportionate impac:2n _hy Yraulic and mechanical be-
haviour) and studyirg cedimentation e ects and optimal
height of soil in the boy (or-2xpected mean particle size.

GRAI3represeri. 4sigr « cantadvancement in smartphone-

based soil cha ~<terizauon, addressing key limitations of
previous versions “arough improved model architecture,
rigorous Vv ulidation and device-agnostic design.

1. The stem achieves strong predictive performance
(h > :88 on unseen test data) while maintaining
ract :al usability through automatic device calibra-
“27and one-click reporting.

2.-The web-based implementation lowers barriers to
adoption by eliminating the need for specialized soft-
ware installation or device pre-calibration.

3. Combined with the standardized photo-box proto-
col, GRAI3 o ers a reproducible work ow for rapid
PSD estimation that complements traditional labo-
ratory methods, particularly in scenarios requiring
quick turnaround, eld screening or documentation of
spatial variability.

4. While challenges remain for certain soil types and

eld conditions, the system demonstrates su cient
accuracy and robustness for many practical geotech-
nical applications.

5. Continued expansion of the training dataset and re-

nement of the architecture will further enhance gen-
eralizability and broaden the range of applicable sce-
narios.
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