Grodld g (S5 50 s 1 (o B Juo oS P 1l Juwo jl solaiwl b S5 alds gbraslg o105 g gl
IS B e

ouus

S8 50085 5 paseie sloj e b S slaasly dapl [0 a5 siil o alonis sloasly &jga S pgu e sloaiss
slaxly o S sl WS Ol 5 oMbl b 5ls 4y dazei b .ol cos (aseine axly o S sl WS Ol sy Lol wlowlss
Qb oo Sl dibais ;0 (DSMART) & jlewss g, 5l ooliiwl b S acis glaaxly olsj e oo ol Bow i

3leolatul (V) ials plosl g )l g0 o blydl (Lol S cugss 5 Bolay JKo £5.0 oo Ohlewss Jue
0, 8es . S slrog,S 5w jo oz F,S VY Sledbl L (V) 5 5

ooy sl g il Gl 18 B JFEILIS 5 <Y B U0Y Sl beass
oS5 5k g o b loasds Cg3 Gk Sl a8 6“%—0 &
EESURCSESRTICTSE SRR TR, I W

> Jv\éﬁsé S92 )b

Olee 42 p3o S liw 5o
| it 9508 (LS Gidy a5l
sl gy 2l mls plole iolidl as 0 YF
S e ol 1)

") 6)1.3).34..;';.5.3 s(_g)'LwQuLz.b’.aﬁ) ‘Q)Lo...;.) :‘5«\.3.15 Olols

ygon units where soil types are delineated with clear boundaries, yet intra-unit
variability of soil classe efined. To address this, the present study aims to disaggregate the inherited one-

sing the DSMART model in the Abyek region. The DSMART was applied using
three tree- C5.0, Random Forest (RF), and Extreme Gradient Boosting (XGBoost), across two
scenarios: (1 cy soil map information, and (2) integrating 230 new soil profiles at the subgroup level.
Model performag d uncertainty were evaluated using overall accuracy, Kappa coefficient, and confusion index.

In Scenario 1, map®accuracy ranged from 0.29 to 0.37, with Kappa values between 0.17 and 0.29. The highest
performance was achieved by XGBoost, showing a confusion index of 0.74. In Scenario 2, accuracy improved to
0.51-0.63 and Kappa to 0.44-0.60, with the best results from the RF model, although confusion index slightly dropped
to 0.65. Spatial consistency with observed soil subgroup distribution improved significantly—by 43% in Scenario 2.
Topography proved most influential in Scenario 1, while mean annual rainfall and vertical vegetation index dominated
in Scenario 2. Incorporating new soil profile data enhanced model performance by up to 26%. These findings
underscore the effectiveness of DSMART, particularly when enriched with new soil data, in refining legacy soil map
units for more precise soil class delineation.

Keywords: DSMART, Downscaling, Digital soil mapping, Machine learning



Extended Abstract
Introduction

Legacy soil data are vital for preserving national resources and serve as a foundational reference for digital soil mapping and
environmental modeling. However, many conventional soil maps—such as those produced at a scale of 1:1,000,000—Iack the
spatial detail required for modern land management applications. These maps often rely heavily on expert judgment and broad
physiographic units, resulting in polygonal representations that blend multiple soil classes without describing their internal
variability. Consequently, such aggregated maps limit our understanding of soil transitions and spatial patterns critical to
agricultural planning, ecological assessments, and policy decisions.

Spatial disaggregation has emerged as a solution for enhancing map resolution and extracting more detailed, pixel-level soil
information from generalized units. Nevertheless, relying solely on inherited map units without refining them with updated data
can propagate uncertainties and reduce the predictive power of resulting maps. Therefore, integrating new, geo- -referenced soil
profile observations is essential to improve model calibration, capture local variability, and reduce ic uncertainty. This
study aims to disaggregate and update Iran’s national 1:1,000,000 legacy soil map in the Abyek region azvin Plain using
DSMART (Disaggregation of Soil Map Units Through Resampled Classification Trees) in cogjuncti
algorithms in two different scenarios. The primary goal is to evaluate the combined effect of alSQyi d input data
richness on the spatial delineation of soil classes.

Materials and Methods

The study was conducted in the Abyek region of the Qazvin Plain, spanning 58,000 he! nd semi-arid
to arid climate conditions. To support disaggregation, eight key environmental cyyarial i ing factors—
topography, vegetation, salinity, and climate—were selected using a robust featuregel €8y §of legacy soil
map units was performed using the DSMART model ation, and (2)

incorporating 230 new soil profiles classified at the U . i ning algorithms (C5.0,
Random Forest, and XGBoost) were evaluated. Model . Model validation was
performed using confusion matrices, overall accuracy, Kappa ici sion (entropy) index, and spatial concordance
via Cramér’s V.

Results and Discussion
Scenario 1 yielded modest accuracy, with over icti anging from 0.29 to 0.37. Among the three models, XGBoost
achieved the highest Shannon diversity and co i i
However, high confusion indices in central and so pointe@ito unresolved overlaps between closely related soil classes,
Scenario 2, enhanced wit@230 new profiles, r rmance gains. Overall accuracy rose to 0.67 and Kappa
reached 0.60, with agree ween predicte groups improving by 43%. Random Forest achieved the
highest composite accuracy‘ sity e (1.34), ost maintained the lowest confusion index (0.60), reflecting more
w field dat: roved the model’s ability to predict rare subgroups and redistributed
lygons. Notably, this also shifted the influence of environmental predictors: while
BF, valley depth) dominated Scenario 1, climatic (precipitation) and vegetation indices
gesting improved model understanding of soil-environment relationships.

disaggregation capability is highly sensitive to the quality and quantity of input data. More

became more important
These results confirm that

Conclusion
This study demonstrated the applicability of the DSMART model for disaggregating Iran’s one-millionth legacy soil map units in
the Abyek region. Among the tree-based models tested, Random Forest and Extreme Gradient Boosting outperformed C5.0 in
modeling soil subgroups. Incorporating 230 new soil profiles substantially improved model performance, underscoring the
importance of high-quality field data. Topographic variables were most influential in the baseline model, while climatic and
vegetation indices became more prominent with data enrichment. The results affirm DSMART’s adaptability for refining outdated
soil maps and support future use of additional soil observations and soil-landscape relationships to enhance spatial prediction
accuracy in complex terrains.

Keywords: DSMART, Downscaling, Digital soil mapping, Machine learning
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