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Abstract 

Historic agricultural terraces are important cultural and geomorphic features, but their spatial distribution is often poorly documented, 
especially in abandoned landscapes where woodland expansion obscures terrace morphology. This paper presents a fully open-source 
GeoAI workflow for semi-automatic terrace mapping from high-resolution LiDAR DEMs. The protocol combines predictors derived 
from  terrain  morphology  and  broader  landscape  context  within  a  Random  Forest  classification  framework.  Two  models  were 
compared: a benchmark model based on topographic and geomorphological variables, and an extended model incorporating potential 
solar irradiance, soil erodibility and least-cost corridor  density  as  proxies  for  agricultural  suitability,  slope  management  and 
accessibility.  The  extended  model  consistently  outperformed  the  benchmark  model,  achieving  higher  accuracy,  precision,  recall, 
F1-score  and  class  separability,  while  also  reducing  relative  overprediction  and  omission  error.  These  results  show  that  terrace 
detection improves when local morphology is combined with predictors that reflect human land-use choices. The workflow provides 
a  reproducible  FOSS  approach  for  mapping  both  visible  terraces  and  those  preserved  beneath  woodland  canopy,  not  only  for 
supporting  heritage  documentation  but  also  offering  potential  insights  for  land  degradation  assessment  and  climate  adaptation 
strategies. 

1. Introduction 

Agricultural terraces are among the most enduring 
anthropogenic modifications of landscapes worldwide. Used for 
centuries  across  diverse  environmental  and  cultural  contexts, 
they provide multiple ecosystem services, including soil erosion 
reduction  (Meliho  et  al.,  2021;  Tarolli  et  al., 2014), enhanced 
water retention (Avni, 2022), and potential carbon sequestration 
(Chen et al., 2020). They also support different land use 
systems,  from arable farming and polycropping to agroforestry 
and grazing. Their development reflects the interaction between 
geology,  geomorphology,  hydrology,  agricultural  practices and 
landscape history (Varotto et al., 2018). Terraces are also 
important  heritage  features,  contributing  to  regional landscape 
character and forming part of UNESCO World Heritage 
landscapes across Africa, the Americas, Europe and Asia 
(Turner et al., 2021). For this reason, they have attracted 
increasing attention from ecologists,  agronomists,  historians, 
geographers and geoarchaeologists  interested  in  their  origin, 
development and abandonment over long timescales (Brown et 
al.,  2021;  Kinnaird  et  al.,  2025). Dated examples show highly 
variable temporal and geographical trajectories, from first 
millennium BCE and medieval terrace systems in the 
Mediterranean to pre-Columbian terraces in the Andes  and 
Maya  Lowlands,  rice  terraces  in East and Southeast Asia, and 
long-lived  stone  terrace systems in East Africa (Borisov et al., 
2016; Chase and Weishampel, 2016; Gashure, 2024; Jiang et al., 
2014; Mader et al., 2024; Turner et al., 2021).  
 
Despite  their  ecological,  agricultural  and  heritage  importance, 
many  terraced  landscapes  have  been affected by abandonment 
and transformation, especially since the “Great Acceleration” of 
the  1950s  (Steffen  et  al.,  2015),  when  abandonment  became 
increasingly linked to urbanisation and the movement of 
farmers  away  from  mountain  hinterlands  (Turner  et  al., 2021, 
2020).  This  creates  a  major  documentation  problem. Spatially 
explicit  and  comprehensive  inventories  of historic terraces are 
often  lacking,  while  manual mapping based on field survey or 
visual interpretation of remote sensing data remains time 
consuming, difficult to replicate and particularly challenging in 

abandoned or forested areas where terrace morphology is partly 
obscured. As a result, reproducible methods for mapping 
historic agricultural terraces are needed to support field 
validation, heritage management and broader environmental 
assessment.  
 
Automatic  terrace  mapping  has progressed from optical image 
recognition  to  geomorphometric  analysis  and,  more  recently, 
machine learning classification. Optical approaches are effective 
where terraces display clear  spectral  and  textural  signatures 
(Zhang  et al., 2017). However, they are less robust for narrow, 
atypical or abandoned features, especially where terrace 
boundaries are poorly defined or partly obscured. Except in arid 
or sparsely vegetated environments (Ziyadi et al., 2019), 
abandonment often promotes vegetation recovery, shrub 
encroachment or woodland regrowth, which can obscure 
historic terrace morphology and reduce  the  effectiveness  of 
optical  data  alone.  Digital  elevation  models  (DEMs)  derived 
from  airborne  Light Detection and Ranging (LiDAR) can help 
overcome  this  limitation,  as  they  allow terrace morphology to 
be detected beneath vegetation cover. However, this potential is 
not uniform across all datasets. Detection performance depends 
strongly on survey design, point density, acquisition season and 
DEM  quality,  and  can  be  substantially  reduced  when  LiDAR 
data  are  of  poor  quality  or  were  not acquired for this specific 
purpose (Godone et al., 2018). Increasing attention has therefore 
been given to geomorphometric approaches that extract terrace 
related morphology directly from elevation data.  
 
Semi-automated methods based on open-source GIS tools have 
also been tested for terrace mapping. Using GRASS GIS 
(GRASS Development Team, 2025) morphometric modules and 
a  2  m  DEM  generated  from  LiDAR  data,  r.geomorphon  was 
shown to partially identify larger terrace  features,  but  with 
important  limitations. These included poor detection of narrow 
terraces of approximately 5 m width, sensitivity to DEM 
resolution,  reliance  on  expert  visual  parameter  selection  and 
limited quantitative validation or transferability assessment 
(Amodio et al., 2026). More recent machine learning 
approaches  have  attempted  to improve the detection of terrace 

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume L-4/W1-2026 
Free and Open Source Software for Geospatial (FOSS4G) 2026 – Academic Track “Bridging Geospatial Technology and Humanity”, 

30 August–5 September 2026, Hiroshima, Japan

This contribution has been peer-reviewed. 
https://doi.org/10.5194/isprs-archives-L-4-W1-2026-19-2026 | © Author(s) 2026. CC BY 4.0 License.

 
19



platforms  by  combining  multiple  data  sources.  For  example, 
terrain information from LiDAR data, spectral information from 
orthophotos  and  Support Vector Machine (SVM) classification 
have been integrated to map agricultural terrace platforms 
(Tubog  et  al.,  2025).  This approach highlights the potential of 
machine learning for terrace mapping, but also shows  that 
performance remains influenced by local terrain  conditions, 
vegetation density and data resolution (Tubog et al., 2025).  
 
Taken  together,  previous automatic and semi-automatic terrace 
mapping studies have relied mainly on optical, textural, 
geomorphological and topographical descriptors. However, 
agricultural  terraces  are  not natural landforms, but constructed 
features created to meet agricultural needs. Their spatial 
distribution  is  therefore  likely  to  reflect  not  only  local terrain 
morphology,  but  also  human  decisions  related  to  cultivation, 
accessibility, exposure and soil stability. Broader landscape 
variables, such as potential solar irradiance, soil erodibility and 
accessibility, have not yet been systematically incorporated into 
automatic terrace mapping, despite their relevance for 
explaining where terraces were built and maintained. This 
represents  an  important  methodological  gap  addressed  by  the 
proposed protocol. By integrating broader environmental 
context predictors with variables derived from terrain 
morphology, the  protocol  extends  approaches  based  only  on 
visible texture or local geomorphometry. It is also entirely based 
on free and open-source software (FOSS), making it 
transparent,  reproducible  and adaptable to other landscapes. In 
contrast  to  optical  approaches,  which  depend  strongly  on  the 
visibility  of  terrace  textures, the workflow reduces reliance on 
surface visibility and is better suited to landscapes where 
terraces  are  partly  obscured  by  vegetation  or  abandonment. It 
also  differs  from  rule-based  geomorphometric  procedures  by 

using  a  Random  Forest  (RF)  classifier  capable  of  modelling 
nonlinear relationships between  terrain  variables  and  terrace 
occurrence. Finally, by producing spatially explicit 
classification  outputs,  the  workflow  supports  field  validation, 
heritage management and the integration of terraced landscapes 
into broader environmental analyses. 

2. Study Area  

The  protocol  proposed  in this study was tested in the northern 
Apennines (Italy), in an area of 6800 Km2  within the 
Tuscan-Emilian  Apennines  UNESCO  Man  and  the  Biosphere 
(MAB) Reserve (Fig. 1). This upland region preserves extensive 
evidence of historic agricultural terraces, woodland 
management and agroforestry systems, reflecting a long history 
of interaction between rural communities and mountain 
environments  (Brandolini  et  al.,  2023).  The  MAB  reserve  is 
characterised by steep slopes, dispersed rural settlements, mixed 
agricultural land, expanding  woodland  and  remnant  terraced 
systems  that  document  former strategies of land use and slope 
management (Curotti, 2016). Within  this  cultural  landscape, 
agricultural terraces are typically constructed  on  south-  and 
west-facing slopes and are often faced with large blocks of local 
sandstone. Similar  stone  walls  were  also  widely  built  along 
routes  and  between  steeply  sloping  fields,  where  they  served 
both  to  control  soil  erosion  and  to delimit tenurial boundaries 
(Fig. 1) (Brandolini and Turner, 2022). Although these features 
are not agricultural terrace systems stricto sensu, their 
construction techniques, functions and chronology appear to be 
closely associated with those of the terraces. They are therefore 
considered important components of the same landscape 
heritage.  

 

Figure 1. A and B: examples of abandoned historic agricultural terraces preserved beneath afforested canopy cover. C and D: 
examples of similar stone walls built between steeply sloping fields and along routes (yellow arrows). 

Recent geoarchaeological research shows that terrace farming in 
the  area  was  established  mainly  during  the  medieval  period, 

between the 11th and 13th centuries CE, with phases of 
construction, renovation and maintenance continuing over 
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several centuries (Brandolini et al., 2025). Since the 
mid-twentieth century, the northern Apennines have undergone 
major socio-economic and environmental change. Rural 
depopulation,  agricultural  mechanisation  and the abandonment 
of marginal farmland have led  to  the  decline  of  traditional 
land-management systems and to woodland expansion over 
formerly cultivated areas (Brandolini and Turner, 2022; 
Smiraglia  et  al.,  2015).  These  processes  are  part  of  broader 
Great Acceleration transformations, during which 
industrialisation, demographic change and changing agricultural 
practices  reshaped  many  European  rural  landscapes  (McNeill 
and Engelke, 2016).  In  Italy,  the  abandonment  of  mountain 
areas and migration towards lowlands contributed to rapid 
reforestation and the progressive neglect of historic rural 
features (Brandolini, 2025a). Within the MAB Reserve, terrace 
abandonment  has  important  implications  for both heritage and 
environmental management. Although woodland expansion 
may  provide  ecological  benefits,  it  can  also  reduce  landscape 
heterogeneity, obscure historical land-use patterns and 
contribute to the loss of traditional ecological knowledge 
associated  with  terrace  construction  and maintenance (Antrop, 
2005;  Hjelle  et  al.,  2012).  Because  large  parts  of  the  MAB 
Reserve  remain only partially documented, the area provides a 
suitable  case  study  for  testing the semi-automatic open-source 
protocol proposed here. 

3. Materials and Methods 

The  workflow  was  developed  in  Python  to  provide a scalable 
and  transferable  method for identifying anthropogenic terraced 
landforms in complex mountainous terrain. The protocol 
combines terrain morphometry, broader  landscape  predictors 
and  supervised  machine  learning  to  map  agricultural  terraces 
from high-resolution LiDAR DEMs. LiDAR data were retrieved 
from the RER 2022 and RER 2023/24 datasets, freely available 
through the  Geoportale  Emilia-Romagna  (Geoportale,  2025). 
The original 0.5 m DEM was resampled to 1 m before predictor 
generation  to  optimise computational efficiency across the full 
study  area  while  preserving  the geomorphological information 
relevant  to  terrace  detection.  This  resolution  was  considered 
appropriate  because  the main terrace features in the study area 
are  generally  wider and higher than 1 m, and therefore remain 
detectable  at  the  resampled  scale.  The  predictor  set  included 
seven  topographic and geomorphological variables: slope, plan 
curvature, profile curvature, roughness,  topographic  position 
index (TPI), topographic convexity index (TCI) and 
geomorphon. These variables were selected to describe the main 
morphological expressions of terraced landscapes, including 
flattened surfaces, risers, slope breaks and repeated 
microtopographic discontinuities. Three broader landscape 
predictors were then added: potential solar irradiance, least-cost 
corridor (LCC) density and soil erodibility. Potential solar 
irradiance  was  used  as  a proxy for solar exposure, while LCC 
density represented topographic accessibility and terrain 
connectivity. LCC density was calculated in GRASS GIS using 
r.walk and r.watershed from a regular grid of points; 
watercourses were inferred from flow accumulation and mildly 
penalised  in  the friction surface to reduce the overemphasis of 
riverbeds as movement corridors. Soil erodibility was 
represented  by the RUSLE K factor from the Emilia-Romagna 
Region dataset and was included as a proxy for erosion 
susceptibility and potential slope instability (Geoportale, 2022). 
Training data were derived from a retrogressive Historic 
Landscape  Characterisation  (Turner,  2007)  dataset  developed 
within the MAB UNESCO area (Brandolini and Turner, 2022), 
and were refined through field observation and manual mapping 
of terrace and non-terrace samples. Terrace samples were 

buffered by 1 m and non-terrace samples by 5 m before 
rasterisation to extract labelled pixels for model training. Pixels 
with  missing  or  invalid  predictor  values  were removed before 
model fitting.  
 
The resulting pixel-level dataset was used to train a RF 
classifier. RF was selected because it is well suited to 
remote-sensing and GeoAI applications involving noisy, 
high-dimensional  and  multicollinear  data,  and  because  it  can 
model  non-linear  relationships  among  predictors  (Belgiu  and 
Drăguţ,  2016;  Böhlen,  2024).  This  is  particularly  relevant  for 
terrace detection, as terraces are not defined by a single 
morphometric parameter but by interactions among terrain 
morphology, environmental context and human land-use 
choices.  The  samples  were  split  into  training  and  test  subsets 
using a stratified 80:20 partition. The RF classifier was 
implemented with 500 trees, a  maximum  tree  depth  of  20, 
entropy  as  the splitting criterion and class weighting to reduce 
the influence of class imbalance. A probability threshold of 0.70 
was  used  to  convert  predicted  terrace probabilities into binary 
terrace and non-terrace classes.  
 
Two RF models were tested.  Model  A  was  the  benchmark 
model and included  only  topographic  and  geomorphological 
predictors:  slope,  plan  curvature,  profile  curvature, roughness, 
TPI,  TCI  and  geomorphon.  Model  B  extended the benchmark 
by adding potential solar irradiance, LCC density and soil 
erodibility, in order to test whether predictors linked to 
agricultural suitability, accessibility and slope management 
improved  terrace detection. Each trained model was applied to 
the full study area using a tiled prediction strategy, producing a 
binary terrace map. Model  performance  was  assessed  using 
precision,  recall,  F1-score,  overall  accuracy  and  ROC  AUC. 
These metrics were selected because overall accuracy alone can 
be  misleading  in  imbalanced  datasets,  whereas  F1-score  and 
ROC  AUC  provide  information  on  terrace-class  performance 
and class separability (Naidu et al., 2023). Spatial reliability was 
assessed through a raster-based comparison of model-exclusive 
predictions and omission errors. The binary maps were 
compared  by  subtracting  Model  B  from  Model  A, identifying 
areas  classified  as  terraces by only one model. Positive values 
indicated  terraces  predicted  only  by  Model  A,  while  negative 
values indicated  terraces  predicted  only  by  Model  B.  These 
model-exclusive positive predictions were used to assess 
relative overprediction. Omission error was estimated by 
comparing each binary output with the rasterised  reference 
terrace dataset. Pixels mapped as terraces in the reference raster 
but  classified  as  non-terraces  by  the  model  were  counted  as 
false negatives, and the false negative rate was calculated as the 
proportion of missed terrace pixels relative to the total number 
of reference terrace pixels. 

4. Results and Discussion 

The comparison of the two RF models shows that the inclusion 
of broader landscape predictors improved the detection of 
agricultural terraces when compared with the benchmark model 
based only on topographic and geomorphological variables 
(Table  1).  Model  B,  which included the full selected predictor 
set, achieved the best overall performance, with an accuracy of 
0.965,  a  terrace-class  precision  of  0.914,  a  recall of 0.615, an 
F1-score  of  0.735,  and  a  ROC  AUC  of  0.983.  By  contrast, 
Model A, based  only  on  topographic  and  geomorphological 
predictors, performed less effectively overall, with an accuracy 
of 0.951, a terrace-class precision of 0.820, a recall of 0.500, an 
F1-score of 0.621, and a ROC AUC of 0.951 (Table 1). 
Although  the  relatively  high  ROC AUC of Model A indicates 
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that  terrain-based  variables  still  provide  useful  discriminatory 
power,  its  lower  recall  and  F1-score  suggest  that  topography 
and geomorphology alone are less reliable for accurately 
delineating terrace features at the selected classification 
threshold. The relative importance of predictors further supports 
this interpretation (Fig. 2).  
 
In Model A, importance was concentrated  among  variables 
derived  from  terrain  morphology,  especially  profile  curvature, 
slope,  roughness,  TPI  and  TCI, confirming that local hillslope 
morphology  provides  a  strong  basis  for  terrace discrimination 
(Fig. 2). In Model B, however, predictor importance was 
distributed across both geomorphological and landscape 
variables. Profile curvature remained the most influential 
predictor, but erodibility factor K, slope, roughness, irradiance, 
TPI, TCI, and least-cost corridor density also contributed to the 
classification  (Fig.  2).  This  suggests  that terrace occurrence is 
not  explained by local topography alone, but is also associated 
with broader environmental conditions linked to soil erodibility, 
solar exposure, and potential accessibility. Since RF importance 
scores are relative within each model and sum to 1, they should 
not be  interpreted  as  direct  causal  effects.  Nevertheless,  the 
inclusion of these additional predictors appears to provide 

complementary information, helping Model  B  improve  both 
terrace  detection  and  spatial  reliability  (Fig.  2).  To  assess  the 
spatial behaviour of the two RF models, their binary prediction 
maps were compared using a raster-difference approach. 

 

Model Acc. Prec. Rec. F1 Support AUC Overp. Omiss. 

A 0.95 0.82 0.5 0.62 3494 0.95 72.30% 27.06% 

B 0.96 0.91 0.61 0.73 3494 0.98 27.70% 15.73% 

 
Table 1. Performance and spatial reliability metrics for the two 
RF terrace-detection models. Acc. = overall accuracy; Prec. = 

terrace precision; Rec. = terrace recall; AUC = ROC AUC; 
Overp. = relative overprediction; Omiss. = omission error. 
Overp. reports the proportion of model-exclusive terrace 

predictions among all disagreement pixels: 72.30% for Model 
A and 27.70% for Model B. Omiss. is reported as the false 

negative rate; the corresponding raster-based recall is 72.94% 
for Model A and 84.27% for Model B. 

 
 

 

 
Figure 2. Relative predictor importance for Model A and Model B. The grouped bar chart compares the relative contribution of 

predictors used by the two Random Forest classifiers. Model A includes only topographic and geomorphological predictors, 
whereas Model B also includes erodibility factor K, irradiance, and Least-cost corridor density. The Y axis shows the unitless 

Random Forest importance score, with higher values indicating greater influence on terrace classification. Importance scores are 
relative within each model and sum to 1. Predictors shown only for Model B were not included in Model A. 

Since both outputs covered the same study area and  were 
aligned  to  the  same prediction grid, subtracting Model B from 
Model A allowed areas classified as terraces by only one of the 
two models to be identified. Positive values indicate  areas 
classified as terraces exclusively by Model A, whereas negative 
values indicate areas classified as terraces exclusively by Model 
B (Table 1). This comparison shows that Model A had a 
substantially higher  tendency  towards  relative  overprediction 
than  Model  B.  Among  all  areas  of  disagreement, 72.3% were 
classified  as  terraces  only  by  Model  A,  whereas  27.7%  were 
classified  as  terraces  only  by  Model  B  (Table  1).  In  relative 
terms, Model A produced 161.0% more model-exclusive 

positive predictions than Model B. Although these areas cannot 
be  confirmed false positives without an independent validation 
dataset,  the  comparison  provides  a  useful  spatial  measure  of 
relative  overprediction  and  suggests  that  Model  B produced a 
more  selective  terrace  map.  This pattern is consistent with the 
comparison against the rasterised reference terrace dataset, 
which also indicates that Model B performed better in terms of 
omission error. Model B had a false negative rate of 15.73% and 
a  raster-based  recall  of  84.27%,  whereas Model A had a false 
negative  rate  of  27.06%  and  a  raster-based  recall  of  72.94% 
(Table 1).  Model  A  therefore  showed  a  substantially  higher 
omission  error  than  Model  B.  This  suggests  that,  despite  its 
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stronger tendency to produce model-exclusive positive 
predictions, Model A was less effective at consistently 
capturing  the reference terrace features. Model B consequently 
provided  a  more  balanced  spatial  prediction  by  reducing both 
relative overprediction and omission error. The analysis of 
model  performance  suggests  that  Model  B  produced  a  more 
accurate  and  spatially robust classification than the benchmark 
model.  This  indicates  that the addition of landscape predictors 
improved both the statistical performance and the spatial 
consistency of terrace detection.  
 
The  visual  comparison  of the binary maps (Fig. 3) also shows 
clear differences between the two models, with Model B 
producing  fewer  isolated  positive  predictions  and  less general 
noise. Many of the model-exclusive positive predictions 
produced especially by Model A appear to correspond to 

modern  road escarpments or other abrupt slope changes. Other 
features  that  both  models  tend  to  classify  as  terraces  include 
tenurial boundaries and rural tracks bordered by earth banks or 
stone walls, which are morphologically similar to terrace 
features.  Such  structures  were  widely  built  along  routes  and 
between  steeply  sloping  fields,  where  they  contributed  to soil 
erosion  control  and  land  boundary  demarcation. Because their 
function,  chronology  and  construction  techniques  are  broadly 
comparable to those of agricultural terraces (Brandolini, 2025b), 
in this study they are treated as relevant contextual indicators of 
historic terraced landscapes, while remaining distinct from 
canonical  terraces  in  the strict validation dataset. Furthermore, 
the better performance of Model B also offers useful insights for 
future semi-automatic and fully automatic  machine  learning 
approaches.  

 
Figure 3. Visual comparison between Model A (in yellow) and Model B (in red). The white dashed boxes highlight areas where 

Model A produces model-exclusive positive predictions, especially along modern road escarpments and areas affected by 
pixel-level noise. Model B appears visually more precise and spatially cleaner than Model A. 
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Since  agricultural  terraces  are  anthropogenic  features built for 
cultivation, their location is not determined only by local 
morphology,  but  also  by  broader  landscape  choices  related  to 
agricultural suitability, accessibility and slope management. 
Landscape predictors such as irradiance, soil stability and 
accessibility  (i.e.  LCC  density)  can  therefore  act  as important 
proxies for identifying these features. This is particularly 
relevant for abandoned terraces that are now completely hidden 
by  vegetation.  Previous  studies  have  mainly focused either on 
the spectral signature of visible terraces in optical imagery or on 
geomorphometric parameters derived from DEMs, without fully 
considering  the  human-driven  landscape  logic  that  may  help 
predict where agricultural terraces were built.  Incorporating 
landscape predictors is therefore important not only for 
improving  classification  performance,  but  also  for  producing 
terrace maps that better reflect the historical and environmental 
conditions of terrace construction. Indeed, reproducible, 
spatially explicit terrace mapping is  relevant  beyond  model 
performance because it can support archaeological 
documentation, heritage management and ecosystem  service 
assessment.  
 
In  this  study, many mapped terraces are located beneath forest 
canopy,  confirming  the  value  of  semi-automatic  methods  for 
detecting historic landscape features that are difficult to identify 
through conventional imagery or rapid field survey. Abandoned 
terraces preserve evidence of former land management practices 
related to slope stabilisation, soil retention, water regulation and 
small scale agricultural adaptation. Their  mapping  therefore 
provides a spatial baseline for linking landscape history, 
environmental  function  and  traditional  ecological  knowledge. 
This  is  particularly important for land-degradation and erosion 
risk assessment. In RUSLE modelling, the conservation practice 
factor  (P  factor)  is  often  difficult  to  estimate because detailed 
spatial  data  on soil conservation features are unavailable. As a 
result, it is frequently omitted or generalised using land use and 
slope classes (Ghosal and Das Bhattacharya, 2020). 
Semi-automatic mapping of terraces can improve knowledge of 
the spatial distribution of these anthropogenic conservation 
practices and support more realistic regional P factor estimates. 
Furthermore, terrace mapping can be also relevant for 
estimating soil organic carbon stocks, especially where 
abandoned terraces are hidden beneath woodland. Terraces 
modify slope morphology, redistribute soil and create 
depositional environments where organic carbon may 
accumulate.  Estimating  the  soil  volumes  stored  within  terrace 
systems  is  therefore  a  necessary  step  for  assessing  associated 
SOC  stocks  (Cucchiaro et al., 2021). However, SOC estimates 
require  field  measurements  because  they  depend  not  only  on 
SOC  concentration,  but  also  on  soil  depth,  bulk  density  and 
coarse-fragment content (Djuma et al., 2020). A high-resolution 
terrace  map  does  not  replace  field  sampling,  but  it  can  make 
sampling  strategies  more  targeted  and  spatially  representative 
by  identifying  areas  where  anthropogenic soil accumulation is 
most likely. In this way, the proposed protocol can support more 
reliable assessments of carbon storage, erosion risk and climate 
mitigation potential in historic terraced landscapes.  

5. Conclusions 
 
This  study  demonstrates  the  potential  of  a  fully  open-source 
GeoAI  workflow  for  the  semi-automatic  mapping  of  historic 
agricultural terraces in complex upland landscapes. By 
combining terrain predictors, broader landscape context 
variables and RF classification, the proposed protocol provides 
a  reproducible  method  for  identifying  terrace  systems that are 
difficult  to  document  through  conventional  remote  sensing  or 

rapid  field  survey.  The  comparison  between  the  two  models 
shows that the inclusion of landscape predictors improved both 
classification performance and spatial reliability. Model B, 
which  incorporated  potential  solar  irradiance,  soil  erodibility 
and LCC density in addition to topographic and 
geomorphological variables, outperformed the benchmark 
model across all  main  metrics.  It  achieved  higher  accuracy, 
precision,  recall, F1-score and ROC AUC, while also reducing 
relative  overprediction  and  omission  error.  This  confirms  that 
agricultural terraces should not be modelled only as local 
morphological features, but also as the outcome of  human 
decisions related to cultivation, accessibility, slope management 
and environmental suitability. The  results  also  highlight  the 
value  of  semi-automatic  mapping  for  abandoned  and  terraced 
landscapes neglected by recent afforestation processes. Many of 
the mapped features are located beneath woodland  canopy, 
where optical imagery alone  is  insufficient  and  where  field 
mapping  would  be  time  consuming  and  difficult  to  replicate 
over  large  areas.  In  this  context,  high-resolution classification 
based on  elevation  and  landscape  predictors  can  provide  an 
important  spatial  baseline  for  documenting  historic  rural  land 
use  systems, assessing their preservation and supporting future 
field validation. 
 
Beyond archaeological and heritage applications, the workflow 
has wider environmental relevance. More accurate  maps  of 
terrace distribution could improve the representation of 
anthropogenic conservation  practices  in  soil  erosion  models, 
particularly where the RUSLE P factor is omitted or generalised 
because of limited spatial information. The same spatial 
baseline can also support targeted soil sampling and more 
representative  estimates  of  SOC stocks in terraced landscapes, 
especially  where  abandoned terraces may still store significant 
volumes of anthropogenic soil beneath vegetation cover. 
Overall,  this  paper  shows  that  FOSS  GeoAI  approaches  can 
make terrace mapping more  transparent  and  scalable,  while 
providing  a  workflow  that  can  be  tested  for  transferability  in 
other environmental and cultural contexts. In doing so, 
semi-automatic  terrace detection can contribute not only to the 
documentation of historic landscapes, but also to the integration 
of  cultural  heritage,  land  degradation  assessment  and  climate 
mitigation research within a shared spatial framework. 

Acknowledgements 

This research was supported by the National Geographic 
Society through the Enduring Impacts grant awarded to Filippo 
Brandolini for the project MATILDA: Mapping Medieval 
Agricultural  Terraces  for  Integrated  Landscape  Development 
and Adaptation (Grant ID: NGS-169238SC-26). Additional 
funding  was  provided  by  the  Università degli Studi di Milano 
through  the  Piano  di  Sostegno  per  la  Ricerca  2025  - Linea 4 
and  Linea  8.  This  work  forms part of the activities conducted 
within the framework of the Dipartimento di Eccellenza 
2023-2027 (WP2), a designation awarded by the Italian 
Ministry of University and Research (MUR) to the 
Dipartimento di Scienze della Terra “Ardito Desio” at the 
Università degli Studi di Milano (Italy). 

References 

Amodio,  A.M.,  Bonazza,  A.,  Sardella,  A.,  Gizzi,  F.T.,  2026. 
Semi-automated human terrace  recognition:  a  case  study  on 
Panarea  Island,  Italy, in: Gervasi, O., Murgante, B., Garau, C., 
Karaca, Y., Faginas Lago, M.N., Scorza, F., Braga, A.C. (Eds.), 
Computational Science and Its  Applications  –  ICCSA  2025 
Workshops. Lecture Notes in Computer Science, 15894. 

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume L-4/W1-2026 
Free and Open Source Software for Geospatial (FOSS4G) 2026 – Academic Track “Bridging Geospatial Technology and Humanity”, 

30 August–5 September 2026, Hiroshima, Japan

This contribution has been peer-reviewed. 
https://doi.org/10.5194/isprs-archives-L-4-W1-2026-19-2026 | © Author(s) 2026. CC BY 4.0 License.

 
24



Springer, Cham, pp. 18-29. 
doi.org/10.1007/978-3-031-97648-3_2 

Antrop, M., 2005. Why landscapes of the past are important for 
the future. Landsc. Urban Plan., 70, 21-34. 
doi.org/10.1016/j.landurbplan.2003.10.002 

Avni,  Y.,  2022.  The  emergence  of  terrace  farming  in  the  arid 
zone  of  the  Levant:  past  perspectives  and  future implications. 
Land, 11, 1798. doi.org/10.3390/land11101798 

Belgiu, M., Drăguţ, L., 2016. Random forest in remote sensing: 
a review of applications and future directions. ISPRS J. 
Photogramm. Remote Sens., 114, 24-31. 
doi.org/10.1016/j.isprsjprs.2016.01.011 

Böhlen, M.,  2024.  The  AI  of  GeoAI,  in:  On  the  Logics  of 
Planetary  Computing:  Artificial Intelligence and Geography in 
the Alas Mertajati. Routledge, pp. 50-70. ISBN: 
9781032857527 

Borisov, A.V., Chernysheva, E.V., Korobov, D.S., 2016. Buried 
palaeoanthrosols  of the Bronze Age agricultural terraces in the 
Kislovodsk  Basin,  Northern  Caucasus, Russia. Quat. Int., 418, 
28-36. doi.org/10.1016/j.quaint.2015.08.054 

Brandolini, F., 2025a. Reconstructing  Italy’s  rural  landscape 
before  the  Great  Acceleration:  a  geospatial  baseline  from  the 
Catasto Agrario (1929). Open Res. Eur., 5, 169. 
doi.org/10.12688/openreseurope.20343.1 

Brandolini, F., 2025b. L’origine medievale dell’agricoltura 
terrazzata  in  Appennino  Reggiano  (IX-XIII  secolo):  evidenze 
geocronologiche  dal  caso studio di Vetto d’Enza (RE), in: Atti 
del X Congresso Nazionale di Archeologia Medievale, 
Udine-Cividale,  9-13  settembre  2025.  All’Insegna  del  Giglio, 
Firenze. 

Brandolini, F., Kinnaird, T.C., Srivastava,  A.,  Costanzo,  S., 
Compostella, C., Turner, S., 2025. Geoarchaeology reveals 
development of terrace farming in the Northern  Apennines 
during  the  Medieval  Climate  Anomaly.  Sci.  Rep.,  15,  24989. 
doi.org/10.1038/s41598-025-08396-2 

Brandolini, F., Kinnaird, T.C., Srivastava, A., Turner, S., 2023. 
Modelling the impact of historic landscape change on soil 
erosion and degradation. Sci. Rep., 13, 4949. 
doi.org/10.1038/s41598-023-31334-z 

Brandolini, F., Turner, S., 2022. Revealing patterns and 
connections in the historic landscape of the northern Apennines, 
Vetto, Italy. J. Maps, 18(4), 663-673. 
doi.org/10.1080/17445647.2022.2088305 

Brown,  A.G.,  Fallu,  D.,  Walsh,  K.,  Cucchiaro,  S.,  Tarolli,  P., 
Zhao, P., Pears, B.R., van Oost, K., Snape, L., Lang, A., Albert, 
R.M., Alsos, I.G., Waddington, C., 2021. Ending the Cinderella 
status of terraces and lynchets in Europe: the geomorphology of 
agricultural terraces and  implications  for  ecosystem  services 
and climate adaptation. Geomorphology, 379, 107579. 
doi.org/10.1016/j.geomorph.2020.107579 

Chase,  A.S.Z.,  Weishampel,  J.,  2016.  Using  lidar  and  GIS  to 
investigate water and soil management in the agricultural 

terracing at Caracol, Belize. Adv. Archaeol. Pract., 4, 357-370. 
doi.org/10.7183/2326-3768.4.3.357  

Chen, D., Wei, W., Daryanto, S., Tarolli, P., 2020. Does 
terracing enhance soil organic carbon sequestration? A 
national-scale  data  analysis  in China. Sci. Total Environ., 721, 
137751. doi.org/10.1016/j.scitotenv.2020.137751 

Cucchiaro,  S.,  Paliaga,  G.,  Fallu, D.J., Pears, B.R., Walsh, K., 
Zhao, P., van Oost,  K.,  Snape,  L.,  Lang,  A.,  Brown,  A.G., 
Tarolli, P., 2021. Volume estimation of soil stored in agricultural 
terrace systems: a geomorphometric approach. Catena,  207, 
105687. doi.org/10.1016/j.catena.2021.105687 

Curotti, A., 2016. MAB-UNESCO: persone e natura 
nell’Appennino Tosco-Emiliano. Diabasis. 

Djuma, H., Bruggeman, A., Zissimos, A., Christoforou, I., 
Eliades, M., Zoumides, C.,  2020.  The  effect  of  agricultural 
abandonment and mountain terrace degradation on soil organic 
carbon in a Mediterranean landscape.  Catena,  195,  104741. 
doi.org/10.1016/j.catena.2020.104741 

Gashure, S., 2024. Adaptation strategies of smallholder farmers 
to climate variability and change in Konso, Ethiopia. Sci. Rep., 
14, 19203. doi.org/10.1038/s41598-024-70047-9 

Geoportale,  2022.  Geoportale  Emilia-Romagna,  Database  uso 
del suolo. Available at: 
geoportale.regione.emilia-romagna.it/approfondimenti/database
-uso-del-suolo (23 April 2025). 

Geoportale,  2025.  Geoportale Emilia-Romagna, RER 2023/24. 
Available at: 
geoportale.regione.emilia-romagna.it/approfondimenti/rer23_24 
(11 March 2025). 

Ghosal, K., Das Bhattacharya, S., 2020. A review of the 
RUSLE model. J. Indian Soc. Remote Sens., 48,  689-707. 
doi.org/10.1007/s12524-019-01097-0 

Godone, D., Giordan, D.,  Baldo,  M.,  2018.  Rapid  mapping 
application of vegetated terraces based on high-resolution 
airborne LiDAR. Geomat. Nat. Hazards Risk, 9, 970-985. 
doi.org/10.1080/19475705.2018.1478893 

GRASS Development Team, 2025. Geographic Resources 
Analysis Support System (GRASS GIS). Open Source 
Geospatial Foundation. grass.osgeo.org/ (4 January 2025). 

Hjelle, K.L., Kaland, S., Kvamme, M., Lødøen, T.K., 
Natlandsmyr, B., 2012. Ecology and long-term land use, 
palaeoecology and archaeology: the usefulness of 
interdisciplinary  studies for knowledge-based conservation and 
management of cultural landscapes. Int. J. Biodivers. Sci. 
Ecosyst. Serv. Manag., 8, 321-337. 
doi.org/10.1080/21513732.2012.739576 

Jiang,  Y.,  Li,  S., Cai, D., Chen, W., Liu, Y., Yu, Z., 2014. The 
genesis and palaeoenvironmental records of Longji agricultural 
terraces,  southern  China:  a  pilot  study  of  human-environment 
interaction. Quat. Int., 321, 12-21. 
doi.org/10.1016/j.quaint.2013.10.049 

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume L-4/W1-2026 
Free and Open Source Software for Geospatial (FOSS4G) 2026 – Academic Track “Bridging Geospatial Technology and Humanity”, 

30 August–5 September 2026, Hiroshima, Japan

This contribution has been peer-reviewed. 
https://doi.org/10.5194/isprs-archives-L-4-W1-2026-19-2026 | © Author(s) 2026. CC BY 4.0 License.

 
25



Kinnaird, T.C., Abellán Santisteban, J., Brandolini, F., Carlton, 
R.,  Carrer,  F.,  Civantos,  J.M.M.,  Duggan,  M.,  Holcomb, J.A., 
Lekakis, S., Ramos Rodríguez, B., Salazar Ortiz, N., 
Sánchez-Pardo,  J.C.,  Sevara,  C.,  Snyder,  J.R.,  Shillito,  L.-M., 
Silva Sanchez, N., Srivastava, A., Turner, A., Turner, S., 2025. 
Unearthing the histories of agrarian landscapes: a research 
framework for terraces as sustainable environments. 
Geoarchaeology, 40(2), e70004. doi.org/10.1002/gea.70004 

Mader, C., Godde, P., Behl, M., Binder, C., Hägele, E., Isla, J., 
Leceta,  F.,  Lyons,  M.,  Marsh,  E.,  Odenthal, R., Fernengel, E., 
Stryjski,  P.,  Weber,  A.-K.,  Reindel,  M.,  Meister,  J.,  2024.  An 
integrative  approach  to  ancient  agricultural terraces and forms 
of dependency: the case of Cutamalla in the pre-Hispanic 
Andes. Front. Environ. Archaeol., 3, 1328315. 
doi.org/10.3389/fearc.2024.1328315 

McNeill,  J.R.,  Engelke,  P.,  2016.  The  Great  Acceleration:  An 
Environmental History of the Anthropocene since 1945. 
Harvard University Press, Cambridge, MA. 
doi.org/10.2307/j.ctvjf9wcc 

Meliho, M., Khattabi, A., Nouira, A., Orlando, C.A., 2021. Role 
of  agricultural terraces in flood and soil-erosion risk control in 
the High Atlas Mountains of Morocco. Earth, 2, 746-763. 
doi.org/10.3390/earth2040044 

Naidu, G., Zuva, T., Sibanda, E.M., 2023. A review of 
evaluation  metrics in machine-learning algorithms, in: Silhavy, 
R., Silhavy, P. (Eds.), Artificial Intelligence Application in 
Networks and Systems. Lecture Notes in Networks and 
Systems, 724. Springer, Cham, pp. 15-25. 
doi.org/10.1007/978-3-031-35314-7_2 

Smiraglia, D., Ceccarelli, T., Bajocco, S., Perini, L., Salvati, L., 
2015. Unravelling landscape complexity: land-use and 
land-cover changes and landscape-pattern dynamics, 
1954-2008, in contrasting peri-urban and agro-forest regions of 
northern Italy. Environ. Manage. 56, 916-932. 
doi.org/10.1007/s00267-015-0533-x 

Steffen,  W.,  Broadgate,  W., Deutsch, L., Gaffney, O., Ludwig, 
C., 2015. The trajectory of the Anthropocene: the Great 
Acceleration. Anthropocene Rev., 2, 81-98. 
doi.org/10.1177/2053019614564785 

Tarolli,  P.,  Preti,  F.,  Romano,  N.,  2014.  Terraced  landscapes: 
from an old best practice to a potential hazard for soil 
degradation due to land abandonment. Anthropocene, 6, 10-25. 
doi.org/10.1016/j.ancene.2014.03.002 

Tubog,  M.V.,  Emsellem,  K.,  Bouissou,  S.,  2025.  Detection of 
agricultural terrace platforms using machine learning from 
orthophotos  and  a  LiDAR-based  digital  terrain  model:  a  case 
study in the Roya Valley of southeastern France. Land, 14, 962. 
doi.org/10.3390/land14050962 

Turner, S., 2007. Landscape archaeology for the past and future: 
the  place  of  Historic  Landscape  Characterisation. Landscapes, 
8(2), 40-49. doi.org/10.1179/lan.2007.8.2.40 

Turner,  S.,  Kinnaird,  T.,  Koparal,  E.,  Lekakis,  S.,  Sevara,  C., 
2020.  Landscape  archaeology,  sustainability  and  the  necessity 
of change. World Archaeol., 52, 589-606. 
doi.org/10.1080/00438243.2021.1932565 

Turner, S., Kinnaird, T., Varinlioğlu, G., Şerifoğlu, T.E., 
Koparal, E., Demirciler, V., Athanasoulis, D., Ødegård,  K., 
Crow, J., Jackson, M., Bolòs, J., Sánchez-Pardo, J.C., Carrer, F., 
Sanderson,  D.,  Turner,  A.,  2021.  Agricultural  terraces  in  the 
Mediterranean: medieval intensification revealed by OSL 
profiling and dating. Antiquity, 95, 773-790. 
doi.org/10.15184/aqy.2020.187 

Varotto, M., Bonardi, L., Tarolli, P. (Eds.), 2018. World 
Terraced  Landscapes:  History,  Environment,  Quality  of  Life. 
Springer International Publishing, Cham. 
doi.org/10.1007/978-3-319-96815-5 

Zhang, Y., Shi, M., Zhao, X., Wang, X., Luo, Z., Zhao, Y., 2017. 
Methods  for  automatic identification and extraction of terraces 
from high-spatial-resolution satellite data, China GF-1. Int. Soil 
Water Conserv. Res., 5, 17-25. 
doi.org/10.1016/j.iswcr.2017.02.002 

Ziyadi, M., Dahbi, A., Aitlhaj, A., El Ouahrani, A., El Ouahidi, 
A., Achtak, H., 2019. Terraced agroforestry  systems  in  the 
western  Anti-Atlas, Morocco: incidence of climate change and 
prospects for sustainable development, in: Castro,  P.,  Azul, 
A.M., Leal Filho, W., Azeiteiro, U.M. (Eds.), Climate 
Change-Resilient Agriculture and Agroforestry: Ecosystem 
Services  and  Sustainability.  Springer  International  Publishing, 
Cham, pp. 1-19. doi.org/10.1007/978-3-319-75004-0_1 

The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume L-4/W1-2026 
Free and Open Source Software for Geospatial (FOSS4G) 2026 – Academic Track “Bridging Geospatial Technology and Humanity”, 

30 August–5 September 2026, Hiroshima, Japan

This contribution has been peer-reviewed. 
https://doi.org/10.5194/isprs-archives-L-4-W1-2026-19-2026 | © Author(s) 2026. CC BY 4.0 License.

 
26


	Page 1
	Page 2
	Page 3
	Page 4
	Page 5
	Page 6
	Page 7
	Page 8



