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Abstract: Spatial disparities in rangeland conditions across Kazakhstan complicate field-
based assessments of livestock-carrying capacity (LCC), a critical metric for the country’s
food security and economic planning. This study developed a geospatial livestock-carrying
capacity (GLCC) modeling framework to quantify LCC spatio-temporal dynamics at the
Oblast level, by integrating satellite-derived data on vegetation, water resources, and terrain
with in situ measurements. By providing ground-truth observations and contextual detail,
field-based measurements complement remote sensing data and help to validate estimates
and improve the reliability of the GLCC model. The modeling framework was successfully
applied and validated in a case study in the Akmola Oblast, Kazakhstan, to specifically
map the spatial and temporal distributions of LCC, using publicly available MODIS NPP
data and in situ data from 51 field sites. The modeling results showed distinct spatial
patterns of LCC across the Oblast, reflecting variability in rangeland productivity with
higher values concentrated in southern and southeastern regions (up to 0.5 animals/ha).
The results also depicted significant interannual LCC fluctuations (ranging from 0.099 to
0.17 animals /ha) possibly due to rainfall variability, and thus an indicator of climate-related
risks for livestock management. Although there is still room for further improvement,
particularly in model parameterization to account for grazing pressures, forage quality, and
livestock species, the GLCC modeling framework represents a simple modeling tool to map
livestock-carrying capacity, a more meaningful indicator to rangeland managers. Further,
this work underscores the value of integrating remote sensing with field-based observations
to support data-driven rangeland management planning and resilient investment strategies.
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1. Introduction

Livestock managers prioritize profitability while maintaining rangeland health and
sustainability of rangelands [1,2]. Livestock-carrying capacity (LCC) at the field scale
can be determined by sampling the current year’s growth; larger scale estimates can be
determined by integrating geospatial data (e.g., satellite-derived vegetation trends, soil
moisture, water resources) with field-based measurements to generate site-specific LCC
indicators tailored to decision-makers in the rangeland and agro-industrial sectors. For
Kazakhstan, where livestock production is central to food security and agro-industrial
development strategies, a national-scale LCC assessment is urgently needed to balance
ecological constraints with economic priorities.

Following the dissolution of the Soviet Union in 1991 and the cessation of large-
scale subsidies for state-owned farms, Kazakhstan’s beef production declined sharply.
The cattle population dropped from 9.5 million head in 1992 to under 4 million head by
1999 [3], transforming Kazakhstan from a meat exporter to a meat importer, including
breeding cattle [4]. Today, the country aims to boost livestock production by repurposing
abandoned agricultural lands for grazing as part of its national economic strategy. However,
quantitative data on grazing capacity remain limited [5,6].

Rangelands dominate Kazakhstan’s land cover (Figure 1) and have supported live-
stock grazing (horses, cattle, sheep, goats, and camels) since the Bronze Age [7,8]. These
rangelands are critical for the agro-industrial sector and food security. Kazakhstan’s four
major ecoregions—steppe (25%), semidesert (25%), desert (40%), and mountains (7%) [9]—
include the vast temperate Kazakh steppe, covering approximately 804,500 km?. This
semi-arid region experiences average precipitation of 200 to 400 mm and mean tempera-
tures ranging from 20-26 °C in July to —12-18 °C in January. The flora is diverse, with over
13,000 species, including 5754 vascular plants [10]. The steppe features 23 dominant plant
communities on chestnut soils, with Mollisols—characterized by a silty clay loam texture
and thick, organic-rich horizons—being the dominant soil type [11].

The livestock-carrying capacity, rangeland conditions, and health of Kazakhstan’s
extensive rangelands remain poorly quantified, with current stocking rates either undoc-
umented or inaccurately reported due to the absence of a systematic monitoring and
assessment framework. This lack of reliable data hinders the establishment of targeted
livestock production goals [12]. Accurate LCC estimation is therefore critical for imple-
menting Kazakhstan’s national strategy to enhance meat production sustainably, ensuring
that livestock development aligns with the ecological health of rangelands and supports
the agro-industrial sector, particularly in the Akmola region.

Remote sensing has emerged as a pivotal tool for capturing the spatial and temporal
dynamics of rangeland conditions, providing large-scale insights into biophysical attributes
such as biomass production, water resources, land use/cover and ecosystem productivity.
However, translating these insights into actionable information for livestock management
remains challenging.

Recent advancements in geospatial modeling and remote sensing have significantly
improved the capacity to monitor rangeland ecosystems, enabling better-informed deci-
sions in livestock and land management. For example, numerous studies have applied
time-series NDVI, fractional vegetation cover, and other spectral indices from MODIS,
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Landsat, and Sentinel platforms to detect land degradation, estimate plant biomass, and
track climate-driven vegetation trends [13,14].
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Figure 1. Land use and land cover classification of Kazakhstan.

Previous research efforts [15-18] have utilized remote sensing to analyze rangeland
vegetation dynamics. For instance, Dara et al. [19] employed Landsat imagery to classify
grazing intensity and map grazing pressure in northwest Kazakhstan but did not estimate
sustainable LCC due to the inability of remote sensing to distinguish between forage and
non-forage biomass. Similarly, De Leeuw et al. [18] used MODIS-derived net primary pro-
duction (NPP) and a temperature-based correction equation [20] to estimate aboveground
biomass in Azerbaijan, concluding that stocking rate exceeded LCC and recommended
destocking on slopes exceeding 10%. Their approach, which applied a Proper Use Factor
(PUF) of 65%, assumes all vegetation is forage, a simplification that contrasts with more
conservative practices, such as those in the United States [21].

Modern approaches increasingly integrate remote sensing and field data to improve
the accuracy and spatial resolution of rangeland assessment in dryland environments [22,23].
Studies employing a combination of methods have shown that vegetation responses to
climate extremes and grazing intensity are central to assessing rangeland condition changes
in semi-arid and arid regions [14,24,25].

In Central Asia, one of the most comprehensive remote sensing applications for
rangeland condition monitoring integrated Sentinel-2 imagery with field geobotanical
surveys across six regions in Kazakhstan [26]. This study highlighted the use of vegetation
indices such as leaf-area index (LAI), fraction of absorbed photosynthetically active radia-
tion (FAPAR), and canopy chlorophyll content (CCC) to evaluate rangeland productivity
and biomass dynamics, while also estimating livestock-carrying capacity at the district
level [26].

Accurate LCC estimation requires models that account for a broader range of environ-
mental and management factors, including forage quality, species composition, toxic weeds,
water accessibility, terrain slope, grazing duration, weather conditions, and supplemental
feeding practices during non-grazing periods. Since remote sensing alone has limitations
in distinguishing forage from non-forage biomass, estimating grazing efficiency, and as-
sessing the influence of site-specific factors like soil conditions and livestock behavior, our
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framework incorporates field-based measurements to validate remotely sensed estimates.
However, field-based measurements without the support of remote sensing also have
limitations, as they are typically confined to specific study areas and lack scalability to
broader regions because of prohibitive cost limitation.

Current methods often rely on NPP-based estimates without considering these vari-
ables [1,21], leading to potential overestimations of forage availability. A more compre-
hensive modeling approach is needed to integrate these factors and provide realistic
LCC assessments.

This study aims to develop and validate a geospatial livestock-carrying capacity
(GLCC) modeling framework that combines field-based stocking rate estimates with re-
motely sensed data to provide current LCC. The framework will quantitatively map LCC
by incorporating key variables such as available forage, grazing duration, terrain slope,
travel distance to water, and grazing efficiency. Grazing efficiency refers to the share of
total above ground plant growth that livestock consume through grazing. It is a critical
parameter in estimating the intensity of forage use and interpreting modeled rangeland
condition. By addressing these factors, the study supports Kazakhstan’s agro-industrial
development and food security goals, ensuring that livestock production contributes to
sustainable economic growth, particularly in the Akmola region. The GLCC model is in-
tended to assist policymakers, planners, and researchers in setting priorities for sustainable
land management and resource allocation. The model is best applied as a point-in-time
assessment tool for regional to national-scale planning rather than for fine-scale, day-to-day
management decisions.

2. Materials and Methods
2.1. A GLCC Modeling Framework

Modeling LCC requires integrating ecological, environmental, and management fac-
tors to ensure accurate and sustainable estimates [4,17,27,28]. Ecological conditions such
as plant species composition, plant species diversity, invasive and noxious plants, toxic-
ity, and grazing tolerance directly influence the quantity and quality of available forage,
which is a critical input for LCC calculations. Additionally, the class of livestock must be
considered, as different species or classes exhibit varying foraging behaviors. For example,
goats can browse shrubs that are typically avoided by cattle, necessitating species-specific
adjustments in LCC models. The integration of remote sensing with field-based data is
essential for capturing both spatial and contextual variation in rangeland systems.

Environmental factors, including geophysical factors, soil characteristics, terrain steep-
ness, plant community types, proximity to water resources, and climatic conditions (e.g.,
temperature, precipitation, and extreme weather events), also play a significant role in
determining LCC. The model incorporates environmental inputs through remote sensing
data, such as precipitation and temperature, at the time of model parameterization and exe-
cution. However, due to limitations in the availability of the field-based measurements, the
model does not simulate sub-seasonal or ongoing climate fluctuations. Annual composites
were selected to match the temporal resolution of field data collection, ensuring consistency
across input sources and aligning with the model’s purpose as a regional planning tool.
Steep slopes and long distances to water sources can restrict livestock movement and
reduce grazing efficiency, while climatic stressors such as droughts and heatwaves can
limit forage availability and quality. These environmental factors collectively influence
livestock-grazing patterns, energy expenditure, and overall productivity.

Management practices further complicate LCC estimation. The duration of the grazing
season, supplemental feeding strategies, and the nutritional quality of supplemental rations
must be accounted for to ensure accurate modeling. Supplemental feeding, for instance,
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can offset forage deficits during non-grazing periods but requires careful consideration of
feed quality and availability.

Given these complexities, a simplified LCC model for a ranch site can be expressed as
a function of the following key variables:

GAXAFxDxW xS

LCC(NA) = DU x DFI

(1)

and
AF = (ANPP — ANFP) x GE (2)

where

e AF = Available forage (kg/ha/year), the proportion of ANPP that is accessible and
suitable for livestock consumption, adjusted for factors such as plant toxicity and
species-specific preferences, known as aboveground non-forage productivity (ANFP)
and grazing efficiency (GE, default 35%).

e ANPP = Aboveground net primary production (kg/ha/year), the total biomass pro-
duced by vegetation, which serves as the primary source of forage.

o  GA = The total area (ha) available for livestock grazing.

e DFI = Daily feed intake (kg/day/animal), specific to livestock species (e.g., cattle
vs. goats).

e DU = Days of use, the duration of the grazing season, reflecting the period over which
forage is utilized.

e D, W, S = Adjustments for climate extremes such as climate-related droughts (D),
distance to water (W), and terrain slope (S).

Ecological drivers (ANPP, ANFP, GA) and environmental adjustments (D, W, S) can
be quantified using remote sensing and geospatial data, while management variables
(DU, DFI) incorporate field surveys or operational data. By integrating these inputs, the
model estimates spatially explicit geospatial LCC or GLCC (Figure 2), scaling site-level
calculations to regional assessments of sustainable livestock density (NA /unit area).

Field-based Assessments

Soil, DEM
Temperature,
Precipitation

Remote
Sensing
Imagery

Biomass, forage, species, soil,
—_— grazing period, livestock,
management, water, weather,
and feeds etc.

l Srya GAXAFX DX WXS
" \NA = DUXDFI '
Rangeland 1
Water
Road Livestock
Admin, Stocking
Climate Rate
Species....

Figure 2. Geospatial livestock-carrying capacity modeling conceptual framework to integrate re-
motely sensed data with in situ data and other environmental information for livestock-carrying
capacity assessment. Key variables include ANPP, AF, S, W, and D.
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2.2. Model Parameterization
2.2.1. Remotely Sensed Parameters

The GLCC model integrates multisource remote sensing data to quantify ecological
and environmental drivers of livestock-carrying capacity (Table 1). Landsat imagery
classifies land use and land cover (LULC) to delineate GA and calculate W. MODIS NPP
products provide spatially explicit estimates of the ANPDP, a critical input for determining AF
(Equation (2)). These data are supplemented by Shuttle Radar Topography Mission (SRTM)
Digital Elevation Models (DEMs), which derive terrain slope S, a key factor influencing
livestock-grazing accessibility and behavior. All datasets were rigorously validated for
accuracy and consistency with field observations, ensuring suitability for regional-scale
GLCC modeling. For example:

e  MODIS NPP (1 km spatial resolution, annual composites) aligns with the temporal
and spatial scales of forage production dynamics.

e Landsat-based LULC (30 m resolution) discriminates between grazable rangelands,
non-forage vegetation (e.g., forests, urban areas), and water bodies, directly informing
GA and ANFP (non-forage biomass).

e SRTM DEM (30 m resolution) calculates slope gradients, with adjustments applied to
reflect reduced grazing efficiency in steep terrain.

Table 1. Remote sensing datasets used in this study.

Name Spatial Resolution (m) Temporal Range/Resolution
NPP(MOD17A3HGF) [29] 500 m 2001-2019/annual
Land use land cover (MCD12Q1/CGLS-LC100 2001-2019/annual
collection 3) [30-35] 500 m/100 m 2015-2019/annual

Water (JRC Yearly /Monthly Water Classification
History Layers) [36]

30 m 1984-2018/annual /monthly

Elevation (NASA SRTM Digital Elevation Data
Version) [37]

30 m 2008/ one-time

By harmonizing these geospatial inputs, the model dynamically links ecological pro-
ductivity (ANPP), environmental constraints (S, W), and management-defined grazing
parameters (DU, DFI) to estimate spatially explicit livestock-carrying capacity (Equation (1)).
This integration ensures the GLCC framework accounts for both biophysical limitations
and operational realities, enhancing its utility for sustainable rangeland management.

2.2.2. Grazing Area, GA

To operationalize the GLCC framework, grazing areas (GAs) were derived from land
use and land cover (LULC) data (Table 1, Figure 2), which identified rangelands suitable
for livestock grazing. For example, MODIS-based LULC products (500 m resolution, soft
classification) provide pixel-level fractional coverage of vegetation types, enabling dynamic
thresholding to define GA. In this study, pixels with >30% grass cover and <30% water
surface (validated through field surveys in Akmola Oblast, Kazakhstan; Figure 3) were
classified as grazable rangelands. These thresholds reflect practical trade-offs between
forage availability and physical constraints (e.g., waterlogged areas), though they can be
calibrated regionally to account for ecological or management differences (e.g., desert vs.
temperate grasslands). The resulting grazing area (GA) (in hectares) is then integrated into
the GLCC model (Equation (1)) to spatially constrain forage supply calculations, ensuring
alignment with real-world grazing landscapes.



Remote Sens. 2025, 17, 1477 7 of 22

53°N

Land use land cover type
[Ishrubs
[IHerbaceous vegetation
[ Cultivated and managed vegetation/agriculture
I Urban/built up
Bare/sparse vegetation
[_ISnow and ice
Il Permanent water bodies
B Herbaceous wetland
[IMoss and lichen
Il Closed forest, evergreen needle leaf
Il Closed forest, deciduous needle leaf
[ Closed forest, deciduous broad leaf
[ Closed forest, mixed
[l Closed forest, not matching any of the other definitions
[ Open forest, evergreen needle leaf
[l Open forest, deciduous needle leaf
[[Z]Open forest, deciduous broad leaf
[ Open forest, mixed
[l Open forest, not matching any of the other definitions

52°N

S1°N

50°N

65°E 66°E 67°E 68°E 69°E 70°E 1°E 72°E 73°€ 74°E

Figure 3. Land use, land cover map of the geographical location of the study area—Akmola Oblast
with 51 rangeland sampling sites (orange dots) of the Akmola Oblast, Kazakhstan. Sampling sites
were used for GLCC model validation.

2.2.3. Terrain Slope, S

Slope steepness (S) directly impacts livestock-grazing patterns and forage accessibility,
necessitating downward adjustments to carrying capacity in steeper terrain to prevent
overgrazing in accessible areas [38]. Using Shuttle Radar Topography Mission (SRTM)
DEMs, slope gradients are calculated as a percent rise (Figure 4). These values are then
converted into adjustment factors (S) based on predefined thresholds:

e  Slopes < 15%: Minimal adjustment (S = 100%), as the terrain does not restrict grazing
efficiency (e.g., Akmola Oblast, Figure 4).

e  Slopes > 15%: Progressive reduction in S (e.g., S = 70-90%), reflecting reduced live-
stock mobility, forage utilization in mountainous regions, higher erosion risks due to
significantly higher runoff

65°E  66°  67°E  68°E  69°E  70°E 71 72°E  73E 74 65°E  66°E  6°F  68°E  69°FE  70°E  71°F  7R°E  7FE  74°F
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Figure 4. The map on the left shows the Digital Elevation Model (DEM) data and the one on the right
illustrates the derived slope S in % for Akmola Oblast. The data from the Shuttle Radar Topography
Mission (SRTM) had a 30 m spatial resolution [37].
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Thresholds align with field observations and literature on slope-dependent grazing
behavior. For instance, Kazakhstan’s mountainous areas (>15% slope) require region-
specific S adjustments, while Akmola’s gentler, predominantly composed of open steppe,
terrain (<15%) with limited topographic complexity retains near-full grazing efficiency. The
S factor is integrated into the GLCC model (Equation (1)) as a multiplicative correction,
ensuring spatially explicit estimates account for topographic constraints.

2.2.4. Distance to Water Area, W

Water accessibility (W) is a critical determinant of livestock-carrying capacity, as
grazing intensity declines with increasing distance from reliable water resources. In Akmola
Oblast, seasonal variability (e.g., ephemeral ponds, fluctuating streams like the Yesil River)
and limited across to permanent water bodies (e.g., lakes reserved for recreation) necessitate
spatially explicit adjustments (Figure 5). Using remote sensing-derived water surface maps
(Table 1), W is calculated as follows:

e Identify accessible water sources: Seasonal water bodies within grazing areas (e.g.,
streams, ponds) are prioritized, excluding inaccessible permanent reservoirs.
e  Compute distance thresholds: For each grazing pixel, Euclidean distance to the nearest
accessible water source is calculated using GIS tools.
e  Apply adjustment factors:
O <3 km to water: Minimal reduction (W = 100%), reflecting optimal grazing
efficiency.
O >3 km: Progressive reduction (e.g., W = 70-90%), based on empirical observations
of livestock-grazing radius limitations.

65°E 66°E 67°E 68°E 69°E 70°E 71°E 72°E 73°E 74°E 65°E 66°E 67°E 68°E 69°E 70°E 71°E 72°E 73°E 74°E

N
A Water accessibility factor

0.5 (Distance to water: (2400m, 3200 mi]
9 0.7 (Distance to water: [1600m, 2400 mi]

Water recourse (2018)
Seasonal water

. Permanent water
3 0.9 (Distance to water: [1000m, 1600 mi]
£ 1 (Distance to water: [0m, 1000 mi]

53°N
i
53°N
53°N
53°N

52°N
52°N
52°N
52°N

51°N
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150

km | Z

50°N
50°N
50°N

65°E 66°E 67°E 68°E 69°E 70°E 71°E 72°E E 74°E

Figure 5. The map on the left displays the seasonal water surface area using the year 2018 as an
example, and the map on the right illustrates water accessibility factor W, which represents reductions
in grazing efficiency relative to the distance from water sources.

In Akmola, where seasonal water scarcity is pronounced (Figure 5), W adjustments
account for cyclic drought phases and human impacts on water flow. For instance, during
dry years, W values may be further reduced to reflect diminished water availability. These
adjustments are integrated into the GLCC model (Equation (1)) alongside slope (S) and
climate-related drought (D) factors, ensuring realistic estimates of forage utilization.

2.2.5. Aboveground Net Primary Productivity and Available Forage

Aboveground net primary productivity (ANPP) represents the total dry plant biomass
produced annually and is derived from MODIS NPP products (Figure 6), which include
total net primary productivity of both belowground and aboveground biomass. To isolate
the aboveground component relevant to livestock grazing, a region-specific conversion
factor is applied. For Central Asia’s grasslands, which reflect moderate grazing pressure
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in semi-arid rangeland, field studies and literature [39,40] indicate that 37% of total NPP
represents ANPP (i.e., ANPP = NPP x 0.37). This accounts for the proportional allocation
of biomass to aboveground versus belowground plant structures in arid to semi-arid
ecosystems. However, not all ANPP is consumable by livestock. To address this, available
non-forage productivity (ANFP) refers to the fraction of total biomass that is unsuitable
for grazing—the non-forage portion of total biomass, such as toxic, woody, or unpalatable
species—therefore excluded from the calculation of available forage. Field surveys in
Central Asia estimate non-forage biomass at 20% of ANPP, leaving 80% as potentially
available forage (AF). This estimate was derived from vegetation surveys conducted across
51 rangeland sites in Akmola Oblast, where the proportion of unpalatable or avoided
species was recorded [41]. The above-mentioned adjustment into the calculation of the AF
is expressed as follows:

AF = (ANPP — ANFP) x GE = (0.8 x ANPP) x 0.35 3)

The 35% grazing efficiency (GE) used in this study was tailored for Akmola Oblast
based on a combination of expert consultation, literature guidance, and field data collected
from 51 ranches across the region (see Section 2.3.1 for details) [41]. GE represents the
proportion of total annual forage production (ANPP) that is actually consumed by livestock
typically ranging from 30-50% in semi-arid rangelands [42]. It accounts for forage that
must be left for plant recovery, as well as losses due to trampling, selective grazing, un-
grazed residue, and terrain inaccessibility. The selected 35% GE reflects a conservative and
sustainable rate, consistent with the widely accepted “take half, leave half” principle [43].
Under this guideline, approximately 50% of forage is considered harvestable, of which only
about 70% is typically consumed by livestock (the unconsumed portion consisting mostly
of trampled vegetation or non-forage plants), resulting in an effective grazing efficiency
of 35% [44]. Observed grazing practices in Akmola Oblast showed moderate utilization
and further justify a conservative estimate. This value aligns with published benchmarks
for semi-arid rangelands [38,41,42,44] and supports sustainable stocking and rangeland
health under local conditions. The final AF value (kg/ha/year) is integrated into the GLCC
model (Equation (1)) to quantify forage supply (Figure 6).

Remote sensing data were validated using field measurements collected during ground
surveys. These included estimates of vegetation cover, species composition, and biomass,
which were compared with satellite-derived LCC indicators. Ground-truthing was con-
ducted at multiple points across representative ecological zones within the study area
(orange dots in Figure 3) [41]. Consistency between field and satellite data was assessed
through visual comparison, qualitative scoring, and correlation analysis where applicable
as detailed below and in earlier publication [41]. Limitations in this process included po-
tential mismatches in spatial resolution, timing of data acquisition, and observer variability
in field assessments.
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Figure 6. Illustration of the Akmola Oblast mean values (2001-2019) of Net Primary Production
(NPP) (top) and available forage (AF), derived from MODIS data (bottom). Darker areas represent
the non-rangeland areas, which were excluded from the calculation of the AF.
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2.3. Model Validation and Application
2.3.1. In Situ Data

To validate the GLCC model, 51 rangeland sites across the Akmola Oblast, Kazakhstan,
were sampled following the USDA National Resources Inventory [43] protocol (Figure 7).
The methods, detailed in [41], are summarized below:

!

N 150m transect

Soil pit
i ¥H,T) sikov .

Determine slope shape, length
and aspect down transect

Clip plot by life form
and remove litter

Macroplot (0.782 ha)
~*— for plot census

Plant height (mm) every 5m
along transect within 150mm
radius of transect

¥

Before

After

Figure 7. Microplot sampling design based on the USDA NRCS National Resources Inventory
protocol [43] to assess ecological condition at the site level. The figure illustrates the transect layout
and quadrat positions for field assessment of vegetation, soil, and livestock indicators.

Each sampling site consists of two 100 m intercepting transects and represents a
0.782 ha area. Sampling plots for standing biomass assessment were established along
these transects. Data collection focused on plant species composition, soil characteristics,
slope, animal characteristics, and ranch management practices, which were calibrated
to the GLCC model. The geographic coordinates were recorded at each site to enable
spatial integration with remote sensing layers. This georeferencing allowed for spatial
overlay between field measurements and satellite-derived indicators (such as MODIS
NPP), supporting the validation of remote sensing inputs and the GLCC model outputs.
Visual inspections and qualitative assessments were conducted to ensure that land cover
classifications (e.g., grassland, shrubland, water bodies) matched observed field conditions.
High-resolution photographs were also taken at each site to support data interpretation.

1. Vegetation Sampling

e Standing biomass (kg/ha): Sampled from five 0.25 m? quadrats per site, dried,
and weighed.

e  Species composition: Plant species identified, with density classified into five
categories (1-10, 11-100, 101-500, 501-1000, >1000 plants).

e  Foliar/ground cover (%): Measured via line-point intercept (100 points/transect),
distinguishing life forms (bunchgrass, sodgrass, forb, shrub, etc.).
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e Plant height (mm) and litter biomass: Recorded to assess forage structure
and residue.

2. Soil and Topographic Data

e  Soil properties: Texture, pH, organic carbon, and color analyzed from top 25 mm
samples.

e  Slope, aspect, and terrain shape: Georeferenced to align with SRTM DEM-derived
variables (S).

3. Management Context

e  Grazing intensity: Classified as none, light, moderate, or heavy continuous
grazing (April-October).

e Water access: Proximity to seasonal/permanent sources noted for W adjustment
validation.

4.  Geographic and Environmental Data

e  Geographic coordinates (latitude and longitude) were recorded for each site.

e  Terrain characteristics, including slope steepness, shape, length, and aspect, were
documented.

e  Climatic conditions during the sampling period were noted.

This comprehensive dataset provides a robust foundation for validating the GLCC
model, ensuring that it accurately reflects the ecological and management dynamics of
rangelands in the Akmola Oblast.

3. Results

Important insights about the rangeland livestock-carrying capacity were obtained
using the GLCC model and the parameters calibrated for the Akmola Oblast, briefly
summarized here followed by detailed discussions:

o  There is a significant spatial variability across the Oblast in livestock-carrying capacity
with a general decreasing trend from south to north and localized high-and-lows,
suggesting that a spatially variable grazing management practice is needed, as detailed
in Section 3.1.

e  There is a significant annual temporal variability in livestock-carrying capacity across
the region, indicating that forage availability differs from year to year possibly due
to annual variations in climate or grazing pressure. This suggests challenges in live-
stock management planning because of uncertainties in weather patterns, as detailed
in Section 3.2.

e  There is therefore a grazing suitability difference across the region because of the
spatial variability of livestock-carrying capacity in the region. The suitability indicator
is a result of both localized carrying capacity values and their annual variabilities, as
detailed in Section 3.3.

3.1. Spatial Patterns of Livestock-Carrying Capacity in the Akmola Oblast

Using the GLCC framework (Figure 2) and integrating remote sensing products
and associated environmental factors, the spatio-temporal patterns of livestock-carrying
capacity were calculated from 2001 to 2019. Key changes in stocking rate over time are
illustrated in years: 2001, 2005, 2010, 2012, 2013, 2015, 2019 (Figure 8a—g). The results
revealed distinct geographic and temporal trends in LCC across the Akmola Oblast. First,
geographically, the southern part of the Oblast exhibits higher LCC, particularly along river
corridors and streams. These areas likely have high forage density and easier access to
water resources, supporting up to 0.5 animals per hectare. The southeastern region and
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Figure 8. Visual representation of the estimated livestock-carrying capacity in animals per hectare
(animals/ha) for mother cows and calves < 4 months of age over a 210-day grazing season in Akmola
Oblast for the selected years: 2001, 2005, 2010, 2012, 2013, 2015, and 2019 (a—g). Figures were derived
using Equation (1) and incorporating spatial adjustments for slope, water, and forage. The dark areas
represent non-rangeland areas and were excluded from the calculation.
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3.2. Temporal Variabilities of Livestock-Carrying Capacity in Akmola Oblast

Second, temporal analysis of LCC from 2001 to 2019 shows that the mean LCC across
the Oblast ranged from 0.099 to 0.17 animals per hectare (Figure 9 black line). Areas
with higher LCC exhibited greater variability, fluctuating between 0.31 and 0.42 animals
per hectare—a 34% change (Figure 9 orange line). The overall trend reveals a decline in
mean LCC until 2012 (Figure 8d), followed by stabilization (Figure 8e). This trend may be
associated with cumulative climatic effects and potential shifts in grazing management
following the early 2010s. However, the continued decline in annual minimum LCC
values suggests deteriorating grazing capacity in less productive areas, underscoring
the vulnerability of marginal rangelands to environmental and management pressures
(Figure 9—blue line).
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Figure 9. Mean livestock-carrying capacity (animals/ha) in Akmola Oblast from 2001 to 2019 (black
line) ranged from 0.099 to 0.17 animals per hectare. The values are estimated using conservative
livestock management options. The orange line represents the maximum stocking rate, while the
blue line represents the minimum.

Spatio-temporal variability, measured by the coefficient of variation (CoV) from 2001
to 2019, further highlights distinct patterns (Figure 10). High CoV values (red or or-
ange) mark volatile, high-risk hotspots with significant year-to-year LCC fluctuations,
while low CoV values indicate stable LCC areas, offering more reliable opportunities for
livestock investment.

These findings underscore the importance of spatially explicit and temporally dynamic
approaches to rangeland management. The GLCC framework provides a robust tool
for identifying areas with high LCC potential while also highlighting regions at risk of
overgrazing and degradation.

3.3. Spatial Patterns of Grazing Suitability

The spatio-temporal patterns of LCC and their variability, expressed through the CoV,
were further analyzed to assess the grazing suitability across the region. This analysis is
critical for guiding future investment in livestock production. Using the ISO cluster analysis
tools, the CoV distribution was separated into distinct unimodal groups, revealing spatial
patterns of livestock-grazing suitability (Figure 11). The ISO cluster method grouped pixels
based on natural variation in CoV, resulting in three dominant clusters corresponding
to optimal (CoV < 20%), suitable (CoV 20-35%), and less suitable (CoV > 35%) grazing
zones [45], although these breakdowns are somewhat subjective. Compared to the original
LCC map (Figure 8), the grazing suitability map provides a more streamlined and actionable
assessment of rangeland potential, simplifying decision-making for stakeholders.
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Figure 10. Temporal coefficient of variation (CoV) of annual livestock-carrying capacity from 2001 to
2019 in Akmola Oblast in animals per hectare. High values indicate areas with greater interannual
variability and potential grazing risk. The dark areas represent non-rangeland areas and were
excluded from the calculation.
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Figure 11. Grazing suitability classification map of the Akmola Oblast based on ISO cluster analysis of
LCC coefficient of variation. Cluster analysis of the Akmola Oblast stocking rate classifies rangelands
into 3 categories: less suitable (0-0.15), suitable (0.15-0.2), and optimal (0.2-0.4) based on its spatial
and temporal variability resulting from climate and other environmental factors.
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The grazing suitability analysis highlights areas with stable LCC (low CoV) as prime
candidates for sustainable livestock investment, while regions with high CoV (volatile
LCC) are identified as high-risk zones requiring careful management. These findings not
only refine the understanding of rangeland productivity but also support the development
of targeted investment strategies to optimize livestock production in the region.

It is important to note that this analysis used cattle as the grazing livestock to assess
livestock-carrying capacity. However, the same methodology can be adapted for other
grazing species, such as horses, sheep, goats, and camels, as well as mixed-species herds.
Adjustments to grazing parameters, such as species-specific forage preferences, grazing
behavior, and supplemental feeding requirements, can be incorporated to tailor the model
for diverse livestock systems. This flexibility enhances the framework’s applicability across
different ecological and management contexts, supporting sustainable rangeland use and
economic development.

4. Discussion

The GLCC model accounts for the interplay of environmental and ecological factors
throughout the grazing season influencing LCC, including soil properties, grass species
diversity, precipitation patterns, temperature regimes, and grazing practices at the time
of the model parameterization and execution. These findings align with previous stud-
ies [12,46,47], underscoring the importance of land management in sustaining livestock
productivity and ensuring food and water security. The grazing suitability classes derived
from ISO clustering of CoV values can inform rangeland decision-making by distinguish-
ing areas with consistent forage availability from those prone to seasonal or interannual
variability. This supports planning for infrastructure, rotation, or rest. Temporal variability
in LCC is closely tied to annual climate patterns, particularly precipitation, which drives
the critical model input, the remotely sensed net primary productivity [48-51]. The iden-
tification of spatial hotspots and risk areas for unsustainable grazing practices provides
actionable insights for stakeholders as a planning tool [8,47,52].

However, the GLCC model is a simplified representation of reality, as it does not
explicitly account for all factors influencing LCC interannual variations, such as grazing
pressure, climate variability, soil erosion, and ecological degradation. For instance, high
grazing pressure can reduce vegetation cover, compact soils, and increase erosion, leading
to long-term ecological degradation [46,53,54], which can alter net primary productivity,
impacting rangeland productivity and forage availability. Implicitly, the impacts of these
factors should be partially accounted for in the MODIS NPP products. Similarly, climate
extremes, including sudden droughts and dzhut (extreme ice and snow events), pose signif-
icant risks to forage production and livestock health, necessitating adaptive management
strategies such as destocking and supplemental feeding [8,55-58]. Therefore, although
the model does not track climate dynamics continuously, its outputs inherently capture
vegetation responses to climate variability at discrete time points through the NPP.

These fast-changing variables are better captured through on-ground adaptive mon-
itoring. The integration of field-based indicators, such as observed grazing pressure,
vegetation degradation, or soil erosion, supports the calibration and interpretation of re-
mote sensing outputs. Furthermore, while the GLCC model does not explicitly simulate
erosion or degradation processes, nor predict future LCC values, it reflects their cumulative
effects over time through observed declines in productivity (e.g., ANPP) at the time of
model execution. Remote sensing products (e.g., MODIS NPP, water layers) inherit climatic
signals and indirectly register vegetation responses to drought and water limitations. These
elements, along with the model’s modular structure, allow it to support adaptive grazing
management while being updated through seasonal or annual field observations.
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Compared to traditional models that rely solely on remote sensing or field-based obser-
vations, the GLCC framework offers an integrated, scalable, and ecologically grounded ap-
proach. Remote sensing-only models often provide broad spatial coverage but lack ground
validation and fail to capture site-specific management and ecological conditions [59,60].
Conversely, field-based assessments offer detailed local information but are limited in
broader spatial and temporal scope, underscoring the limitations of such assessments in
capturing large-scale ecological processes [61,62]. By combining both data sources, the
GLCC model captures fine-scale ecological complexity while maintaining regional applica-
bility. This dual-source integration ensures more reliable, interpretable, and actionable LCC
estimates across variable landscapes and climate zones [63], thus outperforming models
that rely on a single data stream. Although a full benchmarking analysis is outside the
scope of this study, the main contribution of our work is in translating this integration into
a practical, adaptable modeling framework that can be applied across regions and scaled
as needed.

Plant species composition and diversity also play a critical role in determining forage
availability and LCC. Grazing-tolerant species can sustain moderate biomass removal, but
exceeding critical thresholds can lead to plant loss and reduced forage production [64—66].
In the Akmola region, a 35% utilization rate is recommended to account for trampling and
wildlife impacts [42,44,67].

Seasonality further influences LCC, with the Akmola grazing season spanning
210 days (mid-April to mid-November). The remaining 155 days require supplemen-
tal feeding, with an estimated 2108 kg of forage (dry weight) per cattle during winter.
Alternative feeds, such as barley, can help meet nutritional needs during this period [68,69].

The GLCC model is primarily intended to support land and resource management
decisions at the regional or national level. As a spatially explicit, geospatial data-driven tool,
it enables stakeholders—such as policymakers, environmental agencies, and development
planners—to identify areas showing signs of land degradation or recovery. This information
can inform land rehabilitation efforts and support the development of grazing management
strategies. In particular, GLCC outputs can help guide decisions related to rotational
grazing, forage resource planning, and early warning systems for overgrazing. While the
model is not designed for daily or in-season operational management at the field scale, it
serves as a valuable tool for strategic planning, monitoring long-term trends, and aligning
land use policies with climate resilience and sustainability objectives.

To enhance the GLCC model’s accuracy, improvements to the modeling framework
and additional factors such as grazing pressure, climate variability, and ecological degrada-
tion can be made to focus on the following:

1. Higher-resolution remote sensing data to account for spatial variability: Incorpo-
rate high-resolution satellite imagery (e.g., Sentinel-2, PlanetScope) to improve the
precision of vegetation and land cover mapping. This would be helpful for ranch-
ers as it would provide landscape-scale information that is relevant for farm-scale
decision-making.

2. Advanced remote sensing imagery and methods for improved forage estimation: Uti-
lize advanced satellite imagery such as hyperspectral data and enhanced vegetation
indices, together with advanced techniques such as artificial intelligence (AI) and ma-
chine learning algorithms to better distinguish between forage and non-forage species.

3. Dynamic climate data to enhance seasonal variations in forage availability: Integrate
real-time or near-real-time climate data to account for seasonal and interannual vari-
ability in precipitation and temperature, helping ranchers to timely adjust stocking
rate and prepare winter feeds.
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4. Grazing pressure metrics: Develop metrics to quantify grazing pressure and its impacts
on vegetation and soil health, using remote sensing and field data.

5. Ecological degradation indicators: Incorporate indicators of ecological degradation,
such as soil erosion and species composition shifts, forage quality etc. into the model.

6. Livestock species-specific forage modeling: Adapt the framework for different live-
stock species (e.g., horses, sheep, goats, camels) by incorporating species-specific
forage preferences and grazing behaviors.

5. Conclusions

This study revealed clear spatial and temporal patterns in livestock-carrying capacity
(LCC) across the Akmola Oblast. At the regional scale, higher LCC values were concen-
trated in the southern and southeastern areas, where vegetation productivity and water
availability were greater. Temporally, LCC exhibited significant interannual variability,
with a general decline observed until 2012, followed by a period of relative stabilization.
These findings reflect how ecological conditions and observed climate variability influence
rangeland productivity spatially.

The GLCC model estimates livestock-carrying capacity by integrating environmental
factors (soil, climate, vegetation) and remote-sensed net primary productivity, enabling
spatial identification of stable vs. variable grazing areas. Its ISO-clustered suitability classes
support strategic rangeland planning (rotational grazing, infrastructure) and align with
regional policy needs. However, it simplifies ecological complexity, omitting direct tracking
of grazing pressure, soil erosion, or climate extremes (e.g., droughts), relying instead on
inferred vegetation responses from NPP trends.

Practical applications include adaptive management (e.g., Akmola’s 35% forage uti-
lization threshold, 210-day grazing season with winter supplementation) to balance pro-
ductivity and resilience. For improvement, the model requires higher-resolution remote
sensing, dynamic climate integration, and species-specific metrics such as erosion proxies
and livestock foraging behaviors.

Ultimately, the GLCC framework bridges remote sensing and field data to guide
sustainable rangeland management, emphasizing scalability for dryland resilience under
climate change. Addressing gaps in degradation tracking and climate dynamics could
enhance its global utility.
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Abbreviations

AF Available Forage

ANPP  Aboveground Net Primary Production

ANFP  Aboveground Non-Forage Productivity

CCC Canopy Chlorophyll Content

CoV Coefficient of Variation

DEM Digital Elevation Model

FAPAR  Fraction of Absorbed Photosynthetically Active Radiation
GLCC  Geospatial Livestock-Carrying Capacity Model
GE Grazing Efficiency

LAI Leaf Area Index

LCC Livestock-Carrying Capacity

LULC  Land Use and Land Cover

NDVI  Normalized Difference Vegetation Index

PUF Proper Use Factor

SRTM  Shuttle Radar Topography Mission
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