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Abstract: The Kumaun region of Uttarakhand is characterised by diverse agro-climatic conditions, fragmented landholdings, mountainous
terrain, variable soil properties, rainfall dependence and heterogeneous cropping systems. These conditions pose serious challenges for
traditional agricultural planning and resource management. The synergy of Artificial Intelligence (Al) and Machine Learning (ML) with
remote sensing, Geographic Information Systems (GIS), the Internet of Things (10T), and cloud computing offers promising opportunities to
develop location-specific agricultural decision-support systems. In this paper, we review emerging Al/ML applications in Kumaun, such as
crop-yield prediction, crop classification, agricultural land monitoring, soil-quality assessment, drought prediction, smart irrigation, and
explainable Al. We conducted a systematic literature review and synthesis of relevant multidisciplinary research using PRISMA-2020. In
Uttarakhand, the literature reports the use of Artificial Neural Networks, Random Forests, Support Vector Machines, Gradient Boosting,
hybrid ML models and satellite-based approaches. However, the present work is fragmented and largely problem-specific. Thus, this study
proposes an integrated Kumaun Agricultural Al Framework that combines satellite observations, 10T sensors, weather data, soil
characteristics, crop phenology, ML/DL, Explainable Al (XAl), and Reinforcement Learning (RL). The framework will enable predictive and
prescriptive decision-making, improve resource-use efficiency, boost climate resilience and promote sustainable agricultural development in
the Kumaun region.

Key Word: Artificial Intelligence; Machine Learning; Deep Learning; Precision Agriculture; Kumaun; Uttarakhand; Remote Sensing;
Crop Yield Prediction.

I. INTRODUCTION

Agriculture is becoming more data-intensive, combining data on weather, soil, crop growth, water availability, and land
characteristics to improve agricultural decision-making. Traditional agricultural systems rely on farmers' experience, field
observations, and generalised recommendations. Local knowledge remains important, but greater climate variability, water
scarcity, soil degradation, changing cropping patterns and rising production costs have made more precise, site-specific agricultural
management necessary. Artificial Intelligence (Al) provides a technological basis to tackle these issues. Computers can learn
patterns from complex datasets. They can also provide predictions or recommendations. Machine learning (ML) is an important
artificial intelligence (Al) technology, which has been widely applied in crop-yield prediction, disease identification, soil
classification, crop mapping and agricultural resource management [1]. Deep learning (DL) has further extended these capabilities
especially in image classification, remote-sensing analysis and agricultural computer vision [2].

Acrtificial intelligence is particularly applicable to mountainous agricultural areas. The Kumaun region of Uttarakhand
comprises Almora, Bageshwar, Champawat, Nainital, Pithoragarh and Udham Singh Nagar, and shows wide variations in altitude,
slope, climate, soil, irrigation facility and cropping patterns. Agriculture in the Tarai and Bhabar differs from that in the middle and
higher Himalayan zones. Udham Singh Nagar has a relatively high concentration of intensive and irrigated agricultural systems.
Agriculture in the hills is mainly rainfed and carried out in small, broken, terraced fields. This heterogeneity creates a major
challenge for agricultural prediction models. A model trained in a relatively homogeneous agricultural landscape may not work as
well in a mountainous environment. Hence, agricultural Al for Kumaun needs to consider topography, climatic variability, crop
diversity and local management practices.

Numerous studies have already demonstrated the potential of Al and ML in agriculture in Uttarakhand. Khan et al. in
Almora compared statistical, neural network and hybrid models for soybean-yield forecasting and Setiya et al. in Uttarakhand
evaluated machine-learning approaches for wheat-yield forecasting. Pant et al. [5] performed ANN- based soil quality prediction in
Bhimtal, Nainital. Malik et al. [6] studied Al-based drought prediction in different places of Kumaun; Pargaien et al. [7] employed
machine-learning classifiers for long-term agricultural land-change analysis in Nainital. More recently, ML has been applied with
Sentinel-1 and Sentinel-2 imagery for crop discrimination in Udham Singh Nagar [8]. The research shows that the underlying
technology for agricultural Al already exists in the region. However, most studies look at individual problems separately. Crop
prediction, soil assessment, drought prediction, irrigation management and satellite monitoring are not well integrated.
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Figure 1: Study Area: Kumaun Region of Uttarakhand

The objectives of this study are therefore: 1) to review the major Al/ML trends which are relevant for agriculture
in Kumaun; 2) to synthesize the existing evidence in the region and identify the research gaps; and 3) to propose an integrated Al
framework for sustainable and climate-resilient agriculture in the region.

ILAGRICULTURAL CONTEXT AND METHODOLOGY
Kumaun is a very heterogenous agricultural environment. Elevation gradients influence temperature, precipitation, crop
choice, and growing seasons. Slope and aspect influence soil moisture, solar radiation, and agricultural productivity. Terraced
farming is prevalent in hilly regions. In some parts of Udham Singh Nagar, the fields are relatively large and intensively cultivated.
This spatial heterogeneity has direct implications for the development of Al models.

Agricultural characteristic

Major implication

Appropriate Al/ML application

Mountainous terrain

High spatial variability

Topography-aware modelling

Fragmented farms

Difficult field surveys

High-resolution remote sensing

Rainfed agriculture

Water-stress risk

Drought prediction

Soil heterogeneity

Variable fertility

Soil-quality prediction

Crop diversity

Different growth patterns

Crop-specific ML

Limited irrigation

Water-use constraints

Smartirrigation

Climatic variability

Yield uncertainty

Weather-based forecasting

Remote villages

Limited connectivity

Edge/offline Al

Table 1. Agricultural characteristics and Al requirements in Kumaun

Agricultural models must consider elevation, slope, aspect, rainfall, temperature, soil characteristics and crop type.
Moreover, the small size of many hill farms makes high-resolution satellite imagery and UAV observations even more critical.

I1.AI/ML TRENDS AND APPLICATIONS IN KUMAUN AGRICULTURE

3.1 Crop-Yield Prediction

Crop yield prediction is one of the most mature machine-learning applications in agriculture. Yield results from complex
interactions among weather, soil, crop genotype, management, and growing conditions. However, ML algorithms like ANN,
Random Forest, Support Vector Regression, and Gradient Boosting can model complex relationships, whereas traditional
statistical models may struggle to model nonlinear interactions. Khan et al. [3] evaluated statistical, machine learning and hybrid
models for forecasting soybean yield in Uttarakhand. The study examined Almora, Udham Singh Nagar and Uttarkashi and noted
strong performance from hybrid approaches in Almora.

Setiya et al. [4] assessed wheat-yield prediction for Uttarakhand using SMLR, ANN, LASSO, Elastic Net and Ridge
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Regression. Their results show that ML models can complement conventional statistical approaches. Similarly, researchers have
worked on rice yield prediction in Uttarakhand [10]. More recent research has shifted from weather-only prediction to multimodal
modelling. Sah et al. [11] incorporated SAR, optical remote sensing and biophysical parameters for rice yield prediction in Udham
Singh Nagar. Different ML algorithms performed best at different crop-growth stages, showing that model selection depends on
the crop, season, and prediction stage.

The generalized yield model for Kumaun can be expressed as:
Y=f(W,S,R,T,M,C)
where Y represents yield, W weather variables, S soil characteristics, R remote-sensing variables, T topographic variables,
M management information and C crop characteristics. The major future requirement is farm-scale, early-season yield prediction
that gives farmers and agricultural agencies enough time to take corrective action.

3.2 Remote Sensing and Crop Classification

Remote sensing offers an inexpensive way to monitor agricultural landscapes over large areas. Sentinel-2 is a multispectral
dataset that is useful for vegetation and crop discrimination. Sentinel-1 SAR is a dataset that does not depend on cloud cover.
Chaudhary et al. [8] evaluated Random Forest, SVM, KNN, CART and Gradient Boosting for crop discrimination in Udham Singh
Nagar using Sentinel-1 and Sentinel-2 data. Random Forest achieved an overall accuracy of 89.21% on the fused season-long
dataset.

Sentinel-1 SAR Sentinel-2 Optical
v v
Radiometric Atmospheric
Calibration Correction
T
v

Feature Extraction

R atd

™ /VH NDVI NDWI/EVI

v
Data Fusion

v
ML Classifier
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Figure 2. Al-based remote-sensing crop-classification workflow

Satellite observations should also be integrated with elevation, slope and aspect in the mountainous districts of Kumaun
since terrain affects both optical reflectance and radar backscatter.

3.3. Agricultural Land Monitoring

Land-use conversion and agricultural land abandonment are key issues in mountain agriculture. Multitemporal remote
sensing allows the detection of changes in cultivated areas. Pargaien et al. [7] studied changes in agricultural area in Nainital
district using Landsat observations over about two decades. The authors used Random Forest, SVM, and CART for land-use
analysis. The study shows that satellite archives can provide valuable evidence related to long-term agricultural transformation.
A Kumaun-wide future system could classify agricultural land such as active cultivation, fallow land, abandoned terraces, and
converted land. This information can support planning for rural development and agricultural revitalisation programs.

3.4 Soil-Quality Prediction

Soil quality differs greatly over the mountainous Kumaun landscape. Old-school soil testing is helpful, but spatially limited.
By combining environmental and remote-sensing variables with laboratory observations, artificial intelligence can provide spatial
predictions. Pant et al. [5] developed ANN-based methods to predict soil quality in the Bhimtal block of Nainital district. Soil
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variables were organic carbon, phosphorus, potassium, manganese and boron. The results showed that neural-network models
could help in soil-fertility assessment.

A regional model of soil-Al is given by:
SQI = f(pH, N, P, K, 0C,SM, E, S, NDVI)
where SQI is soil quality, SM is soil moisture, E is elevation, and S is slope. Soil testing and satellite imagery may together
provide spatial soil-fertility maps and crop-suitability recommendations.

3.5 Drought and Climate-Risk Prediction

Droughtisamajor agricultural risk for rainfed areas. Kumaun is particularly sensitive in this regard, since precipitation varies
greatly with altitude and location. Malik et al. [6] studied drought-index prediction using advanced fuzzy and machine learning
techniques in different locations in the Kumaun region, such as Almora, Bageshwar, Champawat, Nainital, and Pithoragarh. The
study indicated that Al-based methods can aid in drought forecasting at various time scales. Future systems should include rainfall,
temperature, evapotranspiration, soil moisture and vegetation indices:

Dt = (Pt, Tt, ETt, SMt, NDVI})

Where Dt represents drought risk.

The resulting system could generate district- and farm-level drought alerts and recommend irrigation, crop choice, and
sowing dates.

3.6 Al-Based Smart Irrigation
One of the most promising areas for future research in Kumaun is that of smart irrigation. Traditional irrigation scheduling
often relies on fixed time intervals and may not respond adequately to rainfall, soil moisture, or crop growth. An intelligent
irrigation system can estimate irrigation needs using soil-moisture sensors, weather forecasts, crop-growth stages and satellite
observations.
It = (SMt, Rt, ETt, Tt, Gt, Ct)
Where It represents irrigation requirement and Gt crop-growth stage.
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Figure 3. Al-enabled smart irrigation framework

A more advanced system can use reinforcement learning. In such a system, the Al agent learns an irrigation policy that
maximizes crop productivity while minimizing water and energy consumption:

Rt = aYt— BWt— yEt
where Yt represents crop benefit, Wt water consumption and Et energy consumption.
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IV.INTEGRATED KUMAUN AGRICULTURAL Al FRAMEWORK
The literature shows that the individual technological components needed for intelligent agriculture already exist. The main
research gap is to bring them into a regional context. The proposed Kumaun Agricultural Artificial Intelligence Framework
(KAAIF) blends remote sensing, 10T, weather data, soil observations, crop information, GIS, and Al models.
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Figure 4. Proposed integrated agricultural Al framework

The framework follows a continuous information cycle:
Observation — Prediction — Explanation — Recommendation — Action

V.EXPLAINABLE Al AND FARMER-CENTRIC AGRICULTURE

High predictive accuracy does not ensure that this will translate into agricultural adoption. Farmers and extension workers
need to understand the reason behind the Al recommendations. Explainable Al (XAl) provides ways to interpret model outputs,
with techniques such as SHAP, LIME and Grad-CAM. The XAl layer can then work out the relative contribution of each factor.
Rather than simply recommending a crop, the system might say the recommendation is largely linked to appropriate soil moisture,
forecasted rainfall, elevation, and past productivity. This method can improve transparency and enable human-Al collaboration.
This is especially important in Kumaun, where local agricultural knowledge provides contextual information not available in the
available datasets.

VI.CHALLENGES AND FUTURE DIRECTIONS

Several technical and socio-economic challenges impede agricultural Al development in Kumaun. The first is the absence
of a holistic regional agricultural database. Existing studies tend to use isolated datasets such as weather data, soil samples, yield
data, or satellite imagery. A standardised Kumaun Agricultural Dataset will integrate farm boundaries, crop type, sowing and
harvesting dates, yield, soil characteristics, weather, irrigation, fertiliser use and satellite observations. The second challenge is
the spatial transferability. Models developed in Udham Singh Nagar may not apply to Almora or Pithoragarh because of
differences in terrain and agricultural methods. Therefore, when possible, use spatial cross-validation and domain adaptation
techniques instead of simple random train-test splitting. The third challenge is multimodal data fusion. Future systems should be
a blend of:

Fag = FRS @ Fsoil © Fweather © Fcrop © Fterrain

where Fag represents the integrated agricultural feature space.
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Research gap Proposed direction
Lack of integrated agricultural data Development of Kumaun Agricultural Al Dataset
Spatial heterogeneity Spatial/domain-adaptation ML
Small agricultural fields High-resolution satellite/UAV data
Limited sensor infrastructure Low-cost 10T networks
Opaque predictions Explainable Al
Poor connectivity Edge and offline Al
Prediction-oriented research Reinforcement learning and prescriptive Al
Limited farmer accessibility Voice/mobile/local-language systems
Data ownership concerns Farmer-centric data governance

Table 2. Major research gaps and proposed solutions

VI1.DISCUSSION

The reviewed literature shows a clear evolution in agricultural Al. Early research focused mainly on statistical forecasting
and single agricultural variables. Later research included machine learning and neural networks. Recent studies involve satellite
remote sensing, SAR-optical data fusion and multimodal agricultural observations. The regional evidence is especially important.
Almora's research shows that hybrid ML models can forecast crop yield [3]. Soil-quality modelling in Bhimtal shows the potential
of neural networks for localised soil assessment [5]. Al-based drought prediction has been demonstrated in several locations in
Kumaun [6]. The Nainital study demonstrates how useful remote sensing data collected over several time periods can be in
monitoring agricultural land [7]. Recent studies in Udham Singh Nagar have demonstrated the feasibility of using Sentinel-
1/Sentinel-2 fusion for accurate crop discrimination [8]. SAR-optical ML has shown potential for early rice-yield prediction [11].
Together, these studies establish the feasibility of Al-enabled agricultural intelligence in Uttarakhand. At the same time, they
show that existing research is fragmented both geographically and functionally.
Therefore, future research should move from individual Al applications to integrated agricultural intelligence. Such an integrated
system would allow crop classification, yield prediction, drought monitoring, soil assessment and irrigation recommendations to
operate within a common spatial framework. Such a system can be highly valuable in Kumaun, where agricultural decisions are
intricately linked.

VIII.CONCLUSION

Artificial Intelligence and Machine Learning have a huge potential to revolutionise agriculture in the Kumaun region of
Uttarakhand. The region's diverse topography, variable climate, fragmented landholdings, dependence on rainfall, and
heterogeneous cropping systems strongly necessitate spatially intelligent, data-driven agricultural technologies. The literature
review shows that AlI/ML applications in Uttarakhand have already extended to crop-yield prediction, soil-quality assessment,
drought forecasting, agricultural land monitoring, and satellite-based crop classification. The study at Almora shows the potential
of hybrid ML models for soybean yield prediction, while the study at Bhimtal shows the potential of ANN-based soil-quality
prediction. Drought modelling has been shown in Kumaun, and the recent Sentinel-1/Sentinel-2 studies in Udham Singh Nagar
demonstrate the potential of multisensor machine learning for agricultural mapping.

Future research should concentrate on building a standardized regional agricultural dataset, multimodal satellite-sensor
fusion, spatially transferable models, Al-driven smart irrigation, drought early warning systems, explainable agricultural Al, and
farmer-centric digital advisory platforms. The objective should not be to replace farmer knowledge but to complement it with timely,
spatially specific and scientific information. An integrated human-Al agricultural ecosystem can help enhance productivity, water-
use efficiency, climate resilience, and sustainable agricultural development in the Kumaun region of Uttarakhand.
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