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Introduction 

Food security is a challenge for millions of people worldwide, especially in developing regions, as many 
nations depend on agriculture for food security and economic stability. By the end of 2050, the world's 
population is predicted to have grown from 8.1 billion (year 2024) to 9.1 billion, requiring 3 billion tons 
of grain to feed everyone—roughly 50% more food production than is currently needed (Adamchuk et 
al., 2020). The same is applicable in the tropics, as population is constantly growing and it’s estimated to 
hit 401 million by 2050 (FAO, 2018), requiring an increase in food production to feed the expected 
population. Population growth is associated with increased pressure on natural resources such as water, 
soil, and climate conditions (Oberle et al., 2019), which are mainly the foundation of agricultural 
production. In fact, soil is increasingly solicited for multiple crops to achieve food self-sufficiency. As 
such, it’s directly impacted by the growing human population's demand for increased agricultural 
production and crop yields. However, productive land is decreasing due to declining land fertility, 
urbanization, pollution, and salinization. Unsustainable practices such as intensive cropping, excessive 
fertilizer use, organic matter (OM) mismanagement, and depletion of organic carbon (OC) from 
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Abstract 

Soil is increasingly solicited for multiple crops to achieve food self-sufficiency; as such, it’s directly impacted by 

the growing human population's demand for increased agricultural production and crop yields. Thus, 

unsustainable practices such as intensive cropping, excessive fertilizer use, organic matter (OM) mismanagement, 

and depletion of organic carbon (OC) from agricultural soil have negatively impacted soil health, leading to soil 

degradation. This paper explores the role of Artificial Intelligence (AI) in rehabilitating degraded soils, AI-

integrated agricultural practices that support sustainable soil and food production, and barriers to adopting AI-

based soil restoration strategies, particularly among smallholder farmers. Furthermore, the study emphasized the 

critical need for smallholder farmers to be trained to improve their digital literacy and capacity to use AI-enabled 

advisory platforms. The need for policymakers to collaborate with telecommunication companies in enhancing 

mobile network coverage in rural areas, and for the government to address the challenge of limited access to AI 

tools by introducing grants and financing schemes to enable farmers to purchase essential AI-enabled devices at a 

lower cost. Addressing the challenges faced by smallholder farmers in adopting AI-technologies fosters the 

restoration of degraded soils, improving food production within the tropical regions. 
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agricultural soil have negatively impacted soil health, leading to land degradation. These practices 
disrupt the natural soil ecosystem, reducing fertility and overall land productivity (Mamatha et al., 
2024). Soil health and quality are critical to sustainable agriculture as they are the most essential 
components of agriculture and food production. Notably, it also has a direct impact on environmental 
quality and ecosystem services. Soil quality can be defined as the capacity of a soil to host and provide 
ecosystem services (Cannavacciulo et al., 2017). Soil is said to be healthy when it can withstand stress 
and disturbance, recycle nutrients, transform organic matter, and support microbial life (Calvaruso et 
al., 2021). Unfortunately, soil health can deteriorate either due to anthropogenic reasons, such as 
human activities and natural causes or climate change and other related factors (Drake et al., 2020). The 
strain from rapid demographic growth is evident in declining soil fertility in tropical regions as soils are 
overexploited, resulting in soil degradation characterized by wind and water erosion, pollution, loss of 
soil nutrients, and biodiversity. Soil degradation reduces ecosystem services, such as decline in soil 
quality and productivity which threatens food security, and increases vulnerability to environmental 
impacts, especially in tropical regions with developing economies where livelihoods are directly tied to 
land productivity.  Tropical soils are often characterized by high temperatures, high rainfall, and intense 
weathering. However, due to extensive agricultural practices, deforestation, and other land use changes 
to which soils in the tropical zone are often subjected, they are particularly complex and challenging to 
manage; as a result, they are often degraded and low in agricultural productivity.  Soil plays a crucial role 
in sustaining agriculture and maintaining environmental balance. Hence, it’s imperative and expedient 
to have more healthy soil, by exploring alternative ways of restoring degraded soils, such as the use of 
Artificial Intelligence (AI) and Machine Learning (ML). The restoration of degraded tropical soils entails 
stopping existing degradation processes and restoring the soil’s physiochemical properties to recover 
arable land, curb deforestation, and protect soils and forests threatened by overexploitation. This 
process can be achieved more effectively and within a shorter time frame through the application of 
Artificial Intelligence (AI), compared with conventional restoration methods.  Artificial intelligence (AI) 
and Machine Learning (ML) are two of the most well-known and powerful emerging technologies that 
have produced ground-breaking solutions for managing soil health (Maraveas et al., 2022). A 
revolutionary strategy that encompasses machine learning, deep learning, large data analytics, and 
decision support systems that can analyze vast datasets to detect patterns, predict degradation trends, 
and recommend adaptive soil management strategies (Liakos et al., 2018). Remote sensing platforms 
and Geographic information systems that are AI-powered are mostly used to monitor land use changes, 
soil moisture levels, erosion hotspots, and nutrient status with high spatial and temporal precision 
(Zhang et al., 2021). Furthermore, AI-driven models support precision agriculture by optimizing the use 
of fertilizers, water, and other resources, thereby reducing environmental impacts while enhancing crop 
productivity (Shamshiri et al., 2018). In tropical regions, where heterogeneity is high, AI provides a cost-
effective and scalable solution for restoring soil functions and achieving sustainable food production. 
This review synthesizes the recent literature on the potential of integrating AI technologies into the 
restoration of tropical soils to improve agricultural productivity and food security. To this end, this 
literature review aims to;  

i. Explore the role of artificial intelligence technologies in rehabilitating degraded soils. 
ii. Identify AI-integrated agricultural practices that support sustainable soil and food production in 

the tropics. 
iii. Identify barriers to adopting AI-based soil restoration strategies, particularly among smallholder 

farmers. 
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Role of artificial intelligence technologies in rehabilitating degraded soils. 
 
Climate change, population growth, land use and cover changes, and soil erosion are major contributors 
to soil degradation process and, as such, are raising global concerns. Soil erosion is a natural process 
activated by human activities and natural forces and poses a significant threat to the environment, land 
management, agricultural production, and sustainability (Lal, 2020).  It is a natural phenomenon that 
involves the natural removal of the soil’s surface layer due to natural forces. Furthermore, there are 
many causes of soil erosion: water erosion (i.e., rainfall and runoff), wind erosion (i.e., strong winds), 
gravity erosion (i.e., soil movement induced by steep slopes), and ice erosion (i.e., glaciers and frost). 
These soil erosion types result in the loss of fertile soils, reduced crop yields, pollution sedimentation, 
increased floods, and climate change impact (Zhao et al., 2023). Therefore, a comprehensive 
understanding of soil erosion monitoring is critical for future decision-making (Radočaj et al., 2020).  
Given the shortcomings of traditional methods for identifying, analyzing, and interpreting the soil 
erosion phenomenon, there is an essential need for new, rapid, accurate, eco-friendly, and non-
destructive approaches to achieve these tasks. On the other hand, Artificial intelligence (AI) is rapidly 
expanding in the field of research, with applications including characterizing, estimating, and predicting 
soil erosion levels (Avand et al., 2023). Techniques in AI, including machine learning (ML) and deep 
learning (DL), are being utilized to enhance the detection, characterization, prediction, and 
understanding of soil erosion (Mosavi et al., 2020). Popular algorithms that estimate and predict soil 
erosion include random forests (RF), conventional neural networks (CNNs), and artificial neural networks 
(ANNs). The AI algorithms can process and classify hyperspectral and multispectral satellite images to 
identify various land use and land cover changes (LULC) units, including vegetation cover, bare soils, 
water bodies, urban areas, and others (Dahiya et al., 2023). AI approaches can also be used to detect 
land use and land cover changes (LULCC) by analyzing historical satellite images (time series) for 
quantifying soil erosion. Furthermore, AI is employed to create prediction models for quantifying soil 
erosion as well as other land parameters such as vegetation, slope, moisture, and soil properties. AI is 
also used to select soil erosion features and parameters using various spectral indices derived from data 
obtained by satellites and other platforms or instruments which can be used by land managers, 
policymakers, stakeholder groups, and researchers to estimate soil erosion levels, categorize different 
areas (vulnerable and non-vulnerable), and implement successive soil erosion mitigation plans (Panagos 
et al., 2020; Emadi et al., 2020). Hence, the utilization of AI in detecting and modeling soil erosion makes 
it possible to cover large-scale areas and provide detailed spatial information, which is beneficial for 
mapping and monitoring extensive regions (Radočaj et al., 2020), and eliminates the need for physical 
efforts like traditional ground surveying and sampling, which can harm ecosystems.  
 
AI-integrated agricultural practices that support sustainable soil and food production in the tropics.  
 
Agriculture faces several critical challenges, which include climate change, water scarcity, environmental 
degradation, and dependence on conventional energy sources (Mana et al., 2024). According to Liu, 
(2024), sustainable agriculture is an agricultural practice that permanently meets the essential 
conditions of environmental health, economic viability, and social equity while ensuring long-term 
productivity and resource conservation for future generations.  Recently, a key challenge for the 
agriculture industry has been feeding a rapidly growing population. There is a growing consensus that 
transforming the global food system is essential to ensure safe and nutritious food for all while 
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maintaining ecological balance within the earth’s limits, which is certainly unattainable with 
conventional agricultural practices (Stringer et al., 2020). Moreover, FAO, (2021) reported that the use 
of natural resources in recent days has been highly stressed, as 25 % of all farmland is highly degraded, 
and about 80 % of deforestation is driven by agriculture globally. Thus, about 720–800 million people 
globally are suffering from food insecurity (Mana et al., 2024).  However, Sub-Saharan Africa bears the 
most considerable portion (22 %) annual cost of land degradation in the world, as the world’s most 
serious land degradation has been occurring in the region for the past ten years (Byaro et al., 2023). 
Nearly 70 % of the tropics region’s soil resources are affected by soil erosion and nutrient depletion, and 
40 % of the soils are characterized by low nutrient reserves (Tully et al., 2015), which is attributed to low 
suitability for agricultural production. All the above-mentioned challenges lead to poverty and hunger, 
as SSA is already classified in the "serious category" on the Global Hunger Index (GHI) severity scale 
(Grebmer et al., 2023).  As such, a worldwide agricultural transformation is needed to switch from 
conventional to modern automated approaches. The essence of farming always involves strategies for 
increasing crop production without sacrificing quality. Productive farms exhibit maximum utilization of 
natural resources like soil, water, and air, and allocate natural resources for the future to deal with 
formidable challenges like climate change, labor shortages, urbanization leading to the shrinkage of land 
for farming, poor soil fertility of the available land, declining water resources, etc. (Kusumavathi et al., 
2025). Pandey and Mishra (2024), also opined that accuracy and robustness achieved through the use of 
AI technologies are critical in this farming perspective, as they direct the way for precise use of natural 
resources and ultimately bring about a massive change in the field of agriculture. Various tasks are 
included in agricultural activities, such as crop-relevant decisions, irrigation control, soil health 
assessment, and fertilizer selection. The major key challenges in the agricultural sector are to prepare 
the soil to cultivate, select the crop and seed according to the location, and finally harvest, which is 
becoming increasingly challenging due to climate change (Ennouri et al., 2021). One of the tedious tasks 
in intelligent farming is to determine important parameters for the selection of crops and their 
management. But the application of artificial intelligence in agriculture eliminates the farming scenario, 
thereby increasing crop productivity on a large scale. Henceforth, Artificial Intelligence (AI) is considered 
a game-changer in the field of agriculture.  Every plant requires specific soil nutrients and moisture for 
proper growth and development. Low moisture content within the soil can limit the availability of soil 
nutrients, which results in low crop productivity. Artificial Intelligence-based technological 
recommendations have enabled farmers to produce supplementary output with reduced input, 
especially in irrigation practices, and even improved output quality, ensuring a quick go-to-market for 
yielded crops.  
 
Soil management with the use of AI 
 
An integral part of agricultural activities is soil management, as soil acts as a reservoir of nutrients, 
water, minerals, and diverse microbes. The health and productivity of the "cornerstone of life" or "magic 
carpet" (soil) beneath our feet help us attain the climate and biodiversity targets, build a clean and 
circular economy, reverse biodiversity loss, and protect human health. Balanced applications of both 
organic sources in large quantities and inorganic sources in small quantities are very important for 
sustaining soil health. The application of organic materials like compost and manure improves the soil’s 
quality, porosity, and aggregation, preventing soil crust formation.  Soil-test-based fertility management 
is a valuable tool for building up the productivity of agricultural soils that have extremes in spatial 
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variability. International Business Machines (IBM) created a microfluidic chip inside a card that performs 
chemical analysis of soil and an AI-driven machine vision algorithm that estimates the colorimetric test 
value better than the normal human eye. An artificial neural network (ANN) estimates field capacity and 
soil moisture content (Bhattacharya et al., 2018). An artificial neural network (ANN) model forecasts soil 
texture information using characteristics derived from existing coarse-resolution soil map sand 
hydrographic parameters derived from a digital elevation model (DEM) ( Zhao et al., 2009). Sarkar et al. 
(2021) reported that the soil risk characterization decision support system (SRC-DSS) is useful for 
identifying contaminated soils. The AI technologies can also be useful for estimating biological 
parameters like soil enzyme activity.  One of such is the multiple linear regression (MLR), and a digital 
terrain model (DTM) attached to ANN, effective in mapping soil enzyme activity (Tajik et al., 2011). In 
the north-central lateritic region of Kerala, India (Suchithra et al., 2020) Extreme Learning Machine 
(ELM) technique is useful not only for sorting but also for predicting soil fertility indices and pH levels. 
 
Crop management with the use of AI 
 
Crop management begins with seed sowing and continues with examining growth, harvesting, and 
storage. Physical monitoring of large farms by farmers is highly impossible. Thus, Crop monitoring by AI 
technologies is very much required, thereby reducing human interventions in the consciousness of AI, 
leading to automation would have a big impact on saving water loss in agriculture. Several AI 
technologies have been used by different researchers to prevent water loss and enhance optimum 
utilization in crop fields. An estimation of soil moisture in paddy fields using less meteorological data 
was made possible with two ANN models (Arif et al., 2012).  Arvind et al. (2017) developed a model 
using an Arduino microcontroller and ZigBee technology for analyzing the water requirements of a crop 
planted in a field for its entire lifecycle. Furthermore, an automated irrigation system with an Arduino 
microcontroller for reducing manpower and time spent in the process of irrigation was developed (Jha 
et al., 2019). Dai et al. (2011) developed an ANN model for predicting the response of crops to soil 
moisture and salinity, but considered only soil temperature and texture as factors. A smartphone 
application named Cotton Smart Irrigation App (Cotton App) and IG Droid were developed to schedule 
irrigation in the cotton crop and other crops (Vellidis et al., 2016). Bartlett et al. (2015) developed Water 
Irrigation Scheduling for Efficient Application (WISE), a smartphone application for better use of water 
resources. Perea et al. (2016) implemented a multiplatform application for precision irrigation 
scheduling for the strawberry production sector in 2016, using both PC and Android devices. Bluleaf, a 
smartphone irrigation scheduling tool by Saab et al. (2019) uses crop, soil, weather, and irrigation 
system data to support farmers in the water application process and scheduling irrigations.Even though 
AI has significantly improved precision agriculture, several structural, technical, and social barriers 
hinder its widespread adoption in different environments, especially among smallholder farmers.  These 
barriers can be categorized into four major groups: technological, economic, social, and regulatory 
challenges (Adebayo and Salusi, 2021). Technological barriers are among the most significant.  AI 
technologies require a lot of digital infrastructure, such as access to smartphones, reliable internet 
connectivity, and cloud-based platforms, which might be expensive and out of reach for small-scale 
farmers in rural areas (Eke et al., 2022). 
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Fig. 1. Water inflow and losses, and detection of water stress by sensor. 
Barriers to adopting AI-based soil restoration strategies, particularly among smallholder farmers. 

 
Another technological constraint is the absence of localized datasets for training AI models. Most AI 
models used in agriculture are trained on datasets from Western or Asian contexts, which do not 
accurately reflect the specific agro-climatic conditions of tropical ecosystems (Ojo and Lawal, 2020; 
Oyediji et al., 2024).  AI-based tools and technologies, such as sensors, drones, and AI-enabled mobile 
applications, require substantial investment in hardware, software, and technical support (Adeniran et 
al., 2022). Smallholder farmers, who represent a significant proportion of the agricultural workforce, in 
most developing countries within the tropics operate on small profit margins and may lack the financial 
resources to adopt AI-powered advisory services (Chukwu et al., 2021). In effect, without targeted 
government subsidies, financial incentives, or loan schemes, it is unlikely that smallholder farmers will 
adopt AI-driven advisory tools on a large scale (Adegbite et al., 2023). Additionally, social and cultural 
barriers also play a significant role in hindering AI adoption. Many smallholder farmers perceive AI 
technology as a foreign and complex concept, leading to skepticism regarding its effectiveness (Ibrahim 
et al., 2021). Farmers often have greater trust in traditional and experience-based farming methods, 
especially when AI-generated recommendations contradict long-standing indigenous knowledge 
(Olaniyi, 2021). Agricultural extension officers may also resist the adoption of AI, viewing it as a threat to 
their roles and livelihoods (Bamigboye et al., 2022). Since AI systems are often advertised as "automated 
advisory tools," some extension agents believe they will be replaced by AI-based chatbots and remote 
advisory systems, creating resistance to technology adoption (Olowo et al., 2023). Lastly, regulatory and 
policy barriers present significant challenges. Nigeria does not have a clear legal or policy framework for 
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the use of AI in agriculture, which creates uncertainty for both farmers and private-sector actors 
(Chukwu et al., 2021). 
 
 Conclusion 
 
Food security is a challenge for millions of people worldwide, especially in developing regions, as many 
nations depend on agriculture for food security and economic stability. In recent years, issues of food 
insecurity have intensified due to global increases in population growth, requiring more food production 
than is currently needed. These have led to the intensification of agricultural activity and the cultivation 
of the soil beyond its capacity, thus resulting in soil degradation. To overcome all these challenges, the 
use of modern technology for sustainable farming through efficient resource utilization remains a great 
necessity. Undoubtedly, artificial intelligence, being a revolutionary innovation, brings prosperity to 
agriculture by promoting sustainable agricultural production, environmental preservation, and restoring 
degraded tropical soils. The advanced technologies, such as computer vision, machine learning, and 
predictive analytics, enable precise decision-making in crop management, soil health monitoring, and 
resource optimization. It facilitates smart farming practices by automating labor-intensive tasks, 
decreasing input wastage without compromising quality. AI can provide a cheaper and sustainable 
solution to soil degradation in tropical regions. Thus, AI technologies can be adopted in solving soil 
degradation and food security in the region. 
 
Recommendations 
 
Based on the literature reviewed, the following recommendations are proposed to enhance the 
adoption of AI technologies in the sustainable restoration of tropical soils and food production: 
i. Smallholder farmers should be trained to improve their digital literacy and technical capacity to 

use AI-enabled advisory platforms through on-site demonstrations, workshops, and mobile-
based tutorials. Training initiatives should target farmers with lower education levels to ensure 
inclusivity and wider adoption. 

ii. To address the challenge of limited access to AI tools, subsidies, grants, and financing schemes 
should be introduced to enable farmers to purchase essential AI-enabled devices such as 
smartphones, sensors, and drones. Partnerships with tech companies and financial institutions 
can facilitate access to these tools at lower costs. 

iv. Policymakers should collaborate with telecommunication companies to enhance mobile 
network coverage in rural areas. Investments in broadband infrastructure will support seamless 
connectivity, enabling farmers to receive timely AI-based advisory services. 
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