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Abstract

Specialty crop production is labor-intensive. Rising labor costs and uncertainty regarding labor availability 
are threatening the financial viability of many agricultural producers in the United States. In response, 
stakeholders are searching for alternatives to labor-intensive production systems, thus driving technological 
innovation. This article aims to review current technological developments at the forefront of specialty crop 
production. We specifically review recent literature in the past decade to highlight trends in technology 
advancement based on the category and functionality of the technology and discuss the economic impact 
and limitations of these technologies.
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1. Introduction

The 2004 Farm Bill defines specialty crops as “fruits and vegetables, tree nuts, dried fruits, horticulture, 
and nursery crops (including floriculture)” (USDA-AMS, n.d.). The U.S. specialty crop industry, with a 
total market value of $84.2 billion in 2017, accounted for 15.5% of U.S. agricultural production by value 
(USDA-NASS, 2022). Nationwide, more than 242 000 farms contribute to the production of fruits, vegetables, 
nuts or nursery crops. California is the leading specialty crop producer by value, with state receipts of fruits 
and nuts approximately $19 billion in 2022, followed by Washington, with approximately $3 billion, and 
Florida, with approximately $1 billion (USDA-ERS, 2022). Notably, the supply of nuts has experienced the 
most significant growth, with production more than doubling from 2.61 pounds to 5.78 pounds per capita 
from 2000 to 2020 (USDA-ERS, 2020).

The specialty crop sector is particularly labor-intensive as it requires substantial manual labor from planting to 
harvest (Castillo et al., 2021; Guan et al., 2015; Roka and Guan, 2018). It is reported that at least 20–25% of 
vegetable production and 40-45% of fruit production in the U.S. is dependent on hand harvesting during the 
late 90s (Sarig et al., 2000). Despite advancements in technology, much of today’s specialty crop production 
still depends heavily on manual labor for tasks such as picking, sorting, and packaging (Astill et al., 2020). 
Labor costs make up a significant portion of production expenses. On average, labor costs account for 38% 
of production expenses for fruit and tree nut farms and 29% for vegetable and melon farms (Calvin et al., 
2022). A notable example is Florida strawberry production, where labor costs account for nearly 40% of 
total operating expenses (Guan et al., 2020).

Hand harvesting of specialty crops has become increasingly more costly due to a shrinking agricultural labor 
force in the U.S. (Gongal et al., 2015). The declining trend in the agricultural labor force can be attributed to 
various factors, such as the aging workforce in agriculture, availability of alternative jobs in non-agricultural 
sectors, and tightening immigration policy. As a result, there has been a substantial increase in farm labor 
costs. According to USDA reports, farm wages have seen a 16% annual increase from 2000 to 2019, which 
is in stark contrast to the 5% increase in nonfarm wage rates over the same period (Calvin et al., 2022).

Given these challenges, the U.S. agriculture industry has found itself increasingly reliant on foreign-born 
workers to fill the gap (Guan et al., 2015). According to the National Agricultural Workers Survey (NAWS), 
the majority (70%) of the agricultural labor force is foreign-born, and 44% of those interviewed in 2019-2020 
were unauthorized (U.S. Department of Labor, 2022). However, relying heavily on a migrant workforce 
poses challenges for the long-term sustainability of the industry due to the uncertainty caused by changes 
in immigration policy. Changes in immigration policy can disrupt the availability of foreign-born workers, 
leading to labor shortages, and thus affect the production of specialty crops (Huang et al., 2024).

These labor challenges are threatening the livelihood of specialty crop producers, but also driving technological 
innovation (Charlton et al., 2019). In response, the USDA has made significant investments in automation 
and precision agriculture, including funding research and partnerships to develop mechanical and “smart” 
technologies for harvesting and crop management (Astill et al., 2020). Driven by these efforts, agricultural 
production is undergoing a transformative shift towards greater mechanization and precision. This includes 
advancements in many parts of the production system including tractors, sprayers, conveyers, platforms, 
mechanical harvesters for cultivation, weeding, transportation, and harvesting. Processing fruits and vegetables 
benefited significantly from such developments. For example, mechanization transformed the California 
processing tomato industry in the 1960s (Calvin et al., 2022). Truck shakers are another successful R&D 
innovation widely adopted in fruit and nut production, with recent advances in sensing and machine vision 
further enhancing automation efficiency (Whitney, 2018; Zhang et al., 2021; Homayouni, 2021).

This paper aims to systematically review the latest advancements in automated robotics, remote sensing, and 
machine learning systems, and their transformative impact on the specialty crop industry. These categories 
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were selected due to their critical role in addressing key challenges within the sector, such as labor shortages 
and the demand for precision agriculture. Robotics addresses labor-intensive tasks such as harvesting, remote 
sensing provides real-time monitoring of crop health and environmental factors, and machine learning systems 
enable the analysis of vast amounts of data, improving decision-making.

Previous literature has typically focused on one of these three technologies. Bac et al. (2014) and Defterli 
et al. (2016) reviewed robotics in fruit farming, concluding that while robotic harvesters show promise, they 
currently lack the dexterity, perception, and speed of human workers. Gongal et al. (2015) and Jafarbiglu and 
Pourreza (2022) explored the role of sensors in fruit detection and nut crop monitoring. Machine learning 
applications, as reviewed by Isingizwe and Opara (2020), Sharma et al. (2021) and Sahu et al. (2022), 
emphasize the use of predictive models and defect detection methods in fruit and vegetable systems, while 
also addressing implementation challenges.

This paper summarizes these three technologies — robotics, remote sensing, and machine learning — into a 
comprehensive review across fruit, vegetable, and nut crop farming, identifying research gaps, and providing 
insights to guide future research efforts. Specifically, the focus will be on exploring technologies like unmanned 
aviation vehicles used for targeted spraying, automated robotics deployed for tasks such as harvesting and 
pruning, and the use of satellite-based remote sensing for efficient crop management. These technologies 
play an instrumental role in the evolution of precision agriculture, which capitalizes on interpreted data to 
make data-driven management decisions, thereby enhancing productivity and labor efficiency. We categorize 
these technologies as: robotics, remote sensing, and machine learning systems. We focus on the technologies 
developed for crop harvesting, pest and disease control, yield prediction, nutrition, and water management 
in fruit, vegetable, and tree nut production, and discuss how these advancements improve efficiency and 
precision in farm operations. We further discuss their potential economic impact, current adoption levels, 
and roadblocks for the successful implementation of these technologies.

2. Materials and methods

This article follows the PRISMA systematic review framework, as outlined by Liberati et al. (2009), which 
involves three key phases: identification, screening, and eligibility. We also perform a keyword co-occurrence 
analysis in the screening process to map current research areas and uncover gaps in the existing literature.

2.1 Identification

To gain a comprehensive understanding of the advancements in the domain of specialty crop management, 
this paper conducted a systematic review of journal articles published in English-language journals since 
2012. Research articles were sourced from reputable academic databases, namely Web of Science and 
Scopus. Google Scholar is also used for performing manual searching for full-text articles. The search 
strategy employed a combination of keywords that are listed in Table 1.

Table 1. Search query.
Database Keywords used

Scopus (“AI” OR “Artificial Intelligence” OR “machine learning” OR “deep learning” OR “automation” 
OR “robotics” OR “remote sensing” OR “remote sensor” OR “precision agriculture” OR 
“innovation”) AND (“specialty crop*”)

Web of Science (“AI” OR “Artificial Intelligence” OR “machine learning” OR “deep learning” OR “automation” 
OR “robotics” OR “remote sensing” OR “remote sensor” OR “precision agriculture” OR 
“innovation”) AND (“specialty crop*”)
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2.2 Screening and keyword co-occurrence analysis

After removing duplicates from the initial search, 107 papers were retained for keyword co-occurrence network 
analysis using the ‘bibliometrix’ package in R. This method identifies the strength of association between 
keywords based on how frequently they appear together within the same document, revealing patterns of 
research focus. Figure 1 offers a visualization of the top 35 co-occurring keywords, with terms standardized 
to avoid duplication (e.g., “robots” changed to “robotics”). The Fruchterman-Reingold algorithm was used to 
generate the network map, grouping keywords into three distinct clusters based on the frequency and strength 
of their connections. Tightly connected keywords form clusters representing areas of intense research activity.

The first cluster reveals a significant interrelation with keywords such as “fruit,” “robotics,” “machinery,” 
“automation,” and “harvesting.” This correlation aligns with the understanding that harvesting represents 
one of pressing needs that can be improved by automated systems. Further, stemming from “harvesting”, two 
words stand out that are “wages” and “efficiency”. These relationships reveal that studies have focused on 
their development recognizing the influence from rising wages and how automated systems could improve 
efficiency in specialty crop production. Consequently, this paper reviews a significant portion of innovations 
that can substantially alleviate the labor demands in the process of harvesting.

The second cluster demonstrates a frequent co-occurrence with terms like “machine learning,” “forestry,” 
“calibration,” “sensor,” and “control systems,” etc. A notable insight from this cluster is the regular association 
of these technologies with the keyword “cost-effective.” This suggests a prevailing theme that technological 
interventions in precision agriculture are not only enhancing accuracy but are also cost-efficient.

The final cluster centered around “crops” include “agriculture, “ “orchards,” “precision agriculture”, 
“citrus, “ “United States,” etc. This indicates a concentration of academic studies in precision technologies, 
particularly in the context of orchard production in the United States. Many studies that are included in this 
review targeted remote sensing in orchard production.

Figure 1. Keyword co-occurrence network analysis.
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These clusters guide the structure of this review, highlighting three key themes: robotics focused on improving 
harvesting efficiency, sensing technologies and machine learning systems that enhance precision agriculture, 
and a crop-specific focus on fruit, orchard, and citrus production. This network analysis not only identified 
key research areas but also provided insights into existing research gaps, which are discussed further in the 
review’s later sections.

2.3 Eligibility

After a careful filtering process, a subset of 52 studies were selected to offer a detailed exposition of the 
latest trends and developments in robotics, remote sensing, and machine learning systems in specialty crop 
management. The screening process is depicted in Figure 2. In the screening step, only English-language 
journal articles were retained for full-text analysis. Next, in the eligibility step, we excluded 15 more 
publications that do not focus on the development or application of robotics, remote sensing, or machine 
learning systems. The majority of these articles examined the economic feasibility and adoption of available 
technologies, which is a topic we return to later when discussing in the economic impact and challenges of 
mechanization and automation in Section 4.

3. Results and discussion

We analyze the subset of 52 articles, categorizing each by its technological function and the specific crop(s) 
it targets. Our exploration begins with innovations in robotics, emphasizing the technological advancements 
in automation that tackle labor-intensive tasks, such as harvesting and weed control. This area highlights 
how automation is set to revolutionize efficiency and precision in farm operations. We then transition to the 
rapidly advancing field of remote sensing research, which plays a crucial role in monitoring and managing 
crop health, water status, and nutrition from a distance. These advancements are instrumental in enhancing 
sustainable farming practices by providing detailed insights into crop conditions without the need for physical 
presence. Finally, we turn our attention to machine learning systems. This segment underscores the integration 
of machine learning algorithms in decision-making processes, illustrating the transformative potential these 
technologies hold for the future of agriculture.

Figure 2. Flow diagram. Source: PRISMA 2009 flow diagram.
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Table 2. Articles on robotics in specialty crop production.
Function Crop References

Harvesting Apple, strawberry Silwal et al. (2017); Yu et al. (2020)
Cherry tomato Feng et al. (2018)

Harvest-aid Strawberry, grape Anjom et al. (2018); Anjom and Vougioukas (2019); 
Seyyedhasani et al. (2020); Peng et al. (2022)

Weed control Carrot, snap beans Dammer (2016); Su et al. (2019)
Tomato, lettuce Raja et al. (2020a); Raja et al. (2020b)

Disease detection Strawberry, grape Menendez-Aponte et al. (2019); Oberti et al. (2014)
Pruning and thinning Apple, peach Lyons et al. (2015); Medeiros et al. (2017); Hussain 

et al. (2022)
Infrastructure maintenance Hops Gobor et al. (2013)

3.1 Robotics

Robotics can be categorized by their designed functions: harvesting, harvest-aid, weed control, disease 
detection, etc. Currently, there are semi-autonomous and autonomous robots on the market for specialty crop 
production. Seventeen studies on robotics for specialty crop production published in the recent decade are 
summarized in Table 2, categorized by the main functionality and the crop they are designed for.

Harvesting, such as picking, is typically the most labor-intensive task in fresh produce production. Therefore, 
there have been numerous studies on automation in harvesting fresh fruits and vegetables. The main task of 
harvesting robotics is to pick mature fruit without causing significant damage (Yu et al., 2020). Automation 
of these fruit-picking robots mainly involves three components: recognition, picking, and moving (Kitamura 
and Oka, 2005).

Yu et al. (2020) proposed a ridge-planting strawberry harvesting robot that used a fruit pose estimator 
called Rotated YOLO (R-YOLO), significantly improving the localization precision of the picking points. 
The model improved the efficiency of strawberry recognition by using a faster and more lightweight 
image analysis tool, enabling the system to recognize strawberries with a success rate of 94.43%. Silwal 
et al. (2017) presented apple robotic harvesters guided by machine vision algorithms, enhancing precision 
during the picking process. Feng et al. (2018) introduced a robotic harvesting system for cherry tomatoes 
that consists of three parts: a railroad vehicle, a visual unit and an end-effector that can hold and separate. 
These advancements in robotics and automation aim to reduce labor demands, increase harvesting speed, 
and ensure higher consistency in product quality.

In addition to the fully autonomous harvesters, harvesting-aid robots have also been studied and developed 
to increase workers’ efficiency. Designs often target reducing the transportation time of fully packed trays 
from workers during harvest. These harvest-aid robots have been applied to strawberry and table grape 
production (Peng et al., 2022; Seyyedhasani et al., 2020b). Seyyedhasani et al. (2020a) conducted simulations 
of harvest-aid robots in strawberry production and found work efficiency during morning and afternoon shifts 
increased from 81.8% and 78.2% to 92% and 86.5%, respectively. Anjom et al. (2018) formulated a linear 
mixed model to forecast the picking time during strawberry harvesting. Subsequently, mechanistic models 
were designed and integrated into the scheduling process for harvest-aid robots to optimize their use in the 
field, ensuring more efficient harvesting operations (Anjom et al., 2019).

Automation of weed control mainly involves two components: detection and control (Raja et al., 2019). 
Detection requires differentiating between the crop and weed, which often involves computer vision techniques 
(Raja al., 2020). Classification algorithms are then designed and incorporated for weeding robots (Su et al., 
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2019). The control mechanism involves mechanical removal or chemical control of weeds. Some examples 
include tilling and cutting (McCool et al., 2018; Pérez-Ruiz et al., 2012; Raja et al., 2020), and precision 
spraying (Dammer, 2016; Raja et al., 2020).

Automated disease detection systems can improve scouting efficiency. Menendez-Aponte et al., (2019) 
tested a strawberry field robot under different terrain settings to improve scouting efficiency. Oberti et al. 
(2014) advanced the automated detection sensitivity of powdery mildew on grapevine leaves. Other robots 
are designed for grape vine (Botterill et al., 2017) and apple tree pruning (Medeiros et al., 2017), thinning 
(Lyons et al., 2015; Hussain et al., 2022), and supporting trellis structures (Gobor et al., 2013).

3.2 Remote sensing

Two main platforms that employ sensing devices to conduct remote information acquisition are examined: 
aircraft systems and satellites (Jafarbiglu and Pourreza, 2022). Eighteen studies on remote sensing for 
specialty crop production published in the recent decade are summarized in Table 3. These technologies are 
frequently used in nut and citrus production for monitoring water status, scouting for pests and diseases, 
phenotyping, yield predictions, and a variety of other purposes.

Aircraft systems include unmanned aerial systems (UAS) and manned aircraft systems. Camino et al. (2018) 
examined the use of high-resolution thermal imagery acquired by manned aircraft in orchard management. 
The research evaluated how variations in plant health indicators, such as chlorophyll levels and water stress, 
change within the tree canopy of an almond orchard under different irrigation conditions. However, most 
aerial mapping has been overtaken by UAS over manned aircrafts in recent studies.

A UAS is an aircraft that is remotely controlled by a pilot or has the capability of flying autonomously. 
Compared to manned aircraft, it has many advantages including the capability of flying lower to ground, 
utilizing incident light sensors for image calibration, and generating canopy height models (Hunt and Daughtry, 
2018). Additionally, the relative costs of UAS are lower (Keating et al., 2022). Gonzalez-Dugo et al. (2012) 
used UAS to obtain high-resolution imagery for monitoring the relationship between intra-crown temperature 
variability with water stress severity in almond trees. In another study of almond farming, Zhao et al. (2017) 
utilized high-resolution imagery obtained from UAS to predict Stem Water Potential (SWP) in different 
growing stages. The system was also used to monitor water status in a pistachio farm (Gonzalez-Dugo et al., 
2015). López-Granados et al. (2019) and Chen et al. (2019) employed UAS to monitor almond flowering 

Table 3. Articles on remote sensing in specialty crop production.
Subcategory Function Crop References

Aircraft  
System 
(Unmanned/ 
Manned)

Water status Almond, pistachio González-Dugo et al. (2012); González-
Dugo et al. (2015); Zhao et al. (2017); 
Camino et al. (2018)

Floral phenology Almond, pistachio López-Granados et al. (2019); Chen et al. 
(2019)

Disease detection Citrus, tomato, 
watermelon

Sankaran et al. (2013); Abdulridha et al. 
(2019); Abdulridha et al., (2020)
Kalischuk et al. (2019) 

Nutrient management Citrus, grape Osco et al. (2019); Moghimi et al. (2020)
Satellite Water status Almond, pistachio Cheng et al. (2014); Bellvert et al. (2018)

Floral phenology Almond Chen et al. (2019)
Yield prediction Almond Zhang et al. (2019)
Disease detection Citrus H. Li et al. (2014); X. Li et al. (2015)
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status. UAS have been used for disease detection such as Huanglongbing (citrus greening) (Sankaran et al., 
2013), citrus canker disease (Abdulridha et al., 2019), and tomato spot diseases (Abdulridha et al., 2020). 
UAS can be also used to assess disease severity and improvements in watermelon production (Kalischuk 
et al., 2019). UAS have been used to aid in precision nutrient management in citrus (Osco et al., 2019) and 
table grape production (Moghimi et al., 2020).

Satellite remote sensing has increased with the advancement of satellites and imagery processing technologies. 
Satellites have the advantage of mapping a vast area in a cost-efficient way, but image quality is highly 
dependent on the atmospheric conditions (Chen et al., 2019). Image processing techniques as well as machine 
learning algorithms are often combined with satellite remote sensing to detect water status in nut crops 
(Bellvert et al., 2018; Cheng et al., 2014), and measure floral phenology (Chen et al., 2019). Zhang et al. 
(2019) used satellite remote sensing to obtain information about orchard growth and weather conditions. 
These data were combined with machine learning techniques to predict almond yields. Satellite imaging 
has been effective in disease detection as it can quickly detect infected trees across a large area. Multiple 
studies (H. Li et al., 2014; X. Li et al., 2015) have utilized satellite-acquired aerial multispectral images to 
detect HLB (citrus greening).

3.3 Machine learning systems

Machine learning systems are often incorporated in the design of robotic and remote sensing technologies 
for navigation and recognition. These systems consist of more advanced machine learning methods, such as 
artificial neural networks (ANN) (Kurtulmus et al., 2014), convolutional neural networks (CNN) (Marzougui 
et al., 2020; Partel et al., 2019; M. Zhang et al., 2020), classification and regression trees (CART) (Zheng 
et al., 2009), and partial least squares regression (PLS-R) (Herrmann et al., 2020). Each of these methods is 
suited to specific tasks, integrating both quantitative data analysis (e.g., yield prediction) and image detection 
(e.g., characteristic identification), providing versatile solutions for agricultural applications. Artificial neural 
networks are often utilized for recognizing patterns. Convolutional neural networks are specialized for 
image recognition by analyzing visual data in layers. Classification and regression trees make predictions 
or classifications, which is ideal for decision-making tasks. Partial least squares regression is a statistical 
method that handles highly complex datasets by identifying key relationships between variables, often used 
to predict crop traits and yields. These deep learning systems have the capability of providing solutions from 
handling quantitative and qualitative data simultaneously (Pantazi et al., 2016).

Nineteen studies on machine learning systems for specialty crop production published in the recent decade 
are summarized in Table 4, categorized by the main functionality and the crop they are designed for.

Recent machine learning advancements in fruit and vegetable production have resulted in new techniques 
to improve measurement precision, speed, along with overall yield. Huang et al. (2020) proposed a Fuzzy 
Mask R-CNN model for automatic identification of ripeness levels of cherry tomatoes. The model used a 
method to detect the edges of the tomatoes and analyzed their color to predict ripeness, achieving a detection 
accuracy of 98% with high precision. Similarly, a multi-task cascaded convolutional network-based method 
was used for intelligent fruit detection to improve detector performance and demonstrating excellent accuracy 
and time-cost performance (L. Zhang et al., 2019). Machine learning systems are used to detect and classify 
strawberries by their shapes (Feldmann et al., 2020).

An intelligent hybrid experimental-based deep learning algorithm using a combination of CNN, ANN, 
and other techniques was developed for tomato-sorting controllers. The hybrid CNN-ANN-based control 
algorithm produced a theoretical classification performance of 100% for all classes, demonstrating potential 
for improving the classification accuracy of similar fruit and vegetable sorting machines (Haggag et al., 
2019). Convolutional networks were employed for hyper-spectral image segmentation to detect and predict 
bruising in blueberries (Ni et al., 2022; M. Zhang et al., 2020). An average precision of 98% was achieved 
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for the berry detection model, highlighting the method’s accuracy (Ni et al., 2022). These machine learning 
algorithms are often coupled with uniform illumination for automatic sorting and grading apples and other 
fruits (Lu and Lu, n.d.).

Additional classification applications include using machine learning models to detect water-stressed crops. 
Kumar et al. (2020) applied neural network and Random Forest (RF) to classify water-stressed lettuce. 
Pantelidakis et al. (2022) measured the water stress index of pistachio trees by identifying sunlit leaves 
using convolutional neural networks.

Accurate yield prediction is important in precision crop management. Kurtulmus et al. (2014) applied the 
ANN classification system to detect immature peach fruits and predict yield. Zhang et al. (2019) applied 
the stochastic gradient boosting model to predict early-season and mid-season yields for almond nutrient 
management. Ampatzidis et al. (2020) applied a cloud and machine learning based application Agroview 
to evaluate and classify characteristics of citrus trees. Maskey et al. (2019) forecasted strawberry yields 
under different weather conditions using a machine learning technique, specifically the single layer neural 
network. Boatswain Jacques et al. (2021) designed a vision-based yield monitor to count and map shallots 
during the harvesting process.

Another important application of machine learning in specialty crop production is scouting and disease 
detection. Partel et al. (2019) developed a deep learning based CNN for monitoring Asian citrus psyllid 
(ACP), which helped automate scouting procedures in citrus production. Choi et al. (2015) estimated citrus 
fruit count based on machine vision and image processing algorithms to predict fruit drops due to citrus 
greening. Kurtulmus et al. (2011) applied ANN to detect and count green citrus fruits on tree. CNN is utilized 
for measuring the severity of powdery mildew in grape production (Qiu et al., 2022). This system combines 
the use of a high-resolution camera and machine learning model to process over one thousand samples per 
day with high accuracy. Li et al. (2017) used Linear Discriminant Analysis (LDA) to detect codling moth 
(CM) infestation in apples. LDA is another example of a machine learning classification technique. Other 
machine learning models, such as the generalized linear model with elastic net regularization, were used to 
classify root rot resistance in lentil plants (Marzougui et al., 2020).

Table 4. Articles on machine learning systems in specialty crop production.
Function Crop References

Fruit recognition Tomato Huang et al. (2020)
Apple L. Zhang et al. (2019);
Strawberry Feldmann et al. (2020)

Sorting Tomato Haggag et al. (2019)
Blueberry M. Zhang et al. (2020); Ni et al. (2022)

Yield prediction Almond Zhang et al. (2019)
Peach Kurtulmus et al. (2014)
Citrus Ampatzidis et al. (2020)
Strawberry Maskey et al. (2019)
Shallot Boatswain Jacques et al. (2021)

Water status Lettuce Kumar et al. (2021)
Pistachio Pantelidakis et al. (2022)

Disease detection Citrus Choi et al. (2013); Partel et al. (2019)
Grape Qiu et al. (2022)
Apple M. Li et al. (2018)
Lentil Marzougui et al. (2020)

Environment control Tomato Hu and You (2023)
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Finally, Hu and You (2023) presented an machine learning-based control framework for energy management 
in protected structures. This novel framework predicts indoor climate and crop states, optimizing input needs 
such as irrigation and fertilization. The system was demonstrated in tomato production, achieving an average 
production cost reduction of 46%.

4. Economic impact and challenges

Many studies have evaluated the economic impact of mechanization and automation in production, but the 
results vary widely. Using citrus as an example, studies of mechanical harvesting have shown that a lack 
of profitability could explain the low adoption of harvesting equipment in Florida orange production. Iwai 
et al. (2009) estimated that the net present value (NPV) difference of mechanically and manually harvested 
Florida oranges was 0.36%. NPV is a measure of profitability adjusting for factors such as inflation. Later, 
Searcy et al., (2012) estimated a 17% increase of net returns from mechanically harvesting Florida oranges. 
In terms of efficiency of mechanical harvesting, Moseley et al., (2012) found that, in terms of annual yield, 
there were no statistically significant differences between oranges harvested mechanically and those harvested 
manually. This suggests that mechanical harvesting can match the productivity levels of human labor in 
certain contexts.

Moreover, the economic impact is dependent on factors such as the size of the production site. Gallardo and 
Brady (2015) found that larger apple operations and growers of patented apple cultivars were more likely 
to use labor-enhancing technologies. Matese et al. (2015) conducted a feasibility study on remote sensing 
platforms for viticulture. The research indicates that for small-scale agricultural operations, specifically those 
under five hectares (approximately 12 acres), the adoption of UAS platforms presents a more cost-effective 
solution compared to their larger counterparts. This heightened profitability is attributed to the lower operational 
and equipment costs of UAS, which are particularly well-suited to the precision requirements and financial 
constraints of smaller acreages. In contrast, larger farms, with their expansive fields, derive greater economic 
benefits from utilizing manned aircraft and satellites. These traditional methods offer broader coverage and 
are more efficient in surveying and managing extensive agricultural lands, despite higher operational costs.

In addition, advancements in mechanization and automation will not only result in improvement of production 
efficiency, but also will facilitate the transition of farm workers from physical to skill-based roles, requiring 
new competencies to operate advanced systems. In fact, findings from the National Agricultural Workers 
Survey indicate that this transformation has already begun. The report found that 41% of farmworkers were 
primarily performing harvest tasks during the period of 1989 to 1991. This fell to 21% in 2019 to 2020 
(U.S. Department of Labor, 2022). Technical tasks including operating farm equipment had replaced hand 
labor, becoming the primary job of farmworkers. It is also interesting to note the wage differences reported 
by the National Agricultural Workers Survey. For nonsupervisory farm occupations, equipment operators 
receive the highest hourly pay at $15.36, whereas graders and sorters receive a lower hourly pay around 
$14.09. This finding may suggest that mechanization has increased labor productivity and thus improved the 
wages of technically skilled farmworkers, which aligns with the theory of skill-biased technological change 
(SBTC) (Battisti et al., 2022). As mechanization enhances overall productivity, it elevates the demand for 
skilled labor. This underscores that technological progress not only transforms agricultural practices but also 
incentivizes the workforce to acquire and develop technical skills, leading to structural changes in labor 
demand and wage dynamics within the agricultural sector.

The adoption and real applications of these advanced technologies, however, are limited and face significant 
hurdles. Studies by Bac et al. (2014) and Defterli et al. (2016) highlight that, although commercially available 
robotic harvesters show potential, they currently fall short in replicating the perception, dexterity, and speed 
of human workers at a competitive cost. Another significant limitation has been identified in the deployment 
of agricultural robots; most are currently designed to operate exclusively within controlled environments, 
such as greenhouses or farms with specially designed infrastructure (Defterli et al., 2016). For example, to 
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work in open field production of strawberries, automated harvesters require precision bed shaping to establish 
the basis for navigation for subsequent operations (Defterli et al., 2016). Also, autonomous robots need to 
be designed to accommodate uneven or rough terrain, as well as sandy or wet surfaces in an open setting 
(Defterli et al., 2016). Moreover, the planning of orchard and tree structure also impacts the performance 
of machinery. Wright (2005) conducted a break-even analysis of overhead mechanical harvesters for cherry 
producers and found that it would be difficult for Michigan growers to profitably incorporate shaker-harvest 
machinery, as it could lead to tree damage such as that seen in citrus.

While machine learning systems are increasingly applied to fruit recognition and disease detection, their 
integration with production operations — such as harvesting, sorting, and crop condition forecasting — remains 
limited. One of the key challenges is that many current models are crop-specific and struggle to generalize 
across diverse farming environments and crop types (Isingizwe and Opara, 2020; Sharma et al., 2021). 
Moreover, the data infrastructure needed to train AI models is often lacking in specialty crop farming, which 
depends on smaller datasets that vary by region and crop. This contrasts with row crops, where standardized 
practices make data collection more straightforward (Caplan et al., 2014). Collaboration between growers, 
researchers, and technology developers is essential to create data-sharing frameworks that facilitate model 
training and performance improvement. More importantly, the operation and handling of these technologies 
need to be user-friendly for daily operations and maintenance (Defterli et al., 2016).

Finally, the high fixed costs associated with purchasing and integrating new technologies serve as a significant 
barrier to entry for many producers, particularly those running smaller-scale operations. This financial 
challenge contributes to the trend of larger agricultural operations and the exit of smaller ones. Making 
these technologies more accessible through financial support or incentives could encourage wider adoption. 
Recognizing these roadblocks, USDA-NIFA has prioritized investments in specialty crops — where private 
sector underinvestment is more common — by promoting automation and mechanization through programs 
such as the Agriculture Advanced Research and Development Authority (Astill et al., 2020). Policymakers 
could further support adoption by offering subsidies, tax credits, or grants to offset costs or by prioritizing 
public funding for field trials to develop practical, scalable platforms. Overcoming these challenges and 
improving efficiency for field production remain top priorities for researchers.

5. Going forward

Technological advancements will undoubtedly play a crucial role in the economic sustainability of the 
specialty crop industry, offering solutions to critical challenges such as reduced labor availability and rising 
input costs. These technological advancements could efficiently decrease labor hours required for production 
and marketing, shaping the future of agriculture into a data-driven, autonomous industry that connects 
intelligent systems (Lezoche et al., 2020).

This article examines recent technological advancements in the specialty crop industry, focusing on innovations 
in robotics, remote sensing, and machine learning systems, highlighting their potential and discussing 
challenges that need to be addressed to facilitate widespread adoption. Through the process, several notable 
research gaps are identified to guide future research.

First, due to the diversity of specialty crops, variations in cultivation and management require tailored 
technological solutions. While most research focuses on high-value crops such as tomatoes, strawberries 
and citrus fruits, other specialty crops — such as leafy greens, floriculture, and ornamental crops — are 
often overlooked despite their need for labor-intensive tasks like pruning and harvesting. Developing flexible 
adjustments should be considered to accommodate the variability in crop production.

Current studies often explore these technologies in isolation, with limited efforts integrating robotics, remote 
sensing, and data-based decision-making systems with specialty crop production. Ensuring compatibility 
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among different systems is vital for increasing efficiency. For instance, harvesting and scouting robotics, 
remote sensing, and machine learning systems need to be integrated to enhance collaboration. However, it 
is important to note that many system developers may attempt to monopolize their technology by making it 
incompatible with other systems (Choi, 1994; Mariñoso, 2003). This practice can hinder integration efforts 
and limit the potential for technological integration in agriculture.

Few economic studies in the current literature explicitly address the distributional effects of technology 
adoption in specialty crops. Most research has focused on productivity gains and overcoming adoption 
barriers — such as high costs and labor shortages — while paying less attention to how these technologies 
reshape income distribution, labor dynamics, and farm structures. Schmitz and Seckler’s (1970) study of the 
mechanical tomato harvester illustrates such social consequences of mechanization, where gains in efficiency 
came at the cost of worker displacement. In the AI era, these concerns become even more urgent, as smart 
technologies require minimal human interaction, raising important questions about how to balance efficiency 
with social impact, especially in sectors characterized by high labor demands and small-scale operations. 
The accelerating development and adoption of AI technologies underscore the need for forward-looking 
policymaking to address the social and political implications.

Throughout our economic history, the pursuit of productive efficiency has consistently driven technological 
advancement. While these advancements offer numerous benefits, they can also lead to challenges, such as 
short-term job losses. However, such transitions also pave the way for the development of a more skilled and 
specialized workforce in the long term. In this context, continued dialogue among stakeholders, policymakers, 
researchers, and the broader public is essential. This collaborative effort is vital for balancing the benefits 
of technological progress with the preservation of human values, ensuring that technological development 
proceeds ethically and supports sustainable and inclusive growth.
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