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Abstract

Agricultural tractors account for a substantial portion of greenhouse gas emissions in the
farming sector, necessitating the development of sustainable machinery solutions. This
study systematically reviews the latest advancements in electrification and smartification
technologies for modern tractors, with a particular focus on algorithmic control strategies
and their applications. Architecturally, the study provides a comparative analysis of
four key configurations, pure electric, series hybrid, parallel hybrid, and series-parallel
hybrid, detailing their respective advantages and challenges in energy efficiency and
operational performance. From an algorithmic perspective, three primary methodologies—
rule-based control strategies, optimization algorithms, and reinforcement learning—are
examined for their applicability in energy management and control systems. The research
further explores the integration of intelligent systems in unmanned farming scenarios,
addressing critical challenges such as adaptive path planning in unstructured environments
and multi-machine collaborative operations. A case study on battery-electric tractors
demonstrates practical advancements in battery technology and energy management
systems. Lifecycle cost analysis confirms the long-term economic viability of electrification,
while outlining a forward-looking technological roadmap for sustainable and intelligent
agricultural machinery.

Keywords: electric tractors; electrification; optimization algorithms; energy management;
unmanned farms

1. Introduction
Contemporary society confronts an unprecedented environmental crisis character-

ized by collapsing ecosystems, intensifying climate instability, and deteriorating living
conditions—consequences directly attributable to unsustainable fossil fuel dependence.
These carbon-intensive energy sources, while historically enabling industrialization, now
drive severe pollution and resource depletion globally [1]. Projections indicating peak
oil production by 2030 underscore the critical need for energy transition [2]. Within this
context, agricultural tractors emerge as significant contributors to sectoral emissions due
to their traditional reliance on fossil fuels [3]. Current policy landscapes further challenge
conventional tractor investments while intensifying environmental pressures.

The agricultural sector’s decarbonization consequently hinges on transforming tractor
technologies [4,5]. Traditional models exhibit critical limitations: excessive energy con-
sumption directly impacts crop health and operator well-being through emissions exposure,
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while requiring a large amount of manual operation [6], which brings a lot of vibration
shock and safety risks [7–10]. These operational and environmental constraints position
modern tractor systems-integrating electrification, sensing technologies, and intelligent
algorithms—as essential solutions for sustainable farming [11,12].

Electrification and smartization present transformative pathways for agricultural
machinery. Battery electric tractors enable strategic synergy with renewable energy in-
frastructure, particularly benefiting regions with abundant wind/solar resources where
facility agriculture development can leverage spatial advantages [13–15]. The technological
evolution in history has demonstrated continuous innovation: Siemens (Siemens, Berlin,
Germany) invented the world’s first electric tractor, which was driven by a monorail and
designed for rotary tillage [16]. However, these tractors were limited by their tracks, re-
stricting their operational range. Following advancements in battery technology in early
years, battery electric tractors powered by batteries began to emerge in Europe, Amer-
ica, and Japan. The Electric Ox series, manufactured by Canada’s battery electric tractor
company (Electric Tractor Company, Canada) [17], featured a rated power range of 4 to
5.8 kW and incorporated an energy system consisting of six lead-acid batteries. These
tractors were equipped with dual motors to drive the wheels and the power take-off (PTO)
shaft, utilizing transmissions, electronic differentials, and other drivetrains, along with
regenerative braking functions for various operations such as mowing and sweeping. As
we entered the 21st century, the rapid development of new energy technologies facilitated
the application of range-extending technology [18], integrated power electronics, and in-
telligent algorithms in agricultural tractors. Tractors equipped with diesel generator set
range extenders emerged, boasting rated power outputs of up to 225 kW, demonstrat-
ing improvements in fuel consumption and operational efficiency compared to similarly
powered tractors utilizing power shift transmissions. Additionally, John Deere’s Gridcon
(Deere & Company, Moline, IL, USA) [19] model tractor eliminated the cab, replacing
the battery pack with power supply cables while incorporating intelligent features such
as navigation, obstacle avoidance, and automated turning. Concept tractors focused on
pure electric and autonomous driving, such as the Kubota X (Kubota Corporation, Osaka,
Japan) [20], have also been introduced, powered by a combination of lithium batteries and
solar panels. These tractors are equipped with GPS, radar, and other systems, allowing for
autonomous movement in the field. With the integration of AI technology, they possess
advanced information processing capabilities, enabling data sharing to adapt to diverse
terrains and manage various crops. The development timeline of typical models of tractors
is presented in Table 1.

Table 1. The agricultural tractor development history table.

Year Name Key Functions and
Technical Features Energy Type Picture

1912 Siemens First
Electric Tractor

Rail-powered, wheeled
structure, driving rotary tiller
operations, power 36.8 kW

Pure Electric
(External Power)

1973
GE Elec-Trak (General

Electric Company,
Schenectady, NY, USA) [21]

Lead-acid battery driven,
permanent magnet DC

motor, power 5.9–11 kW, for
home lawn mowing

Pure Electric
(External Power)
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Table 1. Cont.

Year Name Key Functions and
Technical Features Energy Type Picture

1995 Electric Ox

Lead-acid battery powered,
dual-motor independent

drive (travel + PTO),
supported

regenerative braking

Pure Electric

2017
John Deere SESAM

(Deere & Company, Moline,
IL, USA)

Lithium-ion battery
(130 kWh × 2), pure electric

drive, CVT, 2 h
heavy-load operation

Pure Electric

2022

Dongfanghong HB2204
(First Tractor Company

Limited, Luoyang, Henan,
China) [22]

Series-parallel hybrid,
E-CVT, 85% localization rate Hybrid (Strong Hybrid)

2024
Wantu 2604ET (Wantu
Group, Wuhu, Anhui,

China) [22]

World’s first 260 hp pure
electric model, LFP battery

(7000 cycles), supports
battery swap/supercharging

Pure Electric

The main content of this review is as follows: After a brief introduction in Section 1,
Section 2 will present the basic structure of agricultural tractors. Section 3 reviews and
categorizes the algorithms applied to agricultural tractors in recent years. Section 4 intro-
duces the latest intelligent applications of unmanned farms. Section 5 estimates the life
cost of electric tractors through case analysis in combination with the unmanned farm of
South China Agricultural University. Finally, the article concludes with a forward-looking
perspective on tractors, summarizing their shortcomings and proposing improvements.

2. Classification of Modern Tractor
2.1. Battery Electric Tractor

Electric tractors represent a clean power alternative to traditional internal combustion
engine tractors, with their core system architecture based on the integrated collaboration
of electric drive systems, energy storage systems, and electronic control systems. Typical
battery electric tractors (BET) use rechargeable battery packs as their power source, which
drive electric motors and regulate power output through power electronic devices.

The single-motor drive architecture developed by Gao 2009 [23] utilizes a belt drive
to connect the motor to the transmission, effectively absorbing overload impacts while
meeting rated power demands. However, this configuration does not decouple the power
take-off (PTO) shaft from the drive motor, leading to strong interdependence between tillage
efficiency and vehicle speed, which limits agronomic adaptability. To address this issue,
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Xu 2021 [24] proposed a dual-motor independent drive system that enables decoupled
control of traction and hydraulic power. Zhang 2023 [25] further developed three drive
modes and optimized power coupling parameters (Figure 1), substantially improving
endurance performance. Tong 2023 [26] contributed a theoretical allocation framework that
fills a critical gap in energy management for dual-motor systems. Empirical studies show
that this architecture reduces operational coupling losses by 30% compared to traditional
single-motor systems.

Figure 1. Dual-Motor tractor structure. 1. Traction motor; 2. PTO motor; 3~10. Transmission gear pair
gear; 11. Synchronizer one; 12. Synchronizer two; 13. Power coupling device; 14. PTO; 15. Central
transmission device.

In terms of performance, pure electric systems depend on battery capacity and motor
peak power. Their fast-charging capability and battery-swapping mode [27] support
continuous field operations. Zero-emission characteristics make BETs particularly suitable
for greenhouse environments [28], while their low-torque vibration properties improve
precision seeding uniformity.

However, BET technology still faces considerable challenges: battery range can drop
by up to 40% during heavy-duty operations such as plowing [29], and sustained peak
motor output leads to temperature rise, compelling the system to rely on power coupling
mechanisms to maintain PTO output. As highlighted by Jiangyi H. [30], when loads exceed
motor ratings, hybrid assistance must be triggered to ensure operational continuity. Many
growers express concerns regarding long-term battery performance, safety, weight, and
the potentially high and unpredictable costs of maintaining and replacing batteries as they
degrade. Furthermore, extreme temperatures, humidity, and dust can adversely affect both
battery and motor performance [31].

2.2. Hybrid Tractor
2.2.1. Series Hybrid Tractor

Series hybrid tractors are characterized by the engine driving a generator to produce
electricity while operating within its optimal efficiency range [32]. Vehicle propulsion is
entirely dependent on the electric motor, with the power take-off (PTO) function decoupled
from wheel speed. A major advantage of this configuration is the ability to completely shut
down the diesel engine when entering zero-emission zones. As illustrated in Figure 2, a
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significant portion of the engine power in a series hybrid tractor directly drives the PTO
shaft via the transmission, while the remaining energy is converted into electrical power.
However, this rigid mechanical coupling locks the PTO shaft speed to the engine speed,
significantly limiting adaptability across the operating range. Wang et al. addressed this
limitation by introducing a dedicated motor for the PTO shaft, enabling more flexible speed
control (see Figure 3 [33]).

Figure 2. Series hybrid electric agricultural tractor configuration (S-HEAT) [34].

 

Figure 3. Range-extended battery electric tractor architecture.

Liu 2018 [35] developed a series hybrid tractor equipped with dual hub motors and
implemented a three-stage energy management strategy based on load conditions. During
high-load operations (e.g., plowing or heavy hauling), a dual-source generator-battery
power supply mode is activated. For medium-load tasks (e.g., harvesting or light hauling),
the generator directly powers the system. Under light-load conditions such as transport,
the system operates in pure electric mode. Similarly, the Minsk tractor from Belarus (Minsk
Tractor Works, Minsk, Belarus) [18] features a bidirectional energy storage system. Here, the
generator is physically coupled to the diesel engine to form a generator set, which supplies
all power converters through a DC link. This setup, combined with the electric motor,
functions as an electromechanical continuously variable transmission (ECVT). Energy
management focuses on optimizing power distribution between the generator set and the
battery pack to minimize cost functions such as fuel consumption and emissions, while
complying with dynamic, local, and global constraints [36]. A notable advantage is that
electric drive enables continuous speed regulation independent of the internal combustion
engine, allowing optimization of conversion efficiency in the engine and generator set.
Additionally, minimum state-of-charge (SOC, a measure of the available battery capacity)
windows (e.g., 30–70%) can be established to handle sudden load surges. Defining the
battery’s SOC min and SOC max as critical state variables helps delineate the system’s
operational safety boundaries [37].
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Compared to pure electric tractors, the series architecture considerably extends opera-
tional range through continuous engine-driven power generation and reduces dependence
on battery capacity. However, this is achieved at the expense of increased vehicle size,
making the series hybrid more suitable for medium-to-large agricultural machinery ap-
plications. It is important to emphasize a fundamental distinction between series hybrid
tractors and series hybrid electric vehicles: the latter benefit from brake energy recovery
due to frequent acceleration-deceleration cycles. In contrast, tractors typically operate
under low-speed, high-torque, steady-state conditions (e.g., plowing, rotary tilling), where
opportunities for effective brake energy recovery are limited. As a result, tractors do not
share the energy recovery advantages commonly seen in electric vehicles [38].

2.2.2. Parallel Hybrid Tractor

Unlike series systems, in a parallel hybrid architecture, part of the engine’s power is
used to drive the output shaft, while another portion is coupled with the electric motor
to transmit power to the wheels. Intelligent regulation enables power superposition: the
engine primarily responds to the wheel power demand, while the electric motor acts as
a torque compensation module, dynamically supplementing the engine output. Under
certain operating conditions, the engine and electric motor can also drive the vehicle
independently. The electric drive path fully leverages the motor’s inherent instantaneous
torque capability to meet transient high torque demands, such as those required during
starting. Additionally, the electric motor can operate in reverse as a generator, as illustrated
in Figure 4.

Figure 4. Parallel hybrid power transmission diagram.

The versatility of this architecture is evident across multiple applications. For example,
Zhao et al. successfully integrated an electric motor with a turbocharged engine into a
parallel hybrid tractor [39,40], which not only improved overall performance but also facili-
tated engine downsizing. Similarly, Kim et al. expanded power compensation possibilities
using the same parallel architecture by developing a torque-assist strategy that calculates
real-time electric drive compensation to maintain engine operation within its optimal ef-
ficiency range [41]. Building on this work, Lee 2017 [42] proposed three distinct control
modes for parallel hybrid tractors: idle, power assist, and battery charging. Their system
intelligently switches between these modes based on the relationship between engine speed
and target speed, as well as the battery’s state of charg. Subsequently, Zhu 2022 [43] further
refined the control scheme by incorporating pure electric and regenerative braking modes.
This extended system employs a hydraulic-mechanical continuously variable transmission
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(CVT) to accommodate diverse operating conditions, such as tractor start-up and highway
transport. Another parallel hybrid tractor designed by Deng 2012 [44] (see Figure 5) demon-
strated improved driving force and hill-climbing performance under various conditions
when the engine bore 60% and 40% of the load, respectively. By shifting gears as engine load
increases, total energy consumption was reduced by up to 24% compared to conventional
tractors. Concurrently, Francisco et al. addressed high fuel consumption in large engines
by developing a novel parallel power architecture that combines a small diesel engine
with an electric motor and a simplified electronic drive, delivering 54 kW rated power at
2300 rpm [45].

Figure 5. Diagram of parallel hybrid power transmission with PTO.

Overall, the adoption of a parallel hybrid architecture in agricultural tractors of-
fers significant synergistic benefits: markedly enhanced traction, hill-climbing capability,
and starting performance—particularly advantageous for vehicles requiring high engine
power [38]. These established advantages and validated control strategies provide a solid
foundation for future hybrid machinery development in the demanding field of agricul-
tural engineering [40]. Limitations include restricted engine speed ranges, limited battery
involvement in propulsion, and shallow discharge depths. These factors constrain the
usable battery capacity, making it challenging to meet higher energy output demands [46].

2.2.3. Series-Parallel Hybrid Tractor

The series-parallel configuration effectively integrates the benefits of both series and
parallel powertrains, as exemplified conceptually in Figure 6 by power-split e-CVT sys-
tems [47]. It comprises several key components: a planetary gear set for power splitting,
two coaxial and concentrically arranged electric machines (MG/1 connected to the sun gear
for speed regulation and MG/2 coupled to the ring gear for wheel propulsion), a diesel en-
gine, and three electro-actuated clutches. The operational principle is fundamentally based
on the kinematic relationships of the planetary gear set, where the speed ratio between the
engine and wheels is dynamically controlled by adjusting the rotational speed of MG/1.
This configuration enables power distribution through both mechanical (planet carrier -ring
gear) and electrical (sun gear-MG/1-MG/2) paths. As illustrated in Figure 6, the system
achieves multiple operational advantages including engine operating point optimization,
pure electric driving capability, and power boost functionality through the generator/motor
mode switching of MG/1. The integrated design allows for seamless transitions between
different power flow configurations while maintaining compact packaging suitable for
agricultural tractor applications.
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Figure 6. Series-parallel hybrid power transmission diagram. 1. Sun gear; 2. Ring Gear; 3. Planet
carrier; 4. Planet Gear.

However, the operational demands of industrial and agricultural machinery present
a fundamentally different set of challenges. Vehicles like wheeled front-end loaders and
tractors face persistent extreme conditions: sustained low-speed operation under high
torque, frequent idling periods, and specialized tasks demanding instantaneous power
bursts and energy recovery opportunities (e.g., stationary charging). Standard e-CVT
solutions like THS, optimized for broader automotive use, are not inherently tailored to
excel under these unique and often severe constraints.

This requires the specialized design of robust and efficient architectures for these
demanding environments. Sergio Grammatico [48] developed a novel series-parallel
propulsion architecture for wheeled front-end loaders that prioritizes sustained engine
operation within its peak efficiency range. A comparative analysis with THS shows that
THS not only excels in automotive contexts but also aligns exceptionally well with the
stringent energy management demands of industrial vehicles. This is a key metric for
evaluating the advantages of series-parallel architectures, and it is thanks to Grammatico’s
architecture featuring active mode switching. Similarly, Fereydoon Diba et al. [49] modeled
a parallel-series hybrid system for tractors that can handle various agricultural tasks.
Strategically placing the electric motor between the clutch and transmission enables critical
farm functions, such as braking energy recovery and fixed charging. These functions are
essential for tractor efficiency, yet they are challenging due to structural complexity and
stringent control algorithm requirements [50].

The comparison of tractors of different energy types is presented in Table 2.

Table 2. Technical comparison of modern tractor architectures.

Power Source Key Advantages Main Challenges Typical Applications

Electric Tractor Battery + Single/
Dual Motors

- Zero emissions,
simple structure [51]
- Dual-motor design
decouples traction and
PTO systems [25]

- Limited range [52]
- Poor adaptability
under heavy loads [53]

Short-haul/fixed-site
operations [26]
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Table 2. Cont.

Power Source Key Advantages Main Challenges Typical Applications

Series Hybrid ICE + Generator +
Battery + Motor [34]

- Extended range
(generator support) [54]
- PTO speed
independent of vehicle
speed due to
decoupling [54]
- Optimized ICE
efficiency [54]

- Large battery
size/cost
- Low braking energy
recovery efficiency [55]

Medium/large-scale
continuous

fieldwork [48,55]

Parallel Hybrid ICE + Motor
(parallel coupling)

- Engine-motor torque
assist [39]
- Fuel mode backup [41]
- Up to 24% energy
savings (Deng [44])

- Complex control
algorithms [41]
- Higher fuel
consumption in heavy
tasks [45]

Variable-load scenarios
(transport/

plowing) [48]

Series-Parallel Hybrid ICE + Dual Motors
(planetary gear) [47]

- Optimal power split
for efficiency [48]
- Multi-mode
operation [49]
(electric/mechanical)

- High system
complexity [47]

Complex operations
(e.g., heavy
loaders) [48]

3. Algorithms and Control System
In complex field operating conditions, tractors encounter multiple challenges including

variable soil resistivity and uneven terrain, which result in several core operational issues:
inconsistent plowing depth, significant fluctuations in drive wheel slip rates, reduced
traction efficiency, and compromised path tracking accuracy [56].Conventional control
methods often fail to achieve multi-objective optimization under dynamically changing
tillage conditions, particularly for electric and hybrid tractors that must simultaneously
manage battery energy allocation, power distribution, and operational performance. This
highlights the critical need to implement advanced intelligent control algorithms capable
of precise coordination among key parameters—such as tillage depth, slip rate, traction
force, and travel speed—to enhance both adaptability and operational efficiency in diverse
agricultural environments [57].

As battery electric tractors and hybrid tractors differ in configuration, this difference
leads to distinctions in their control objectives. For Battery electric tractors, the control
strategy often focuses on optimizing battery energy utilization and load demand serving
as foundational elements, while battery protection and energy efficiency remain central
concerns. In contrast, hybrid tractors are employed in scenarios suitable for long-duration,
high-power operations, where a balance between fuel and electricity consumption is es-
sential. This involves the coordinated control of internal combustion engines and electric
motors, placing greater emphasis on optimizing power source coordination. Current re-
search [58] generally categorizes energy management strategies into three major types:
rule-based energy management strategies, optimization-based energy management strate-
gies, and deep learning-based energy management strategies, shown in Figure 7.

3.1. Rule-Based Algorithm

Rule-based algorithms primarily depend on a set of rules and strategies that are
pre-established based on prior studies of vehicle behavior, motion laws, and empirical
experience. The advantage of this algorithm lies in its simplicity, ease of implementation,
and straightforward understanding and debugging.

During its early development and in applications with relatively stable operating con-
ditions (such as constant-depth plowing and transport on flat terrain), rule-based strategies
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relying on simple threshold values were widely adopted due to their straightforward logic
and high reliability, laying the foundation for subsequent research [59].

 

Figure 7. Classification of energy management strategies.

As application requirements grow increasingly complex, rule-based algorithms them-
selves continue to evolve. To achieve comprehensive optimization across multiple per-
formance metrics—such as cost efficiency, traction efficiency, and emissions—rule-based
strategies began evolving toward dynamic adjustments that encompass multiple objectives
and variables. The primary direction of this evolution involves integrating with other con-
trol methods to form more intelligent rule systems, though their core principle of rule-based
decision-making remains unchanged.

Commonly utilized control strategies in fuzzy logic determine the corresponding
torque output of the motor and engine based on parameters such as the battery’s SOC,
accelerator or brake pedal position, torque demand, and vehicle speed, following specific
rules to meet various driving requirements [60]. Wang 2020 [61] utilized three parameters—
throttle, gear, and vehicle speed (plowing depth)—for comprehensive control, It can be
adaptively adjusted according to the work and demonstrates good economic performance
under farm transfer conditions. Fuzzy logic can integrate multiple input parameters and,
according to established rules, generate various fuzzy rules to output the distribution
coefficient of motor torque. Consequently, rule-based control strategies began to evolve
towards dynamic adjustments that encompass multiple objectives and variables.

Building on this evolution towards greater complexity, subsequent research explored
diverse applications of advanced rule-based methods. Xu et al. pioneered the application of
fuzzy control to torque distribution within the electric drive systems of range-extended four-
wheel-drive battery electric tractors, successfully enabling precise wheel slip regulation and
intelligent torque allocation [62]. Jia et al. subsequently shifted focus to the global energy
management perspective, demonstrating through comparisons the inherent energy-saving
potential of optimized strategies over traditional rule-based approaches for range-extended
structures [63]. Research expanded into system dynamics with Huang, who developed an
adaptive fuzzy neural network to regulate compensation torque in real-time for dual-motor
coupled drive systems, thereby enhancing response speed and robustness [64]. Concur-
rently, Ghobadpour tackled the challenge of variable external factors (farm conditions,
weather, driver behavior) by designing a multimodal fuzzy logic controller, effectively
ensuring optimal operation of the battery and range extender while preventing operational
inefficiencies [65]. The scope of fuzzy control further broadened, as another study by
Xu et al. applied it to multi-battery pack hybrid architectures, demonstrating its efficacy
in suppressing battery power fluctuations and boosting system economy [66]. Engine
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optimization also benefited from these techniques, Xu et al. employed a three-output
fuzzy PID controller to select three efficient operating speed points for a series hybrid
tractor–corresponding to power demands of below 25 kW, between 25 and 33 kw, over
33 kw–thereby achieving more targeted optimization of engine efficiency, as depicted in
Figure 8 [67]. Li applied PID control to regulate plowing depth [68]. In response to the
problem of uneven depth adjustment under significant environmental variations during
field operations, which often limits the performance of traditional fuzzy PID control, he in-
tegrated three control strategies. This approach achieved precise plowing depth regulation
while also improving slip rate, thereby effectively compensating for uncertainties in field
conditions [56]. Finally, research continued on core rule-based strategies themselves, ex-
emplified by Jia’s comparative study of Thermostat Control and Power Following Control
(PFC) for tandem tractors, which revealed PFC’s advantages in fuel savings and reduced
emissions (NOx, CO) despite generating more particulate matter [69].

 

Figure 8. Fuzzy rules.

Nevertheless, the overall flexibility of rule-based algorithms—whether in their basic
or optimized forms—remains constrained by their predefined rules. In the contemporary
context focused on optimizing energy consumption and enhancing efficiency, these algo-
rithms struggle to perform fundamental real-time adjustments during operation. This
limitation restricts their application in highly complex, dynamic agricultural environments,
making them more suitable for relatively simple farming scenarios or as benchmarks and
supplements to higher-level optimization algorithms.

3.2. Optimization-Based Algorithm

Rule-based algorithms exhibit inflexible monolithic coupling in hybrid tractor energy
distribution, inherently constraining integrated control. Optimization-based algorithms
overcome these limitations by simultaneously achieving multi-objective optimization while
dynamically responding to complex operating conditions through continuous feedback
adaptation, A typical example is shown in Figure 9.

The evolution of Equivalent Consumption Minimization Strategy exhibits a clear
trajectory from foundational calibration to predictive intelligence. Initial efforts by Hai
Shi Duo et al. focused on redesigning equivalence factors to modulate engine torque,
empowering motors to manage high-frequency load fluctuations [70]. Building on this,
offline genetic algorithm refinement of equivalence factors demonstrated measurable
fuel consumption reductions during rotary tiller operations through optimized power
distribution [71]. The framework subsequently evolved towards dynamic responsiveness
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with real-time equivalence factor adaptation driven by transient operating conditions [70],
culminating in predictive SOC that enabled contextually precise adaptive control [72].

 

Figure 9. Example of optimization-based algorithm.

The parallel advances of diversified optimization methodologies have yielded signifi-
cant progress in tractor energy management. Zhang 2023 [73] established instantaneous
fuel minimization strategies using torque control variables and battery state variables,
through rational control of diesel engine operating states. During rotary tillage and plow-
ing conditions, equivalent fuel consumption was reduced by 4.7–6.3% compared with
traditional power following strategy, while Radrizzani 2024 [74] enhanced ECMS function-
ality through speed-constrained energy management systems. ECMS converts electrical
energy consumption into virtual fuel consumption via equivalent factors, enabling real-
time coordination of torque distribution between the engine and electric motor. This proves
critical for managing sudden high traction resistance during plowing. The algorithm
commands the electric motor to rapidly provide auxiliary torque, preventing the engine
from dropping into inefficient RPM ranges. This stabilizes operational efficiency while
conserving fuel. Both methodologies are fundamentally based on the Equivalent Consump-
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tion Minimization Strategy (ECMS) framework, which unifies fuel and electrical energy
optimization through the core equivalence principle:

Peq(t) = Pf(t) + λ·Pb(t), (1)

where Peq(t) is the equivalent power consumption, Pf(t)represents fuel power (always
positive), Pb(t) denotes bidirectional battery power and λ dynamically balances these
energy domains based on real-time operating conditions.

Model Predictive Control (MPC), an advanced control strategy that utilizes a dynamic
model to predict future system behavior over a finite horizon and optimizes control in-
puts accordingly, is well-suited for agricultural terrain due to its predictive and rolling
optimization capabilities. By integrating field maps or real-time sensors, MPC antici-
pates slope changes ahead [75]. This enables proactive power management: increasing
torque before ascents to maintain power and preparing for energy recovery before de-
scents to maximize efficiency. Further expanding methodological frontiers, MPC leverages
mathematical models for quantitative forecasting by establishing robust energy-physical
model coupling: Curiel-Olivares implemented a four-objective EMS with secondary target
integration (battery degradation/temperature) [34,76], while hierarchical Haar wavelet
decoupling reduced hydrogen consumption [77] and DOU et al.’s frequency-domain torque
allocation suppressed engine oscillation amplitudes [78]. This framework enables multi-
constrained dynamic equilibrium, supporting multidimensional expansions including ant
colony algorithms and PMP (Pontryagin Minimum Principle)-ECMS.

Swarm intelligence’s ability to rapidly locate satisfactory solutions within complex,
multi-parameter spaces Suitable terrain for tractor operation, with Wang optimizing un-
manned tractor paths via a Harmony Search-enhanced Ant Colony method that dynam-
ically adjusts evaporation factors using Sigmoid functions—boosting global exploration
initially while accelerating convergence later [79]. Optimal control theory concurrently
evolved: Zhang et al. applied Pontryagin’s principle to maintain diesel/electric motors
in high-efficiency zones, reducing field operation fuel consumption by 10.44–11.20% [80];
Yang et al. unified instantaneous and equivalent fuel consumption for 6% energy savings
under NEDC cycles [81].

Efficiency-driven innovations proliferated: Cheng 2017 [82] utilized an enhanced Par-
ticle Swarm Optimization (PSO) algorithm to optimize the PID parameters for slip control.
The optimal slip ratio parameters varied significantly across different terrain conditions,
including asphalt with varying moisture levels, wet cobblestone, and snow-covered sur-
faces. The proposed PSO algorithm efficiently identified suitable parameter sets adapted
to specific soil conditions within three seconds, enabling the drive system to achieve max-
imum traction performance, while Li 2024 integrated Variational Mode Decomposition
to determine optimal parameter combinations to determine optimal power allocation be-
tween two motors across different operating conditions (plowing and transport) for peak
efficiency [83]. Xu 2023 later optimized fuzzy PID controllers via Adaptive PSO with cosine-
adjusted particle velocities, avoiding local optima [67]—demonstrating PSO’s versatile
compatibility, evidenced by Zheng 2022 enhancing diesel combustion chambers via neural
network-guided inertia factor adjustment [84]. Complementary developments included
Sun et al.’s wavelet-MOPSO vibration reconstruction [85] and TOPSIS-integrated PSO of
Organic Rankine Cycles [86].

The following sections will discuss and summarize several types of algorithms that
have been extensively researched and applied.
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3.2.1. DP (Dynamic Programming) Algorithm

Dynamic programming (DP) derives globally optimal energy management strategies
for fuel or electricity consumption by breaking down multi-stage decision problems into
Bellman recursive equations. This approach is particularly suitable for tractors operating in
fixed-field environments—such as during rotary tillage or ploughing—where load profiles
exhibit strong cyclical and predictable patterns. Representative duty cycles (e.g., load
variations across a single field pass) can be obtained in advance through measurement or
simulation. Although the method’s strong dependence on a priori information limits its
real-time applicability, this very constraint has motivated hybrid approaches that combine
offline DP with online adaptive strategies. Li et al.’s offline stochastic DP tables combined
with online extremum-seeking local optimization [87], Sheng et al.’s LSTM-powered rolling
horizon current modulation for lithium-supercapacitor systems [88], Zhao’s field-validated
DP-MPC fuel reduction [89], and Zhang et al.’s multi-DOF ECVT torque-distribution break-
through [90] collectively demonstrate DP’s evolution into an offline-enhanced framework
indispensable for MPC or extremum-seeking augmentation.

Therefore, the value of DP lies in its provision of a performance bound. The fuel
economy of any online energy management strategy applied to tractors can be compared
against the solution derived from DP, thereby enabling an objective assessment of the
strategy’s merits.

3.2.2. Genetic Algorithm

Genetic algorithms (GAs) iteratively evolve encoded solution populations through
natural selection, refining approximations generation by generation (Figure 10). Owing
to their strong global search ability and polynomial time complexity, GA is well-suited to
tackling multi-variable, multi-constrained optimization problems in tractor systems—such
as balancing economic and power objectives—which are often challenging for conventional
methods [91,92]. Xie et al. pioneered grouped elite retention [93], dynamically partitioning
populations via Sigmoid adaptation for path planning. Concurrently, Li et al.’s nonlinear
programming hybrid (NLPGA) merged gradient methods with genetic operators, demon-
strating 23% faster convergence and 17% superior solution quality versus conventional
GA—proving particularly potent for series hybrid tractors where engine-speed decoupling
enables operating-point stabilization (9–12% fuel reduction via constant-RPM optimiza-
tion) [91,92,94].

Figure 10. The process of genetic algorithm.

Cross-domain innovations propelled GA sophistication, when Zhou et al. bridged
GA with model predictive control [95], real-time vehicle dynamics (speed/attitude/road
conditions) optimized time-domain parameters, achieving adaptive MPC with 31% faster
response and 0.82◦ tracking accuracy gains; this real-time paradigm subsequently extended
to steering systems—Wang et al. [96] engineered MPGA-enhanced Stanley controllers
reducing tractor path deviation by 37%. Chen et al. then refined navigation through Pareto-
optimal control-point selection compressing planned path area by 28% while boosting
positioning precision [97], while Yang et al. revolutionized load-spectrum extrapolation via
threshold-optimized genetic reconstruction achieving 92.4% accuracy in three-point hitch
traction modeling [98].
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Quantum integration triggered a paradigm shift, Improved Quantum GA [99] lever-
aged quantum rotation gates and catastrophe operators to optimize weight matrices, ac-
celerating convergence by 40% while preserving diversity—outperforming LQR, PSO,
and QGA. Maturation manifested in drivetrain breakthroughs: Transmission optimiza-
tion employing lifecycle speed-utilization models densified gear ratios within operational
ranges [100], while Yang et al.’s NSGA-II implementation conducted multi-objective gear
train optimization using elite-strategy non-dominated sorting, significantly reducing gear-
box mass while enhancing fatigue strength with demonstrably superior outcomes over
empirical methods [101].

Collectively, these advances crystallize GA’s role in conquering discontinuous/nonlinear
challenges through four evolutionary vectors: grouped parallelism (GGABE), nonlinear hy-
bridization, real-time adaptability (MPC/MPGA), and multi-objective refinement (NSGA-II).

3.2.3. Reinforcement Learning Algorithm

Reinforcement Learning (RL) mathematically models environmental interactions
through the Markov Decision Process (MDP) framework (see Figures 11 and 12). In
field operation environments, the fundamental RL mechanism operates as a closed-loop
process: the system constructs state representations based on operational parameters such
as power demand and battery state of charge (SOC). The agent then selects corresponding
engine output actions based on the current state. After action execution, the environment
returns feedback including SOC variation and energy consumption, which is converted
into reward signals through composite metrics incorporating fuel consumption and SOC
constraints. This reward is used to continuously update the control policy, forming a
cyclic optimization process: “State → Action → Environmental Feedback → Reward →
Policy Update” [102]. This theoretical framework demonstrates strong explanatory utility
in agricultural powertrain optimization—Dou Haishi et al.’s team pioneered its validation
by constructing an MDP state-transition model for traction power using operational param-
eters from tillage operations [103]. This methodological paradigm extends to new-energy
vehicles, where fuzzy speed prediction strategies successfully resolve energy allocation
challenges in fuel-cell heavy-duty trucks, demonstrating RL’s cross-domain adaptability
in mobile powertrain systems [104]. Collectively, these studies reveal the core value of
the MDP: its ability to decouple complex operational conditions into discrete decision
sequences in dynamic environments.

At the methodological level, a persistent bifurcation evolves along dual pathways:
model-based RL relies on environmental dynamics modeling (state transition probabili-
ties/reward functions), whereas model-free variants directly optimize policies from interac-
tion data. This divergence fundamentally manifests inherent tradeoffs between prediction
accuracy and computational efficiency—the former offers strategic foresight when dy-
namic knowledge is complete, while the latter exhibits superior robustness under systemic
uncertainties.

Figure 11. Markov decision process (MDP).
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Figure 12. The process of reinforcement learning algorithm [102].

1. Value Function-based

Value-based reinforcement learning focuses on estimating state-action quality through
value functions, with Q-Learning, SARSA, and DQN as primary approaches. While Q-
learning’s model-free nature enables parametric optimization [105], its inherent constraint
of discrete action outputs impedes high-dimensional vehicle control. Foundational work
by [106] pioneered fast Q-learning for hybrid tracked vehicles, optimizing throttle control
to boost fuel economy—establishing efficacy despite discrete limitations. This dual reality
of capability-constraint coexistence prompted iterative refinements: initial adaptations
like reducing action dimensionality to six power options streamlined fuel-line optimiza-
tion [107] yet sacrificed granularity; Han et al.’s double deep Q-learning [108] countered
over-optimistic value projections; parametric Q-learning [109] validated transferable en-
ergy rules. Ultimately, Wang 2024’s preview-enabled controller transcended foundational
limits—suppressing wheel-loader path errors by 25–37.5% (positional) and 27.3–27.8%
(heading) through dynamic state compensation [110], demonstrating domain-specific ob-
servers resolve Q-learning’s core constraints.

2. Policy-based

Policy-based reinforcement learning overcomes the inherent limitations of value-
function intermediation by directly optimizing decision policies, establishing core ad-
vantages in continuous action space applications. As a paradigmatic framework, the
Actor-Critic architecture leverages synergistic mechanisms between policy-generation
networks (Actor) and value-evaluation networks (Critic). This integration preserves the
optimization essence of policy gradients while incorporating value-function guidance,
thereby ensuring dual guarantees of exploration efficiency and policy stability. However,
the framework remains constrained by sampling inefficiencies originating from policy
gradients—manifesting as slow training convergence and policy oscillations in dynamic
environments [111]. This fundamental limitation necessitates multidimensional innova-
tions. Within algorithmic hybridization, the deep integration of multilayer neural networks
with AC architectures constructs closed-loop optimization capabilities for agent behavior
sequences, enabling prior studies [112] to resolve coupling decision challenges intractable
to conventional systems. Xiao 2022’s [113] team subsequently extended this paradigm to
new-energy vehicle management, where the Safety-SAC algorithm innovatively mapped
physical characteristics—charging rates, battery discharge curves, and fuel conversion
efficiencies—into nonlinear reward functions. This approach substantially enhanced op-
erational adaptability for hybrid powertrain control [113]. Concurrently, Elhaki et al.’s
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neural adaptive controller overcame the dual challenges of unmeasurable velocities and
actuator saturation in electric tractors, achieving high-precision torque control through
dynamic identification of system uncertainties [112]. Parallel AGV energy-regulation
research demonstrated the engineering value of Deep Deterministic Policy Gradients, re-
ducing energy consumption by 4.6% via continuous action-space optimization of target
velocities [114], collectively evidencing the framework’s efficacy in strongly nonlinear
mechanical systems.

The proven real-time deployment ability of convergent reinforcement learning agents
significantly reduced computational burdens for onboard controllers, as demonstrated
in [115]. This fundamental capability subsequently enabled transformative architectural
innovations: Lian’s team achieved a notable breakthrough in multi-physical control for
logistic Policy Gradient (DDPG). In their proposed architecture, the Critic network assesses
discrete action values, whereas the Actor network produces continuous commands for
tractor engine power modulation. This hybrid approach enables tractors to adapt to subtle
variations in soil resistance during ploughing operations, achieving smooth power ad-
justment and seamless transitions [116]. Parallel developments included Zhang et al.’s
enhanced DDPG algorithm, which restructured policy-update mechanisms to optimize
gradient utilization while preserving single-step update characteristics, ultimately elevat-
ing dual-motor system efficiency by 5% [117]. Tang’s pioneering work further advanced
the field through a dual-agent architecture enabling parallel training of transmission shift-
ing strategies (managed by a DQL agent) and energy management policies (handled by
a DDPG agent), effectively eliminating the response delays inherent to sequential opti-
mization approaches [118]. These collective breakthroughs, however, revealed critical
vulnerabilities—particularly DDPG’s hypersensitivity to hyperparameters that frequently
trapped optimization processes in local optima—which in turn catalyzed the emergence of
Asynchronous Advantage Actor-Critic algorithms. The latter’s parallel sampling mech-
anisms achieved a 49% reduction in emissions compared to dynamic programming, as
validated through pollution control applications [119].

To resolve slow parameter updates in Policy Gradients, Proximal Policy Optimization
(PPO) employs trust-region clipping and adaptive learning rates. Empirical vehicle effi-
ciency studies demonstrate that coordinated powertrain optimization can yield at least
29% energy savings [120], establishing a foundational efficiency benchmark. This catalyzed
the integration of RL with Model Predictive Control, enhancing vehicular responsiveness
while maintaining fuel economy [121]. Multi-step reinforcement learning refined energy
efficiency via state-action chains [122], while Zhang et al.’s DDQN enabled agricultural
machine optimization [123]. Hybrid energy systems further validated these synergies, at-
taining 4.31% energy reduction in untrained conditions [124]. Collectively, these advances
confirm RL’s dynamic decision-making aptitude, despite persistent challenges in sample
efficiency [125].

Recently, some new RL algorithms have emerged and gradually filled this gap, as
presented in Table 3 below.

Table 3. The recently emerged reinforcement learning algorithms.

Algorithm Core Advantage Typical Application Tractor Adaptability

DreamerV3 [126] Cross-task
zero-shot adaptation Game AI, Robotics Simulation Adaptive terrain navigation

R1-Searcher [127] Dynamic retrieval-
reasoning loop

Real-time QA,
Customer Service

Fault diagnosis
knowledge base

GRPO (Group Relative Policy
Optimization) [128]

Value-function-
free optimization

Math Reasoning,
Code Generation Low-power edge deployment
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Table 3. Cont.

Algorithm Core Advantage Typical Application Tractor Adaptability

HEPi (Heterogeneous
Equivariant Policy) [129] SE(3)-equivariant action space Rigid/Deformable

Object Manipulation Precision implement control

ExpoComm [127,130] Linear-communication-
overhead topology

Large-scale Multi-
Agent Systems Swarm farming coordination

The algorithmic evolution in agricultural tractor energy management progresses
from rigid rule-based methods toward adaptive AI-driven solutions. While conventional
strategies offer operational simplicity, their inflexibility hinders dynamic performance
optimization. Subsequent optimization techniques—including dynamic programming and
genetic algorithms—demonstrate moderate yet consistent fuel efficiency gains through
multi-objective calibration, though constrained by computational intensity. More sig-
nificantly, reinforcement learning frameworks establish a paradigm shift, with hybrid
architectures combining deep learning and model predictive control achieving substantial
energy conservation across diverse field conditions.

Persisting challenges in computational efficiency and safety assurance necessitate
focused innovations: streamlined edge-compatible algorithms to reduce latency, physics-
embedded learning architectures to improve environmental adaptability, and standardized
validation methodologies to bridge simulation-field gaps. These advancements collectively
propel the development of autonomous systems integrating quantum-accelerated opti-
mization with adaptive control, marking a critical transition toward energy-sustainable
agricultural machinery.

4. The Intelligence of Unmanned Farms
A series of intelligent algorithm technologies are key initiatives for achieving smart

agriculture, while unmanned farms represent an important direction for the future transfor-
mation and upgrading of agriculture. They will enable autonomous farming operations by
agricultural machinery, reducing human labor more significantly than the intelligent agri-
cultural machinery previously discussed (two typical work cases are shown in Figure 13).
Agricultural unmanned machines utilize algorithms to achieve functions including agricul-
tural machinery path tracking and planning, multi-machine collaborative communication
control, and self-control in complex environments.

  
(a) (b) 

Figure 13. (a) Automatically accept crops; (b) Operate according to the planned route.

4.1. System Architecture

The architecture of unmanned farms is composed of the foundational layer, decision-
making layer, and application service layer [131]. The primary system components for
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enhancing the efficiency of unmanned farms involve controlling various hardware infras-
tructures from the intelligent decision-making cloud platform and then deploying multiple
agricultural machines for coordinated operations. Automatically proceed to the target
operation area [132], complete the mapping and route planning for the operation area, adap-
tively perform the operation independently or in multi-machine collaboration, transport
crops back to the warehouse, and return to the charging station for recharging. Such static
task assignments (fixed farming sequences) can be roughly divided into operation time
and non-operation time, with non-operation time directly affecting operation efficiency.
Currently, the focus is mainly on improper path planning, high costs of multi-machine
collaborative assignment of operation fleets, and occurrences of uncertain situations [133].

4.2. Multi-Machine Collaboration

In agricultural automation systems, multi-machine collaboration fundamentally relies
on coordinated operations between primary harvesters and auxiliary transport vehicles,
where the auxiliary machines intelligently determine optimal cooperation timing and
positioning by continuously monitoring the main harvester’s operational status, thereby
enabling dynamic adjustment of task sequences through real-time performance prediction.
The theoretical foundation for such systems is established in [134], which specifically ad-
dresses collaborative path planning optimization through shortest-path algorithms in field
conditions while developing an enhanced continuous-time Markov chain model for adap-
tive grain unloading sequence adjustment, providing critical mathematical frameworks
that directly support practical implementations. Building upon these theoretical models,
the study [135] advances the system through a Finite State Machine (FSM)-based coopera-
tive strategy that systematically integrates four operational phases—harvesting, waiting,
unloading, and transferring—leveraging high-precision BeiDou positioning (±1 cm) and
robust 4G/5G communication networks to achieve seamless coordination, with field vali-
dation under standardized conditions (120 m × 60 m test plot) demonstrating the system’s
capability to execute 28 harvesting passes at 0.8 m/s with 1.9 m cutting width while au-
tonomously managing six grain transfer cycles, ultimately achieving 120 min of continuous
unmanned operation at 0.35 hm2/h harvesting efficiency. Further enhancing these techno-
logical achievements, Zhang et al. [136] refine the system’s precision through multi-sensor
fusion, combining RTK-GNSS and IMU data with Kalman filtering algorithms and incor-
porating a Hammerstein model of the steering system to attain sub-centimeter parking
alignment accuracy.

4.3. Path Tracking Control Technology

The automatic navigation system is the core of intelligent tractors for precise operation,
and the path tracking control technology is the core technology of automatic navigation
tractors, directly affecting the quality and efficiency of the operation. Current research
faces challenges such as multi-source disturbance compensation in complex farmland
environments and the improvement of unstructured path tracking accuracy.

Considering that in path planning, to avoid the impact of variable model parameters
on agricultural machinery path tracking, PID methods are often used, employing model-
independent heading deviation and lateral position deviation as feedback corrections
with PD and Bang Bang control algorithms [137]. Further improvements [138] have been
made by adopting the preview tracking dual-PID method, which has reduced the average
absolute error from 5.12 to 2.23 cm (a 56% improvement) and the maximum deviation
from 12.2 to 4.14 cm (a 66% improvement) compared to PD path tracking. Fan et al. [139]
switched to single-neuron PID control on curved road sections. Affected by the smoothness
of the sampling path, Zhang et al.’s path tracking method based on B-spline curve optimiza-
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tion [140] reduces the tracking error by 38% compared to traditional methods in hilly terrain
with curvature changes up to 0.25 m−1, by fitting the path curvature with cubic B-splines.
Subsequently, He et al. [141] further explored the potential for broader applications of
unmanned agricultural machinery in complex and variable curved-edge operations on
irregular farmland, using a third-order full-state feedback controller with lateral deviation,
heading deviation, and heading increment as the state vector. The introduction of the
tire-ground interaction model became a research hotspot, followed by [142] proposing
lateral control compensation, enabling rapid deviation correction and enhanced stability
control in rugged terrain. Path planning has evolved from the traditional pure pursuit
algorithm, which relies on a fixed look-ahead distance, to incorporating complex curve
compensation in dynamics (such as side-slip compensation and B-spline optimization),
significantly enhancing tracking accuracy and anti-interference capability under complex
path conditions.

4.4. Automatic Navigation System

The agricultural machinery autonomous navigation system significantly enhances
positioning and control accuracy in complex environments through the integration of
multiple technologies. He et al. [143] established the coordinate system transformation
relationship and fused data using Kalman filtering to indirectly obtain the central posture of
the rice transplanter, taking the transplanting point as the navigation control point, shifting
the control from the “center of the machine body” to the “working device control,” laying
the foundation for high-precision navigation in complex environments such as paddy
fields. Subsequently [144] he incorporated the agricultural machinery posture (roll/pitch
angle) into the MPC state variables for the first time, suppressing the interference of paddy
field side slip and trajectory deviation in the slippery paddy field environment through
posture correction, promoting the evolution of navigation control from the “ideal road
model” to the “unstructured farmland model.” Hu et al. [145] developed a low rolling path
planning algorithm specifically for the harvesting of ratoon rice, employing the traditional
ant colony algorithm and the 2-opt algorithm to obtain the optimal turning strategy. This
approach transforms the problem of path planning for unloading grain during ratoon
rice harvesting into a vehicle routing problem with capacity constraints, thereby ensuring
the secondary growth of ratoon rice. The measurement of steering wheel angle directly
affects the precision of autonomous driving control and operational effectiveness. Zhang
et al. [146] determined the relationship with the steering wheel angle of the tractor using
an angle sensor and applied a steering wheel angle zero deviation estimation method
based on the least squares principle. He et al. [147] improved dynamic response based
on the nested PID steering control algorithm, with steering angle control error less than
2◦. A tractor steering angle estimation method without front wheel sensors combines
the ARMAX(Autoregressive Moving Average with Extra Input) model with Kalman filter
(KF) and introduces a speed compensation mechanism. Multi-sensor fusion technology,
particularly in enhancing the navigation control accuracy and robustness of autonomous
agricultural machinery, has been widely recognized as the core guarantee for improving
the reliability of autonomous driving systems in complex field environments.

4.5. Commercial Applications (JD Link System)

John Deere’s JD Link system [148] exemplifies a practical commercial application. This
integrated hardware, software, and cloud-service solution features revolutionary real-time
data synchronization across all agricultural machinery (see Figure 14). It utilizes Starlink
dual-mode terminals to ensure transmission rates ≥ 187 Kbps even in remote areas. With
real-time monitoring from over 200 sensor nodes, JD Link enables a predictive mainte-
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nance system leveraging a global fault database encompassing over 15,000 failure modes,
establishing a comprehensive framework for intelligent agricultural machinery’s fully
digital ecosystem. The next-generation system will incorporate an edge computing archi-
tecture deploying lightweight AI models directly on equipment. This advancement means
future tractors will not only transmit data but also perform real-time autonomous decision-
making: instantaneously adjusting spray valves upon weed identification or dynamically
optimizing tillage depth based on soil compaction measurements.

 

Figure 14. View the device intuitively on the map through the device.

4.6. Edge Intelligence and Future Directions

The intelligent of unmanned farms evolves from the basic control of a single agri-
cultural machine (such as straight-line tracking) to the collaborative optimization of mul-
tiple machines, adaptation to complex environments, and then to farm-level intelligent
decision-making, forming a closed loop of “execution to collaboration to adaptation to
decision-making.” This will propel unmanned farms from partial automation towards
comprehensive intelligent development [149].

Despite the rapid advancement of unmanned farm technologies, several critical chal-
lenges impede their widespread commercialization and reliable deployment. A primary
concern is the vulnerability of high-precision GNSS positioning in challenging environ-
ments like dense crop canopies or mountainous terrain, where signal attenuation or block-
age can cause navigation failures, necessitating robust multi-sensor fusion solutions 4.
Furthermore, communication latency and unreliable connectivity in rural areas pose sig-
nificant risks for synchronized multi-agent tasks, such as cooperative harvesting and
transport, where even minor delays can lead to operational failures 5. The limited en-
durance of electric agricultural machinery complicates continuous fleet operations, requir-
ing sophisticated energy-aware scheduling to manage charging cycles without creating
bottlenecks 1. Additionally, the lack of unified data standards and software interoperability
among machinery from different manufacturers creates data silos and hinders seamless
integration into a cohesive farm management system, underscoring the urgent need for
industry-wide adoption of common communication protocols.

5. A Case Analysis of an Electric Smart Tractor
The Fendt e100 Vario electric tractor(AGCO Corporation, Marktoberdorf, Bavaria,

Germany), introduced in 2017 (show in Figure 15), features a 100 kWh, 650 V lithium-ion
battery pack and an electric motor delivering 50 kW rated power with a peak output
of 66 kW and 347 Nm torque. At its rated 50 kW power level, it achieves five hours
of continuous operation. The tractor integrates CCS Type 2 fast-charging technology
supporting up to 22 kW AC or 80 kW DC, enabling a 40 min charge to 80% capacity. A



Agriculture 2025, 15, 1943 22 of 30

collaboration with Blue World Technologies developed a methanol fuel cell range extender
using high-temperature PEM technology to convert liquid methanol into hydrogen. This
system doubled the operational range in laboratory and field tests while retaining diesel-
like rapid refueling capabilities. The design offers three operational modes (ECO for
maximum range, Dynamic for balanced performance, and Dynamic+ for peak output)
alongside sophisticated battery management including seasonal temperature adjustments
(preheating in winter, cooling in summer), user-configurable charging timers, and C-rate
limitations to prevent thermal damage. Its transmission, adapted from the Vario 200 series,
enables continuous traction across 0.02–40 km/h. The large-capacity battery supports
bidirectional energy flow, allowing grid feedback of surplus power and enabling net-zero
carbon operation when charged via on-farm renewable sources like biogas, solar, or wind
energy. Fast-charging compatibility, extended range through methanol technology, adaptive
driving modes, and intelligent thermal management collectively demonstrate this model’s
technical maturity in sustainable agricultural mechanization [150].

 

Figure 15. The Fendt e100 Vario electric tractor.

Experimental validation of total cost of ownership (TCO) was conducted on a 9333 m2

test site configured for double-cropping rice production [151]. This controlled environment
implemented full-cycle autonomous operations—land preparation, sowing, crop protec-
tion, and harvesting—across 32 standardized equipment passes (2 m working width). The
infrastructure utilized precision agriculture technologies, achieving ±2 cm positioning
accuracy through integrated navigation systems. These operational parameters estab-
lished the baseline for quantifying energy consumption patterns across sequential farming
activities [152].

Dynamic cost assessment during four primary operations revealed that sowing re-
quires the lowest operational speed, resulting in extended duration and maximal electricity
consumption. Land preparation activities occurred twice per growing season, integrat-
ing both pre-planting rotary tillage and post-harvest straw management. Conversely,
high-speed crop protection operations (e.g., pesticide application and irrigation) exhibited
substantially reduced electricity requirements due to shorter operational durations.

To evaluate the operational costs of a typical tractor, a cost analysis is performed in
Table 4. For the complete task described, the total electricity consumption is 294.88 kW·h
over 9.72 h. According to relevant standards [153–155], the typical annual operating time
for tractors is assumed to be 1200 h. Using the average electricity price in Guangzhou,
China, of 0.1 USD/kWh [156]—noting that agricultural operations often occur in rural
areas distant from urban centers and may benefit from localized subsidy schemes, poten-
tially further reducing the effective electricity cost—the energy cost is calculated. Table 5
details the approximate investment costs associated with establishing a fully operational
unmanned farm.
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Table 4. Specific information on different types of operation.

Operation Type Speed (km/h) Time (min) Average Annual Frequency (Time) Annual Energy Consumption (kW·h)

Land Preparation 6 45 4 24.10
Sowing 3.5 85 2 40.80

Crop Protection 15 22 5 9.68
Harvesting 4 63 2 34.24

Table 5. Life cycle cost between electric tractor in unmanned farms and 44.1 kw diesel tractor (US $).

Cost Category The Range of 44.1 kw and 58.8 kw Electric Tractor
(in Unmanned Farms) 44.1 kw Diesel Tractor

Energy Consumption 60,000–105,000 304,691.7
Maintenance cost 19,314.4–25,953.0 7518.4

Replacing cost 50,446.1–67,261.5 0
Cost of tractors (including tax) 35,767.4–48,061.0 12,045.7

Insurance 13,144.5–17,662.4 3070.0
residual value 15,018.5–20,180.6 3507.7

Total 163,653.9–243,757.3 323,818.1

It can be seen from the table that although the selling price, insurance, maintenance
and replacement costs of electric tractors are all higher than those of traditional diesel
tractors, even when compared with a 44.1 kw diesel tractor, the total annual energy con-
sumption cost drops by nearly 70%, saving nearly 200,000 USD in annual energy costs [157].
The total cost is only 50–75% of that of diesel tractors. the electric tractor demonstrates
significant advantages in energy expenditure. In the future, as the cost and scale of vehicle
manufacturing expand and drive down other additional costs, the total cost will continue
to decline. Labor costs are also substantially reduced, as operations require only 2–3 tech-
nical personnel and maintenance workers. From an environmental perspective, Proctor’s
research found that the reduction in CO2 emissions from micro electric tractors can reach
86–89% [158]. In conclusion, with anticipated future reductions in electricity costs and
iterative upgrades in smart technologies leading to further declines in fixed costs, electric
tractors present a highly suitable solution for large-scale farm adoption and exhibit strong
competitive potential in the market.

6. Conclusions
This study provides a systematic review of the current progress in the electrification

and intelligentization of agricultural machinery, with a focus on power management
strategies ranging from pure electric and hybrid architectures to advanced algorithms
such as deep reinforcement learning and model predictive control. Through an integrated
analysis of electric motors, power take-off (PTO) systems, battery management systems, and
holistic control strategies, this article summarizes the notable improvements achieved by
existing technologies in fuel efficiency, operational stability, and algorithmic responsiveness.
Based on this analysis, a projected technology roadmap for the coming years is outlined in
Table 6.

Despite promising advances, the transition from laboratory research to large-scale
industrial application still faces considerable challenges. Although electric and hybrid
systems have demonstrated superior energy efficiency, reduced emissions, and improved
maintainability—particularly in low-speed, high-torque, and precision task scenarios—
their widespread adoption is hindered by limitations in battery energy density, insufficient
driving range, and unsatisfactory economic performance under high-power conditions. In
the domain of energy management, advanced control strategies such as ECMS, MPC, and
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deep reinforcement learning show strong potential in simulation environments for optimiz-
ing power split and enhancing dynamic response. However, their real-world applicability
is constrained by high computational demands, reliance on accurate pre-existing models,
and a lack of sufficient field validation. Furthermore, while recent modeling efforts have
improved the characterization of complex dynamics such as soil-implement interactions
and terrain variations, most models are still developed under controlled laboratory condi-
tions or small-scale trials. The absence of long-term, multi-regional, and cross-seasonal data
impedes the development of accurate and adaptive machine-implement-soil coordination
strategies. At the system level, although unmanned operations and swarm robotics open
new avenues for intelligent farming, issues related to sensor robustness in harsh envi-
ronments, communication reliability, and interoperability with conventional machinery
remain unresolved.

Table 6. Future technology roadmap.

Phase Timeframe Technical Focus Application Scenarios Policy/Industry
Recommendations

Short-term 2025–2030 High-energy LFP batteries;
hybrid EMS (rule + optimization)

Protected horticulture,
orchards;
light-load operations

Purchase subsidies;
energy/range standards;

Mid-term 2030–2035

Solid-state and hydrogen fuel cells;
tractor–implement–soil
coordination; edge–cloud
decision-making

Hybrid tractors
mainstream;
wider use of pure
electric;
regional unmanned
farm pilots

Agricultural big data
platforms;
interdisciplinary R&D;
green supply chains

Long-term Beyond 2035 AI-driven autonomous operation;
closed-loop energy ecosystem

Tractors as
Ag-IoT nodes;
integrated energy–
information flows

Build an integrated
Agricultural IoT ecosystem;
renewable energy–
microgrid integration

Moving forward, the evolution of agricultural machinery will depend on advances
in multi-energy integration (e.g., solid-state batteries and hydrogen fuel cells), modular
powertrain design, lightweight and embedded algorithm implementation, big-data-driven
dynamic modeling, and reliable low-power agricultural IoT networks. These develop-
ments are essential to achieve integrated and autonomous farm-level management systems,
supporting the transition toward greener, more efficient, and intelligently autonomous
agricultural machinery.
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