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Abstract

To enhance the fuel economy and operational adaptability of hybrid tractors under variable
plowing loads, this paper proposes a slip-ratio-aware equivalent consumption minimiza-
tion strategy (ECMS) calibrated via dynamic programming (DP). A resistance-slip ratio
prediction model was first identified using plowing resistance and slip ratio data collected
from soil-bin tests. The predicted slip ratio was integrated into the demand power model
to quantify slip-induced traction losses. Offline DP was subsequently applied to generate
globally optimized power split trajectories and establish a baseline equivalence-factor map
indexed by plowing resistance level and battery state of charge (SOC). For real-time oper-
ation, the equivalence factor is dynamically adjusted via SOC feedback and normalized
slip ratio deviation, enabling coordinated power distribution among the engine, MG1, and
MG2. Powertrain bench tests were conducted by reproducing variable plowing loads using
a dynamometer. The equivalent plowing resistance was calculated from measured load
torque, and the corresponding slip ratio was estimated using the identified prediction
model. Compared with A-ECMS, the proposed strategy reduced equivalent fuel consump-
tion by 14.02% in simulation and 7.33% in bench tests. The proportion of engine operation
in the high-efficiency region increased from 61% to 80% in simulation and from 65% to 77%
in the bench test, while the corresponding proportion for the electric motors increased from
87% to 92% and from 88% to 90%, respectively. The SOC deviation decreased from 3.03%
to 2.26% in simulation and from 3.07% to 2.43% in the bench test. These results demon-
strate that the proposed strategy improves fuel economy, SOC regulation, and component
operating efficiency under variable plowing loads.

Keywords: hybrid electric tractor; energy management; slip ratio; equivalent consumption
minimization strategy; dynamic programming; fuel economy

1. Introduction

Hybrid electric tractors integrate the high energy density of diesel engines with the
rapid torque response and flexible power regulation of electric machines, offering a practical
solution to improve fuel economy and operational adaptability in heavy-duty agricultural sce-
narios. Extensive research has been conducted on hybrid powertrain configurations, energy
management strategies, and intelligent control techniques; however, achieving coordinated
energy allocation under highly variable field loads remains a critical challenge [1,2].

Powertrain configuration and energy management strategies collectively determine
the energy-saving performance of hybrid tractors. Coupled-split and distributed hybrid
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architectures have been developed to enhance power flow coordination and traction perfor-
mance [3,4], and systematic configuration design methodologies have also been explored [5].
Optimization-based strategies, such as those built on Pontryagin’s minimum principle
and model predictive control (MPC), can effectively improve power allocation accuracy
and SOC regulation capability [6,7]. Load prediction and dynamic programming have
further been introduced to enhance strategy adaptability and provide globally optimized
benchmarks [8,9], while DP-MPC and fast DP methods improve the transferability and
computational efficiency of global optimization results [10,11].

For real-time control applications, the equivalent consumption minimization strat-
egy (ECMS) has been widely adopted because of its relatively low computational burden.
Its performance, however, is strongly influenced by the selection of the equivalence fac-
tor. Fuzzy PI control and adaptive updating methods have therefore been introduced to
adjust the equivalence factor according to SOC and operating conditions [12,13]. Super-
visory control frameworks and operating-state constraints have also been incorporated
into energy management to improve real-time adaptability [14,15]. For hybrid tractors,
working-condition adaptation and global optimization of the equivalence factor have been
shown to improve fuel economy and SOC regulation [16,17], while ECMS-based hybrid
powertrain applications have further demonstrated the engineering potential of this type
of strategy [18]. These studies provide an effective basis for real-time power allocation, but
the optimization is mainly performed within the powertrain, with the traction demand
generally treated as an external input.

Traction conditions during plowing provide another important source of information
for tractor control. Radrizzani et al. [19] coordinated energy management with vehicle-
speed control and demonstrated the benefit of considering the interaction between power-
train operation and tractor motion. At the wheel-control level, de Melo et al. [20] applied
wheel-slip control to improve tractive efficiency and reduce energy consumption. Wang
et al. [21] further developed a switching control method based on vehicle speed and slip
ratio for plowing operation, while Baek et al. [22] investigated the relationship between
slip and tractive efficiency for an electric tractor with independently driven wheels. These
studies confirm the importance of traction state and slip ratio to tractor energy efficiency.
However, traction information is primarily used for speed regulation, wheel-torque con-
trol, or slip control, whereas its role in the upper-level power-split decision of a hybrid
powertrain has received comparatively less attention.

Against this background, the contribution of the present study does not lie in the individ-
ual use of DP, ECMS, or SOC-based equivalence-factor adaptation. Instead, a traction-state
representation is incorporated into the upper-level energy management process of a series—
parallel hybrid tractor under variable plowing loads. First, a resistance—slip ratio relationship
identified from soil-bin measurements is used to estimate the traction state, and the associated
traction loss is incorporated into the demand-power formulation. Second, offline DP is used
to establish a resistance-level-SOC baseline equivalence-factor map, thereby introducing
load-dependent information into the baseline calibration. Third, during online operation,
the estimated slip state provides an additional correction to the baseline equivalence factor,
while SOC feedback maintains battery charge balance. In this way, the DP-calibrated baseline
and the slip-state correction perform distinct functions within the same ECMS framework,
linking traction-state information with upper-level power-split optimization.

2. Materials and Methods
2.1. Hybrid Tractor System Configuration

The transmission system of the studied hybrid tractor consists of a front planetary
gear set (K1), a rear planetary gear set (K2), a high-low range gearbox, a final drive gear set,
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a differential, and wheel-end reduction gears. The ring gear of K1 is fixed, so K1 operates as
a fixed-axis planetary gear train, while K2 serves as the primary power-coupling planetary
gear set. The powertrain comprises three power sources: a diesel engine, electric machine
MG]1, and traction motor MG2. MGI1 typically operates in idle or generating mode; under
specific operating conditions or when engine output alone cannot meet load demand, MG1
can switch to motoring mode to provide auxiliary propulsion power [23].

During operation, the engine and MGI1 are coaxially coupled, and their combined
power is transmitted to the sun gear of K2. The power output by MG2 is delivered to the
sun gear of K1, then transmitted from the carrier of K1 to the ring gear of K2. The two
power paths are coupled within K2 and subsequently transferred to the output shaft. This
configuration enables both power splitting and power merging. Furthermore, owing to
the two-degree-of-freedom characteristic of K2, MG2 can regulate engine speed indepen-
dently of tractor travel speed, thereby realizing electric continuously variable transmission
(ECVT) functionality.

The transmission system incorporates four clutches and two brakes: engine clutch
C1, power take-off clutch C2, low-range clutch C3, high-range clutch C4, and brakes B1
and B2. Clutches C3 and C4 are used to select and maintain the low- and high-range
transmission modes, while Bl and B2 constrain the corresponding planetary gear members
to enable different powertrain operating modes. The powertrain configuration is illustrated
in Figure 1. The key specifications of the powertrain components are listed in Table 1.
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Figure 1. System configuration of the hybrid electric tractor.

Table 1. Main specifications of the hybrid tractor powertrain.

Component Parameter Value
Rated Power 90 kW
Diesel Engine Rated Speed 2200 r-min~!
Maximum Torque 520 N-m
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Table 1. Cont.

Component Parameter Value
Rated Power 55 kW
MG1 Rated Speed 4000 r-min—!
Maximum Torque 131 N-m
Rated Power 70 kW
MG2 Rated Speed 2400 r-min~!
Maximum Torque 280 N-m

2.2. Powertrain Component Modelling
2.2.1. Diesel Engine Model

Given that this study focuses on power allocation at the powertrain level, the detailed
combustion and heat transfer processes of the diesel engine are simplified. A quasi-static
lookup table model is established based on engine bench test data [24], which describes
the relationship among engine speed, engine torque, and brake-specific fuel consump-
tion (BSFC) and enables rapid fuel consumption calculation during energy management
optimization. The BSFC is expressed as a function of engine speed and torque:

beng(t) = f(neng(t)/ Teng(t)) 1)

Here, beng(t) denotes the engine fuel consumption rate at time t, measured in g/kw-h;
Neng (t) represents the engine output speed at time t, measured in r/min; T,q(t) is the
engine output torque at time t, measured in N-m; and f(-) denotes the lookup-table
mapping between engine speed, engine torque, and brake-specific fuel consumption.

The relationship between engine output power and rotational speed/torque satisfies:

Neng () Teng (¢
Pung 1) = "8 T 0 @
The engine performance map established via the lookup table method is shown in

Figure 2.
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Figure 2. Map of engine.
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2.2.2. Electric Motor Model

For motor modelling, complex internal electromagnetic coupling processes, such as
stator excitation and rotor electromagnetic induction, are simplified. The modelling focus
is placed on describing the external characteristic relationships among rotational speed,
torque, and efficiency [25]. Using motor bench test data, an interpolation modelling ap-
proach is adopted to derive the relationship between motor efficiency, rotational speed, and
torque. This approach ensures model accuracy while reducing computational complexity.
The motor efficiency characteristic maps are presented in Figure 3.
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Figure 3. Map of Motor: (a) map of MG1; (b) map of MG2.

The relationship between motor efficiency and rotational speed—torque is expressed as:

Nimot = f(nmot/ Tmot) 3)

Here, 7,0+ represents the motor overall efficiency, measured in %; 11,0t is the actual mo-
tor rotational speed, measured in r/min; T};o; denotes the motor output torque, measured
in N-m.

Motor output power is a coupled function of rotational speed and torque, calculated as:

P = 555 @

Here, Pyt denotes the effective motor output power, measured in kW.

To unify bidirectional power symbols for motors, it is stipulated that mechanical
power at the motor shaft end Py, > 0 indicates motor driving (outputting mechanical
power to the transmission system), while Pyg, <0 indicates motor generating (absorbing
mechanical power from the transmission system).

Concurrently, to characterize bidirectional electromechanical energy conversion and
facilitate battery power calculations, the shaft-end mechanical power Py, must be con-
verted to electrical power P, ; on the DC bus side. Let #546; € (0, 1) denote the efficiency of
the i-th motor at its current operating point. The electrical power is then defined as

Pyi(k) = {

Puci(k)
o ()7 Pyigi(k) >0

Pumgi(k)-1mai(k), Pumci(k) <0

)
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Here, k denotes the discrete sampling time step, P, ; represents the electrical power
of motor i, measured in kW; Pys; is the mechanical power at the shaft end of motor i,
measured in kW; #,16; denotes the efficiency of motor i at the current operating point.
The combined electrical power of both motors is:

Pyy(k) = Py (k) + Pe (k) (6)

The combined electrical power P,; characterizes the direction and magnitude of energy
flow at the motor side. Within the power battery model, it is further converted into
battery-end power by incorporating charge/discharge efficiency to update the state of
charge (SOC).

2.2.3. Power Battery Model

The core of the power battery model is to quantify dynamic changes in SOC and
power output boundaries, to support power allocation decisions in the energy management
strategy. This study adopts a first-order equivalent internal resistance model, which
represents the power battery as an ideal voltage source connected in series with an internal
resistor [26]. A schematic of the equivalent internal resistance model is shown in Figure 4.

Ve U,

O

Figure 4. Equivalent internal resistance model of the power battery.

SOC updates are based on Coulomb’s law, comprehensively considering charge/
discharge current and Coulombic efficiency #.. The calculation formula is:

_ e Ip(t)-At

SOC(t -+ Af) = SOC(t) ~ Sy =
a

)
Here, SOC(t) represents the SOC value at time t; SOC(t + At) is the SOC value at time
t+ At; I, (t) is the charge/discharge current, A; 7. is the coulombic efficiency; At represents
the sampling interval; and Cp,; is the rated capacity of the battery, Ah.
In this study, the voltage characteristics of the power battery are determined based on
Ohm’s law. The maximum output power Py, of the power battery can be derived from
the product of output voltage and current:

Uply, (Vo — IRo)I,

P = =
bmax = 1000 1000 ®
The power boundary satisfies:

Pb,min < Phat(t) < Pbat,max (9)
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Here, U, represents the power battery output voltage, measured in V; Vj is the power
battery terminal voltage, measured in V; Ry is the power battery internal resistance, mea-
sured in (); and Py 5« is the maximum discharge power, measured in kW.

2.3. Transmission System Kinematic Model

The ECVT coupling unit of the hybrid-parallel tractor described herein comprises
a front planetary train K1 and a rear planetary train K2 arranged in series. The drive
motor MG2 inputs to the sun gear of K1, with K1’s ring gear fixed in position; the K1
carrier is rigidly connected to the K2 ring gear. The engine is coaxially coupled with
MGT and drives the sun gear of K2. The K2 planet carrier functions as the transmission
mechanism driving the output shaft. This configuration enables decoupled power splitting
and merging between engine speed and vehicle speed.
The rotational speed constraints for the i-th planetary gear train (i = 1 denotes K1,
i = 2 denotes K2) within the dual planetary gear trains can be uniformly expressed by the
Willis equation:
nyi +kingg = (14 k;)ng (10)

Here, n,; represents the sun gear rotational speed of the i-th planetary train, measured
in r/min; n,; is the ring gear rotational speed of the i-th planetary train, measured in r/min;
n.; is the carrier rotational speed of the i-th planetary train, measured in r/min; and k; is
the characteristic parameter of the i-th planetary train.

Combining the structural connection constraints (fixed K1 ring gear, rigid connection
between K1 carrier and K2 ring gear, MG2 — K1 sun gear, engine/MG1 — K2 sun gear,
K2 carrier — output shaft), the intermediate shaft speed can be eliminated to derive the
relationship between the equivalent transmission ratio of the dual planetary gear train and

the output shaft speed:
o — (1+k1)neng +kanmca
dro = (14K ) (1+ky) (11)
i Meng (I+k1) (1+k2) neng
P8 Ngro (1+k1)l’lmg+k2nMcz
Here, n¢,,4 represents the engine output speed, r/min; n4,, is the transmission mecha-
nism drive output shaft speed, r/min; 11,15, is the drive motor 2 output speed, r/min; and
ki and k; are the characteristic parameters of the two planetary gear trains.
For an ideal planetary train, neglecting inertia and tooth flank friction effects, its inter-
nal meshing forces satisfy torque equilibrium and geometric constraints. The corresponding

torque distribution relationship can be expressed as:
TsiITriITCi=1:kl’:—(1+ki)(i=1,2) (12)

Here, T;; represents the sun gear torque, measured in N-m; T,; is the ring gear torque,
measured in N-m; and T; denotes the carrier torque, measured in N-m.

For the coupled split configuration of this dual planetary gearset, the torque trans-
mission and coupling relationships for key shaft systems are derived as follows (all shaft
speeds and torque directions are defined as positive in the output shaft drive direction).
When the ring gear of K1 is fixed, the torque Ty applied by MG2 to the K1 sun gear is
amplified at the carrier end via the planetary gear train and serves as the input torque T},
to the K2 ring gear (accounting for planetary gear train transmission efficiency 7¢p):

T2 = 11pg (1 +k2) Ty (13)

Here, T,, represents the input torque to rear planetary train ring gear K2, measured in
N-m; Tyii2 is the output torque of drive motor 2, measured in N-m; and 7,¢ denotes the
planetary gear train torque transmission efficiency.

https:/ /doi.org/10.3390/agriculture16182000
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The engine is coaxially coupled to the input of sun gear K2, with its equivalent sun
gear input torque being Teng + Tp1g1- From Equation (13) for K2 (i = 2), the drive torque of
the output shaft (planetary carrier) is obtained as:

Tdr'u = (1 + kl) (Teng + TMGl) (14)

Here, T, represents the transmission mechanism drive output shaft torque, measured
in N-m; T,y is the engine output torque, measured in N-m; and T);g1 denotes the motor
1 output torque, measured in N-m.

The ring gear input torque of K2 simultaneously satisfies, on one hand, the input from
K1 via Equation (15); on the other hand, the internal torque distribution within K2 (as
given by Tyo = ki (Teng + Trmg1)) for i = 2 in Equation (13)). This yields the torque matching
constraint under dual planetary gearset coupling:

ki(Teng + Tpct) = Ugb(l +k2)Tmc2 (15)

Equation (15) explicitly defines the coupling relationship between MG2 torque and
the combined engine/MGT1 torque that must be satisfied within the dual planetary gear
ECVT. Substituting (15) into (14) yields the equivalent expression for output shaft torque in

terms of MG2: .
+

Tiro = Tlﬂgb(l +k2)Tmca (16)
Equations (13)—(16) collectively constitute the core torque relationships of the dual-
planetary ECVT: K1 amplifies MG2 torque via the planetary carrier before transmitting
it to the K2 ring gear. K2 then couples the torque from the sun gear side (engine/MG1)
with that from the ring gear side (originating from K1) according to their characteristic
parameters and outputs the combined torque to the planetary carrier. This architecture

achieves power splitting and continuously variable speed regulation.

2.4. Plowing Operation Dynamics and Slip Modelling
2.4.1. Plowing Resistance Model

During plowing operations, the driving force output by the tractor’s drive wheels
must balance the overall travel resistance and plowing resistance. The force equilibrium
relationship in longitudinal dynamics may be described as:

Fot =Fp+H+FE+E+F (17)

Here, F, represents the plowing resistance, measured in N; F; is the rolling resistance,
measured in N; F; denotes the grade resistance, measured in N; F; denotes the air resistance,
measured in N; and F. is the acceleration resistance, measured in N.

The magnitude of plowing resistance is jointly determined by plough configura-
tion and soil properties. Considering the number of ploughshares, the working width
per ploughshare, actual plowing depth, and soil specific resistance, the calculation
relationship is:

Fy = Z-by-hyk (18)

Here, Z represents the number of ploughshares fitted to the plowing unit, measured
in units; b; is the working width per ploughshare, measured in cm; /; is the actual working
depth, measured in cm; and k is the soil specific resistance, measured in N/ cm?.
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2.4.2. Soil-Bin Test Bench and Data Acquisition

The soil-bin tests used to acquire the plowing-resistance and slip-ratio data were
conducted in 2025 using an indoor soil-bin test rig at the College of Engineering, Nanjing
Agricultural University (Nanjing, Jiangsu, China). To accurately characterize energy losses
due to slippage during plowing operations at the energy management level, this study
conducted real-time data acquisition tests under plowing conditions using an indoor
soil trench test rig system. The test rig setup and measurement interface are shown
in Figure 5.

Host computer

Plowshare

Figure 5. Soil-bin test bench device.

Before each test, the vertical load applied to the dual-wheel drive unit was adjusted to
12-15 kN using the loading mechanism. This ensured sufficient tire deformation and stable
tire-soil contact, thereby improving the reliability of slip-ratio measurements. The plowing
depth was set to 15 cm for all tests.

During the tests, the drive motor of the dual-wheel unit rotated the tires, while multiple
operating signals were acquired synchronously through the measurement system. An OES-
IT optical velocity sensor was mounted on the test-frame structure, with its probe positioned
500 mm above the soil surface, to measure the actual ground speed v. A ZH07 torque—speed
sensor installed on the drive half-shaft measured the rotational speed of the driving wheels.
The longitudinal traction resistance was recorded using a tension-compression load cell
installed in the traction mechanism.

All signals were synchronously sampled at intervals of 0.1 s. The tests were performed
at travel speeds ranging from 4 to 10 km/h, and the automatic constant-speed mode of
the soil-bin trolley was used to maintain stable operation. Each operating condition was
continuously recorded for 80 s and repeated three times to reduce the influence of random
disturbances.

Figure 6 shows the measured variations in travel speed and plowing resistance, and
Figure 7 shows the corresponding slip-ratio trajectory.
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2.4.3. Plowing Resistance Level Classification

Plowing resistance reflects variations in soil properties, working depth, operating
speed, and implement load and is therefore used as the operating-condition input for
equivalence-factor calibration. Previous studies have shown that tillage draft varies
markedly with soil mechanical properties, tillage depth, travel speed, and implement
configuration [27,28]. Therefore, no universal numerical boundaries can be assigned to
low-, medium-, and high-resistance plowing conditions. The resistance levels defined in
this study are control-oriented, data-driven categories specific to the tested tractor-plow
configuration and measured plowing cycle.

Before clustering, the raw resistance data were smoothed using a moving-average
filter, abnormal samples were removed using the 3¢ criterion, and the retained data were
standardized using the Z-score method. K-means clustering was then performed using
Euclidean distance. To reduce the influence of random initialization, each clustering
scheme was repeated 30 times, and the solution with the minimum within-cluster sum
of squares was retained. The number of clusters was evaluated over K = 2-6 using the
mean silhouette coefficient. K = 3 provided the best balance between cluster separation
and control-oriented interpretability, allowing the measured resistance distribution to be
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represented by low-, medium-, and high-resistance states without unnecessarily increasing
the size of the subsequent resistance-level-SOC calibration map.

The three cluster centers were 31.923, 34.189, and 36.528 kIN. The midpoints between
adjacent cluster centers were used as the classification thresholds, giving T; = 33.06 kN
and T, = 35.36 kN. Accordingly, the low-, medium-, and high-resistance states were
defined as F, < 33.06 kN, 33.06 < F, < 35.36 kN, and F, > 35.36 kN, respectively. These
thresholds are not intended as universal agronomic limits; rather, they provide a compact
discretization of the measured load distribution for resistance-level-SOC equivalence-factor
calibration. The resulting classification is shown in Figure 8.

4
39 =10
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Figure 8. Plowing resistance level division based on K-means clustering.

The purpose of the resistance classification is to convert continuously varying load
data into discrete condition indices that can be used by the energy management strategy.
These condition indices are combined with SOC to construct a two-dimensional resistance-
level-SOC equivalence-factor table during offline calibration. During online operation, the
current resistance level is identified in real time, and the corresponding baseline equivalence
factor is obtained from the table.

2.4.4. Slip-Ratio Prediction and Traction Loss Model

To describe energy dissipation caused by tire-soil interaction at the energy manage-
ment level, a resistance-based slip-ratio prediction model is established. Rather than using
slip ratio solely as an independently measured kinematic signal, the proposed model iden-
tifies the steady-state relationship between traction resistance and slip ratio. The predicted
slip ratio is then used to estimate traction efficiency and correct the power demand of
the tractor.

Based on 800 sets of ‘traction resistance—slip ratio” sample data collected from soil
trench trolley tests, this paper employs an exponential semi-empirical model [29] to describe
traction mechanics:

Frotar = Fmax(l - eiAA) (19)

Here, Fy, represents the plowing traction resistance, kIN; Fnax is the maximum
adhesion force, kN; and A denotes the soil shear modulus coefficient.
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Nonlinear least squares were employed for parameter identification of the experimen-
tal data, with the fitting results shown in Figure 9.

Raw data Bootstrap 95% Cl ——Mean fit ¢ Grouped mean 95% ClI
. i Raw residuals - --Zero line ——Grouped-mean residuals
50(a) Resistance-slip model fitting 15 (b) Residual distribution
45 .
10 B
40 R

35t S 1
: / ST 1
=
830 Z 1z
c =
% =
K] L | ®
g 25 & 'E
2 ’ 4 £
£ 201} J
o°
o

15 Y 1

A/ ]

/ 10} -
5L Fmax = 47.47 kN; A = 6.795
R?=0.819
0 . ‘ RMSE = 2.32 kN; MAE = 1.57 kN 15 ‘ ‘ | . .
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Slip ratio (%) Slip ratio (%)

Figure 9. Resistance—slip model validation: (a) resistance—slip relationship; (b) residual analysis.

The exponential relationship was identified using all 800 paired resistance—slip mea-
surements obtained from the soil-bin tests. The fitted parameters were Fnax = 47.47 kN
and A = 6.795, with RZ = 0.819, an RMSE of 2.32 kN, and an MAE of 1.57 kN. As shown in
Figure 9, some dispersion remains in the individual measurements, particularly at higher
slip ratios, while the residuals are generally distributed around zero. These results indicate
that the model captures the overall steady-state resistance—slip relationship under the tested
conditions and is therefore used to provide a load-dependent slip-state estimate for the
subsequent energy management calculations. Based on these identified parameters, the
slip-ratio prediction model is formulated as follows:

Apre(k) = —ﬁ In(1 — flotat () 2;14(;()) (20)
Here, Apre (k) denotes the predicted slip ratio in dimensionless form; percentage values
shown in the figures correspond to 100Apre.
This model rapidly derives the corresponding steady-state slip ratio from real-time
resistance level inputs, providing prior state inputs for subsequent power flow calculations.
Traction efficiency #¢qc(A) is defined as the ratio of effective traction power to mechan-
ical power input at the wheel end. Incorporating the predicted slip ratio from Section 2.4.4,
the traction efficiency model can be expressed as:

__E
Ftotul(k)

Accordingly, traction power loss due to slip and rolling resistance can be quantified as:

Nirac(A) = (1 — )\pre)(l (21)

1

Ploss,trac (k) = Pdruw (k)(m

~1) (22)
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Here, Py, (k) represents the effective traction power, measured in kW

To address power allocation deviations in conventional energy management strategies
arising from neglecting slip losses, this paper employs the predicted slip ratio to correct the
overall machine demand power. The modified powertrain demand power model is:

Fiotal (k)U
Preq (k> B ntotal’ﬂtrac()\) (23)

Here, #irqc(A) represents the traction efficiency, measured in %; ;044 is the overall
transmission system efficiency, measured in %; and V is the travel speed of the tractor,
measured in km/h.

By incorporating the traction-efficiency term, the demand-power model accounts
for the additional energy dissipation associated with tire—soil slip. When the estimated
slip ratio increases, the corresponding reduction in traction efficiency leads to a higher
calculated power demand. Compared with a conventional demand-power formulation
that neglects slip-related losses, the modified model therefore avoids underestimating
the power required under high-resistance and high-slip conditions and provides a more
representative demand-power input for subsequent energy management optimization. The
key parameter values for the above formulas are listed in Table 2.

Table 2. Summary table of key parameters of the tractor.

Symbol Physical Meaning Unit Value
m Tractor Total Mass kg 8530
g Gravitational Acceleration m/s? 9.8
f Rolling Resistance Coefficient - 0.07
0 Air Density kg/ m3 1.0
Cp Aerodynamic Drag Coefficient - 0.15
A Frontal Area m? 6.5
4 Reduction Gear Efficiency - 0.95
Ngb Planetary Gear Torque Transmission Efficiency - 0.98
Htotal Overall Transmission System Efficiency - 0.931

2.5. Offline Equivalence-Factor Calibration via Dynamic Programming

Data preprocessing, K-means clustering, nonlinear least-squares parameter identifica-
tion, DP-based offline optimization, and energy-management simulations were performed
using MATLAB R2024a (The MathWorks, Inc., Natick, MA, USA). The slip-ratio and
traction-loss models described above correct the tractor power demand and quantify the
influence of tire-soil interaction on the energy balance. On this basis, the equivalence factor,
which is the key calibration parameter of ECMS, must be determined appropriately to
coordinate engine fuel consumption and battery-energy use.

Because plowing resistance varies substantially during operation, a single fixed equiv-
alence factor cannot provide satisfactory fuel economy and SOC regulation throughout the
complete cycle. Therefore, dynamic programming is used offline to obtain globally opti-
mized control trajectories under representative combinations of resistance level and SOC.
The resulting optimal trajectories are subsequently used to derive reference equivalence
factors for online ECMS implementation.

It should be emphasized that the complete DP procedure is used only for offline calibra-
tion and is not executed by the online controller. The online strategy uses the pre-calibrated
equivalence-factor table, SOC feedback, slip-ratio correction, and one-dimensional instanta-
neous optimization.
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2.5.1. DP Problem Formulation

The plowing operation is discretized intok =0, 1, ..., N — 1 time steps with sampling
interval At. At time step k, the power demand of the dynamic system is Py, (k), and the
engine output power is Pe (k).

The state variable is selected as the battery state of charge ‘SOC’(k), while the engine
power serves as the control variable:

x(k) = SOC(k) (24)

u(k) = Pe(k) (25)

The coupled point power balance relation is:
Preq (k) = Pe‘(k) + PMotor(k) (26)

where Ppotor (k) is defined as the algebraic sum of the mechanical shaft-end power of both
motors Pyvotor (k) = Pymci (k) + Pmca (k).
The constraints are unified as

SOCpmin < SOC(k) < SOCrmax

Pe,min < Pe(k) < PE,max

Ppmcimin < Pumci(k) < Pmcimaxi = 1,2
Pbat,min < Pbut (k) < Pbat,max

(27)

The feasible domain (k) for the control variable P.(k) can be determined from
the power-balance relation and constraints, enabling DP to be implemented via a one-
dimensional discrete traversal of Pe (k).

2.5.2. Cost Function Construction

To reflect traction energy waste caused by slip, an equivalent fuel term representing
traction loss power is introduced into the stage cost.

The traction power loss is converted to an equivalent fuel mass flow rate using the
lower heating value of diesel g:

. P
Mitrac (k) = ’OSSZ”C(k) q = 42,705 K] /kg (28)

The stage cost at time k is defined as:
g(k) = mfuel (Pe (k)) + S(k) 'mequal (k) + Mtrac (k> (29)

An SOC penalty terminal cost is set:

$(SOC(N)) = B (SOC(N) - socrgf)2 (30)

The total cost function over the entire cycle is then:
N-1
J =2 &§(k)At+p(SOC(N)) (31)
k=0

DP minimizes ] under constraints to obtain the optimal engine power trajectory P, (k)
and SOC trajectory SOC” (k).
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2.5.3. Optimal Trajectory Solution via DP Recursion

Define the value function V(k, SOC) as the minimum residual cost from time k to the
terminal. Terminal conditions are:

V(N,SOC(N)) = ¢(SOC(N)) (32)
The Bellman recurrence relation is:

V(k,SOC) = min [g(k)At+ V(k+1,50C(k +1))] (33)

PeeQ(k)
Backward recursion yields the optimal control sequence P, (k).

2.5.4. Equivalence Factor Extraction from DP Results

DP can obtain globally optimal trajectories offline but is not suitable for real-time online
operation [30]. To transfer the optimal DP information to the online ECMS, this paper
retroactively derives the equivalence factor S(k) for each time step, such that the instantaneous
optimal decision of ECMS at that moment can reproduce the optimal decision of DP. Let P, (k)
denote the optimal engine power from DP at time step k. Based on whether the optimal point
triggers boundary constraints, two categories are distinguished for retroactive derivation.

(1) Inner-point solution

When the optimal solution lies within the feasible region (not touching the feasible
region boundary), it satisfies the first-order necessary condition:

amequal(k)
- 4
oD, 0 (34)
Rearranging yields:
dmfuel dPoss trac
_q d A + . dé
S(k) = - (35)
dpe Pe=P (k)

*

where ‘| *” denotes evaluation at P, = P, (k). Assuming #irac (k) is determined by slip ratio
P,

and does not vary rapidly with P, over short time scales, we may approximate —35"* ~ 0
Derivatives are approximated using finite differences. Central differences are employed for

interior points.
(2) Boundary Solving

During plowing operations, the optimal DP solution may approach boundaries (where
feasible regions contract due to engine/motor/battery power limitations or SOC constraints).
At such points, the optimum no longer satisfies the ‘zero derivative” condition. To obtain stable
and usable back-propagation results, single-sided differentials are applied at boundary points.

If P, (k) = P, min(k), take the forward difference:

o mfuel(P:"‘AP)_mfuel(Pg) Pluss,tmc(Pe*+AP)_Ploss,fmc(P:)
q- +q- AD

_ AD
SU) = — o hrar) PP T B (PiAP) B () (36)
AD AP
If P} (k) = P.max(k), take the backward difference:
—q mflld(Pe*)imfuﬂl(ngAP) q- PIusss,tmc(P:)fplosss,tmc(P: 7AP)
S(k) = ap + AC (37)

Pyqt (Pé') —Ppat (Pé —AP) Pyt (Pe') — Dot (Pé —AP)
AP AP
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2.5.5. Baseline Equivalence-Factor Map

Plowing resistance is categorized into three levels as previously defined: L, €
{low, medium, high}. State of charge (SOC) is discretized into six states: SOCy = SOCpn (k).
For each combination (L, SOGj), the average value is calculated. The resulting baseline
table is shown in Table 3.

Table 3. Baseline table of equivalence factors.

Plowing Resistance/SOC 20-30%  30-40%  40-50%  50-60%  60-70%  70-80%
Low Plowing Resistance (<33.06 KN) 1.95 1.92 1.89 1.86 1.83 1.75
Medium Plowing Resistance (33.06-35.36 KIN) 2.28 2.24 2.20 2.13 2.02 1.92
High Plowing Resistance (>35.36 KN) 2.50 2.46 2.43 2.44 2.41 2.31

The basic equivalence-factor table extracted via offline DP reveals that, in the resis-
tance dimension, as plowing resistance levels increase, the engine tends toward higher
load operation with reduced opportunities for energy replenishment. Consequently, the
equivalence factor S exhibits an overall upward trend, reflecting the strategy of preserving
power under heavy loads. On the SOC dimension, S values generally decrease as SOC
increases. At low SOC levels, S is set higher to suppress excessive discharge and preserve
battery capacity. At higher SOC levels, S is reduced to encourage electric motor assistance
for driving, thereby releasing excess energy. This monotonic characteristic ensures the SOC
adaptive stability of the online ECMS strategy.

2.6. Slip-Ratio-Aware Adaptive ECMS Strategy

The proposed DP-ECMS retains SOC feedback as the basic adaptive mechanism of
conventional A-ECMS, while introducing two additional state-dependent functions. First,
the DP-calibrated resistance-level-SOC map determines the baseline equivalence factor
according to the current load state and SOC. Second, the estimated slip-state correction
term provides an additional online adjustment to this baseline according to the current
traction-state estimate. Therefore, DP calibration and slip-state correction act at different
stages of the equivalence-factor adaptation: the former determines the load-dependent
baseline, whereas the latter performs traction-state-dependent online correction.

2.6.1. Baseline Equivalence-Factor Lookup and Interpolation

Offline DP calibration yields a two-dimensional calibration table of equivalence factors
for ‘resistance level-SOC state.” During online operation, the current operating condition
index is used to look up the table and read the corresponding reference equivalence factor:

Sbase (k) = So(Ly, SOCpin(k)) (38)

To avoid discontinuities when SOC crosses the boundary between adjacent intervals,
linear interpolation is applied between the neighboring table values. This produces a con-
tinuous reference equivalence factor and reduces abrupt changes in the power allocation.

2.6.2. Slip-State-Based Equivalence-Factor Correction

During plowing, excessive deviation of the slip ratio from the reference range of
10-15% indicates deterioration of the traction state and increases non-productive energy
dissipation [31]. To actively suppress such energy waste, this study introduces the slip
ratio as a pivotal state-fusion variable into the energy management layer. By dynamically
adjusting the equivalence factor, the strategy achieves closed-loop feedback optimization
of the powertrain output.
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In situ plowing environments are characterized by soil non-homogeneity and tire
sinkage, which can cause stochastic spikes in the measured slip ratio. Directly incorpo-
rating these anomalies into the correction law would lead to excessive transitions in the
equivalence factor, triggering undesirable power-split oscillations and system chattering.
Consequently, prior to the correction procedure, the fused slip ratio undergoes robust
limiting to define the effective slip ratio A,

Aeff (k) = min{max[A(k), Amin], Amax } (39)

Here, Anin is set to 0, and Amax is set to 0.30 as the upper reference bound of the correc-
tion law, determined based on terramechanics theory and plowing operation experience. It
should be emphasized that this clipping is not a hard constraint on the actual slip ratio but
rather a robustification of the control state to ensure numerical stability and repeatability of
the online updates.

Based on the traction efficiency characteristic—where efficiency peaks within the
10-15% range and degrades significantly beyond this range—a dual-sided normalized slip
deviation with a dead zone is constructed:

Aeff(k)—0.15
“gors s Aepr(k) > 0.15

er(k) = 0, 0.10 < A.ps(k) < 0.15 (40)

0.10—A, £ (k)
— i, Aeff(k) < 0.10

When Ag(k) falls within [Ar, Ay, the deviation is zero (dead zone), preventing fre-
quent fluctuations in the equivalence factor caused by slip ratios within the reasonable
range. When slip ratio is excessively high, e, (k) > 0 and approaches 1 as slip increases;
when slip ratio is excessively low, e, (k) < 0 and approaches —1 as slip decreases, thereby
achieving a unified description of deviations on both sides.

To map slip deviation into equivalence-factor correction, define the bilateral gain

correction law:
7KH-€)L(k), 6/\(]() >0
AS/\(k) = 7KL'€)\(k), E)L(k) <0 (41)
0, () (k) =0

In Equation (41), Ky > 0 and K}, > 0 represent the correction gains for the high-slip
and low-slip sides, respectively.

When the slip ratio is excessively high (e, > 0), AS, (k) <0, causing the equivalence
factor to decrease. This reduces the weight of the equivalent fuel cost of electrical energy
in the objective function, making energy management more inclined to utilize the electric
motor to share instantaneous power demands. Consequently, it minimizes the engine’s
inefficient energy output during high-dissipation operating conditions. When the slip ratio
is too low (e) < 0), AS) (k) > 0, the equivalence factor increases, raising the equivalent cost
of electrical energy. This suppresses prolonged reliance on the electric motor that could lead
to insufficient traction establishment, thereby adjusting the power-split preference toward
an operating condition associated with lower traction-energy loss. Parameters were tuned
via offline simulation grid search, balancing equivalent fuel consumption, SOC variation,
and smoothing of equivalence-factor updates. Final values Ky = 0.8 and Ky, = 0.35 achieve
‘strong suppression at high slip ratios and weak correction at low slip ratios,” preventing
control objectives from degenerating into unilateral constraints.

With SOC closed-loop feedback superimposed, the online equivalence-factor calcula-
tion formula is:

S(k) = Sase (k) + Ksoc (SOCrer = SOCK ) + A8, (K) 42)
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Integrating the baseline Sj,;,—calibrated according to resistance levels and SOC
states—with the slip-ratio suppression term AS, and SOC closed-loop feedback ASsoc
yields the final online dynamic equivalence factor S(k). The resulting control manifold is
illustrated in the 3D map in Figure 10.
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Figure 10. Map of equivalence factor.

2.6.3. Instantaneous Power Allocation Optimization

The online ECMS optimizes engine power P, (k) at each sampling instant. Considering
fuel consumption, electrical energy conversion, and traction loss penalties, the instanta-
neous equivalent fuel consumption rate [32,33] is defined as:

equat (k) = 1 fer (k) + S(k)Pb%(k)

(43)
Here, 1i1,0,41(k) represents the engine fuel consumption rate; S(k) is the dynamic
equivalence factor.
Given Pyjotor (k), the power allocation Pyig1 (k) and Pygz (k) for the two motors must
be determined. To avoid introducing additional decision dimensions in the outer-layer
ECMS, this paper adopts an ‘inner-layer one-dimensional allocation” approach; let

Priga (k) = Puotor (k) — Prca (k) (44)

and select the allocation scheme that minimizes the composite electric power while satisfy-
ing the power boundary constraints of both motors. That is:

. _ P (Pumci(k))+
P k) = argmin - »
e (k) PMG%ED(k){ Py (Ppmotor (k) — Pumci(k)) w

The feasible set D(k) is jointly determined by the upper and lower power limits of
both motors:
D(k) = PpG1min < PmG1 < PMG1,max (46)
PpG2,min < Pmotor = PmG1 < Pmc2,max

https://doi.org/10.3390/agriculture16182000


https://doi.org/10.3390/agriculture16182000

Agriculture 2026, 16, 2000

19 of 30

Hence:
Py162(k) = Pyvotor (k) — Py (k) (47)

Substituting the allocation result P, (k) into (46), the outer-layer instantaneous opti-
mization in the online ECMS is formulated as follows: For any candidate engine power
Pe(k) € Qy, first, the total motor power Ppjoror (k) = Preq(k) — Pe(k) is obtained from the
power balance. Then, within the feasible set D(k), the inner-layer one-dimensional al-
location is performed to obtain the corresponding battery power P ,(P). Substituting
this P; .(P.) as a function of P, (k) into Equation (44) yields the outer-layer instantaneous
optimization for online ECMS:

Pr (P,
P} (k) = argmin{mfuel(Pg) + S(k)b“t(e)} (48)
pe€Q(k) q

Here, Py, (k) represents the optimal power of motor 1, measured in kW; Py, (k) is
the optimal power of motor 2, measured in kW; P; (k) denotes the optimal power of the
engine, measured in kW.

Within the feasible region (), ECMS can determine P, o that minimizes the objective
function J; through one-dimensional search [34], then automatically allocate P, otk Via
power balancing, thereby achieving real-time coordinated output between the engine
and motors.

The overall control framework of the strategy is shown in Figure 11.
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Figure 11. Block diagram of the energy management strategy based on DP-ECMS.

3. Experimental Validation and Results

In January 2026, experimental validation and data acquisition were conducted on a
hybrid tractor powertrain test bench. To evaluate the proposed strategy under measured
component characteristics and variable-load conditions, a hybrid tractor powertrain test
bench was established. During the tests, the target dynamometer torque was prescribed
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according to the plowing-resistance profile to reproduce the transitions and dynamic
variations among low-, medium-, and high-resistance conditions. The speeds and torques
of the engine, MG1, and MG2, together with the DC bus voltage and current, dynamometer
speed, and load torque, were recorded synchronously.

The plowing-resistance and slip-ratio data collected from the soil-bin tests were used
for parameter identification of the resistance-slip-ratio prediction model. During the bench
tests, the equivalent plowing resistance was calculated from the measured dynamometer
load torque and the power-transmission relationship. The identified model was then used
to estimate the corresponding slip ratio at each sampling instant. The measured bench
data were used to evaluate power allocation, equivalent fuel consumption, SOC variation,
and component operating efficiency, while the model-estimated slip ratio was used to
analyze the response of the energy management strategy to slip-state variations under
variable loads.

3.1. Test Bench Setup

The modular test bench consists of four main subsystems: the power-source subsys-
tem, transmission subsystem, load-simulation subsystem, and measurement-and-control
subsystem. It supports series hybrid, pure-electric, diesel-electric coupled, and diesel-only
operating modes, as well as independent testing of the main power components.

The power-source subsystem includes a diesel engine and two permanent-magnet
synchronous machines. The transmission subsystem is centered on a dual-planetary ECVT
power-coupling mechanism. Mode switching is achieved using electromagnetic clutches
and brakes, and a 1:1 reversing gearbox is used to accommodate the spatial arrangement of
the test bench.

The load-simulation subsystem uses an eddy-current dynamometer to reproduce the
time-varying resistance encountered during plowing. The dynamometer excitation current
is regulated to generate the required load torque.

The measurement-and-control subsystem adopts a hierarchical control architecture.
An industrial computer running LabVIEW is used for human-machine interaction, param-
eter setting, monitoring, and data acquisition. A PLC and variable-frequency drive system
perform low-level control and safety protection. A multi-channel data-acquisition unit
and multiple sensors are used to record the operating states of the complete powertrain
synchronously. The test-bench configuration is shown in Figure 12.

The target load was generated from the resistance data measured during the soil-bin
tests. The eddy-current dynamometer had a torque range of 0-1000 N-m. A stepwise load
profile with superimposed random fluctuations was used to reproduce transitions and
abrupt variations among the low-, medium-, and high-resistance levels.

The sampling frequency was set to 10 Hz. The acquired signals included engine
speed and torque, MG1 and MG2 speeds and torques, DC bus voltage and current, and
dynamometer speed and load torque. The cooling system was operated continuously to
maintain stable component temperatures. Each test condition was repeated three times.
Outliers were removed using the 3¢ criterion, and the mean of the valid measurements
was used for the subsequent analysis.
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Figure 12. Hybrid Tractor Test Bench.

3.2. Performance Evaluation Metrics

To quantitatively evaluate the performance of the proposed DP-ECMS strategy under
bench-measured data conditions, equivalent fuel consumption, SOC variation, and the
proportion of operation in high-efficiency regions of power components were selected as
the evaluation metrics.

(1) Equivalent Fuel Consumption

To uniformly measure fuel consumption and electrical energy usage costs, equivalent
fuel consumption V,; serves as the core economic evaluation metric:

T . P
Veq:/o (mfuel+5' Zut)dt (49)

(2) SOC Maintenance

To evaluate the strategy’s ability to maintain electrical energy, the absolute deviation
ASOC between the final and initial SOC values is defined:

SOC = [SOCeug — SOCinis| (50)

Here, SOC,,,; represents the final SOC value at the end of the cycle; SOC;,;; is the
initial SOC value at the start of the cycle.

A smaller value indicates stronger electrical energy balance control capability and
enhances the comparability of fuel economy calculation results.

(3) Proportion of Operation in High-Efficiency Zones

To validate the strategy’s optimization of power component operating points, define
7Yeff as the proportion of operating time for the engine in the low specific fuel consumption
zone (b, < 210 g/kW-h) and the motor in the high-efficiency zone (#,0r > 85%):

Thigh
Tto tal

Teff = x 100% (51)
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Here, Tj;¢;, represents the cumulative operating time of the component in the high-
efficiency zone.

3.3. Experimental Results

To evaluate the proposed strategy, the simulation and bench-test results of A-ECMS
and DP-ECMS were compared under the same plowing-cycle framework. A-ECMS was
used as the benchmark strategy, whereas DP-ECMS was used as the proposed strategy. The
comparison focuses on equivalent fuel consumption, SOC variation, power allocation, and
the operating characteristics of the engine and motors.

Figure 13 compares the cumulative equivalent fuel consumption obtained from simu-
lation and bench tests for the two energy management strategies. In the simulation results,
DP-ECMS reduced the final equivalent fuel consumption from 3780 g to 3250 g compared
with A-ECMS, corresponding to a fuel-saving rate of 14.02%. In the bench-test results,
after normalization to the same output-energy basis, the equivalent fuel consumption de-
creased from 2005 g under A-ECMS to 1858 g under DP-ECMS, giving a fuel-saving rate of
7.33%. Although the reduction observed in the bench test is smaller than that in simulation,
both results show the same trend, confirming that DP-ECMS can reduce equivalent fuel
consumption relative to A-ECMS.

I I I I
- - -A-ECMS simulation —DP-ECMS simulation -
L e A-ECMS experiment ----- DP-ECMS experiment Pt ’ |
_ ] ‘7/ |
— - .- . e —
B - // ................................... -
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Figure 13. Variation curve of equivalent fuel consumption.

Figures 14 and 15 show the engine operating-point distributions and engine-efficiency
trajectories, respectively.

Compared with A-ECMS, DP-ECMS shifted more engine operating points toward the
best economy line and the low-BSFC region. This trend was observed in both simulation
and bench-test results, indicating that the DP-calibrated equivalence factor improved
the engine operating state under variable plowing loads. The average engine efficiency
increased from 39.80% to 40.60% in simulation and from 39.90% to 40.40% in the bench test.
Meanwhile, the proportion of engine operation in the high-efficiency region increased from
61% to 80% in simulation and from 65% to 77% in the bench test.

Figures 16 and 17 show the operating-point distributions and efficiency trajectories of
MG1 and MG2.
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Figure 15. Engine efficiency.

Under DP-ECMS, more motor operating points were concentrated in the high-
efficiency regions of the motor maps, whereas A-ECMS showed a relatively wider distribu-
tion. For MG1, the average efficiency increased from 93.00% to 94.59% in simulation and
from 93.40% to 94.00% in the bench test. For MG2, the average efficiency increased from
90.00% to 91.50% in simulation and from 90.30% to 91.00% in the bench test. The overall
motor high-efficiency zone ratio increased from 87% to 92% in simulation and from 88% to
90% in the bench test, demonstrating that DP-ECMS also improved the operating efficiency

of the electric drive system.
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Figure 18 shows the SOC trajectories of A-ECMS and DP-ECMS. The initial SOC was
set to 0.80 for both strategies. In simulation, the final SOC values of A-ECMS and DP-ECMS
were 0.7697 and 0.7774, corresponding to SOC deviations of 3.03% and 2.26%, respectively.
In the bench test, the final SOC values were 0.7693 and 0.7757, with SOC deviations of 3.07%
and 2.43%, respectively. These results indicate that DP-ECMS reduced battery depletion
while maintaining charge-sustaining operation.

https://doi.org/10.3390/agriculture16182000


https://doi.org/10.3390/agriculture16182000

Agriculture 2026, 16, 2000 25 of 30

T I I T
---A-ECMS simulation ——DP-ECMS simulation -
---A-ECMS experiment - DP-ECMS experiment
0.79 RmsssiiT—— 7
= T SN
0.78 TR ]|
8077 Bt
(72}
5
g076- =
©
[11]
0.75 - —
0.74 - .
0.73 - f
0.72 | | | | | | |
0 100 200 300 400 500 600 700 800
Time (s)
Figure 18. SOC variation curve.

Figure 19 presents the time-domain power allocation of DP-ECMS over a representa-
tive variable-load segment. The engine provides the main power contribution, while MG1
and MG2 dynamically adjust their outputs in response to changes in the power demand.
When the load increases, the electrical machines provide additional power to complement
the engine output; when the demand decreases, their contributions are reduced accordingly.
Throughout the selected interval, the combined power of the engine, MG1, and MG2 closely
matches the required power, confirming the instantaneous power balance of the proposed
strategy. This result directly illustrates how variations in the plowing load are translated
into coordinated power-split actions among the three power sources.
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Figure 19. Power allocation under DP-ECMS.

The overall performance of the different strategies is summarized in Table 4.
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Table 4. Comparison of performance indicators between two strategies.
. A-ECMS A-ECMS DP-ECMS DP-ECMS
Evaluation Index . . . . . .
Simulation Experiment Simulation Experiment
Equivalent fuel consumption (g) 3780 2005 3250 1858
SOC deviation (%) 3.03% 3.07% 2.26% 2.43%
Engine high-efficiency zone ratio (%) 61% 65% 80% 77%
Motor high-efficiency zone ratio (%) 87% 88% 92% 90%
Fuel-saving rate (%) — — 14.02% 7.33%

The online execution time was also evaluated using the same controller implementa-
tion. The mean and maximum computation times were 2.45 and 4.47 ms for A-ECMS and
5.54 and 17.34 ms for DP-ECMS, respectively. Although the proposed strategy requires ad-
ditional computation, its maximum execution time remains well below the 100 ms control
interval used in the present implementation.

3.4. Functional Analysis of the Equivalence-Factor Adaptation Mechanism

To clarify the respective roles of the additional mechanisms introduced in DP-ECMS,
the effects of DP calibration and slip-state correction on equivalence-factor adaptation were
examined separately. DP calibration determines the load-dependent baseline equivalence
factor according to resistance level and SOC, whereas the slip-state correction provides an
additional online adjustment according to the estimated traction state. Figure 20 illustrates
these two complementary functions.

As shown in Figure 20a, the DP-calibrated term varies systematically with resistance
level over the SOC range. At the same SOC, low-resistance conditions produce a negative
load-dependent adjustment, whereas high-resistance conditions produce a positive adjust-
ment. This indicates that DP calibration introduces an additional load-dependent dimension
into the baseline equivalence factor. Figure 20b shows that the slip-state correction term
provides a separate online correction. No correction is applied within the 10-15% dead zone,
while deviations outside this range lead to directional adjustment of the equivalence factor.
Therefore, DP calibration and slip-state correction perform distinct but complementary func-
tions: the former provides load-dependent baseline adaptation, whereas the latter provides
traction-state-dependent online correction. Their roles are therefore functionally distinct but
complementary within the proposed energy management strategy.

(a) load-dependent adaptation introduced by DP calibration 0 (b) slip-ratio-dependent online correction
g 03k 4/\gs (,,'< . 10-15% dead zone  —— Slip-state correction
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Figure 20. Functional roles of the two additional equivalence-factor adaptation mechanisms
in DP-ECMS.
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4. Discussion
4.1. Mechanisms of Performance Improvement

The experimental results demonstrate that the proposed slip-ratio-aware DP-ECMS
improves fuel economy, SOC regulation, and component operating efficiency compared
with A-ECMS. These improvements can be attributed to three complementary mechanisms.

First, offline DP calibration provides a resistance-level-SOC baseline equivalence-
factor map. Compared with conventional A-ECMS, which mainly adjusts the equivalence
factor according to SOC, the DP-calibrated map introduces load-dependent information
into the baseline adaptation, enabling more appropriate power allocation under variable
plowing loads and contributing to the observed shift of engine and motor operating points
toward higher-efficiency regions.

Second, incorporating the traction-efficiency term into the demand-power model
accounts for the additional energy dissipation associated with tire-soil slip. As the esti-
mated slip ratio increases and traction efficiency decreases, the calculated power demand
correspondingly increases. This reduces the possibility of underestimating the required
power under high-resistance and high-slip conditions and provides a more representative
demand-power input for subsequent energy management optimization.

Third, the online slip-state correction mechanism further adjusts the equivalence
factor according to the estimated traction state. When the estimated slip state indicates
excessive slip, the equivalence factor is reduced to increase the contribution of the electric
machines and reduce inefficient engine operation under high-dissipation conditions. This
correction therefore modifies the upper-level power-split preference according to traction-
state variation.

The smaller fuel-saving rate observed in the bench test than in simulation is mainly
attributed to deviations between actual and modeled component efficiencies, dynamometer
load-tracking errors, and measurement noise. Nevertheless, the consistent improvement
trends observed in both simulation and bench tests support the effectiveness of the pro-
posed strategy.

4.2. Comparison with Existing Studies

Existing traction-aware studies have addressed the interaction between powertrain
energy consumption and tractor traction performance at different control levels. Wang
et al. [4] considered equivalent fuel consumption and traction efficiency in the power
allocation of a distributed hybrid tractor, while Radrizzani et al. [19] coordinated energy
management with vehicle-speed control. Wheel-slip control and slip-based switching
strategies [20,21] mainly regulate traction behavior at the vehicle or wheel-control level,
and the relationship between slip and tractive efficiency has also been investigated for
independently driven electric tractors [22].

The present study differs in the manner in which traction information is incorporated
into the upper-level energy management problem. A resistance-derived slip-state estimate
is used both to account for slip-related traction losses in the demand-power formulation and
to modify the online equivalence factor around a DP-calibrated resistance-SOC baseline.
Therefore, the proposed method does not treat slip as a direct lower-level control target but
as a traction-state indicator that influences the upper-level power-split decision.

Under the same bench load profile, the proposed DP-ECMS reduced equivalent fuel
consumption by 7.33% relative to A-ECMS while improving SOC regulation and the
operating efficiency of the main power components. Because the bench setup does not
reproduce physical tire-soil interaction, these results should be interpreted as verification
of traction-state-aware energy management adaptation rather than direct experimental
verification of wheel-slip regulation.
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4.3. Limitations and Future Work

This study has certain limitations that should be acknowledged. The powertrain test
bench can reproduce the time-varying load demand obtained from the soil-bin experi-
ments and can therefore evaluate the response of the engine, electric machines, battery, and
energy management controller under measured component characteristics. However, it
does not reproduce the physical tire-soil interaction of a complete tractor. In particular,
spatial soil heterogeneity, tire sinkage, transient wheel slip, terrain variation, and imple-
ment disturbances are not physically generated on the bench. The slip ratio used in the
bench analysis is instead estimated from the measured equivalent resistance using the
identified resistance—slip relationship. Therefore, the bench results should be interpreted as
validation of powertrain-level energy management performance under soil-bin-derived
variable-load profiles rather than as direct validation of field traction or wheel-slip control.
Second, the slip ratio prediction model was identified based on specific soil conditions and
a single plowing depth; its generalization to different soil types and working parameters
requires further verification. Third, the current strategy uses a steady-state slip ratio predic-
tion model and does not consider the dynamic response process of slip during transient
load changes.

Future work will focus on three aspects: (1) conducting full-scale field vehicle tests
under different soil textures, plowing depths, and tire configurations to verify and optimize
the strategy under real working conditions; (2) introducing load prediction and machine
learning methods to develop a predictive adaptive energy management framework, further
improving the adaptability to complex and variable field conditions; (3) combining upper-
level energy management with lower-level slip control to achieve multi-layer coordinated
optimization of traction efficiency and powertrain efficiency.

5. Conclusions

This study developed a slip-ratio-aware energy management framework for a series-
parallel hybrid tractor under plowing conditions. Unlike conventional strategies that treat
slip mainly as a lower-layer control target, the proposed method embeds slip-related trac-
tion loss into the demand power formulation and the online equivalence-factor adaptation,
thereby linking tire—soil interaction with upper-level energy management decision-making.

Based on soil-bin test data, plowing draft resistance was discretized into operating
state levels and used together with SOC to construct a two-dimensional baseline map of
the equivalence factor via offline DP optimization. During online operation, a dynamic
correction law combining SOC feedback and slip-ratio deviation was introduced to adapt
the equivalence factor in real time, enabling more efficient power split between the engine
and electric machines under highly variable plowing loads.

Under identical initial SOC and plowing conditions, the proposed strategy reduced
equivalent fuel consumption by 14.02% in simulation and by 7.33% in the bench exper-
iments relative to A-ECMS. The proportion of engine operation in the high-efficiency
region increased from 61% to 80% in simulation and from 65% to 77% in the bench test,
while the corresponding proportion for the electric motors increased from 87% to 92%
and from 88% to 90%, respectively. The SOC deviation decreased from 3.03% to 2.26%
in simulation and from 3.07% to 2.43% in the bench test. These results demonstrate that
incorporating traction-state information into the upper-level energy management strategy
can improve fuel economy, SOC regulation, and component operating efficiency under
variable plowing loads.
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