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Abstract: A methodology based on an equation of motion and a two-steps off-line optimization procedure is proposed 
and investigated to estimate a payload in an industry-standard Front-End Loader. The location of the boom 
center of gravity is first calibrated via optimization using a known payload to become the base to estimate an 
unknown payload. This method is compared to an existing method and is verified to be less sensitive to 
different estimation conditions. Moreover, it also requires less additional operations in the calibration phase. 

1 INTRODUCTION 

Knowing the payload in mobile hydraulics systems 
allows one to work within the safe range (Fujioka, 
2010) and regulatory compliance (Hindman, 2008). 
Overloading may damage the mechanical frames and 
might reduce the engine lifetime. On the other hand, 
underloading might reduce efficiency (Rasuli, 2012). 
Thus, a number of studies have been done on payload 
estimation.  

Linear interpolation is a common commercial 
approach of payload estimation in mobile hydraulic 
machinery (Kyrtsos, 1990; Silvy-Leligois, 1995). 
However, system dynamics are neglected introducing 
estimation errors due to friction, changes in velocity, 
acceleration and center of gravity.  The estimation 
error due to variation in estimation condition is 
recently studied based on a simulation model 
(Bennet, 2014).  

Despite its sensitivity to estimation conditions, 
several commercial payload estimation algorithms, 
based on the linear interpolation idea, are developed 
to be executed during machines’ normal operation 
(Kyrtsos, 1990). They do imply that the payload is 
preferably estimated without introducing any 
additional operations, except for the initial calibration 
with a few known weights. That is to say that the 
accepted estimation operation is a part of a common 
motion (dynamic), or at a stationary configuration 
(static). Either way, being part of a normal operation 
becomes a requirement of payload estimation 
proposal in mobile hydraulic systems.  

One proposal is based on neural networks. It is a 
dynamic method for a Four-Wheel-Drive loader, 
which is presented in (Hindman, 2008). Another 
proposal is a static approach based on equation of 
motion originated from Euler-Lagrange equation or 
Newton’s Second Law (Tafazoli, 1999). Before 
estimating the load, identification of gravitational and 
friction parameters is carried out with several static 
positions; this can be called a calibration phase.  

The proposed calibration phase in (Tafazoli, 
1999) requires a number of additional operations. 
Following (Tafazoli, 1999), we use the approach 
based on equations of motion for payload estimation 
in Front-End Loaders (FELs).  However, in this work, 
we are investigating and analyzing the possibility to 
reduce the additional operations and the difficulty of 
the necessary off-line computations.  

To achieve this goal, a regressor model is 
introduced in section 2, followed by the methodology 
of the off-line payload estimation in section 3. The 
results are presented in section 4 before the 
conclusions in section 5. 

2 REGRESSOR MODEL 

A Front-End loader can be seen as a 2-degrees of 
freedom (DOF) robotics system (Fig. 1) whose 
equation of motion are shown in Eq. 1, see e.g. 
(Khalil, 2004, ch. 9):  
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Where � ϵ ���� is the vector input torques,	� ϵ ����  
is the vector of joint variables, ���� ϵ ���� is the 
inertia matrix, 	��, �� � ϵ ���� is the Centrifugal and 
Coriolis term, ���� ϵ ���� is the vector of 
gravitational torque and � ϵ ���� is the friction term 
that is constituted by viscous and Coulomb frictions:  
��� � �� sign��� �.  

Expanding the expression in (1) and arranging the 
parameters to be identified are commonly done in 
serial manipulators (Calanca, 2011). However, the 
identified parameters are mostly aimed to improve the 
torque response, rather than the identification of 
individual parameters (Zweiri, 2008).  
 

 

Figure 1: A Front End Loader (FEL) under consideration 
with its boom center of gravity (��������, ��������). 

For the payload estimation in Front-End Loaders, we 
propose to only use the gravitational terms because it 
dominates manipulator joint torques except for the 
fastest robot motions (Ma, 1996). This does not limit 
the proposed algorithm for the practical working 
condition range, which we consider here. 
Furthermore, we choose the gravitational terms of the 
boom because it is heavier than the bucket. Thus, its 
gravitational torque is much bigger than the joint 
friction (Tafazoli, 1999). For this reason, friction is 
also neglected in the estimation.  

Expanding the first row in (1) and neglecting the 
friction and inertial parameters, we arrange the 
regressor for system identification as follows: 
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 (2) 

 
where i is the sample, �� is the input torque at boom, 
!� � is the regressor, 	#$ is the vector of unknown 
parameters, ( is the gravitational constant, )������ is the 

distance between the pivots, *�� � sin	�/� � /��, �� 
is the bucket mass (payload), �������� and �������� are 
coordinates of the center of gravity (COG) of the 
bucket, �� is the mass of the boom and �������� and �������� 
are the coordinates of the center of gravity of the 
boom. Based on this regressor, we will proceed with 
estimation. 

3 PAYLOAD ESTIMATION 

The payload (��) is estimated by minimizing the 
error between the torque computed based on (2) for a 
guess of the vector of unknown parameters and the 
torque at joint 1, which is computed based on the 
force produced by the hydraulic cylinder and the 
virtual work principle as follows: 
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where f is the geometric transformation from #� to 7�, 
2�6 and 2�3 are the measured pressures in the 
chambers of the boom cylinder, 4�3 and 4�6 are their 
corresponding cylinder areas. 

The deviation in masses and the location of the 
centers of gravity from the CAD parameters are 
estimated off-line using Matlab Optimization 
ToolboxTM. This proposal is tested on a FEL-
prototype considering different estimation 
conditions: the combination of four masses, two 
lifting velocities, and two bucket angles.  

For each of the estimation conditions, the next set 
of experiment data has been recorded: angular 
positions and cylinders’ pressures. Particularly, we 
are interested in the lifting motion data because it is 
much slower than the lowering motion since the 
gravity helps the lowering motion. Thus, neglecting 
the inertia and Coriolis terms in lowering motion will 
have higher influence in the estimated payload.  

Restricting the estimation condition in lifting 
motion, which is in accordance to normal operation 
conditions, makes the proposed identification 
different to the identification in manipulators. It is not 
feasible to combine lifting and lowering motions (in 
the case of a sinusoidal signal) as an input here. This 
limitation affects the persistent excitation conditions 
and thus the number of parameters to be identified.  

In consequence, we assume the location of the 
COG of the bucket (��������, ��������) is fixed and leave the 
other COG (��������, ��������) to be identified in the 
calibration phase with a known payload. Then, the 
unknown payload is estimated based on the calibrated 
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COGs. Both phases use lifting motions as the 
identification data. 

 

Figure 2: The experimental setup 

The experiments are carried out on a typical 
industry setup where a front-end loader from Ålö AB 
is connected to a tractor from Massey Ferguson 
(figure 2), which also supplies the fluid to the 
cylinders. We use dSpace 1401 as a real-time 
prototyping platform with sampling frequency of 1 
kHz. PWM driver in dSpace power unit actuates the 
electromagnetic valves and feedback the current 
measurement.  

4 RESULTS AND DISCUSSION 

Recall that we recorded the angular position and 
pressure measurements for four masses, two lifting 
velocities, and two bucket angles during the lifting 
motions. First let us discuss the calibration phase.  

In this phase, the payload is known and the COG 
of the boom is to be calibrated. The identified centers 
of gravity with respect to different payloads are 
shown in figure 3. The difference of the calibrated 
COGs to the CAD model is presented with respect to 
the assigned world frame. An axis parallel to the first 
frame is drawn through the CAD based of boom 
COG. 

In the world frame, the discrepancies span -35 cm 
to 20 cm in x-axis and -16 cm to 2 cm in y-axis. Note 
that some discrepancies in identification of the 
location of the COG are expected because we neglect 
the frictions and other terms in the equation of 
motions. Besides, the additional weight from the fluid 
and the hoses are not included in the CAD model. 

In addition, unlike the common serial 
manipulators, the rigid body structure is changing as 

the cylinder is extending or retracting. The change of 
the body causes the change of center of gravity such 
that the assumption of a fix COG is not true. 
However, to the best knowledge of authors, there is 
no study addressing the COG variation in hydraulic 
machineries. Thus, we still keep this assumption in 
this work.  

 

 

Figure 3: Calibrated centre of gravity of the boom with 
payload variations. 

Another distinctive trend in this calibration phase 
is the COG is suggested to be lower as the payload is 
heavier. Moreover, looking further into each payload, 
two groups are distantly separated with respect to the 
world x-axis, especially with the heaviest bucket. 
These groups are different in bucket angles. From this 
observation, the center of gravity is lower when the 
bucket is heavier and the bucket angle is less. 

Though variations in estimation conditions affect 
the estimated parameters, namely the center of 
gravity in the calibration phase, we will now see how 
these variations impact the estimated payload. We 
have choosen the calibrated COG from the 
experiment with the heaviest bucket, high velocity 
and mid bucket angle because it is presumably the 
most frequent working point.  

The proposed payload estimation method is 
compared to the linear interpolation method as a 
benchmark and a base of the current mobile 
hydraulics industry standard. It is basically based on 
the pressure profile of two different known payloads 
at a certain angular position range, which defines the 
calibration phase. The unknown payload is then 
computed by the average of the linearly interpolated 
mass from the measured pressure during the defined 
angular position range (Kyrtsos, 1990). In this work, 
the calibration conditions in the linear interpolation 
method are 0 kg and 1016 kg at high velocity and mid 
bucket angle. 
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Table 1: Estimated payloads in different working 
conditions based on the proposed method (Prop. Met.) and 
Linear Interpolation (Lin. Inter.). Conditions 1,3: low and 
high velocities respectively, maximum bucket angle 
(completely tilted-in cylinder); conditions 2,4: low and high 
velocities respectively, mid bucket angle. 

Payload Condition 
Estimated payload 

Prop. Met.  Lin. Inter. 

0 kg 

1 -45.94 -20.56 
2 -36.12 -14.23 
3 -42.42 -5.26 
4 -34.18 0 

292 kg 
(bucket) 

1 249.44 263.02 
2 266.7 298.05 
3 250.21 272.51 
4 271.1 311.97 

392 kg 
(bucket+ 
100 kg) 

1 362.8 349.3 
2 369.53 390.78 
3 357.29 353.59 
4 371.89 399 

1016 kg 

1 995.15 913.5 
2 1015.6 1005.9 
3 997.36 923.8 
4 1016 1016 

 
The estimated payload is presented in Table 1 and 

Figure 4. The presented error is a full scale error, 
which is the quotient of the absolute error and the 
maximum payload (1016 kg). The proposed method 
shows (blue in Figure 4) the maximum error of 5 % 
in all the performed experiments. While the linear 
interpolation shows the maximum error of ± 10 %.  

Let us focus now on the estimation with the 
proposed method. The different level in error is 
visible with different bucket angles. The error is, as 
expected, smaller  at the calibration bucket angle (mid 
bucket angle), which are condition 2 and 4. With 
respect to the payload, the error is increasing as the 
payload is decreasing. In other words, the error is 
increasing as the estimation condition is getting 
further away from the calibration condition. Similar 
behavior is also observed with different velocities. 
Though the difference is not that significant. Thus, it 
is important to choose the condition of calibration, 
which might be better to be the most frequent working 
condition. 

Different from the proposed method, the linear 
interpolation method does not show a clear trend of 
error in general. For the 392 kg and 1016 kg, it is clear 
that the error is much higher for the case with 
maximum bucket angle, which is not the calibration 
condition. Though the same suggestion for calibration 
condition might work (at the most freqent working 
point), the significant error level for different bucket 

angle at the calibration payload is considered as a 
disadvantage.  
 

 

Figure 4: Error in payload estimation. Blue: proposed 
method, red: linear interpolation. Condition 1,3: low and 
high velocities respectively, maximum bucket angle 
(completely tilted-in cylinder); 2,4: low and high velocities 
respectively. mid bucket angle. 

Besides the decision of calibration condition, the 
proposed method requires one motion for calibration 
instead of two motions with linear interpolation 
method. In practice, reduced time for calibration is an 
advantage. 

4 CONCLUSIONS  

In this work, a payload estimation method based 
on simplified equation of motion is investigated. It is 
suggested to have the coordinates of the center of 
gravity of the boom estimated during a calibration 
stage with a known payload before the estimation 
phase. This method is more robust with respect to 
different working conditions in comparison to the 
linear interpolation method. Moreover, the proposed 
method has less additional operation in calibration in 
practice. We have investigated here just a standard 
off-line estimation procedure, while an on-line 
implementation is obviously possible but requires 
investigation on how and when a currently computed 
estimate is realiable. 
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