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Abstract. Addressing the issue of increased positioning errors in industrial robots during grasping and handling
tasks, we propose an accuracy compensation technique optimized through the Osprey Optimization Algorithm
(OOA) — Deep Neural Networks (DNN). This method leverages the efficient equilibrium between global and
local searches characteristic of OOA to optimize the initial weights and biases of the DNN model, thereby
enhancing training efficiency and model performance. Experimental results demonstrate significant
improvement: based on a model trained with data points under a 60kg load, the average, maximum, and
standard deviation of positioning errors were reduced by 92.1%, 91.5%, and 91.0% respectively, outperforming
DNN, Particle Swarm Optimized DNN, and Extreme Learning Machine methods. Furthermore, addressing
varying degrees of positioning errors caused by different mass loads, we introduce an accuracy compensation
method through transfer learning based on the OOA-DNN algorithm model. Experimental results reveal that
adopting a freeze-thaw training strategy for transfer parameters achieves the best accuracy compensation effect;
under a 120 kg load with 150 training data points, the mean error, maximum error, and standard deviation were
reduced by 91.9%, 89.9%, and 88.4%, respectively. These improvements suggest that our method, requiring

significantly fewer data, is especially valuable in data-constrained application scenarios.

Keywords: Industrial robots / precision compensation / osprey optimization algorithm /

deep neural networks / transfer learning

1 Introduction

With the in-depth application of industrial robots, they
have begun to enter some high-precision manufacturing
fields, such as high-precision equipment assembly, high-
precision laser welding, and flexible grinding. However, the
application of industrial robots in high-precision
manufacturing requires further improvement of their
positioning accuracy through offline calibration technolo-
gy. Industrial robot offline calibration technology, execut-
ed external to the production line, bifurcates into kinematic
and non-kinematic calibration. Kinematic calibration [1]
involves the formulation of a kinematic model [2] for the
industrial robot, utilizing measurement devices like laser
tracker [3] to accrue data on the robot’s posture and
position. This data underpins the calibration of the
developed kinematic model through algorithms for model
parameter identification [4], thereby enabling accuracy
compensation. Despite kinematic calibration’s efficacy in
correcting geometric errors, it falls short in addressing non-
geometric errors, entails intricate model computations, and
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necessitates authorization to access the control system of
the industrial robot. Conversely, non-kinematic calibration
obviates the need for constructing the robot’s kinematic
model, opting instead to directly estimate errors in the
robot’s position and posture via an error prediction model,
with the accrued error data serving as the basis for
accuracy compensation. This technique is adept at
compensating for both geometric and non-geometric errors,
delivering high precision and adaptability, thereby aug-
menting the robot’s positioning accuracy.

Non-kinematic calibration methods, predicated on
disparate error prediction principles, primarily leverage
spatial interpolation and neural network methodologies
[5,6]. Yuan [7] introduces a compensation technique based
on the limit learning machine model, evidenced by
precision compensation experiments on an aerial drilling
robot that underscore a significant enhancement in the
robot tool center point’s average and maximal absolute
position accuracy post-compensation. Cao [8] offers a
calibration methodology predicated on an extended Kal-
man filter and artificial neural network, which optimizes
geometric parameter error in a robust manner against
Gaussian noise in nonlinear systems, as evinced by the
substantive improvement in robot attitude accuracy.
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Utilizing a deep confidence network alongside error
similarity, Wang [9] establishes a model mapping the
robot’s theoretical attitude coordinates to actual attitude
errors, thereby facilitating attitude error prediction, with
experiments showing a marked reduction in the robot end
actuator’s maximum absolute position error post-compen-
sation. Ma [10] advocates for an incremental extreme
learning machine model to forecast industrial robots’
positioning errors, achieving significant error reduction
post-compensation. Present research on non-kinematic
calibration methods predominantly focuses on the amal-
gamation of intelligent algorithms for neural network
optimization, thereby elevating the accuracy compensa-
tion level.

Deep Neural Networks (DNN) [11] are characterized by
their multi-layer neural network architecture and their
potent non-linear fitting capabilities. With the escalation
of computing power, DNNs have found extensive applica-
tions. The Osprey Optimization Algorithm [12] (OOA),
inspired by ospreys’ hunting behavior, epitomizes a swarm
intelligence optimization algorithm with exemplary global
and local search proficiencies. Transfer learning [13,14], as
a machine learning paradigm, endeavors to ameliorate
performance across disparate yet related tasks by harness-
ing knowledge from one task, thereby optimizing model
performance, curtailing data requisites, and expediting the
training regimen.

This paper addresses the burgeoning issue of position-
ing errors in industrial robots during intensive load
grasping and handling endeavors. It promulgates an
accuracy compensation method amalgamating OOA and
DNN, denoted as OOA-DNN. Furthermore, acknowledg-
ing that varying mass loads precipitate differing degrees of
positioning errors in industrial robots, this investigation
incorporates a transfer learning technique into the
accuracy compensation realm of industrial robots, delin-
eating a methodology to rectify the positioning accuracy
amidst heavy-load grasping activities. This approach is
designed to diminish the necessity for extensive data
collection and to amplify data gathering efficacy. Experi-
ments on a custom-built industrial robot heavy-load
grasping test platform affirm the proposed methods’
efficacy.

2 Experimental platform and error data
analysis

2.1 Experimental setup and parameter configuration

In this investigation, a dedicated experimental setup, as
depicted in Figure 1, was developed to facilitate the
execution of accuracy compensation experiments. This
setup encompasses an industrial robot, specified end-
effector loads, a laser tracker, and a designated target
sphere for the tracker’s targeting purposes. The industrial
robot selected for this study is the BRTIRUS3511A model,
a product of the domestic Bronte Company. The
Brtirus3511A six-axis industrial robot produced by Bronte
Company was adopted in this study. Its maximum arm
span can reach 3500 mm, the initial attitude height is
2227 mm, the rated load is 100 kg, the maximum load can

Fig. 1. Industrial robot accuracy compensation experimental
platform.

Table 1. Main specifications of the FARO VantageE laser
tracker.

Device parameter type Specification
Maximum measuring radius range 35 m
Horizontal rotation angle 360°

Vertical rotation angle —52.1° ~ 77.9°
Distance resolution 0.5 pm

Distance accuracy 6 pm + 0.8 wm/m

reach 120kg, and the repeated positioning accuracy
is+0.2mm. For the experiments, end-effector loads were
meticulously chosen at 60kg and 120kg to simulate
varying operational conditions. The precision measure-
ments were enabled by the VantageE model laser tracker,
sourced from FARO Company, renowned for its leading
specifications, which are systematically cataloged in
Table 1 for detailed reference.

2.2 Coordinate system transformation relationship

In the process of quantifying positional coordinate errors of
industrial robots using a laser tracker, it’s imperative to
delineate a transformational correlation between the laser
tracker’s coordinate system and the foundational coordinate
system of the robot, in addition to determining the tool
coordinates for the target sphere. This undertaking,
illustrated in Figure 2, is realized through the manipulation
of the robot’s 1st, 3rd, and 6th axes to generate coordinate
data for the robot’s reference points during single-axis
movements within the coordinate system {T} of the laser
tracker. From the coordinates of these reference points, the
rotation matrix R and translation matrix T are derived to
effectuate the transformation from the robot’s base coordi-
nate system to the coordinate points perceived by the laser
tracker. Denoting the spatial positioning of the target sphere
within therobot’s base coordinate system as P~ B, and within
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Fig. 2. Industrial robot base coordinate system and laser tracker
coordinate system.

the tracker’s coordinate system as P~T, the ensuing
transformation equation is articulated as follows:
P =RPB 4+ T. (1)

The coordinate data transformed from the laser tracker
coordinate system {T} to the industrial robot base

coordinate system {B} is P’ which can be obtained
from equation (1):

(2)

Then, the error data E in the industrial robot base
coordinate system {B} is:

PP = RV (P" -T).

E=PP - P"" = [AE,AE,AE.]. (3)

The comprehensive position error is:

AE = \/AE? + AE? + AE?. (4)

2.3 Planning and analysis of robot sampling points

The methodology for accuracy compensation in industrial
robots necessitates the collection of the robot’s positional
(x, v, z) coordinates alongside its orientation angles (u, v,
w). In this study, the Latin hypercube sampling method
[15]—a stratified sampling approach designed for the
equitable selection of sample points across a multidimen-
sional space—is utilized. This method enables a systematic
and uniform extraction of data points, vital for compre-
hensive accuracy analysis. A rectangular sampling domain,
depicted in Figure 3 and situated within the operational
arena of the robot, was demarcated with dimensions set to
400 mm, 600 mm, and 300 mm along the X, Y, and Z axes of

Fig. 3. A Schematic diagram of the cuboid sampling space for
industrial robots.

Table 2. Variables of the Latin hypercube sampling
space.

Sampling space variable Range

2024.333 mm~2424.333 mm
—427.136 mm~172.864 mm
1912.894 mm~2212.894
—15°~ 15°

—15°~ 15°

—15°~ 15°

g < 2 N9 K

the robot’s foundational coordinates, respectively. The
scope of the orientation angles (u, v, w) was meticulously
calibrated to+15° for each axis to ensure a broad
representation of potential robot positions and orienta-
tions. Details regarding the range of each sampling variable
within this defined space are methodically compiled in
Table 2, ensuring a clear and organized presentation of the
sampling framework employed.

Applying the Latin hypercube sampling method, 1500
sampling points were strategically determined, facilitating
the undertaking of experiments to examine the positioning
error associated with sampling points when subjected to
60kg and 120kg loads. Scatter plots, illustrating the
aggregate positioning errors for both 60 kg and 120 kg loads
as presented in Figure 4, elucidate the error distribution
patterns under varying load conditions. Notably, despite
the differential in loads, these scatter plots reveal a degree
of uniformity, hinting at a fundamental consistency in the
overall positioning errors experienced by industrial robots
across disparate loading scenarios. Moreover, the line
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Fig. 4. Integrated plot of 60 kg and 120 kg load points.
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Fig. 5. Line diagram of the integrated position error of the 60 kg
and 120 kg load points.

charts portraying the aggregate positioning errors associ-
ated with 60kg and 120kg loads, depicted in Figure 5,
delineate analogous trends in the evolution of positioning
errors across 100 distinct points under the two varied load
states. This pattern suggests that, although an increase in
load generally precipitates a rise in the magnitude of errors,
the nature of error fluctuation amongst different points
exhibits a remarkable uniformity. Such congruence in error
distribution significantly bolsters the investigation into the
adaptability of industrial robots, particularly in the
context of transfer learning, highlighting their potential
to maintain precision and reliability across a spectrum of
operational demands.

Table 3 encapsulates the statistical analysis of the data
derived from 1500 sampling points. Notably, when
comparing the effects of load variations from 60kg to
120 kg on the industrial robot’s positioning accuracy, there
is a discernible increment in the mean error by 0.395 mm,
the standard deviation by 0.007 mm, and the maximum
error by 0.279 mm. This statistical outcome underscores a
clear trend: the overall positioning error of industrial robots
escalates with the increase in operational load. Such data

Table 3. Comprehensive positioning error data statistics
for sampling points.

Category 60 kg Load 120 kg Load
Mean 2.450 mm 2.845 mm
Standard 1.037 mm 1.044 mm
deviation

Error range 0.534 mm~6.044 mm 0.848 mm~6.323 mm

underscore the inherent challenges posed by heavier loads,
confirming the hypothesis that load intensification ad-
versely affects the robot’s positioning precision.

3 Accuracy compensation method based on
OOA-DNN

3.1 Osprey optimization algorithm (OOA)

The OOA, proposed by Dehghani [12] in 2023, simulates
the hunting behavior of ospreys and represents a swarm
intelligence optimization algorithm. In the OOA, each
osprey’s position represents a set of candidate solutions.
Through iterative optimization, the positions of the
ospreys are updated continually, aiming for the optimal
solution. The osprey population can be expressed using
matrix notation as in equation (5), with each osprey’s
position being randomly initialized as shown in equation

X1 1,1 T1j T1m
X=|X; [ =z - Tij - Tim (5)
XN TN1  TN;  TNm
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x;; = lbj + riﬁj(ubj - lbj),i =,.,.N,7=12..m. (6)

Here, matrix X is the population matrix of osprey
positions, Nisthe number of ospreys, and X;is the position of
the josprey. mis the number of variables in the optimization
problem, j represents the j variable, r;; is a random
number between [0,1], and [b; and ub; are the lower and
upper bounds, respectively, of the j variable’s search space.

The target function set of the osprey population can be
expressed using matrix F in equation (7).

Fy F(Xy)
P |m | = | F |. (7)
Fyvl | Pixy)

F; represents the target function value of the i osprey, with
the best value corresponding to the optimal candidate
solution. The positions of the ospreys are updated
iteratively within the search space based on the values
of the target function.

First Phase: Global Search. This phase models the
global search aspect of the OOA, simulating the natural
behavior of ospreys hunting fish. To adapt and update
flexibly in search of the best solution, each osprey considers
the position of other ospreys with better target function
values as "fish" underwater, determined by equation (8).

FP; = {Xi|ke{1,2, ..., N}IAF), < Fi}{Xpest}.  (8)

Here, FP;is the position set of the i th osprey, and Xj.y
is the position of the best osprey. Based on simulating the
osprey’s movement towards the fish for an attack, the new
position of each osprey is calculated using equations (9) and
(10). If the new position yields a better target function
value, it replaces the osprey’s previous position as indicated
in equation (11).

ol = wij+rij(SFiy— Lijwij), 9)
xfjl,lbj < xfjl < ub;
alt = Wy,all < , (10)

Pl .
ubj, z; ; > ub;

Pl Pl ,
Xi{xi i< Fi (11)

X, else

Here, a;f) ! represents the new position of the i th osprey
in the first stage, 27} is the size of its j th problem variable
to be optimized, an Ff ! is the objective function value of
the Osprey position. SF;; is the fish chosen by the i th
osprey, ;;is the random number within the interval [0,1],
and I I; ;is the number randomly chosen from the set {1,2}.

Second Phase: Local Search. Simulating the behavior of
ospreys carrying fish to a suitable location for consumption,
a new random position is calculated as the "suitable for
eating fish" position for the osprey, as shown in equations

J73
\ TIAERN AR :
775 SN 175X > i

input layer hidden layer output layer

Fig. 6. Network structure of the DNN.

(12) and (13). If this new position improves the target
function value, it supersedes the osprey’s prior position
according to equation (14).

1b; +7; i (ub; — Ib;
xsz = i+ ,J(t“ j J) 7 (12)
xf’?,lbj < :cfjf < ub;
JJ;DJQ = lbj, CL‘ZZZ < lbj s (13)
ubj,:rfj? > ub;
P2 ;P2
L FTC<F,
X, =4 % i 14
{Xi,else (14)

Here, 2 represents the new position of the ith osprey
in stage 2, z? is the size of the j th problem variable to be
optimized, F; 2 is the objective function value of the new
position of the osprey, and r;; is the random number in the
interval [0,1]. And ¢ is the iteration counter of the
algorithm, and T is the total number of iterations.

3.2 OOA-DNN algorithm

Deep Neural Networks (DNN) are models with multiple
layers of neural networks known for their robust non-linear
fitting capability. The structure of a DNN network, as
shown in Figure 6, comprises input, hidden, and output
layers. Each layer contains several neurons, with neurons
between layers fully connected to form a comprehensive
network. The network is optimized through backpropaga-
tion, updating weights and biases between neurons to refine
the DNN model.

The initialization of weights and biases in a neural
network is crucial for the algorithm’s convergence. Proper
initialization can facilitate rapid model convergence, while
poor initialization may lead to information loss in forward
propagation or gradient vanishing in backpropagation,
making the model difficult to train. Therefore, this paper
introduces the OOA-DNN algorithm, which employs the
OOA to obtain optimal initial weights and biases for the
DNN model, enhancing training effectiveness and conver-
gence speed, and boosting predictive accuracy. Flowchart
of the OOA-DNN algorithm is shown as in Figure 7.
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Fig. 7. Flowchart of the OOA-DNN algorithm.

The OOA-DNN represents DNN weights and biases with
the spatial positions of ospreys, using the mean squared error
of the OOA-DNN training set as the error function of the
OOA-DNN algorithm, as shown in equation (15).

1
f = ;Z (ytrue - yPTEd)Q’

(15)

Where y,, is the actual output of the training set, ypyeq is
the predicted output, and n is the number of training set
items.

Steps of the OOA-DNN Algorithm:

— Normalize sample data and divide it into training and
test samples.

— Initially determine the DNN network structure.

— Represent DNN weights and biases as the spatial
positions of ospreys to obtain optimal initial weights
and biases.

— Conduct iterative training and testing of the DNN.

— Save the predictive model if end conditions are met.

3.3 Verification and comparative analysis of the OOA-
DNN model compensation effect
3.3.3 Establishment of the error prediction model

This study uses the position coordinates (x, y, z) and
orientation angles (u, v, w) of the industrial robot as inputs,
with positioning error E (AEx, AEy, AEz) as the output, to
establish a prediction model mapping theoretical posture
data of industrial robots to positioning errors. The number
of hidden layers and neurons in the neural network is
critical for model design, directly affecting model perfor-
mance and learning capability.

To identify the optimal combination of hidden layer
numbers and neuron counts, Bayesian optimization is
employed for automatic parameter tuning, using the mean
squared error of the neural network on the training set as
the optimization target function. After 1000 iterations and
sorting the obtained data by the target function values, the
top 100 combinations of hidden layer numbers and neuron
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Fig. 8. Statistics of the number of occurrences of combinations.

Table 4. Algorithm parameters.

Parameter Setting
Population size 50
OOA iterations 200
Osprey position range [—1,1]

Adam algorithm
ReLU function
0.01

1000

Training set mean
squared error

Target optimization algorithm
Activation function

Initial learning rate

DNN iterations

Target function

counts were analyzed to determine the optimal combina-
tion. As shown in Figure 8, ten combinations emerged, with
the most frequent combination (6 hidden layers — 13
neurons) accounting for 42% of the cases. Based on this
statistical analysis, the optimal network structure for the
error prediction model was determined to be 6 hidden
layers with 13 neurons each.

3.3.2 Training of the error prediction model

To verify the accuracy compensation effect of the OOA-
DNN algorithm’s error prediction model for industrial
robots, data from 1500 sampling points generated using the
Latin hypercube sampling method in the robot’s sampling
space under a 60 kg load were used as training data for the
algorithm. The parameters of the algorithm are as listed in
Table 4, with the model evaluated based on the R? score of
the training set to determine the optimal model.

3.3.3 Comparative analysis of model compensation effect

To demonstrate the superiority of the OOA-DNN algo-
rithm proposed in this paper, an accuracy compensation
experiment was conducted on 100 point data within the
industrial robot’s working space. Four models were

compared: OOA-DNN model, DNN model, Particle Swarm
Optimized DNN model, and Extreme Learning Machine
model. The accuracy compensation effects of different error
prediction models in practical applications were evaluated.
The trained error prediction models were used to forecast
errors for 100 points, and the theoretical values of the point
data were adjusted inversely with their predicted position-
ing errors to obtain the coordinates after accuracy
compensation. Finally, the compensated point coordinates
were used as positioning commands for the industrial
robot, controlled via the robot’s controller, and the post-
compensation positioning errors were measured using the
laser tracking system.

The changes in comprehensive positioning errors before
and after compensation are shown in Figure 9, with the
statistical data of comprehensive positioning errors before
and after compensation listed in Table 5. After applying
the OOA-DNN algorithm model for accuracy compensa-
tion, the mean error of 100 points on the industrial robot
was reduced by 92.1%, the maximum error by 91.5%, and
the standard deviation by 91.0%. The mean error, error
range, and standard deviation were smaller compared to
those of the other three algorithm models after compensa-
tion, indicating that after accuracy compensation using
the OOA-DNN algorithm model, the positioning errors of
the industrial robot across 100 points were reduced, and the
distribution of positioning errors became more concentrat-
ed and stable, showcasing the superior performance of the
OOA-DNN algorithm model in accuracy compensation for
industrial robots.

4 Accuracy compensation method for OOA-
DNN model via transfer learning

Analyzing the positioning errors of industrial robots under
different loads reveals a high similarity in the distribution
patterns and trends of positioning errors. Based on this
characteristic, this paper proposes a transfer learning
method based on model parameters. The OOA-DNN
algorithm error prediction model trained under a 60kg
load serves as the source domain model for transfer
learning. A DNN algorithm establishes the error predic-
tion model as the target domain model for transfer
learning. As shown in Figure 10, by transferring the
parameters of the source domain model to the target
domain model and then fine-tuning the target domain
model based on sampling point data obtained from the
industrial robot under a 120 kg load, the model is adapted
to the target task.

4.1 Training strategy of the error prediction model
based on transfer learning

After transferring the source domain model parameters to
the target domain model, the training strategy for the target
domain is crucial for improving model performance and
adaptability. This paper investigates three training strate-
gies based on whether the transfer parameters are frozen
during the fine-tuning process of the target model: freezing
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Fig. 9. Comparison of integrated position error before and after model accuracy compensation of the four algorithms.

Table 5. Statistical data of comprehensive positioning errors before and after compensation using four algorithm

models.

Category Before After OOA-DNN  After PSO-DNN  After DNN After ELM
compensation compensation compensation compensation compensation

Mean value 2.464 mm 0.194 mm 0.262 mm 0.310 mm 0.471 mm

Standard deviation 1.083 mm 0.097 mm 0.128 mm 0.140 mm 0.256 mm

Error range

0.627~5.736 mm

0.039~0.486 mm

0.023~0.589 mm

0.080~0.933 mm

0.078~1.245 mm

7
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Fig. 10. Parameter migration based on the OOA-DNN error prediction model.

output layer




S. Wang et al.: Mechanics & Industry 26, 37 (2025) 9

The loss value of the training and test sets
varies with the number of iterations
R2 Score: 0.9217

training set
— testset

Lost value

200 300 400 500

iterations

(a) Freeze parameter

The loss value of the training and test sets
varies with the number of iterations
R2 Score: 0.9176

— training set
l test set
2.0 g
|
Q 1.54 |
i |
z |
Z |
S 104 |
0.5
0.0+ . . . . .
0 100 200 300 400 500
iterations

(b) No freezing of the parameters

Fig. 11. Image of iteration actions of training and test loss values.

transfer parameters, not freezing transfer parameters, and
freezing before unfreezing transfer parameters. Freezing
transfer parameters means keeping the parameters of the
source domain model unchanged during the fine-tuning of
the target domain model. The strategy of not freezing
transfer parameters allows for adjustments to the param-
eters of the source domain model during fine-tuning. In the
strategy of freezing before unfreezing transfer parameters,
the transfer parameters are initially frozen for fine-tuning,
and then unfrozen later in the training process for further
adjustments.

To compare the effects of the three transfer training
strategies, a training set size of 300 and 500 iterations per
training were set, conducting 20 training sessions for each
transfer learning strategy. The best R? score models from
each group represent the respective transfer learning
training strategy, as shown in Figure 11. Both strategies
showed effective training results, with the loss curves for
training and test datasets decreasing synchronously and
converging smoothly, indicating good adaptability of the
model to data variations and its ability to generalize well on
unseen test data without signs of overfitting or under-
fitting.

As both strategies converged by iteration 200, in the
freezing before unfreezing transfer parameters strategy,
transfer parameters were frozen when the iteration number
was less than 200, and unfrozen when it was greater than or
equal to 200, training all parameters of the model until
reaching 500 iterations, as shown in Figure 12. The loss
values for the training and test datasets tended to converge
between iterations 100 and 200, with no further decrease in
loss values. At the convergence stage of freezing transfer
parameters, a further drop in loss values can be observed
when the iteration number reaches 200, stabilizing around
iteration 300. This strategy achieved a better R* score than
the first two, indicating superior training performance.

The loss value of the training and test sets
varies with the number of iterations
R2 Score: 0.9789

— training set
\ test set

Lost value
[6)]

200 300 400 500

iterations

0 100

Fig. 12. Freeze before thawing the iteration change images of
migration parameter training and test loss values.

4.2 Validation and comparative analysis of the
compensation effect of transfer learning model

To investigate the training effects of the transfer learning
model with different training set sizes, this paper selected
10 groups of training sets of varying sizes, incrementing by
10 groups each time until reaching a total of 500 groups.
Fifty experiments were conducted across different training
set sizes, iterating 10 times for each. The best R? score
model from each iteration was selected as the representa-
tive. Results, as shown in Figure 13, display the trend of
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Fig. 13. The training effect of the transfer learning model
changes with the training set size.

training effects of the transfer learning model with the size
of the training set. It is observed that when the number of
training sets reaches 120 or more, the best R? scores can
reach above 0.95. A fifth-degree polynomial function fitted
using nonlinear least squares describes the data trend,
indicating that changes in the best R? scores become stable
when the size of the training set exceeds 150 groups,
suggesting that increasing the size of the training set
beyond this stage has a minimal impact on model
performance improvement.

To verify the superiority of the transfer learning
algorithm proposed in this paper, a model accuracy
compensation experiment was conducted on 100 point
data within the industrial robot’s working space,
comparing the transfer learning model trained with 150
data sets against the DNN model, evaluating the accuracy
compensation effects of models in practical applications.
Using the trained error prediction models, errors for 100
points were predicted, and the theoretical values of the
point data were adjusted inversely with their predicted
positioning errors to obtain coordinates after accuracy
compensation. Finally, the compensated point coordi-
nates were used as positioning commands for the
industrial robot, controlled via the robot’s controller,
and post-compensation positioning errors were measured
using the laser tracking system.

Changes in comprehensive positioning errors before and
after compensation are shown in Figure 14, with statistical
data of comprehensive positioning errors before and after
compensation listed in Table 6. After applying the transfer
learning algorithm model for accuracy compensation, the
mean error of 100 points on the industrial robot was
reduced by 91.9%, the maximum error by 89.9%, and the
standard deviation by 88.4%. The mean error, error range,
and standard deviation were smaller compared to those
after DNN model compensation, demonstrating that with
only 150 training data sets, the transfer learning algorithm
performs better.

Comparison of comprehensive position error before and after precision compensation

6.5 —e— Before precision compensation
—=— after transfer learning compensation

6.0 .
—=— after DNN compensation

55
50
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3.5
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0
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Point sequence number
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Fig. 14. Comparison of comprehensive position error before and
after accuracy compensation of transfer learning model and DNN
algorithm model.

5 Conclusion

This paper addresses the issue of increasing positioning

errors in industrial robots during heavy-load grasping and

handling tasks by proposing the OOA-DNN algorithm.

The experimental results show:

— After compensating for accuracy based on a model
trained with 1500 sets of data under a 60kg load, the
mean error of the industrial robot during heavy-load
grasping and handling tasks was reduced by 92.1%, the
maximum error by 91.5%, and the standard deviation by
91.0%. The mean error, error range, and standard
deviation were smaller compared to those after compen-
sation using the DNN model, Particle Swarm Optimized
DNN model, and Extreme Learning Machine model,
indicating superior compensation effects.

— In response to the issue that different mass loads can lead
to varying degrees of positioning errors in industrial
robots, a transfer learning-based accuracy compensation
method for heavy-load grasping and handling tasks using
the OOA-DNN algorithm model was proposed. Experi-
mental results show that after accuracy compensation
using the transfer learning algorithm model with 150 sets
of training data under a 120 kg load, the mean error of the
industrial robot was reduced by 91.9%, the maximum
error by 89.9%, and the standard deviation by 88.4%.
The mean error, error range, and standard deviation were
smaller compared to those after compensation using the
DNN model, demonstrating that with only 150 sets of
training data, the transfer learning algorithm performs
better. This significantly reduces the need for data
collection and enhances the efficiency of data gathering.
The transfer learning-based accuracy compensation
method for industrial robots during heavy-load grasping
and handling tasks, applied between different loads on
the same industrial robot, can be extended in future
research to include transfer learning-based positioning
accuracy compensation between different industrial
robots, further expanding its application scope and
reducing the work involved in data collection.



S. Wang et al.: Mechanics & Industry 26, 37 (2025) 11

Table 6. Statistical data of comprehensive positioning errors before and after compensation using OOA-DNN

algorithm.

Category Before compensation After transfer learning compensation After DNN compensation
Mean value 2.850 mm 0.230 mm 0.713 mm

Standard deviation 1.080 mm 0.125 mm 0.283 mm

Error range 0.967~5.528 mm

0.032~0.565 mm

0.250~1.742 mm
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