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Abstract: [Objective] There are several critical challenges in automated safflower harvesting, particularly the inefficien-
cies in path planning, suboptimal route quality, and limited decision-making capability under dynamic and complex envi-
ronments. To solve these issues, the problem was formulated as a three-dimensional traveling salesman problem and an en-
hanced reinforcement learning model named actor-critic reinforcement learning pointer network (AC-RL-PtrNet) was pro-
posed, specifically designed for deployment on intelligent safflower picking robots in agricultural settings. [Methods]
First, to address the inherent limitations of conventional attention mechanisms in dynamic environments with complex spa-
tial structures, an enhanced attention module was proposed based on the dynamic exponential moving average framework.
By combining multi-head attention, spatial distance encoding, and adaptive exponential smoothing, the improved design
allowed the model to better capture long-range dependencies and spatial context among safflowers. Meanwhile, to mini-
mize computational cost while preserving inference quality, a structured pruning approach was adopted, which selectively
removed redundant connections in the long short-term memory gates and fully connected layers. In parallel, the critic net-
work was redesigned to improve learning stability and accuracy. This was achieved through the inclusion of batch normal-
ization, residual feature aggregation, and a multi-layer value estimation head, all of which contributed to a tighter actor-
critic synergy during policy training. [Results and Discussions] To quantitatively assess the impact of each component,
ablation experiments were conducted across various configurations. The results confirmed that each module contributed
distinct benefits, while their combination yielded the highest improvements in both planning precision and inference effi-
ciency. This coordinated actor-critic design effectively enhanced both trajectory quality and decision stability, which were
critical in sequential robotic picking tasks. Experimental results also demonstrated that, compared with traditional swarm
intelligence algorithms particle swarm optimization (PSO), ant colony optimization (ACO), and non-dominated sorting ge-
netic algorithm, the proposed AC-RL-PtrNet model achieved a planning time improvement ranging from -2.63% to
61.87% on the 25-target dataset and from 22.93% to 59.1% on the 31-target dataset. Meanwhile, the optimized paths were
significantly shortened across different planning instances, indicating robust generalization capability under varied prob-
lem scales. Furthermore, field experiments provided concrete validation of the model's practical applicability. When de-
ployed on a mobile picking robot in real safflower fields, the AC-RL-PtrNet achieved a 9.56% reduction in path length and
5.43% time saved for a 25-target picking task, and a 20.17% path reduction and 29.70% time saving for a 31-target scenar-
io involving a different safflower variety. Overall, these results all indicated that the proposed method exhibited significant
advantages in enhancing path planning efficiency and optimizing path quality. [Conclusions] This study offers a practical
solution for achieving efficient and robust automatic picking by safflower picking robots and provides new insights into

solving 3D combinatorial optimization problems.
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0 Introduction

Safflower (Carthamus tinctorius L.), a distinctive
economic crop with medicinal, culinary, and industrial
value, has witnessed a significant increase in its mar-
ket value"™. As one of the primary producers of saf-
flower, China, particularly the Xinjiang Uygur Autono-
mous Region (Xinjiang region), has emerged as a core
supply center™?. To enable efficient picking within the
plant's growth cycle, mechanized picking has become
a prominent focus of research®”. In particular, the ap-
plication of robotic technologies offers promising solu-
tions for the automated picking of safflower filament”.

To address the sequencing problem encountered
in the picking point planning process of safflower pick-
ing robots, it is essential to recognize its inherent simi-
larity to the traveling salesman problem (TSP). The
TSP aims to determine the shortest path that visits a
set of designated locations exactly once before return-

o121 Drawing on this principle,

ing to the starting poin
a combinatorial optimization model based on the three-
dimensional traveling salesman problem (3D TSP)
was developed for safflower picking. Traditionally,
swarm intelligence algorithms have been widely em-
ployed to solve TSP-related problems"* ', UTAMIMA
and REINERS" proposed a hybrid algorithm combin-
ing genetic algorithm (GA), tabu search (TS), and ant
colony optimization (ACO), which effectively ad-
dressed the path planning problem in multi-field and
multi-machine agricultural scenarios. The method re-
duced travel distance by an average of 16.21% com-
pared to traditional approaches and significantly short-

ened computation time. GAO et al."”

proposed an im-
proved particle swarm optimization (PSO) for apple
picking robot path planning, which enhanced obstacle
avoidance and significantly improved picking efficien-
cy. FANG et al."” proposed a spraying path planning
method based on the vector modeling method, which

effectively ensures full boundary coverage while mini-

mizing redundant overlaps and turning points. This ap-
proach significantly improved the operational efficien-
cy and coverage precision of unmanned helicopter pes-
ticide spraying tasks. These algorithms simulated the
collective behavior mechanisms observed in nature,
enabling them to find near optimal solutions. Howev-
er, as the number of individuals increases, swarm intel-
ligence algorithms must recompute the path from
scratch for each iteration. This leads to low computa-
tional efficiency in dynamic environments, rendering
them less suitable for safflower picking tasks.

In contrast, reinforcement learning (RL) offers
the advantage of offline learning"*"”. By training on
simulated data, RL models can acquire efficient path
planning strategies™. In the context of safflower pick-
ing, RL models can rapidly adapt to changes in the
number of target flowers, thereby enhancing picking
efficiency, flexibility, and robustness. For example,
ZHANG et al. ®" proposed a model-based temporal
proximity soft actor-critic algorithm, integrating a long
short-term memory (LSTM) model to optimize the
maize threshing process by enhancing threshing quali-
ty and reducing damage rates. YANG et al.”” proposed
a path planning method for agricultural robots based
on an improved RL approach. By integrating a residu-
al network structure with a multi-step temporal differ-
ence error mechanism, the method significantly im-
proved real-time decision-making capabilities in dy-
namic environments. However, its collaborative opti-
mization of perception and obstacle avoidance in three-
dimensional complex terrains, such as densely planted
crop areas, requires further investigation. LIN et al.”™”
developed a path planning framework based on recur-
rent deep deterministic policy gradient, in which an
LSTM structure was used to retain historical state in-
formation, and continuous action outputs enabled colli-
sion free path generation. This method demonstrated
superior obstacle avoidance and path stability under
dynamic conditions, although its computational com-
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plexity remains relatively high, leaving room for opti-
mization in large-scale picking scenarios. Despite
progress in applying deep reinforcement learning to
agricultural path planning, several challenges persist
in handling complex and dynamic environments, in-
cluding inadequate state representation, insufficient re-
al time responsiveness, and low training efficiency.

To address these issues, researches have recently
begun integrating pointer network architectures with
RL™. The RL pointer network processes input se-
quences directly and outputs optimized decision se-
quences. This not only improves state representation
but also leverages offline learning to reduce computa-
tional costs during online inference. BELLO et al.™
were the first who introduced RL via policy gradient
methods into pointer networks to TSP in an end-to-
end, unsupervised learning setting. GU and YANG™
proposed a deep learning framework based on pointer
networks trained with a hybrid strategy combining su-
pervised learning and reinforcement learning to solve
the NP-hard Max-Cut problem. Their results demon-
strated that deep neural networks can effectively ap-
proximate solutions to large-scale combinatorial opti-
mization problems. However, applying such models di-
rectly to safflower picking where target distributions
change rapidly still suffers from suboptimal real-time
decision making efficiency, primarily due to excessive
search space and the resulting computational latency.
To address this, LIN et al.”” proposed an enhanced RL
pointer network structure with a refined sequence plan-
ning strategy, which effectively reduced the computa-
tional burden in high-density environments and im-
proved the rationality of picking sequences. Compared
to traditional optimization methods, their approach re-
duced the average path length by 11.3% and achieved
a 2.4x improvement in inference speed, highlighting
the efficiency advantages of reinforcement learning in
complex agricultural scenarios. Nevertheless, due to
the unique growth patterns and picking requirements
of safflower, real-world applications still face challeng-
es such as dynamically changing flower distributions
and complex picking paths. Although the aforemen-
tioned studies have progressively enhanced the perfor-
mance of RL-based pointer networks in combinatorial
optimization tasks, key limitations remain: Excessive
path redundancy in dynamic environments, limited
spatial search capacity of conventional pointer net-
works, reduced decision-making efficiency, and pro-

longed inference time. These issues are particularly
critical in robotic safflower picking, where the spatial
layout of targets is non-uniform and decision latency
directly impacts task success. Moreover, insufficient
coordination between the actor and critic networks
can lead to unstable training and suboptimal policy
convergence.

To address the aforementioned challenges, an ac-
tor-critic reinforcement learning pointer network algo-
rithm (AC-RL-PtrNet) was developed for safflower
picking scenarios. In this framework, three main en-
hancements were designed. First, an enhanced dynam-
ic exponential moving average (DEMA)-based atten-
tion module with distance encoding was introduced,
enabling more effective modeling of both local and
global spatial structures among safflower targets. Sec-
ond, a structured pruning strategy was applied to
LSTM gates and dense layers to reduce network redun-
dancy and inference latency, while preserving decision
performance under dense or dynamically changing
picking configurations. Third, the critic network was
restructured with input normalization, compact non-
linear layers, and residual connections, allowing
more stable value estimation and improved actor-crit-
ic optimization during policy learning in complex
field environments.

1 Materials and methods

1.1 Data preparation

1.1.1 Safflower
principle

picking robot and working

In this study, a safflower picking robot based on a
parallel robotic arm was employed. The system con-
sists of a high-clearance mobile chassis, a parallel ro-
botic arm, an end effector, a negative pressure safflow-
er filament collection module, a visual recognition sys-
tem, and a control system. The overall dimensions of
the robot are 1 600 mmx1 280 mmx1 400 mm
(lengthxwidthxheight), and the operational workspace
of the parallel robotic arm is defined by a cylindrical
volume with a radius of 300 mm and a height of
300 mm. The working principle of the parallel safflow-
er picking robot is illustrated in Fig. 1. During each
picking task, the robot first identifies and localizes the
safflower filament using its vision system and image

[28

processing algorithms™. The detected coordinates are

then transformed from the camera coordinate frame to
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the robotic arm coordinate frame. Subsequently, the
optimal sequence is determined using a path planning
algorithm. Finally, as shown in Fig. 1c and Fig. 1d, the
robotic arm follows the planned trajectory under the

control of the onboard system. The end effector, in
conjunction with the negative pressure safflower fila-
ment collection module, performs the picking and col-
lection of the safflower filament.

a. Coordinate Transformation in
Visual Systems

d. Completion of a
Single Harvesting Task]

b. Harvesting
— Sequence Planning

Arm to the Optimal Position

Fig. 1 Flowchart of safflower picking by parallel robot

1.1.2 Safflower data

During the safflower picking season from July to
September, a field survey was conducted in Jimusaer
county, Xinjiang. The investigation revealed that saf-
flower is cultivated in rigid rows, with an inter-row
spacing of 600 mm and an intra-row plant spacing of
150 mm, respectively. Within the reachable workspace
of a single robotic arm, the number of safflower capitu-
la was statistically found to range between 31 and 50.
Based on this, 40 flower heads were chosen as a repre-
sentative reference for training and evaluation.

Table 1 to Table 3 present the spatial distributions
and corresponding coordinate points of 25, 31, and 43
safflower targets, respectively. To construct the datas-
et, a binocular stereo vision system mounted on an ac-
tual safflower-picking robot was employed. As illus-
trated in Fig. 2, the system first captured RGB images
of safflower plants under field conditions. These in-
cluded scenarios with both occluded and non-occluded
safflower heads. The image recognition and localiza-
tion algorithm then processed the images and comput-
ed the corresponding 3D coordinates of each detected
safflower head. The recorded values represent the
three-dimensional positions (X, Y, Z) of the safflower
heads relative to the stereo camera's reference frame.
To enhance computational efficiency and enable more
stable learning during model training and inference, all
spatial coordinates were further normalized to a [0, 1]
range after acquisition. This normalization ensures
consistent input scaling and facilitates the decision-

making process of the reinforcement learning model.
The resulting dataset serves as a real-world test set
that simulates irregularly distributed picking targets,
providing a robust benchmark for evaluating the pro-
posed path planning algorithm under complex spatial
conditions.

1.2 Combinatorial optimization problem for-
mulation

Input definition: For the three-dimensional travel-
ing salesman problem (3D-TSP), the input is defined
as a set of 3D coordinates representing the positions of
safflower filaments, denoted as X ={ x,x,,*-,xy},
where x, = (x},x7,x}) € R’ indicates the spatial loca-
tion of the i-th safflowers.

Output definition: The model aims to output a vis-
iting sequence 7 = (7, @,, -+, y ), which satisfies the
Hamiltonian circuit constraint , that is, each point is
visited exactly once and minimizes the total tour

length, defined as Equation (1):
N
L(7r)=z|| x, —x, [P (1)
t=1

Where, L(7) denotes the total tour length; N is
the total number of points.

Fig. 3 provides a detailed illustration of the pro-
cess in which the safflower data, serving as the prob-
lem input, is processed by a RL pointer network model
based on the actor-critic architecture, ultimately result-
ing in the output of the picking sequence.
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Table 1 Spatial distribution and 3D coordinates of 25 safflower targets

Spatial distribution Label Coordinate points Label Coordinate points

1 (0.370 85, 0.225 16, 0.845 60) 14 (0.107 30, 0.718 10, 0.351 90)
. _ . . 2 (0.2607 1, 0.3415 2, 0.684 10) 15 (0.444 20, 0.735 80, 0.791 80)
A | i i 3 (0.150 57, 0.274 46, 0.719 60) 16 (0.668 30, 0.909 50, 0.713 80)
% ® 4 (0.083 69, 0.296 23, 0.402 10) 17 (0.829 70, 0.785 10, 0.691 60)
) ° .‘:033 A 5 (0.091 51, 0.540 71, 0.899 40) 18 (0.773 30, 0.714 30, 0.719 50)
K ) . ® ) ¢ wi 6 (0.407 40, 0.517 10, 0.910 40) 19 (0.794 20, 0.560 00, 0.591 80)
' * & : o 7 (0.549 00, 0.278 40, 0.820 40) 20 (0.896 50, 0.643 30, 0.628 80)
“3 ‘ ¢° (0.608 00, 0.065 50, 0.524 90) 21 (0.942 30, 0.594 00, 0.613 50)
Py I . ° 9 (0.820 50, 0.177 80, 0.694 80) 22 (0.938 50, 0.692 60, 0.634 90)
3 * o 10 (0.619 90, 0.457 80, 0.710 90) 23 (0.968 60, 0.824 70, 0.490 60)
g ‘ 11 (0.551 69, 0.434 36, 0.694 90) 24 (0.841 50, 0.897 50, 0.391 80)
. 12 (0.529 40, 0.564 48, 0.701 90) 25 (0.801 60, 0.962 40, 0.361 80)

13 (0.284 33, 0.649 31, 0.872 60)

Table 2 Spatial distribution and 3D coordinates of 31 safflower targets
Spatial distribution Label Coordinate points Label Coordinate points

1 (0.031 29, 0.153 36, 0.352 20) 17 (0.670 69, 0.953 60, 0.498 40)
2 (0.195 88, 0.113 25, 0.634 10) 18 (0.676 65, 0.848 85, 0.684 30)
3 (0.345 74, 0.266 43, 0.769 10) 19 (0.701 89, 0.865 28, 0.642 40)
N g ) é 3 4 (0.417 69, 0.398 49, 0.586 40) 20 (0.797 98, 0.896 00, 0.891 50)
2 3 ® Y qu 5 (0.170 80, 0.548 25, 0.781 10) 21 (0.766 78, 0.708 47, 0.688 10)
K ® .g > 6 (0.273 79, 0.629 54, 0.697 40) 22 (0.812 71, 0.784 00, 0.581 70)
\( o I: 7 (0.100 57, 0.739 19, 0.826 40) 23 (0.853 47, 0.841 81, 0.724 50)
NS 3 8 (0.024 39, 0.693 11, 0.597 60) 24 (0.944 39, 0.759 25, 0.573 90)
x - e . 9 (0.092 73, 0.861 65, 0.837 10) 25 (0.919 31, 0.683 73, 0.649 20)
S o ® e ) 10 (0.051 98, 0.953 60, 0.887 40) 26 (0.968 68, 0.692 05, 0.637 40)
& ® OIZ_m 11 (0.187 26, 0.958 50, 0.682 74) 27 (0.878 55,0.613 11, 0.695 20)
o 0.4 12 (0.264 38, 0.914 77, 0.599 40) 28 (0.852 53, 0.497 48, 0.673 30)
b s S 4 5 = 13 (0.473 02, 0.967 90, 0.726 40) 29 (0.971 19, 0.255 98, 0.488 40)
14 (0.527 73, 0.798 08, 0.822 40) 30 (0.81271,0.277 10, 0.683 30)
15 (0.582 28, 0.953 60, 0.742 70) 31 (0.730 42, 0.069 73, 0.268 40)

16 (0.599 52, 0.966 62, 0.705 60)

1.3 Overview of the RL pointer network
based on the actor—critic architecture

In solving combinatorial optimization problems,
the integration of RL with pointer networks has dem-
onstrated powerful modeling and decision-making ca-
pabilities. This approach adopts an end-to-end learning
paradigm, enabling the autonomous exploration of
high-quality path planning strategies in unknown envi-
ronments. This section sequentially presents the
LSTM based encoder-decoder architecture, the formu-

lation of the Markov decision process (MDP), the poli-
cy gradient method, and the specific implementation
of the actor-critic dual network collaborative optimiza-
tion within this framework.

1.3.1  Encoder—decoder architecture

1) Encoder: Spatiotemporal feature extraction
with LSTM traditional sequence modeling methods
struggle to capture complex spatial relationships in
three-dimensional space. In this study, an LSTM net-
work was employed to process the input state se-
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Table 3 Spatial distribution and 3D coordinates of 43 safflower targets
Spatial distribution Label Coordinate points Label Coordinate points
1 (0.066 90, 0.944 80, 0.220 69) 23 (0.958 28, 0.501 20, 0.077 57)
2 (0.272 09, 0.007 86, 0.789 90) 24 (0.978 76, 0.869 70, 0.144 32)
3 (0.291 00, 0.675 90, 0.498 20) 25 (0.413 78, 0.755 43, 0.050 40)
4 (0.274 50, 0.580 01, 0.828 09) 26 (0.280 54, 0.011 32, 0.336 20)
5 (0.387 98, 0.546 18, 0.486 30) 27 (0.236 89, 0.745 04, 0.409 20)
6 (0.026 03, 0.840 90, 0.239 20) 28 (0.970 50, 0.141 88, 0.509 40)
7 (0.017 18, 0.414 45, 0.101 10) 29 (0.881 24, 0.569 85, 0.649 90)
{ i i 2 i g; 8 (0.927 67, 0.631 05, 0.318 80) 30 (0.58291, 0.902 41, 0.734 50)
) L ).)O ‘.;“ p 9 (0.371 76, 0.722 19, 0.901 90) 31 (0.662 84, 0.021 60, 0.092 40)
] ° 3 10 (0.269 97, 0.768 43, 0.741 02) 32 (0.204 40, 0.369 01, 0.800 06)
06 X - ¢ o . o 11 (0.725 02, 0.085 77, 0.862 82) 33 (0.169 60, 0.898 20, 0.854 90)
. Aol . 12 (0.559 95, 0.614 29, 0.183 17) 34 (0.839 21, 0.173 10, 0.265 33)
“ H “ e o : ¢ .S .zé.ﬁ : 13 (0.884 94, 0.752 67, 0.490 53) 35 (0.513 48, 0.998 80, 0.585 30)
N | o % s 14 (0.783 94, 0.016 53, 0.096 84) 36 (0.033 25, 0.672 79, 0.615 30)
) gi ) = ) 15 (0.787 99, 0.435 66, 0.371 51) 37 (0.549 80, 0.890 58, 0.660 40)
R - * 16 (0.122 35, 0.477 45, 0.504 56) 38 (0.298 60, 0.111 27, 0.308 30)
17 (0.297 22, 0.291 65, 0.551 51) 39 (0.636 40, 0.499 50, 0.296 30)
18 (0.321 45, 0.471 07, 0.879 74) 40 (0.824 54, 0.998 80, 0.981 20)
19 (0.831 73, 0.542 33, 0.048 44) 41 (0.971 44, 0.608 50, 0.847 90)
20 (0.105 04, 0.866 72, 0.470 37) 42 (0.372 60, 0.688 90, 0.952 72)
21 (0.048 52, 0.678 90, 0.475 20) 43 (0.611 60, 0.412 78, 0.091 30)
22 (0.344 70, 0.201 90, 0.167 13)
Image o ;. 5 .
recognition and — . s .
localization e )
algorithm ° .

b. non-occlusion

*:

Output

quence. Leveraging its recurrent structure, the LSTM
can progressively integrate spatial neighborhood infor-

mation across layers'

29

Fig. 2 Workflow of vision-based safflower recognition and localization system

]

. Given an input sequence X,

hee = LSTM (x,, b, )
Where, LSTM(*) denotes the LSTM network

(2)

the encoder generates a sequence representation by
recursively computing the hidden states, as shown in

Equation (2):

used to update the decoder state; A{"“denotes the hid-
den state corresponding to the #-th coordinate, which
captures the contextual information of all picking
points from the beginning up to the current step. After
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Fig. 3 The process of modelling input to output of AC-RL-PrtNet

processing by the encoder, all hidden states are aggre-
gated into a matrix, which serves as the input for the
subsequent attention mechanism and decoding pro-
cess. The initial hidden state Ay was set to a zero vec-
tor. To determine an appropriate hidden layer dimen-
sion, an ablation study was conducted with three con-
figurations: 64, 128 and 256. The models were evaluat-
ed based on total training time, best path length
achieved, and model size. As shown in Table 4, the
configuration with 128 hidden units achieved the best
trade-off between optimization quality and computa-
tional cost. Therefore, a hidden size of 128 was adopt-
ed in the final model design.

Table 4 Ablation results for hidden state dimension

Hidden dim  Training time/s Best path Model size/MB
64 1672 11.856 4.251
128 1998 11.414 4.462
256 2920 11.186 5.282

2) Decoder: The decoder adopts an attention-driv-
en LSTM structure, which takes as input the output
from the previous time step and utilizes the contextual
information produced by the encoder to generate an ac-
tion probability distribution. The initial hidden state of
the decoder,d, = hy°, was set to the final hidden state
of the encoder. The decoding process at time step ¢ in-
volves the following steps:

(a) Attention weight calculation is shown in
Equation (3) :

u,, = v tanh (W, h" + W,d,_,) (3)

Where, W, W, e R"*‘, v € R’ are learnable pa-
rameters; /" denotes the hidden state of the encoder
at position; i and d denotes the hidden layer dimension.

(b) Probability distribution generation is shown in
Equation (4):

P(n[:i|n1:,,l,X):softmax(u,,i) (4)

Where, P(n, =iz, .. 1,X) denotes the probabili-

ty of selecting node i at step ¢, conditioned on the pre-

viously visited sequencer,,_, and the input feature
set X.

(c) State update is shown in Equation (5):

d, = LSTM (Embedding(z,),d,_,) (5)

Where, d,_, represents the hidden state of the de-
coder at the previous time step, and Embedding(-)
maps the index of the selected node to an embedding
vector. To prevent repeated visits, a masking mecha-
nism is employed during the calculation of P (7, = i),
where the logits corresponding to already visited
nodes are assigned a value of —oo, thereby ensuring

that only feasible paths are generated.
1.3.2 MDPmodeling

RL enables agents to interact with their environ-
ment to learn optimal strategies. In the context of the
TSP, the problem solving process can be formulated as
a MDP. Specifically, the state space is defined as the
set of unvisited safflower coordinates at each step. For
example, the state at time step ¢ is defined as: s, =
{ x,.|i ¢ m,,_, } indicating the set of nodes not yet visit-
ed up to step ¢. Transitions between states correspond
to selecting an unvisited node to visit next. For in-
stance, given the current state s, executing an action
(selecting a new target node) results in the next state:
S = s\ Xk

In the reinforcement learning framework, the re-
ward function is defined based on the negative Euclid-
ean distance between consecutive nodes, as shown in
Equation (6):

ro==1Ix, -x, [P (6)

Where, 7., = m, represents the return to the
starting node. The immediate reward r», denotes the
negative squared Euclidean distance between two con-
secutive nodes. The total return R(x) is the negative
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sum of travel distances along the path as Equation (7):
N

R(z)=>r,=-L(x) (7)

t=1

Where, L(7) denotes the length of the current
path under policy 7.

To guide the agent's behavior, a neural network
based on parameterized stochastic policy function is
adopted as Equation (8):
s,)=P(n',=i’n'1:,_1,X) (8)

my(a,

Where, X represents the set of all safflower coor-
dinates; n(,(a1|s1) denotes the stochastic policy parame-
terized by 6, which gives the probability of selecting
action «, under the current state s,. The policy outputs
a probability distribution over the available actions
(unvisited nodes) and determines the likelihood of se-
lecting each one at the current step.

By combining the policy network with a value
function estimator, the training is performed using the
advantage actor-critic algorithm, which allows for effi-
cient gradient based policy optimization.

1.3.3 Policy gradient method

The policy gradient method optimizes the policy
parameters € directly to maximize the expected cumu-
lative reward. The core idea is to increase the probabil-
ity of actions leading to high-return trajectories, while
suppressing those associated with lower returns. The
objective function is defined as the expected return, as
shown in Equation (9):

J(0)=E,[R(n)] (9)

Where,J (0) denotes the expected cumulative re-
ward under policy 7,; 8 represents the learnable param-
eters of the policy network.

According to the policy gradient theorem"™, the
gradient can be written as shown in Equation (10):

v,J(0)= E,{ivo log no(a, s, ) - 0"(s,, a,)] (10)

Where, O™(s,,a,) denotes the action-value func-

tion under policy 7,, representing the expected return
after taking action q, in state s,. Since directly comput-
ing Q requires trajectory rollout, which is computation-
ally expensive, it is often approximated by the empiri-
cal return, as shown in Equation (11):

0"(s.a,)= irk (11)

Thus, the gradient update can be simplified as
shown in Equation (12):

N N
zvﬁlog m,(alls!) - (zrg) (12)
=1 k=t

Where, B is the batch size. However, this estima-
tion often suffers from high variance, which may hin-
der stable convergence. To mitigate this issue, a base-
line function was introduced to reduce variance with-
out biasing the gradient, as expressed in Equation (13):

N
v,J(0)= E,{EV” log no(af‘ st) . (Q””(s,, a,)-
=1

b(s,))} (13)

1.38.4 Actor—critic architecture and policy

To address the complexity of 3D safflower pick-
ing, this study adopts a collaborative optimization
framework based on the actor-critic architecture. The
agent interacts with the environment to continuously
improve its policy without requiring accurate labeled
data. The overall interaction between the environment,
the actor network, and the critic network is illustrated
in Fig. 4, which demonstrates the flow of information,
decision making, and policy update processes in-
volved in this reinforcement learning framework.

The actor network is implemented using a pointer
network, essentially serving as a parameterized policy
function responsible for generating the probability dis-
tribution over actions for dynamic path planning (as in
Equation (4)). In the context of the 3D TSP, the actor
leverages the attention mechanism in the decoder (as
described in Equation (3)) to capture global spatial fea-
tures extracted by the encoder. It then combines these
features with the current state to produce a prioritized
ranking of candidate nodes. Unlike traditional greedy
algorithms, the actor selects the next node through
probabilistic sampling. For example, during training, a
multinomial distribution is used to sample actions, en-
suring sufficient exploration of the solution space. The
policy gradient signal in reinforcement learning (as de-
fined in Equation (12)) directly influences this proba-
bility distribution, increasing the likelihood of actions
associated with high-reward trajectories while sup-
pressing the generation of inefficient paths.

The critic network ¥,(s) functions as an indepen-
dent evaluation module, responsible for estimating the
expected return £ |:R(7r)| s,:| under the current state s,

and policy z,. Structurally, it resembles the encoder,
but employs a parameter separated LSTM network
(nonshared with the actor encoder). By aggregating
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Fig. 4 An interactive actor-critic decision framework for 3D safflower picking tasks

the hidden representations of unvisited nodes (as in
Equation (2)), the critic produces a global value repre-
sentation. A key role of the critic is to provide a dy-
namic baseline (Equation (3)), which transforms the
original Monte Carlo return R(x) into the advantage
function, as shown in Equation (14):

A(s,a,)=R(x)- Vs, (14)

Where, A(s,.a,) denotes the advantage of taking
action «, at state s, under policy 7; V¢( s,) represents
the critic's estimate of the expected return from state s,
with parameters . This formulation effectively reduc-
es the variance of gradient estimation and enhances
the stability of policy optimization.

The critic loss function aims to minimize the
mean squared error between the predicted value func-
tion ¥,(s) and the actual expected return, thereby driv-
ing V,(s) to approximate the expected return more ac-
curately, as defined in Equation (15) :

B

L,.= %Z(R(nf) - V¢(s))2 (15)

Where, R(7') is the total return of the i-th sam-
pled trajectory.

The actor loss function maximizes the advantage
weighted log probability (Equation (16)), adjusting the
policy optimization direction based on the advantage

value:
N

L., = —éiz/l(ﬂf) - log ng(a;" Sﬁ) (16)

i=1t=1
Where, A(x') denotes the advantage function of
the i-th trajectory; the operator log refers to the natural
logarithm applied to the policy probability, which is
used to compute the policy gradient in the actor-critic
framework.

2 Algorithm improvement

In the original RL based pointer network for path
planning, the attention mechanism adopts a classical
singlehead linear transformation structure. However,
this design suffers from the following issues:

1) Static weight allocation: All safflower posi-
tions share the same attention computation logic, mak-
ing the model prone to focusing on local optima rather
than the global optimal path.

2) Limited representational capacity: A single at-
tention head struggles to simultaneously capture effi-
cient traversal patterns in dense regions and the priori-
ty features of edge positioned flowers. When the flow-
er density varies significantly in the central region, the
traditional mechanism often produces intersecting
paths with repeated coverage rates as high as 15%-~
20%"".

3) Slow inference and decision making: The mod-
el exhibits latency during path generation.

To address these issues, this chapter replaces the
original attention mechanism with a DEMA attention,
which enhances the model's ability to capture spatial
information. Additionally, pruning techniques are ap-
plied to the LSTM network to further improve infer-
ence efficiency and overall model performance.

2.1 Dynamic exponential moving average
attention mechanism

The introduction of the EMA-based attention
mechanism enables the model to balance current obser-
vations with historical attention trends, thereby en-
hancing temporal stability, smoothing attention distri-
butions, and improving robustness in dynamic spatial
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environments®™. As illustrated in Fig. 5 for the im- 2.1.2 Incorporation of distance encoding

proved DEMA, to improve spatial sensitivity, the im-
proved DEMA attention mechanism incorporates dis-
tance encoding directly into the computation process.
Initially, the input undergoes multi-head partitioning,
during which spatial distance information is embedded
to enrich feature representation. This is followed by an
adaptive reweighting phase driven by dynamic expo-
nential moving average calculations. Subsequently, a
nonlinear projection layer refines the aggregated con-
text into the final attention output. Through the integra-
tion of present contextual cues, temporal dynamics,
and spatial layout, the module is better equipped to
model inter-flower relationships and generate more
precise path planning outcomes. The key components
of this improved attention pipeline are elaborated in
the subsequent subsections.
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Fig. 5 Computational flow of the DEMA attention mechanism

2.1.1 Redefinition of multi head self attention

The improved attention module divides the em-
bedding dimensions into multiple subspaces, enabling
the model to capture diverse environmental features
in parallel, such as sharp distributional changes and
local density variations. Meanwhile, a dynamic decay
parameter is initialized and constrained within a pre-
defined range to balance the influence of the current
attention with that of the historical global average at-
tention.

To incorporate spatial topology information into
the attention mechanism, a distance-encoding module
was introduced. Specifically, the Euclidean distances
between flower positions are used as additional inputs,
transformed into vector representations through a lin-
ear projection, and then fused with the query vectors
to compute the attention scores. It is as follows Equa-
tion (17):

W(di/) =

Where, d; denotes the Euclidean distance be-
tween the i-th and j-th safflower positions, W, repre-

W,-d,+b, e R (17)

sents the learnable projection weight matrix, b, € R%
is the corresponding bias vector.

This design enables the attention weights to re-
flect not only semantic similarity but also spatial dis-
tance, thereby enhancing the model's ability to capture
relative positional relationships between flowers in
path planning.

2.1.3 Adaptive EMA weight adjustment

Traditional attention mechanisms typically rely
solely on the current state to compute attention scores,
without incorporating historical statistical information.
To address this, an adaptive EMA weight adjustment
strategy is introduced, defined as in Equation (18):

EMA_weights") =, - atn + (1 - B,) - attn(18)

where, f, is a dynamic decay factor, and attn'" rep-
resents the attention scores at the current step. Specifi-
cally, attn" represents the attention scores from the
previous time step ¢ — 1 to make S, responsive to spa-
tial layout variations. It is defined as a function of lo-
cal target density, as shown in Equation (19):

1

by Y P
Where, p, represents the spatial density of picking

(19)

targets around the current query position at time stepz,
and y is a tunable scaling parameter. This formulation
allows the model to emphasize past attention in high-
density regions (smaller f,) while prioritizing current
observations in sparse areas (larger f,), thereby en-
hancing stability and adaptability in dynamic environ-
ments. This EMA-based adjustment balances the cur-
rent state with past attention trends, enabling the mod-
el to adaptively respond to abrupt environmental
changes, maintaining a more stable and globally aware
attention distribution. This leads to smoother and more
effective path planning.
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2.1.4 Nonlinear transformation of output
The EMA-adjusted attention scores are used to
compute a weighted sum of the value vectors, produc-
ing the attention context, as shown in Equation (20):
Context, = zEMA_weighls’ -V, (20)
7

Where, Context; represents the attention context
at time step t; EMA_weights' denotes the EMA-adjust-
ed attention weights; ¥, refers to the value vectors as-
sociated with each input.

The resulting context vector is then passed
through a nonlinear transformation using a ReLU acti-
vation to enhance feature representation, as shown in
Equation (21):

z=Re LU(WM1 - Context + b,,,,,l)
Output =W, -z+b

(21)

out2

The terms W,,,,W,.,, and b,,,,b,,., denote the
weights and biases of the first and second fully con-
nected layers, respectively. This nonlinear transforma-
tion further enhances the feature composition capabili-
ty, enabling the network to better capture complex in-
ter object relationships in the picking task.

2.2 Network pruning

In recent years, the increasing complexity and
computational cost of deep neural network models
have become major challenges. To reduce the con-
sumption of computational resources without signifi-
cantly compromising model performance, network
pruning techniques have been extensively studied™ **.
Among them, structured pruning has attracted consid-
erable attention due to its ability to directly eliminate
redundant structures in the computational graph, there-

B33 In this work,

by facilitating hardware acceleration
a structured pruning method is proposed for the gated
architecture of LSTM networks, focusing on pruning
the input and output gates. Additionally, L1-based
pruning is applied to the fully connected layers, aim-
ing to reduce model parameters and accelerate infer-
ence.

2.2.1 LSTM gate importance based pruning
strategy

Given the structural characteristics of LSTM com-
ponents in recurrent neural networks, this pruning
strategy selectively targets the input and output gates,
where parameter redundancy is notably more preva-
lent. This decision is grounded in the following theo-
retical considerations:

(1) Parameter distribution analysis: Examination
of the gate weight matrices indicates a heavy-tailed
distribution, particularly within the input and output
gates, suggesting that many weights contribute mini-
mally to the model's expressive capacity.

(2) Criticality of the forget gate: Empirical evi-
dence from initial tests shows that even small perturba-
tions in the forget gate's parameters can lead to a
marked drop in performance, implying that its preser-
vation is essential for maintaining temporal stability.

(3) Functional complementarity: The input and
output gates are responsible for encoding and exposing
temporal information, respectively. Their interdepen-
dent functions permit synchronized pruning without
compromising the LSTM's representational capability.
2.2.2 Structured pruning implementation for

gate structures

For a given weight matrix W (i.e., W, or W,,)
and the selected gate indices g C {1,---,4h}, the prun-
ing procedure is carried out as follows. First, deter-
mine the range of gate indices for the input gate g,, =
{1, ---, h} and the output gate g,,, = {34 + 1, ---, 4h}.

Next, the pruning threshold is computed. For the
selected gate, let W, denote the corresponding weight
parameter vector, and define the pruning ratio. The
number of parameters to be pruned is given by Equa-
tion (22):

k=[a-|w,]] (22)

Where, k is the number of pruned parameters,
and o represents the pruning ratio that determines the
overall sparsity level.

The pruning threshold 7 is computed as the maxi-
mum among the smallest k& absolute weight values, as
shown in Equation (23):

T= topk({| wl:we Wg}, k, largest = False)[ - 1]

(23)
Based on 7 a pruning mask M is generated as fol-
lows, as shown in Equation (24):

h
M, =
1,

Only the parameters within the target gate indices

ifjw] <7,
. (24)
otherwise.

are pruned, while weights outside this scope remain
unchanged.

Finally, the weight matrix is updated by applying
the pruning mask, so that the pruned weight matrix W'
is expressed as:
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W' =Wy DWw,OM)DW,,, (25) Where H e R’*""“encodes the entire sequence

Where, © denotes the concatenation of the
unpruned segments; O denotes element wise mul-
tiplication.

The pruning operation is applied separately to the
input and output gates for both W, and W,,. Experi-
mental validation shows that the encoder adopts a
pruning ratio of 35% for both its input and output
gates, while the decoder uses a pruning ratio of 25%
for these gates.

2.3 Structural enhancements of the critic
network

To further improve the value estimation capabili-
ty for planned paths, this work introduced structural-
level enhancements within the critic network. Al-
though these enhancements do not directly impact the
decoder's decision-making process, they play a vital
role in supplying more stable, structure-aware predic-
tion signals. This indirectly boosts the learning effi-
ciency of the actor module and enhances the overall
synergy of the actor-critic framework.

2.3.1 Enhanced input embedding with normal-
ization mechanisms

To increase the expressive power of the original
spatial coordinates in high-dimensional latent space,
the critic integrates a normalization-augmented embed-
ding layer at the input stage. Specifically, Batch Nor-
malization is applied to raw inputs, followed by two
fully connected layers with ReLU activations. This is
further regularized by Layer Normalization and Drop-
out to improve discriminative power and generaliza-
tion under spatial variability. The embedding process
is formulated as follows, as shown in Equation (26):

X;=ReLUW x, + b))

N 26
e, = LayerNorm (W, x, + b,) (26)

Where, x;, € R’ represents the raw coordinate of
the inode; e, € R is the embedded feature; W,, W, are
trainable weights. Layer normalization and dropout
jointly stabilize the feature distribution and mitigate
overfitting.

2.3.2 Contextual aggregation from LSTM en-
coder

The critic network adopts the same LSTM encod-
er as the actor to generate a sequence of hidden repre-
sentations for the path, as formulated in Equation (27):

H=[h,h, -, h,]=LSTM (e, e,, - e,) (27)

and A, = h, denotes the final hidden state. This
serves as a condensed global representation of the
path, which is then used as the query in the subsequent
attention-based value refinement module.
2.3.3 Lightweight attention—based context fusion

To enhance the critic's sensitivity to critical way-
points along the path, a lightweight attention fusion
mechanism is introduced to amplify the response to
important spatial cues. This module learns to attend se-
lectively to key positions within the LSTM-encoded
trajectory. First, the sequence output H is projected us-
ing a 1D convolutional layer to produce reference fea-
tures, as shown in Equation (28):

Uey=We H' (28)

Where, W, represents the learnable convolution-
al weight matrix that projects the hidden representa-
tions into the reference feature space, while H" is the
transposed sequence output obtained from the shared
LSTM encoder.

Simultaneously, the query vector 4, is mapped
to the same dimensionality, as shown in Equation (29):

U, = W,hi (29)

Where, U, represents the transformed query fea-
ture that aligns with the reference feature space, en-
abling compatibility computation with U,;, W, denotes
the learnable projection matrix used to map the final
hidden state into the query space.

A joint compatibility function is then computed
via, as expressed in Equation (30):

U = tanh (U, + U,,) (30)

Attention weights are derived using a learnable
vector ¥ € R'*“ as defined in Equation (31):
a = softmax (V - U) (31)
These weights are used to obtain a context vector
¢ via weighted aggregation, as described in Equa-

tion (32):
c= zaihi (32)
i=1

Where, ¢ denotes the context vector obtained
through weighted aggregation of all hidden representa-
tions. The final output for value estimation is obtained
by combining the context vector with the original que-
ry and feeding it into a prediction MLP, as shown in
Equation (33):

L = MLP (LayerNorm (¢ + /g, )) (33)

This design allows the critic to capture both the
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global structure and local saliency of the path, improv-
ing the accuracy of cost prediction and facilitating bet-
ter guidance for policy updates in the actor network.

2.4 Algorithm learning method

In light of the aforementioned modifications, the
improved AC-RL-PtrNet model was employed. Each
time a path sequence is generated, the DEMA atten-
tion mechanism automatically computes the attention
scores, thereby yielding more reasonable picking deci-
sions. The pruning operations also improve the train-
ing speed while maintaining model performance with
minimal loss. Algorithm 1 outlines the pseudocode
for the training process.

In the training task, n is set to 40. The experi-
ments were conducted on a Windows 1 064-bit ma-
chine equipped with an NVIDIA GeForce RTX 4060
Ti GPU, an Intel Core i5-14600KF CPU @ 3.5 GHz,
and 32 GB of RAM. The implementation utilizes Py-
Torch 2.0 with CUDA 12.1 under Python 3.12.7. Train-
ing samples are randomly generated from [0.1]x
[0.1]x[0.1]space. To ensure good generalization per-
formance, the model was trained for 2 000 epochs,
with each epoch comprising 10 steps. The batch size B
was set to 256 and the initial learning rate was 0.001,
with a decay factor of 0.96 applied every 5 000 steps.
Both the actor and critic networks were trained via the
Adam optimizer to minimize their respective loss func-
tions. To clearly describe the optimization process of
the proposed model, the detailed training steps of the
actor-critic framework were presented in the below al-
gorithm.

3 Experiments and results

To validate the effectiveness of the proposed mod-
el in addressing the safflower picking sequence plan-
ning problem, a simulation-based analysis was con-
ducted. The performance of the model was evaluated
using metrics such as path length and average runtime.
In this chapter, all safflowers coordinates were normal-
ized to enhance numerical stability and mitigate gradi-
ent explosion. In section 3.5, the actual three-dimen-
sional picking paths were reconstructed to provide a vi-
sual representation of the real trajectories.

3.1 Impact of DEMA on the model

To evaluate the influence of the DEMA attention
mechanism on model performance, analyses were con-

Training Algorithm

Input: Number of training iterations S, batch size B

Output: Optimal path a”
Initialize: x, (with internal dynamic EMA attention module), V;, Opti-
mizer 0 and ¢ learning rate

fort=1to S do:

The actor network 7z, generates B trajectories via a DEMA-based atten-
tion mechanism:
{a'a’ 0"} ~my(als)

Compute reward R(n) and log-probability:
s)

Value estimation using the critic network:
Vi (s) < Critic(s)

logz,(da’

Compute advantage:
A'=R(a")-V,(s)

Update actor: Backpropagate the error through the LSTM-based DE-
MA module in the actor network:

v, E”[A(n") . ( - logz,(a|s) )]

0—0+n-V,

Update critic using mean-squared error loss:
) 2

V,— E”|:(R(n") - Vw(s)) :|

p—d-n- V¢

end for: Return to the shortest path a”

ducted during both the training and testing phases. The
baseline model refers to the original unmodified net-
work. In the training phase, comparative experiments
were carried out with the baseline model, graph atten-
tion network (GAT), efficient multi-scale attention
(EMSA), seer attention mechanism (SeA), DEMA
without distance information (NoDist-DEMA), and
the DEMA-enhanced model. Fig. 6 illustrates the con-
vergence curves for these models during training. The
results indicate that the DEMA-based model achieves
superior improvements in terms of path length com-
pared to the other methods. Moreover, it demonstrates
faster convergence at approximately 200 epochs and
avoids getting trapped in local optima, thereby attain-
ing a better convergence value. It is noted, however,
that increasing the number of training epochs necessi-
tates more training time.

Based on the inherent randomness in the number
of safflower picks per run, the model was tested with n
=20, 28, 37, and 46 (as shown in Table 5). The results
indicate that, for »=20 and »=37, the improved SeA at-
tention mechanism yields path lengths comparable to
those of the DEMA-enhanced model. However, in
terms of average runtime, the SeA mechanism requires
1.5 to 2 times longer than the DEMA model. In com-
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mechanisms against the baseline

parison to the baseline model, the proposed approach
not only significantly reduces the path length but also
nearly doubles the average inference speed. Compared
to the NoDist-DEMA variant, which excludes distance
encoding, the full DEMA model consistently achieves
marginally shorter path lengths and faster inference
across all test cases. This demonstrates that integrating
distance information enhances both spatial perception
and planning efficiency, further validating the design
of the DEMA attention mechanism.

As shown in Table 5, the numerical results have
demonstrated the performance differences of various
attention mechanisms in terms of path length and com-
putation time across multiple test points. To further vi-
sualize these differences and highlight the advantages
of the proposed method, Fig. 7 presents a color matrix
that fully reflects the differences in path planning qual-
ity and robustness among various attention mecha-
nisms at different test points. The numerical values in

the figure represent the differences in path perfor-
mance relative to the baseline model, with larger posi-
tive values indicating greater improvements. In terms
of path length, the DEMA model demonstrates a more
substantial enhancement, especially when the number
of safflower picking points ranges from 37 to 50, yield-
ing improvements between 0.20 and 0.41 cm. More-
over, the DEMA model consistently maintains deeper
color values across most test points, indicating its su-
perior performance in path quality. Although the SeA
model exhibits performance comparable to the DEMA
model in certain scenarios, Table 5 shows that its run-
time is inferior to that of the DEMA approach. These
results indicate that the incorporation of the DEMA
attention mechanism can significantly enhance both
the planning efficiency and the accuracy of safflower
picking.
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3.2 Impact of pruning on the model

Different pruning strategies based on the impor-
tance of the gates were designed and evaluated during
both the training and testing phases. In this study, three
pruning strategies were compared:

Group A: Both the encoder and decoder input and

Table 5 Comparison of results of different architectures under various numbers of saftlower points

n=20 n=28 n=37 n=46

Method
Length/cm Time/s Length/cm Time/s Length/cm Time/s Length/cm Time/s
baseline 6.769 90.83 8.524 183.26 10.299 368.36 11.806 511.05
GAT 7.399 98.46 12.064 197.85 16.638 414.79 23.665 602.34
EMSA 8.321 126.12 11.992 254.96 15.251 496.07 19.019 582.41
SeA 6.675 63.07 8.404 185.84 9.940 327.68 11.433 510.73
NoDist-DEMA 6.719 59.32 8.346 123.94 10.145 231.76 11.402 304.78
DEMA 6.674 51.01 8.302 113.74 10.058 224.29 11.398 334.62

Note: Length and time values are presented for four different sample sizes (n = 20, 28, 37, 46); Time refers to the duration of sequence planning per-

formed by the model, which is measured in seconds, and length in centimeters.
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output gates were pruned by 35%.

Group B: Both the encoder and decoder input and
output gates were pruned by 25%.

Group C: The encoder input and output gates
were pruned by 35%, while the decoder gates were
pruned by 25%.

Table 6 presents the comparative results for these

three strategies. Preliminary sensitivity experiments in-
dicated that when the pruning ratio was lower than
25%, the computational benefits were negligible, and
when it exceeded 35%, the model experienced severe
information loss and degraded performance. There-
fore, these three representative configurations were se-
lected for analysis.

Table 6 Comparison of results for different pruning strategies of the proposed model

Encoder pruning Decoder pruning Params
Strategy Sparsity/%  Training time/s Speedup/%
Input gate Output gate Input gate Output gate Initial (x10°) Modified (x10°)
Group A 0.35 0.35 0.35 0.35 4.106 8 161 —
Group B 0.25 0.25 0.25 0.25 4.462 4.265 4.44 1747 12
Group C 0.35 0.35 0.25 0.25 4.201 5.88 1698 15

Note: Speedup (%) represents the relative reduction in training time compared to the unpruned baseline, measured on the same hardware setup. For

Group A, "—" means excessive pruning resulted in high sparsity and loss of critical information, causing early convergence during training; thus, the

speedup value is not reported.

Analysis shows that the model under Group A
achieves an offline training duration of less than 3 min-
utes; however, the excessive pruning applied to the de-
coder in Group A leads to significant information loss,
causing the model to become trapped in local optima.
In contrast, Group C adopted in this study yields a pa-
rameter sparsity of approximately 5.88%, effectively
removing redundant information and enhancing train-
ing speed by about 15%, while simultaneously reduc-
ing model size and inference overhead. Therefore, im-
plementing pruning operations on the LSTM not only
optimizes computational speed but also decreases
memory usage.

3.3 Ablation study

To further evaluate the individual and cumulative
contributions of each proposed enhancement, includ-

ing the DEMA attention mechanism, the structured
pruning strategy, and the improved critic network, an
ablation study was conducted. Specifically, four con-
figurations were compared: 1) the baseline model with-
out any enhancement, 2) the model with DEMA only,
3) the model with DEMA and pruning, and 4) the full
model integrating DEMA, pruning, and the enhanced
critic. To this end, we validated this ablation experi-
ment on test sets with 25, 31, and 43 safflowers.

As shown in Table 7, although the full model ex-
hibits slightly longer inference time compared to the
previous variant under the 25-target scenario, it consis-
tently achieves superior performance across other data-
sets in terms of path length reduction and inference ro-
bustness. These results indicate that the proposed mod-
el enhancements are well-suited for sequential path
planning in safflower picking tasks.

Table 7 Ablation study on model enhancements

n=25 n=31 n=43
baseline DEMA Pruning The enhanced critic
Length/cm Time/s Length/cm Time/s Length/cm Time/s
N x x x 6.674 88.08 6.749 167.35 11.426 497.50
x N x x 5.930 80.86 6.647 127.00 11.049 262.47
x N J x 5.907 63.00 6.441 125.00 11.043 24427
x N N v 5.826 69.79 6356 94.90 10.784 244.50

Note: ¥ indicates that the corresponding component is included in the model; x indicates that the component is not used.

3.4 Comparison with swarm intelligence al-
gorithms

The performance of the proposed model (before

and after improvement) was compared with traditional
swarm intelligence algorithms, including PSO, the
non-dominated sorting genetic algorithm (NSGA), and
ACO, in the task of safflower picking path planning.
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The evaluation was conducted using two test cases tional swarm intelligence algorithms such as PSO,
with safflower quantities of n=25 and n=31, focusing ACO, and NSGA. Improvement rate (% ) represents
on metrics such as path length, computational time, the relative time-saving of AC-RL-PtrNet compared to
and speed improvement. each method, calculated as (7,0 = Tac -z )/ Toethoa

As shown in Table 8, swarm intelligence algo- 100%. A higher value indicates that AC-RL-PtrNet
rithms tend to require significantly longer runtimes in provides a more significant improvement over the
real-world deployment scenarios. Using AC-RL- other methods. To assess the statistical significance
PtrNet as the baseline for improvement rate compari- of these improvements, independent two-sample t-
sons, test cases with n = 25 and n = 31 safflowers were tests were performed on 30 repeated runs. The results
evaluated. The proposed model achieved inference in Table 8 indicate that this method achieves statisti-
speed improvements ranging from —2.63% to 61.87% cally significant path length reductions over all base-
for the 25-safflower case and 22.93% to 59.10% for lines (p < 0.05), confirming the robustness of the ob-
the 31-safflower case, along with path length reduc- served gains.

tions between 4.24% and 61.47%, compared to tradi-

Table 8 Comparison of the proposed AC-RL-PtrNet model with traditional algorithms

n=25 n=31

Method Length/cm (p-value) Improvement Time/s Improvement Length/cm (p-value) Improvement Time/s Improvement
rate/% rate/% rate/% rate/%
Baseline 6.084 (p<0.008 0) 4.24 82.00 14.85 6.913 (p<0.0050) 8.07 215.00 55.86
PSO 15.123 (p<0.001 0) 61.47 183.00 61.87 15.438 (p<0.001 0) 58.82 232.00 59.10
ACO 7.090 (p<0.0010) 17.84 104.00 3291 6.966 (p<0.0010) 8.75 123.00 22.93
NSGA 6.440 (p<0.003 6) 9.56 68.00 -2.63 7.960 (p<0.0010) 20.17 135.00 29.70

AC-RL-PtrNet 5.826 — 69.79 — 6.356 — 94.90 —

Note: P-values represent the statistical significance of path length differences between each method and the proposed AC-RL-PtrNet. A smaller p-value
(typically < 0.05) indicates that the observed difference is unlikely to have occurred by chance, thus validating the performance gain; "—" means the

comparison of AC-RL-PtrNet with itself, where improvement is not applicable.

In the test case with 25 safflowers, although the cant loss of positional information, thereby achieving
NSGA algorithm achieves a shorter runtime than the a desirable balance between path optimization and in-
improved AC-RL-PtrNet model, the latter yields a ference efficiency.

9.56% improvement in path optimization, demonstrat- ) )
ing a significantly higher planning efficiency. It is im- 3.5 Field experiment
portant to note that reinforcement learning operates in

. .. L. . _ 3.5.1 Field setup and real-world planning ex-
an offline training and online inference paradigm. This

means that as the number of safflower targets increas- amples
es, this model does not require retraining for each new To validate the practical feasibility of the pro-
instance, unlike swarm intelligence algorithms, which posed method, real-world field experiments were con-
need to re-optimize from scratch for different configu- ducted in Jimusaer county, Xinjiang, using this saf-
rations. This advantage makes this approach more suit- flower-picking robot in an open agricultural environ-
able for real-time, responsive applications in safflower ment. As shown in Fig. 8a, the robot was deployed in a
picking scenarios. safflower field and executed picking path planning in
Furthermore, as shown in Table 8, the AC-RL- real time. Two representative test cases involving 25
PtrNet generates shorter paths than swarm intelligence and 31 safflower blossoms were selected for demon-
algorithms in both the n=25 and n=31 test cases, with stration, corresponding to different safflower varieties,
statistically significant improvements. It reduces the as illustrated in Fig. 8b and Fig. 8c, respectively.
path length by 0.258 and 0.557 cm units compared to These scenarios provide a practical basis for evaluat-
the baseline, respectively. Notably, the pruning strate- ing the performance of this model under different spa-

gy introduced in this model does not result in signifi- tial configurations and picking densities.
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a. Field experiment

b. 25 safflower scenarios

c. 31 safflower scenarios

Fig. 8 Field experiment setup and example planning results for 25 and 31 safflower blossoms

3.5.2 Analysis of sequence planning results

To further evaluate the real-world effectiveness of
the proposed model, we conducted a comparative anal-
ysis against NSGA, the best-performing baseline
among the traditional optimization algorithms, across
two representative safflower varieties and picking sce-
narios—25 and 31 blossoms of Yuhong No.l and Yun-
hong No. 5, respectively. The results, summarized in
Table 9, demonstrate that the AC-RL-PtrNet model
consistently outperformed NSGA in both path and
time efficiency. Specifically, this model achieved re-
ductions of 11.52% and 20.17% in path length, as well
as 5.43% and 29.70% in picking time across the two
scenarios.

Table 9 Comparison of path and time efficiency of AC-RL-
PtrNet and NSGA in two fields picking scenarios

Scenario Number  Variety Path saving/% Time saving/%
2Ssafflower 5y one No 1 11.52 5.43
scenario
Ssafflower 5y one No.s 20,17 29.70

scenario

The corresponding sequence planning visualiza-
tions are presented in Fig. 9. Fig. 9a and Fig. 9d corre-
spond to the sequence planning results for 25 and 31
safflowers, respectively. Figures 9b, 9c, 9e, 9f illus-
trate the comparison between NSGA and AC-RL-
PtrNet under the two scenarios. The visual comparison
highlights that the paths generated by the AC-RL-
PtrNet model are not only shorter but also more struc-
tured and efficient than those produced by the NSGA
algorithm, which tends to generate redundant and
crossover-prone paths. In contrast, the AC-RL-PtrNet
model demonstrates superior balance between global
path optimization and local adjustment, producing
more regular and structured paths. The node connec-
tions are more consistent with the spatial distribution
of the targets, revealing a more ideal 3D TSP planning

capability, as well as enhanced intelligence and practi-
cal applicability. These visual results further confirm
that the proposed approach can effectively generate
optimal picking sequences even in complex envi-
ronments characterized by densely clustered or un-
evenly distributed safflowers.

In summary, the improved model exhibits notable
advantages in extracting spatial distribution features of
safflowers, while the introduced pruning strategy effec-
tively reduces computational redundancy and enhanc-
es decision-making efficiency. These strengths make it
a robust, stable, and efficient solution for intelligent
safflower picking tasks.

4 Conclusion

This study focuses on the task of automatic saf-
flower picking and, by considering the structural char-
acteristics of a parallel picking robot platform, propos-
es a sequence planning algorithm based on a reinforce-
ment learning pointer network under the actor-critic
framework. The proposed method is specifically de-
signed for integration into safflower-picking robots,
addressing the complex path planning needs encoun-
tered in unstructured agricultural environments. To ad-
dress redundant paths and low time efficiency in tradi-
tional methods, a DEMA attention mechanism with
distance encoding was integrated into the actor net-
work, enhancing its ability to model spatial relation-
ships among safflowers. A structured pruning strategy
was also applied to the LSTM gating units and fully
connected layers, effectively reducing model complex-
ity while preserving performance. Furthermore, a nov-
el enhancement to the critic network was introduced.
This involved a refined embedding and attention for-
mulation, incorporating input normalization, multi-lay-
er residual connections, and an improved prediction
module, significantly improving value estimation accu-
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d. Safflower 31

e. NSGA, length: 7.960 cm

f. AC-RL-PtrNet, length: 6.356 cm

Fig. 9 Comparison of safflower picking sequence planning on 25 and 31 flowers

racy and training stability. The complementary design
between actor and critic components ensures more
consistent policy optimization during learning. In the
experimental section, the sequential safflower picking
problem was reformulated as a three-dimensional trav-
eling salesman problem. Ablation studies reveal that
each of the three enhancements, DEMA attention,
LSTM pruning, and critic refinement, contributes in-
crementally to overall performance gains in both infer-
ence time and path quality. Furthermore, empirical
comparisons with established swarm intelligence algo-
rithm, such as PSO, NSGA and ACO, demonstrated
that this method consistently delivers shorter traversal
routes and improved planning efficiency under differ-
ent target distributions. In real-world validation involv-
ing datasets of 25 and 31 safflowers, the proposed ap-
proach surpasses the strongest baseline NSGA, con-
firming its practical advantages. These results high-
light the framework's applicability in real-time field
deployment and its effectiveness in improving path
planning capabilities of safflower-picking robots. Ad-
ditionally, due to the generality of the 3D TSP formula-
tion and the modular design of the AC-RL-PtrNet ar-
chitecture, this method has strong potential for trans-
ferability to other agricultural applications such as to-
mato, strawberry, or pear picking. The DEMA atten-
tion and pruning strategies can also be reconfigured to
accommodate different spatial complexities, object

densities, and environmental conditions, making the
proposed framework a promising solution for a wider
class of 3D sequence planning tasks in precision agri-
culture. These findings affirm the robustness and
adaptability of the AC-RL-PtrNet framework in com-
plex agricultural environments, emphasizing its poten-
tial for enhancing automated safflower picking perfor-
mance.
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