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A B S T R A C T  A R T I C L E   I N F O 
Urban intelligent transportation systems require real‑time, near‑optimal rout-
ing for autonomous vehicles navigating dynamic and uncertain traffic. We pro-
pose a Harris Hawks Optimization–deep reinforcement learning framework 
(HHO‑DRL) that unites HHO’s global exploration with DRL’s adaptive policy 
search through (i) a dynamic‑weight fusion scheme that continuously balances 
exploration and exploitation and (ii) a bidirectional experience‑feedback loop 
that exchanges elite solutions between the two solvers. On 23 CEC‑2014 bench-
mark functions and five classical multimodal tests, HHO‑DRL lowers mean er-
ror by up to three orders of magnitude relative to PSO and adaptive HHO, 
demonstrating superior robustness and precision. In 30 × 30 grid‑world simu-
lations with 30 % obstacle density, it generates vehicle routes 35 % shorter 
than those produced by Grey Wolf Optimization and 25 % shorter than adap-
tive HHO, while preserving smooth, collision‑free trajectories. These results 
confirm that the proposed dual‑mechanism delivers fast, high‑quality solutions 
for high‑dimensional, dynamic path‑planning and other complex engineering 
optimization tasks. 

 Keywords: 
Dynamic path planning; 
Harris Hawks optimization; 
Deep reinforcement learning; 
Autonomous vehicles; 
Dynamic weight fusion; 
Bidirectional feedback; 
Intelligent transportation systems; 
Real-time navigation 

*Corresponding author: 
i@liufengyu.cn 
(Liu, F.) 

Article history:  
Received 23 January 2025 
Revised 28 May 2025 
Accepted 19 June 2025 

 
Content from this work may be used under the terms of 
the Creative Commons Attribution 4.0 International 
Licence (CC BY 4.0). Any further distribution of this work 
must maintain attribution to the author(s) and the title of 
the work, journal citation and DOI. 

 
 
References 
[1] Zhu, L. (2024). Traditional and advanced technologies in intelligent transportation systems, Highlights in Science, 

Engineering and Technology, Vol. 83, 696-702, doi: 10.54097/fv1m0f60. 
[2] Dui, H., Zhang, S., Liu, M., Dong, X., Bai, G. (2024). IoT-enabled real-time traffic monitoring and control management 

for intelligent transportation systems, IEEE Internet of Things Journal, Vol. 11, No. 9, 15842-15854, doi: 
10.1109/JIOT.2024.3351908. 

[3] Dai, P., Xu, J. (2019). Establishing a network planning model of urban-rural logistics based on hub-and-spoke net-
work, Tehnički Vjesnik – Technical Gazette, Vol. 26, No. 5, 1383-1391, doi: 10.17559/TV-20190704095301. 

[4] Wang, D.L., Ding, A., Chen, G.L., Zhang, L. (2023). A combined genetic algorithm and A* search algorithm for the 
electric vehicle routing problem with time windows, Advances in Production Engineering & Management, Vol. 18, 
No. 4, 403-416, doi: 10.14743/apem2023.4.481. 

https://doi.org/10.54097/fv1m0f60
https://doi.org/10.1109/JIOT.2024.3351908
https://doi.org/10.1109/JIOT.2024.3351908
https://doi.org/10.17559/TV-20190704095301
https://doi.org/10.14743/apem2023.4.481


 

[5] Ezugwu, A.E., Shukla, A.K., Nath, R., Akinyelu, A.A., Agushaka, J.O., Chiroma, H., Muhuri, P.K. (2021). Metaheuristics: 
A comprehensive overview and classification along with bibliometric analysis, Artificial Intelligence Review, Vol. 
54, 4237-4316, doi: 10.1007/s10462-020-09952-0. 

[6] Alabool, H.M., Alarabiat, D., Abualigah, L., Heidari, A.A. (2021). Harris hawks optimization: A comprehensive re-
view of recent variants and applications, Neural Computing and Applications, Vol. 33, 8939-8980, doi: 
10.1007/s00521-021-05720-5. 

[7] Sun, H., Zhao, S. (2021). Fault diagnosis for bearing based on 1DCNN and LSTM, Shock and Vibration, Article No. 
1221462, doi: 10.1155/2021/1221462. 

[8] Heidari, A.A., Mirjalili, S., Faris, H., Aljarah, I., Mafarja, M., Chen, H. (2019). Harris hawks optimization: Algorithm 
and applications, Future Generation Computer Systems, Vol. 97, 849-872, doi: 10.1016/j.future.2019.02.028. 

[9] Piao, L. (2024). Remora optimization algorithm-based adaptive fusion via ant colony optimization for traveling 
salesman problem, Computer Science and Information Systems, Vol. 21, No. 4, 1651-1672, doi: 
10.2298/CSIS240314052P. 

[10] Ouyang, C., Liao, C., Zhu, D., Zheng, Y., Zhou, C., Li, T. (2024). Integrated improved Harris hawks optimization for 
global and engineering optimization, Scientific Reports, Vol. 14, No. 1, Article No. 7445, doi: 10.1038/s41598-024-
58029-3. 

[11] Zhong, C., Li, G., Meng, Z., He, W. (2023). Opposition-based learning equilibrium optimizer with Lévy flight for high-
dimensional global optimization problems, Expert Systems with Applications, Vol. 215, Article No. 119303, doi: 
10.1016/j.eswa.2022.119303. 

[12] Zhou, P., Li, N., Huang, J., Zhang, S., Zhou, X., Liu, G. (2024). Deep reinforcement learning-based decision making for 
six degree of freedom UCAV close range air combat, In: Fu, S. (ed.), 2023 Asia-Pacific International Symposium on 
Aerospace Technology (APISAT 2023) Proceedings, APISAT 2023, Lecture Notes in Electrical Engineering, Vol. 1051, 
Springer, Singapore, 320-334, doi: 10.1007/978-981-97-4010-9_24. 

[13] Ai, T., Huang, L., Song, R.J., Huang, H.F., Jiao, F., Ma, W.G. (2023). An improved deep reinforcement learning ap-
proach: A case study for optimisation of berth and yard scheduling for bulk cargo terminal, Advances in Production 
Engineering & Management, Vol. 18, No. 3, 303-316, doi: 10.14743/apem2023.3.474. 

[14] Wang, X., Wang, S., Liang, X., Zhao, D., Huang, J., Xu, X., Dai, B., Miao, Q. (2024). Deep reinforcement learning: A 
survey, IEEE Transactions on Neural Networks and Learning Systems, Vol. 35, No. 4, 5064-5078, doi: 
10.1109/TNNLS.2022.3207346. 

[15] Wang, G., Wu, F., Zhang, X., Guo, N., Zheng, Z. (2024). Adaptive trajectory-constrained exploration strategy for deep 
reinforcement learning, Knowledge-Based Systems, Vol. 285, Article No. 111334, doi: 10.1016/j.knosys.2023. 
111334. 

[16] Huo, L., Mao, J., San, H., Zhang, S., Li, R., Fu, L. (2024). Efficient and stable deep reinforcement learning: Selective 
priority timing entropy, Applied Intelligence, Vol. 54, 10224-10241, doi: 10.1007/s10489-024-05705-6. 

[17] De Almeida, V.N., Alegre, L.N., Bazzan, A.L.C. (2024). Knowledge transfer in multi-objective multi-agent reinforce-
ment learning via generalized policy improvement, Computer Science and Information Systems, Vol. 21, No. 1, 335-
362, doi: 10.2298/CSIS221210071A. 

[18] Dong, C., Li, D. (2024). Adaptive evolutionary reinforcement learning with policy direction, Neural Processing Let-
ters, Vol. 56, Article No. 69, doi: 10.1007/s11063-024-11548-6. 

[19] Majid, A.Y., Saaybi, S., Francois-Lavet, V., Venkatesha Prasad, R., Verhoeven, C. (2024). Deep reinforcement learn-
ing versus evolution strategies: A comparative survey, IEEE Transactions on Neural Networks and Learning Sys-
tems, Vol. 35, No. 9, 11939-11957, doi: 10.1109/TNNLS.2023.3264540. 

[20] Yu, Y., Zhang, P., Zhao, K., Zheng, Y., Hao, J. (2023). Accelerating deep reinforcement learning via knowledge-guided 
policy network, Autonomous Agents and Multi-Agent Systems, Vol. 37, Article No. 17, doi: 10.1007/s10458-023-
09600-1. 

[21] Alweshah, M., Almiani, M., Almansour, N., Al Khalaileh, S., Aldabbas, H., Alomoush, W., Alshareef, A. (2022). Vehicle 
routing problems based on Harris Hawks optimization, Journal of Big Data, Vol. 9, Article No. 42, doi: 
10.1186/s40537-022-00593-4. 

[22] Xie, B., Wang, L., Li, H., Huo, H., Cui, C., Sun, B., Ma, Y., Wang, J., Yin, G., Zuo, P. (2021). An interface-reinforced 
rhombohedral Prussian blue analogue in semi-solid state electrolyte for sodium-ion battery, Energy Storage Ma-
terials, Vol. 36, 99-107, doi: 10.1016/j.ensm.2020.12.008. 

[23] Wang, J., Zhang, Y., Hu, Y., Yin, B. (2024). Large-scale traffic prediction with hierarchical hypergraph message pass-
ing networks, IEEE Transactions on Computational Social Systems, Vol. 11, No. 6, 7103-7113, doi: 
10.1109/TCSS.2024.3419008. 

[24] Hou, D.N., Liu, S.C. (2024). Optimization of cold chain multimodal transportation routes considering carbon emis-
sions under hybrid uncertainties, Advances in Production Engineering & Management, Vol. 19, No. 3, 315-332, doi: 
10.14743/apem2024.3.509. 

[25] Pu, Z., Wang, H., Liu, Z., Yi, J., Wu, S. (2023). Attention enhanced reinforcement learning for multi agent cooperation, 
IEEE Transactions on Neural Networks and Learning Systems, Vol. 34, No. 11, 8235-8249, doi: 
10.1109/TNNLS.2022.3146858. 

[26] Wang, C., Chen, X., Li, C., Song, R., Li, Y., Meng, M.Q.-H. (2023). Chase and track: Toward safe and smooth trajectory 
planning for robotic navigation in dynamic environments, IEEE Transactions on Industrial Electronics, Vol. 70, No. 
1, 604-613, doi: 10.1109/TIE.2022.3148753. 

[27] Huang, F., Cao, M., Wang, L. (2024). Approximate policy iteration for robust stochastic control of multi-agent Mar-
kov decision processes, IEEE Transactions on Automatic Control, Vol. 70, No. 6, 3587-3602, doi: 
10.1109/TAC.2024.3510596. 

https://doi.org/10.1007/s10462-020-09952-0
https://doi.org/10.1007/s00521-021-05720-5
https://doi.org/10.1007/s00521-021-05720-5
https://doi.org/10.1155/2021/1221462
https://doi.org/10.1016/j.future.2019.02.028
https://doi.org/10.2298/CSIS240314052P
https://doi.org/10.2298/CSIS240314052P
https://doi.org/10.1038/s41598-024-58029-3
https://doi.org/10.1038/s41598-024-58029-3
https://doi.org/10.1016/j.eswa.2022.119303
https://doi.org/10.1016/j.eswa.2022.119303
https://doi.org/10.1007/978-981-97-4010-9_24
https://doi.org/10.14743/apem2023.3.474
https://doi.org/10.1109/TNNLS.2022.3207346
https://doi.org/10.1109/TNNLS.2022.3207346
https://doi.org/10.1016/j.knosys.2023.111334
https://doi.org/10.1016/j.knosys.2023.111334
https://doi.org/10.1007/s10489-024-05705-6
https://doi.org/10.2298/CSIS221210071A
https://doi.org/10.1007/s11063-024-11548-6
https://doi.org/10.1109/TNNLS.2023.3264540
https://doi.org/10.1007/s10458-023-09600-1
https://doi.org/10.1007/s10458-023-09600-1
https://doi.org/10.1186/s40537-022-00593-4
https://doi.org/10.1186/s40537-022-00593-4
https://doi.org/10.1016/j.ensm.2020.12.008
https://doi.org/10.1109/TCSS.2024.3419008
https://doi.org/10.1109/TCSS.2024.3419008
https://doi.org/10.14743/apem2024.3.509
https://doi.org/10.14743/apem2024.3.509
https://doi.org/10.1109/TNNLS.2022.3146858
https://doi.org/10.1109/TNNLS.2022.3146858
https://doi.org/10.1109/TIE.2022.3148753
https://doi.org/10.1109/TAC.2024.3510596
https://doi.org/10.1109/TAC.2024.3510596


 

[28] Wen, X., Yu, X., Yang, R., Chen, H., Bai, C., Wang, Z. (2024). Towards robust offline-to-online reinforcement learning 
via uncertainty and smoothness, Journal of Artificial Intelligence Research, Vol. 81, 481-509, doi: 10.1613/jair.1. 
16457. 

[29] Iancu, D.-T., Florea, A.-M. (2023). An improved vehicle trajectory prediction model based on video generation, 
Studies in Informatics and Control, Vol. 32, No. 1, 25-36, doi: 10.24846/v32i1y202303. 

[30] Ouyang, C., Liao, C., Zhu, D., Zheng, Y., Zhou, C., Zou, C. (2024). Compound improved Harris hawks optimization for 
global and engineering optimization, Cluster Computing, Vol. 27, 9509-9568, doi: 10.1007/s10586-024-04348-z. 

[31] Fayti, M., Mjahed, M., Ayad, H., El Kari, A. (2023). Recent metaheuristic-based optimization for system modeling 
and PID controllers tuning, Studies in Informatics and Control, Vol. 32, No. 1, 57-67, doi: 10.24846/v32i1y202306. 

[32] Gezici, H., Livatyali, H. (2022). An improved Harris Hawks Optimization algorithm for continuous and discrete 
optimization problems, Engineering Applications of Artificial Intelligence, Vol. 113, Article No. 104952, doi: 
10.1016/j.engappai.2022.104952. 

[33] Banerjee, C., Chen, Z., Noman, N., Zamani, M. (2022). Optimal actor-critic policy with optimized training datasets, 
IEEE Transactions on Emerging Topics in Computational Intelligence, Vol. 6, No. 6, 1324-1334, doi: 
10.1109/TETCI.2022.3140375. 

[34] Pan, W., Sun, Z., Sang, H., Wang, Z. (2023). Encrypted data learning and prediction using a BFV-based cryptographic 
convolutional neural network, Studies in Informatics and Control, Vol. 32, No. 1, 37-48, doi: 10.24846/ 
v32i1y202304. 

[35] Zucker, M., Ratliff, N., Dragan, A.D., Pivtoraiko, M., Klingensmith, M., Dellin, C.M., Bagnell, J.A., Srinivasa, S.S. (2013). 
CHOMP: Covariant Hamiltonian optimization for motion planning, The International Journal of Robotics Research, 
Vol. 32, No. 9-10, 1164-1193, doi: 10.1177/0278364913488805. 

[36] Magyar, B., Tsiogkas, N., Brito, B., Patel, M., Lane, D., Wang, S. (2019). Guided stochastic optimization for motion 
planning, Frontiers in Robotics and AI, Vol. 6, Article No. 105, doi: 10.3389/frobt.2019.00105. 

[37] Gobbi, H.U., Santos, G.D.D., Bazzan, A.L.C. (2024). Comparing reinforcement learning algorithms for a trip building 
task: A multi-objective approach using non-local information, Computer Science and Information Systems, Vol. 21, 
No. 1, 291-308, doi: 10.2298/CSIS221210072G. 

 
 

https://doi.org/10.1613/jair.1.16457
https://doi.org/10.1613/jair.1.16457
https://doi.org/10.24846/v32i1y202303
https://doi.org/10.1007/s10586-024-04348-z
https://doi.org/10.24846/v32i1y202306
https://doi.org/10.1016/j.engappai.2022.104952
https://doi.org/10.1016/j.engappai.2022.104952
https://doi.org/10.1109/TETCI.2022.3140375
https://doi.org/10.1109/TETCI.2022.3140375
https://doi.org/10.24846/v32i1y202304
https://doi.org/10.24846/v32i1y202304
https://doi.org/10.1177/0278364913488805
https://doi.org/10.3389/frobt.2019.00105
https://doi.org/10.2298/CSIS221210072G


 

 

 

  

 
 

 

Advances in Production Engineering & Management ISSN 1854-6250 

Letnik 20 | Številka 3 | September 2025 | Strani 391–414 Spletna stran: apem-journal.org 

https://doi.org/10.14743/apem2025.3.548 Izvirni znanstveni članek 

 
 

Dinamična optimizacija s Harrisovimi jastrebi in pristop  
globokega učenja z okrepitvijo za načrtovanje poti  
avtonomnih vozil  

Zou, Q.a,e, Yuan, X.b, Liu, F.a,e,*, Yin, Y.c, Chen, P.d 

aSchool of Intelligence Technology, Geely University of China, P.R. China  
bSchool of Accountancy, Hunan International Business Vocational College, P.R. China  
cGeely Automobile Research Institute (Ningbo) Co., Ltd, P.R. China  
dResearch Services, Coventry University, Coventry, United Kingdom  
eVisual Computing and Virtual Reality Key Laboratory of Sichuan Province, Sichuan Normal University, P.R. China 

 
 

P O V Z E T E K  P O D A T K I   O   Č L A N K U 

Urbani inteligentni prometni sistemi zahtevajo realnočasovno, skoraj opti-
malno usmerjanje avtonomnih vozil v dinamičnem in negotovem prometnem 
okolju. Predlagamo pristop, ki združuje optimizacijo s Harrisovimi jastrebi 
(HHO) in globoko učenje z okrepitvijo (DRL), pri čemer se globalno razisko-
vanje algoritma HHO povezuje s prilagodljivim iskanjem strategij v DRL prek 
(i) sheme dinamičnega uteževanja, ki neprekinjeno uravnoveša raziskovanje 
in izkoriščanje, ter (ii) dvosmerne zanke povratnih izkušenj, ki omogoča iz-
menjavo elitnih rešitev med obema reševalnikoma. Na 23 referenčnih funkci-
jah CEC-2014 in petih klasičnih multimodalnih testih HHO-DRL zmanjša pov-
prečno napako za do tri velikostne rede v primerjavi s PSO in prilagodljivo 
HHO, kar potrjuje izjemno robustnost in natančnost. V simulacijah mrežno 
diskretiziranega okolja velikosti 30 × 30 s 30 % gostoto ovir generira poti 
vozil, ki so 35 % krajše od poti, dobljenih z optimizacijo sivega volka, in 25 % 
krajše od poti, dobljenih s prilagodljivo HHO, pri čemer ohranja gladke trajek-
torije brez trkov. Ti rezultati potrjujejo, da predlagani dvojni mehanizem 
omogoča hitro in kakovostno reševanje visokodimenzionalnih dinamičnih 
problemov načrtovanja poti ter drugih zahtevnih optimizacijskih nalog v 
inženirstvu. 
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