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Introduction

The performance of conceptual catchment runoff models may highly depend on specific methodological choices made by the user. In this paper we show
how the performance of two different models, HBV [1] and GR4J [2], is affected by the choice of the optimizer, the method of Average Areal Rainfall

estimation and computational period.

Conceptual catchment runoff models

This paper considers two lumped conceptual models, that are built of interconnected reservoirs with mathematical transfer functions used to describe the
transfer of water between reservoirs and into the river. The input variables to both models are daily precipitation totals, mean air temperature and
estimated potential evapotranspiration. Precipitation may occur in the form of rainfall, snowfall or a mixture of snowfall and rainfall.

HBV model

The HBV model, introduced by Bergstrom [2], is a standard tool for runoff simulations and flood forecasting. Details of the version adopted in this paper
can be found in [3]. The model has five state variables representing storage of snow pack, snowmelt water, soil moisture, fast runoff and base flow. The

model requires calibration of 13 parameters.

GR4J model

The detailed mathematical description of the GR4J model may be found in [4]. Since our study is concerned with Polish climatic conditions, the original
model is extended by adding a snow module similar to that used in HBV model. This extended version of GR4J has seven parameters, namely three

parameters in the snow routine and four original parameters representing maximum capacity of production store, groundwater exchange coefficient, one- P %
day-ahead maximum capacity of routing store and time base of unit hydrograph. However, we believe that the introduction of the name GR7J may be =

confusing.

ge Areal P

Avreal precipitation estimation is to be determined in three ways: Thiessen Polygon approach, joint optimization of conceptual rainfall-runoff model

parameters, and E-OBS gridded dataset.

The choice of the optimizer

This paper focus on direct comparison between two families of optimization algorithms: Particle Swarm Optimization and Differential Evolution, for
conceptual rainfall-runoff model calibration. After quarter century of research, one could find hundreds of DE and PSO variants in the literature ([5], [6]) .
Various variants of DE and PSO may highly differ from, and are often much more complicated than the basic versions of these algorithms. In this study
we point at mod-ern DE and PSO variants, instead of their historical, simple versions. Five relatively recently proposed DE variants, and five PSO variants
were selected for calibration of HBV and GR4J models. All tested variants were proposed in the main computer science journals or proceedings from the

leading conferences in Evolutionary Computation.

Kamienna catchment.

Tests are based on the Kamienna catchment located in the central Poland that have relatively complicated orography, and is composed of lowland and

low-mountainous part (A = 2007,9 km?, L= 138 km, Q,,, = 10 m¥/s).

Table 1. Compared variants of Differential Evolution and Particle Swarm Optimization algorithms. In comments, D means problem dimensionality, [MINi, MAXi] are bounds set for i-th dimension. Algorithms 1-5 are Differential Evolution-

based, 6-10 are Particle Swarm Optimization-based

Short name Descriptive name Reference
1

HARD-DE Hierarchical archive-based DE Meng and Pan 2019 2019

Memetic adaptive DE with new mutation and

2 MDE_pBX Islam et al. 2012 2012
crossover
B L-SHADE SHADE with linear population size reduction e ;3? 4Fukunaga 2014
4 OLSHADE- DE o.nhogonal array-based initialization and new Kumar et al. 2022 2022
(& selection strategy
3 EnsDE Ensemble of DE algorithms Wuetal. 2018 2018
6 DEPSO Dual environmental PSO Zhanget al 2019 2019
7 EPSO Ensemble of PSO variants fynnapdSugan-than 59,7
8 PPSO Pyramid PSO Li et al 2022 2022
9 PSO-sono PSO for single-objective problems Meng et al. 2022 2022
10 TAPSO Triple-archive PSO Xia et al. 2020 2020

Table 2. MSE results obtained for HBV model
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Conclusions

Comments

Population size is parabolically (quicker at the end of the search) decreased during run from 25In(D)D% to 4. Algorithm performed
best on calibration of other hydrological problem — air2water model calibration (Zhu et al. 2021).

Population size = 100. One among older classical adaptive DE variants.

A version of Successful History Adaptive DE with population size linearly reduced during run from 18D at the beginning to 4 at the
end. State-of-the-art algorithm that was a kick-off point for many other Differential Evolution variants.

Algorithm proposes a new DE selection techni and a new initiali method. The lation size is d linearly from
6D to 4 during the search.

Population size = 100. State-of-the-art ble of DE variants.

Population size = 50. Velocities are initialized randomly within [MIN;, MAX;] interval.

Population size = 40, divided into two uneven swarms. Population size = 50. Velocities are initialized randomly within [MIN; MAX|]
interval. Classical algorithm that manages an ensemble of different PSO variants.

Population size = 64. An algorithm builds a 4-layer pyramid with number of particles from the top to the bottom layer set to 4, 8, 20,
32. Some particles in each layer may communicate solely with particles from the same layer, others may communicate with particles
from the same layer and from the one upper layer. Velocities are initialized with 0.1 [MIN;-MAX;].

Population size = 100. A very recent PSO variant that uses a ring topology. Velocities are initialized randomly within [-30,30]
interval.

Population size = 60. Velocities are initialized randomly within [MIN,MAX;] interval, but during run are effectively restricted to
+0.2:[MIN;-MAX;].

Table 3. MSE results obtained for GR4J model
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We have compared five DE and five PSO algorithms on calibration of HBV and GR4J conceptual models for rainfall-runoff modelling of the Kamienna catchment. We aimed at finding whether DE or PSO algorithms would be better

suited for that task. Each algorithm was run 30 times to obtained a sample of results.

It turned out that the results obtained by different optimizers are roughly similar for GR4J model that has a few parameters. For GR4J model one may point at an inferior algorithm — OLSHADE-CS, rather than a winners, as many

optimizers performed very similarly.

In the case of HBV model the results were much different. OLSHADE-CS also performed by far the poorest, but results obtained by other algorithms were diversified. Which method could be termed a winner depends whether one focus
on calibration, or validation set, and whether one is interested in mean/ median performance, or in finding the best possible solution in one among 30 runs.
Overall two algorithms, PPSO and HARD-DE, performed best on HBV model calibration, and DE algorithms slightly outperformed PSO ones.
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