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ABSTRACT 

Recession-limb analysis is one of the few storage-

discharge diagnostics open to practitioners in data-

scarce basins, yet the functional form that links 

discharge to storage is seldom tested against real 

alternatives. This study tested whether Michaelis-

Menten saturation kinetics, an equation transplanted 
from enzymology, improves on the power-law storage-

discharge model in the Ala River Basin, Akure, 

Nigeria, using GEOGLOWS retrospective discharge 

for 1980 to 2025. Storage was approximated by 

integrating discharge forward to the end of each of 373 

recession events (4,230 daily pairs). Seven functional 

forms were compared by season and event magnitude, 

and the result was then stress-tested against rain 

contamination, terminal-storage treatment, recession-

detection thresholds, bin number, unbinned fitting and 

out-of-sample prediction. The power law fitted the 

pooled and dry-season data best. In the wet season 

Michaelis-Menten fitted better (R² 0.72 against 0.50), 

but other saturating curves did as well, and the 

advantage disappeared when rain-affected recession 

days were removed or when storage was referenced to 

a common master-recession floor. A synthetic 

catchment that drains by the basin's own dry-season 
master recession, with no saturation, produced a 

Michaelis-Menten advantage in all 150 trials when 

storage was computed this way and in none when its 

true storage was used. The wet-season saturation is a 

product of truncated recessions, not evidence of a 

saturating catchment.

Keywords: Storage-discharge relationship; Recession curve analysis; Michaelis-Menten kinetics; Recession truncation; 

GEOGLOWS
 

1. Introduction 

The majority of the world's river basins are ungauged or poorly gauged, with the greatest shortage in 

the humid tropics, where hydrometric networks have not only not expanded over the last 30 years, 

but have contracted (Gudmundsson et al., 2026; Tallaksen, 1995; Vogel and Kroll, 1992). Recession-

curve analysis is still one of the few almost free and least data-intensive diagnostic tools available for 

the practitioners who still have to plan for drought, allocate water during the dry season, or size a 

small reservoir (Hall, 1968; Stewart, 2015; Thomas, Vogel and Famiglietti, 2015). The method is 

based on a very simple physical fact. In the absence of rainfall, the change in storage in a catchment 

is equal to the negative of the discharge; hence, a record of discharge can be inverted to obtain a time 

series of storage, without ever making a direct measurement of an aquifer (Brutsaert and Nieber, 

1977). This was formalized by Kirchner (2009) and is now widely referred to as the storage-discharge 
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or sensitivity-function approach, with many studies applying and testing this approach across 

catchments in Switzerland, Luxembourg, France and elsewhere (Birkel, Soulsby and Tetzlaff, 2011; 

Teuling et al., 2010; Krier et al., 2012; Adamovic et al., 2015; Buitink et al., 2020). 

What has received far less scrutiny is the functional form chosen to link storage to discharge. Almost 

every study in this tradition defaults to either a linear reservoir or, more commonly, a power law of 

the form Q = kS^b (Wittenberg, 1999; Rupp and Selker, 2006a, 2006b; Roques, Rupp and Selker, 

2017; Biswal and Marani, 2010). While the power law can be defended on mathematical grounds 

because it also includes the classical exponential recession as a special case, it is not often defended 

on physical grounds and it is almost never tested against a true saturating alternative; even stochastic 

descriptions of river flow regimes take the power-law recession as their starting point (Botter et al., 

2013). This is important because another line of thinking in the literature is that perhaps a single 

master storage-discharge curve is not the goal. Clark et al. (2009), Stoelzle, Stahl and Weiler (2013) 

and Dralle, Karst and Thompson (2015) all demonstrate recession parameters vary with event size, 

season and antecedent wetness conditions, and cannot be captured by a single curve; Wittenberg 

(2003) and Aksoy and Wittenberg (2011) illustrate true differences in recession regimes between wet 

and dry conditions, rather than scatter around one. When the uniqueness assumption, which is at the 

heart of the Kirchner approach, is violated, testing a single functional form against the entire record 

(as most studies continue to do) could lead to reporting a compromise that fits no regime particularly 

well. 

A separate and, in hydrology, still under-used practice offers a way to test this properly: cross-

disciplinary equation transplantation, the deliberate re-use of a functional form from an unrelated 

field because the underlying process shares its mathematical structure. The Michaelis-Menten 

equation, developed a century ago to describe enzyme saturation, has since been carried into soil-

carbon decomposition kinetics (Davidson et al., 2012), the response of soil respiration to nitrogen 

deposition (Eberwein, Shen and Jenerette, 2017), solute transport through porous media (Hubert et 

al., 2020), and ecological consumer functional response (Real, 1977; McNickle and Brown, 2014). 

Each transplant works for the same reason: a saturating process, in which the rate of release 

approaches a ceiling as the driving stock grows large, is common to enzyme kinetics, nutrient uptake, 

and, plausibly, channel and floodplain conveyance during high flow. No study known to the author 

has tested this specific transplant, Michaelis-Menten kinetics against the standard power law, as a 

storage-discharge model in catchment hydrology, although a channel's finite conveyance capacity 

gives at least a plausible reason to expect some saturation of discharge at high storage. A transplant 

of this kind also carries a specific risk: a new equation can fit a derived variable better for reasons 
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that have nothing to do with the process it was borrowed to describe, so the test needs a case in which 

the answer is known in advance. 

The regional gap compounds the methodological one. Much of the storage-discharge literature has 

been built and tested in well-instrumented temperate catchments; humid tropical West African basins 

remain comparatively under-examined, partly because they are exactly the basins where gauge 

records are least reliable (Ayeni et al., 2015; Akinwumi, Adewumi and Obiora-Okeke, 2021; Ibeje, 

2020), and baseflow-separation methods more broadly continue to be refined and benchmarked 

largely on data from outside the region (Kang, Lee and Lee, 2022). The recent availability of global 

retrospective discharge products such as GEOGLOWS, built on RAPID and TDX-Hydro routing of 

reanalysis-forced runoff, now gives practitioners in these regions a continuous, freely accessible 

discharge record where none existed before (Hales et al., 2025; Sanchez Lozano et al., 2021; 

Souffront Alcantara et al., 2019). Whether such a product, which routes and attenuates flow across a 

network rather than measuring it at a single point, remains suitable for a diagnostic that assumes 

purely local storage release has not, to the author's knowledge, been critically examined. 

This study addresses these gaps together, using 46 years (1980 to 2025) of GEOGLOWS retrospective 

discharge at a single outlet reach of the Ala River Basin, Akure, Nigeria. Three hypotheses were 

tested. H1: the Michaelis-Menten form fits the storage-discharge relation better than the power law. 

H2: any advantage depends on season and event magnitude, so that a single master curve is 

inadequate. H3: any seasonal advantage survives reasonable changes to how recessions are extracted, 

how storage is referenced and how the models are fitted, and does not appear when the same pipeline 

is applied to synthetic stores that contain no saturation. H3 is the falsification step. A transplant that 

wins only under one set of processing choices, or that also wins on data built without saturation, has 

not shown anything about the catchment. The novelty of the study is not that the transplant is assumed 

to succeed, but that its performance is reported honestly, including where it does not improve on the 

conventional model, using a discharge product that is freely available to any practitioner working in 

a similarly data-scarce basin. 

2. Material and Methods 

2.1. Study area 

The Ala River Basin drains a humid tropical catchment around Akure, the capital of Ondo State, in 

south-western Nigeria (Figure 1). The basin lies within the rainforest and derived-savanna transition 

zone of the region, with a bimodal rainfall regime and a pronounced dry season that typically runs 

from November to March (Ayeni et al., 2015; Olabode et al., 2020). The Ala River has been the 
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subject of prior morphometric and climate-impact assessment (Akinwumi, Adewumi and Obiora-

Okeke, 2021; Olabode et al., 2020), which document a basin sensitive to both rainfall variability and 

land-cover change, but none of this prior work has examined its storage-discharge behaviour directly. 

This study analyses discharge at a single downstream reach of the basin (GEOGLOWS reach 

identifier 140502103), used here as the point of integration for the whole upstream contributing area. 

 
Figure 1. Location of the Ala River Basin within Ondo State, south-western Nigeria, showing the delineated basin boundary 

and outlet (pour point). 

2.2. Discharge data 

Daily discharge at reach 140502103 was obtained from the GEOGLOWS retrospective streamflow 

service, which routes ERA5-forced runoff across the TDX-Hydro river network using the RAPID 

routing scheme to produce a continuous simulated discharge record at every reach worldwide, 

including basins with no physical gauge (Hales et al., 2025; Sanchez Lozano et al., 2021; Souffront 

Alcantara et al., 2019; Chancay et al., 2026). The record was subset to 1 January 1980 to 31 December 

2025 (16,802 daily values), a period chosen to give a multi-decadal record while remaining within 

the core retrospective simulation window. The subset series is fully continuous, with no missing days. 

Because GEOGLOWS discharge is routed ERA5 runoff, which is generated by the HTESSEL land-

surface scheme, every recession analysed here describes the drainage of that modelled system at reach 

140502103. The storage-discharge relations reported below are relations for the simulated catchment; 

they would need gauged discharge before being read as properties of the Ala Basin itself (Section 

3.9). 

2.3. Recession-limb identification and storage estimation 

A day t was classified as belonging to a recession limb if discharge declined on the following day, 

that is Q(t+1) < Q(t). Consecutive declining days were grouped into recession segments, and only 
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segments of at least five days were retained, following the convention that very short declines are 

more likely to reflect noise or the tail of a rising limb than a genuine drainage-dominated recession 

(Rupp and Selker, 2006b; Roques, Rupp and Selker, 2017; Yang, Xiao and Liang, 2020; Yang, Choi 

and Lim, 2018), and segment extraction followed the general workflow implemented in open-source 

recession-analysis tools such as that of Cooper and Zhou (2023). The first two days of each retained 

segment were discarded to reduce contamination from quickflow immediately following a peak 

(Rupp and Selker, 2006a). This yielded 373 qualifying recession events over the 1980 to 2025 record. 

These choices of threshold are conventions, and Section 2.7 tests how far the results depend on them. 

During a recession, with no rainfall input, the rate of change of catchment storage S equals the 

negative of discharge Q: 

 
𝑑𝑆

𝑑𝑡
= −𝑄(𝑡) (1) 

Integrating forward from any point t within a recession segment to the end of that segment gives the 

volume still to drain before the segment ends (Brutsaert and Nieber, 1977; Kirchner, 2009): 

 𝑆(𝑡) = ∫ 𝑄(𝜏)𝑑𝜏
𝑡end
𝑡

 (2) 

where t_end is the final day of the recession segment. Equation (2) was evaluated numerically for 

each day in each segment using the trapezoidal rule, with a half-day term for the final day so that 

every retained day has positive storage: 

 𝑆𝑖 = ∑
𝑄𝑗+𝑄𝑗+1

2
𝛥𝑡𝑛−1

𝑗=𝑖 +
𝑄𝑛𝛥𝑡

2
 (3) 

where i indexes the day within the segment, n is the number of days in the segment, and Δt = 1 day. 

This produced 4,230 paired (S, Q) observations from the 373 events, forming the dataset used for all 

subsequent model fitting. S is a storage proxy, not a measured storage. Its zero is set by the end of 

each segment, so two events that stop at different discharges carry different and unknown amounts 

of storage below that zero. This matters most in the wet season, when recessions are often ended by 

new rain rather than by drainage, and Sections 2.7 and 2.8 test its effect directly. 

2.4. Candidate storage-discharge models 

Three candidate functional forms relating discharge to the derived storage proxy were fitted and 

compared. The linear reservoir model (Hall, 1968): 

 𝑄 = 𝑘𝑆 (4) 
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the power-law storage-discharge relationship widely used in the recession-analysis literature 

(Wittenberg, 1999; Biswal and Marani, 2010): 

 𝑄 = 𝑘𝑆𝑏  (5) 

and the Michaelis-Menten saturation equation transplanted from enzyme kinetics (Davidson et al., 

2012; McNickle and Brown, 2014; Srinivasan, 2022): 

 𝑄 =
𝑉max𝑆

𝐾m+𝑆
 (6) 

In Equations (4) to (6), k is a linear or power-law release coefficient, b is a dimensionless exponent 

describing the degree of nonlinearity in the power-law form, Vmax is the asymptotic maximum 

discharge (m³/s) of the fitted curve, and Km is the storage (m³/s · day) at which discharge reaches 

half of Vmax, treated here as a fitted half-saturation parameter rather than a measured storage 

threshold. 

To check whether any advantage is specific to the Michaelis-Menten form or shared by bounded 

curves in general, four further forms were fitted. The first is an affine relation, 

 𝑄 = 𝑎 + 𝑐𝑆 (7) 

which is the exact form taken by a linear reservoir whose recession is cut off before it is complete 

(Section 3.9). The others are an exponential saturation curve, a three-parameter Hill curve and a power 

law with an offset: 

 𝑄 = 𝑄max [1 − exp (−
𝑆

𝑆0
)] (8) 

 𝑄 =
𝑉max𝑆

ℎ

𝐾m
ℎ+𝑆ℎ

 (9) 

 𝑄 = 𝑎 + 𝑘𝑆𝑏  (10) 

2.5. Model fitting and comparison 

Because pooling (S, Q) pairs from recessions of very different magnitude produces heavy 

heteroscedastic scatter, all model comparisons were performed on the median of Q within 25 equal-

frequency (quantile) bins of S, a standard noise-reduction step in storage-discharge analysis 

(Kirchner, 2009). Each model was fitted to the binned data by nonlinear least squares. Goodness of 

fit was assessed using the coefficient of determination: 

 𝑅2 = 1 −
∑ (𝑄𝑖−𝑄̂𝑖)

2

∑ (𝑄𝑖−𝑄)
2  (11) 



Khazar Journal of Water and Environment                               2026, 1, 135-158 

           
141 
 

and the Akaike Information Criterion, which penalises additional parameters: 

 AIC = 𝑛 ln (
SSE

𝑛
) + 2𝑝 (12) 

where Q̂ᵢ is the model-predicted discharge, Q̄ is the mean observed discharge, SSE is the residual sum 

of squares, n is the number of binned points, and p is the number of fitted parameters (1 for the linear 

model, 2 for the power law, Michaelis-Menten, affine and exponential saturation models, and 3 for 

the Hill and offset power-law models). Because the power law and Michaelis-Menten both have two 

parameters, their AIC ranking is the same as their SSE ranking; AIC adds information only when 

they are compared with the one- and three-parameter forms. 

Binning reduces the effective sample to 25 points and hides the dependence between pairs drawn 

from the same event. Every key comparison was therefore repeated on the unbinned daily pairs. Each 

model was fitted by nonlinear least squares on ln Q, which stabilises the multiplicative scatter, and 

models were compared by the root-mean-square error of ln Q (RMSE). Whole events were resampled 

200 times to obtain a 95% confidence interval for the difference in RMSE between the power law 

and Michaelis-Menten. 

2.6. Stratification and robustness testing 

To test whether a single master storage-discharge curve is appropriate, the fitting procedure in Section 

2.5 was repeated separately for events stratified by season (wet season, April to October; dry season, 

November to March, following the regional definition used by Ayeni et al. (2015)) and by event 

magnitude (events with peak discharge above versus at or below the sample median). Each daily pair 

was assigned to a season by its own date, so an event that crosses the seasonal boundary contributes 

pairs to both seasons; 152 events contributed at least one wet-season pair. To test the temporal 

robustness of any seasonal advantage found for the Michaelis-Menten model, five complementary 

checks were performed: event-level bootstrap resampling (500 resamples with replacement, refitting 

both models to each resample); an influence analysis, refitting with each event excluded in turn; a 

predictive leave-one-event-out test, in which both models were fitted without one event and then used 

to predict ln Q for the withheld event; independent refitting within nine non-overlapping five-year 

blocks spanning 1980 to 2025; and a leave-one-block-out test, in which each block was predicted 

from fits to the other eight. Within each block, 95% confidence intervals for Km and Vmax were 

obtained from 300 event-level bootstrap resamples. 

Temporal trend in the fitted Michaelis-Menten parameters Km and Vmax across the nine five-year 

blocks was tested using the non-parametric Mann-Kendall test (Mann, 1945; Hamed, 2008; Yue and 

Wang, 2004), based on the statistic: 
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 𝑆 = ∑ sgn(𝑥𝑗 − 𝑥𝑖)𝑖<𝑗  (13) 

standardised to a Z statistic under the null hypothesis of no trend: 

 𝑍 =

{
 
 

 
 

𝑆−1

√𝑉𝑎𝑟(𝑆)
, 𝑖𝑓 𝑆 > 0

0, 𝑖𝑓 𝑆 = 0
𝑆+1

√𝑉𝑎𝑟(𝑆)
, 𝑖𝑓 𝑆 < 0

 (14) 

With nine values the test has little power. Its power was estimated by simulating 2,000 nine-value 

series that carry a linear change of 50% in Km across the record plus the observed between-block 

scatter, and counting how often the test returned p < 0.05. Sen's slope is reported with each test. 

2.7. Sensitivity to recession processing 

Five sets of checks were run on the wet-season comparison. Each changed one processing choice and 

held the others at the baseline described above. 

(i) Rain contamination. The baseline extraction uses discharge alone, so a day with rain can sit inside 

a declining limb. In a rain-free recession from a convex store the daily decline shrinks from one day 

to the next, and fresh input interrupts that pattern. Each segment was therefore split wherever the 

daily decline was larger than on the previous day, following the second-derivative reasoning of Yang, 

Xiao and Liang (2020), and the minimum-length and quickflow rules were then applied again. A 

tolerant version split a segment only when the decline grew by more than 10%. 

(ii) Terminal storage. Two corrections gave each event a non-zero storage on its last day. The event-

tail correction adds the volume that an exponential recession with the event's own fitted time constant 

k would still release: 

 𝛥𝑆 = 𝑄𝑛𝑘 (15) 

The master-recession correction uses one recession curve, −dQ/dt = aQᶜ, fitted to the binned dry-

season recession days, and adds the volume needed to recede from Qₙ to a common floor Q_ref, taken 

as the 5th percentile of daily discharge: 

 𝛥𝑆 =
𝑄𝑛

2−𝑐−𝑄ref
2−𝑐

𝑎(2−𝑐)
 (16) 

The second correction places every event on the same storage datum. Kirchner's (2009) sensitivity-

function storage was not used for this purpose. It is computed from discharge through a single fitted 

function g(Q), so the resulting storage is a fixed function of Q and cannot discriminate between 

functional forms. 
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(iii) Event length. Wet-season recessions are much shorter than dry-season ones. Events falling 

mainly in the dry season were cut to lengths drawn at random from the wet-season length distribution 

and refitted (300 repetitions), and the pairs were also split jointly by season and by event length. 

(iv) Recession-detection thresholds. The minimum segment length was set to 4, 5, 7 and 10 days and 

the number of discarded initial days to 1, 2 and 3. 

(v) Bin number. The binned fits were repeated with 10, 15, 20, 30, 40 and 50 bins. 

2.8. Synthetic falsification test 

The final check asks whether the pipeline can produce a wet-season Michaelis-Menten advantage 

from data that contain no saturation. For each of the observed wet-season events, a synthetic recession 

was generated with the same retained length and a starting discharge equal to the observed one 

multiplied by a random lognormal factor (σ = 0.3). Four non-saturating stores were used: one that 

drains exactly according to the dry-season master recession of Section 2.7 (which implies Q ∝ 

S^1.69), a linear reservoir with k = 15 days, a power-law store with Q ∝ S², and an exponential store. 

Each synthetic set was processed twice, once with the event-integrated storage proxy of Equation (3) 

and once with the store's true storage, and the power law and Michaelis-Menten were fitted to 25 

binned medians as before. Each configuration was repeated 150 times, and the whole test was also 

run with the observed dry-season event lengths. 

3. Results and Discussions 

3.1. Discharge record and recession events 

The subset discharge record (1 January 1980 to 31 December 2025) contained 16,802 daily values 

with no missing days (Figure 2). Discharge ranged from 0.19 to 739.37 m³/s over the 1980 to 2025 

record, with a strongly right-skewed distribution typical of humid tropical flow regimes; 95% of wet-

season days carried less than 24 m³/s. Recession-limb detection identified 373 qualifying events of at 

least five days, yielding 4,230 storage-discharge pairs after the exclusions described in Section 2.3. 

Wet-season recessions were short: events falling mainly in the wet season kept a median of three days 

after the first two were discarded, against six days for dry-season events. A representative event, an 

89-day recession from 2 November 2006 to 29 January 2007, is shown in Figure 3, illustrating the 

discharge decline alongside the corresponding derived storage curve. 
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Figure 2. Daily discharge at GEOGLOWS reach 140502103, Ala River, 1980 to 2025. 

 
Figure 3. Example recession-limb detection and storage derivation for an 89-day event (2 November 2006 to 29 January 

2007), showing the discharge decline (left axis) and derived storage curve computed by Equation (2) (right axis). 

3.2. Pooled model comparison 

Across all 4,230 pooled storage-discharge pairs (binned to 25 quantile groups), the power-law model 

gave the best fit of the three original candidates (R² = 0.907, AIC = −56.6), outperforming both the 

Michaelis-Menten model (R² = 0.711, AIC = −28.3) and the linear reservoir model (R² = 0.324, AIC 

= −9.1) (Table 1; Figure 4). The fitted power-law exponent was b = 0.418. 



Khazar Journal of Water and Environment                               2026, 1, 135-158 

           
145 
 

 
Figure 4. Pooled storage-discharge relationship for all recession events, 1980 to 2025, with fitted linear, power-law and 

Michaelis-Menten curves. Grey points are daily pairs; black points are the 25 quantile-binned medians used for fitting. Both 

axes are logarithmic.  

Table 1. Model performance (R² and AIC) for the linear, power-law and Michaelis-Menten storage-discharge models, pooled 

and stratified by season and event magnitude. 

Subset n (pairs) Linear R² Linear AIC Power R² Power AIC M-M R² M-M AIC 
All recessions (pooled) 4230 0.324 −9.1 0.907 −56.6 0.711 −28.3 
Dry season 3695 0.530 −16.0 0.917 −57.4 0.776 −32.5 
Wet season 535 −1.524 95.5 0.504 56.8 0.719 42.6 
Small-magnitude events 2206 −0.149 −17.1 0.884 −72.4 0.600 −41.5 
Large-magnitude events 2024 −3.452 40.3 0.062 3.4 0.113 2.0 

Fits use 25 quantile-binned medians. Event magnitude is split at the median of event peak discharge; seasons are assigned by the date 
of each pair. 

3.3. Seasonal and magnitude stratification 

Stratifying by season reversed the pooled result. In the dry season the power law remained superior 

(R² = 0.917 versus 0.776 for Michaelis-Menten). In the wet season, Michaelis-Menten outperformed 

the power law (R² = 0.719 versus 0.504; AIC 42.6 versus 56.8) (Table 1; Figure 5). Stratifying by 

event magnitude showed that the power law fitted small-magnitude events well (R² = 0.884) but that 

neither model explained variation in large-magnitude events (R² = 0.062 for the power law and 0.113 

for Michaelis-Menten) (Table 1; Figure 6). 
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Figure 5. Storage-discharge fits by season, with the power-law, Michaelis-Menten and exponential saturation curves. Dry 

season: November to March; wet season: April to October, assigned by the date of each daily pair. The diagonal streaks of 

points at small S in the wet season are the final days of individual short recessions.  

 
Figure 6. Storage-discharge fits by event magnitude (event peak discharge above, or at or below, the median of event peaks). 

Neither model explains large-magnitude events.  

3.4. Robustness of the wet-season Michaelis-Menten advantage 

Event-level bootstrap resampling (500 resamples of the 152 wet-season events) found the Michaelis-

Menten model outperformed the power law in 495 of 500 resamples (99 percent), with a mean R² 

advantage of 0.199 (95 percent CI: 0.042 to 0.278). In the influence analysis, removing any single 

wet-season event left the ranking unchanged (152 of 152), with the R² advantage ranging from 0.193 

to 0.217. In the predictive leave-one-event-out test, Michaelis-Menten gave the lower error for 113 

of the 152 withheld events (74 percent; median RMSE of ln Q 0.390 against 0.532). Fitted to the 

unbinned daily pairs in log space, Michaelis-Menten again had the lower wet-season error (RMSE 

0.474 against 0.599; difference 0.122, 95 percent CI 0.068 to 0.165), while the power law stayed 

better in the dry season (0.441 against 0.514) (Table 2). Refitting within each of the nine five-year 

blocks, Michaelis-Menten had the higher R² in seven blocks; the power law was better in 1985 to 
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1989 and 1990 to 1994. In the leave-one-block-out test, Michaelis-Menten predicted every withheld 

block with lower error (Table 3; Figure 7). 

Table 2. Robustness of the wet-season Michaelis-Menten (M-M) advantage over the power-law model. 

Test n M-M 

better 
Rate Effect size 

Bootstrap resampling 500 resamples 495 99% mean ΔR² = 0.199 (95% CI 0.042, 0.278) 
Influence analysis (one event 

removed) 
152 events 152 100% ΔR² range 0.193 to 0.217 

Predictive leave-one-event-out 152 events 113 74% median RMSE ln Q: 0.390 (M-M) vs 0.532 
Leave-one-block-out prediction 9 blocks 9 100% RMSE ln Q lower in every block 
Unbinned log-space fit 200 event 

resamples 
200 100% RMSE ln Q: 0.474 vs 0.599 (Δ 0.122; 95% CI 0.068, 

0.165) 

ΔR² = R²(M-M) − R²(power law). The influence analysis was labelled leave-one-event-out validation in the previously; it does not 
test prediction on the withheld event, whereas the predictive test does. 

Table 3. Storage-discharge model performance and Michaelis-Menten parameters by independent five-year block, wet season 

only. 

Period n 

(pairs) 
Events Power 

R² 
M-M 

R² 
Km, m³/s·d (95% CI) Vmax, m³/s (95% CI) Held-out RMSE ln Q 

(power / M-M) 
1980–1984 48 15 0.754 0.811 6.46 (3.17–15.62) 15.41 (11.02–23.47) 0.674 / 0.460 
1985–1989 72 21 0.731 0.696 9.54 (3.85–23.13) 18.46 (11.58–27.72) 0.835 / 0.574 
1990–1994 60 18 0.857 0.796 9.24 (5.28–29.93) 17.92 (14.13–30.66) 0.622 / 0.393 
1995–1999 70 20 0.390 0.591 2.87 (1.50–11.35) 10.30 (8.11–18.42) 0.822 / 0.540 
2000–2004 57 13 0.348 0.615 1.97 (1.03–10.57) 8.36 (6.90–17.89) 0.890 / 0.592 
2005–2009 46 11 0.523 0.717 2.45 (1.06–7.62) 7.98 (6.26–14.50) 0.908 / 0.600 
2010–2014 44 13 0.632 0.684 6.42 (2.75–10.59) 16.20 (12.12–20.91) 0.653 / 0.433 
2015–2019 62 18 0.799 0.804 9.61 (3.99–22.23) 17.12 (10.53–26.46) 0.954 / 0.643 
2020–2025 76 23 0.379 0.619 4.31 (2.46–27.85) 9.06 (6.69–25.56) 1.144 / 0.773 

Confidence intervals from 300 event-level bootstrap resamples within each block. Held-out error is for the block predicted from fits 
to the other eight blocks. 

 
Figure 7. (a) Wet-season R² of the power-law and Michaelis-Menten fits in each five-year block. (b) Error (RMSE of ln Q) 

when each block is predicted from fits to the other eight blocks.  

3.5. Temporal behaviour of Michaelis-Menten parameters 

The fitted Km parameter ranged from 1.97 to 9.61 m³/s · day across the nine five-year blocks, and 

Vmax ranged from 7.98 to 18.46 m³/s, with wide and overlapping bootstrap confidence intervals 

(Table 3; Figure 8). The Mann-Kendall test found no significant trend in either parameter (Km: Tau 
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= −0.111, S = −4, p = 0.754; Vmax: Tau = −0.278, S = −10, p = 0.348) (Table 4). The estimated 

power of the test to detect a 50 percent change in Km over the record was only 11 percent, so the 

absence of a detected trend says little about stability. Km and Vmax were strongly correlated across 

blocks (Pearson r = 0.95), and the wet-season R² gain of Michaelis-Menten was largest where Km 

was smallest (Spearman ρ = −0.85). 

Table 4. Mann-Kendall trend test results for Michaelis-Menten parameters Km and Vmax across nine five-year blocks (1980–

2025). 

Parameter Kendall's Tau S statistic p-value Sen's slope (per block) Trend (α = 0.05) 
Km −0.111 −4 0.754 −0.239 No significant trend 
Vmax −0.278 −10 0.348 −0.440 No significant trend 

Estimated power to detect a 50% change in Km across the record: 11% (2,000 simulated series). A non-significant result therefore 

does not demonstrate stability. 

 
Figure 8. Michaelis-Menten parameters Km and Vmax by five-year block, wet season, with 95% event-bootstrap confidence 

intervals (300 resamples). Dashed lines show the median. The Mann-Kendall test has low power with nine values (Section 

3.5).  

3.6. Sensitivity to recession processing 

Table 5 and Figure 9 show how the wet-season comparison responds to each processing choice. 

Changing the number of bins between 10 and 50 left the Michaelis-Menten advantage almost 

unchanged (R² gain 0.19 to 0.22), and so did most changes to the minimum segment length and the 

number of discarded days. Three changes removed it. The rain-contamination screen cut the wet-

season sample to 124 pairs from 39 events and reversed the ranking (power law R² 0.723 against 

0.674); the tolerant version gave the same result (0.665 against 0.637). Referencing storage to a 

common master-recession floor, using −dQ/dt = 0.0162 Q^1.41 fitted to the dry-season recession 

days, raised both fits and left the power law marginally ahead (0.901 against 0.892). Requiring 

segments of at least 10 days left only nine wet-season events, which neither model could explain. The 

event-tail correction, by contrast, kept the Michaelis-Menten advantage (0.711 against 0.400). 

Event length also mattered. When dry-season events were cut to the wet-season length distribution, 

Michaelis-Menten fitted better in 99 percent of 300 repetitions, although the gain was smaller than in 
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the wet season (mean ΔR² 0.042; 95 percent range 0.002 to 0.127). Within the wet season, the power 

law fitted the shortest events (three retained days or fewer) slightly better (0.932 against 0.913), 

whereas Michaelis-Menten fitted the longer events much better (0.544 against 0.284). The wet-season 

advantage therefore appears when short and longer recessions that start at different discharges are 

pooled on one storage axis. 

Table 5. Sensitivity of the wet-season comparison to recession processing. ΔAIC = AIC(M-M) − AIC(power law); negative 

values favour Michaelis-Menten. 

Variant Wet pairs Wet 

events 
Power R² M-M R² ΔAIC Better 

Baseline (≥5 d, drop 2, 25 bins) 535 152 0.504 0.719 −14.2 M-M 
Rain screen (strict) 124 39 0.723 0.674 +4.1 Power 
Rain screen (10% tolerance) 131 41 0.665 0.637 +2.0 Power 
Terminal storage: event tail 535 152 0.400 0.711 −18.3 M-M 
Terminal storage: master-recession floor 535 152 0.901 0.892 +2.1 Power (marginal) 
≥4 d, drop 1 1660 481 0.712 0.820 −11.7 M-M 
≥4 d, drop 2 1185 479 0.611 0.781 −14.4 M-M 
≥5 d, drop 1 687 154 0.642 0.775 −11.6 M-M 
≥5 d, drop 3 385 148 0.433 0.726 −18.2 M-M 
≥7 d, drop 1 175 28 0.175 0.347 −5.8 M-M 
≥7 d, drop 2 147 27 0.149 0.390 −8.3 M-M 
≥7 d, drop 3 120 25 0.155 0.539 −15.1 M-M 
≥10 d, drop 1 66 9 0.019 0.000 +0.5 Neither 
≥10 d, drop 2 57 9 0.007 0.000 +0.2 Neither 
≥10 d, drop 3 48 7 0.010 0.001 +0.2 Neither 
Dry events cut to wet lengths (300 runs) varies 232 n/a n/a n/a M-M in 99% (mean 

ΔR² 0.042) 

The ≥4 d, drop 3 setting retains the same events as ≥5 d, drop 3 because at least two days must remain after the discarded days. 
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Figure 9. Sensitivity of the wet-season comparison to recession detection, bin number, terminal-storage treatment, rain-

contamination screening and event length. Points show R²(Michaelis-Menten) minus R²(power law); values above zero favour 

Michaelis-Menten. Details are given in Table 5. 

3.7. Alternative functional forms 

Of the seven forms (Table 6), the affine relation fitted the pooled and dry-season medians best (R² 

0.982 and 0.994; AIC −98.3 and −123.1), with the offset power law close behind. In the wet season 

the affine relation fitted poorly (R² 0.105), and the three saturating forms fitted best and almost 

equally: exponential saturation (R² 0.737, AIC 40.9), Hill (0.745, 42.2) and Michaelis-Menten (0.719, 

42.6). The exponential saturation curve also gave the lowest unbinned wet-season error (RMSE of ln 

Q 0.460, against 0.474 for Michaelis-Menten). 

Table 6. Performance of seven storage-discharge forms on binned medians (R² / AIC). 

Model p Pooled Dry season Wet season 
Linear (Eq. 4) 1 0.324 / −9.1 0.530 / −16.0 −1.524 / 95.5 
Power law (Eq. 5) 2 0.907 / −56.6 0.917 / −57.4 0.504 / 56.8 
Michaelis-Menten (Eq. 6) 2 0.711 / −28.3 0.776 / −32.5 0.719 / 42.6 
Affine (Eq. 7) 2 0.982 / −98.3 0.994 / −123.1 0.105 / 71.5 
Exponential saturation (Eq. 8) 2 0.647 / −23.3 0.743 / −29.0 0.737 / 40.9 
Hill (Eq. 9) 3 0.907 / −54.6 0.917 / −55.4 0.745 / 42.2 
Power law with offset (Eq. 10) 3 0.983 / −97.7 0.994 / −121.5 0.631 / 51.4 
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3.8. Synthetic falsification test 

With true storage, Michaelis-Menten never fitted better than the power law, for any of the four non-

saturating stores or either set of event lengths (Table 7). With the event-integrated storage proxy and 

the observed dry-season event lengths, it also never won. With the proxy and the observed wet-season 

event lengths, it won in every trial for the store that follows the basin's master recession and for the 

exponential store, and in 97 percent of trials for the linear reservoir; for the store with Q ∝ S² it won 

in 9 percent. For the master-recession store, the median R² gain (0.203) and median Km (1.4 m³/s · 

day) were close to the observed wet-season values (0.215 and 3.3 m³/s · day). Figure 10 shows one 

realisation: recessions that follow a single power law against true storage form a saturating cloud once 

storage is computed event by event. 

Table 7. Synthetic falsification test: share of 150 trials in which Michaelis-Menten fitted better than the power law, for non-

saturating stores. 

True store Wet lengths, 

proxy S: M-M 

wins 

Median 

ΔR² 
Median 

Km 
Wet lengths, 

true S 
Dry lengths, 

proxy S 
Dry lengths, 

true S 

Master recession (Q ∝ S^1.69) 100% 0.203 1.4 0% 0% 0% 
Linear reservoir (k = 15 d) 97% 0.094 7.8 0% 0% 0% 
Power law (Q ∝ S²) 9% −0.015 49.7 0% 0% 0% 
Exponential store 100% 0.172 1.0 0% 0% 0% 
Observed Ala wet season M-M better 0.215 3.3 n/a n/a n/a 

Km in m³/s · day. ΔR² = R²(M-M) − R²(power law). 

 
Figure 10. Synthetic falsification test. Recessions generated from a non-saturating store that follows the basin's dry-season 
master recession (−dQ/dt = 0.0162 Q^1.41), with the observed wet-season event lengths and starting flows. (a) Against true 

storage, the power law fits exactly. (b) Against the event-integrated storage proxy used in this study, the same recessions form 

a saturating cloud that Michaelis-Menten fits better. 

3.9. Discussion 

The finding of the predominance of the power law model in the pooled data set and in the dry season 

alone is not new. It replicates what is predicted by 60 years of recession-curve literature (Brutsaert 

and Nieber, 1977; Wittenberg, 1999; Biswal and Marani, 2010; Roques, Rupp and Selker, 2017; Rupp 
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and Selker, 2006a, 2006b), and here it serves as a check in the analysis pipeline rather than being a 

contribution per se. A basin whose dry-season drainage did not resemble a mild power law would be 

the surprising result. What the pooled comparison does establish, however, is that the Michaelis-

Menten transplant is not a free lunch: fit it to the whole record indiscriminately and it loses to the 

incumbent model. Any claim for the transplant has to be earned in a specific regime, not asserted 

globally, and that is a useful discipline for equation-transplant studies generally, which too often 

report only the case where the new form wins. 

One further result belongs here because it bears on what follows. The affine relation Q = a + cS fitted 

the pooled and dry-season data better than any other form (R² 0.982 and 0.994). That is what the 

storage proxy predicts for a recession that has not finished. If a store drains exponentially with time 

constant k and the recession is cut at discharge Qₙ, the volume still to drain at time t is k[Q(t) − Qₙ], 

so Q(t) = S(t)/k + Qₙ: a straight line whose intercept is the discharge at which the event stopped. Every 

event in this record stops at a non-zero discharge, so an intercept is built into the data. The power law 

is the better of the two models the study set out to compare, but the near-perfect affine fit is a reminder 

that the storage axis is measured from a zero that moves from event to event. 

The wet-season result is where the study set out to say something new, and it is where the revised 

analysis changes the reading most. Taken at face value, the evidence for Michaelis-Menten looks 

strong. It fitted the pooled wet-season medians better than the power law, won in 99% of event-level 

bootstrap resamples, gave the lower out-of-sample error for 74% of withheld events and for all nine 

withheld five-year blocks, and kept its advantage when the data were fitted without binning (Table 

2). The advantage is not noise. 

Three findings show that it is not evidence of Michaelis-Menten kinetics in the catchment either. 

First, it is not specific to the transplanted equation. Exponential saturation and Hill curves fitted the 

wet-season data at least as well (Table 6), so the data call for a bounded curve of some kind, not for 

this one. Second, the advantage depends on processing choices that carry no physical meaning. It 

disappeared when recession days with an accelerating decline, the hydrograph signature of fresh 

input, were removed, and when every event was referenced to the same master-recession floor; it also 

vanished when only recessions of at least ten days were kept, although just nine wet-season events 

passed that test (Table 5; Figure 9). Third, and most telling, the synthetic test reproduced the result 

from data that contain no saturation at all. A store that drains exactly according to the Ala's own dry-

season master recession, given the observed wet-season event lengths and starting flows, produced a 

Michaelis-Menten advantage in all 150 trials, with a median R² gain and Km close to the observed 

values (Table 7). With the true storage of the same synthetic store, Michaelis-Menten never won. 
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The mechanism is simple once it is seen. Wet-season recessions in this record are short, a median of 

three retained days against six in the dry season, because new rain ends them. Each short event 

contributes a few points that start near its own discharge and run down towards a storage proxy close 

to zero, whatever that discharge is. Pooled across events that begin at different flows, these short 

trajectories form a cloud that rises steeply at small S and flattens at large S, and a saturating curve 

through the origin describes that cloud better than a power law does (Figures 5 and 10). The small 

fitted values of Km, often less than one day's discharge, are consistent with this explanation and hard 

to reconcile with a physical storage threshold. The interpretation, that channel and floodplain 

conveyance limits the wet-season release rate (Tull et al., 2025; Ahrendt et al., 2022), is therefore 

flawed. Conveyance limits may well exist in the Ala Basin, but this analysis cannot detect them. 

None of this means that every equation transplant into recession analysis will fail. It means that the 

test must include a null case. The transplants cited in the Introduction (Davidson et al., 2012; 

Eberwein, Shen and Jenerette, 2017; Hubert et al., 2020; Real, 1977; McNickle and Brown, 2014) 

succeeded because their target processes had an independently known saturating mechanism. Here 

the saturating shape came from the way storage was computed, and a goodness-of-fit comparison on 

the derived variable could not tell the difference. Running synthetic data through the same pipeline 

is cheap, and it should be routine whenever a new storage-discharge form is proposed on the strength 

of fit alone. 

The total breakdown of the two models on large magnitude events really needs to be given greater 

attention than just a passing caveat. The idea that recession "characteristics" are not properties of a 

catchment, but change according to the conditions under which they are observed has been advanced 

by Stoelzle et al. (2013), Dralle et al. (2015) and Clark et al. (2009), and an R² close to zero for large 

events (0.06 for the power law and 0.11 for Michaelis-Menten) is consistent with that view. However, 

there is a second, less comfortable explanation that the recession literature based on gauge records 

does not need to grapple with: this study is based on the river network simulated discharge product 

GEOGLOWS, which routes reanalysis-forced runoff using the Muskingum-type scheme 

implemented in RAPID (Hales et al., 2025; Sanchez Lozano et al., 2021; Souffront Alcantara et al., 

2019). This is a real worry. A 2026 evaluation of GEOGLOWS performance in data-scarce Malawian 

catchments, hydrologically similar to the Ala Basin in relying on the same global product, revealed 

some sub-basins with PBIAS values exceeding −300 percent despite the model capturing the seasonal 

timing of the data correctly (Kumambala et al., 2026), while work to support decision-making in the 

similarly data-scarce Nile Basin has built local status products on top of the raw retrospective 

simulation rather than using it directly, partly because of similar regional limitations (Magoffin et al., 
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2025). Muskingum routing smoothens and delays inflows from upstream reaches and this smoothing 

is more significant during large events, when the proportion of inflows from distant upstream reaches 

to the discharge at the outlet reach is greater than the proportion of discharge from local releases of 

storage. This explanation remains a hypothesis. The reach analysed here drains a small basin, and at 

a daily time step the routing delay across its few upstream reaches is probably shorter than a day, so 

routing alone may be too weak to account for the failure. A second candidate is the runoff that 

GEOGLOWS routes. ERA5 runoff comes from the HTESSEL land-surface scheme, and the recession 

behaviour of the simulated discharge partly reflects how that scheme drains its soil column rather 

than how the Ala Basin drains. Separating the two needs gauged discharge, which was not available 

for this study. If either explanation is confirmed, it would be a real problem in using Kirchner-style 

diagnostics for network-routed discharge products and not just a footnote to this basin; it is a warning 

to other practitioners who want to use GEOGLOWS or other similar products for the same purpose 

on a global scale. 

The lack of a significant trend in Km or Vmax across the nine five-year blocks (Mann-Kendall p = 

0.754 and p = 0.348 respectively) is easy to misread as a lack of change in release behaviour of the 

Ala Basin over the forty-six-year period, which would be in contrast with the literature elsewhere in 

West Africa and in Nigeria in particular that highlights measurable hydrological changes in the region 

over similar timeframes (Li et al., 2007; Abba Umar et al., 2021). The wider the reading, the less 

defensible it is. A sample of nine blocks, representing only 152 wet season events which were not 

evenly distributed across 46 years, is too small for a trend test; the simulated power of the test to 

detect a 50% change in Km was 11%. A null result here does not preclude a smaller change in the 

saturation threshold, or a step change occurring at a particular land-use event, or a trend masked by a 

same event-magnitude non-uniqueness as mentioned above. Absence of evidence does not prove 

absence and this test was not strong enough to prove either side of this question. The parameters also 

move together. Across the nine blocks Km and Vmax are almost perfectly correlated (r = 0.95), and 

the blocks in which Michaelis-Menten gains most are those with the smallest Km. Both patterns are 

what the truncation mechanism described above would produce, and they argue against reading Km 

and Vmax as separate physical properties of the basin. 

Furthermore, a season-conditional switch to Michaelis-Menten is not supported, because the wet-

season advantage comes from the storage proxy rather than from the catchment. For dry-season low-

flow work, where recession analysis is mostly used, the power law remains a sound and parsimonious 

choice in this basin, in line with the case for low-data conceptual models in gauge-poor basins (Thach, 

2024). Practitioners who use GEOGLOWS-type retrospective discharge for recession diagnostics 



Khazar Journal of Water and Environment                               2026, 1, 135-158 

           
155 
 

(Hales et al., 2025; Souffront Alcantara et al., 2019) should check whether their results survive the 

removal of short recessions, reference storage to a common floor rather than to the end of each event, 

and test any new functional form against synthetic data processed in the same way. The large-flow 

end of the record should still be avoided until the suitability of the discharge product in that regime 

has been assessed separately. 

4. Conclusions 

This study tested a Michaelis-Menten equation transplant against the power-law storage-discharge 

model, using 46 years of GEOGLOWS retrospective discharge for one reach of the Ala River Basin, 

and then tried to break its own result. The power law was the better model overall, in the dry season 

and for small events, as earlier work would predict. Michaelis-Menten appeared to win in the wet 

season, and that advantage held under bootstrap resampling, out-of-sample prediction and unbinned 

fitting. It did not survive the falsification tests. Other saturating curves fitted as well, the advantage 

disappeared when rain-affected recession days were removed or storage was referenced to a common 

floor, and a non-saturating synthetic store processed in the same way reproduced it in every trial. The 

wet-season saturation is a product of short, truncated recessions and an event-referenced storage 

proxy. Neither model explained large events. The main limitations are the use of one simulated 

discharge record without gauge validation and a hydrograph-based rather than rainfall-based screen 

for rain contamination. Future work should repeat the analysis on gauged discharge, screen recessions 

with basin rainfall, and apply the synthetic null test to any storage-discharge form proposed on 

goodness of fit alone. 
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