
1. Introduction
River corridors encompass wet channels, exposed deposits such as sediment bars, riparian zones, and floodplains 
potentially covered by vegetation (Harvey & Gooseff, 2015). These fluvial geomorphic features can gradually 
and/or abruptly change over time. Monitoring such transformations (e.g., their lateral migration or the dynamic 
change of the channel widths—e.g., Dean & Schmidt, 2013; Stecca et al., 2019) provide the basis for a better 
understanding of the underlying river processes, natural and anthropogenic drivers of the river morphological 
changes, as well as channel adjustment times (Brierley et al., 2010; Rinaldi et al., 2017). This information is key 
to infer future conditions of the river corridor and eventually support its restoration and management (Brierley & 
Fryirs, 2016; Grabowski et al., 2014).

In this context, airborne and spaceborne remote sensing data has become a crucial tool (e.g., Bizzi et al., 2019; 
Righini & Surian, 2018; Tomsett & Leyland, 2019). Sub-metric resolution images have often been analyzed to 
detect fluvial geomorphic features, arguing that high resolution images can better support the translation of river 
geomorphic changes into process-understanding (Carbonneau et al., 2012; Rivas Casado et al., 2016). Unfortu-
nately, these images (such as orthophotos or unpiloted image acquisitions) when publicly available at catchment 
or regional scale are generally associated with a low temporal resolution, such as years or decades (e.g., http://
www.pcn.minambiente.it/mattm/). In these time windows, images become “snapshots” that can reveal gross 
change in river planform and lateral erosion rates but mask the episodic nature of the channel response in its tran-
sient states (Petts & Gurnell, 2005), which can in turn help the interpretation of longer-term trajectories (Piégay 
et al., 2020; Ziliani & Surian, 2012). To better decipher river morphodynamic processes, it is therefore critical to 
monitor both rapid and abrupt river changes (e.g., channel widening induced by an extreme hydrological event) 
as well as progressive and incremental changes (e.g., bank erosion normally occurring on the external part of a 
channel bend), that often interplay in the river systems (Boothroyd et al., 2021).

Abstract Machine learning algorithms applied on the publicly available Sentinel 2 images (S2) are 
opening the opportunity to automatically classify and monitor fluvial geomorphic feature (such as sediment 
bars or water channels) dynamics across scales. However, there are few analyses on the relative importance of 
S2 spatial versus temporal resolution in the context of geomorphic research. In a dynamic, braided reach of 
the Sesia River (Northern Italy), we thus analyzed how the inherent uncertainty associated with S2's spatial 
resolution (10 m pixel size) can impact the significance of the active channel (a combination of sediment 
and water) delineation, and how the S2's weekly temporal resolution can influence the interpretation of its 
evolutionary trajectory. A comparison with manually classified images at higher spatial resolutions (Planet: 
3 m and orthophoto: 0.3 m) shows that the automatically classified water is ∼20% underestimated whereas 
sediments are ∼30% overestimated. These classification errors are smaller than the geomorphic changes 
detected in the 5 years analyzed, so the derived active channel trajectory can be considered robust. The 
comparison across resolutions also highlights that the yearly Planet- and S2-derived active channel trajectory 
are analogous and they are both more effective in capturing the river geomorphic response after major flood 
events than the trajectory derived from sequential multiannual orthophotos. More analyses of this type, across 
different types of river could give insights on the transferability of the spatial uncertainty boundaries found as 
well as on the spatial and temporal resolution trade-off needed for supporting different geomorphic analyses.
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The publicly available, multi-spectral Copernicus Sentinel-2 (S2) data has the potential to meet this challenge. 
S2 images were first acquired in 2016 with a temporal resolution of 5 days (cloud coverage permitting) and a 
spatial resolution of maximum 10 m. Their wide (global) spatial coverage (same as the Landsats 7 and 8) is slowly 
(Piégay et al., 2020) opening the opportunity to test current geomorphological theories across scales, times and 
locations (Brierley et al., 2013). However, understanding what spatial and temporal resolution could be most 
effective to solve specific geomorphic research questions is still an open issue (Piégay et al., 2020). There is a 
relation between the type of analysis (e.g., gross or fine morphological changes), type of river, and spatiotemporal 
resolution adopted. For example, slow geomorphic changes of small rivers could be captured by high spatial  reso-
lutions and long revisit intervals, whereas the geomorphic changes of highly dynamic rivers might be visible on 
coarser spatial resolutions but would require high revisit times.

In general, temporal errors will be intimately associated with the process under analysis, its rate of change and 
the time between consequent image acquisition (Ziliani & Surian, 2012). Spatial errors will instead depend on 
the relation between the river size, river complexity and the image spatial resolution (Gilvear & Bryant, 2016; 
Rowland et al., 2016). Even in wide river channels, satellite imagery pixels edges do not coincide with the edges 
of the objects on the ground; pixels will contain a number of classes (mixed pixels) that include for example, 
sediment, water and vegetation. If these mixed pixels are classified with one class (e.g., water), it means that the 
other classes (e.g., sediment or vegetation) within those pixels will get unavoidably underestimated. The lower the 
spatial resolution, the more relevant this issue becomes, raising questions on the real extent of the fluvial geomor-
phic features measured or on the true geomorphic temporal change that can be detected (Donovan et al., 2019; 
Ling et al., 2019). We could therefore ask: given that the delineation of the geomorphic features is uncertain due 
to the spatial resolution, how much can we trust the S2 images for the interpretation of their dynamics and trajec-
tories? And how does such interpretation compare to the understanding that can be derived from the analysis of 
few (e.g., one each year), manually classified submeter spatial resolution images, as commonly done in geomor-
phological studies (e.g., Brenna et al., 2021; Kondolf et al., 2007; Ziliani & Surian, 2012)?

We addressed these questions on a reach of the Sesia River—a dynamic braided river in the North-West of Italy. 
We first compare the classes of water, sediment, and vegetation automatically classified on the S2 images with 
those manually classified in the available orthophotos (0.3 m resolution). This comparison allowed the quantifi-
cation of the spatial error. Then, for the first time, we evaluated how such a spatial uncertainty could influence the 
interpretation of the S2-derived active channel (defined as the sum of the water and sediment areas) trajectory. To 
better discriminate the classification (automatic vs. manual) errors from the spatiotemporal resolution errors, we 
also included in the analysis a yearly, manually classified Planet image (3 m resolution).

The analysis across different spatiotemporal resolutions determined: (a) the type of error derived from the 
planet-orthophoto comparison, associated with a manual classification and an increased spatial (from 0.3 to 
3 m) and temporal resolution (from multi-year to yearly); (b) the type of error derived from the S2-orthophoto 
comparison, associated with an automatic classification of the S2 images versus the manual classification of 
the orthophoto, a coarser spatial resolution (from 0.3 to 10 m) and a finer temporal resolution (from multi-year 
to weekly); (c) how these errors compared between the type of classifiers and spatial resolutions, assessing the 
associated challenges and opportunities of analyzing river evolutionary trajectories in terms of fluvial dynamics, 
processes and drivers, at various temporal resolutions.

2. Study Site
The Sesia River catchment is located in the North-West Italy and cover a total area of 3,038 km 2 with an eleva-
tion ranging from 4,464 to 96 m a.s.l (Figure 1). The Sesia River is a northern tributary of the Po River and 
has a total length of 140 km. The upper part of its course is within the western Alps. Starting from Romagnano 
Sesia, the river flows with North-South direction into the High Po Plain, developing a wide and dynamic channel 
with transitional or multi-thread planform configuration. Downstream from Vercelli, the channel configuration 
changes into single-thread with sinuous or meandering morphology up to the confluence with the Po River. The 
mean annual rainfall in the catchment is 1,013 mm and the mean annual discharge at Palestro is about 70 m 3 s −1 
(Scorpio & Piégay, 2021).

In this work, we focused on a 3.7 km-long reach of the Sesia River located in the High Po Plain between Carpig-
nano Sesia and Arborio, where the river displays a wandering to braided configuration with an active channel 
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width of 200–400 m (Figure 1). Beside the active channel stricto sensu (i.e., the area occupied by low flow chan-
nels and sediment bars; Liébault & Piégay, 2002), our investigation also considered the within-channel vegetated 
islands and the surrounding riparian areas (red polygon in Figure 1). The total area of analysis has an extension 
of about 2.6 km 2.

The time window of investigation extended from January 2018 to December 2022 (5 years). On the second of 
October 2020, an exceptional meteorological event accompanied with intense and prolonged rainfall lasting for 
24 hr with cumulative precipitation of about 450 mm affected North-West Italy, causing high-magnitude flooding 
in the Sesia River (De Petris et al., 2021). The maximum water discharges estimated at the sections of Borgosesia 
and Palestro were of about 3,000 and 5,000 m −3s −1, respectively, that is, values associated with recurrence inter-
vals higher than 100 years (ARPA, 2020).

3. Materials and Methods
This work aims to compare the automatic classification of the water, sediment and vegetation classes performed 
on S2 images with the manual discrimination of the same classes performed on satellite images and aerial ortho-
photos at higher spatial resolutions (3 and 0.3 m, respectively). These classes and their evolution are assumed to 
represent respectively the fluvial geomorphic features (e.g., exposed sediment bars) and their dynamics (e.g., a 
decrease in their area). The fluvial geomorphic feature dynamics over the considered 5 years instead define the 
river evolutionary trajectory (e.g., whether the active channel is widening or narrowing).

From now on, the term “S2” will refer to the S2-based automatic classification and the terms “Planet” and “ortho-
photo” will refer to the Planet-, and orthophoto-based manual classifications, respectively.

3.1. Image Selection

We considered a period between January 2018 and December 2022, for which both the Planet and the atmos-
pherically corrected S2 images are available throughout the whole year. In this time window, we found only two 

Figure 1. Location map of the Sesia River catchment and an extract of the Sesia River from the orthophoto 2018. The area of 
analysis which will be classified into classes of water, sediment and vegetation is highlighted with the red polygon (zoomed 
in on the top right-hand side panel). The red star identifies the Palestro gauging station where the hydrometric levels are 
recorded by the Agenzia Interregionale per il Fiume Po. The station is about 30 km downstream the analyzed river sector. 
Black arrows indicate flow direction.
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orthophotos (spatial resolution: 0.3 m) of the study site, taken in the summer 2018 and spring 2022. These two 
images were acquired by AGEA (Agenzia per le erogazioni in agricoltura) and by the Authority of the Po Basin, 
respectively (see the links reported in the data availability statement). For the spatial comparison, we then down-
loaded the Planet (https://www.planet.com/) and the Sentinel Level-2A (https://scihub.copernicus.eu) images 
on the same dates (or on the closest available date—see Table 1 where the acquisition dates are reported within 
brackets). For the temporal comparison instead, we downloaded one Planet image per year and all the S2 images 
available with a cloud coverage below 5% (110 images in total).

The Planet Level-3B images (Harmonised Analytic Ortho Scene) from the Planet CubeSat constellation have 
four radiometric bands (Red-Green-Blue and the near infrared) with spatial resolution of 3 m. These images are 
commercially available daily at nadir since 2017 for the study site. They were downloaded with radiometric-, 
sensor-, and geometric-correction (including the atmospheric correction). The Sentinel-2A images (S2) from the 
European Copernicus mission have in total 12 radiometric bands, four of which are natively acquired at 10 m 
resolution (Red-Green-Blue and the near infrared). These images are freely available weekly since mid-2017 and 
they were downloaded already atmospherically corrected and orthorectified.

3.2. Fluvial Geomorphic Feature Delineation and Accuracy Assessment

All the image sources were clipped within the polygon of the area of interest (Figure 1). Using a geographic infor-
mation system, the orthophotos and the Planet images (visualized in false-color) were manually classified over 
the area of analysis into water, sediment and vegetation based on visual interpretation and expert judgment. The 
classifications were performed by one experienced analyst, using a visualization scale between 1:500–1:1,000 
and between 1:1,000–1:2,000, for the orthophotos and the Planet images respectively. In the orthophotos, it was 
possible to divide vegetation in three subclasses: sporadic, low (dominantly shrubby and herbaceous) and high 
(dominantly arboreal) vegetation. The spatial resolution of the Planet images instead allowed discrimination only 
between low and high vegetation.

The S2 images were automatically classified using a fuzzy convolutional neural network (CNN) algorithm on 
the four bands natively acquired at 10 m resolution (B2, B3, B4, and B8). The model predicts the fuzzy class 
membership of the water, dry sediment and vegetation classes. Neural networks are inherently fuzzy classifiers, 
terminating in a layer that has as many nodes as classes in the label data with assigned a likelihood of class 
membership (between 0 and 100). Fuzzy classification can thus infer sub-pixel scale compositions, and it has 
been seen as a way to mitigate for the relative coarse spatial resolution of the S2 images (Carbonneau et al., 2020). 
The CNN algorithm (see a full description in Carbonneau et al., 2020) was trained with a data set of high resolu-
tion (10 cm), multi-temporal unpiloted aerial vehicles (UAVs) images (5.25 km 2 of survey) which also included 
data from the study reach used here. For each 10 m S2 pixel, this UAV data provides 10,000 pixels which allowed 
for accurate estimation of the cover percentage of water, sediment and vegetation within each S2 pixel. The 
comparison between S2 and UAV data showed that the model predicted the fuzzy class memberships with median 
errors below 10% and mean absolute errors below 20%. This model is, to the best of our knowledge, the only 
fuzzy classification algorithm for Sentinel-2 imagery that is pre-trained for the Italian territory.

Once all images were manually (Planet and AGEA orthophotos) or automatically (S2) classified, we analyzed the 
results in terms of total area extent of water, sediment and vegetation. The fuzzy membership of each S2 pixel 
(expressed in percentage) was translated into semantic classes (where semantic refers to pixels labeled with a 
certain class name) according to the highest fuzzy membership of that pixel across the three classified classes. 
Given that the S2 images were classified only into one vegetation class (although with different degrees of fuzzy 

2018 2019 2020 2021 2022 Resolution-classification

Orthophoto 1 (19/08/2018) 0 0 0 1 (12/05/2022) 0.3 m-manual

Planet 1 (19/08/2018) 1 (28/06/2019) 1 (23/06/2020) 1 (14/06/2021) 1 (10/05/2022) 3 m-manual

Sentinel 2 15 (20/08/2018) 22 25 23 25 (11/05/2022) 10 m-automatic

Note. The date of acquisition is reported only for those images that were used for the pixel-by-pixel comparison (see Section 3.2).

Table 1 
Type of Images Used in This Work, Their Spatial Resolution and the Classification Approach Adopted
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membership), we lumped the vegetation subclasses of the orthophotos and of the Planet images also into one 
class, treating the different densities (e.g., sporadic) and the vegetation growth characteristics (high vs. low) as 
a useful side-information for the interpretation of the misclassification results. We approximated the classified 
orthophoto as error-free, recognizing that a digitization process driven by human interpretation will always pres-
ent some spatial uncertainty. We then quantified the differences of the classes area extent between image sources 
using a normalized error (in hectares per square kilometers—hr/km 2), calculated as the ratio of the difference 
between the areas of the Planet or the S2 and the orthophoto (assumed the reference “ground-truth”) divided by 
the area of that class obtained in the orthophoto.

To identify the nature of the misclassified pixels, we resampled the Planet and the S2 images to 0.3 m and we 
co-registered them with the orthophotos. In total, we obtained for all images 28,842,058 pixels of 0.3 × 0.3 m 
size (a total area equal to 2.6 km 2). In the pixel-by-pixel comparison, it was then possible to identify those pixels 
of the Planet and the S2 images that were classified as belonging in the same semantic class of the orthophotos 
(True Positive and True Negative) and those that were misclassified into different classes (False Positive and 
False negative). These correctly and misclassified pixels were reported in confusion matrices. The accuracy of 
the Planet- and S2-based classification was assessed as the ratio between the sum of the True Positives and Nega-
tives of the three classes and the sum of both the True and False Negatives and Positives. The diagonal of the 
confusion matrix instead represents the precision of the classification, that is, the ratio between the True Positive 
and the sum of the True Positive and False Positive of each class.

In Figure 2, we show one example of the classified orthophoto, Planet and S2 images. As shown in the figure, 
sporadic vegetation is present only in the orthophoto. The CNN model generates for the S2 images three rasters, 
each one reporting the probability of belonging to the class of water, sediment and vegetation (the fuzzy member-
ship between 0 and 100).

3.3. Temporal Evolution of the Geomorphic Features

We compared the temporal evolution of the three semantic classes across the three different temporal reso-
lutions considered (orthophoto, Planet and S2 images). For this purpose, as mentioned in Section 3.1, beside 

Figure 2. Example of the manual (orthophoto and planet images) and automatic (S2 images) classification performed for May 2022. For each analyzed date, the S2 
pixels are assigned with a fuzzy membership of each class (from 0 to 100). The semantic class (label of water, sediment, and vegetation) is assigned according to the 
highest fuzzy membership of that pixel across the three classified classes.
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the two available orthophotos available in the 5 years window (2018–2022), 
we downloaded one Planet image per year (five images in total) acquired in 
late spring or summer, and all the available S2 images (110 images in total). 
These images were manually (Planet images) or automatically (S2 images) 
classified as described above. We remind the reader, that the Planet images 
have higher spatial and temporal resolution than the S2, and their spatial 
uncertainty could be explored in similar ways to the one presented in this 
work for the S2. We selected the S2 images because they are freely available 
globally and because we already had an automatic S2 classifier tested on the 
study area (Carbonneau et al., 2020).

Finally, to better interpret the results, we considered the water hydrometric 
levels of the Sesia River available from the nearby Palestro gauging station 
(Figure 1) that allowed identification of floods and the alternance between 
dry and wet periods. This data was used to identify potential links between 
any severe hydrological event that occurred over the study period and tempo-
ral changes in the area extent of the classified semantic classes on the study 
site.

4. Results
4.1. Comparison Between the Three Spatial Resolutions

The first analysis considers the comparison between the spatial resolutions of 
the three image sources. The visual comparison in Figure 3 highlights that in 
both the Planet and the S2 the water is under classified when compared to the 
orthophoto (the star symbol is above the dot symbol), whereas the sediment 
percentage is over classified (the star symbol is below the dot symbol). These 
errors (which assume that the orthophoto is the “true” classification—see 
Section 3.2) are quantified in Table 2.

Table  2 shows that the water area calculated at resolutions lower than 
the orthophotos is underestimated by approximately 20% (up to 26% for 
the Planet in 2018). Sediments are consistently overestimated, with areas 
up to +35% (Planet 2018). Vegetation is instead under estimated (maxi-
mum −10% in the Planet 2022). By comparing the two image sources, 
the percentage error in the area extent results higher in the Planet images. 
These findings are partly unexpected, given that the Planet images have 
higher spatial resolutions than the S2 images. To better interpret these 
results, we visually compare the classified images and compute the confu-
sion matrices.

Figures 4 and 5 compare the delineation of the three semantic classes at the 
three different resolutions.

Panels a–f in Figure  4 and panels a–b in Figure  5 highlight how water 
gets underestimated at lower spatial resolutions. In the Planet imagery, the 
manual classification underestimates the channel boundary delineation due 

to a combination of hanging vegetation (panels b in Figures 4 and 5), as well as to the presence of bank- and 
bed-sediments (panels b, e in Figure 4 and panels a, c in Figure 5). The same considerations hold for the S2 
(panel d in Figure 5). The sediment class is consistently over-estimated in both the Planet and Sentinel images 
when compared to the orthophoto. Panels g–n in Figure 4 show that such an over estimation is mostly due to the 
misclassification of sporadic vegetation, a class present only in the orthophoto. The smaller overestimation of 
the sediment area in the S2 is associated with the use of an automatic model which recognizes low vegetation 
more consistently than the manual (color-based visual) delineation. As a consequence, the vegetation extent is 
more  underestimated in the Planet than in the S2 images.

Figure 3. Classified percentage areas of the three semantic classes: water, 
sediment and vegetation. The star symbols in panel (a) identify the percentage 
of water (blue stars) and sediment (orange stars) classified in the AGEA 
orthophotos 2018 and 2022. The symbols are repeated also in panel b (Planet) 
and panel c (Sentinel 2) to facilitate the comparison. In the second axes, the 
hydrometric level (black line) recorded at the Palestro gauging station (see 
Figure 1).

 19447973, 2023, 12, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023W

R
034699 by T

est, W
iley O

nline L
ibrary on [05/01/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Water Resources Research

BOZZOLAN ET AL.

10.1029/2023WR034699

7 of 15

By comparing Figures 4 and 5 with the errors reported in Table 2, we can 
deduce that the percentage error of the water class in the S2 might result 
smaller (e.g., 18% in 2018) than the error in the Planet (e.g., 26% in 2018) 
because of the coarser resolution of the S2 and not because the automatic 
classification outperformed the manual delineation. Panels C and F in 
Figure 4 and panel a in Figure 5 show for example, that the S2 have a greater 
water extent than the Planet but that the water pixels do not necessarily locate 
within the orthophoto boundaries. For the sediment class, the classification 
performed using the S2 is sometimes more conservative than in the Planet, 
with less sediment pixels classified at the expense of more sporadic vege-
tation (see the top left-hand side of panels h and i in Figure 4). However, 
in some cases the classification includes in the sediment class what was 
classified as vegetation in both the orthophoto and in the Planet (see right-
hand  side of panel I compared to panels g and h in Figure 4). Overall, the 
sediment area in the Planet results larger (with a higher overestimation—
Table 2) but, as in the case of the water class, the pixels classified as sediment 
in the S2 often mismatch with those in the orthophotos (panel i compared to 
panel h in Figure 4).

Figure 6 quantifies this level of mismatch for all classes with a confusion 
matrix, which assesses the percentage of correctly and misclassified pixels. 
The values in the diagonal (darker color) represent the precision of the classi-
fication for each class. In general terms, (a) the Planet have a higher precision 

than the S2 and (b) the sediment classification has the lowest precision, with 20%–30% of the pixels misclassified 
at the expense of (sporadic) vegetation, as previously commented.

These results are in agreement with Figures 4 and 5, which show that the pixels classified as water in the Planet 
images are generally classified as water also in the orthophotos (thus the high precision in the two confusion matri-
ces in Figure 6), with an underestimation due to a conservative water channel delineation. These considerations 

Water Sediment Vegetation

Error (hr/km 2) (difference in hr)

 Planet 2018 −26 (−4.5) +35 (+13.7) −4 (−9.2)

 Planet 2022 −14 (−5.9) +34 (+22) −10 (−16)

 Sentinel 2018 −22 (−3.8) +29 (+10.8) −3 (−7)

 Sentinel 2022 −19 (−7.3) +18 (+11) −2 (−3.7)

Area (hr) (relative %)

 Orthophoto 2018 18 (7%) 40 (15%) 203 (78%)

 Orthophoto 2022 40 (15%) 64 (24%) 156 (60%)

Note. If the error is negative there is an under-estimation of the total area 
compared to the orthophoto. If it is positive, there is instead an overestimation. 
The italic numbers represent the difference in hectares (h) between the areas 
derived from the classified Planet or S2 images and the orthophotos. The 
areas of the classes derived from the orthophotos are reported below in 
hectares (hr), together with the relative percentage of that class within the 
classified river corridor (Figures 1 and 2, red polygon).

Table 2 
Error Normalized With the Total Classified Area of That Class Within the 
Orthophoto (i.e., Within the Red Polygon of Figure 1)

Figure 4. Examples of how the delineation of water, sediment and vegetation compare in the same location but at different resolutions and with different types of 
classification (manual in the orthophotos and Planet images; automatic in the S2 images). The figure highlights how water is underestimated at lower resolutions and 
how sediments instead are overestimated.
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hold for the S2 images, although with a much greater level of misclassification in 2018: 26% of the water pixels 
were misclassified as sediment (19%) and vegetation (7%), compared to the 8% in 2022 (see the precision of the 
water class in Figure 6). The difference is due to the fact that in 2022 there is less (hanging) vegetation than in 
2018 (see in Figure 5 the comparison between panels b and d) and the wetted branches of the multi-thread channel 
are wider and deeper (Figure 5). As a result, more water pixels are recognized by the automatic model within 
the water boundaries of the orthophoto and less pixels gets confused with visible bed sediments or vegetation. 
Therefore, even if the difference in the total areas with the orthophoto is higher in 2022 (as reported by the italics 
number in Table 2), the precision of the automatic model is higher (Figure 6) and the error percentage is smaller 
(Table 2).

4.2. Comparison Between the Three Temporal Resolutions

Figure 3 shows the fluvial geomorphic feature dynamics in terms of classified semantic classes in the three differ-
ent temporal resolutions, providing different pictures of the river morphological change within the time window 
considered (2018–2022). From the two orthophotos (Figure 3a) and the five Planet images (Figure 3b), we could 
deduce that both the water and the sediment areal extent have increased throughout time. However, the compari-
son with the dense time series of the S2 reveals that such an increase might be associated with a temporary river 
channel configuration due to seasonal hydrometric conditions (see e.g., the increase in the water extent recorded 
in the Planet before 2020 and the corresponding water area extent in the S2 panel).

Figure 5. Difference in the classification of water on the same river section between the year 2018 (which includes panels a and b) and 2022 (which includes panels c 
and d). The figure also highlights the different river morphology before and after the flood event occurred in October 2020.

Figure 6. Normalized confusion matrices of the classified semantic classes (wat: water; sed: sediment; veg: vegetation). The 
normalized percentages are calculated by comparing the number of pixels of each class with the total pixels of that class in 
the orthophoto. In the first row of the left-hand side matrix for example, 91% of the pixels classified as water in the Planet 
2018 were also classified as water in the orthophoto 2018; the remaining 6% and 3% of the pixels classified as water in the 
Planet 2018 (predicted) were classified respectively as sediment and vegetation in the orthophoto (observed).

 19447973, 2023, 12, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2023W

R
034699 by T

est, W
iley O

nline L
ibrary on [05/01/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Water Resources Research

BOZZOLAN ET AL.

10.1029/2023WR034699

9 of 15

To better interpret the morphological trends and potential outliers, Figure 7 links some of the water and sediment 
peaks found in Figure 3c with the associated S2 images. Peaks in the sediment area (where the difference between 
the sediment and the water area is greatest) generally occur after a water peak (see the peak two in Figure 7). After 
visual inspection within the time window considered, we deduced that the increase of sediment extents is mostly 
due to a combination of plant abscission during the winter season (see the comparison between panels 1 and 2 of 
Figure 7) as well as to high-water and sediment flows which locally remove or cover the vegetation on sediment 
bars, islands and floodplain (not shown). Peaks in the water area (see number 4 in Figure 7) occur together with, 
or soon after a registered high hydrometric level (black line in Figure 7). These peaks might sometimes include 
wet vegetation misclassified as water, potentially as a consequence of rainfall (see the comparison between panels 
3 and 4 in Figure 7), or represent the consequences of flooding events. Panels 5 and 6 show for example, the 
change in the water and sediment areas before and after the major flood event of October 2020, with a substan-
tial and almost instantaneous complementary decrease in vegetation cover (see top-left panel of Figure 7) as a 
response to the high-magnitude hydrological event.

In Figure 8 we compute the yearly median extent of water, sediment and vegetation to disentangle the seasonal 
morphological changes from the longer-term river evolutionary trajectories. Figure 8a shows how many times per 
year (i.e., yearly frequency), each pixel was classified as water or sediment. In 2021 (the year immediately after 
the major flood event of October 2020), both the water and the sediment area detected are visibly increased, for 
then decreasing in 2022. In Figure 8b, we quantified these yearly changes with boxplots for each semantic class. 
The bottom panel of Figure 8b confirms that the median water extent increased up to 2021, for then decreasing in 
2022 with a recorded minimum in the time window considered. Similarly, the median sediment extent increased 
between 2018 and 2021, for then decreasing in 2022 with a complementary regrowth of the vegetation. However, 
the sediment median value of 2022 remains higher than in the previous years (as opposed to water), potentially 
indicating a more persistent river morphological change. Finally, Figure 8c shows the comparison of the active 
channel evolution discerned from the three image sources, assuming the active channel defined as the sum of 
the water and sediment areas (similar to Brousse et al., 2021; Gao et al., 2022; Ham & Church, 2002; Liébault 

Figure 7. The top-left panel shows the temporal evolution of the classified area of the three semantic classes in the S2 
images (same as in Figure 3). Each number reported in the graph is associated with the classified S2 image. In the raster 
legend, the probability of being a certain semantic class is represented by the fuzzy membership predicted by the automatic 
model.
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& Piégay, 2002). The plot shows that the Planet and the S2 trajectories are very similar, both detecting a sharper 
increase in the active channel extent in 2021 and a smoother decrease in 2022. When compared to the classifica-
tion obtained from the two orthophotos (2018 and 2022), both trajectories overestimate the active channel area 
(between 5% and 15% if we consider the S2 median value) which is mostly due to an overestimation of the sedi-
ment extent as previously discussed. However, if only the two orthophotos were available in this time window, 
the geomorphic feature dynamics and in particular the ongoing decrease in the active channel extent recognized 
from Planet and S2 images would be masked by the low temporal resolution.

5. Discussion
5.1. The Impact of Different Spatial Resolutions on the Geomorphic Features Delineation

Table 2 and Figures 3 and 4 show that when we compare the S2 with the classification manually performed 
in the high resolution orthophotos, the water extent results underestimated of about 20% and the sediments 
extent overestimated of about 30%. As in previous studies, the number of water pixels is negatively influenced 
by overhanging vegetation (see panel b in Figure 5), shadows, and by shallow water columns which signifi-
cantly modify the pixels reflectance contribution (panels a–f in Figure 4) (Güneralp et al., 2014; Pu et al., 2021). 

Figure 8. The top left-hand side (black and white) panel a show the yearly evolution of the water and sediment pixels 
resulting from the automatic classification of the S2 images. The whiter the pixel color, the higher the number of times 
that pixel was classified as water (top panels) or sediment (bottom panels). The legend is year-dependent and the minimum 
and maximum pixel values are reported in each panel. Panel b shows the box plots of the area percentage calculated within 
each year per each semantic class. Panel c shows the yearly active channel trajectory (assumed as the sum of the water and 
sediment pixels) assessed from the three image sources.
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Encroaching, sporadic vegetation instead did not have a sufficiently strong spectral signal to be classified as 
part of the vegetation class (even with low probability) rather than of the sediment class (e.g., as in Henshaw 
et al., 2013). These misclassifications are present in both the S2 and the Planet, with a relatively small difference 
between their normalized errors and the calculated area of the semantic classes (Table 2). While the smaller 
overestimation of the sediment area in the S2 (and a complementary underestimation of sporadic vegetation 
as previously commented—Table 2) is associated with the use of an automatic model which recognizes low 
vegetation more consistently than the manual delineation (Donovan et al., 2019), the similarity between the clas-
sified areas despite the jump in resolution (from 3 to 10 m) is unexpected. In a resampling exercise, Hollenhorst 
et al. (2006) showed that the proportional abundance of the classified riparian cover types remained preserved 
with spatial resolutions (from 5 to 90 m). The authors argued that the rate at which land covers types are lost 
at coarser resolutions is controlled by their clustering and not by the percentage in which they are present. The 
continuous linear nature of riverine wetlands and of the other riparian features might thus explain their findings. 
Here, we claim that the persistence of the classified areas under different resolutions is likely due to a combi-
nation of feature clustering (in this case: water, vegetation and sediment) and pixel size. As soon as the fluvial 
geomorphic feature is detectable (i.e., is larger than the pixel size), the accuracy of its delineation decreases with 
resolution but the area of its classified pixels increases. As a result, the potential underestimation error in the area 
extent can be  smoothed down (see e.g., the water area in the panels a–f in Figure 4). We could therefore assume 
that on images with spatial resolution >1 m there is a systematic under/overestimation of the semantic classes 
which might be regulated by a percentage (in this analysis 20% for the water class) that is resolution-independent. 
More of these analyses should be performed to verify this hypothesis and its transferability to other locations. If a 
robust percentage was found, it could be treated as an upper or lower uncertainty bound to use when uncertainty 
cannot be properly assessed.

Looking at the nature of the misclassified pixels, Figure 6 demonstrates that water is under-classified mostly at the 
expense of sediment, whereas sediments are overclassified mostly at the expense of (sporadic) vegetation. These 
water and sediment misclassifications are also present in the Planet which achieve higher, but not as different preci-
sions than the S2 (Figure 6). Indeed, the overall accuracy were respectively 0.88 for the Planet and 0.87 for the S2, 
with the S2 less able to recognize the water class, but better performing in 2022 in detecting the sediment class. 
For the S2, the higher precision in the water class detection in 2022 (Figure 6) can be explained by the increased 
of the water area percentage (see Table 2) and the change in the river morphology that occurred after the flood of 
2020. Between 2018 and 2022, part of the (hanging) vegetation disappeared (Figure 5, panels b–d), and the channel 
widths as well as the water depths increased making them more detectable at the S2 pixel size resolution (Figure 5). 
The higher precision on the sediment detection in 2022 (which increases the overall accuracy—Figure 6) can 
also be associated with the 2020 flood event, where part of the sporadic vegetation was replaced with bare land 
(Figure  5—panels b–d). The S2 precisions could partly be influenced by a lack of georeferentiation with the 
orthophoto and by a manual digitization error of the orthophoto itself (Donovan et al., 2019). While the georefer-
entiation error is not quantifiable without ground-truth references, the manual digitization error could be assessed 
performing multiple digitizations of the same image. Previous studies that performed such analysis showed that the 
manual digitization error generally ranges between ±0.5 and ±5 m on images with resolutions between 0.2 and 1 m 
(Brenna et al., 2023; Donovan et al., 2019; Pu et al., 2021). While including an estimate of this error could increase 
the accuracy of our results, we argue that the persistent negative bias found in the water class (or positive bias in the 
sediment class) would remain on average negative (or positive) with the attribution of an ± “x” m error. Further-
more, a visual inspection of our results (see Figure 4) shows that the delineation errors between, for example, the 
manually classified orthophoto and the Planet images cannot be considered dominated by the inconsistencies of 
the analyst’s digitization of the orthophoto; these errors (which can be random, or biased by the user’s background) 
appear instead to be a small percentage of the error associated with mixed pixels in the Planet image - an error that 
is intrinsic to the Planet coarser resolution and not to the user ability to correctly distinguish the semantic class.

In general, the multi-spatial comparison performed in this work shows that similar accuracies and percentage 
errors can be found between resolutions. With these results, we can deduce that: (a) when the semantic classes 
are detectable, the correct delineation of spectrally mixed features (such as sediments and shallow water) remains 
challenging for both the manual and the automatic classification, at least for spatial resolutions >1 m (Hollenhorst 
et  al.,  2006; Ling et  al.,  2019; Rivas Casado et  al.,  2016); (b) classification performances can vary annually 
or inter-annually because of the hydrological history (Gleason et al., 2014; Hollenhorst et al., 2006; Werbylo 
et al., 2017); (c) the small difference in area detected and classification accuracy between the S2 and the Planet 
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images also provide evidence that automatic classifications are mature enough to substitute manual ones. This 
is pivotal, since manual classification cannot be carried out on a high number of images such as those available 
nowadays with satellites.

5.2. The Impact of Different Temporal Resolutions on the Interpretation of Fluvial Geomorphic Feature 
Dynamics

We analyzed the semantic classes dynamics under the three different temporal resolutions employed. Figures  3 
and 7 show that the S2 provides a more detailed representation of the geomorphic features evolution, capturing those 
seasonal (panels 1–2 in Figure 7) as well as abrupt (panels 5–6 in Figure 7) river changes that are not detectable 
considering one (or less) image per year (as for the Planet images and orthophotos). For example, after the major flood 
of October 2020 there is an evident sudden increase of the water and sediment area (panels 5–6 in Figure 7). In the 
months that follow (i.e., March–November 2021), the vegetation quickly recolonizes the exposed sediment surfaces 
(e.g., bars) created by the flood (Figure 3c). These “instantaneous” or rapid changes are lost at lower temporal reso-
lutions (Figures 3a and 3b) but represent an useful information for the understanding of the river dynamics and their 
drivers. Abrupt active channel widenings induced by infrequent high-magnitude floods (e.g., Rinaldi et al., 2016) and 
the following post-flood narrowing can occur over decadal (Friedman et al., 1996a, 1996b; Scorpio & Piégay, 2021), 
down to seasonal time scales if the environmental conditions (e.g., temperate and tropical climates) promote a high 
vegetation growth rate (Friedman & Lee, 2002). Images at low temporal resolution might not capture these tran-
sient morphological changes that compensate in between image acquisitions (Piégay et al., 2020). These reasonings 
suggest that for the study of rapid to instantaneous fluvial changes, in the absence of very high-resolution images 
acquired ad hoc, it is more informative to use lower spatial resolution data with higher temporal resolution such as S2 
images than sporadic orthophotos. Having said that, temporary but erroneous configurations might also be recorded 
in the S2 because of variations of the model’s performance throughout the year, for example, identifying temporary 
peaks in the water area because of the ambiguity between the spectral signal of wet vegetation and water (see panel 
4 in Figure 7). In this case, the adopted CNN classification model (Carbonneau et al., 2020) was trained using only 
spring to late summer images. To classify seasonal changes, it would be thus necessary to sample the training data 
using also the other seasons and potentially add extra geomorphic classes (such as wet vegetation) if appropriate.

Nevertheless, those episodic events become less relevant when we consider the median of the classified classes 
over the years. These medians (the horizontal gray lines in the box plots of Figure 8c) can be used to represent the 
active channel (sediment + water) trajectory automatically extracted from the S2 images, at the net of the tempo-
rary morphological configurations (such as seasonal changes or erroneous classifications). Figure 8c shows that 
this trend is fully comparable to the active channel trajectory manually delineated from the Planet. Both trajecto-
ries show a moderate increase of the active channel from 2018 to 2020, followed by a sharper increase between 
2020 and 2021. The first moderate increase can reliably be associated to a recent increase of sediment availability 
as observed in other Italian rivers (e.g., Bollati et al., 2014; Brenna et al., 2021). The last sharp increase instead 
represents the river response to the October 2020 flood, which induced major morphological effects along the 
Sesia River (ARPA, 2020; De Petris et al., 2021). The slight decrease of the active channel observed between 
2021 and 2022 in favor of a moderate increase of vegetation cover is in accordance with the aforementioned 
recolonization of the vegetation (Figure 3c) that rapidly occurred in the fluvial corridor after the flood. This 
temporal trajectory is not recognizable from the two orthophotos acquired at the beginning and at the end of the 
study period, showing only a moderate increase of the active channel from 2018 to 2022 (Figures 3 and 8). Ziliani 
and Surian (2012) working on longer time scales (i.e., the last two centuries) highlighted that “increasing the 
temporal resolution of evolutionary trajectory is crucial for interpretation of channel adjustments and compre-
hension of their controls". The results summarized in Figure 8 are in accordance with this statement and demon-
strate that the S2-derived trajectories can provide an informative reconstruction of the active channel changes 
which can be reasonably explained in terms of river processes occurred over the last few years (e.g., floods, 
channel widening, vegetation re-encroachment), at the least for the spatial and temporal scales considered. On 
the contrary, the temporal resolution of the orthophotos is not adequate for this aim since they lose crucial infor-
mation about morphological changes and river processes that occurred in between the two available acquisitions.

5.3. The Impact of Spatial Uncertainty on the Interpretation of the Active Channel Trajectory

By combining the spatial and temporal analyses, the S2-derived active channel trajectory can be assumed to be 
robust even without the comparison with the Planet-derived trajectory. In 2018 and 2022, the normalized error 
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percentage with the centimetric orthophotos was found around 10% or less, with the underestimated water class 
(around 20%) compensating the overestimated sediment class (around 30%) (Table 2). Figure 8c shows that the 
detected morphological changes occurred in the active channel over the analyzed 5 years are two to three folds 
higher than such a spatial error, allowing to safely interpret the trajectories generated. In case the changes reported 
were comparable to or smaller than the error, caution should be used in the interpretation of the trajectories.

In general, errors on the interpretation of a certain geomorphic process will depend on the ratio between the temporal 
and spatial resolution of the image employed and a combination of the river size, morphology and dynamicity. Specif-
ically, the spatial error will be a function of the dimension and the complexity of the geomorphic features, whereas 
the temporal error will be a function of their rate of change (e.g., the measure of erosion and accretion that can be 
detected). We could therefore expect that spatial errors on S2-based classifications would decrease, and classification 
performances increase for rivers that are wider and more stable (e.g., single-thread) than the Sesia River. Spatial errors 
could instead be comparable or larger in similarly morphologically complex, dynamic rivers such as multi-threaded 
or anastomosing rivers, where the presence of mixed pixels is generally abundant due, for example, to the presence 
of wet sediment bars and shallow water depths which have similar spectral signatures and can therefore be misclas-
sified (Rowland et al., 2016). For what concerns temporal errors, short-term intervals will be necessary on highly 
dynamic rivers to capture the episodic nature of channel migration and its transient states (Petts & Gurnell, 2005). 
However, awareness on the timescale dependence in process rate estimations is also needed (how short does the 
interval between image acquisition need to be for capturing a certain geomorphic process on a certain type of river?).

In this work, we demonstrated that the spatiotemporal resolution trade-off of S2 images might lead to an under-
standing on the behavior of the river system that is similar to what can be derived from yearly images at 3 m spatial 
resolution, or even to a greater understanding (such as the persistence of changes after the flood event) than what 
could be gained at centimetric, multi-year resolutions. The results of this analysis therefore would not support 
the investment of having higher spatial resolutions (at least between 3 and 10 m) at the expense of revisit time. 
More analyses of this type, across different types of river could give insights on the transferability of the spatial 
uncertainty boundaries found in this work as well as on the appropriate spatial and temporal resolution trade-off 
for supporting different geomorphic analyses (Piégay et al., 2020). Multi-spectral images at finer temporal and 
spatial resolutions are commercially available (the Planet images, e.g.,) and would likely increase the accuracy in 
identifying fluvial geomorphic features and their dynamics (Fisher et al., 2018; Ziliani & Surian, 2012). However, 
wide spatial coverage might result into prohibitive costs which could for example, affect the return of investment 
of the watershed management policy that employed them (Fisher et al., 2018). S2-based analyses with freely avail-
able global coverage have instead the potential to better quantify the landforms-reach-catchment morphodynamic 
relationship, as well as discriminate which process is common across locations or is instead site-specific (Brierley 
et al., 2013). It is therefore important to explore existing data more deeply, assessing which data source is appro-
priate for which geomorphic issue. Quantifying the advantages and limitations of S2 images (or other remote 
sensed images) is the starting point to translate this data into a tangible advance in river process understanding.

6. Conclusions
This work aimed to quantify the uncertainty around the area extent of the water, sediment and vegetation classes 
automatically delineated on S2 images (10 m resolution, 5 days revisit time), and to evaluate how such an uncer-
tainty could influence the interpretation of the active channel (sediment  +  water) trajectory for the 5  years 
analyzed (2018–2022). With these aims, we compared the classified classes across different spatial and tempo-
ral resolutions: multi-year with 0.3 m resolution (orthophoto) and yearly with 3 m resolution (Planet images). 
Assuming the orthophotos as error-free, the comparison led to the following findings.

Both the S2- and the Planet-based classification underestimate the water class and overestimate the sediments 
class, presenting comparable area percentage errors despite the jump in resolution. We deduce that similar results 
could be found in other acquisition dates and resolutions (>1 m) because such a spatial uncertainty depends on 
a  combination of pixel size and pixel clustering, as well as on the correct delineation of “spectrally mixed” pixels 
which remains challenging for both the manual and the automatic classification.

The S2- and Planet-derived yearly active channel trajectory are comparable, whereas airplane derived orthopho-
tos available every few years overlook the ongoing geomorphic feature dynamics at the scale of investigation and 
miss the episodic “instantaneous” river changes due to their low temporal resolution.
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When we combine the spatial and the temporal analyses, we find that the spatial uncertainty found in the S2 are 
smaller than the morphological changes detected within the time window analyzed. The S2-derived active chan-
nel trajectory can then be considered robust. The similarity of this trajectory with the trajectory manually-derived 
from the Planet images also provides evidence that automatic classifications are mature enough to substitute 
manual ones. The use of infrequent, high spatial resolution (cm) and resource demanding imagery remains crucial 
to assess spatial classification uncertainties to then properly interpret the accuracy of the geomorphic trajectories 
derived from high frequency satellite images such as S2 or others.
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catalog.search#/metadata/r_piemon:98fe6c87-2721-4193-a35a-5af883badce7; with link WMS: https://opengis.
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zenodo.8298522. The Planet images were downloaded at https://www.planet.com/ (accessed on 19 August 2022), 
whereas the Sentinel Level-2A at https://scihub.copernicus.eu (accessed on 14 July 2022). The full description 
of the fuzzy CNN model architecture can be found in P. E. Carbonneau et al. (2020). The model weights and 
the python code used for the fuzzy classification of the S2 images (respectively “Capo_5_32_4bande.h5” and 
“UAV2SEN_FuzzyCNN_BigTif.py”) are available in Carbonneau (2023), version 2.0 (https://doi.org/10.5281/
zenodo.8244818) with MIT licence.
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