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Abstract: River flow monitoring is essential for many hydraulic and hydrologic applications 

related to water resource management and flood forecasting. Currently, unmanned aerial systems 

(UASs) combined with image velocimetry techniques provide a significant low-cost alternative for 

hydraulic monitoring, allowing the estimation of river stream flows and surface flow velocities 

based on video acquisitions. The accuracy of these methods tends to be sensitive to several factors, 

such as the presence of floating materials (transiting onto the stream surface), challenging 

environmental conditions, and the choice of a proper experimental setting. In most real-world 

cases, the seeding density is not constant during the acquisition period, so it is not unusual for the 

patterns generated by tracers to have non-uniform distribution. As a consequence, these patterns 

are not easily identifiable and are thus not trackable, especially during floods. We aimed to 

quantify the accuracy of particle tracking velocimetry (PTV) and large-scale particle image 

velocimetry (LSPIV) techniques under different hydrological and seeding conditions using footage 

acquired by UASs. With this aim, three metrics were adopted to explore the relationship between 

seeding density, tracer characteristics, and their spatial distribution in image velocimetry 

accuracy. The results demonstrate that prior knowledge of seeding characteristics in the field can 

help with the use of these techniques, providing a priori evaluation of the quality of the frame 

sequence for post-processing. 

Keywords: river monitoring; image velocimetry; LSPIV; PTV; UAS; surface flow velocity; seeding 

density 

 

1. Introduction 

Image processing techniques provide up-to-date and valuable strategies for estimating surface-

water velocities in artificial laboratory flumes and natural rivers surrounded by complex hydraulic 

conditions [1,2]. The affordable price of instrumentation and the increasing computing capacity of 

computers have led to an increase in new and innovative approaches dealing with river monitoring 

and modelling [3]. Among them, image velocimetry techniques have gained popularity in estimating 

surface flow velocities and river stream flows in natural and artificial water bodies. Image velocimetry 

techniques support standard measuring networks and expand hydrological and hydraulic information 

of rivers in basins that are not densely instrumented or have limited accessibility [4,5]. The versatility 

of those techniques enables the analysis of a large amount of data on different spatial and temporal 
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scales. For instance, the footage used for image velocimetry analysis can be acquired by fixed cameras, 

hand-held cameras, smartphones, or unmanned aerial systems (UASs). In addition, the analysis can be 

performed with several techniques [6–9]. 

Several examples of estimating surface flow velocities and stream flows have been reported in the 

literature [10–22]. These studies applied image velocimetry techniques in different flow and 

environmental conditions, typically leading to good agreement with reference data and with accuracy 

compatible with field measurements (10–20%), but without providing practical guidelines that can be 

adopted in other situations. Consequently, and despite their popularity and range of applicability, their 

overall efficacy in natural environments has not yet been fully explored. Most of the algorithms, such 

as particle tracking velocimetry (PTV) and large-scale particle image velocimetry (LSPIV), require 

visible patterns on the water surface to track their movement and compute velocities. In some cases, 

natural patterns like wave crests, vortices, bubbles, or natural debris can provide sufficient information 

for image processing and velocity estimation. However, high seeding densities can rarely be reached in 

natural environments, especially during low-flow conditions; therefore, artificial tracers are often used 

to increase surface seeding during the acquisition time. A number of researchers have used 

environmentally friendly tracers for field experiments or other biodegradable materials such as wood 

chip tracers, candles, rice crackers, eco foam, or hot/cold water in addition to thermal cameras [23,24]. 

The correct identification of tracers and the patterns they create is essential for PTV and LSPIV image 

velocimetry analysis. A correct match between identified features in consecutive frames is crucial for 

the proper application of the techniques mentioned above, increasing the accuracy of velocity results. 

In particular, the most critical factors affecting accuracy rely on different levels of illumination, the 

presence of shadows, and tracer/feature properties such as dimension, shape, colour, and spatial 

seeding distribution with the possibility of forming clusters of tracers. 

Seeding density and tracer distribution are among the most critical factors for successful 

application of PTV and LSPIV, stressing the pattern detection capability of the algorithms [25,26]. In 

turn, the colour and contrast of tracers with respect to the background are essential for successful 

image processing. Poor illumination, sunlight reflection, glare, and shadows on the flow surface can 

introduce noise, resulting in the deterioration of possibly identifiable patterns [11,27]. 

The issues mentioned above have been partially addressed in the application of some pre-

processing techniques, facilitating the particle detection process and the respective motion tracking. 

Pre-processing techniques encompass orthorectification, stabilization, and image enhancement, such 

as contrast limited adaptive histogram equalization (CLAHE) [28], intensity highpass [29], and 

intensity capping [30]. Various authors modified the experimental settings to improve image 

processing output. Dal Sasso et al. [20] used different types of tracers to enhance the contrast with the 

colour of the water (turbid and clear). Tauro et al. [31] proposed the use of eco-compatible fluorescent 

particle tracers for experimental measurements in small-scale streams and hill slopes to overcome the 

problems related with illumination conditions and particle visibility. Tauro and Grimaldi [24] 

proposed the use of ice tracers and thermal cameras to characterize surface flow velocities employing 

image velocimetry techniques. Lin et al. [32] and Kinzel and Legleiter [33] used compact UASs 

equipped with thermal infrared cameras to detect the movement of flow features expressed as subtle 

differences in temperature at the water surface without visible tracer materials or artificial seeding of 

the flow. 

Tracer dimension and shape are also critical issues in image-based velocimetry results due to 

their impact on the efficacy of this method. For PTV analysis, the tracer dimensions should be smaller 

than the frame-by-frame displacement since the algorithm must follow the tracers’ motion, 

occupying at least one pixel. If particle dimensions are on the same order of magnitude as the frame-

by-frame displacement, errors can occur in the detection of particle centroids [5,34]. Similarly, for 

LSPIV analysis, tracer dimension and velocity are key in the choice of interrogation and search areas. 

LSPIV presents a higher degree of variability for lower velocities and becomes inapplicable when the 

displacement of the correlation peak is outside the search area [5,26]. Generally, authors have 

suggested setting a frame rate proportional to the flow velocity, opening the possibility of 
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subsampling slow flows to reduce the computational time [8]. Besides, the different shapes and 

visibility of tracers can affect their identification determining no realistic velocity vectors [25,35,36]. 

All these factors can influence the accuracy of velocity field estimation using PTV and LSPIV 

techniques. In this regard and to better understand the optimal setup for image-based velocimetry 

techniques, Raffel et al. [36] and Dal Sasso et al. [20] adopted numerical simulations to reproduce 

realistic configurations of randomly distributed tracers on a uniform flux. They compared the 

sensitivity of image velocimetry techniques to seeding density and number of frames. Based on their 

findings, LSPIV displayed significantly higher sensitivity to particle density compared with PTV, 

especially under low seeding density conditions. In turn, increasing the number of frames can 

beneficially affect both techniques (e.g., [8,20,37]). The results reported in the aforementioned works 

tended to emphasize that the performance of PTV is less sensitive to actual flow velocity and seeding 

density. However, the latter may commonly provide an incomplete characterization of the flow 

velocity field when there is low seeding density or non-uniform distribution of patterns 

characterising the flow. To address these issues, Pizarro et al. [38] performed numerical simulations 

considering different levels of particle aggregation and seeding density to determine the associated 

uncertainty and optimal experimental setup that would minimise image velocimetry errors. 

Based on the lack of practical guidelines for image velocimetry analysis based on different seeding 

properties, we aimed to investigate the accuracy of PTV and LSPIV on three real case studies 

characterised by different seeding and environmental conditions. To achieve this aim, three metrics 

were adopted for a preliminary description of seeding characteristics based on calculation of the (i) 

seeding density, (ii) index of dispersion of tracers, and (iii) coefficient of variation of tracer dimension. 

These metrics allowed us to describe the spatial and temporal characteristics of seeding during the 

video acquisition period. The rest of the paper is organised as follows: Section 2 presents the three case 

studies, field measurements, and video pre-processing procedures. Seeding characterisation using a 

novel algorithm we recently developed as well as PTV and LSPIV techniques are also briefly 

introduced. Section 3 presents the image velocimetry results compared with reference velocities. The 

results undergo multiple regression analysis with the aim of identifying the influence of each metric on 

the associated errors. Conclusions are provided in the final section. 

2. Materials and Methods 

2.1. Study Area 

Three case studies were considered for image velocimetry analysis. Field campaigns were 

conducted close to three cross-sections at the Noce, Bradano, and Basento Rivers in the Basilicata 

region of Southern Italy. Figure 1 shows the geographical location of the case studies. 
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Figure 1. Location of monitoring sites. 

Table 1 shows the main hydraulic characteristics of the three case studies: flow conditions, 

maximum flow depth (Hmax), river width (W), maximum surface flow velocity (Usmax), and average 

surface flow velocity (Usmed). Hmax ranged between 0.38 and 0.80 m, and the river width between 6.00 

and 14.60 m. Flow conditions at the moment of acquisition differ among case studies, yielding 

secondary currents. In particular, the Bradano location presented secondary currents in a portion of 

the cross-sections near the left bank, leading to marked differences in terms of velocity across the 

cross-section. Figure 2 shows the workflow of surface flow velocity estimation using optical methods. 

A description of each phase is provided in the following sections. 

Table 1. Main river flow characteristics in three case studies. 

River Section 
Secondary 

Currents 

Drainage 

Area (km2) 

Q 

(m3/s) 

Hmax 

(m) 

W 

(m) 

Usmax 

(m/s) 

Usmed  

(m/s) 

Noce River at 

Castrocucco 
No 225 1.70 0.45 14.60 0.48 0.44 

Bradano River at 

SS106 
Yes 2581 3.97 0.80 11.40 1.47 0.75 

Basento River at 

Potenza 
No 127 0.61 0.38 6.00 0.68 0.40 
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Figure 2. Workflow of surface flow estimation, including seeding quantification and optical methods: (A) 

video acquisition; (B) image enhancement; (C) feature detection; (D) 2D flow velocity field. 

2.2. Field Measurements 

Videos were acquired using a DJI Phantom 3 Pro UAS (DJI, Shenzhen, China) equipped with a 

Sony Exmor 1/2.3” CMOS (complementary metal oxide semiconductor) sensor. Full high-definition 

(HD; 1920 × 1080 pixels (px)) RGB videos were captured on the Bradano and Basento Rivers for 103 

and 38 s, respectively. An ultra-high-definition (UHD; 3840 × 2160 px) video was acquired on the 

Noce River for 108 s. All videos were recorded at nadir position in greyscale mode at 24 frames per 

second (fps) with a duration sufficient to capture a large number of images with appropriate seeding 

amount and distribution. Different reference objects, useful for image scale calibration and 

stabilization, were positioned at visible locations on the riverbanks. The calibration factor converting 

pixels to metres was estimated, considering metric poles with already known dimensions (Figure 3c). 

The ground sampling distance (GSD) was then computed and the values are reported in Table 2 

(besides other important acquisition variables). Reference velocity measurements were recorded 

using a current meter in the proximity of the free surface in different locations across the cross-section. 

The accuracy of the current meter (SEBA F1, SEBA Hydrometrie GmbH & Co, Kaufbeuren, Germany) 

was within 2% of the measured value [39], which corresponds to 0.001–0.03 m/s for the range of 

minimum and maximum surface velocities explored in the three case studies. The number of 

measurement locations was chosen case by case according to the specific conditions, such as cross-

section width. In particular, section areas were divided into adjacent locations with 1 m between them 

for the Noce and Bradano Rivers, and 0.5 m for the Basento River. Each measurement was recorded 

over a fixed acquisition period of 30 s. The river discharges were evaluated according to ISO-748/1997 

[40], using the velocity–area method. The cross-section was divided into panels of equal width and, 

for each panel, the velocity was measured at 20%, 60%, and 80% of the panel depth. 
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Table 2. Footage properties and reference velocity measurements. 

River Section Equipment Sensor 
RGB 

Video 

Frame  

Rate 

GSD 

(m/px) 
Benchmark 

Noce at 

Castrocucco 

DJI Phantom 

3 Pro 

Sony 1/2.3″ 

CMOS 
3840 × 2160 24 0.009 SEBA F1 current meter  

Bradano at 

SS106 

DJI Phantom 

3 Pro 

Sony 1/2.3″ 

CMOS 
1920 × 1080 24 0.009 SEBA F1 current meter  

Basento at 

Potenza 

DJI Phantom 

3 Pro 

Sony 1/2.3″ 

CMOS 
1920 × 1080 24 0.005 SEBA F1 current meter  

Seeding materials were manually added to the rivers a few meters upstream of the cross-sections 

selected for benchmarking purposes. Two operators were used in the process, ensuring proper 

distribution of seeding material along the entire cross-section. Tracers composed of wood chips and 

charcoal were selected for extra seeding of regions of interest (ROIs) on clear water (Noce and Basento 

Rivers) and turbid water (Bradano River) conditions, respectively. On all three rivers, tracers were 

characterised by irregular shape and homogeneous average dimension (about 2–3 cm). 

2.3. Data Pre-Processing 

The videos acquired by UAS exhibited a certain degree of motion, mainly caused by wind-

induced turbulence and vibrations. The occurrence of these movements was outside the limits of the 

self-stabilizing camera (gimbal). Therefore, to improve the velocity estimations, video captured with 

UASs was first stabilised using an automatic feature selection method that identifies features in frame 

pairs, matching them to compute possible values of translation and rotation. The features from 

accelerated segment test (FAST) detection algorithm was applied to identify features on an ad-hoc 

ROI [12,41]. To improve the feature matching accuracy, at each step, the method utilises the random 

sample consensus (RANSAC) filter for unacceptable correspondence [16,42]. Applying the 

stabilisation algorithm for the case studies allowed us to reduce the effects of camera movements 

throughout the entire video. Planimetric errors considering differences in translation and rotation 

were computed, taking the first frame as the reference target. On average, the reduction due to the 

stabilisation process ranged from 43 to 7 px, from 48 to 5 px, and from 64 to 7 px for the Noce, Bradano 

and Basento Rivers, respectively, for a reduction of around 85–90% of the original video movement. 

The stabilisation algorithm does not require ground control points (GCPs) to be applied. 

Consequently, it detects features automatically and the stabilisation process is therefore a viable 

alternative for inexperienced users. 

The Basento and Noce Rivers have low flow conditions, leading to subsampling of the original 

video from 24 to 12 fps. In contrast, for the Bradano River, we used the original rate of 24 fps. The 

appropriate fps was chosen to ensure frame-by-frame displacement larger than particle dimension 

[34] and to minimise the effects of camera movement between frame pairs on the calculation of 

surface velocities. 

All case studies were acquired in greyscale and pre-processed using contrast stretching techniques 

to enhance the visibility of the artificial tracers against the background. For this purpose, the GNU 

Image Manipulation Program (GIMP) was used, adjusting brightness and contrast. Image pre-

processing included a manual contrast stretch conducted with the use of GIMP manipulation software 

(GNU General Public License). The images were processed using the threshold tool in batch mode. 

Each frame was transformed into a black and white image adopting a digital number (DN) threshold 

of 200. This procedure allowed a large amount of noise caused by external reflections to be eliminated, 

improving the number of tracers identified and cross-correlated in the ROI. Figure 3 shows the original 

frames, the ROI (red squares) after pre-processing, and the location of reference velocity measurements. 
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Figure 3. Frames acquired at (A) Noce, (B) Bradano, and (C) Basento Rivers. Dark zones represent frames 

after contrast stretching, enhancing the contrast between tracers and background. Regions of interest 

(ROIs) are shown in red squares and locations of reference velocity measurements as white crosses. The 

main flow direction is indicated by arrows. A zoom-in of the metric pole is shown in (C). 

2.4. Seeding Characterisation 

The use of enhanced frames allowed us to emphasise the appearance of features with respect to 

the background, enabling the extraction of relevant information about the seeding characteristics of 

the flow. A detection algorithm was implemented to compute the seeding density in particles per 

pixel (ppp), the dimensions of features, and their spatial variance. The detection algorithm is an ad-

hoc piece of code we wrote to characterise features for image-velocimetry purposes. Consequently, 

the number of features, their relative positions, and associated areas were identified using it. This 

enabled the characterisation of the seeding properties and metrics introduced in this paper a frame-

by-frame basis, even though shapes and dimensions of the tracers varied considerably. The feature 

detection relies on an automated process to detect and describe features in the footage frames. These 

features can be local corners, blobs, or regions of uniform intensity and were saved and postprocessed 

to derive the metrics used in this paper. MATLAB R2019a (MathWorks, Natick, MA, USA) was used 

for this purpose. Original seeding is characterised by added tracers (extra seeding), environmental 

noise (e.g., illumination, shadows and ripples), and natural tracers transiting onto the flow surface. 

Overall, the equivalent diameter of actual seeding inside the ROI was estimated as 1.5 and 2 cm at 
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Bradano and Noce Rivers, respectively; on the Basento River, this value was about 2.7 cm. Figure 4 

depicts examples of the identification of features and a zoom-in inside the ROI. As can be seen, the 

algorithm was able to correctly identify the features, even if they had different shapes and 

dimensions. 

 

Figure 4. Identification of features on (A) Noce, (B) Bradano and (C) Basento Rivers. Examples of 

detected features inside ROIs (red squares) are zoomed in (A’, B’, and C’). 

Figure 5 provides a comprehensive overview of the seeding behaviour during an arbitrarily 

selected acquisition period for each of the three case studies. Since they all had different durations, 

the maximum number of frames was expected to be diverse. Nevertheless, we decided to make this 

value uniform, setting it arbitrarily to 400 images. Figure 5a,b present the seeding density and mean 

area of tracers over time. The mean area of features showed similar behaviour and order of 

magnitude over time, with values between 1.5 and 4 cm2 for the three case studies analysed. 

The change in the spatial distribution of features for the ROI was quantified through the spatial 

dispersion index D (= Var(N)/E(N), where Var(N) and E(N) are spatial variance and mean value of 

the number of tracers N, respectively, computed on subsectors of 100 × 100 pixels), which is a metric 

used to quantify the level of aggregation/dispersion of tracers. D = 1 means features follow a Poisson 

distribution, whereas D < 1 and D > 1 indicate they follow an over- and under-dispersed spatial 

distribution, respectively. Figure 5c shows the dispersion index as a function of the number of frames 

for each case study. In particular, the Basento River presented the highest values of aggregation, with 

D > 40 during recording periods. The Bradano River had the lowest and most stable values of D, with 

none above three. The homogeneity of tracer shapes was quantified using the coefficient of variation 

of tracer areas (CVArea), which is presented in Figure 5d. The Basento River had the highest values of 

CV, leading to heterogeneity in terms of feature shapes. Table 3 presents an overview of the average 

values of key variables related to tracers transiting the ROI. 
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Figure 5. Comprehensive overview of seeding behaviour during considered acquisition time for each 

study case. (A) Seeding density in particles per pixel (ppp), (B) mean area of tracers in cm2, (C) 

dimensionless dispersion index, and (D) coefficient of variation of the tracers’ area. 

Table 3. Average seeding characteristics. 

River Section Tracers 

Average Feature 

Dimension 

(equivalent 

diameter in cm) 

Average 

Seeding 

Density 

(ppp) 

Average 

Dispersion 

Index (ppp) 

Average 

CVArea 

Noce River at 

Castrocucco 
Woodchip 1.98 5.28 × 10-4 9.09 0.87 

Bradano River 

at SS106 
Charcoal 1.53 4.99 × 10-5 1.72 0.35 

Basento River 

at Potenza 
Woodchip 2.68 1.40 × 10-3 20.37 1.76 

2.5. Image Velocimetry 

2.5.1. Data Processing 

Image velocimetry techniques were applied to five sets of images to measure the accuracy of 

surface velocity estimation in changing seeding conditions. In this context, the length of the 

acquisition was fundamental for further analysis. The number of images considered in each frame 

window was decided arbitrarily but consistent with other research available in the literature 

[12,20,23,24]. For the Bradano River, frame windows 1–5 (named FW1–FW5) were defined as 1 to 200, 

51 to 250, 101 to 300, 151 to 350, and 201 to 400 frames, respectively. For the Noce and Basento Rivers, 

due to the video resampling to 12 fps, frame windows were defined as 1 to 100, 26 to 125, 51 to 150, 

76 to 175, and 101 to 200, respectively. 

For the analysis, PIVlab [43] and PTVlab [34] were used to estimate the surface flow velocity on 

the three rivers. The PTV technique was implemented using cross-correlation by interrogation area 

(IA). Specifically, the IA was set to 25 px, the cross-correlation threshold as 0.4, and the neighbour 

similarity percentage to 20%. Particles were detected through correlation with a Gaussian mask of 4 

px in diameter and 70 px in maximum intensity. These detection parameters allowed consideration 

of the high variability of the feature dimensions in the Basento River, mainly characterised by a lower 

A)

B)

C)

D)
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GSD with respect to the others. The correlation threshold was set to 0.5. The LSPIV algorithm was 

applied using fast Fourier transform (FFT) with three-pass standard correlation and IA sizes of 128 × 

64, 64 × 32, and 32 × 16 px. The 2 × 3-point Gauss sub-pixel estimator was applied. 

2.5.2. Comparison with Reference Velocities 

The velocities were compared using the current meter considering only the component of 

velocity in the flow direction (U). For PTV and LSPIV analysis, velocity values of each node represent 

the average of velocity estimated in a square with sides of 0.30 m centred on the measured point [20]. 

The accuracy of the different image velocimetry algorithms was evaluated by calculating the percent 

error (ε), defined as follows: 

ε = ((U� − U�)/U�) × 100,  (1) 

where Um represents the velocity measured with the current meter and Uc is the average computed 

velocity obtained by the LSPIV or PTV method. 

For each frame sequence, the root mean square error (RMSE) values between PTV and LSPIV 

results and the current meter data were also calculated: 

RMSE = �1/n ∑ (U�� − U��)
��

��� . (2) 

3. Results 

3.1. Image Velocimetry Results 

3.1.1. Noce River 

Image velocimetry techniques were applied in the frame windows defined in Section 2.5.1. The 

average seeding density was estimated as 4.4 × 10-4, 4.7 × 10-4, 5.3 × 10-4, 5.8 × 10-4, and 5.4 × 10-4 ppp 

for FW1, FW2, FW3, FW4, and FW5, respectively. Therefore, the seeding density presented a 19% 

increase from FW1 to FW5. The use of PTV showed that the cross-correlation process was 

considerably affected by different environmental conditions (water reflection and background noise), 

deteriorating the matching and tracking process. The number of tracers detected on the 

configurations was respectively 69, 73, 84, 91, and 85 and the number of tracers effectively cross-

correlated was, on average, 29, 32, 38, 40, and 39, respectively. Consequently, the seeding density 

considered in the analysis was around 44% of the original (i.e., an estimated reduction of 56%). The 

information on tracers detected and cross-correlated for each image pair is a piece of information 

available in the MATLAB command window during PTVLab software execution. 

Table 4 shows the principal seeding characteristics considering the different sets of images and 

RMSE values of estimated surface flow velocities using the PTV and LSPIV algorithms. The number of 

reference measurement locations of the computed velocities using PTV and LSPIV (in pecentual) is 

shown in parentheses in Table 4. Overall, an increasing number of computed locations from FW1 to 

FW5 was observed. At FW4, LSPIV was able to reconstruct 100% of the reference velocity locations, 

whereas PTV was able to reconstruct only 85%. Figure 6a,b show the averaged surface velocity maps 

calculated using the PTV and LSPIV algorithms for frame window FW4. Surface velocity values 

calculated with PTV appeared less noisy in the whole cross-section compared with LSPIV, which 

seemed to be more influenced by environmental factors (sunlight reflection and background) during 

the acquisition time. 
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Table 4. Average seeding characteristics of frame sequences with root mean square error (RMSE) 

computed for different techniques. Percentage of locations with estimated value using image 

velocimetry techniques shown in parentheses. FW, frame window; PTV, particle tracking velocimetry; 

LSPIV, large-scale particle image velocimetry. 

Description Dimension FW1 FW2 FW3 FW4 FW5 

Frames  1–100 26–125 51–150 76–175 101–200 

Average particles number 69 73 84 91 85 

Average seeding 

density 
ppp 4.4 × 10-4 4.7 × 10-4 5.3 × 10-4 5.8 × 10-4 5.4 × 10-4 

Average particle 

detected (PTV) 
number 29 32 38 40 39 

Effective seeding 

density (PTV) 
ppp 1.9 × 10-4 2.0 × 10-4 2.4 × 10-4 2.5 × 10-4 2.5 × 10-4 

RMSE-PTV 

m/s 

0.056 

(77%) 

0.053 

(85%) 

0.062 

(85%) 

0.049 

(85%) 

0.051 

(85%) 

RMSE-LSPIV 
0.117 

(85%) 

0.092 

(85%) 

0.110 

(92%) 

0.093 

(100%) 

0.116 

(92%) 

 

Figure 6. Examples of flow velocity maps calculated with (A) PTV and (B) LSPIV techniques for frame 

window FW4 on the Noce River. Red squares represent the ROI considered for the analysis. 

Table A1 (see Appendix A) shows the surface velocities and percent errors (%) calculated for both 

image velocimetry techniques for each frame window considered in the analysis. The locations with 

very low seeding density had uncertain results or no estimation of velocity. This is reasonable, since 

without seeding, it was not possible to perform matching and tracking of features. This was the case for 

L1, L12, and L13 (from the left bank), which presented very low seeding densities during the whole 

period of analysis (PTV). Difficulties in computing surface flow velocity under those conditions arose, 

as shown in Table A1 (n/a values). Increasing the seeding and distribution of tracers from FW1 to FW5 

allowed the computation of the surface flow velocity in different portions of the river cross-section. 

Figure 7 provides a visual comparison between the average surface velocities measured with a current 

meter and computed with the LSPIV and PTV algorithms. Shaded regions represent calculated 

A)

B)
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standard deviations considering the different frame windows. Both image-based approaches correctly 

captured the velocity in the centre of the cross-section, with lower effectiveness near the banks. LSPIV 

generally showed higher standard deviations for the results compared with PTV at the different 

reference locations. 

 

Figure 7. Comparison between surface velocity estimation computed with PTV (blue line) and LSPIV 

(black line) for experiments carried out in the Noce River at different frame windows. Shaded regions 

indicate standard deviations between frame sequences. Values recorded with the current meter are 

indicated by red squares. 

3.1.2. Bradano River 

PTV and LSPIV image velocimetry techniques were applied to the five frame windows defined 

by the number of frames from 1 to 400. The average seeding density was estimated as 6.8 × 10-5, 5.5 × 

10-5, 6.7 × 10-5, 7.6 × 10-5, and 7.8 × 10-5 ppp for FW1, FW2, FW3, FW4, and FW5, respectively. Therefore, 

the seeding density was almost constant from FW1 to FW5. The PTV algorithm detected five, four, 

five, six, and six tracers on FW1, FW2, FW3, FW4, and FW5, respectively, on average. From those, 

only four tracers on average were effectively cross-correlated at the matching process. Consequently, 

the effective seeding considered in the analysis was reduced, and its value was around 81% of the 

original. Table 5 shows the principal seeding characteristics and RMSE values of estimated surface 

flow velocities employing the PTV and LSPIV algorithms. The results showed that LSPIV allowed 

the surface velocity calculation to cover more than 70% of the measurement locations in all frame 

windows considered in the analysis. PTV covered the same number of measurement locations only 

if FW5 was considered, improving RMSE results with respect to LSPIV. Figure 8a,b show the 

representative averaged surface velocity maps calculated using the PTV and LSPIV algorithms for 

frame window FW5. The surface velocity map of LSPIV is more complete compared to that of PTV. 

This can be explained by LSPIV’s ability to identify and track other natural features transiting on the 

water surface (ripples and waves). 
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Table 5. Average seeding characteristics of frame sequences with indication of RMSE computed with 

different techniques. Percentage of locations with estimated value using image velocimetry 

techniques shown in parentheses. 

Description Dimension FW1 FW2 FW3 FW4 FW5 

Frames  1–200 51–250 101–300 151–350 201–400 

Average particles number 5 4 5 6 6 

Average seeding density ppp 6.8 × 10-5 5.5 × 10-5 6.7 × 10-5 7.6 × 10-5 7.8 × 10-5 

Average particle 

detected (PTV) 
number 4 3 4 4 4 

Effective seeding 

density (PTV) 
ppp 5.3 × 10-5 4.6 × 10-5 5.3 × 10-5 5.9 × 10-5 6.0 × 10-5 

RMSE-PTV 

m/s 

0.209 

(43%) 

0.144 

(29%) 

0.075 

(43%) 

0.070 

(57%) 

0.040 

(71%) 

RME-LSPIV 
0.151 

(71%) 

0.040 

(71%) 

0.066 

(71%) 

0.066 

(71%) 

0.056 

(71%) 

 

Figure 8. Examples of flow velocity maps calculated with (A) PTV and (B) LSPIV techniques for frame 

window FW5 on Bradano River. Red squares represent ROI considered for the analysis. 

Figure 9 and Table A2 (see Appendix A) present the PTV and LSPIV results for each frame 

window described previously. L1 and L7 had no seeding in all frames analysed. Consequently, they 

had no estimation of surface flow velocity on the considered frame windows. At locations L2, L5, and 

L6, PTV showed velocity estimates only for some frame windows due to the low number of tracked 

tracers. At the same locations, LSPIV provided surface velocity estimates. LSPIV does not work well 

under low seeding densities; thus, it is expected that PTV outperforms LSPIV in those conditions. 

However, even though the seeding density was low, average image velocimetry values were in close 

agreement with current meter measurements (between 5% and 20%). 
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Figure 9. Comparison between surface velocity estimations computed with PTV and LSPIV for 

experiments conducted in the Bradano River. Shaded regions indicate standard deviations between 

frame sequences. Values recorded with the current meter are indicated by red squares. 

3.1.3. Basento River 

Image velocimetry techniques were applied to the five frame windows defined by the number 

of frames from 1 to 200. The average seeding density estimated using the PTV algorithm was 1.9 × 10-

4, 3.5 × 10-4, 4.5 × 10-4, 4.5 × 10-4, and 4.6 × 10-4 ppp for FW1, FW2, FW3, FW4, and FW5, respectively. 

Therefore, the seeding density increased from FW1 to FW3, then from FW3 to FW5, it was almost 

constant. Local environmental conditions such as low flow depth, clear water, visualisation of bed 

material, and tracers with different shapes and dimensions led to a reduction in the original seeding 

density considered in the analysis (effective seeding). For the PTV algorithm, this reduction was 

quantified as 81%; consequently, only the residual 19% was effectively used for tracking features, as 

outlined in Table 6 and Figure 10, which show that only 64% of the locations were able to compute 

PTV velocity. 

Table 6. Average seeding characteristics of frame sequences with RMSE computed with different 

techniques. Percentage of locations with estimated value using image velocimetry techniques shown 

in parentheses. 

Description Dimension FW1 FW2 FW3 FW4 FW5 

Frames  1–100 26–125 151–250 176–275 101–200 

Average particles number 20 38 48 48 49 

Average seeding density ppp 1.9 × 10-4 3.5 × 10-4 4.5 × 10-4 4.5 × 10-4 4.6 × 10-4 

Average particles 

detected (PTV) 
number 5 7 9 9 9 

Effective seeding density 

(PTV) 
ppp 5.0 × 10-5 6.6 × 10-5 8.0 × 10-5 8.3 × 10-5 8.5 × 10-5 

RMSE-PTV  

m/s 

0.159 

(64%) 

0.168 

(82%) 

0.138 

(82%) 

0.163 

(73%) 

0.142 

(73%) 

RMSE-LSPIV 
0.140 

(91%) 

0.117 

(82%) 

0.116 

(82%) 

0.130 

(91%) 

0.123 

(91%) 
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Figure 10. Examples of flow velocity maps calculated using (A) PTV and (B) LSPIV algorithms on 

FW3 of the Basento River. Red squares represent ROI considered for the analysis. 

Figure 11 and Table A3 (see Appendix A) show the computed velocity results for each frame 

window chosen for analysis. In particular, PTV was not able to compute velocities across the entire 

cross-section, whereas LSPIV computed them on all point measurements. This can be explained by 

LSPIV involving other tracking surface features, such as ripples and colour differences in the water 

surface. Notably, the tracers were scarce for locations closer to the riverbanks (L1 and L2), putting 

the image velocimetry algorithms under critical stress. In this case study, both techniques tended to 

underestimate surface flow velocity, especially on the right side of the cross-section. We observed 

that for all frame windows analysed, LSPIV had lower RMSE values than PTV. 

 

Figure 11. Comparison between surface velocity estimations computed with PTV and LSPIV for 

experiments conducted on frame windows in the Basento River. Shaded regions indicate standard 

deviations between frame sequences. Values recorded with the current meter are also reported. 
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3.2. Multiple Regression Analysis 

Multiple linear regression analysis was performed to statistically evaluate the significance of the 

investigated seeding parameters on the performance of PTV and LSPIV. The variables under 

consideration were the same ones characterised in this study: seeding density, index of dispersion, 

and spatial variance of tracer dimension. For each case study, the average of absolute percent errors 

for each frame window was computed and correlated. Seeding characteristics were standardised 

since the weight of each variable was of special interest. The following relationship was then 

considered for modelling purposes: 

ε_m=C1(ρ/max(ρ))+C2(D/max(D))+C3(CVArea/max(CVArea)), (3) 

where εm is the absolute percent error, ρ is the seeding density, D is the dispersion index, CVArea is the 

coefficient of variation of tracer area, and C1, C2, and C3 are the multiple regression coefficients. 

The results of the analysis, summarised in Table 7, showed that the three metrics had similar 

significance in the derived multilinear regression. A negative correlation was found between absolute 

percent error and seeding density. This means that increasing the seeding density resulted in fewer 

errors. The velocimetry errors showed a positive correlation with the dispersion index and coefficient 

of variation of tracer area. The coefficient of variation of particle size appeared to have a slightly greater 

impact on PTV with respect to the other terms, and the dispersion coefficient had significantly less 

impact on the regression of PTV with respect to LSPIV. This last result was somewhat influenced by the 

algorithm, which restricts the area of investigation to the portion of the domain with particles. 

Therefore, PTV is less affected by particle dispersion. The coefficient of determination (R2) and statistical 

significance (p-value) were evaluated as measures of fitting performance. For both techniques, the 

values were R2 = ~0.80 and p < 0.001 (Table 7). Figure 12 shows the errors predicted by the multiple 

regression analysis and those observed with the use of PTV and LSPIV. 

Table 7. Parameters and statistics of multiple linear regression analysis. 

Algorithm C1 C2 C3 R2 p-Value 

PTV –14.6932 2.9118 35.7002 0.8001 0.0001 

LSPIV –18.5738 21.0869 26.0480 0.8083 0.0000 

 

Figure 12. Error predicted by multiple regression analysis vs. error observed with PTV and LSPIV. 
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4. Discussion 

The number, distribution, and characteristics of features on the surface of water are crucial 

factors for obtaining accurate PTV and LSPIV results. Seeding can be represented by flow features 

(e.g., ripples), natural objects transiting in the field of view, or artificial floaters. Generally, in field 

applications, the shape and dimension of floating material can be non-uniform and the spatial 

distribution of features inhomogeneous in the whole cross-section. Actual seeding in field conditions 

does not necessarily represent the effective seeding that is used for the application of optical 

techniques. This is evidenced by the process of detecting and matching features between image pairs. 

Noise due to environmental conditions, such as illumination or shadows, can strongly influence the 

quantification of effective seeding. Low seeding due to a lack of tracers or matching issues generally 

lead to an incomplete surface velocity field or unreliable results. However, in the pre-processing 

phase, the original seeding can be maximised using techniques to emphasise the contrast between 

tracers and water background. This step is essential for facilitating particle detection and cross-

correlation. In turn, filters can be applied in a post-processing phase to improve the reliability of 

cross-correlation results in deleting spurious vectors. 

In this work, three metrics were defined and implemented to quantify the seeding behaviour in 

the pre-processing phase: seeding density in ppp, the dispersion index, and the coefficient of 

variation of tracer area. They were applied in three field case studies characterised by different 

environmental conditions and seeding characteristics. LSPIV and PTV techniques were applied to 

pre-processed images to maximise the contrast between particles and background, without any filter 

to isolate and remove inaccurate vectors (outliers). 

The Noce River campaign was characterised by medium seeding conditions (5.28 × 10-4 ppp), an 

average index of dispersion (9.09 ppp), and tracers with a relatively uniform dimension (CVArea = 

0.87). It was also characterised by significant light reflections on the free water surface. The effective 

seeding used in PTV analysis was reduced by 56% compared with the original detected seeding. 

Despite this, the presence of seeding along the cross-section allowed us to obtain satisfactory results 

using the PTV algorithm (RMSE = 0.049 m/s). LSPIV seemed to be more affected by the influence of 

the noise of environmental conditions. This was manifested as more unstable results along the cross-

section, probably because velocity vectors were obtained by averaging the displacement of many 

features transiting in the interrogation windows, increasing the chances of catching noisy features in 

the analysis. 

The Bradano River was characterised by very low seeding density (4.99 × 10-5 ppp), and a lower 

dispersion index (1.72 ppp) and coefficient of variation of tracer area (CVArea = 0.35). Environmental 

conditions and more homogeneous seeding characteristics favoured an effective seeding reduction 

of only 19% with respect to the original estimated seeding. Low seeding affected the calculation of 

velocity over locations from FW1 to FW4, especially for PTV, due to the lack of tracking features. 

LSPIV with the FFT correlation approach allowed us to obtain reliable estimations for high and low 

velocities. Both techniques produced reliable results in close agreement with reference velocity 

measurements. 

The Basento River was characterised by higher seeding conditions compared with the others 

(1.40 × 10-3 ppp). Tracers presented irregular shapes and dimensions (CVArea = 1.76), with high 

dispersion in the field of view (20.37 ppp). The effect of the non-uniform characteristics of tracers and 

environmental conditions negatively impacted the results of both techniques, stressing the matching 

and tracking process. The effective seeding used by PTV was reduced by 81%, with an average value 

of 7.3 × 10-5 (ppp), leading to only a few meaningful trajectories. This produced a significant 

underestimation of surface velocities. 

These three metrics were investigated through multiple linear regression analysis to evaluate 

the influence of seeding characteristics on surface velocity estimation. For both techniques, the results 

demonstrated that seeding density, the coefficient of variation of tracer dimension, and dispersion 

index have a similar influence on the accuracy of image velocimetry. In particular, statistical analysis 

corroborated the importance of seeding density for minimising estimation errors and showed that 

increasing the coefficient of variation of the tracer dimension and the dispersion index can negatively 
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impact the final results. This suggests that the duration of video recording during field surveys 

should be increased, allowing the selection of optimal frame windows for analysis to minimise 

computed velocimetry errors. Increasing the number of frames allows covering different portions of 

the ROI by features, consequently allowing the computation of velocities across the whole ROI. This 

is especially important for riverbanks that are often difficult to seed (e.g., Bradano River). Previous 

experimental findings (e.g., [8,20]) support using an increased number of frames to improve the final 

results with lower variability of velocity estimations. 

5. Conclusions 

In this study, we focused on the accuracy of PTV and LSPIV image velocimetry techniques under 

different seeding conditions for three case study locations in Southern Italy. Our findings showed 

that PTV and LSPIV are sensitive to seeding and tracer characteristics as well as challenging 

environmental conditions. The seeding density that is effectively used by PTV in the analysis can be 

reduced up to 81% of the original, highlighting its applicability at very low seeded flows. This leads 

to an underestimation of flow velocity and, consequently, river discharge. For both techniques, the 

statistical analysis demonstrated that three metrics (seeding density, dispersion index, and spatial 

variance of tracer dimension) have a statistically significant influence on the accuracy of velocity 

estimation and can be used for a priori evaluation of flow seeding conditions. Increasing the number 

of frames can help with conducting complete velocity field characterisation because it increases the 

chance of having transiting features on the whole ROI. Consequently, more extended video 

registration and preliminary quantification of seeding characteristics can help with selecting an 

appropriate interval to process, image velocimetry technique to apply and related setting parameters, 

and in controlling the accuracy of results. Future studies should focus on implementing an automatic 

workflow to enhance the frames in particularly challenging conditions, such as intense sunlight, 

shadows, and ripples, to better emphasise and discriminate floater objects with respect to the 

background. Finally, we are currently working with a larger dataset to generalize the multiple 

regression equation for prediction purposes. 
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Appendix A 

Table A1. PTV and LSPIV results for each location compared to reference measurements on the Noce 

River. 

Location 
U (m/s) PTV Velocity (m/s) PTV Percent Error (%) 
 FW1 FW2 FW3 FW4 FW5 FW1 FW2 FW3 FW4 FW5 

L1 0.25 n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 

L2 0.38 0.43 0.44 0.41 0.41 0.41 13.98 15.70 7.90 8.89 9.34 

L3 0.47 0.51 0.48 0.47 0.46 0.45 7.04 1.20 0.25 −k3.28 −5.13 

L4 0.44 0.45 0.50 0.49 0.47 0.46 2.91 13.85 11.18 7.04 5.33 

L5 0.48 0.44 0.44 0.43 0.43 0.42 −8.06 −8.88 −11.07 −10.80 −12.37 

L6 0.48 0.48 0.46 0.42 0.44 0.43 −0.59 −4.46 −13.87 –9.57 −11.59 

L7 0.46 0.33 0.41 0.45 0.47 0.48 −29.07 −11.63 −2.71 2.78 4.33 

L8 0.47 0.44 0.45 0.44 0.46 0.45 −6.52 −3.76 −6.77 –3.34 −3.77 
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L9 0.48 0.43 0.47 0.48 0.49 0.45 −11.27 −2.54 0.14 0.53 −5.91 

L10 0.47 0.41 0.45 0.46 0.47 0.45 −12.97 −4.92 −3.60 −0.82 −4.15 

L11 0.44 0.45 0.38 0.36 0.39 0.38 1.64 −14.42 −18.28 −11.55 −13.10 

L12 0.42 n/a 0.30 0.27 0.29 0.30 n/a −27.78 −36.26 −30.80 −28.03 

L13 0.34 n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 

Location 
U (m/s) LSPIV Velocity (m/s) LSPIV Percent Error (%) 

 FW1 FW2 FW3 FW4 FW5 FW1 FW2 FW3 FW4 FW5 

L1 0.25 n/a n/a n/a 0.32 n/a n/a n/a n/a 27.59 n/a 

L2 0.38 0.48 0.42 0.42 0.41 0.42 27.47 12.99 10.50 7.75 10.40 

L3 0.47 0.38 0.64 0.27 0.45 0.49 –19.05 36.17 –42.75 –3.75 4.19 

L4 0.44 0.48 0.43 0.57 0.49 0.47 10.09 –2.84 30.43 10.64 6.03 

L5 0.48 0.47 0.42 0.43 0.41 0.44 –2.45 –13.18 –11.01 –16.02 –9.51 

L6 0.48 0.40 0.49 0.35 0.40 0.37 –16.87 1.25 –26.54 –18.16 –22.51 

L7 0.46 0.38 0.43 0.45 0.49 0.42 –18.73 –7.20 –3.45 6.47 –9.44 

L8 0.47 0.51 0.49 0.44 0.49 0.51 7.89 3.79 –7.01 3.32 8.20 

L9 0.48 0.51 0.52 0.52 0.55 0.52 6.37 7.69 6.77 13.65 8.45 

L10 0.47 0.47 0.45 0.48 0.45 0.46 –0.71 –4.64 2.21 –3.97 –1.81 

L11 0.44 0.49 0.47 0.42 0.41 0.42 11.53 5.99 –4.98 –7.37 –5.29 

L12 0.42 0.09 0.19 0.17 0.13 0.05 –79.36 –55.19 –58.80 –68.80 –88.64 

L13 0.34 n/a n/a 0.37 0.31 0.38 n/a n/a 8.40 –9.32 10.51 

Table A2. PTV and LSPIV results for each location compared to reference measurements on the 

Bradano River. 

Location U (m/s) PTV Velocity (m/s) PTV Percent Error (%) 

    FW1 FW2 FW3 FW4 FW5 FW1 FW2 FW3 FW4 FW5 

L1 0.84 n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 

L2 1.48 1.18 n/a n/a n/a 1.46 −20.05 n/a n/a n/a –1.08 

L3 1.04 0.84 0.86 0.96 0.96 0.98 −19.31 −17.11 −7.47 −7.76 –5.74 

L4 0.77 0.83 0.87 0.87 0.87 0.81 7.88 12.97 12.67 12.78 5.48 

L5 0.53 n/a n/a 0.49 0.49 0.49 n/a n/a −6.65 −6.82 –6.59 

L6 0.43 n/a n/a n/a 0.48 0.39 n/a n/a n/a 10.88 –8.26 

L7 0.63 n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 

Location U (m/s) LSPIV Velocity (m/s) LSPIV Percent Error (%) 
  FW1 FW2 FW3 FW4 FW5 FW1 FW2 FW3 FW4 FW5 

L1 0.84 n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 

L2 1.48 1.20 1.47 1.42 1.42 1.38 −18.92 –0.64 –3.83 –3.83 –6.60 

L3 1.04 0.86 0.99 0.93 0.93 0.99 −17.07 –4.79 −10.06 –10.06 –4.39 

L4 0.77 0.83 0.79 0.76 0.76 0.74 7.05 2.27 −1.08 –1.08 –3.93 

L5 0.53 0.56 0.56 0.55 0.55 0.57 5.96 7.23 5.15 5.15 8.42 

L6 0.43 0.46 0.49 0.51 0.51 0.47 6.63 14.19 19.24 19.24 8.52 

L7 0.63 n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 

Table A3. PTV and LSPIV results for each location compared to reference measurements on the 

Basento River. 

Location U (m/s) PTV Velocity (m/s) PTV Percent Error (%) 
  FW1 FW2 FW3 FW4 FW5 FW1 FW2 FW3 FW4 FW5 

L1 0.05 n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 

L2 0.17 n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 

L3 0.43 0.48 0.48 0.47 0.45 0.44 12.21 12.34 8.40 5.32 2.12 

L4 0.58 0.55 0.43 0.50 0.47 0.46 –5.33 −25.31 –14.02 –18.13 –20.39 

L5 0.29 0.20 0.22 0.22 0.23 0.23 –29.97 −23.65 –24.05 –20.52 –20.56 

L6 0.29 0.30 0.33 0.32 0.34 0.34 4.62 12.20 10.00 18.27 16.04 

L7 0.61 0.31 0.35 0.50 0.39 0.47 –49.82 −42.20 –17.94 −36.30 −23.18 

L8 0.68 n/a 0.39 0.39 0.38 0.39 n/a −42.79 –42.79 −43.70 −42.69 

L9 0.54 n/a 0.47 0.47 n/a n/a n/a −12.46 –12.46 n/a n/a 

L10 0.50 0.40 0.40 0.38 0.37 0.49 –21.42 −21.26 –25.06 −27.21 −3.63 

L11 0.43 0.18 0.19 0.23 0.23 0.23 –57.58 −55.55 –47.26 −46.16 −45.52 

Location U (m/s) LSPIV Velocity (m/s) LSPIV Percent Error (%) 
  FW1 FW2 FW3 FW4 FW5 FW1 FW2 FW3 FW4 FW5 
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L1 0.05 n/a n/a n/a n/a n/a n/a n/a n/a n/a n/a 

L2 0.17 0.35 n/a n/a 0.13 0.17 103.61 n/a n/a –26.51 –2.78 

L3 0.43 0.50 0.49 0.49 0.43 0.47 17.24 12.95 16.75 0.51 10.07 

L4 0.58 0.46 0.42 0.42 0.42 0.41 –20.67 –27.37 –24.50 –26.75 –29.08 

L5 0.29 0.15 0.15 0.15 0.17 0.20 –47.93 –49.37 –20.27 –41.35 –30.07 

L6 0.29 0.36 0.34 0.34 0.35 0.33 24.25 18.07 23.13 20.07 12.77 

L7 0.61 0.58 0.58 0.58 0.53 0.55 –4.78 –4.88 –5.57 –13.01 –10.71 

L8 0.68 0.47 0.46 0.46 0.46 0.48 –29.79 –31.57 –27.42 –31.24 –28.43 

L9 0.54 0.51 0.49 0.49 0.49 0.52 –4.11 –8.11 –3.75 –8.67 –2.71 

L10 0.50 0.38 0.39 0.39 0.37 0.39 –24.85 –22.63 –19.95 –26.19 –22.64 

L11 0.43 0.18 0.33 0.33 0.19 0.19 –58.05 –23.80 –47.75 –54.97 –56.07 
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