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A B S T R A C T

Water quality of irrigation water is an essential factor for public safety and farm sustainability. 
Imaging surface water sources from unmanned aerial vehicles (UAVs) has become an important 
source of water quality information. Water quality variables (WQVs) in irrigation ponds have 
been shown to have persistent spatial patterns. The objective of this work was to test the hy
pothesis that (a) persistent spatial patterns can be found in reflectance and remote sensing indices 
from UAV-based multispectral imagery of irrigation ponds, and (b) those patterns can signifi
cantly correlate with patterns of WQVs. We utilized data from sampling, in-situ sensing, and UAV- 
based imaging of a commercial 4-ha farm pond in Maryland. Seventeen water quality variables 
were measured on a permanent grid during the irrigation season concurrently with the imaging of 
the pond with the MicaSense RedEdge camera at five wavelengths. Twenty-four remote sensing 
indices were computed. Spatial patterns were determined using the mean relative difference 
method. The water quality patterns appeared to reflect differences in distances from banks, 
closeness to the creek meeting the pond, the degree of water stagnancy, dominant wind di
rections, and a geese congregation site. High (>0.8) Spearman correlation coefficients were found 
for turbidity, photosynthetic pigments, and organic carbon in water. These variables’ patterns had 
similarities with patterns of remote sensing indices AFAI, TCARI, TCI, and MCARI. Patterns of 
E. coli strongly correlated with the pattern of reflectance at the red wavelength. Given the high 
spatiotemporal variability of WQVs in irrigation ponds, determining patterns of remote sensing 
indices can be useful for the design of surveys or monitoring important aspects of water quality.

1. Introduction

Remote sensing has become a widespread methodology to quantify water quality in surface waters [1,2]. Lakes and reservoirs have 
been successfully surveyed and monitored [3], lately with the active use of machine learning techniques [4]. Recently, unmanned 
aerial vehicles (UAVs) have become a source of valuable water quality data. They can provide high-resolution data and support 
real-time monitoring [5].

It has long been recognized that many environmental variables related to water quality, e.g. chlorophyll content, greenness, 
vegetation density, turbidity, and dissolved organic matter, may correlate with so-called remote sensing indices, i.e., simple arithmetic 
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combinations of reflectance measured at two or three wavelengths or wavelength ranges. Many remote sensing indices have been 
suggested [6,7].

Water quality in irrigation ponds presents substantial interest as a public health factor if this water is used for produce irrigation [8,
9], or recreation. Using machine learning, researchers successfully evaluated microbial water quality by E. coli concentrations using 
drone-based imagery of irrigation ponds and identified the most informative water quality parameters with respect to microbial water 
quality [10,11].

Spatiotemporal variation of environmental variables often demonstrated the presence of persistent spatial patterns [12]. The 
discovery of such patterns provided valuable information for monitoring design and identifying factors responsible for the presence of 
hot and cold spots of water quality [13,14]. Well-defined persistent spatial patterns of water quality parameters were found in irri
gation ponds [15].

The imagery of water bodies revealed persistent spatial patterns. Such patterns were reported for the remote sensing indexes and 
were used to assess water quality in surface waters [2,16]. So far, spatial patterns of remote sensing indices have not been studied in the 
images of irrigation ponds.

We hypothesized that (a) persistent spatial patterns can be found in reflectance and remote sensing index data from UAV-based 
multispectral imagery of irrigation ponds, and (b) a significant correlation may exist between spatial patterns of water quality vari
ables and patterns of the reflectance and remote sensing indices from imagery across an irrigation pond. This work aimed to test this 
hypothesis with data from sampling, in-situ sensing, and drone-based imaging of a farm pond in Maryland.

2. Materials and methods

2.1. Sampling, sensing, and imaging at the field site

The research was carried out at a 4-ha commercial irrigation pond in Maryland. Nineteen observation locations (Fig. 1) were 
selected to reflect various potential factors of water quality conditions, such as preferred area of geese flock presence around location 
12, shallowness of nearshore areas locations (11–18), possible bank seepage (location 11), closeness to the stream inlet (location 19), 
submerged aquatic vegetation (location 1–9), opportunities for the alongshore flow and dead-end low or no-flow areas (locations 14, 
15, 16, 17, 18), closeness to the irrigation water intake (locations 10, 18). The pond was surveyed with the autonomous surface vehicle 
HYCAT (YSI Yellow Springs, OH) in spring before development of the submerged aquatic vegetation to obtain the bathymetry map. 
The maximum depth of the pond was 2.5 m at the irrigation intake (location 10), with the remainder of the waterbody having a depth 
of 1–1.5 m with the exception of the area next to the dock (location 3), which had a depth of 2 m, and no sharp changes in the water 
depth were found across the pond. The pond was visited eight times from June to August 2023.

The multispectral imagery was acquired using a Red Edge-M (MicaSense, Seattle, WA) sensor configuration mounted on a 
3DRSolo® (3DR, Berkeley, CA) drone at an altitude of 400 ft (120 m). The multispectral reflectance was obtained at five wavelength 
bands: blue, green, red, red edge, and near-infrared (NIR) that had 475 nm, 560 nm, 668 nm, 717 nm, and 840 nm as center wave
lengths, respectively. The imaging was conducted under clear skies, and the solar zenith angle ranged from 20◦ to 30◦.

A YSI water quality sonde was used to measure pH, dissolved oxygen (DO, mg L− 1), specific conductance (SPC, μS cm− 1), chlo
rophyll A (CHL YSI, relative fluorescence units, RFU), phycocyanin (PC YSI, RFU), fluorescent dissolved organic matter (fDOM, μg 
L− 1), water temperature (Temp, ◦C), turbidity (nephelometric turbidity units, NTU), and location GPS coordinates.

Fig. 1. Locations of sampling, in situ sampling, and imagery data matching at the studied pond.
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2.2. Laboratory determinations

Water samples were analyzed using the Aquafluor fluorometer (Turner Designs, San Jose, CA) for colored dissolved organic matter 
(CDOM, μg/L), whole cell chlorophyll-a (CHL_LAB, RFU), and phycocyanin (PC_LAB, μg/L). A Skalar FormacsHT carbon analyzer was 
utilized to measure water samples total carbon (TC, mg L− 1), total organic carbon (TOC, mg L− 1), total inorganic carbon (TIC, mg L− 1), 
and total nitrogen (TN, mg L− 1) in the water samples. Concentrations of orthophosphate PO3−

4 (PO4, mg L− 1) and nitrate NO−
3 (NO3, 

mg L− 1) were measured with a SEAL AQ300 discrete nutrient analyzer (Seal Analytical Inc., Mequon, Wisconsin).

2.3. Remote sensing indices

The images were processed with the Pix4D software (Pix4D S.A., Prilly, Switzerland) to obtain reflectance maps for each of the five 
wavelengths. The statistical distributions of individual pixel reflectance within a 3-m diameter circular buffer area around the water 
sampling and sensing locations were found normal using the Shapiro-Wilk test at the 0.05 significance level, and the average 
reflectance values within those areas were used in computations of remote sensing indices which were found to correlate with 
environmental variables in published applications of the remote sensing imagery in environmental studies. As the indices were 
originally developed with data from various sensors at various scales; it was not possible to conclude a priori which of them would be 
efficient with drone-based imagery data of the pond water surface. We computed 24 popular remote sensing indices that have been 
applied in the past to evaluate presence and status of vegetation (indices EVI, GLI, gNDVI, MSAVI, NDVI, OSAVI, RVI, SAVI, TGI, TVI, 
NGRDI, TCARI, Combined TCARI, VARI), chlorophyll stock (indices CLI-G, CI-RE, CVI, MCARI, MTCI, NDCI, TCARI, TCI), aquatic 

Fig. 2. Average and standard error values of water temperature and water quality variables across the pond sampling locations during the 
observation period. Measurement units are in the "Materials and Methods" section.
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vegetation (indices AFARI and NDAVI), and Turbidity (NDTI). The full names of indices, equations to compute them, and references 
are in Supplemental Table 1. The indices were selected so that the wavelengths of their development were within the bandwidth ranges 
of the MicaSense Red Edge imagery.

2.4. Defining spatial patterns

The spatial patterns of water quality and imagery-related variables were determined using relative differences between variable 
values in individual locations and the average of measurements across all locations [17]. These relative differences were computed 
after each site visit. At the end of the season, there were eight values of relative difference for each variable at each location. The 
average of those eight values (mean relative difference or MRD) at each location characterized the tendency of a variable to exceed the 

Fig. 3. Averages and standard errors of reflectance and remote sensing indices.
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average across the pond or to be smaller than that average. The set of MRD values at all observation locations for each water quality 
and image-related variable revealed the spatial pattern of this variable across the pond. Equations for the above computations are as 
follows. Let xij be the measurement of a variable x made at the location i on jth visit to the site. Relative differences RDij defined for each 
location i for a single visit j are: 

RDij =
xij − xj

xj
(1) 

where xj = 1
Ni

∑i=Ni
i=1 xij- average across all locations on the jth site visit, Ni is the total number of observation locations of the variable x. 

The mean relative difference, MRD of the variable x at location i is the mean value of RDij computed over measurements made over all 
site visits j, 

MRDi =
1
Nj

∑j=Nj

j=1
RDij (2) 

where Nj is the total number of site visits. MRD values reflect the pattern in variation of variables over the observation period. Large 
positive MRDs indicate that the RD values tend to be mostly positive, and the value of the observed variable xij tends to be mostly larger 
than the average value x across the pond. Large negative MRDs indicate the opposite – value of the observed variable xij appears to be 
mostly smaller than the average value x across the pond.

The relationships between patterns of the studied variables were characterized by computing the Spearman correlation coefficients 
between patterns. These relations were not assumed to be linear but rather monotonic, i. e., both tend to increase or tend to decrease.

3. Results and discussion

Both imagery data and WQVs demonstrated rich dynamics over the observation period. Average values of measured water quality 
parameters are shown in Fig. 2. Water quality demonstrated substantial variation during the observation period. The increase in 
temperature ranges from 22 to 24 ◦C in June to 26–28 ◦C in July was accompanied by an increase in phycocyanin concentration range 
from 0.50 to 150 to 200–350 μg L− 1 and chlorophyll concentration range from 150 to 250 to 250–350 RFU. That indicated the 
development of phytoplankton blooms with the substantial participation of cyanobacteria. Large standard errors of both 

Fig. 4. Spatial patterns of water quality variables. The red fill color is assigned to the top six MRD values corresponding to locations most exceeding 
the average. The blue fill color is assigned to the bottom MRD values, which are the smallest compared to the average. The yellow fill color is 
assigned to locations with intermediate MRD values that are close to zero.
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photosynthetic pigments indicated the heterogeneous distribution of the bloom across the pond. At the bloom’s start, both dissolved 
oxygen and pH near the water surface experienced an increase, and after this initial increase, an almost linear decrease occurred. The 
CDOM grew as the bloom started, but its maximum was observed after the bloom had somewhat progressed. Phytoplankton blooms 
have been found to directly alter CDOM concentrations and can be derived from phytoplankton degradation within water [18]. 
Dynamics of macronutrient anion concentrations of orthophosphate (PO4) and nitrate (NO3) ions did not reflect changes in CDOM and 
photosynthetic pigments. The nitrate and total nitrogen variability was very high, while it was low for the orthophosphate PO4. The 
latter was relatively high (0.05 mg L− 1)at the beginning of the observation period and was getting smaller from June to July (Fig. 2). 
Algae and cyanobacteria utilized orthophosphate and nitrate for growth, which agrees with the observations of other authors [19–21].

Total carbon and total organic carbon peaked at the time of the bloom, whereas the total inorganic carbon grew during the 
observation period, possibly concomitantly with the pH decrease according to the CO2 dissolution equilibrium. The E. coli population 
grew steadily at the beginning of the observation period but substantially decreased as the presumptive phytoplankton bloom started. 
The E. coli population increased during the time of the phytoplankton bloom but became smaller again in August, and photosynthetic 
pigment concentrations were low at this time. The overall decrease in chlorophyll and phycocyanin coincided with a decrease in 
dissolved oxygen and pH, as was repeatedly reported for aquatic environments [22,23]. The increase of total and organic carbon in 
water indicated the decreasing favorability of conditions for bacteria and phytoplankton, which in turn could indicate the persistent 
presence of lysed material, including some toxic substances [24]. Increases in the phytoplankton concentrations are often associated 
with increases in the turbidity of waters which can potentially shield E. coli populations from solar irradiation [25,26]. Turbidity 
became low in the end of the observation period (Fig. 2), and that could negatively affect the E. coli survival.

The time dependences of the imagery-related information are shown in Fig. 3. The reflectance and remote sensing indices 
demonstrated a wide variety of changes during the observation period. Before the phytoplankton bloom, i.e., on the first three 
observation times, reflectance at blue, green, red, and red-edge wavelengths showed similar behavior, whereas the near-infrared 
reflectance was approximately constant. Blue and red-edge reflectance became close to zero when the intensive phytoplankton 
bloom started. As the bloom progressed, the reflectance at all wavelengths stabilized around low values of 0.022, 0.040, 0.027, 0.050 
and 0.052 for blue, green, red, red-edge and infra-red wavelengths, respectively. The highest reflectance at all wavelengths was found 
at the last observation time when the highest average specific conductance of 165 μS cm− 1 and the highest total organic carbon of 9.4 
mg L− 1 were observed (Fig. 2).

Most remote sensing indices in Fig. 3 responded with sharp change when the phytoplankton bloom started, although the ampli
tudes of this change varied. Most indices had almost the same values in July, one week or more after the phytoplankton bloom began. 
Measured by the variation coefficient, most indices’ variability was smaller than that of the WQVs. The highest variability for many 
indices was observed at the last observation time.

Patterns of WQVs computed according to (1) and (2) as the set of MRD values of the observation locations are shown in Fig. 4. 
Location 19 is notably different from the rest of the sampling locations. It has pH and dissolved oxygen substantially (25 % on average) 
lower than the rest. The location had the lowest turbidity, CDOM, chlorophyll a, and organic carbon concentrations, along with the 
highest concentrations of nitrate, the lowest SPC, and one of the six highest E. coli concentrations relative to the average across the 
pond. Given that location 19 is close to the place where a small creek meets the pond, it is probable that water quality at location 19 
reflects that of the stream water composition rather than the composition typical for the pond itself. In prior research, the differences 
between water quality at the location where a creek meets a pond and the rest of the pond were noted for two other irrigation ponds in 
Maryland (Stocker et al., 2021). Another extreme of water quality was found in location 16. This corner location is essentially stagnant, 
with the stagnancy enhanced by the floating dock, and is on the predominantly leeward side. High MRD values show that location 16 
had very high concentrations of fluorescent organic matter and chlorophyll (250 % of average across the pond). Location 10 is close to 
the intake of irrigation water. Relatively low pH and DO, low carbon and orthophosphate concentrations, and one of the highest 

Fig. 5. Spatial patterns of reflectance at five wavelengths at sampling locations.
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relative nitrogen concentrations make this location appropriate for irrigation water intake.
Interior locations 1–5 and 7–9 tend to have higher values of pH and DO when compared with nearshore locations (Fig. 4). These 

locations also have intermediate or low relative concentrations of phycocyanin and chlorophyll, which indicates less favorable con
ditions for the cyanobacteria bloom compared with the nearshore. Location 6 presents an exception, being set in the interior yet having 
a large relative difference between turbidity chlorophyll and carbon. However, this location is relatively close to the tip of "micro- 
peninsula" and that explains why some MRDs are close to some other nearshore location MRD such as 12 or 14. Interestingly, the 
closeness to the bank does not necessarily affect water quality negatively. Location 15 presents an example with intermediate values of 
pH and DO, low or intermediate bloom-related values of photosynthetic pigments, organic carbon, and E. coli. The alongshore flow 
prevents the accumulation of phytoplankton and excessive photosynthesis. It has been noted that such conditions are less favorable for 
accumulation of cyanobacteria [27]. Similarly, at location 17, the MRD of carbon and the MRD of photosynthetic pigments can have 
significant differences. That may be an artifact related to the availability of only one observation in the after-bloom period in August 
(Fig. 2), when the decrease in photosynthetic pigments, e.g. chlorophyll down to 50 RFU, was observed along with the increase of 
dissolved organic carbon from 6.0 to 9.5 mg L− 1 (Fig. 2). MRD of different water quality parameters have quite different spreads 
(Fig. 4). Whereas MRD spreads of pH, DO, and SPC are within the range − 0.2 to 0.2, spreads of MRD of PC and CHL are much higher, e. 
g. from − 1 to 2 for CHL_LAB, mostly because the data from nearshore and interior samples are pooled together. The highest specific 
conductance MRD values were found both in the interior (6–9) and nearshore (11 and 12) locations. However, values of SPC MRDs 
were very low (Fig. 4) and indicated a weak spatial difference of the dissolved solids concentrations in pond water characterized by 
SPC (Fig. 2).

MRD of reflectance at different wavelengths bears resemblance (Fig. 5). The strongest similarity was obvious between red edge and 
NIR MRDs. In interior locations 1–9, MRDs are mostly negative, i.e., reflectance is smaller than average reflectance across the pond. 
The nearshore locations have mostly high positive reflectance MRD. Shallowness of water and related reflection from the bottom, the 
presence of suspended particles scattering the incoming radiation, and the phytoplankton increase can be reasons for that [28]. A close 

Fig. 6. Spearman correlations between patterns of WQVs and imagery information, including reflectance and remote sensing indices. Very strong 
correlations are often found with TCI and MCARI (4 instances each) and TCARI and TGI (3 instances each). Strong correlations are found with MRD 
of Red Edge (9 instances), TCARI (8 instances), NIR, AFAI, EVI, and MCARI (7 instances each), and NDAVI (6 instances).
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to zero reflectance MRD (except green wavelength) was observed at location 15, turbidity was on average the lowest of all other pond 
locations (Fig. 4). The highest reflectance MRD are found in locations 13 and 16, where obvious phytoplankton bloom development 
and later accumulation of carbon tended to occur (Fig. 4). Strong similarity was obvious between red and NIR MRDs. Location 19, 
although it had water quality properties different from the rest of the pond, did not demonstrate low reflectance. The spread of MRD 
values was relatively high and varied between 1 and 2. That spread increased with the wavelength.

Fig. 6 shows the Spearman correlation coefficients rs between MRDs of the remote sensing indices and water quality parameters at 
the same locations. High correlations indicate the similarity of deviations from averages. The correlations are significant at the 0.05 
level of significance if the rs are larger than 0.45. Table 1 shows the indices, MRD of which have the highest and the second highest 
Spearman correlations with MRDs of water quality variables. Of the most highly correlated index patterns, only AFAI and NDTI were 
developed for aquatic systems. AFAI was recently proposed and used to estimate the fractional coverage of floating algae, chlorophyll 
content, and phytoplankton blooms from satellite imagery [29–31]. The NDTI was introduced to estimate turbidity in water bodies 
with satellite information and UAV imagery [32,33]. Interestingly, the NDTI pattern was not correlated with the turbidity pattern in 
this work possibly because turbidity in the pond substantially differed from turbidity in other water bodies by its source, for example, 
due to formation of reactive oxygen species damaging phytoplankton cells [34].

The highest correlations are with WQVs reflecting phytoplankton activity and carbon in water. The patterns of these variables are 
similar to those of AFAI, TCARI, and TCI. The MCARI index has values close to the strong correlation threshold set at 0.8. Other indices 
with patterns correlating with water quality patterns were not developed for and were very rarely applied in aquatic environments’ 
TCARI index was developed and used to assess plant stresses [35], especially water stress and stresses related to disease and heat. The 
index is actively used with UAV data [36]. It was designed to reflect the changes in chlorophyll content as water stress progressed [37]. 
In the studied pond, the pattern TCARI correlated with CDOM and phycocyanin patterns. The TCI remote sensing index had patterns 
similar to organic and total carbon. The purpose of this index is the same as that of TCARI. And their patterns were almost identical 
with the Spearman correlation of 0.982. Overall, the correlation of the WQV patterns with patterns of indices developed both for 
aquatic and terrestrial systems supports the observation of lakes in Peru using vegetation indices developed for terrestrial systems [38]. 
Authors concluded that such indices can be used to detect and analyze the dynamics of biological beings with photosynthetic activity in 
aquatic ecosystems.

Patterns of chlorophyll in water samples (CHLLAB) did not resemble patterns of chlorophyll obtained with the YSI. The vertical 
scale mismatch may be a possible reason for that. The YSI sensor provides the average information along the sensor length. High 
chlorophyll concentrations are near the surface, and those concentrations nonlinearly decrease with depth. This can be most pro
nounced for cyanobacteria, some of which might have gas vacuoles controlling their vertical movements. Therefore, averages of those 
nonlinear dependencies may not change spatially in the same way as in the thin surface layer sensed by imaging. It appeared that the 
patterns of red and blue reflectance correlate very strongly with the patterns of E. coli. This is quite an interesting fact given the 
importance of E. coli as the microbial quality indicator organism and the resource- and time-consuming current methods of its 
determination. It appears worthwhile to research if the microbial quality of irrigation water assessment may be expedited (or sup
plemented) by the use of UAVs.

Relationships between the water quality patterns and imagery data can be useful to guide the monitoring or survey design. Sub
stantial variability of water quality parameters indicates the need to design the water quality monitoring according to the intended use 
of water. If recreational activities are of interest, the nearshore samples should be collected, whereas the pond interior should be 
sampled if the water is planned to be used for irrigation. However, even among the nearshore samples as well as among the interior 
samples, the variability of water quality may be quite high (Fig. 5). Therefore, using patterns of indices correlating with patterns of 

Table 1 
Remote sensing indices and/or wavelengths, MRD of which have the highest correlations with MRD of WQVs.

Water quality variable The highest correlation rs Second highest correlation rs

Spectral index or wavelength Spectral index or wavelength

DO NDTI 0.639 CL-RE 0.626
SPC CL-RE − 0.702 VARI 0.619
PH NDTI 0.861 CL-RE − 0.763
TURB AFAI 0.835 MCARI 0.828
PCYSI NDCI 0.805 MCARI 0.791
CHLYSI AFAI 0.472 CL-RE − 0.509
FDOM TCARI 0.674 TGI¶ 0.661
PCLAB TCARI 0.825 TCI 0.814
CHLLAB TGI 0.809 MCARI 0.728
CDOM TCARI 0.907 AFAI 0.872
PO4 NDCI 0.579 RVI 0.498
NO3 CL-RE 0.546 NS ​
TN CL-RE 0.505 NS ​
TIC BLUE 0.567 GREEN 0.469
TOC NDCI 0.781 TCI 0.772
TC TCI 0.833 AFAI 0.811
ECMPN RED 0.849 BLUE 0.802

Bold – very strong, regular – strong, italics – moderate correlation, NS = Not Significant.
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water quality may be beneficial by providing the distinction between different locations caused by local conditions such as water 
movement or nutrient source.

The indices with patterns best related to the patterns of WQVs in this work have been developed both for aquatic systems, i.e., 
alternate floating algae index (AFAI), and for terrestrial ecosystems, i.e. triangular greenness index (TCI), transformed chlorophyll 
adsorption reflectance index (TCARI), and chlorophyll index – red-edge (CL-RE). Other indices developed for aquatic systems, i.e., 
normalized difference aquatic vegetation index (NDAVI) or normalized difference turbidity index (NDTI), did not make it to Table 1
but also had tight relationships of their patterns with patterns of WQVs. For example, the NDTI pattern had a strong relationship with 
the pattern of E. coli (Fig. 6).

It needs to be noted that the remote sensing indices were developed to correlate measured values of WQVs and values of indices 
rather than the spatial patterns of these data. The analysis in this work aims to compare the spatial trends rather than the values 
themselves. The Spearman correlation coefficients do not reflect indices’ predictive capacity but rather indicate zones where relatively 
large or relatively small WQV values can be expected.

4. Conclusions

We have reported the results of concurrent measurements of 17 water quality variables and 24 multispectral indices derived from a 
commercial irrigation pond’s multispectral (5 bands) UAV-based imaging. The data analysis showed the following. 

• Both water quality variables and remote sensing indices exhibited persistent spatial patterns of relative differences between local 
values and average values across the pond for each visit.

• Mean relative differences over the observation period reflected water quality factors, such as proximity to the bank, presence of 
animal waste, and water flow and depth.

• The mean relative differences of most water quality variables were mostly positive in the near shore area and mostly negative in the 
pond’s interior.

• Strong correlations between water quality patterns and some of the remote sensing indices were observed. When established, such 
correlations can inform about water quality patterns and guide sampling and sensing variables for survey or water quality 
monitoring and surveys.

This paper reports pilot project results that indicate the opportunities in looking for the best water quality pattern predictors and 
develop indices specific for an irrigation pond imaged from UAVs. Developments in these directions are expected with the advent of the 
new generations of hyperspectral cameras, WQV sensors, and unmanned surface vehicles.
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