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ABSTRACT 

In snow-covered mountainous watersheds with hydropower installations, watershed managers 

require information on the spatial and temporal variability of the snowpack to carefully manage 

reservoirs for maximizing power production and minimizing flood risk. Although ground-based 

measurements provide useful information about snow depth and snow water equivalent (SWE), 

the sparseness and location of these stations do not adequately represent the spatial variability and 

extent of the snowpack. By contrast, remote sensing data from the MODIS satellite sensor can 

provide daily information on the snow covered area (SCA) with a 500 m spatial resolution.  

The objective of this study is to analyze relationships between the variability of MODIS SCA 

and flood dynamics for the Nechako River in British Columbia (Canada). First, a 7-day temporal 

filter was applied to the combined MODIS Aqua and Terra images to decrease cloud coverage 

from 65.7% to 6.4% while maintaining good agreement (76.1% to 75.0%) with the available SWE 

measurements. Next, relationships were analyzed between daily SCA calculated from the filtered 

images and the fraction of the flood volume that had already entered the reservoir during the 

snowmelt period. Results indicate a robust (R²=0.87) and significant (p<0.001) correlation over a 

14-year (2000-2013) period. A similar analysis was conducted for each sub-basin, producing an 

even more robust relationship (R²=0.90) for the Tahtsa Lake sub-basin. Moreover, two distinct 

relationships corresponding to years with either large or small spring runoff were identified by 

classifying years according to their maximum SWE, peak inflows and flood volume, thus 

improving the correlations. These empirical relationships are a simple forecasting tool that does 

not require any additional data other than MODIS SCA and SWE measurements. This 

straightforward approach can be applied to other mountainous watersheds dominated by snow 

accumulation and melt. 

Keywords: MODIS snow product; Flood monitoring; Mountainous watershed; Empirical 

relationships 

INTRODUCTION 

In snow-covered mountainous watersheds, snowmelt is a major process influencing the timing 

and magnitude of the spring freshet. For example, in the American Rocky Mountains, 75% of the 

total annual precipitation is in the form of snow, and 90% of the annual runoff is generated from 

snowmelt (Rango et al., 2000). Precipitation in the form of snow, as opposed to rain, accumulates 

over an extended period before it enters the runoff process, causing changes in the watershed 
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response. Since flow discharge during snowmelt often exceeds 20 times the average annual flow 

discharge, water management decisions are critical prior to, and during, the flood event (Lavallée 

et al., 2006). 

Watershed managers require information on the spatial and temporal depletion of the snowpack 

to optimize reservoir levels, e.g. to minimize flood risk. In the absence of adequate information, 

reservoir levels must be managed conservatively with a potentially significant loss in power 

production (Lavallée et al., 2006). In this context, operational hydrology is trying to provide 

forecasts that will guide this optimization (Turcotte, 2010). Hydrological variables that are 

commonly the subject of forecasts are the magnitude and timing of the peak flow discharge and 

the total runoff volume (Hingray et al., 2009). In many cases, forecast techniques include 

empirical relationships based on past snowmelt data (Rango et al., 1977; Garen, 1992; Painter et 

al., 2009) or simulations with physical models.  

Various approaches exist for snow cover mapping on a regional scale. The most common snow 

mapping technique is based on the interpolation of in-situ measurements. While ground-based 

measurements are generally accurate, the sparseness and location of these stations do not 

adequately represent the spatial variability and extent of the snowpack. Moreover, in mountainous 

watersheds, topography can lead to greater spatial variability of hydrological variables, such as 

snow. 

Remote sensing data obtained from satellites can be very useful for monitoring the snow 

accumulation and snowpack depletion (Schmugge et al., 2002). According to Seidel and Martinec 

(2002), the only efficient way to monitor the changing seasonal snow cover area (SCA) on a 

sufficiently large scale is by satellite remote sensing. Various applications have been developed to 

map SCA using the visible and near infrared regions of the electromagnetic spectrum. Among 

these, MODIS satellites offer free daily information on the SCA with a 500 m spatial resolution 

and an overall absolute accuracy estimated at 93% (Hall and Riggs, 2007).  

For forecast purposes, remote sensing data have been used along with physically based models 

to create scenarios of how floods evolve. These models typically use remotely sensed SCAs either 

in deriving snow-depletion curves, which relate snow water equivalent (SWE) to SCA (Donald et 

al. 1995), or in updating modelled snow cover (Dressler et al., 2006, McGuire et al. 2006). Few 

studies have analyzed the correlation between remotely sensed snow cover data and hydrological 

variables associated with spring floods. Zhou et al. (2005) found that a statistically significant 

correlation exists between streamflow and SCA from both the daily and the 8-day MODIS 

products. Nonetheless, their study focused on the evaluation of MODIS snow cover products 

without analyzing any application to operational forecasts.  

The objectives of this study are (1) to analyze the relationship between the SCA derived from 

MODIS images and the runoff volume generated during the snowmelt period; and (2) to assess the 

potential of using this relationship in operational forecasts of the runoff volume. The Nechako 

basin in British Columbia (Canada) was selected, where Rio Tinto’s hydropower installations are 

located. This basin is characterized by its mountainous topography and the substantial quantity of 

precipitation in the form of snow. First, regression analyses were conducted between the Nechako 

daily MODIS SCA and the daily proportion of the flood volume that entered the Nechako 

reservoir over the 2000-2013 period. Next, the same analysis was performed using instead the 

MODIS SCA for each sub-basin of the Nechako to see if a particular sub-basin would be a better 

predictor for forecasting runoff volume. Finally, two distinct relationships for years with large and 

small spring runoff volumes were analyzed by classifying the years according to their maximum 

SWE, total runoff volume and peak flows. 

Results show that a robust (R²=0.87) and significant (p<0.0001) correlation exists between the 

Nechako MODIS SCA and the fraction of flood volume. When performing a regression analysis 

for each sub-basin, results show that a more robust correlation (R²=0.90) exists using the MODIS 

SCA on the Tahtsa Lake sub-basin. Finally, the analysis conducted by separating the small and 

large runoff years led to larger coefficients of determination and to smaller uncertainties that may 

lead to better forecasts of the runoff volume.  

As reservoir managers frequently rely on empirical relationships based on past snowmelt 

periods, the regression analyses carried out on both the Nechako basin and Tahtsa Lake sub-basin 
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will allow managers to estimate the fraction of runoff volume that occurred, thus indirectly 

estimating the total runoff volume, using the SCA derived from MODIS images. Based on in-situ 

measurements, such as climate stations or manual snow surveys, the approach proposed in this 

paper also allows reservoir managers to select either a large or small runoff year relationship, thus 

improving the forecasts. Such an approach can easily be adapted to other mountainous watersheds 

dominated by snowmelt. 

MODERATE RESOLUTION IMAGING SPECTRORADIOMETER (MODIS) 

MODIS is an imaging spectroradiometer with 36 spectral bands in the visible and near infrared 

wavelengths (0.4 to 14.0 µm). For the present study, images were acquired from the MODIS snow 

product developed by the National Center for Supercomputing Applications (NCSA) and mounted 

on the Terra (MOD10A1) and Aqua (MYD10A1) satellites. This product provides snow cover 

observations at a nominal spatial resolution of 500 m. Operational data collection from Terra 

MODIS began on 24 February 2000, at the 10:30 am local overpass time, and from Aqua MODIS 

on 24 June 2002, at the 1:30 pm local overpass time. The two overpass times allow the possibility 

of obtaining more unobstructed views of the surface, as clouds can change their position and 

extent within a 3 h-period (Hall and Riggs, 2007). 

The snow cover mapping algorithm applied to the MODIS data, the Normalized Difference 

Snow Index (NDSI), exploits the strong reflectance of the snow in the visible and its strong 

absorption capacity in the short-wave infrared part of the spectrum (Hall and Riggs, 2007): 

 

 

 
Eq. 2.1 

 
where B4 and B6 are the reflectances measured by band 4 (0.545-0.565 µm) and band 6 

(1.628-1.652 µm). However, MODIS band 6 detectors failed on Aqua shortly after launch, so band 

7 (2.105-2.155 µm) is used instead to calculate the NDSI for Aqua (Hall and Riggs, 2007). 

Adjustments were necessary in the Aqua snow-mapping algorithm and, currently, nearly identical 

results can be obtained using band 7 instead of band 6 (Riggs and Hall, 2004). 

Through numerous studies, comparison of the MODIS snow product with ground data has 

shown that the absolute accuracy of MODIS depends on the land cover type (Hall and Riggs, 

2007). Forests present special problems, since the canopy obscures the underlying snow cover and 

causes considerable shading. For forested areas where the vegetation density exceeds 50%, Klein 

et al. (1998) reported the accuracy of the MODIS snow product to be 71%. However, snow-

covered forests are spectrally distinct from snow-free forests. Therefore, the MODIS snow product 

algorithm is based upon a combination of the NDSI and a Normalized Difference Vegetation 

Index (NDVI) that enables more accurate classification of snow-covered forests without 

compromising the performance for other land cover types (Klein et al., 1998). Note that the 

NDSI/NDVI decision was disabled for Aqua imagery because of the need to use band 7 instead of 

band 6 (Hall and Riggs, 2007). 

Overall, the main limitation of the MODIS snow product remains the cloud coverage, since it 

can lead to masking of the surface or misidentifying clouds as snow (Hall et al., 2002). The 

precedent MODIS cloud mask (Ackerman et al., 1998) was changed by a new cloud mask that is 

more liberal in mapping snow cover (Riggs and Hall, 2002). This means that the image is not 

masked when in doubt, resulting in improved accuracy in regions with mixed snow and clouds, 

but it will still tend to erroneously identify some types of ice clouds as snow (Riggs and Hall, 

2002). Despite the integration of the liberal cloud mask, significant cloud coverage may still be 

observed in MODIS images (Parajka and Blöschl, 2008).   

Other approaches for reducing the cloud presence in MODIS data were attempted 

(Lavallée et al., 2006; Parajka and Blöschl, 2008). Lavallée et al. (2006) used a supervised 

classification based on the maximum likelihood method, where the presence or absence of snow 

was inferred from the analysis of other similar pixels in terms of elevation, latitude, and 
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orientation. Parajka and Blöschl (2008) presented simple and efficient mapping techniques for 

merging Terra and Aqua data in time and space that can be easily applied in an operational 

context. Their study demonstrated that a 7-day temporal filter allowed the reduction of the cloud 

coverage from 63% to 4% while minimizing the loss of accuracy from 95.5% to 94.4%. 

STUDY AREA 

The study area is the Nechako River Basin (Figure 1). The Nechako River is one of the major 

tributaries of the Fraser River, which it joins at Prince George in the west-central region of British 

Columbia, Canada. It originates from a former group of lakes, now known as the Nechako 

Reservoir. The Nechako reservoir was formed by the Kenney Dam, whose construction was 

completed in 1952, creating a diversion of the Nechako River westward of the reservoir where a 

16 km long intake tunnel brings the water to the Kemano power station. The Skins Lake spillway 

regulates the water levels both in the reservoir and in the river downstream. The basin drainage 

area at Skins Lake Spillway is 14 000 km² and is located within longitudes 127°44’W to 

124°72’W and latitudes 52°57’N to 53°51’N. The study area is characterized by its mountainous 

topography, with an elevation ranging from 846 to 2557 m and a mean elevation of 1129 m. 

According to the National Land Cover Dataset (NLCD, 1992), 70% of the area is occupied by 

evergreen forests and 30% is mostly occupied by water and ranges. 

 

Figure 1. Topography of the Nechako basin, Nechako main streams, Nechako snowpillow stations, and 

boundaries of the sub-basins analyzed. 

To estimate the overall accuracy of the MODIS classification, daily SWE measurements from 

34 snowpillows at stations located within British Columbia were used (Figure 2). The stations’ 

elevation ranged from 790 m to 2090 m and the available data cover the period from 2000 to 2013. 

Among these, three snowpillow stations located within the Nechako River Basin are available 

since 1991 (Figure 1): Mount Wells, Tahtsa Lake, and Mount Pondosy. The stations’ elevations 

are respectively 1300 m, 1490 m, and 1400 m and the mean maximum SWE are 611 mm, 

1431 mm, and 838 mm.  
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Figure 2. Overview of the area covered by the MODIS tile h10v03 (dashed polygon) and by the Nechako 

basin versus the 34 snowpillows locations (triangles). 

METHODS 

Cloud reduction techniques applied to the MODIS images 

To decrease the cloud coverage in MODIS images, two different cloud reduction techniques 

proposed by Parajka and Blöschl (2008) were applied to select the approach that maximizes cloud 

reduction while minimizing the loss of accuracy. The first approach, called the Terra/Aqua 

combination (TAC), merges the Terra and Aqua images on a pixel basis. This way, the pixels 

classified as clouds in the Aqua images are updated by the Terra pixel at the same location if 

classified as snow or land. The second approach, called the temporal filter (TFiD), replaces the 

pixels classified as clouds by the most recent preceding non-cloud classification for the same pixel 

within a predefined temporal window id. Different windows of i= 1, 3, 5, and 7 days (d) were 

tested. The different MODIS datasets, before and after cloud reduction techniques, are 

summarized in Table 1. This procedure was applied directly to the combined Terra/Aqua images 

of the first approach. The reduction of cloud coverage was evaluated in terms of the decrease of 

cloud-covered pixels over the Nechako Basin. 

Table 1. Comparison of different MODIS datasets evaluated on the basis of their cloud coverage and 

accuracy. 

MODIS datasets  

Terra T 

Aqua A 

Terra-Aqua Combination TAC 

1 day Temporal Filter applied to the Terra/Aqua Combination TAC– TF1d 

3 days Temporal Filter applied to the Terra/Aqua Combination TAC– TF3d 

5 days Temporal Filter applied to the Terra/Aqua Combination TAC– TF5d 

7 days Temporal Filter applied to the Terra/Aqua Combination TAC– TF7d 

 
To quantify the loss or gain of accuracy induced by the different cloud reduction techniques, the 

SWE measurements were considered as the ground truth for the pixel in which the snowpillow 

stations are located. Since there are only three stations in the Nechako Basin, the accuracy was 

evaluated using all 34 stations in the MODIS h10v03 tile, which covers most of British Columbia 

(Figure 2). Pixels were considered as snow covered if the SWE equals or exceeds a threshold 

value, and were considered as snow free otherwise. Overall accuracy, defined here as the overall 

agreement between the MODIS pixels and the corresponding ground measurements is expressed 



80 

 

as the fraction (%) of correctly classified pixels over the period of 2000-2013. The overestimation 

error is defined as the fraction of pixels where MODIS indicates snow but the SWE is below the 

threshold value. Similarly, the underestimation error is expressed as the fraction of pixels 

identified by MODIS as snow free but the SWE was equal or above the threshold value. Based on 

a sensitivity analysis (Parajka and Blöschl, 2008), the threshold value for SWE was set to 50 mm 

to maximize the overall accuracy in the ablation period. 

Snow Cover Area derived from the MODIS images 

The MODIS derived snow cover images were downloaded from the National Snow & Ice Data 

Center (NSIDC) website in compressed Hierarchical Data Format (HDF) format. The MODIS 

data are gridded in an equal-area tile (h10v03) in a sinusoidal projection. A tile consists of a 1200 

km by 1200 km data array, which corresponds to 2400 pixels by 2400 pixels at 500 m resolution. 

Based on the snow-mapping algorithm (NDSI/NDVI), MODIS assigned a coded integer value 

(Table 2) to each pixel. For the present study, the coded integers 37 and 39, corresponding to lake 

and ocean, were considered as Land and the coded integer 100 as snow. Also, to increase the 

detection of the snow covered and the snow free surfaces, the values 0, 1, 11, 254, and 255 were 

considered as clouds and were thus taken into account in the cloud reduction techniques.  

Using a Geographic Information Systems (GIS), the images were reprojected on the North 

American datum 1983 (NAD1983) and a mask was applied to the MODIS images to retrieve only 

the pixels located within the Nechako River Basin. The same procedure was used to retrieve the 

MODIS SCA for each sub-basin. Next, the total snow covered area was retrieved from the number 

of pixels that were snow-covered (coded integers 100 or 200) in the Nechako River Basin and in 

the sub-basins.  

Since the cloud-classified pixels still covered a substantial portion of the basin (6.6%) after 

application of the cloud reduction techniques, the snow covered area fraction was assumed to be 

the same under the clouds. Otherwise, the images with substantial cloud coverage would have 

given a less realistic representation of the snow coverage. For example, during the peak snow 

season when SCA=100% would be expected, an image with a cloud coverage of 10% would have 

given a SCA=90%.  

Table 2. Definition of MODIS coded integers for MOD10A1 and MYD10A1 products. 

Coded integer Surface type 

0 Data missing 
1 No decision 

11 Night 

25 Land (No snow) 

37 Lake 

39 Ocean 

50 Cloud 

100 Lake ice 

200 Snow 

254 Detector saturated 

255 Fill 

Reconstructed Reservoir Inflows  

Since 1957, the daily turbine discharge has been measured at the Kemano powerhouse and spill 

discharge and reservoir levels have been recorded at the Skins Lake spillway. Over the years, a 

relationship has been developed between the level and the volume of the reservoir. These data, 

along with the storage-elevation curve for the Nechako Reservoir, allow the calculation of the 

reservoir inflow and daily inflow volume from the mass balance equation. However, this approach 

may lead to unrealistic inflows, e.g. negative volumes, because it is very sensitive to reservoir 
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level measurements. Various filtering approaches were proposed to correct calculated inflows, e.g. 

moving average, low-pass and high-pass filters (Berrada et al., 1996). In this study, the only 

correction applied was to replace each negative inflow value by the average of the past 3 days of 

inflows in order to conserve the annual inflow volume. 

Fraction of Flood Volume 

To analyze the correlation between MODIS SCA and the flood volume, the first step was to 

determine the beginning and the end of the spring flood for each year. To that end, time series of 

the reconstructed reservoir inflows were plotted for each year between 2000 and 2013. A 4-day 

window moving average was applied to the reservoir inflows to facilitate identifying the start and 

end of the spring flood. The 2007 smoothed time series is shown as an example in Figure 3. The 

hydrographs show that the flood period can be identified for each year by the noticeable increase 

of the reservoir inflow that lasts for 3 to 5 months. Such long periods are normal given the large 

quantities of snow that accumulate in the basin. Although other peaks can be observed around 

October and November, they were not associated with the snowmelt process and were not 

included in the flood period. 

The beginning of each flood associated with the snowmelt period was determined manually as 

the day a sustained increase in the flow was observed. In the same way, the end of each flood was 

set as the day the inflows ceased to decrease. Next, the total flood runoff volumes were calculated 

from the hydrograph covering the flood period. Finally, the daily fractions of the passing flood 

were computed as the ratio of the daily cumulative runoff volume and the total flood runoff 

volume and converted to percent values. 

 

Figure 3. Example of the reconstructed reservoir inflows (m³/s) and MODIS SCA (%) time series for the year 

2007. 

Separation of small and large runoff years 

For each year between 2000 and 2013, the maximum SWE, the total flood runoff volume and 

the peak inflow were evaluated and the mean values were calculated. Next, the annual values of 

each hydrological variable were compared to their mean values (Figure 4) to separate the large 

runoff years from the small runoff years. According to Figure 4, years 2002, 2007, 2011, and 2012 

all have flood volumes, peak inflows and maximum SWE above the average. Therefore, years 

2002, 2007, 2011, and 2012 were classified as large runoff years and the other years were 

classified as small runoff years. The objective of this procedure was to analyze the correlation 

between the MODIS SCA and the fraction of flood volume for small and large runoff years 

separately. 
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Figure 4. Mean deviation of the annual maximum SWE, spring runoff volume and peak inflow for 2000-

2013. The years are listed in ascending order of their spring runoff volume. 

RESULTS 

Assessment of MODIS overall accuracy 

The overall accuracy of the MODIS classification with the 34 snowpillow measurements for the 

Terra satellite is shown in Figure 5. The results show good agreement between MODIS and the 

snowpillows for the periods from December to March (average overall accuracy > 80%) and from 

July to September (> 90%). However, the average overall accuracy of the MODIS classification in 

the ablation (April to June) and accumulation (October-November) periods decreases below 70% 

(figure 5a) and even shows considerable variability within the 34 stations (a station is identified as 

a pixel on a MODIS image) (Figure 5b). During the ablation period, most of the error is caused by 

an underestimation of the presence of snow by MODIS (Figure 5a) as compared to measurements 

of SWE at the snowpillows. MODIS indicated that the snow in the pixel was totally melted 

according to the NDSI decision rule, while the snowpillows show a SWE above the 50 mm 

threshold value.  
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(a) 

 

 (b) 

Figure 5. Monthly overall accuracy of the MODIS classification (Terra) against the 34 snowpillows located in 

the MODIS h10v03 tile for British Colombia, Canada. (a) Monthly average of the 34 stations’ overall 

accuracy, underestimation error and overestimation error. (b) Distribution of the accuracy within the 34 

stations. For each box, the central mark is the median, the edges of the box are the 25th and 75th percentiles, 

and the whiskers extend to the most extreme data points without considering outliers. Outliers are plotted 

individually (cross). 
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Figure 6. Comparison of the monthly cloud coverage of MODIS data for the Nechako basin for different 

cloud reduction techniques over the 2000-2013 period. 

 

Figure 7. Comparison of the monthly overall accuracy of MODIS data against the 34 snowpillows in British 

Colombia for different cloud reduction techniques over the 2000-2013 period. 

Cloud reduction techniques on MODIS data 

The monthly reduction of cloud coverage for the Nechako basin for the different MODIS 

datasets in Table 1 is shown in Figure 6. First, the results show that the combination of the Terra 

and Aqua images slightly decreased the Terra cloud coverage. Moreover, the application of a 

temporal filter enabled a greater reduction, and additional decreases of the cloud coverage were 

obtained as the temporal window increased. In general, the temporal filters applied to the MODIS 

Terra images allowed the cloud coverage in the ablation period (April to June) to be reduced from 
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59.6% (TAC with no temporal filter) to 41.1% (TAC-TF1d), 20.3% (TAC-TF3d), 10.9% (TAC-

TF5d), and 6.4% (TAC-TF7d]), while the combination of Terra-Aqua images with no temporal 

filter decreased the cloud coverage in the Terra images from 65.7% to 59.6%. 

In comparison, the trade-off in terms of overall accuracy for the different cloud reduction 

techniques is shown in Figure 7. In the summer months, a loss of accuracy is observed when a 

temporal filter is applied. In contrast, an increase of accuracy is found during the snowmelt period.  

Indeed, the application of a 7-day temporal filter to the Terra images increased the MODIS overall 

accuracy from 70.4% and 46.0% to 75.7% and 52.6% for the months of April and May, 

respectively. The results presented in Figure 6 and Figure 7 indicate the efficiency of the temporal 

filter in the reduction of the MODIS cloud coverage. For further analysis, the SCA is calculated 

using the TAC-TF7d MODIS datasets. 

Correlation analysis between MODIS SCA and the proportion of flood volume 

A scatter plot of MODIS SCA for the Nechako basin versus the fraction of total flood volume 

that occurred is shown in Figure 8, for all floods combined, i.e. 2000 to 2013. As expected, the 

fraction of flood volume shown in Figure 8 increases with a decrease of the snow areal extent. An 

exponential curve was found to be the best fit to the Nechako data. The same analysis was made 

for each individual flood from 2000 to 2013. To represent the uncertainty related to the regression 

analysis, the mean 95% confidence intervals width (Δ95) for the predicted values were calculated. 

 Figure 8 shows many data excluded from the 95% prediction intervals towards the end of the 

flood, more precisely for the fraction of flood volume exceeding 90%. These outliers may be 

explained by the uncertainty related to the definition of the end of the flood. Figure 3 shows that 

the MODIS SCA begins to rise towards late summer, which coincides approximately with the end 

of the flood. Logically, the snow cover should be completely melted at some point at the end of 

the snowmelt period, but MODIS rarely indicates SCA = 0%. This problem may either be due to a 

lack of accuracy in the MODIS data or to the overlap of the melting period with the accumulation 

period in the Nechako basin. 

 

Figure 8. Relationships (R² = 0.87) for the Nechako basin from 2000 to 2013 between filtered MODIS SCA 

and the proportion of flood volume. The dashed lines represent the 95% confidence intervals on the predicted 

values. The fractions of flood volume above 90% were excluded from the regression analysis 

If these outliers are excluded from the regression analysis, the coefficient of determination 

increases from R²=0.79 to R²=0.87, while the uncertainty decreases from ±26% to ±20%. Since 

the aim of this study is to develop a predictive model of flood dynamics, the fractions of flood 
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volume above 90% were not included in the subsequent regression analysis to improve the 

relationships.   

Measures of the goodness of fit for each regression analysis are presented in Table 3. The 

exponential functions were statistically significant (p<0.001) for all the datasets analyzed. The 

adjusted R² for each individual flood varied between 0.75 and 0.97, while a R²=0.87 was obtained 

for all floods combined. The uncertainty for each flood ranged from ±10% to ±26% as opposed to 

±20% for all floods combined, see Table 3.  

Correlation for Nechako sub-basins 

A similar analysis was conducted using instead MODIS SCA information for each sub-basin. 

The relationship for the Tahtsa Lake sub-basin, shown in Figure 9, is presented here because its 

later snowmelt period (elevation of the sub-basin ranges from 849 to 2168 m) shows better 

forecast potential than monitoring SCA for the entire Nechako basin. The flood volume at the 

outlet of the Nechako Basin typically begins to increase at the same time that the SCA starts 

diminishing in the Tahtsa Lake sub-basin. This sub-basin is indeed characterized by heavy snow 

depths, high elevation, and lower temperatures. A power function was found to be the best fit to 

the Tahtsa Lake data. The regression analyses were statistically significant (p<0.001) for all the 

datasets analyzed. Again, the majority of the outliers can be observed (Figure 9) for the fraction of 

flood volume above 90%. The adjusted coefficients of determination were systematically higher 

for each flood compared to the Nechako relationship, except for the year 2001, with values 

ranging from 0.91 to 0.98. For all floods combined, R²=0.90 for the Tahtsa Lake relationship as 

opposed to R²=0.87 for the Nechako relationship. Moreover, the uncertainty for the predicted 

values for Tahtsa Lake (±18%) is smaller compared to the Nechako relationship (±20%).  

 

Figure 9. Relationship (R² = 0.90) for the Tahtsa Lake sub-basin from 2000 to 2013 between filtered 

MODIS SCA and the proportion of flood volume. The fractions of flood volume above 90% were excluded 

from the regression analysis 

 

 

 



87 

 

Table 3. Goodness of fit (R²) for the regression analysis performed for each flood from 2000 to 2013 

and all floods combined. The coefficients of determination (R²) were adjusted to take into account the 

degree of freedom of the exponential and power functions. The ∆95 represents the mean 95% 

prediction intervals width. The fractions of flood volume above 90% were excluded from the 

regression analysis. 

Relationships 

Nechako basin  Tahtsa Lake sub-basin 

R² ∆95  
(%) 

p-value  R² ∆95 
 (%) 

p-value 

2000 0.91 ±16 < 0.001  0.94 ±13 < 0.001 

2001 0.97 ±10 < 0.001  0.95 ±13 < 0.001 

2002 0.96 ±11 < 0.001  0.96 ±12 < 0.001 

2003 0.79 ±24 < 0.001  0.91 ±17 < 0.001 

2004 0.75 ±26 < 0.001  0.93 ±14 < 0.001 

2005 0.88 ±19 < 0.001  0.93 ±14 < 0.001 

2006 0.87 ±21 < 0.001  0.94 ±15 < 0.001 

2007 0.92 ±16 < 0.001  0.92 ±16 < 0.001 

2008 0.92 ±16 < 0.001  0.94 ±13 < 0.001 

2009 0.90 ±18 < 0.001  0.94 ±14 < 0.001 

2010 0.96 ±12 < 0.001  0.98 ± 8 < 0.001 

2011 0.93 ±15 < 0.001  0.93 ±15 < 0.001 

2012 0.93 ±15 < 0.001  0.92 ±16 < 0.001 

2013 0.89 ±19 < 0.001  0.95 ±13 < 0.001 

All Floods 0.87 ±20 < 0.001  0.90 ±18 < 0.001 

Regression analysis for the large and small runoff years 

Scatter plots of the MODIS SCA versus the fraction of flood volume separating the large from 

the small runoff years are shown in Figure 10 for the Nechako Basin and in Figure 11 for the 

Tahtsa Lake sub-basin. The goodness of fit of these relationships are presented in Table 4. For 

both small and large runoff years, exponential curves were fitted to the Nechako relationships, 

while power functions were fitted to the Tahtsa Lake relationships. The regression analyses were 

statistically significant (p<0.001) for all the datasets analyzed. For both the Nechako and the 

Tahtsa Lake relationships, the coefficients of determination increased for large runoff years with, 

respectively, R²=0.92 and R²=0.92 compared to R²=0.87 and R²=0.90 for all floods combined. The 

uncertainties were also found to be smaller for large runoff years (±15 and ±15) than that for all 

floods combined (±20 and ±18). However, no improvements were observed for the small runoff 

years as the coefficients of determination and the uncertainties stayed the same for the Nechako 

basin (R²=0.87 and ±20) and deteriorated for the Tahtsa Lake sub-basin (R²=0.81 and ±15).  

DISCUSSION AND CONCLUSION 

Snowmelt is a key process in the generation of spring floods. For a watershed with hydropower 

installations, accurate information on the temporal and spatial depletion of snow packs is needed 

to improve reservoir management for safely managing an incoming flood. Although ground-based 

measurements are generally accurate, the stations are often sparsely located and the measurements 

do not adequately represent the spatial distribution of the snow extent. In the Nechako basin for 

example, the elevations of the three available snowpillow stations are located at 1300 m, 1400 m, 

and 1490 m, while 78% of the watershed elevations are estimated to be below 1300 m. On the 

other hand, remote sensing in snow hydrology has received increasing attention over the years. 
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The largest number of applications have been found in the visible and near-infrared bands 

(Schmugge et al. 2002). For example, Lavallée et al. (2006) mentioned that daily AVHRR images 

are used to delineate the snowmelt line for one of Lac St-Jean’s watersheds in the province of 

Quebec, Canada. Over the years, a correlation has been established between the position of the 

snowmelt line and the timing of the peak discharge. This information is now used in the main 

flood control operation. For example, the watershed managers know that if flow discharge is 

below a threshold value when the snowmelt line reaches mid-basin, it is safe to shut down the 

floodgates. 

Table 4. Goodness of fit (R²) for the regression analysis performed on all floods from 2000 to 2013 

combined, for large runoff years (2002, 2007, 2011, and 2012), and for small runoff years. The 

coefficients of determination (R²) were adjusted to take into account the degree of freedom of the 

exponential and power functions. The ∆95 represents the mean 95% prediction intervals width. The 

fractions of flood volume above 90% were excluded from the regression analysis. 

 Nechako basin  Tahtsa Lake sub-basin 

Relationships R² ∆95  
(%) 

p-value  R² ∆95  
(%) 

p-value 

All Floods 0.87 ±20 < 0.001  0.90 ±18 < 0.001 

Large runoff years 0.92 ±15 < 0.001  0.92 ±15 < 0.001 

Small runoff years 0.87 ±20 < 0.001  0.81 ±15 < 0.001 

 

 

Figure 10. Relationships for the small runoff years (R² = 0.87) and large runoff years (R² = 0.92) for the 

Nechako basin from 2000 to 2013 between filtered MODIS SCA and the fraction of runoff volume. 

The fractions of flood volume above 90% were excluded from the regression analysis 
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Figure 11. Relationships for the small runoff years (R² = 0.81) and large runoff years (R² = 0.92) for the 

Tahtsa Lake sub-basin from 2000 to 2013 between filtered MODIS SCA and the fraction of runoff volume. 

The fractions of flood volume above 90% were excluded from the regression analysis 

This paper focused on the statistical analysis of the correlation between the SCA derived from 

the MODIS daily snow product and the evolution of the snowmelt flood in the Nechako river 

basin in British Columbia, Canada. The analysis was performed for the time period from 2000 to 

2013. The first step was to determine the overall accuracy of the MODIS datasets. The overall 

agreement between the Terra images and the available SWE measurements was estimated at 57% 

(Figure 5a) during the ablation period from April to June. Most of the error in the ablation period 

is due to underestimation errors (40%), meaning that MODIS indicates no snow, while the SWE 

measured at the snowpillow was above 50 mm. This situation most probably results from a spatial 

scaling effect between the 500 m measurement scale, or spatial resolution, of MODIS and the 

local snowpillow measurements. While the snowpillow may measure some snow locally, the 

majority of the snow elsewhere in the 500 m x 500 m pixel may already be melted. The errors may 

also come from the shading of the snow by either the forest cover or the mountains. 

Then, a 7-day temporal filter was applied to the combined Terra and Aqua images to efficiently 

reduce the cloud coverage during the ablation period from 65.7% (Terra) to 6.4% while keeping 

its initial agreement with the snowpillow measurements. Next, correlation analysis between 

MODIS SCA for the Nechako basin and the proportion of runoff that entered the reservoir during 

the snowmelt period indicated that the increase of flood volume is closely related to the MODIS 

SCA changes. A regression analysis showed that an exponential function is the best fit to the 

Nechako data. The same analysis was then conducted using instead the MODIS SCA on the 

Tahtsa Lake sub-basin, where heavy snow depth and lower temperatures are observed. A power 

function was found to be the best fit to the Tahtsa Lake data. While both regression analyses were 

statistically significant (p<0.001), the coefficient of determination was higher for the Tahtsa Lake 

relationship (R²=0.90) than for Nechako (R²=0.87).  This result indicates that the Tahtsa Lake 

relationship might have better forecast potential for the flood volume evolution. It is worth 

mentioning that using both relationships should improve global monitoring of the entire flood. The 

almost perfect timing between the beginning of the flood and the Tahtsa Lake MODIS SCA 

depletion (Figure 11) offers important information about the beginning of the flood. On the other 
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hand, the Nechako relationship (Figure 10) gives more information about the end of the flood with 

a faster growth of the flood volume with the Nechako MODIS SCA compared to the Tahtsa Lake 

relationship.  

Next, a correlation analysis was performed separately for small and large runoff years by 

classifying the years based on their peak inflows, flood volume, and maximum SWE measured at 

the snowpillows. The analysis was made for both Nechako and Tahtsa Lake data. From this 

separation of the data, we can see that the large and small runoff years are located in two different 

regions of the graphs. During the large runoff years, a greater fraction of the flood volume enters 

earlier in the reservoir for the same snow covered area as greater SWE values are measured in 

those years. Again, the regression analyses were found to be statistically significant (p<0.001) for 

the small and large runoff year relationships for Nechako and Tahtsa Lake. Improvements in the 

coefficients of determination were observed for large runoff years for Nechako (R²=0.92) and 

Tahtsa Lake (R²=0.92), while no improvements were observed for small runoff years (R²=0.87 

and 0.81). 

Such results show that monitoring the snow extent by remote sensing is a promising alternative 

to ground-based measurements, especially for basins with few stations or for ungauged basins. 

Empirical relationships are a simple tool that does not require any additional data other than 

MODIS SCA. If ground-based measurements are available, the watershed manager can compare 

the measured SWE with the historical measurements to identify either a small or large runoff year 

relationship, thus improving forecasts of the flood volume evolution. Otherwise, estimation of the 

SWE through manual snow surveys may be used. The approach may not lead to an update of the 

snow cover modelled by physical models that are commonly used in an operational context, but it 

may lead to a better estimate of the total flood volume. By providing better knowledge of the snow 

cover state and flood evolution, watershed managers will be able to assess the reliability of their 

model simulations, thus influencing their decision making during the snowmelt period. This 

approach can easily be adapted to other mountainous watersheds dominated by snow accumulation 

and melt.  

Cloud cover in MODIS images remains a challenge for operational applications. Even if the 

cloud coverage is substantially reduced by the application of a 7-day temporal filter, it can affect 

MODIS accuracy during the ablation period. This is particularly the case for watersheds with a 

short snowmelt season (2-3 weeks).  By replacing a cloud-covered pixel by the most recent non-

cloud observation, the technique might miss a snowmelt episode occurring during the cloudy days. 

For watersheds with a short snowmelt season, the problem tends to get worse when several cloudy 

days occur in a row. In this case, the use of RADAR images may be used as it enables the 

detection of wet snow independent of cloud cover (Nagler and Rott, 2000). Various approaches 

have been proposed for the establishment of snow melt maps (Koskinen et al., 1997; Nagler and 

Rott, 2000; Dedieu et al., 2012) or even for the monitoring of the snow liquid water content 

(Longepe et al., 2009) using RADAR images. It might be interesting to see if a statistical 

correlation exists between the snow melt maps derived from RADAR images and flood dynamics. 

A major limitation of the study is the limited temporal period, 14 years, of the available data set. 

This may not be enough to represent the different historical events that occurred for the proposed 

approach to be immediately used in an operational context. Furthermore, in a climate change 

context, the precipitation and temperature are expected to change, thus potentially affecting the 

correlations presented in this study. However, the changes would not be drastic from one year to 

the next. The relationships should be updated every year with new flood data and new MODIS 

images to improve their robustness. Further work includes the calibration and validation of a 

distributed model with the MODIS data. An automatic multi-objective calibration approach will 

be tested that will give a set of parameters that optimizes the closeness between the discharge flow 

simulations and observations, but also between the model snow output and the MODIS 

observations. Such a model could be used with future climate data to simulate the impacts of 

climate change on a particular watershed and to compare different mitigation strategies for these 

climate change impacts.  
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