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Seasonal snow covers 31% of the Northern Hemisphere in midwinter, playing an 

influential role in wildlife communities and water storage for hydrological processes. Monitoring 

seasonal snow comprises three main approaches, including remote sensing, hydrological 

modeling, and field techniques. However, current methods can be costly and less accurate in 

complex terrain, forests, and on cloudy days, and methods present trade-offs in spatial and 

temporal resolution. Using a large-scale camera network of over 1000+ cameras based in 

Norway from a project called Scandcam (viltkamera.nina.no), my dissertation sought to 

determine how camera traps (also referred to as remote cameras, wildlife cameras, or game 

cameras) can connect on-the-ground and remote sensing snow monitoring techniques for 



ecological and hydrological applications. Chapter 2 initialized a conceptual and analytical 

framework for using wildlife cameras to supplement and validate optical remote sensing 

products for snow cover. I identified advantages and disadvantages and presented wildlife 

camera traps as a novel method to improve snow monitoring on cloudy days and at high 

latitudes, regions where satellites are less accurate. In chapter 3, I provided a methodological 

example in which I used computer vision and machine learning to extract snow depth from 

remote cameras from NASA and University of Washington snow measurement campaigns, 

serving as a case study for snow information extraction from imagery as well as a pipeline for 

future model development. In chapter 4, I demonstrated how information from cameras can 

answer questions about animal activity in response to changes in snow conditions. I found that 

information from the camera, including location and time of day, can predict the strength of the 

snow surface, and subsequently changes in diel activity in roe deer (Capreolus capreolus) but 

not for mountain hares (Lepus timidus). In chapter 5, I examined how we can leverage wildlife 

cameras to supplement passive microwave remote sensing from the Advanced Microwave 

Scanning Radiometer 2 (AMSR2) for rain-on-snow mapping. I developed a model to detect rain 

in camera trap imagery and demonstrated a 1% improvement in AMSR2-detected rain-on-snow 

events. In chapter 6, I combined data from passive acoustic recorders (AudioMoths from Open 

Acoustic Devices) with camera data to improve the ability to track rain-on-snow events. I 

demonstrated that this technique improves human detection of and neural network predictions for 

rain-on-snow events. These findings illustrate that wildlife cameras can operate as “mini weather 

stations” for winter snow monitoring, and that by providing on-the-ground information, cameras 

demonstrate the ability to improve our snow monitoring techniques and understanding of wildlife 

communities in a changing climate.  
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Chapter 1. INTRODUCTION 

1.1  Background  

Snow is an essential component of habitat quality for wildlife, water storage for 

hydrological processes, and human uses such as agriculture, forestry, and tourism (Mankin et al., 

2015; Rizzi et al., 2018). However, monitoring snow conditions, especially in hard-to-reach and 

complex terrain, is difficult, due to the lack of weather stations and the field efforts required for 

manual measurements. Remote sensing from sources such as optical satellites, active and passive 

microwave satellites, and radar sensing have increased spatial and temporal coverage for snow 

observations, but trees, clouds, and the polar night still limit measurements depending on the 

source (Dietz et al., 2012; Nolin, 2010; Tsang et al., 2022). Light detection and ranging (lidar) 

has made recent advances for high-resolution snow maps, but observations can be costly and 

limited to specific areas (Jacobs et al., 2021). Recent work has called for new tools for 

monitoring snow (Penczykowski et al., 2017), especially tools optimized for fine-spatial and 

temporal scales (Reinking et al., 2022). Specifically for connecting the impacts of snow on 

wildlife, recent work has called for improved tools for snow measurements that are optimized at 

the spatial and temporal scale of wildlife activity (Boelman et al., 2019; Reinking et al., 2022).  

Camera traps, sometimes referred to as “wildlife cameras” or “remote cameras,” are a 

popular tool for noninvasive animal monitoring, including animal abundance surveys, 

monitoring movement, and observing behavior (Bassing et al., 2023; Burton et al., 2015). 

Recently, researchers have called for increased use of the camera’s “bycatch information,” or the 

ancillary environmental information in the camera image (Brown et al., 2016; Sonnentag et al., 

2012; Steenweg et al., 2017). Cameras automatically record temperature and date-time metadata, 
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and visually indicate the evidence of meteorological phenomena, including snow, hail, and 

vegetation green-up (Alison et al., 2024; Brown et al., 2016). With the ability to capture 

environmental data and scale up to networks that range from ten to hundreds of cameras, camera 

traps hold great potential as a ground-based remote sensing tool that can simultaneously 

supplement and validate remote sensing observations for snow as well as provide insight on the 

snow conditions simultaneous to the wildlife detection.  

One extensive camera trap network is the Scandcam project, hosted by the Norwegian 

Institute for Nature Research (project website: viltkamera.nina.no). The first cameras were 

installed in 2010, and over the course of the next decade, the network expanded into a larger 

camera trap network spanning 1000+ cameras, with the aim to survey the movement, behavior, 

and population metrics of the recolonizing Eurasian lynx (Lynx lynx) (Carricondo-Sanchez et al., 

2017; Hofmeester et al., 2019). The cameras span a 10° (58° - 68°) latitudinal gradient and a 

maritime-montane forest snow classification gradient (Fig. 1.1A; Sturm & Liston, 2021), 

offering a unique chance to ask questions related to the utility of camera traps to monitor snow, 

and the ability to connect that information to improve remotely sensed snow maps as well as 

wildlife understanding. These cameras reflect the growing use of camera networks worldwide 

(Burton et al., 2015), and we leverage networks from the 2019-2020 NASA SnowEx Campaign 

and a snow measurement campaign from the University of Washington for developing methods 

for snow property extraction across various snow conditions and ecosystems (Fig. 1.1B and C). 

With the growing use of cameras combined with the limitations of current snow monitoring 

techniques, my dissertation sought to build a framework for combining remote cameras with 

other remotely sensed datasets, develop new methods for extracting snow properties from 
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cameras, and demonstrate the use of wildlife cameras to answer novel ecological questions on 

the behavior of wildlife in a changing climate.  

 

 

Figure 1.1. A) Map of cameras deployed for wildlife monitoring from the Scandcam wildlife 

camera network (project page: viltkamera.nina.no) used in this paper for comparison with 

satellite observation and the study of wildlife activity. We leveraged camera networks from B) 

the 2019-20 NASA SnowEx campaigns in Grand Mesa, CO, and C) 2020 and 2021 snow 

measurement campaigns from the University of Washington in Okanogan and Chewelah County 

to develop a model to detect snow depth from camera imagery. We used the World Shaded 

Relief map from the ArcGIS REST Services Directory to show general terrain shading (Esri 

2014).  
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1.2  Goals 

Camera traps currently represent an untapped resource for snow monitoring but 

establishing them as a method involves new frameworks for extracting snow information and 

connecting the devices to satellite observations. In Chapter 2, I developed a conceptual and 

analytical framework for validating remote sensing products for snow cover using camera traps. 

Specifically, I compared the agreement between snow cover detected from camera traps using 

visual inspection and snow detected from the Moderate Resolution Imaging Spectroradiometer 

(MODIS). First, I identified factors that affect agreement, demonstrating the potential of cameras 

to offer insight when optical satellites fall short. Second, I used the camera traps to identify the 

threshold to convert the continuous snow cover index provided by MODIS (ranging from 0 to 

indicate no snow cover to 100 to indicate complete snow cover), demonstrating the utility of 

cameras to convert a MODIS map to binary “snow” or “no snow” snow product. Third, I 

compared the cameras to the MODIS cloud-gap-filled product, identifying a decrease in 

accuracy on day 3, suggesting the day after which to supplement MODIS maps with camera 

values.  

The ability to tap into camera information relies on efficient data extraction pipelines for 

snow extraction. Computer vision and machine learning offer efficient data extraction from 

camera traps (Beery et al., 2019; Tuia et al., 2022). However, no model for extracting snow 

information from camera traps exists that can deploy to multiple networks. In Chapter 3, I 

developed a keypoint detection model for extracting snow pole depth information when installed 

in front of time-lapse cameras. I leveraged a camera network from the 2019-20 NASA SnowEx 

campaign, and I examined cases when the model was successful and unsuccessful in estimating 

snow depth in the image. Then, I assessed how well the model worked on a dataset from 2020 
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and 2021 field campaigns from the University of Washington, mimicking a pipeline for a future 

user by which they deploy the model on their snow pole network of interest. By analyzing how 

many images the model needed to see during training to achieve similar accuracy relative to 

other snow depth measurement devices, I identified the utility of this model as a step towards a 

generalizable algorithm.   

 Snow monitoring from camera traps offers new insight into the impacts of snow on 

wildlife at fine-spatial and temporal scales. Recent work has emphasized the role of 

environmental factors in changing wildlife diel activity (Gaynor et al., 2018). Snow conditions 

can change as often as hourly (United States, Army Corps of Engineers, 1956), and in Chapter 4, 

I analyzed hourly changing snow conditions on animal activity. I built a model that leveraged 

information from the camera, including location, hour of day, and time of year, to predict the 

strength of the snow and the subsequent impacts on wildlife diel activity. I compared changes in 

diel cycles for two Norwegian mammals, the roe deer (Capreolus capreolus) and mountain hare 

(Lepus timidus), which face similar predator pressures from lynx but have different morphology 

adaptations to snow (Hackländer & Zachos, 2020; Kelsall, 1969). This work highlighted the 

capability of camera traps to capture fine-scale, sub-daily snow conditions. When linked to 

hourly animal activity, this study identified differences in environmental pressures among 

animals depending on their locomotive adaptations to snow and diel plasticity.  

 Similar to snow hardness, prior research has identified severe snow icing caused by rain-

on-snow (ROS) events as detrimental to wildlife due to impacts on movement and foraging 

abilities (Hansen et al., 2011). Passive microwave remote sensing using the Advance Microwave 

Sensor Radiometer 2 (AMSR2) has had success in detecting rain-on-snow events in Alaska and 

Quebec, as well as deriving freeze-thaw estimates (van de Kerk, 2018; Langlois et al., 2017; Pan 
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et al., 2018). However, more work is needed in cloudy, maritime snowpacks. In Chapter 5, I 

compared the AMSR2 ROS record to weather stations, establishing an accuracy benchmark and 

investigating factors that affected the accuracy of the AMSR2 relative to weather stations. I 

found impacts from trees and proximity to water, and I demonstrated that by incorporating 

information from cameras, we can improve the ROS record, furthering their use in dense forests 

and cloudy regions.  

 Precipitation detection continues to be a difficult problem for ecologists, hydrologists, 

and remote sensing specialists, and even broadening out to other researchers that rely on accurate 

precipitation, such as climate modelers (Asadieh & Krakauer, 2015). Given the difficulties in 

detecting rain-on-snow events from both cameras and satellites, in Chapter 6, I analyzed a new 

method, combining cameras with low-cost passive acoustic recorders (AudioMoths) to detect 

winter precipitation and differentiate between rain and snow. I demonstrated that combining the 

audio and visual data can improve differentiation of rain and snow, which is useful for two main 

applications: 1) improving the ability to distinguish rain and snow by human inspection and 2) 

improving neural network models. The combination of AudioMoths and camera traps also 

showed that two tools from wildlife ecology yielded new insights into meteorological 

observations.  

   

1.3  Implications 

Snow is changing worldwide (Hammond et al., 2018), with impacts on wildlife 

populations (Berteaux et al., 2017; Boelman et al., 2019) and hydrology (Woods, 2009). This 

research contributes to new tools for ecologists by providing tools for detecting snow cover, 

depth, and precipitation utilizing tools they already employ. This research also contributes to 
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new tools for hydrologists, by providing novel sources for snow observations from remote 

cameras that can offer insight into snow processes that happen at fine-spatial and temporal 

scales. The models developed through this research set accuracy benchmarks for machine 

learning applied to snow and will expedite extracting snow information in future studies, 

reducing labeling and training time. Camera traps have increased in popularity over the last 

several decades (Rowcliffe & Carbone, 2008; Steenweg et al., 2017), and this work underscores 

the utility of cameras for environmental monitoring, particularly for snow in cloudy, maritime 

regions. With the increase in available machine learning models for science and publicly 

available data repositories for camera trap data (e.g., wildlifeinsights.org), it is evident that we 

are sitting on a wealth of fine-scale snow information that offers advantages to manually-

obtained ground observations (Tuia et al., 2022). This research has developed new methods for 

extracting snow information from camera imagery, showing that wildlife cameras can operate as 

ground-based remote sensing networks. 
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Chapter 2. EVALUATING MODIS SNOW PRODUCTS USING AN 

EXTENSIVE WILDLIFE CAMERA NETWORK 

 

Publication history: A version of this chapter was previously published in Remote Sensing of 

Environment. The full citation for this publication is:  

 

Breen, C., Vuyovich, C., Odden, J., Hall, D., & Prugh, L. (2023). Evaluating MODIS snow  

products using an extensive wildlife camera network. Remote Sensing of Environment, 

295, 113648. https://doi.org/10.1016/j.rse.2023.113648 

 

Abstract: Snow covers a maximum of 47 million km2 of Earth’s northern hemisphere each 

winter and is an important component of the planet’s energy balance, hydrology cycles, and 

ecosystems. Monitoring regional and global snow cover has increased in urgency in recent years 

due to warming temperatures and declines in snow cover extent. Optical satellite instruments 

provide large-scale observations of snow cover, but cloud cover and dense forest canopy can 

reduce accuracy in mapping snow cover. Remote camera networks deployed for wildlife 

monitoring operate below cloud cover and in forests, representing a virtually untapped source of 

snow cover observations to supplement satellite observations. Using images from 1181 wildlife 

cameras deployed by the Norwegian Institute for Nature Research (NINA), we compared snow 

cover extracted from camera images to Moderate Resolution Imaging Spectroradiometer 

(MODIS) snow cover products during winter months of 2018–2020. Ordinal snow classifications 

(scale = 0–4) from cameras were closely related to normalized difference snow index (NDSI) 

values from the MODIS Terra Snow Cover Daily L3 Global 500 m (MOD10A1) Collection 6 

https://doi.org/10.1016/j.rse.2023.113648
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product (R2 = 0.70). Tree canopy cover, the normalized difference vegetation index (NDVI), and 

image color mode influenced agreement between camera images and MOD10A1 NDSI values. 

For MOD10A1F, MOD10A1’s corresponding cloud-gap filled product, agreement with cloud-

gap filled values decreased from 78.5% to 56.4% in the first three days of cloudy periods and 

stabilized thereafter. Using our camera data as validation, we derived a threshold to create daily 

binary maps of snow cover from the MOD10A1 product. The threshold corresponding to snow 

presence was an NDSI value of 40.50, which closely matched a previously defined global binary 

threshold of 40 using the MOD10A2 8-day product. These analyses demonstrate the utility of 

camera trap networks for validation of snow cover products from satellite remote sensing, as 

well as their potential to identify sources of inaccuracy. 

Keywords: validation, Norway, remote cameras, gap-filling, MODIS, snow  

 

 2.1 Introduction 

Seasonal snow covers 31% of the Earth’s land surface each year, playing an integral role 

in habitat quality for wildlife, water storage for hydrological processes, and human uses such as 

agriculture, forestry, and tourism (Mankin et al., 2015; Rizzi et al., 2018). Warming temperatures 

have reduced snow cover extent globally, but these changes vary strongly among regions (Brown 

and Mote, 2009; Solomon et al., 2007). Accurate snow cover mapping within and across years is 

thus needed to inform regional forecasting and climate change mitigation efforts.   

Snow cover is typically measured using ground observations, modeling, and remote 

sensing at scales that range from point measurements (e.g., ground observations) to kilometers 

(e.g., passive microwave sensors at 25-km resolution). Remote sensing from satellites is a 

powerful tool because satellites provide information across broad spatial coverages and at fine 
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temporal scales, enabling global and regional snow cover maps where in situ measurements may 

not be possible (Nolin, 2010). NASA’s Moderate Resolution Imaging Spectroradiometer 

(MODIS) Collection 6 product provides a daily or every other day 500-m resolution optical 

image from which snow maps are derived. Daily MODIS snow observations are highly suitable 

for continuous snow monitoring, which is desirable for many applications, including wildlife 

science (Boelman et al., 2019). For example, daily MODIS snow maps have been used to 

successfully detect changes in bird nesting success and shifts in the timing of mammal 

migrations (Laforge et al., 2021; Madsen et al., 2007). 

The most recent version of the MODIS products (Collection 6.1) includes a daily 500-m 

global snow product, MOD10A1, and a daily cloud-gap filled (CGF) 500-m global snow 

product, MOD10A1F. Both are suitable for use as inputs in hydrological, ecological, and climate 

models (Bokhorst, 2016; Dong and Menzel, 2016). MOD10A1 and MOD10A1F provide 

normalized difference snow index (NDSI) values based on the high reflectance of snow in the 

visible band and low reflectance in the near-infrared band, ranging from 0 (snow-free) to 100 

(completely snow-covered). NDSI values lower than 100 can be completely snow-covered 

(Klein et al., 1998), but adjusting NDSI values to a fractional snow cover is no longer included in 

MODIS products as it is region-dependent and other factors may affect when MODIS 

underestimates snow. The overall accuracy of the MOD10A1 product is estimated to fall 

between 79.5- 96% depending on the tree cover density, snow depth, and solar zenith angle in 

the region of interest (Coll and Li, 2018; Franklin, 2020; Hall et al., 2019a; Hall and Riggs, 

2007). Optical sensors are obstructed by tree cover, and shallow snow might not be bright 

enough to reflect solar radiation since the underlying material is likely to be darker (Liang et al., 

2008). At high solar zenith angles, chances are higher that sensors will be obstructed by clouds 
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and experience higher atmospheric distortion (Xin et al., 2012), both of which can also obscure 

or scatter light, decreasing the accuracy of observations. 

Cloud masking in MOD10A1 greatly reduces coverage (Hall et al., 2019a), and 

MOD10A1F improves coverage by filling all cloud-masked pixels. Each cloud-masked pixel is 

given the most recently observed snow cover value, along with a corresponding “cloud 

persistence” value for the age in days of the snow observation. This product has been used in 

applications such as hydrological snow trend studies (Hao et al., 2022) and analyses of snow 

cover impacts on wildlife (Mahoney et al., 2018). The cloud-gap filled product has been shown 

to return similar accuracy as MOD10A1 in the western US where cloudy periods are typically 

brief (Hall et al., 2019a), whereas accuracy is lower in the northeastern and northwestern US 

where longer cloudy periods are common (Gao et al., 2011; Hall et al., 2010). Beyond the US, 

validation of the MOD10A1F product is sparse due to the recency of the product availability. 

Weather stations and other sensors improved MOD10A1F maps in China (Hao et al., 2022), but 

more work in diverse areas with longer cloudy episodes, such as high latitude regions, is needed 

to understand the accuracy of the MOD10A1F product in those areas. Understanding accuracy 

may inform a region-dependent threshold after which additional cloudy days may result in 

unreliable snow cover estimates, and indicate when alternative sources for snow cover, such as 

weather stations or other ground observations, should be used instead of gap-filled values.  

Binary products can be developed from the current MODIS snow-cover products and 

may be used to map snow presence/absence. Early MODIS snow-cover products categorized 

pixels as “snow” if the NDSI was greater than 40, using Landsat fractional snow-covered area 

maps from Prince Albert National Park in Saskatchewan, Canada (Klein et al., 1998). Later, a 

binary map developed from MOD10A2 categorized a pixel as “snow” if any pixel within an 8-
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day period had an NDSI value greater than 10 (Hall et al., 2002). The lower threshold increased 

snow detection but at the cost of increased false positives. Now, the threshold for snow presence 

is considered region dependent (Thapa et al., 2019; Zhang et al., 2019), and the end-user is 

recommended to determine the threshold above which the corresponding pixel should be 

identified as snow covered (Riggs et al., 2017). Given the utility of binary snow products for 

monitoring snow phenology and subsequent applicability to wildlife studies (Curk et al., 2020; 

Madsen et al., 2007; Thapa et al., 2019), more work is needed to develop daily binary snow maps 

for specific regions.  

In this study, we use cameras deployed in remote locations for wildlife monitoring, often 

referred to as “camera traps,” to evaluate the MODIS/Terra MOD10A1 and MOD10A1F 

products and derive a regional threshold for daily binary snow-covered maps in Scandinavia. 

Wildlife camera trap networks have underutilized potential for satellite validation that could be a 

valuable supplement to traditional validation methods based on other satellites (Crawford, 2015; 

Huang et al., 2011), weather stations, and ground collection (Negi et al., 2007). Cameras provide 

environmental monitoring (Brown et al., 2016; Sonnentag et al., 2012), with visual information 

about environmental conditions along with a timestamp. While single cameras have a limited 

field of view, they can be set up in networks of up to many hundreds of cameras across large 

regions (Forrester et al., 2016; Garvelmann et al., 2013). Databases are increasingly available to 

archive camera images across networks, furthering the potential for global camera networks to 

improve environmental monitoring (Steenweg et al., 2017). For example, Wildlife Insights 

currently hosts over 35 million images from 20,000 camera deployments worldwide 

(https://www.wildlifeinsights.org/home). Cameras operate below cloud cover and tree canopy, 
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and they are particularly advantageous for monitoring snow cover because they can operate for 

months or years in sub-freezing conditions and difficult-to-reach locations (Tobler et al., 2015).  

Wildlife camera traps have been used successfully to evaluate satellite measures of 

greenness (Sun et al., 2021) and to provide information on snowpack dynamics at localized 

spatial scales (Hofmeester et al., 2021; Sirén et al., 2018). Hofmeester et al. (2021) visually 

categorized snow cover from camera trap images to assess changes in spring and autumn molting 

of mountain hare (Lepus timidus). Sirén et al. (2018) found strong correlations between depth 

readings on snow poles and data from the Snow Data Assimilation System (SNODAS) at 80 

cameras in Vermont. However, extracting information from camera images can be challenging. 

Camera traps use an infrared flash in low light settings, resulting in grey-scale images that can 

make differentiating among objects more difficult (Beery et al., 2020). Camera traps therefore 

have great potential but require more work investigating their utility as ground-based remote 

sensing networks for monitoring snow at broader scales.  

Using three years of camera trap images from a network of 1,181 cameras in Norway and 

Sweden managed by the Norwegian Institute for Nature Research (NINA), we compared snow 

data extracted from camera images to MOD10A1 and MOD10A1F NDSI snow cover products. 

We quantified agreement between snow cover values from cameras and MODIS NDSI, 

examining factors we hypothesized a priori would affect agreement. We predicted the following: 

1. Agreement would be higher between cameras and NDSI at extreme values for snow 

cover, whereas agreement would be lower when the snow is patchy (i.e., moderate 

NDSI values) due to differences in scales between MODIS pixels (500 m) and camera 

fields of view (~20-80 m).  
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2. Factors that have been shown to affect MODIS accuracy will affect camera and 

MODIS agreement, such that agreement will be lower when canopy cover and 

latitude are higher (Xiao et al., 2022; Xin et al., 2012).  

3. Factors that have been shown to affect image quality will affect camera and MODIS 

agreement, such that images with low lighting taken in grey-scale (i.e., with infrared 

flash) will have lower agreement with NDSI than images taken in full color.  

4. Camera observations should agree more with MODIS observations on clear sky days 

compared to cloudy days, and cloud persistence should decrease the agreement 

between cameras and the cloud gap filled NDSI product. 

We derived a binary MOD10A1 product of snow cover, using camera data to identify a NDSI 

threshold corresponding to snow presence. 

 

2.2 Methods 

2.2.1 Study Area 

We used images from camera traps in the Scandcam network. Scandcam is a long-term, 

year-round study established in 2010 by the Norwegian Institute for Nature Research to monitor 

recovering Eurasian lynx (Lynx lynx). Our dataset includes images from three winter seasons: 1) 

January 1 – March 2018, 2) October 1, 2018 – March 2019, and 3) October 2019 – March 2020.  

Scandcam camera trap locations are optimized for lynx detection across Norway and southern 

Sweden (59° – 69° N, 8° – 16° E), with no more than one camera per 2 km2 area across a 

350,000 km2 area (Fig. 2.1; Carricondo-Sanchez et al., 2017). Cameras span a 10° latitudinal 

gradient, with deeper snow generally occurring in the north and inland than along the coast 

(Saloranta, 2012). Snow usually arrives in Norway and Sweden in early October at high 
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elevations and northern areas and melts by early April, although sites farther north can remain 

snow-covered into summer (Saloranta, 2012). Because the cameras were deployed to detect lynx, 

they were placed in lynx habitat such as forests and sub-alpine areas, but they varied in whether 

they were under closed-canopy or open-canopy areas. Southern Norway and Sweden are 

characterized by boreal coniferous forest dominated by Norway spruce (Picea abies) and Scots 

pine (Pinus sylvestris). In the north, forest composition transitions to alpine vegetation 

dominated by birch species (Betula pendula and Betula pubescens) (Bouyer et al., 2015).  

 

Figure 2.1 Locations of Scandcam cameras (yellow points, n = 1,181) in Norway and Sweden 

shown over a composite snow cover map created from MOD10A1 Version 6 that shows mean 

NDSI snow cover values across the three winters of this study (January – March 2018, October 

2018 – April 2019, October 2019 – April 2020). 
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2.2.2 Data  

2.2.2.1 MODIS Data 

NDSI values were extracted at all camera locations (n = 1,181) for all days in the study 

period from the MOD10A1 product on the Google Earth Engine public data archive (n = 770 

days; Hall et al., 2016). To quantify the percentage of usable MOD10A1 NDSI values during our 

study period, we divided the number of non-null NDSI values by the total number of values 

(including cloud-masked pixels with “NA” values). The MOD10A1F product was downloaded 

as GeoTiffs for the same days from the EarthData platform (https://search.earthdata.nasa.gov/) 

and uploaded to Google Earth Engine (GEE). MOD10A1F NDSI and corresponding cloud 

persistence values were extracted for all cameras for the same days after ensuring both MODIS 

products matched projections (Appendix A1). Since MOD10A1F is not offered in the GEE 

archive, MOD10A1F was uploaded as individual tiles. In total, we processed 3,392 tiles for the 

MOD10A1F product. We used the GEE Collection 6 MOD10A1 product rather than Collection 

6.1 from EarthData, because Collection 6 is commonly used in other studies, and GEE has limits 

on the number of original assets one can store on the server. We used Collection 6.1 for 

MOD10A1F (cloud-gap filled) NDSI and cloud persistence products to make use of the most up-

to-date version. Previous work has demonstrated that Collection 6.1 and Collection 6 have 99% 

correspondence, with revisions considered minor (Riggs et al., 2019).  

 

2.2.2.2 Camera Images 

Cameras with either infrared flash or white flash (Reconyx model HC500, HC600, 

PC800, or PC900) were secured to trees approximately 1 m above the ground. Cameras were 

programmed to take a daily “timelapse” image at 8 AM or 12 AM, as well as anytime the camera 

https://search.earthdata.nasa.gov/
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was triggered by motion (e.g., from an animal walking by). For all cameras, for every day in our 

study years that there was a corresponding non-null MOD10A1 value, we selected one image per 

day from the Scandcam image inventory. The vast majority of photos were taken under low-light 

conditions resulting in a grey-scale image. To achieve a more balanced dataset to evaluate the 

effect of image color mode on snow labeling accuracy, we manually inspected all of the images 

to select a color image if available. We deferred to the timelapse image when taken in white flash 

or daylight hours, or a daytime motion-triggered image, when available. Images from the prior 

day or the day after the image of interest were also inspected and labeled if it was hard to discern 

snow due to lighting conditions.   

To assess the effects of cloud cover, we labeled a subset of images that corresponded to 

250 random days from the MOD10A1F product (100 days for each of the full winter seasons, 

and 50 days for the partial season). Additionally, we included images that were inspected while 

labeling MOD10A1 images (n = 510 images). These included both before and after images 

corresponding to MOD10A1 values to help confirm the amount of snow. While there is 

potentially a bias that these images would favor lower cloud persistence values, we examined a  

histogram and found a similar distribution of cloud persistence values compared to the 

distribution of cloud persistence values from the full MOD10A1F dataset (Appendix A, Figure 

A2).   

Images were labeled using Timelapse (http://saul.cpsc.ucalgary.ca/time-lapse/), a freely 

available camera trap labeling software for wildlife ecologists. The software automatically 

extracts metadata including time and date, and it provides a customizable interface that observers 

use to label photos. All data can then be exported as a .csv file. Snow cover was manually 

labelled using the software’s user interface on an ordinal scale that ranged from 0 (no snow) to 4 

http://saul.cpsc.ucalgary.ca/timelapse/
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(full snow coverage). These categories matched those used for snow cover classification at 

Norwegian weather stations (Lussana et al., 2018): 0 corresponded to 0% snow cover, 1 to ~25% 

snow cover, 2 to ~50%, 3 to ~75%, and 4 to ~100% (Fig. 2.2). Images were initially labeled by 

two people, but testing of a double-labeled subset revealed low agreement among observers 

(kappa coefficient !	= 0.45; McHugh, 2012). There was complete agreement at label 0, moderate 

agreement for values 1 – 3 (!	= 0.51) and low agreement for label 4 (!	= 0.10). The low 

agreement at label 4 was a result of the less-experienced labeler incorrectly labelling low-light 

images with snow as “no snow.” Thus, the more-experienced observer (C. B.) labeled all images.  

 

Figure 2.2. Example remote camera images for snow classification. Snow cover was classified 

using an ordinal scale from 0 – 4, where 0 = 0% snow cover, 1 = ~25%, 2 = ~50%, 3 = ~75%, 

and 4 = ~100%. 

 

2.2.3 Assessing Agreement between Camera Images and MODIS Snow Values 

To evaluate the relationship between image labels and MOD10A1 (H1), we fit a general 

linear model using the ordinal image labels as a continuous predictor variable and MOD10A1 
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NDSI as the response variable. Since NDSI values have been noted to “plateau” at higher snow 

values depending on the normalized difference vegetation index (NDVI) at that pixel (Klein et 

al., 1998), a polynomial term was included to account for potential non-linearity. All models 

were fit using program R (version 4.2.1).  

To test our prediction that agreement between MODIS and images would be highest at  

extreme values (H1), we compared agreement between MODIS NDSI snow cover values and 

snow cover from labeled camera images (hereafter called “image labels”) across the ordinal 

image labels. We calculated agreement as:  

!"#$$%$&' = 100 − |-./01 − 23%$#3|	    (2.1) 

Where MODIS is the NDSI value and Camera is the labeled image value after converting 

ordinal labels (0-4) to their corresponding percent cover values (0, 25, 50, 75, and 100).  

Agreement could range from 0 (i.e., complete disagreement) to 100 (i.e., complete agreement). 

Some amount of disagreement was expected from comparing ordinal image labels to continuous 

NDSI values. Thus, we caution that agreement levels should not be compared directly to R2 

values from traditional validations. Other studies that assessed MODIS NDSI accuracy using 

cameras and other ground sources converted NDSI values to binary snow and no snow values 

using a threshold and confusion matrix (Thapa et al., 2019; Zhang et al., 2019). We made use of 

the full range of NDSI values by not thresholding the values for agreement assessment, in order 

to statistically assess covariates that affected the level of agreement. We equate NDSI to a scale 

of 0-100% snow cover to represent the relationship between NDSI and snow cover in the 

absence of factors that may affect satellite accuracy. Taking the absolute value of agreement 

allowed for clearer interpretation of how different covariates affected the magnitude of 

disagreement regardless of its direction (see 2.4). We expected agreement to be highest at the 
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extremes (i.e., labels ~0% and ~100%) and lowest for intermediate labels (i.e., labels ~25%, 

50%, and 75%), so we fit a linear model with a polynomial term to allow for a parabolic shape.  

 

2.2.4. Assessing Agreement between MODIS Snow Products and Factors Influencing Agreement 

 To identify factors affecting agreement between snow cover from image labels and the 

MOD10A1 product (H2 and H3), we used a general linear mixed-effects model to determine 

how tree canopy cover, latitude (a proxy for solar zenith), and image color mode affected the 

agreement between image labels and MOD10A1 NDSI values (Table 2.1; Eqn. 2). We first  

 

Table 2.1. Covariates used to analyze agreement between MODIS and image-labeled snow 

values. Range of each factor is provided. MODIS cloud persistence values were only used to 

assess MOD10A1F (i.e., the cloud-gap filled product) agreement with camera images. 

Covariate Range Resolution Hypothesized effect on agreement 

Daily MODIS NDVI -1.0 – 1.0 500 m 

Increasing vegetation will prevent 
MODIS obs., decreasing agreement with 
ground obs. 
 

Landsat tree canopy cover 0 – 100% 30 m 

Increasing tree canopy cover will prevent 
MODIS obs., decreasing agreement with 
ground obs. 
 

Image color mode 
Color (1) or 
Grey-scale 

(0) 
20-30 m1 

The infrared red flash will decrease the 
saturation of the image (converting it to 
grey-scale), increasing the difficulty of 
differentiating snow from other aspects of 
the landscape. 
 

Latitude 59.0 – 69.0 1 degree 

Increasing latitude increases angle of 
MODIS obs., increasing angular 
distortion and decreasing agreement with 
ground obs. 
 

MODIS Cloud Persistence 0 – 40 days 500 m 

Increasing cloud cover days increases 
possibility of missed accumulation or 
melt events, decreasing agreement with 
ground obs. 

 

1 Resolution derived from the approximate range that wildlife cameras detect (Urbanek et al., 2019). 
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tested covariates for correlation to avoid overfitting the model. We used Pearson’s method for 

correlation between continuous variables and Kendall’s method for correlation between 

continuous and our categorical variable (i.e., image color mode) and found that all correlations 

were below the commonly-used threshold of 0.7 (Dormann et al., 2013; Appendix A, Table A3). 

All correlations were also below the threshold for moderate correlations (|r| = 0.4), except for 

tree canopy cover and latitude, which was -0.404. To further examine multicollinearity among 

predictors, we implemented the variance inflation factor (VIF) test. All factors were below 1.2, 

lower than the conservative threshold of 3 (Zuur et al., 2010; Appendix A, Figure A4). Temporal 

and spatial autocorrelation in snow datasets can inflate parameter estimates and type 1 error 

(Reinking et al., 2022). To evaluate spatial autocorrelation, we conducted Moran’s I test using 

the spdep package in R (Bivand, 2022). We failed to detect spatial autocorrelation (Moran’s I 

statistic = -0.007, p = 0.55), but we included Camera ID as a random effect to account for lack of 

independence among images taken from the same camera. To test for temporal autocorrelation, 

we followed the approach of Sirén et al. (2018) and created a relative date variable for each 

observation using the timeDate package in R (Wuertz et al., 2023). The package contains a 

function to convert a date to a relative number of days from a specified origin, defaulting to 

January 1, 1970. We tested for improved model fit using Akaike Information Criterion (AIC) 

values with and without including the relative date in an auto-regressive correlation structure 

(i.e., an “ar1” term) with camera station ID included as a grouping variable. Incorporating the 

ar1 correlation structure had a lower AIC score [(∆AIC = -1830.2 compared to the model 

without a correlation structure]. We therefore proceeded to use this structure for modeling 

agreement in Eqn. (2). We included all covariates in a general linear mixed effects model with a 

Gaussian family using the glmmTMB package in R (Brooks et al., 2023): 
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$%&''(')*	~	(1	|	/0('&0	12) + 	50678	92:1 + 	;&''	/0)<=8	/<>'& + ?0*6*@5' + 

1(0%'	/<7<&	A<5' + 0&1(&'70*6>'	50*' + 0	|	/0('&0	12)				 

Agreement was calculated as described above in Eqn. (1). Image color mode was 

classified as “Color” or “Grey-scale” by inspecting image saturation. Images taken with infrared 

flash have low light saturation and appear as black-and-white, grey-scale images (Fig. 2.3). After 

inspecting a histogram of saturation values from a subset of 60 images, there was a clear break 

between images in grey-scale and color at saturation values of 0.02 (Appendix A, Table A5). We 

then evaluated this threshold using a random subset of 1,000 images and found 100% accuracy, 

so we labeled all images with values below 0.02 as grey-scale and above 0.02 as color.   

 

 

Figure 2.3. A grey-scale and color image from the camera on 22 November 2018 illustrates how 

light saturation affects the ability of an observer to identify snow cover. The image on the left 

was the daily timelapse photo taken at 08:00h during low light conditions, which triggered the 

camera to take the image in grey-scale (i.e., with infrared flash). The image on the right was 

triggered by a wolf (Canis lupus) passing by at 14:03h, when there was enough light for a color 

image. The amount of snow in the color image is much easier to see. 

(2.2) 
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Previous studies found that dense forests affected MODIS NDSI by causing an 

underestimation of the snow cover, using daily NDVI as a proxy for forest canopy (Hall and 

Riggs, 2007; Klein et al., 1998). MODIS NDVI is a vegetation index that provides information 

on vegetation canopy greenness, along with leaf area, and chlorophyll and canopy structure 

(Didan, 2015). NDVI in Norway varies spatially due to differences in vegetation from boreal, 

deciduous trees in southern Norway to alpine shrubs in northern Norway. Within a winter 

season, NDVI is highest in October and November and lowest in February and March, likely 

reflecting both deciduous trees losing canopy leaves in the fall, and seasonal snow covering 

ground vegetation in January to March (Appendix A, Table A6 & Fig. A3). To test the efficacy 

of NDVI as a proxy for tree canopy cover, we extracted the corresponding daily MODIS NDVI 

value at 500-m for each labeled image. We also extracted tree canopy cover from the 30-m 

Landsat Vegetation Continuous Fields tree cover layer, which estimates the percentage of 

horizontal ground covered by woody vegetation greater than 5 meters in height from 2015 

(Townshend, 2016). Continuous predictor variables – tree canopy cover, latitude, and NDVI – 

were normalized by subtracting by the mean and dividing by the standard deviation. Model fit 

was evaluated by examining residuals for dispersion and outliers from the DHARMa package in 

R (Hartig, 2022; Appendix A, Table A8). 

To test our prediction that agreement between MODIS and camera data would decline as 

the number of cloudy days (i.e., cloud persistence) increased (H4), we modeled the agreement 

between snow cover from image labels and the MOD10A1F product as a function of the cloud 

persistence value. Because we expected the relationship between agreement and the number of 

cloudy days to be non-linear, we ran a generalized additive mixed model with camera ID 

included as a random effect using the mgcv package in R (Eqn. 3; Wood, 2017). We selected 
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eight knots for the model, following recommendations for knots to be larger than the degrees of 

freedom (i.e., 6) plus 1 (Wood, 2017). Cloud persistence values equal to 0 (MOD10A1 values) 

were included to allow agreement comparison to clear sky days.  

!"#$$%$&'	~	(1	|	23%$#3	0/) +-./10!19	2:;<=	>$#?@?'$&A$																														(2.3) 

Agreement was calculated as described in 2.3 (Eqn. 1). Data was sparse for persistence 

times > two weeks, (3% of data), so we limited analysis to 14 days.  

 

2.2.5 Deriving a Threshold for Daily Binary Snow Mapping in Norway 

Image labels were converted from the 5-class ordinal scale to a binary classification by 

reclassifying all images labeled 1 – 4 as “snow” (with a corresponding 1 label), and all image 

labeled with a 0 as “no snow” (with a corresponding 0 label). We identified an optimal threshold 

for the MOD10A1 product by counting the number of true positives and false positives when 

converting to a binary product at each NDSI value. We plotted the true positive rate against the 

false positive rate at each threshold value to create a receiver-operating-characteristic (ROC) 

curve using the pROC package in R (Robin et al., 2011). The top left corner of the ROC curve is 

known as Youden’s Index, or the maximum difference between the true positive and false 

positive rate (Youden, 1950). Because it weighs both true positive and false positive rates 

equally, it is considered the optimum threshold for a classifier when there is equal preference for 

both classes (Liu, 2012). In addition to generating a threshold for all cameras, we repeated this 

analysis separately for cameras within closed canopy (> 20% canopy cover; n = 6,229 images) 

and open canopy (< 20% cover; n = 2,731 images) because thresholds tend to be lower in areas 

of closed canopy cover (Chokmani et al., 2010).  
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2.3. Results 

2.3.1. Labeled Image and MODIS Comparisons  

Of the 1,703,702 MOD10A1 snow cover values obtained at all 1,181 cameras during 

winters 2018 – 2020, 1,311,249 (76%) were null (cloud-masked). Daily labeled images 

corresponding to non-null values from MOD10A1 spanned 665 cameras (n = 8,918 images). 

Cameras not included either had no corresponding non-null MODIS value or did not have 

images on file during our study period. There was a strong correlation between snow 

classification from the images and MOD10A1 NDSI values (R2 = 0.70, NDSI = -3.50*image2 + 

28.02*image + 10.90, where image is the labeled value on the 0 - 4 scale), but the NDSI values 

from MODIS products plateaued at about 75 (Fig. 2.4A). We found overall strong agreement 

between snow cover from MODIS NDSI and camera images (xC = 80.5%, 95% CI = 80.1 – 80.8; 

Fig. 2.4B). Consistent with H1, agreement was highest for images with label 0 (corresponding to 

~0% snow cover; agreement xB = 89.2%, 95% CI = 88.6 – 89.8). Contrary to H1, however, 

agreement was lowest for images with label 4 (corresponding to ~100% snow cover; agreement xB 

= 67.1%, 95% CI = 66.7 – 67.5, Fig. 2.4B).  
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Figure 2.4. A) Distribution of MOD10A1 NDSI values within each snow cover classification 

from labeled camera images, and B) agreement of snow cover values between MODIS and 

images within each snow cover classification. Images were labeled using an ordinal 

classification with 5 levels (0 – 4) corresponding to snow cover percentages shown. Agreement 

was defined as 100 minus the absolute difference between the image label and MOD10A1 NDSI 

snow value. Red lines show the best fit using linear models with polynomial terms. 

 

2.3.2 Factors that influence agreement between cameras and MODIS 

As predicted by H3, latitude and tree canopy cover negatively affected agreement 

between snow cover derived from cameras and MOD10A1. However, only canopy cover had a 

statistically significant effect (Table 2.2). Although significant, the effect was relatively weak, 

and mapping the agreement at each camera relative to tree canopy cover showed that agreement 

was high in many areas with closed canopies (Fig. 2.5A-D). Contrary to expectations, NDVI was 
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not strongly correlated with tree canopy cover (r = 0.09, Appendix, Table A9) and had a 

significant positive effect on agreement: image labels and MODIS-derived snow cover were in 

better agreement in areas with higher daily NDVI. Average NDVI values in October were twice 

as high as any other month (Appendix A, Table A6), and October likewise had a relatively high 

proportion of 0 values with high agreement (Fig. 2.4B). Thus, we examined the effect of 

removing October observations from our model and found the effect of NDVI on agreement 

changed from strongly positive (coefficient value = 6.60) to weakly negative (coefficient =          

-0.075; Appendix A, Table A7). Our dataset was roughly split between color (n = 4,184 images) 

and grey-scale (n = 4,733 images), and image color mode positively affected agreement as 

predicted by H4 (Table 2.2).  
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Table 2.2 Coefficient estimates, standard error (SE), t-values, and p-values from a general linear 

mixed model assessing factors that affect MODIS and camera agreement (n = 8,808) for the 

three winter seasons: 1) January 1 - March 2018, 2) October 1, 2018 – March 2019, and 3) 

October 2019 – March 2020. Continuous variables were normalized by subtracting the mean and 

dividing by the standard deviation prior to analysis. Image color mode is a categorical variable 

(1: color image; 0: grey-scale image). Camera identification was included as a random effect (n = 

658). Model results without observations from October 2018 and October 2019 are included in 

Appendix A, Table A7. Results from the model without October data are similar, except that the 

effect size of NDVI changes from strongly positive to weakly negative.   

Parameter Estimate SE t-value p-value 

Intercept 78.88 0.40 196.37 <0.005 

Latitude -0.48 0.35 -1.37 0.17 

NDVI 6.60 0.35 29.12 <0.005 

Tree canopy cover -0.93 0.32 -2.84 <0.005 

Image color mode 
(color image) 

1.73 0.47 3.63 <0.005 
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Figure 2.5 Average agreement between snow cover from labeled images and MOD10A1 snow 

cover at Scandcam cameras between winter months for 2018 – 2020. The four boxes correspond 

to four example clusters in counties from north to south: A) north Nordland and Troms og 

Finnmark; B) south Nordland; C) Innlandet; and D) south Viken. The base map is tree canopy 

cover from 30-m Landsat. Triangles represent cameras within closed canopy areas (≥	20%) and 

circles represent cameras within open canopy areas (< 20%). 
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2.3.3 Image Labels and MOD10A1F Product Comparison 

Cloud persistence was a significant predictor for agreement between image labels and 

snow values from the MOD10A1F product. Agreement was highest (78.5%) on clear sky days 

(i.e. cloud persistence = 0) and decreased by almost one third (to 56.4%) within the first 3 days 

before leveling off just after (Fig. 2.6).  

 

Figure 2.6.  Agreement between image labels and MOD10A1F NDSI snow values as a function 

of number of cloudy days (i.e., cloud persistence) using a generalized additive model. Agreement 

was defined as 100 minus the absolute difference between the image label and MOD10A1F 

NDSI snow value. A jitter was applied (alpha = 0.3) to show data more easily.  

 

2.3.4. Optimal Threshold Derivation for Binary Snow Cover Mapping 

At the Youden’s Index point of the ROC curve, the true positive rate was 88% and the false 

positive rate was 11%. This point corresponded to a MOD10A1 NDSI snow cover value of 40.5 



 36 

(Fig. 2.7). At the commonly used threshold value of 40 (Hall et al., 2019a), the true positive rate 

was 89% and the false positive rate was 11%, showing that for a slightly higher true positive 

rate, there is not much difference in the false positive rate. The current MOD10A2 product 

employs a threshold of 10, which has a 97% true positive rate and 31% false negative rate. When 

 

 

Figure 2.7:  A) A Receiver-Operator Characteristic (ROC) curve when images are reclassified 

for snow or no-snow by cutting the data with a label >=1 as ‘snow.’ The ROC curve shows the 

performance of the classifier at each threshold, in this case the value of the NDSI snow cover. 

The closer the curve is to the top left corner, the better the performance of the model. The blue 

point closest to the top left corner is (0.11, 0.88) is referred to as Youden’s Index. B) The true 

negative rate (orange) and the true positive rate (red) graphed separately for every MOD10A1 

NDSI snow cover value alongside the Youden’s Index, the difference in between (green). The 

MOD10A1 value at the maximum value of the Youden index is 40.50. The maximum value of 

the Youden index is the minimum between the true positive rate and true negative rate when both 

classes are given equal weight. The blue points on both graphs represent the same cut point in the 

data. 
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we conducted separate analyses for closed canopy (≥ 20%) and open canopy (< 20%) sites, the 

threshold was the same for closed canopy locations (40.5) and slightly higher for open canopy 

locations (41.5). Appendix A8 shows the change in true positive and false positive rates with 

different threshold values, along with the results for open and closed canopy analyses.   

 

2.4 Discussion 

In this study, we identified strong agreement between snow information obtained from 

wildlife cameras and MODIS at a regional scale, demonstrating the ability of cameras to 

supplement MODIS snow observations. Previous studies have found strong agreement using 

fewer than 100 cameras in tandem with satellites at localized spatial scales (Raleigh et al., 2013; 

Sugiura et al., 2013), and our findings show this relationship holds across a large region and 

multiple winter seasons. As predicted, we found strongest agreement at low snow cover values, 

but agreement was worse than expected at high snow cover values because NDSI values 

plateaued around 75 instead of 100. Cameras, thus, demonstrated that an NDSI value of 75 

represents 100% snow cover for this region. We also demonstrated the ability to customize 

MOD10A1 to create binary snow maps using a camera-derived threshold of 40.5, which was 

nearly identical to the commonly used 40 threshold from previous MODIS products (Klein et al., 

1998). These findings highlight that despite large differences in scales, wildlife camera networks 

have potential to improve satellite monitoring for snow and create new products at fine temporal 

scales. 

 Our finding of strong agreement between camera image snow values and MODIS snow 

values may be attributed in part to our method of classifying snow cover into five classes. While 

not a continuous measure, a 5-class ordinal labeling scheme for images extracts more 
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information about the amount of snow cover than previous work using binary labels (Berman et 

al., 2018; Sugiura et al., 2013). There are caveats to this classification scheme, as agreement was 

lower at labels 1 (i.e., ~25% snow cover), 2 (i.e., ~50%), and 4 (i.e., ~100%), which may 

highlight MODIS uncertainties. For example, MODIS is less accurate when snow is thin or 

patchy, such as labels 1 and 2 (Berman et al., 2018; Dong and Menzel, 2016). Similarly, low 

agreement at label 4 highlights the tendency of MODIS to underestimate snow cover in boreal 

regions (Klein et al., 1998). In this region, maximum NDSI equating to 100% snow cover 

appears to be 75, when MODIS plateaus. Cameras can thus be used to adjust NDSI for fractional 

snow-covered maps. However, discrepancies in agreement at different classification schemes 

highlights drawbacks to using cameras in tandem with satellite products: patchy snow in cameras 

may be missed or interpreted as complete snow cover. Furthermore, labeling for snow cover 

values can be subjective and have uncertainty, as highlighted by low correspondence among 

labels by two observers found during pilot testing. We recommend a single, experienced labeler 

when labeling wildlife photos, and testing for agreement among labelers early on. Despite lower 

agreement within certain classes and among observers, strong agreement overall suggests that 

cameras can be an effective method of snow classification when used in tandem with satellites.  

 We predicted that latitude (i.e., solar zenith angles), ground vegetation, and the image 

color mode (i.e., grey or color scale) would limit MODIS and camera image agreement (Xiao et 

al., 2022; Xin et al., 2012). Although mapping the agreement at each of our cameras showed a 

general decline in agreement as latitude increased, the effect was not significant, and there was 

still strong agreement even at high latitudes. Overall, our findings indicated that latitude and 

canopy cover had relatively minor effects on the accuracy of MODIS snow cover, highlighting 

its robustness for monitoring snow trends across Scandinavia. Images in grey-scale had lower 



 39 

overall agreement with satellites, and they took much longer to label due to the need to study the 

image more carefully to separate snow from vegetation and rocks. Humans and artificial 

intelligence have more difficulty extracting information about environmental conditions and 

wildlife from grey-scale images (Beery et al., 2019; Favorskaya and Buryachenko, 2019). 

Nighttime images are inevitable when using motion-triggered wildlife cameras for environmental 

monitoring, but we recommend maximizing the number of color images either through 

prioritizing color photos as we did here, or by scheduling timelapse photos to occur during 

daylight hours. Because low-light images were also the main reason why images from one 

labeler had to be relabeled, prioritizing color photos may increase both agreement between 

camera and satellite as well as agreement among labelers.  

Using cameras to assess agreement demonstrated drawbacks of using NDVI alongside 

MODIS NDSI. Contrary to our hypothesis, NDVI positively affected the agreement. While daily 

NDVI is often included to account for the effects of vegetation on MODIS snow detection (Hall 

et al., 2002; Klein et al., 1998; Xin et al., 2012), NDVI has multiple interpretations, including 

green-up, biomass, and plant stress (Huang et al., 2021). The positive effect of NDVI on snow 

cover agreement suggests that daily NDVI during winter may not have represented vegetation 

that was obscuring the sensor, but rather the absence of snow. We included snow values ranging 

from 0 – 100, but values equal to 0 for both camera images and MODIS will have exact 

agreement whereas our estimates for the other snow labels were approximations. When we 

excluded images from the month October, the month that also has the highest average NDVI at 

the camera locations, we found the expected negative relationship between NDVI and agreement 

for months between November and March. October data was important to include in our study 

because the “snow-on” date typically occurs during October in Norway, and this date is critical 
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for deriving snow cover phenology metrics used by wildlife ecologists studying migration timing 

and other seasonal phenomena. However, the strong effect of October on the NDVI estimate 

reinforces that NDVI was reflecting the absence of snow rather than canopy cover. We also 

examined maximum NDVI over each snow-covered season as a covariate instead of daily NDVI, 

and we found similar results (Appendix A7). In contrast, the tree canopy cover covariate had a 

negative effect on agreement as expected, even with October data included. The Landsat tree 

canopy cover product is a more direct measure of obstructing vegetation than NDVI (Potapov et 

al., 2021; Sexton et al., 2013), and our findings indicate that direct canopy products may be 

preferable to NDVI for snow mapping applications.  

Agreement was also affected by cloudy days, supporting previous literature on limitations 

of cloud-gap filled products in cloudy regions (Gao et al., 2011; Hall et al., 2019b). However, 

agreement did not decrease linearly with time, but instead decreased rapidly and then leveled off 

after 3 days. This result is likely due to clouds changing the snow conditions, such as 

snowstorms increasing snow cover or increased humidity accelerating snowmelt (Zhang et al., 

1996). Backfilling pixels with the most recent cloud-free value thus has limitations even for short 

cloud persistence durations. In cases when clouds persist for much of the winter, our results 

show that gap-filled products may be highly inaccurate, and wildlife camera data in these regions 

is especially valuable. While cloud-masked MOD10A1 values had substantially higher 

agreement with camera images than gap-filled MOD10A1F values, use of the MOD10A1 

product comes at the cost of substantial data loss, as only 23% of pixels were usable due to cloud 

masking. Similarly, a study examining how snow properties affect movements of GPS-collared 

Dall sheep (Ovis dalli dalli) in Lake Clark National Park, Alaska, was only able to use 2.2% of 

their dataset when using cloud-masked MODIS products (Mahoney et al., 2018). Ultimately, 
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spatial products of snow cover may be able to automate the inclusion of snow values from 

camera networks when satellite values are not accurate or available, utilizing AI and machine 

learning to spatially and temporally fill gaps. 

Gap-filling accuracy with camera-labeled values will depend on classification accuracy, 

and image classification error may be further reduced by using a binary classification, although 

some information is lost. However, binary maps can be especially useful for identifying snow-on 

and snow-off dates, with important applications for monitoring changing snow phenology and 

impacts on seasonal migrations and breeding seasons. The threshold NDSI value of 40.5 we 

identified using wildlife cameras in Scandinavia was remarkably similar to the value of 40 

derived for MODIS from Landsat fractional snow-covered area maps in Canada (Klein et al., 

1998). Thresholds in forested areas tend to be lower than open canopy thresholds because some 

snow visibility is blocked by the trees (Chokmani et al., 2010). Our findings were consistent with 

these trends, but the effect of canopy cover was minor (40.5 vs 41.5 for closed vs open canopy 

sites, respectively). By employing Youden’s index to select the optimal threshold, we assumed 

equal weight to both snow and no snow classes. However, depending on the mapping needs, 

other threshold values could be used. For example, higher thresholds for snow might be desirable 

when making maps of the first “snow on” date in the fall to prioritize snow detection. Other 

studies have found adjustments to the threshold can increase regional accuracy (Chokmani et al., 

2010; Da Ronco et al., 2020; Luo et al., 2022). While our study found that MODIS detected 88% 

of snow-covered pixels, Luo et al. (2022) found that MODIS identified just 14-18% of snow-

covered pixels in forests when using conventional MODIS thresholds. MODIS snow detection 

tends to be less accurate in steep areas with complex topography (Rittger et al., 2021), and the 

Luo et al. (2022) study occurred in alpine terrain with sites > 2700 m a.s.l. and slopes between 19 
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and 34 degrees. Our study occurred at much lower elevations (0 – 800 m a.s.l.), with moderate 

slopes between 0.5 to 20 degrees. These differences reinforce our findings that agreement 

between camera and satellite may depend on environmental factors, and when using the two for 

validation or in-tandem, it is important to account for external context. Generally, a threshold of 

40 is robust for this region, similar to other studies creating binary maps from forested 

ecosystems. A threshold of 10 from MOD10A2 would be low for this region, thus researchers 

should be aware that deriving their own binary thresholds is an important step for MODIS 

Collection 6 products. Future studies could employ this approach to create custom thresholds 

from cameras in their regions of interest.  

Because our cameras were optimized for lynx detection, we did not control for field of 

view. Previous work suggests that wider field of views are more advantageous for snow cover 

monitoring (Parajka et al., 2012). Our results suggest that even narrow fields of view offer 

insight into snow conditions, but wider fields should provide a better observation of snow 

conditions at a scale more similar to satellite remote sensing. Additionally, we did not control for 

possible observation delays, which could be up to 24 hours depending on when the satellite 

passes over the area of interest and when the camera image is taken (Sugiura et al., 2013). One 

camera trap image per day appeared sufficient to connect to MODIS, but we recommend 

multiple images per camera each day to increase labeling options. Examining the outliers from 

our model evaluations aligns with these recommendations, because outlier images consisted 

primarily of those with narrow fields of view and active weather (Appendix A9). Continuous 

indices of vegetation greenness have been derived from camera images using RGB values as 

proxies for vegetation (Sun et al., 2021), but to our knowledge, no automated method of 

extracting continuous snow cover indices from camera images has been developed. AI 
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algorithms for automated snow detection from camera images are a promising area of 

development to increase the utility of wildlife camera networks for environmental monitoring. 

 Our study focused on comparing snow cover from cameras to MODIS snow products, and 

we found surprisingly strong agreement considering differences in spatial resolution. The Visible 

Infrared Imaging Radiometer Suite (VIIRS) instrument has a snow product similar to MODIS at 

375-m spatial resolution (Riggs et al., 2017). Future work could explore incorporating multiple 

cameras in one satellite pixel to improve snow monitoring of patchy snow conditions, such as 

during snow accumulation and snow melt. Alternatively, camera images could be matched to 

finer-resolution snow products derived from satellites such as Landsat, Sentinel, and Planet 

CubeSat (Cannistra et al., 2021; Chokmani et al., 2010, 2010; Riggs et al., 2017). Snow maps 

must be derived by manually creating the NDSI maps from Landsat, Sentinel, and Planet 

sensors, but these products have spatial resolutions at 30 m, 10 m, and 0.7-3 m, respectively, 

closer to the camera field of view (Cannistra et al., 2021).    

 

2.5 Conclusion 

As the remote sensing community continues to develop new global products, the wildlife 

ecology community continues to expand camera trap networks for continuous biodiversity 

monitoring (Pettorelli et al., 2014; Steenweg et al., 2017). Connecting camera traps to satellite 

data represents an important step towards an interconnected network of ground-based remote 

sensing data that can improve researchers’ and the public’s ability to determine environmental 

changes and subsequent impacts on sensitive species. In Norway, snow cover extent has 

decreased by more than 20,000 km2 (6% of the country area) since 1961 due to changes in 

temperature and precipitation (Rizzi et al., 2018; Skaugen et al., 2012). When these trends are 



 44 

incorporated into climate impact models, predictions suggest accelerated rates of local 

extinctions across 273 species of Norwegian vegetation (Niittynen et al., 2018). With the 

increasing number of cameras operating as environmental monitoring devices, we can improve 

our understanding of both environmental and wildlife responses in a changing climate. 

 

2.6 Data Availability 

A selection of photos is publicly available at https://viltkamera.nina.no. Analysis code can be 

found at https://github.com/catherine-m-breen/MODIS-Snow-Cover-to-Binary-Snow-Covered-

Area. GEE assets are available at the following links: 

https://code.earthengine.google.com/?asset=users/catherinembreen/MODIS_Norway  
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Chapter 3. SNOW DEPTH EXTRACTION FROM TIMELAPSE 

IMAGERY USING KEYPOINT DEEP LEARNING MODEL 

 

Publication history: A version of this chapter was previously published in Water Resources 

Research. The full citation for this publication is:  

 

Breen, C. M., Currier, W. R., Vuyovich, C., Miao, Z., & Prugh, L. R. (2024). Snow Depth  

Extraction From Time-Lapse Imagery Using a Keypoint Deep Learning Model. Water  

Resources Research, 60(7), e2023WR036682. https://doi.org/10.1029/2023WR036682 

 

Abstract: Snow pole time‐lapse photography, in which a snow pole of a known height is 

installed in front of a camera and photographed repeatedly over the course of a snow season, 

allows a large network of sites to be established relatively quickly and affordably. However, 

current approaches for extracting snow depth from snow poles typically relies on time intensive 

manual photo processing. By integrating computer vision algorithms with snow pole 

photography, we present a method that uses a keypoint detection model to automatically observe 

snow height across a network of sites. At 20 snow pole locations from Grand Mesa, CO (n = 

9,722 images), our model successfully predicts the top and bottom of the pole with a mean 

absolute error (MAE) of 1.30 cm. To assess model generalizability, we tested the model on 12 

sites in Washington State (n = 1,770 images). When the Colorado trained model was fine-tuned 

using a subset of Washington images, the model predicted snow depth with a MAE of 4.0 cm. 

Best performance was achieved when both data sets were included during training, with a MAE 

https://doi.org/10.1029/2023WR036682


 58 

of 2.05 cm for Colorado images and a MAE of 1.14 cm for Washington images. We demonstrate 

that, especially when trained using a subset of site‐specific data, a keypoint detection model can 

accelerate snow pole automation. This algorithm brings the hydrology community one step 

closer to a generalized snow pole detection model, and we call for a future model that integrates 

across time‐lapse images from additional locations. 

Keywords: snow depth, keypoint model, time-lapse imagery, automation 

 

3.1 Introduction 

Within‐season snow depth observations are necessary for a variety of applications, 

including estimating water storage, understanding the physical processes that control snow 

accumulation and ablation, and identifying snow conditions and their influence on animal 

movement and behavior (Jonas et al., 2009; Martin et al., 2020). Snow depth, one of the simplest 

snow variables to measure, is closely linked with a suite of other snow properties, including 

snow‐water equivalent and snow‐melt timing (Sturm et al., 2010). Methods for measuring snow 

depth include less‐expensive methods that have less coverage, such as manual snow probing in 

the field and acoustic snow depth sensors, and more expensive, advanced methods, such as 

airborne remote sensing (e.g., Light Infrared Detection and Ranging or LIDAR) (Deems et al., 

2013; Pflug & Lundquist, 2020). Snow pole time‐lapse photography, in which a pole is installed 

in front of a camera and photographed repeatedly over the course of a snow season, carries 

characteristics of both traditional and advanced methods for snow depth. The approach can scale 

to large areas, produce detailed time series, and is cheaper and easier to install than advanced 

methods (Bongio et al., 2021; Currier et al., 2016; Dwivedi et al., 2023; Floyd & Weiler, 2008; 

Parajka & Blöschl, 2008; Robles et al., 2021). 
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The combination of snow poles and time-lapse photography allows snow scientists to 

establish a network of sites across a given study area and easily measure snow depth (Broxton 

et al., 2019; Cao et al., 2018). However, these cameras typically generate thousands of images 

that require processing to extract snow depth. The labeling demand increases in year-to-year 

studies, and when networks are installed in large watersheds or habitat ranges where upwards of 

hundreds of cameras have been installed at a time (Genthon et al., 2016; Kohler et al., 2006; 

Schöner et al., 2009). Furthermore, there are dozens of research groups utilizing time-lapse 

cameras with snow poles, but snow pole designs vary in color and pattern depending on the 

study needs (Collados-Lara et al., 2020; Cosgrove et al., 2021; Currier et al., 2016; Hofmeester 

et al., 2019; McCreight et al., 2014). The result is an enormous amount of data and a need for a 

scalable method to improve automated labeling. To date, no automated method exists to retrieve 

depth from snow poles across different sites. Previous strategies include color thresholding to 

create a linear mask to represent the pole (Bongio et al., 2021; Currier et al., 2016; Floyd & 

Weiler, 2008), but researchers found that variable lighting conditions across the winter season 

compromised the accuracy of a single season-long threshold. Parajka et al. (2012) presented a 

“routine” to automate the process, although the method was not described in detail. Strickfaden 

et al. (2023) developed code to extract depth from virtual snow poles using reference objects, but 

snow depths must be read manually. Thus, these studies suggest tools for automation, but no 

study provides a scalable method at high precision. Studies with large networks of camera sites 

with snow poles still default to manual approaches (Hofmeester et al., 2019; Sirén et al., 2018). 

Computer vision algorithms such as neural network models offer potential for a scalable 

method as they can learn complex patterns on large amounts of data (Xu & Liang, 2021). With 

time-lapse cameras, they have successfully identified objects of interest in images across 
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different lighting conditions. For example, object detectors, neural network models that identify 

instances of an object of interest (Schneider et al., 2018), have identified animals in camera 

images under various lighting conditions and against different environmental backgrounds 

(Norouzzadeh et al., 2021). Mask region-based convolutional neural network models 

successfully segmented snow poles from camera trap images (Kopp et al., 2019), but so far the 

method has only been tested on two sites. Application of neural networks to snow pole detection 

is still limited, and more work is needed to understand the ability of neural networks to detect 

snow poles across multiple sites and on sites not seen during training. 

Due to the limited work on neural network models for snow pole detection, there is not 

yet consensus on the model architecture that best identifies snow poles for snow depth 

extraction, or the best way to apply the model for future use. Keypoint detection models are 

types of convolutional neural network models that define locations or points that stand out in an 

image. They have shown success in generalizing to new data when trained on large sample sizes 

(Mathis et al., 2021), but, to our knowledge, these models have not been tested on snow poles. 

Keypoint detection models are commonly used to detect features on human faces (Zhang 

et al., 2021) and body features on animals (Mathis et al., 2021), as the model learns points of 

interest by incorporating the information surrounding the point. For snow pole detection, one 

main advantage of keypoint detection models is that the number of points detected can be set, so 

that the model does not detect more objects than necessary. This approach differs from object 

detector models, in which the object of interest can be detected multiple times in the same image, 

leading to false positive detections that require post-processing to filter out (Beery, Morris, & 

Yang, 2019). Previous approaches to measure snow depth from snow poles often identify the 

pole's top and the snowline-pole interface (i.e., hereafter referred to as “bottom”) as a first step 
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(Bongio et al., 2021; Currier et al., 2016; Garvelmann et al., 2013). Because the top and bottom 

of a pole have similar information surrounding the point from image to image, keypoint 

detection models' ability to identify changes in the pole length throughout the winter season 

carries potential. 

Using snow pole images from two different regions of the Western U.S., we present a 

trained keypoint detection model to automate snow depth extraction from snow poles. We first 

train the model on a random subset of images from sites in Colorado to demonstrate that the 

keypoint detection model can identify the correct snow pole lengths at varying snow depth. 

Second, we assess this model for errors as a result of site factors, such as lens distortion and 

proximity of the pole to the camera. Next, we test the accuracy of the model to predict snow 

depth on a novel data set in Washington, mimicking a work-flow for a future user. Finally, we 

show that by increasing the number of images from Washington presented during training, the 

model can better identify the top and bottom of the pole and calculate subsequent snow depth on 

the Washington images better than a model trained on Washington images alone. Thus, the pre-

trained Coloado model can serve as a foundation model for future users to fine-tune the model 

using subsets on their own data set, and we call for integrated data sets and scalable models in 

future work. We present the model and code base for future use. 

 

 3.2 Methods  

3.2.1 Colorado Images 

To train the initial model, we used images from 20 sites from the NASA SnowEx 2020 

field campaign (Figure 3.1; Breen et al., 2022). The NASA SnowEx project is a 5-year effort to 

develop remote sensing techniques for measuring snow and water availability in snowpacks 
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(Marshall et al., 2021). The 2020 field campaign occurred in Grand Mesa, Colorado, USA 

(latitude: c. 39.007° to 39.055°; longitude: c. −107.934° to 108.216°), a 470 km2 arid plateau 

with elevations ranging from 3,440 m to 3,922 m a.s.l. along an east to west gradient, and 

precipitation averaging around 600 mm (De Lannoy et al., 2018; Appendix B, Figure B1). Forest 

composition includes shrubby cinquefoil (Dasiphora fruticose) steppe with isolated Engelmann 

spruce (Picea engelmannii) tree islands in the west. Farther to the east, there is dense, continuous 

Engelmann spruce and subalpine fir (Abies lasiocarpa) forests with lodgepole pine (Pinus 

contorta var. latifolia) and some aspen (Populus tremuloides) stands (Hojatimalekshah 

et al., 2021). At each site, a time-lapse camera was located 3–5 m away from a snow pole. Snow 

poles were constructed by driving a 1.524 m tall t-post into the ground and placing a PVC pipe 

(3.05 m tall, 2.54 cm in diameter) over it. Each PVC pipe was spray-painted red and had a 10 cm 

band of yellow duct tape at the top. The red pole design was selected due to previous studies 

finding that red contrasted with white snow, green vegetation, and blue sky and was 

advantageous for both human and automated processing (Currier et al., 2016; Floyd & 

Weiler, 2008). Brightly colored poles have disadvantages, including that they can bias animal 

movement and can draw attention from recreationists (Meek et al., 2019; Rowcliffe et al., 2008), 

but these impacts were not incorporated for this study because the study was not focused on 

animal activity and took place away from recreation trails. Poles in Grand Mesa, CO were 

installed between late September 2019 and early June 2020. Wingscape cameras (WCT-00126 

TimeLapseCam Pro) were installed on t-posts 2 m above ground, using a wood board to hold the 

camera in place (Appendix B, Figure B2). Cameras were set to take either three images daily (11 

a.m., 12 p.m., 1 p.m.) or twice daily (11 a.m. and 12 p.m.). 
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Figure 3.1 Example images from each camera show variation in lighting conditions, forest 

canopy cover, ecosystem characteristics, and pole placement from sites in panels (a) Grand 

Mesa, CO and (b) Okanogan County, WA. Example pictures from a site set-up for both Colorado 

and Washington are included in Appendix B, Figure B2. 



 64 

3.2.2 Washington Images 

To test the pre-trained Colorado model on a novel data set, we used images from 12 sites 

installed in Okanogan County, Washington (Figure 3.1). Poles were installed in late November 

2021 and retrieved mid-May 2022. The images were part of a University of Washington (UW) 

study investigating snow depth characteristics in different burned areas of the Methow Valley, 

Washington (latitude: c. 48.050° to 49.150°; longitude: c. −120.900° to −119.700°). Unlike the 

drier, alpine climate of Grand Mesa, the 11,040 km2 Okanogan study area is a temperate forest 

with elevations between 693 m and 1,051 m a.s.l, with mean annual precipitation of 1,000 mm. 

Forests consist of ponderosa pine (Pinus ponderosa), western hemlock (Tsuga heterophylla), and 

western red cedar (Thuja plicata) (Bassing et al., 2023). Following the protocol of the Colorado 

installation, sites were composed of a time-lapse camera (Reconyx model HC500 or HC600) 

mounted approximately 1 m above ground on a tree, with a snow pole installed 3–5 m away in 

its field of view. The pole was of PVC pipe spray-painted red with a 5–10 cm band of yellow 

duct tape at the top, and it was placed over a t-post driven into the ground. Washington poles 

were slightly shorter and wider than Colorado poles, ranging between 1 and 2 m tall depending 

on local snow conditions and 3.81 cm in diameter. Poles were cut into 50 cm long segments, then 

assembled using at least one pipe connector to ease transportation to the field. Cameras were set 

to take one picture every hour. We selected images taken at 12 p.m. to stay consistent with the 

daytime images in the Colorado data set, as previous studies have found that nighttime images 

have lower accuracy (Beery, Wu, et al., 2019). Additionally, selecting for one image per day 

allowed us to test for the model's performance on new pole locations while minimizing labeling 

efforts. As further expanded upon in Section 3.2.3, labeling was done manually by clicking the 

top and bottom of the pole. The precise height of the camera was determined by pole placement 
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and the ability to photograph the full pole without obstruction from vegetation or terrain. We 

summarize the attributes of the two data sets in Table 3.1. 

 

Table 3.1. Differences Between Colorado and Washington Snow Pole and Camera Installations 

 Colorado Washington 
Height 3.05 m 1-2 m 
Diameter  2.54 cm 3.81 cm 

Ecosystem Dry, arid mesa Temperate forest 
Time-lapse image  11AM, 12PM, 1PM 12PM 

Camera Wingscape camera Reconyx model 
Distance between pole and 

camera 

3-5 m 3-4 m 

 

3.2.3 Data Labeling 

To account for camera or pole tilt that sometimes occurred, we manually inspected both 

data sets and removed images that had tilts placing the top or bottom of the pole beyond the view 

of the camera. Next, we determined the height, in pixels, of each pole. A user inspected each 

image, and manually selected the pole top and bottom using the ginput function in Python's 

“matplotlib” package, which gave pixel coordinates of each point. Snow mounds can 

occasionally build up on the base of the pole in heavy snow conditions. In these instances, we 

selected the place in the image where the pole intercepted the snowpack in the absence of the 

snow mound. Average time to process photos was about four hours per 1,000 images, or about 

35 hours of total labeling. After, we calculated the length of the pole in pixels by finding the 

Euclidean distance between the pixel coordinates using the dist function from Python's “math” 

package. We then calculated the pole length in centimeters by multiplying the length in pixels by 

a pixel-to-centimeter conversion that was unique to each pole based on pole placement. The 

centimeters per pixel (hereafter “cm/pixel”) conversion was calculated by dividing the height of 
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the pole in centimeters by the height in pixels of the pole without snow, following the approach 

in Floyd and Weiler (2008) and Bongio et al. (2021) for converting from pixels to centimeters. 

The height of the pole in centimeters was recorded when each pole was installed in the field. The 

height of the pole in pixels without snow was identified by finding the pixel length of a pole in a 

snow-free image. We repeated this 10 times to account for user error and found the mean and 

standard deviation. We compared that conversion to using the top 10 cm yellow band instead of 

the full pole. However, we found the clicking precision for the yellow band more difficult when 

the poles were further away from the camera. Additionally, the standard error was larger for the 

top 10 cm yellow band compared to the conversion when using the full pole in all 32 cases 

(Appendix B, Table B1). Using the cm/pixel conversion, all pixel lengths were converted to a 

depth in centimeters by subtracting the length from the original length of the pole in centimeters 

(Equation 3.1). 

F)<G	5'=*ℎ = F)<G	J&''	=<7'	(K() − =<7'	G6*ℎ	F)<G	(=6M'7F) × 	"#$%&'	()*)
,-.#"          (Eqn. 3.1)                                                                             

 

3.2.4 Model Training Using Colorado Images Only 

To first investigate a model's ability to predict various snow depths when trained on a 

dataset of interest, we randomly split the Colorado data set 90/10 for training and testing, 

comprising 8749 and 972 images, respectively (Schneider et al., 2020). We called this model the 

“CO-only” model, referencing that it was trained on Colorado images only. We downsized 

images to 224 × 224 pixels following machine learning best practices that suggests reducing 

memory load improves training time (Miao et al., 2018). We then predicted two key points, the 

top and bottom of the pole, using a ResNet-50 CNN model from Python's “pytorch” package (He 

et al., 2015). A ResNet-50 model is part of the “residual network” family of CNN models, 
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because they use the residual of the output and input to improve results over the course of 

training. They were developed to improve performance on tasks with fine-grain features, such as 

images, compared to previous CNN models (He et al., 2015). The model contains 48 

convolutional layers and 2 MaxPool layers. Convolutional layers are a set of filters (or kernels) 

that perform matrix calculations along the input data and are learned throughout the training. 

MaxPool layers take the maximum value of the region of overlap between the filter and input 

data (He et al., 2015). We utilized a ResNet-50 model pre-trained on ImageNet, a database of 

over 1 million images that when used to initialize model parameters, reduces training time and 

can achieve improved results on feature detection tasks (Deng et al., 2009). Other neural 

networks trained on camera trap images have successfully used them for wildlife species 

tracking and identification (Norouzzadeh et al., 2021; Tuia et al., 2022). CNN models can be set 

up with different parameter constants that control learning, including batch size, the weight 

decay parameter, and the number of epochs. Batch size is the number of units (i.e., images) 

presented to the model before it is updated. The weight decay is a regularization parameter that 

controls the complexity of the model, and the number of epochs is the number of iterations the 

model makes through all the data (Smith, 2018). We used the maximum possible batch size that 

our Graphics Processing Unit (GPU) could process (n = 64), as consistent with findings that the 

maximum possible batch size speeds up run-time and improves accuracy (Kochura et al., 2020). 

We experimented with the learning rate, because learning rate regulates the weights of the neural 

networks and can affect model learning (Simões et al., 2023). After finding that 1e−4 learning 

performed best (MAE equal to 1.68 versus 1.92 with a learning rate of 1e-5), we continued with 

the model that utilized that learning rate for model evaluation. We also employed early stopping 

after the model validation loss no longer improved after 10 epochs. Early stopping prevents over-
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fitting on the training set, which can make models more generalizable on test sets (Jabbar & 

Khan, 2014). All models were trained on an Azure NC6s v3 virtual machine (VM) with a Tesla 

V100-PCIE-16GB GPU with a Linux “Data Science Virtual Image.” Model training took about 

1 min per epoch, or 1 hr for 60+ epochs, and cost $0.90 USD/hour using pay-as-you-go pricing. 

Training is doable on a local machine with a smaller batch size and longer run time, and we 

include steps to do so on the GitHub repository. 

After model training, snow depth was calculated from the predicted keypoints using the 

same approach to calculate depth as the manually derived snow depths (see Equation 3.1). All 

calculations were done after projecting the detected keypoints onto the image at native resolution 

to use the same conversion factor as manual estimates for snow depth. The reprojection step 

introduces uncertainty as the predicted point is the centroid of the grid of pixels that corresponds 

to the predicted point at the down-sampled (224 × 224) resolution. To quantify this uncertainty, 

we divided the original height and width by 224, then divided by two to return the upper and 

lower bounds of the uncertainty in pixels. The uncertainty was then converted to centimeters by 

multiplying by each site's cm/pixel conversion (from Table B1 in Appendix B). The upper and 

lower uncertainty ranged between 1.71 and 3.55 cm for all cameras. 

 

3.2.5 Model Evaluation 

We evaluated the model trained on Colorado images using the Colorado test set of the 

manually derived snow depths (n = 972 images). The model was evaluated by calculating the 

residual error, the mean absolute error (MAE), and the coefficient of determination (R2) between 

the predicted and true values for snow depth in cm. MAE was calculated using 

the mean_absolute_error function from Python's “sklearn” package. The R2 value represents the 
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goodness of fit of the model, and we calculated it using the corrcoeff function from Python's 

“numpy” package. These metrics have been used by other studies that evaluated accuracy of 

snow depth time series (Bongio et al., 2021; Garvelmann et al., 2013; Kelly et al., 2003). 

 

3.2.5.1 Evaluating Impact of Lens Distortion and Other Impacts on Model Accuracy 

Lens distortion and the distance between pole and camera could affect model accuracy. 

Lens distortion is caused by the curve of the lens, the focal distance, and the angle at which the 

photo was taken (Leorna et al., 2022). Our model did not account for lens distortion, so we 

compared results to the publicly available version of the Colorado data set that included a lens 

distortion adjustment (Breen et al., 2022). Objects photographed closer to the camera tend to be 

easier for neural networks to identify (Norouzzadeh et al., 2018), so we tested whether poles 

closer to the camera had higher accuracy. The number of pixels per centimeter is larger when the 

pole is closer to the camera. This value is equivalent to the inverse of the cm/pixel ratio, and we 

used pixel/cm rather than cm/pixel to calculate the gain in accuracy with increased pixel 

resolution. We then fitted a linear model to predict the absolute value of the difference between 

the manual and automated snow depth values in centimeters from the pixel/cm conversion using 

the “statsmodels” package in Python. 

Neural networks are considered black box models, because it can be difficult to assess the 

conditions under which they make successful decisions (Liang et al., 2021). To better understand 

conditions that lead to poor model performance, we identified the top 30 outlier predictions using 

the interquartile range (IQR) method and inspected images for patterns of impacts from 

variations in lighting, storms, and camera malfunction, as suggested for data point inspection for 

interpretable machine learning in ecology (Lucas, 2020). Previous studies using neural networks 
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also document how lighting conditions and weather can impact model accuracy (Gomez Villa et 

al., 2017; Maile et al., 2023; Schneider et al., 2018). We therefore added categories to each 

image in our Colorado test set to represent conditions that could result in differences in lighting 

and weather as well as other categories that may influence accuracy. The categories included: (a) 

lighting (sunny vs. cloudy); (b) weather (precipitation vs. no precipitation); (c) canopy cover 

(open vs. closed); (d) month of year; and (e) snow depth (binned in 20 cm increments). We 

tested for differences in error when compared to the overall error mean. In cases of two-way 

comparisons, we conducted a t-test using the ttest_ind function from Python's “scipy” package. 

In cases of three or more comparisons, we conducted a one-way Analysis of Variance test using 

the f_oneway function also from Python's “scipy” package. 

 

3.2.6 Testing and Fine-Tuning Using Washington Images 

CNN models often perform well on data presented during training, and generalizing to 

new data is an important area of research (J. Wang et al., 2022). Furthermore, we wanted to test 

the model using a workflow that would mimic real-world application. Given that snow poles are 

currently installed under a variety of environmental conditions (Cosgrove et al., 2021; 

Sanmiguel-Vallelado et al., 2017; Schöner et al., 2009), we wanted to test our model in a new 

region. We tested the performance of our best-performing Colorado model from 3.1 on the 

Washington images (n = 1,770 images), using the same evaluation metrics defined in 3.2. The 

Washington images represent how the model might perform on a future user's network of snow 

poles without any additional model training. 

We then tested whether “fine-tuning” with a small subset of the Washington images 

could improve Washington snow depth estimation without sacrificing accuracy in Colorado 
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snow depth estimation. “Fine-tuning,” or the process of retraining the model on data of interest 

to improve model performance, is recommended by researchers before using other keypoint 

detection models (Mathis et al., 2021). It involves using the weights of a pre-trained model as the 

starting weights, or in this case, the weights from the model trained on the Colorado data set. 

Using the model trained on Colorado images with the lowest MAE (as detailed in 3.2), we 

“unfroze” the top layer to modify model weights to continue training (Bajramović & Žunić, 

2023). We then proceeded to train the model in multiple experiments, with each experiment 

increasing the number of images from each of the 12 Washington sites. The following subsets of 

n images per camera were used: 1, 2, 5, 10, 15, 20, 25, 30. In each case, the images were 

stratified across the winter season, such that for each camera, n images were evenly spaced apart 

starting with the earliest image in the camera set. By doing so, we increased the chances of 

different snow depth and winter conditions in our training (L. Cao & Shen, 2022). This 

procedure replicates a real-world pipeline in which a researcher labels a few images from each 

camera, fine-tunes this model, then deploys the model on the entire data set. Our Washington 

training subset ranged from 12 to 360 images depending on the experiment. We called these 

models the “fine-tuned models,” referencing the process of fine-tuning the pre-trained CO-only 

model with a subset of Washington images. We tested these models on the Colorado test set (n = 

972 images) and the Washington data set without the images used from the fine-tuned training (n 

= 1,410 images), using the same evaluation metrics in 3.2. We kept the Washington test set the 

same size to be able to compare across experiments. 

We selected the fine-tuned model with the least number of images to train the model 

while also having an accuracy below 5 cm (the approximate accuracy achieved in other methods: 

see Kopp et al., 2019). We compared this performance to a model trained on the same subset of 
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Washington images without the pre-trained weights from the Colorado model. This model was 

called the “WA-only” model, reflecting that it was trained on only Washington images. The fine-

tuned and WA-only model were trained on a CPU (i.e., Apple Macbook Pro with M1 processor) 

to demonstrate the feasibility of this experiment without expensive GPU resources. We amended 

the batch size to 4 to avoid overloading the computer memory and left all other parameters the 

same. We include a workflow diagram in Figure S3 in Supporting Information S1 summarizing 

the steps for model training, fine-tuning, and how these steps can be replicated by a user. We 

also combined both data sets and retrained the model, calling this model the “CO + WA model.” 

Due to the data set size, the CO + WA model was trained on the GPU machine with the same 

parameters as Section 3.2. 

 

3.3 Results  

3.3.1 Colorado Model Results 

The CO-only model, or the model trained on a random 90% subset of the Colorado 

images, was able to identify the correct pole length in centimeters with 2.21 ± 2.96 cm residual 

error, 1.30 cm MAE, and R2 of 0.99 (Table 3.2). The model demonstrated a strong ability to 

track variations in snow depth along the pole at individual sites and in different lighting 

conditions (Figure 3.2a). When inspecting the performance at the Colorado sites (n = 20), the 

automated time series closely matched the manually derived time series for snow depth at all 

cameras (Figure 3.3). Overall, the maximum error at any camera was <5 cm (Appendix B, Table 

B2). The reprojection step added an uncertainty ranging between 1.71 and 3.55 cm depending on 

the distance between the camera and pole (Appendix B, Table B3). We detected 30 outliers using 

IQR method and identified the predicted values that were in the first and fourth quartile 
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(Chandola et al., 2009). Upon inspection, fog, high-contrast shadows, patchy snow, and tall grass 

may have created larger differences between the actual and predicted values (Figure 4). Camera 

W8C had the most outliers (n = 6) compared to a mean of 1.5 outliers at each camera. This site 

had the largest cm/pixel conversion, or the lowest resolution for pixel to centimeters, suggesting 

that any difference in pixels would lead to a larger difference in centimeters. 

 

Table 3.2 Epochs, Train and Test Data Set Information, and Model Performance for Four 

Different Models 

Model Epochs Train 
size 

Data  
region 

Test 
size 

RE 
(cm) 

MAE 
(cm) 

R2 

CO-only  35 8749 Colorado 972 -2.21 ± 2.96 1.30 0.99 
   Washington 1770 68.21 ± 28.85 68.21 0.42 
WA-only 100 120 Washington 1410 -2.07 ± 6.08 6.42 0.92 
   Colorado 1749 -60.43 ± 41.18  60.85 0.44 
Fine-tuned  42 120 Washington 1410 -1.35 ± 5.08 3.98 0.96 

  Colorado 972 -78.0 ± 39.76 78.14 0.52 
CO+WA  72 8917 Washington 170 -0.70 ± 1.30 1.14 0.99 

  Colorado 972 -1.55 ± 2.09 2.05 0.99 
Note. The CO-only model refers to the model trained on a random 90% subset of the Colorado 
images. The WA-only model refers to a model trained on a subset of Washington images. The 

“Fine-tuned model” refers to the Colorado model, fine-tuned with Washington images. The 
CO + WA model was trained on a combined 90% subset of the Colorado and Washington 

images. 

 

3.3.1.1 Impacts of Lens Distortion and Site Factors on Model Accuracy 

When comparing the automated time series to the publicly available time series that 

accounted for lens distortion, the mean difference was −1.73 cm (σ = 2.93). The accuracy only 

slightly decreased at poles further from the camera: about a 1 cm loss in absolute residual error 

for every ∼0.5 pixel increase in the number of pixels that represented a centimeter, but the 

difference was not significant (slope = −0.45, F1, 20 = 3.09, p = 0.09; Appendix B, Figure B4). 

Conditions, including lighting, weather, and canopy cover, showed no significant differences in 

error means (Appendix B, Figure B5). Month of year and snow depth, however, both 
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demonstrated conditions with above average error. Many of the shoulder winter months (i.e., 

September, November, December, May, and June) demonstrated higher error 

(F = 12.8, df = 890, p < 0.005, Appendix B, Figure B6), and snow depth bins below 80 cm and 

the highest bin (160–180 cm) had higher error (F = 5.5, df = 890, p < 0.005, Appendix B, Figure 

B6). Upon inspecting images, many of the images coincided with the images that were also 

identified as outliers above, including images taken during the early season and images with 

patchy snow conditions. 

 

3.3.2 Fine-Tuned Model Results 

The CO-only model performed poorly on the Washington images (n = 1,770 images), and 

could not detect the top and bottom of the pole (Table 3.2; Figure 3.2B). Figure 3.2B shows that 

the model incorrectly predicts that the pole is further to the left than the actual pole placement. 

However, we found that fine-tuning the Colorado model using a subset of images from the 

Washington data set improved Washington snow depth predictions. For example, with 10 images 

per camera, we found a residual error of −1.35 ± 5.08 cm, a MAE of 3.98 cm, and a R2 value 

equal to 0.96. The performance was also stronger and reached the criteria for early stopping 

faster than a model that was not trained on Colorado images (Table 3.2). Figure 3.5 demonstrates 

that this fine-tuned model was able to track snow depth across sites and winter season, although 

there is larger error at higher snow depths. We found that when we added the maximum snow 

depth value from each camera into the training set, this problem was corrected (Appendix B, 

Figure B9). The model predicted negative snow depth values during the early and melt season 

for some poles (e.g., BUNKHOUSE-01, CEDAR-H-01, CUB-L-02, CUB-M-01, CUB-U-01, 

and TWISP-U-01), but overall matched the trend of snow depth at all sites. The reprojection step 
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added an uncertainty ranging between 0.96 and 1.99 cm depending on the distance between the 

camera and pole (Appendix B, Table B3). Snow mounds were common in the Washington data 

set, and the model was able to identify the point approximately where the pole would intercept 

the snowpack in the absence of the snow mound (Appendix B, Figure B7). Occasionally, the 

model overestimated snow depth in the early season, such as at CEDAR-M-02 and the CUB-M-

02 sites. Upon inspection, the pole tilted slightly at CEDAR-M-02, and the model may have 

predicted the pole based off previous images without the tilt, before learning the new placement 

of the pole. This site was also on a slope, and the slope shifted the correct prediction lower in the 

image than previous. At CUB-M-02, the model mistook a shadow as being the base of the pole 

in both the early and melt season (Appendix B, Figure B7). Unsurprisingly, we found that 

accuracy increased when the model was fined-tuned with more images from the Washington data 

set (Figure 3.6; Appendix B, Table B4). 

 



 76 

 

Figure 3.2 Blue dots represent actual top and bottom locations, the red dot represents the 

predicted top and bottom point. When there is overlap, blue dots are behind red dots. (a) Shows 

Colorado site W9E and (b) Washington site CUB-L-02 results when the model is trained only on 

a 90% random subset of Colorado data. The model (i.e., the CO-only model) successfully 

identifies the target points at various snow depths and in various lighting conditions when 

presented with example images during training. However, the middle row (b) suggests that the 

model inaccurately predicts points when it has not seen the sites during training. Row (c) shows 
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that when a subset of WA images is included in training (i.e., the fine-tuned model), the model 

improves prediction of top and bottom locations at CUB-L-02. Row (d) shows that when both 

data sets are combined during training (i.e., CO + WA model) the model can predict both top and 

bottom locations. 

 

 

Figure 3.3 Comparison of snow depths (cm) from the validation data set at all Colorado sites. 

The true snow depth line was calculated by manually selecting the top and bottom of the pole. 

The predicted snow depth line was found using the keypoint detection model. Both true and 
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predicted depths were converted from pixels to centimeters by finding the pole length in pixels, 

multiplying by a cm/pixel conversion, and subtracting from the full length of the pole in 

centimeters. Missing data from E9F, W6A, W8C are the result of camera malfunctions on 30 

November 2019, 28 November 2019, and 24 February 2020, respectively. Missing data from 

E6B are a result of the camera tilting such that the pole is outside the image. 
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Figure 3.4 These 30 images present the greatest difference between actual and predicted 

measurement in centimeters, sorted by most error (top-left corner) to least error (bottom-right 

corner). The blue circles represent the actual locations and the red circles represent the 

predictions generated by the keypoint detection model. 
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Figure 3.5 Comparison of snow depths (cm) at Washington sites. The manual snow depth line 

was calculated by manually selecting the top and bottom of the pole and converting to snow 

depth. The predicted snow depth line was found using the fine-tuned model with 10 images from 

each camera. 
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Figure 3.6 Performance of the fine-tuned model improved with more training data. The x-axis 

indicates how many images from each of the 12 Washington cameras was used during training. 

The y-axis shows the resultant mean absolute error (cm) when testing the model on the 

remainder of the data set. 

 

The increase in accuracy of processing the Washington images, however, came with a decrease 

in accuracy of processing the Colorado images. Unlike the original Colorado model, the fine-

tuned model predicted snow depth in the Colorado images with a MAE of 78.1 cm and 

a R2 value equal to 0.52. When looking at the time series at each camera, the model was able to 

capture the trend of the snow series at each Colorado camera, but had a consistent offset with the 

actual snow depth and overestimation at high snow depth (Appendix B, Figure B8). After 

combining both the Washington and Colorado images in training, the “CO + WA model,” the 
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model achieves accuracy within a MAE of 2.05 cm for the Colorado data set and 1.14 cm for the 

Washington data set (Table 3.2). 

 

3.4 Discussion 

We present a model trained on time-lapse camera images to detect the top and bottom of 

snow poles. Depth in pixels was subsequently converted to centimeters using each pole's pixel to 

centimeter conversion. While accuracy is low on pole sites that the model did not see during 

training, the model demonstrates the ability to successfully track snow depths using time-lapse 

camera images as long as the model was trained on pole sites presented during training (MAE 

value equal to 1.30 cm). The accuracy is low when using images from a novel data set at a new 

location, but an additional training step on a small fraction (6.7%) improved the model's 

performance to a MAE value equal to 4.0 cm, compared to a MAE equal to 6.42 cm using the 

non-pre-trained model. Neural network models thus show promise for snow pole detection, and 

keypoint detection models are advantageous methods for large-scale camera trap installations 

when a subset of the data can be labeled for model fine-tuning or model retraining. 

 

3.4.1 Model Performance and Impacts on Accuracy 

Our model had measurement errors that were comparable to those of other methods used 

to measure snow depth (lidar ∼± 10 cm, manual snow probing ∼1–2 cm) (Deems et al., 2013; 

Prokop et al., 2008; Sturm & Holmgren, 2018). Previous automated and semi-automated 

methods for obtaining snow depth from time-lapse imagery report accuracy within 4 and 10 cm 

(Bongio et al., 2021; Garvelmann et al., 2013; Strickfaden et al., 2023), and our model trained on 

the Colorado data set shows that this keypoint detection model performs with high accuracy and 
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across more poles when presented with the pole site during training. The performance 

corresponds to the success of other keypoint models in detecting face features and estimating 

poses (K. Wang et al., 2010). 

Results from the Colorado model provides useful insights into the optimal snow pole 

placement. Model performance did not change significantly on poles further away, a contrast to 

other findings that suggest that objects further away from the camera are harder to detect 

(Norouzzadeh et al., 2018). During installations, crews were instructed to place poles as close to 

cameras as possible while allowing for pole and camera tilt. The distance was possibly not far 

enough to impact model performance. Additionally, camera installers were instructed to ensure 

no vegetation blocked the view between the camera and the pole. Vegetation and background 

clutter is one of the reasons models perform more poorly on objects further away (Borji 

et al., 2015). Given these reasons, future work should systemically explore if there is a distance 

after which performance drops. Even though we did not detect an overall effect on the distance 

of pole on model performance, we noticed that when the pole is further away, fewer pixels 

represent each centimeter, and error in model predictions are enlarged when converting from 

pixels to centimeters. This error could be avoided by having poles close to the camera to 

maximize accuracy and/or a standardized protocol to place a pole a certain distance away from 

the camera. While we did not investigate an exact distance, we noticed that including a buffer of 

25% of the pole height above and below it in the image, enabled consistent observations even if 

there was pole tilt. Although a standardized approach may be difficult in variable or rocky terrain 

and in deep snowpacks (poles have to be placed further away in deeper snowpacks because snow 

will be higher), NASA SnowEx provides installation instructions for installing a time-lapse 

camera without securing to a tree (Breen et al., 2022), which allows for pole and camera 
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placement flexibility. Other impacts included month of year and snow depth, with shoulder 

winter months, lower snow depths (<80 cm), and higher snow depths (above 160 cm) 

demonstrating lower accuracy. The lower accuracy is likely a result of changes in lighting 

condition, vegetation, and novel snow conditions (i.e., patchy snow or maximum snow depth 

values) adding variability to the data with fewer examples in the training set. Although common 

in neural network applications, it is difficult to know the exact reason why performance drops in 

these conditions, and the inability to fully interpret model predictions is one drawback of this 

method (Liang et al., 2021; Lucas, 2020). However, given that the error is below 5 cm for all 

cameras, when snow depth is binned in 20 cm increments, and all months but September, the 

method demonstrates the ability to predict snow depth values in a variety of conditions and pole 

placements. 

Other error may result from using imagery to derive snow depth and not caused by the 

model. For example, we made the pixel-to-centimeter conversion as accurate as possible by 

using the full length of the pole and repeating the process multiple times, but there could be 

unknown systematic differences due to human error or the pole tilting in a direction not 

discernible in a 2D image (i.e., away or toward the camera). Other studies have employed 

intermediate markings on the pole (Cosgrove et al., 2021), and intermediate markings could 

provide an additional source of validation. For this model, markings on the pole would likely not 

interfere with the model to identify the top and bottom of the pole, but we recommend presenting 

these instances to the model ahead of time for fine-tuning. We did not account for lens distortion 

in the model, and we found effects from lens distortion were likely minimal. Previous work on 

lens distortion in time-lapse cameras suggests that objects are less distorted when they are in the 

middle of image and close to the camera (Leorna et al., 2022). The lack of impact suggests that 
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for the camera used in this case (Wingscape) and orientation of the poles (i.e., vertical and in the 

middle of the image), lens distortion had minimal effects on the accuracy of the resulting snow 

depth. However, we recommend installing poles in the center of the camera frame although 

sometimes this it not possible if cameras are set up on game trails. These caveats should be 

considered when deciding pole design and camera type, and ultimately depend on the goal of the 

study. 

 

3.4.2 Current Model Generalizability to New Data Sets 

Model performance is strong when this model is trained on the data set of interest, but 

accuracy when generalizing to new sites without incorporating additional training data is low. 

Generalizing to a new data set is an active area of research when predicting information from 

camera trap images using neural networks, such as the recent work to develop models that can 

identify animal species across different habitats (Norman et al., 2023). We speculate that the low 

performance of our original Colorado model on Washington images is because the model likely 

fit to the placement of Colorado poles sites depending on the corresponding background 

conditions, as suggested by previous work that the accuracy of deep learning networks depends 

on the image backgrounds presented during training (Beery et al., 2018; Miao et al., 2019). 

Therefore, the model with the Colorado pre-trained weights is not advised “off-the-shelf,” unless 

identifying snow depth from the Grand Mesa sites as presented here. 

However, fine-tuning the Colorado model using a subset of images from Washington 

improved model performance. This approach is recommended by other keypoint detection 

models to improve performance on data of interest (Mathis et al., 2021). Overall accuracy is 

similar to other automated methods, and better than a model without the pre-trained Colorado 
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weights. The model using the pre-trained weights and fine-tuned with Washington images also 

reached the criteria for early stopping 50 epochs sooner than the model trained on the 

Washington images without the pre-trained Colorado weights. Some model error arose due to 

new conditions not seen frequently in the Colorado data set, such as snow mounds (Appendix B, 

Figure B7). Washington snow is considered wetter and more maritime relative to drier, inner-

continental Colorado snow (Sturm & Liston, 2021). These conditions make snow “stickier” and 

more likely to form mounds on snow poles. The Washington poles were also wider, which could 

make mounds more apparent or more likely to form. While the model predicted the approximate 

place that the pole intercepted the snowpack underneath the snow mound, it did not always 

match the training data. It is possible that the training data is incorrect if the labeler incorrectly 

estimated snow depth due to the snow mound. Regardless, the effects of snow loading can be 

temporary, so we encourage the user to set multiple time-lapse images per day to reduce the 

effects of snow loading and weather, and stratify data labeling to present the model with a 

variety of conditions throughout the winter season. 

We recommend that before using the Colorado pre-trained model, users add a training 

step to the Colorado model using a subset of their own data, as we demonstrated here. This step 

will result in a custom keypoint detection model for the user's snow pole network. Based on the 

results from this study, a series of images separated by 10 days from each camera would be 

sufficient for fine-tuning the model. More images per camera increased overall accuracy of the 

customized model, and users can label depending on their desired accuracy. Figure B9 in 

Appendix B also shows that adding an image at high snow depth along with 10 images per 

camera may increase the accuracy at high snow depth values. To maintain performance accuracy 
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across all sites, our results suggest it is better to combine both sets of images and re-train the 

model. 

 

3.4.3 Limitations of Neural Networks and Future Work 

Despite the high accuracy for data of interest, neural network models have limitations. 

Training this model required ∼$500 USD of GPU resources, ∼$500 USD of VM storage, and 

image preprocessing steps (i.e., downscaling) that introduced uncertainty. For users to apply the 

model, we decreased GPU need by fine-tuning on a CPU machine, but this step still requires 

labeling roughly ∼10 images per camera, which would require ∼1 hr of labeling for a network of 

20–30 cameras. We provided a README and scripts in the GitHub repository, including 

labeling.py, train.py, and predict.py to facilitate use, but users of this model will also need basic 

GitHub and command line knowledge. 

Despite these considerations, neural networks offer advantages to pre-existing manual 

methods when it comes to generalization and scaling. While customizing the pre-trained 

Colorado model using a dataset of interest sacrificed performance in the Colorado model, fitting 

with literature that fine-tuning can affect model performance of the pre-trained data sets (Kumar 

et al., 2022; Lee et al., 2023), this loss was avoided when Colorado and Washington images were 

combined in model training. In an ancillary test, we examined model performance when training 

the model on all but two poles from Washington and Colorado (i.e., one pole from Washington 

and one pole from Colorado in the test set). Model performance on each pole was low 

(MAE = 20.4 cm; Appendix B, Table B5), but higher than when the model had no regional 

information. We refrained from further testing this design due to low accuracy, but this finding 

underscores that the model may learn information from the surrounding ecosystem, and future 
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models may require less fine-tuning. A future model could thus integrate images across multiple 

experiments to create a model applicable to various domains. MegaDetector (Beery, Morris, & 

Yang, 2019), a publicly available object detector model to identify animals in camera trap 

images, is updated regularly to include new user data according to the codebase GitHub page. In 

future iterations of this model, the model could be trained on large databases of publicly 

available time-lapse snow pole data sets to achieve accuracy across multiple domains. Many 

studies reference snow pole data sets (Collados-Lara et al., 2020; Cosgrove et al., 2021; Currier 

et al., 2016; Hofmeester et al., 2019; McCreight et al., 2014), but currently no standardized 

labeling framework or comprehensive database exists to consolidate across sources as in other 

domains (e.g., ImageNet; Deng et al., 2009). Future work could explore publishing a database of 

multiple datasets or a standardized labeling framework, lowering the threshold for future model 

training and testing. Additionally, other neural network designs should be considered for 

generalization. Segmentation models have been used in other cases for snow pole detection 

(Kopp et al., 2019). Segmentation works to classify each pixel and has also been used to identify 

objects of interest in new domains (Beery et al., 2018). Our data labels can be easily converted to 

segmentation labels by converting the space between the top and bottom of the pole to positive 

pixels and all other surrounding pixels to negative pixels, in order to explore such comparisons 

between other model architectures. A consolidated database of snow poles from various studies 

would further ease comparison across model architectures. 

Future work could also explore adding corrections to the model to improve real-world 

application. We allowed the model to predict negative snow depth values, and one simple 

improvement is to add a correction that requires the model to replace the negative value with 

0 cm. Other machine learning models for ecology applications apply environmental context to 
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improve predictions. For example, computer vision models incorporate geographic information 

on species abundance to control species-ID predictions (Durso et al., 2021). Moreover, we did 

not crop the images during data preparation. This choice prevented additional work by the user if 

a pole or camera tilted during the season, but future work could explore whether cropping images 

improves model accuracy. Going forward, this model could be combined with an object 

detection model, where the model first identifies the pole (or poles) in an image, returns the crop, 

then the keypoint detection model predicts the snow depth. This pipeline would mimic other 

machine learning models for ecology where simpler classification models are developed first and 

then iterated on by more advanced models (Beery, Wu, et al., 2019). Furthermore, we cleaned 

both data sets for cameras or poles that tilted beyond the view of the pole, but future work could 

explore extracting snow depth using the bottom detected point even if the top is not visible by 

identifying the location of the bottom point relative to the location of the bottom point in a snow-

free image. Additionally, while we determined our conversion by first manually inspecting 10 

images and determining the number of pixels that represented the whole pole, this step, too, 

could be automated. The user could input the length of the full pole along with an image of a 

snow-free stake, and the model could calculate the conversion using the predicted length of the 

snow-free pole in pixels. 

Finally, when generalizing, it will be important to account for circumstances not shown 

in this study. We did not test for the impact of nighttime, or low-light, on the model 

performance. Many snow monitoring locations are in the polar north, where long nights are 

common, and we predict that without nighttime examples in the training data set, performance 

will be low. We encourage future work to incorporate both daytime and nighttime images into 

the training set and testing for accuracy depending on the time of day. Kopp et al. (2019) 
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demonstrates that when night images are presented to the model during training, nighttime MAE 

error is slightly higher but under 5 cm. In the meantime, the model is applicable to study designs 

that can set cameras to daily midday time-lapse images, such as 12p.m., to maximize daytime 

conditions. Similarly, we used red poles for model training, but more work is needed to 

determine whether the model could learn other snow pole designs. White poles, for example, 

require less user preparation (i.e., PVC poles are usually white), and they can more easily blend 

into snowy backdrops (Cosgrove et al., 2021). Striped poles are also advantageous because they 

provide intermediate depth markings to compare to the depth in pixels (Garvelmann et al., 2013; 

Hofmeester et al., 2019). Future iterations of the model could even incorporate virtual snow pole 

approaches, such as in Strickfaden et al., 2023, and superimpose the virtual snow pole onto the 

image of interest and select the top and bottom of the virtual pole for the training data. We call 

for future work to integrate multiple data sets from various ecosystems, multiple years, and pole 

set-ups into one model, thereby leveraging a larger sample size to improve accuracy on new data 

sets and increasing applicability to currently existing data sets. We present this model as the first 

step into what we hope is an expansion and integration of snow pole data across multiple 

platforms into a single model. 

 

3.5 Conclusion 

Snow is an important component of hydrological and ecological systems, and improved 

automation will accelerate our ability to monitor snow. Future users can fine-tune this model 

using a subset of their own data, creating a custom keypoint detection model for their snow pole 

network, or future versions of the model can integrate multiple data sets during training for 

improved performance across multiple data sets. With the increasing use of snow poles to 
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monitor snow depth, the ability of a keypoint model to automate snow poles provides a 

foundation for a future generalizable model. 

 

3.6 Data Availability Statement 

The images used for the model in the study are available at National Snow and Ice Data Center 

via https://doi.org/10.5067/P3D1QRH7O8X5; The snow depth values used for the model in the 

study are available at the National Snow and Ice Data Center 

via https://doi.org/10.5067/14EU7OL5051V; Code used for the model is preserved 

at https://github.com/catherine-m-breen/snowpoles via the MIT license. 
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Chapter 4. DIEL AND SEASONAL CYCLES OF SNOW HARDNESS 

PREDICT CHANGES IN ACTIVITY PATTERNS FOR ROE DEER 

BUT NOT MOUNTAIN HARES 

 
Publication history: This study was co-authored with John Odden, John Linnell, Neri Thorsen, 

Inger Maren Rivrud and Laura Prugh. At the time this dissertation was submitted, no version of this 

manuscript was in review, accepted, or published elsewhere. 

 

Abstract: The strength of the snow surface, or snow hardness, is an important factor for wildlife 

movement, and there is evidence that snow hardness displays dramatic changes over the course 

of the day throughout the course of the winter season. However, it is unknown how snow diel 

cycles change in timing and magnitude throughout the winter season, and how animals respond 

to temporal changes in snow hardness. Using ~250 hourly surface hardness measurements along 

a latitudinal gradient in Norway, we observe and model diel cycles of snow hardness in relation 

to environmental variables. Time relative to sunrise and sunset, season, canopy cover, and snow 

density were the best predictors of surface hardness (R2 = 0.63). Snow hardness peaked 8 hours 

after sunset in the spring and fluctuated most dramatically during spring and in open habitat. We 

matched diel cycles of predicted surface hardness to diel activity in roe deer (Capreolus 

capreolus) and mountain hares (Lepus timidus) between 2017 - 2023 using data from the large-

scale Scandcam camera-trap network, located in Norway (n = 698 cameras). Roe deer 

demonstrated increased morning activity when the snow was harder and deeper and preferred 

harder snow at higher snow depths. Hares did not show diel shifts in relation to snow hardness 

and preferred softer snow at higher snow depths. As climate change influences snow conditions, 
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this study highlights the importance of morphological differences between species for on-snow 

movement, and diel activity adaptations to environmental conditions.  

Keywords: snow, diel activity, snow hardness, roe deer, mountain hare 

 

4.1 Introduction 

Snow conditions play a critical role in shaping wildlife behavior (Penczykowski et al. 2017), 

with strong evidence for the influence of snow depth on movement (Mysterud et al. 1997, 

Pedersen et al. 2021). Much less studied is the influence of the snow surface strength, or snow 

hardness, on wildlife movement (Mahoney et al. 2018, Boelman et al. 2019). Previous work has 

demonstrated the impact of snow hardness on the timing of deer migration in the spring (Jakopak 

et al. 2021), foraging abilities (Collins and Smith 1991, Hansen et al. 2019), hunting success 

(Stenseth et al. 2004, Sullender et al. 2023), and locomotive abilities in both small and large 

mammals (Sivy et al. 2018, Poirier et al. 2021, Sullender et al. 2023). As warming winter 

temperatures increase the frequency of mid-winter freeze-thaw days (Cohen et al. 2015, Mooney 

and Li 2021), an improved understanding of snow hardness, and its impact on wildlife, becomes 

increasingly important.   

Snow hardness varies substantially across the landscape, and the heterogeneity can strongly 

affect wildlife movements in winter (Murray and Boutin 1991a, Ossi et al. 2015, Pozzanghera et 

al. 2016, Mahoney et al. 2018). However, snow hardness can also change markedly on an hourly 

time scale, especially during the late winter-spring season (U.S. Army Corps of Engineers 1956, 

Ozeki and Akitaya 1998, Cagnati et al. 2004, Brogioni et al. 2009). Incoming shortwave solar 

radiation and above-zero temperatures during the day increase liquid water content in the 

snowpack. On cold nights, this liquid water subsequently refreezes into an icy crust, sometimes 
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referred to as the “nocturnal snow crust” (U.S. Army Corps of Engineers 1956), providing a hard 

and supportive surface until it melts again the next day. However, empirical studies of snow 

hardness over diel cycles are lacking. De Michele et al. (2013) and Helfricht et al. (2018) 

measured hourly changes in snow density (mass per volume) and found that it varied with air 

temperature, humidity, wind, and surface temperature, but neither study measured snow hardness 

directly. Density can be poorly related to hardness, especially in spring when slushy snow can 

have high water content (i.e., high density) but low strength. Canopy cover may also impact 

snow hardness as longwave radiation from trees will add to the energy in the system (Varhola et 

al. 2010). Given that wildlife can shift their diel activity patterns in response to external factors 

such as human activity (Gaynor et al. 2018), measurement of snow hardness at hourly scales may 

reveal new insights into the complex drivers of animal activity patterns.  

In this study, we present observations of hourly snow surface hardness in a boreal forest 

ecosystem. We first quantified how hardness changed over the 24-hour diel cycle, examining the 

influence of forest canopy cover and season. We expected to find a lag between sunset and peak 

snow hardness because time is required for the energy exchange between the air and the 

snowpack surface. We also expected a larger amplitude of change in hardness in open habitats 

and during the spring season compared to winter due to the increased daytime solar radiation and 

temperatures. We examined patterns in activity over the diel cycle using data from a Norwegian 

wildlife camera trap network (Scandcam, viltkamera.nina.no), comprising detections from 698 

cameras with deployment dates from 2017 - 2023. We focused analysis on two common 

herbivore species, roe deer (Capreolus capreolus) and the mountain hare (Lepus timidus). These 

species have overlapping diets and are both prey for the Eurasian lynx (Lynx lynx) but have 

contrasting morphologies in relation to snow. Roe deer, which are relatively small ungulates, 
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have high foot loading (the ratio of body mass to foot surface area) ranging from 300-600 g/cm2 

(Kelsall 1969). In contrast, mountain hares have foot loading estimates of 15-20 g/cm2 

(Hackländer and Zachos 2020). We predicted that animals would be most active when the snow 

was hardest and thus easiest to walk on. We expected this effect to be stronger for roe deer than 

hares due to differences in foot-loading, and we also expected snow hardness to affect 

movements most strongly at sites with deeper snow (Mahoney et al. 2018).  

 

Figure 4.1. A) Sites for snow hardness measurements. We conducted 24-hour observation 

periods across the late winter and spring season (30 January to 15 May 2023) at three sites in 

Norway along a latitudinal gradient (black dots). The sites were located within the Scandcam 

camera trap network region (viltkamera.nina.no; grey dots). B) Example of snow hardness 
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measurement taken by measuring the sinking depth of a 200 g cylindrical penetrometer (i.e., tuna 

can) dropped from 50 cm.  

 

4.2 Methods 

4.2.1 Study Area 

Snow measurements were carried out at three sites along a 3.5° latitudinal gradient in 

southern Norway (Fig. 4.1; Table 4.1). These sites fell within the southern portion of a large-

scale camera trap network, Scandcam. Scandcam is a long-term, year-round study established in 

2010 by the Norwegian Institute for Nature Research to monitor recovering Eurasian lynx 

(Carricondo-Sanchez et al. 2017). The southern portion of the network totaled 698 cameras. Our 

snow measurement sites captured the variation in physical factors influencing snowpack 

conditions at the surrounding cameras, including differences in latitude, elevation, aspect, and 

climate. Because the cameras were deployed for lynx monitoring, all cameras were in lynx 

habitat, mostly boreal forests. Boreal forests in Norway are characterized by Norway spruce 

(Picea abies) and Scots pine (Pinus sylvestris) and subject to clear-cut forestry practices, so they 

can vary dramatically in the percentage of canopy cover. Elevations of the cameras in the south 

(58°N – 60.5°N) ranged between 0 - 400 m (M̅ = 244.9 m, n = 306 cameras). Further north and 

inland (60.6°N – 61.5°N), cameras ranged between 200 and 850 m (M̅ = 443.8 m, n = 204 

cameras), and cameras furthest north (61.6°N - 64°N) ranged between 0 and 400 m (M̅ = 155.4 m, 

n = 188 cameras). The snow measurement sites also reflected a maritime-continental gradient, 

with sites 1 and 3 representing rainier winters with temperatures often fluctuating around 

freezing, and site 2 experiencing a more continental climate with winter temperatures typically 

more stable below freezing (Table 4.1). Roe deer and hares are present in all areas. Other large 
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mammals present include Eurasian lynx, moose (Alces alces), red deer (Cervus elaphus), and red 

foxes (Vulpes vulpes). Wolves (Canis lupus), wolverines (Gulo gulo), wild boars (Sus scrofa), 

and brown bears (Ursus arctos) are present in parts of the study area. 

 

Table 4.1. Latitude, elevation, slope, aspect, average winter daily temperature, and average 

winter daily precipitation information for the three snow measurement sites in southern Norway.  

Average temperature and average precipitation were obtained from Norway’s daily snow model 

(senorge.no; Saloranta et al. 2012). 

Site Latitude (°) Elevation 

(m) 

Slope (°) Aspect (°) Avg. temp. 

(°C) 

Avg. precip. 

(cm) 

1 60.0 203 8 91 -0.5 4.5 

2 61.4 318 16 300 -4.2 2.7 

3 63.5 250 6 171 -0.6 4.2 

 

4.2.2 Data Collection 

Snow data collection at each site occurred between 30 January and 15 May 2023, after 

snow reached peak depth and until snow melted (Saloranta et al. 2012). During that period, we 

visited each snow measurement site every two to three weeks. We limited sampling to days when 

the forecast predicted no precipitation and when daily temperatures were expected to include a 

freeze-thaw event (i.e., crossed 0°C, hereafter “freeze-thaw day”). We set these parameters 

because precipitation would interfere with changes in snow hardness, and because we only 

expected snow hardness to have a diel cycle on days that had a freeze-thaw event.  
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During each visit, we measured snow hardness every hour in both open and closed 

canopy areas to capture relationships between canopy and snow hardness (Ellis et al. 2013, 

Horstkotte and Roturier 2013, Lundquist et al. 2013). Canopy cover was categorized as either 

“closed” or “open” by field observer estimation. The closed and open canopy sampling occurred 

within 15-20 m of each other to avoid forest edge effects and to accurately represent the same 

area. Snow hardness was measured in centimeters using the average of two sinking depth 

measurements of a 200 g cylindrical penetrometer (7 oz tuna can, Chicken of the Sea Chunk 

Light) dropped from 50 cm (Sullender et al. 2023). Harder snow corresponded to lower sinking 

depth values, while softer snow corresponded to higher sinking depth values. Other studies have 

used similar inexpensive, rapid methods to measure surface snow hardness in wildlife studies 

(Murray and Boutin 1991a, Pozzanghera et al. 2016, Droghini and Boutin 2018, Peers et al. 

2020, Sullender et al. 2023).  

Along with each tuna can sinking depth measurement, we recorded date, time of day, air 

temperature, and snow depth. Air temperature was recorded at 2 m above the ground using a dial 

stem thermometer (Snow Metrics Dial Stem Thermometer), taken in the shade to block impacts 

of solar radiation. Snow depth was recorded using a snow probe (Ortovox Snow Probe). We set 

10 cm as the minimum snow depth for measurements to avoid effects of latent ground warming, 

which can affect the 10 centimeter of snow closest to the ground depending on climate 

conditions (Storebakken 2022). Additionally, at the beginning of the season, we set up two 

wildlife cameras (Reconynx Hyperfire HC 500) at each site to record camera temperature 

information at hourly intervals. We positioned one camera facing north and one camera facing 

south to account for solar radiation that might impact the camera temperature reading (Buchholz 

et al. 2021). Observations occurred for 24-36 hours to include an overnight observation. The 
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only site where we did not conduct overnight observations was in the south (site 1: Oslo) due to 

lack of available overnight lodging accommodations. On subsequent sampling days for all sites, 

we returned to the same locations both in and out of canopy.   

 

4.2.3 Snow Hardness Modeling 

We estimated snow hardness using a generalized linear modeling framework for all field 

observation days that coincided with a freeze-thaw day (i.e., crossed 0ºC). Specifically, we 

constructed a model that regressed sinking depth from the tuna can penetrometer, our 

measurement for snow hardness, as a combination of several fixed effects (see below for details) 

that represented sources of longwave radiation, shortwave radiation, and snow history (Kozak et 

al. 2003, Lundquist et al. 2013). All fixed effects included interaction terms for canopy cover and 

season, as previous work suggests that the dominant forces in the snow melt-refreeze cycle can 

change depending on whether the system is in open versus closed canopy and timing in the 

snow-covered season (Lundquist et al. 2013). We used Akaike information criterion (AIC) to 

identify the most parsimonious model for the combination of variables in the following full 

model:  

Q)<G	ℎ0&5)'FF	~ sin(F@)	*6(') ∗ K0)<=8	K<>'& ∗ F'0F<)

+ cos(F@)	*6(') ∗ K0)<=8	K<>'& ∗ F'0F<) + 

F)<G	5')F6*8	 ∗ K0)<=8	K<>'& ∗ F'0F<)	(Eqn. 4.1) 

The variable ‘sun time’ represented time of day relative to sunrise and sunset to account for 

variable daylengths, transformed from clock time using R’s overlap package (Ridout and Linkie 

2009). Because of the intrinsic circularity of the time variable, we used sine and cosine 

transformations to ensure appropriate circular behavior (Chen et al. 2020). We used a modeled 
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daily snow density value for the fixed effect variable ‘snow density’ from Norway’s daily snow 

model, which produces predictive outputs at 1-km resolution based on interpolations and 

downscaling from existing weather stations (senorge.no; Saloranta 2012). Canopy cover was 

defined as either open or closed using the observations from data collection. Similarly, season 

was defined as either winter (February and March), or spring (April and May). Both variables 

were compared a priori to continuous alternatives, specifically canopy cover ranging from 0 – 

100 and season as both a continuous day of year and month, but binary variables performed 

better as univariate predictors of sink depth. Binary categorical variables also enabled the model 

to capture non-linear changes between seasons and canopy cover, whereas using continuous 

variables would assume linear relationships. We scaled all variables using the scale function in 

R, which subtracts the mean and divides by the standard deviation for each variable, to ensure 

variables were on similar scales, reduce chances of model convergence issues, and ease 

interpretation of model summaries (Zuur et al. 2010).  

All variables were checked for correlation prior to inclusion in the model and found to be 

below r = 0.5 (Appendix C, Fig. C1). During model development, we explored including 

multiple sources of hourly temperature (i.e., air temperature, north-facing camera temperature, 

and south-facing camera temperature) and daily temperature values by fitting univariate linear 

models. Daily temperatures were derived from the daily 1-km grid covering Norway (from 

senorge.no) and included minimum, maximum, and average daily temperature. Average daily 

temperature was the best singular predictor among all temperature variables (R2 = 0.06, p < 

0.01), but it was strongly correlated with season (r = 0.6, p < 0.01), so we deferred to the season 

variable because it was a better predictor of sink depth in univariate tests. Predictor and response 

variables for the model are summarized in Table 4.2.  
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All models were fit using the gam function from R’s ‘mgcv’ package with a Tweedie 

distribution (Foster and Bravington 2013). The gam function is a flexible model call that allows 

for models with both linear and non-linear fits. Importantly, the gam function allowed model 

fitting with a Tweedie distribution in the dredge function from R’s ‘MuMIn’ package to select 

the model with the lowest AIC value (Barton 2009). A Tweedie distribution is a compound 

Poisson and Gamma distribution that accounts for zero-inflated, continuous, non-negative data 

(Foster and Bravington 2013; Appendix C, Fig. C2). We used only linear fits in the model, 

because we had too few observations for non-linear splines (Wood 2017). We inspected all 

models with a ∆AIC < 4 and selected the model with the lowest AIC value (Burnham et al. 

2011). We inspected model residuals for heteroskedasticity using the Breush Pagan Test 

implemented through the bptest function in the ‘lmtest’ package in R (Breusch and Pagan 1979; 

Zeileis et al. 2022). After identifying heteroskedasticity (p < 0.05), we used the vcovHC function 

in the ‘sandwich’ package in R to adjust coefficients for inflated p-values and standard error 

(Zeileis 2020). Using the best model (i.e., lowest AIC value), we calculated the lags for the 

maximum and minimum snow hardness values from sunrise and sunset. We identified the 

difference in timing from sunrise or sunset in hours by converting from radians to hours and 

multiplying by the day length, or the reverse of the sunTime function in R’s ‘overlap’ package 

(Ridout and Linkie 2009).  
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Table 4.2. Variables used to model snow hardness. Temperature, snow density, and cloud cover 

were scaled by subtracting the mean and dividing by the standard deviation before inclusion in 

the model.  

Variable Source Values 

Snow hardness 
(penetrometer sinking 

depth) 

Field data (tuna can) 0 – 8 cm (lower values = firmer 

snow) 

Sun time  Derived from time  0 – 2*pi 

Canopy Cover Field data Open or closed 

Season  Field data Winter (February or March) or 

Spring (April or May) 

Density Norway’s snow model 

(senorge.no), daily 
0 – 700 kg/m3 

 

4.2.4 Analyzing Wildlife Diel Activity Cycles  

 Roe deer and hare detections were extracted from the Scandcam camera trap database to 

determine the times of day each species was active at each camera station. Images were 

classified to species by a software using artificial intelligence, and the classifications were later 

controlled by human observers (Iannino et al. 2024). Sequences of images of the same animal(s) 

within a 5-minute period were included as a single detection. Date and time of day were 

extracted from the image, or the first image if taken from a series. Canopy cover at each camera 

station was derived using the 10-m resolution Sentinel-2A/2B derived tree cover product for 

2015 (European Environment Agency 2020), with an additional adjustment for any subsequent 

yearly tree loss using the 30-m resolution NASA Global Forest Change product subsampled to 

10-m resolution (Sexton et al. 2013; NASA 2020). Daily maximum and minimum air 
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temperature, snow depth, and snow density were extracted from Norway’s 1-km daily climate 

grid for all detections (Saloranta et al. 2012).  

For each species, we tested for differences in the timing of activity between days that we 

expected a snow hardness diel cycle and days without a snow hardness diel cycle across the 

study period. To do so, we separated roe deer and hare detections into freeze-thaw days and non-

freeze-thaw days. We defined a freeze-thaw day as a day when the minimum air temperature was 

below 0°C and the maximum air temperature was above 0°C. Non-freeze-thaw days were all 

other days. We constrained the comparison to all detections with snow depth greater than or 

equal to 10 cm, as this is the height after which roe deer begin to experience locomotive 

difficulties on snow, and consistent with the depth threshold we used for snow hardness 

measurements (Andersen 1998, Janiszewski et al. 2011). We also conducted separate analyses to 

compare roe deer and hare diel cycles for changes relative to season (winter and spring) and 

canopy (open and closed), to reflect the categorical variables used in our snow hardness model. 

We generated activity curves for each set of comparisons using the overlap R package (Ridout 

and Linkie 2009), which uses a kernel density estimator to smooth frequency of activity over the 

24-hour diel cycle. Diel activity overlap can range from 0 (no overlap) to 1 (complete overlap), 

with lower values indicating a stronger shift in the timing of activity in relation to snow 

hardness. We used the non-parametric Mardia-Watson-Wheeler test to determine if the activity 

shift was significant using the circular package in R (Agostinelli & Lund 2023; Landler et al. 

2021).  

 While the overlap analysis provides a useful visual and a simple test for an activity shift, 

it does not include snow hardness values. To include hardness as a continuous predictor of 

animal activity, we used generalized additive models (GAMs) to model hourly activity for both 
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species in relation to snow hardness. We then summed detections for each hour (1-24) across all 

days for each camera, with a value equal to 0 for any hour the animal was not detected. We 

converted clock time to sun time (Vazquez et al. 2019) and aggregated our detection data from 

the hourly scale to the week-hour scale, summing all the detections in each hour over the course 

of a week, using the week function in R’s ‘lubridate’ package (Grolemund and Wickham 2011). 

We subsequently calculated the snow hardness predictions from our snow hardness model at 

each hour of the day. The result was a unique value for each camera, week, and hour. We limited 

the data to days that met freeze-thaw critieria. We also constrained observations to when snow 

depth < 150 cm, as we had few points of observations for hares and roe deer above 150 cm 

(0.5% for roe deer and 0.3% for hares), and GAMs that included the full snow depth range 

showed sporadic relationships at high snow depth values likely due to sparsity of data.  

We constructed a GAM to model how the predicted snow hardness impacted hourly 

animal activity. Snow depth is recognized as a strong driver in animal behavior (Mysterud et al. 

1997, Stenseth et al. 2004, Jansson and Pehrson 2007, Melin et al. 2023), so we built a model to 

quantify the impacts of snow hardness on animal detections, incorporating snow depth as both a 

predictor and as an interaction with snow hardness and sun time (Eqn. 4.2): 

 

  animal detections ~ s(sun time) + s(snow hardness) + s(snow depth) +  

s(sun time × snow hardness depth × snow depth)  (Eqn. 4.2) 

 

We fit sun time with a circular cubic function, snow depth and snow hardness with simple 

isotropic smoothing splines, and the interaction term was constructed using a tensor product. We 

plotted partial effects of each predictor and interaction term, using plots to assess roe deer and 
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hare activity changes in response to snow conditions. We assessed for model fit using the 

proportion of deviance explained (Wood 2023), and we evaluated the statistical significance of 

each factor using p-values (alpha < 0.05). Model were constructed using the R package mgcv 

(Wood 2023).  

 

4.3 Results  

4.3.1 Data Collection Summary 

 We conducted seven 24-hour snow hardness surveys and four 8-hour surveys for a total 

of 251 hourly hardness observations. We confirmed that all measurement days contained freeze-

thaw conditions (i.e., temperatures crossed 0°C) using the on-the-ground hourly air temperature 

measurements. Six measurements from site 3 followed a large morning snowstorm and were 

removed from analysis. Sinking depth of the tuna can penetrometer ranged from 0-8 cm (M̅ = 

2.89 ± 2.55 cm). Average sink depth in open canopy indicated a softer and more variable snow 

surface than in closed canopy forest (4.25 ± 2.34 cm versus 1.40 ± 1.35 cm). Visual inspection of 

sinking depth from the penetrometer revealed hourly changes in both open and closed canopy 

(Appendix C, Fig. C3). 

 

4.3.2 Snow Hardness Modeling  

 All supported models (∆AIC < 4; n = 13 models) included fixed effects for sun time, 

canopy cover, season, and snow density as predictors of surface snow hardness. All supported 

models also included significant interactions between canopy and snow density, season and sine 

of sun time, and season and cosine of sun time. The model with the lowest AIC value included a 

fourth interaction for canopy and the cosine of sun time. All variables in the model with the 
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lowest AIC were significant, and the model performed with an overall R2 of 0.63 (Appendix C, 

Table C1 and C2).  

Surface hardness (i.e., sinking depth from tuna can penetrometer) predictions ranged 

between 0 and 7.3 cm at all cameras and all hours, with an average of 2.52 ± 1.98 cm. Overall, 

softer snow occurred in the afternoon (higher sinking depth from penetrometer values), and 

harder snow occurred overnight and into the morning (lower sinking depth from penetrometer 

values). In the closed canopy, snow hardness diel cycles remained relatively consistent between 

winter and spring, with oscillations between ~1 cm and ~ 2 cm in winter and 0 cm and ~2 cm in 

spring. However, in the open canopy, hardness diel cycles differed seasonally in both timing and 

magnitude, oscillating between ~3 cm to ~6 cm in winter and 0 cm to ~5 cm in spring (Figure 

4.2A-B). The hardest snow (i.e., nocturnal snow crust) in the diurnal cycle was just before 

sunrise in both winter and spring. After adjusting to account for Norway’s variable day lengths, 

this was a 14-hour lag in winter and 8-hour lag in spring. The shorter lag time in the spring 

reflected the faster energy exchange between the snow surface and air as a result of the larger 

difference in  

The relationship between the daily Norway snow model’s snow density and measured 

snow hardness changed depending on canopy cover and time of day. During the winter, the 

relationship was relatively consistent at all times of day, but in the spring in the open canopy, the 

relationship between snow hardness and density differed depending on the time of day, with 

density values at sunset corresponding to up to 6-fold softer snow than values between midnight 

and noon (Appendix C, Figure C4A-D).  
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Figure 4.2 Plot of snow hardness observations from the tuna can penetrometer separated for 

closed and open canopy for A) winter (9 overnights; n = 192 observations) and B) spring (2 

overnights; n = 55 observations). The x-axis represents hour of day when converted to radians 

relative to sunrise and sunset. Dashed lines indicate sunrise and set. Dark green and dark blue 

lines represent predicted values with corresponding 95% confidence intervals from the top model 

predicting snow hardness when snow density is held constant at 300 g/cm3 (X= 296.1 ± 34.4 

g/cm3). In both panels, lower sinking depth values correspond to harder snow, and higher values 

correspond to softer snow. We applied a jitter to show data more easily.  

 

4.3.4 Overlap Analysis 

 Roe deer showed increased morning activity and less activity after sunset on freeze-thaw 

days compared to non-freeze thaw days (Figure 4.3A; ∆=0.89, 95% CI = 0.86 – 0.93; Y2 = 8.51, 
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df  = 2, p < 0.05). In contrast, hares showed no significant differences in activity patterns in 

relation to snow hardness diel cycles, and instead showed strong nocturnal behavior (Figure 

4.3B; ∆=0.91, 95% CI = 0.89 – 0.95; Y2 = 4.78, df  = 2, p = 0.09). Roe deer diel cycles showed 

no differences depending on canopy cover, but there were significant differences depending on 

timing in the melt season (Figures 4.3C; ∆=0.78, 95% CI = 0.70 – 0.83; Y2 = 14.17, df  = 2, p < 

0.001).Deer were most active mid-day in winter, and, their activity shifted toward mornings in 

the spring. Hares showed nocturnal behavior and no effects of canopy or season on activity level 

(Figures 4.3D; ∆=0.90, 95% CI = 0.86 – 0.94; Y2 = 3.66, df = 2, p = 0.161).  
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Figure 4.3 Comparison of diel cycles for A) roe deer and B) hare for freeze-thaw (FT) days and 

non-FT days across the study period. Roe deer showed significant differences between activity 

on FT days and non-FT days (p < 0.001). Hares showed no significant differences between these 

conditions (p = 0.06). C) and D) show comparisons for winter and spring activity for roe deer 

and hare, respectively. Roe deer showed significant differences depending on season (p < 0.001) 

but hares did not. For reference, predicted snow hardness values from our snow hardness model 

for both winter and spring is on the dotted line. Lower values indicate harder snow, and higher 

values indicate softer snow.   

 

4.3.5 Animal Activity Model 

 Consistent with the overlap analysis, the GAM for roe deer activity showed overall 

crepuscular behavior for deer, with activity peaking just after sunrise and just before sunset 

(Figure 4.4A). Roe deer were more active when the snow surface was harder snow (i.e., 
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predicted sinking depth values < 2.5 cm; p < 0.05; Fig. 4.4B). Deer were less active when snow 

depth exceeded 55 cm, a depth that is close to the threshold predicted to seriously impede 

movement based on their chest height (p < 0.05; Fig. 4.4C; Kelsall 1969). The interaction among 

sun time, snow hardness, and snow depth was significant, with roe deer showing increased 

morning activity when snow was deep (> 80) and hard (tuna can sinking depth < 3 cm) (p < 0.05; 

Appendix C, Figure C4 and Table C3). Overall, this model explained 12.2% of the deviance in 

the timing of roe deer activity.  

The GAM analysis for hares confirmed their nocturnal behavior, with activity peaking 

after sunset and before midnight (Fig. 4.4D). Snow hardness had a negative effect on activity at 

harder snow values up to 2.5 cm, then a positive effect on activity at soft snow values > 2.5 cm 

(Fig. 4.4E). Snow depth had little effect up to 25 cm, and a negative effect at values > 25 cm 

(Fig. 4.4F). Like roe deer, the interaction among sun time, snow hardness, and snow depth was 

significant (p < 0.05; Appendix C, Figure C4 and Table C3). However, using the GAM model to 

predict hare activity showed that most hare activity remained between sunset and midnight at 

soft snow values ranging between 2 and 5 cm (Fig. 4.5B). This model explained 13.7% deviance 

(Appendix C, Table C3).  

 



 121 

 

Figure 4.4. Regression splines for the fixed effects from the generalized additive model for roe 

deer (A-C) and hare (D-F), which regresses animal activity with sun time, estimated snow 

hardness, snow depth, and an interaction for sun time, snow hardness, and snow depth. Values 

above zero (the dashed red line) show the predictor variable had a positive effect on animal 

activity, and values below zero are associated with a negative effect. Methods of fitting the fixed 

effects in the regression, either cyclic cubic regression spline (CRS) or thin-plate regression 

spline (TPRS), are located in the bottom right-hand corner. The predicted tuna can sinking depth 

was derived from our snow hardness model, where higher values indicate softer snow.  

 

4.4 Discussion 

 We quantified hourly changes in snow hardness in boreal Norway, demonstrating shifts 

in magnitude and timing depending on season, canopy cover, and snow density. Our model 

suggests the ‘nocturnal snow crust’ (maximum snow hardness) lags by approximately 14 hours 

after sunset in winter and 8 hours after sunset in spring, with the hardest snow typically 

occurring shortly before sunrise. The snow was softest in the afternoon, usually before sunset. 

When modeled with wildlife diel cycles, the timing of roe deer activity was affected by snow 
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hardness whereas hare activity was less sensitive, likely due to morphological differences. Snow 

conditions thus present a complex landscape for less snow-adapted animals, and understanding 

physical processes at the snow surface at a fine temporal scale should help to predict optimal 

movement for animals sensitive to snow conditions.  

Our results emphasize the importance of canopy cover and seasonal changes in solar 

radiation as key factors driving changes in surface snow hardness. Snow hardness has largely 

been measured in the context of avalanche prediction studies (Kozak et al. 2003, Kinar and 

Pomeroy 2015), but our findings highlight the importance of canopy cover in the energy 

exchange at the snow surface level (Horstkotte and Roturier 2013, Lundquist et al. 2013). Snow 

density was correlated with, but not a sole predictor for, surface hardness, reinforcing the 

differences between snow density and hardness (Pielmeier and Schneebeli 2003, Geldsetzer and 

Jamieson 2001) and the importance of direct snow surface strength measurements for wildlife 

application (Penczykowski et al. 2017). For example, at a given density value in the spring, 

surface hardness could vary 6-fold between sunset and midnight in open canopy habitats, 

whereas hardness varied less than 0.5-fold at a given density in closed canopy sites (Figure 4.2 

and Appendix C, Figure C4). Although prior studies have found that surface density is strongly 

correlated to surface hardness during witner in Alaska and Washington (Sullender et al. 2023, 

Sivy et al. 2018), density may be an especially poor proxy for hardness during the spring melt 

season in open habitats. Our model may be useful in these cases, improving snow hardness 

correlation with daily density by incorporating hour of day, canopy cover, and time of year 

information.  

Our findings also underscore the sensitivity of roe deer to snow hardness, and the 

differences in sensitivity to snow hardness depending on species. For roe deer, we found 
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increased morning activity in the spring compared to winter, consistent with a recent study in 

Wyoming showing that ungulates are more active in the morning in the spring compared to fall 

(Jakopak et al. 2022). Additionally, while the Jakopak et al. study speculated about the role of 

harder snow in the morning in explaining this finding, our analysis provided evidence of this 

connection by identifying increased morning activity for roe deer on freeze-thaw days relative to 

non-freeze-thaw-days. Furthermore, results from our GAM for roe deer activity explicitly 

quantified the influence of snow hardness on activity. Harder snow had a positive effect on 

morning activity, and predictions from the GAM model revealed more activity in the morning on 

harder snow at higher snow depths. Ungulates prefer supportive snow spatially (Ossi et al. 2015, 

Mahoney et al. 2018), and this work demonstrates roe deer select for supportive snow temporally 

as well.  

We found that roe deer increased activity on hard snow when it was deep, and that roe 

deer may prefer to travel on soft snow when it is shallow. This finding matched other studies 

suggesting an interaction between snow depth and snow strength (Mahoney et al. 2018). 

According to our model, the snow depth with which the roe deer selected for soft snow or hard 

snow switched at 50 cm. This result is surprising given that chest height is approximately 40 cm 

on roe deer depending on age and sex (Janiszewski et al. 2011), and the exponential increase in 

subsequent locomotive difficulties at snow depths above this height (Kelsall 1969). However, 

there may be some instances when softer snow is advantageous. Softer snow may offer easier 

access to forage, as harder snow restricts grazing access to small bushes (Ossi et al. 2015). Softer 

snow was also consistently in open canopy, and previous studies have shown that roe deer will 

select for areas with stronger heat radiation from the sun for thermoregulation (Ratikainen et al. 

2007). Snow hardness is thus not the only factor roe deer must account for during winter activity, 
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and this study highlights the trade-offs in movement animals may make to balance for foraging 

opportunities and temperature regulation.  

In contrast, hares maintained nocturnal behavior, showing no change in response to 

freeze-thaw days or changes in season. Results from our GAM model showed that hare activity 

increased at softer snow at higher snow depths. Softer snow is advantageous for predator 

avoidance in hares, who have a lower foot load than their predators, the lynx (Murray and Boutin 

1991b). Hares are also highly nocturnal (Mech et al. 1966, Shiratsuru et al. 2023), and they likely 

leverage their low foot loading to tolerate softer snow.  

Our sample size of empirical snow hardness measurements was relatively low, and we 

extrapolated to several hundred camera sites using information collected from only three areas. 

Our model had strong predictive ability (a reasonably high R2) despite these limitations, 

representing an important first step in quantifying diel cycles of hardness. We recommend future 

studies conduct a larger study to include more overnight observations covering a larger regional 

area with elevational and coast-inland gradients. A larger study may be able to include other 

meteorological variables identified to affect snow hardness, such as temperature and cloud cover 

(Cagnati et al. 2004, Bormann et al. 2013). We only collected data on days when temperatures 

crossed 0, and a larger dataset may also be able to capture other conditions snow hardness diel 

cycles occur. We also had disproportionately more measurements in the winter (n = 192) than 

spring (n = 47), and future work should continue to focus on spring measurements when snow 

diel cycles overlap with wildlife migration and reproduction. We used modeled snow density and 

snow depth at 1-km resolution in our analysis to allow for extrapolating to the broader Scandcam 

sampling area, but recent work has emphasized the importance of spatial and temporal scale 

when monitoring various snow conditions (Reinking et al. 2022). Given the spatial variability of 
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density and depth over small areas, future work should explore increased resolutions from model 

outputs, as they may offer better snow hardness modeling at fine scales.  

Improved understanding of snow hardness and animal behavior invites new questions for 

large-scale animal movement and landscape permeability. We demonstrate that activity timing is 

different for roe deer depending on snow hardness, suggesting new hypotheses for temporal 

barriers as well as potential avenues for movement. We recommend continued research on snow 

hardness in the context of landscape permeability, particularly for migratory animals like many 

ungulate species (Ramanzin et al. 2007, Panzacchi et al. 2016). Wildlife snow tracking may 

benefit from insight on snow diel cyles in the future too. Wildlife ecologists measure the sinking 

depth of animal tracks to assess locomotive abilities and predator-prey interactions (Pozzanghera 

et al. 2016, Sivy et al. 2018, Sullender et al. 2023), and improved information on the relation 

between sinking depth and time of day may provide more precise record on when the track was 

made as well as the snow landscape when the animal made the track.  

 

4.6 Conclusion 

  Our empirical data reveal that snow surface hardness changes up to 6-fold on an hourly 

basis depending on canopy cover and timing during the melt season. Animals with increased 

locomotive difficulties on snow, such as roe deer, displayed stronger shifts in activity in response 

to harder snow than mammals with morphological advantages for snow, like mountain hares. 

While most research on snow hardness has focused on avalanches and Arctic tundra locations 

(e.g., Svalbard), this study emphasizes the influence of snow hardness on animal movement in 

the world’s largest ecosystem, the boreal forest. Many arctic and boreal regions are experiencing 

increased rain-on-snow events (Cohen et al. 2015, Mooney and Li 2021) and winter days with 
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large temperature oscillations (Wilson et al. 2013, Berteaux et al. 2017), both of which should 

cause more changes in snow hardness. Our study highlights snow hardness as a landscape feature 

that shapes animal movement decisions temporally as well as spatially.  
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Chapter 5. RAIN-ON-SNOW DETECTION FROM PASSIVE 

MICROWAVE REMOTE SENSING, WEATHER STATIONS, AND 

WILDLIFE CAMERAS 

 

Publication history: This study was co-authored with Caleb Pan, Jinyang Du, Jessica Lundquist, 

John Odden, and Laura Prugh. At the time this dissertation was submitted, no version of this 

manuscript was in review, accepted or published elsewhere. 

 

Abstract: Mid-winter rain events are increasingly important for ecology and hydrology 

monitoring in northern regions, but identifying rain and rain-on-snow (ROS) events is difficult in 

remote and complex terrain. Passive microwave information, from sources such as the Advanced 

Microwave Scanning Radiometer 2 (AMSR2), has been used with success in high arctic 

snowpacks, but its performance has not been evaluated in other snow-covered regions. We 

compared ROS events detected by AMSR2 to ROS events detected at weather stations in 

Norway, finding AMSR2 performed with lower accuracy in areas near water and with high tree 

cover. Using 253 cameras from a Norwegian wildlife camera network (Scandcam) managed by 

the Norwegian Institute for Nature Research, we trained a neural network model to classify rain 

in images, with an f1-score equal to 0.76. We then deployed the model on the remaining 103 

cameras, combining the camera information with AMSR2 retrievals to improve accuracy with 

weather stations. We found an increase of 1% in accuracy for ROS detection when combining 

camera information with AMSR2 information, but that current methods for using AMSR2 to 
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detect ROS events in maritime, montane forest conditions are not robust. Remotely detecting 

rain on snow remains a wicked problem for both hydrologists and ecologists.  

 

5.1 Introduction 

Mid-winter rain events, specifically rain-on-snow (ROS) events, are becoming more 

common in high latitude regions as the climate warms (Cohen et al., 2015). These ROS events 

have drastic impacts on hydrology and ecology. Major rain events in mid and late winter can 

result in widespread flooding due to rapid snowpack melt (Musselman et al., 2018). Winter rain 

followed by refreezing can create an icy layer and restrict vegetation access for grazing 

animals, leading to catastrophic die-offs in some case studies on reindeer (Rangifer tarandus 

platyrhynchus), caribou (Rangifer tarandus pearyi), and muskox (Ovibos moschatus) (Hansen 

et al., 2019a, 2019b; Langlois et al., 2017; Putkonen et al., 2009). Subnivean animals also 

suffer shelter access when intense rains collapse soft snow layers used for tunnels beneath the 

snow surface (Mölle et al., 2022). The increasing frequency of ROS events, combined with the 

impacts on hydrology and ecology, underlines the urgency to improve ROS monitoring and 

detection. 

Current methods to monitor ROS events present trade-offs in scalability and accuracy. 

Weather stations are the primary mode for monitoring winter weather, but stations are not 

always located in habitats of interest for wildlife studies or in rugged terrain for hydrology 

monitoring (Boelman et al., 2019). Additionally, weather stations often monitor precipitation 

without differentiating between rain and snow, which can switch as often as hourly within the 

same storm (Lundquist et al. 2008). Researchers use temperature or humidity thresholds to 

identify rain at weather stations (Lundquist et al., 2008; Pan et al., 2018; Wayand et al., 2017), 
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but there is uncertainty in mixed precipitation conditions and close to threshold boundaries. 

Specific precipitation detection devices, called “disdrometers,” differentiate between rain and 

snow (Wayand et al., 2016), but these devices are expensive and large, and therefore difficult 

to scale up.  

Passive microwave satellites can detect rain-on-snow (ROS) events due to the dielectric 

effects of moisture on passive microwave signals (Grenfell & Putkonen, 2008). These sensors 

offer near-daily global retrievals and are insensitive to polar darkness and cloud cover (Kim et 

al. 2017).  One passive microwave sensor is the Advanced Microwave Scanning Radiometer 2 

(AMSR2), flown on board the JAXA GCOM-W satellite (Du et al. 2014). Detection of ROS 

events by the AMSR2 is possible by exploiting the differences in the polarization of the 18.5 

GHz and 36.5 GHz temperature brightness (Tb) frequencies for wet snow (Dolant et al., 2016; 

Langlois et al., 2017; Pan et al., 2018). These retrievals have been particularly useful wildlife 

studies in Arctic and boreal regions. For example, van de Kirk et al. (2020) found that freeze-

thaw events derived from passive microwave remote sensing was the best predictor for adult 

Dall sheep (Ovis dalli dalli) survival in Alaska, and a separate study in Alaska linked a large 

ROS event derived from AMSR2 to caribou populations shifts (Prugh et al. 2024). In the 

Canadian Arctic Archipelago, Langlois et al. (2017) identified winters with more ROS events 

with a decrease in Peary caribou populations (Rangifer tarandus pearyi) using the AMSR-E 

sensor, the precursor to AMSR2. Passive microwave retrievals from sensors such as the 

AMSR2 offer the ability to capture the spatial extent and frequency of large-scale freeze-thaw 

and ROS events where disdrometers and weather stations would be unfeasible, but retrievals 

remain sensitive to on-the-ground conditions, including vegetation, snow wetness, and soil 

moisture (Gan et al., 2021). Especially in maritime and montane forest snowpacks, where wet 
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snow and dense vegetation is common, more work is needed to assess the utility of passive 

microwave sensing for ROS detections (Langlois et al., 2017).  

Remote camera networks deployed for wildlife monitoring may be useful for validating and 

supplementing ROS detection, by offering abilities to scale up to networks in areas of interest 

(Burton et al. 2015) and providing ground-based precipitation detection where passive 

microwave observations may be less accurate. Meteorological variables, including overcast, 

sunshine, snow, hail, and undifferentiated precipitation have been manually extracted from 

camera images (Alison et al., 2024, Dertien et al, 2017). Although automated algorithms have 

been developed for detecting rain in traffic cameras, in-vehicle cameras, and movie scenes 

(Barnum et al., 2010; Bossu et al., 2011; Khan & Ahmed, 2019), success depends on camera 

parameters (Garg & Nayar, 2007). Algorithms have not been developed for processing wildlife 

camera images for rain, and camera trap images present a new domain for rain detection. 

Camera traps often take photos with infrared flash, resulting in low-light, grey scale images, 

making information extraction more difficult (Beery et al., 2019; Breen et al., 2023). 

Additionally, in forests and varied terrain, obstacles such as rocks and trees can prevent visual 

cues from reaching the camera, leading to incorrect weather detection.  

 In this study, we evaluated the utility of camera traps to supplement passive microwave 

retrievals from AMSR2 for detecting ROS events in boreal forests of Norway, a region that 

includes both maritime and montane forest snow conditions (Sturm & Liston, 2021). Norway 

represents one of the regions of the world experiencing the fastest changes in ROS frequency 

(Cohen et al., 2015; Pall et al., 2019), with increasing winter rain at lower elevations and 

forested regions (Pall et al., 2019). We first identified the accuracy of AMSR2 retrievals for 

ROS detection in Norway by validating with weather stations. Second, using images from a 
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large-scale wildlife camera network (Scandcam) managed by the Norwegian Institute for 

Nature Research, we trained a deep learning model to identify rain in camera images. Third, we 

combined AMSR2-detected ROS observations with rain detected at cameras to improve overall 

AMSR2 accuracy, identifying improvement in accuracy combining AMSR2 with on-the-

ground observations.  

 

5.2  Methods 

5.2.1 Study Area 

Mainland Norway spans approximately 12°of latitude (57°N – 70°N) and 25° of 

longitude (5°E to 32°E), encompassing a variety of forest, alpine, and high arctic climates. The 

Scandcam wildlife camera network, managed by the Norwegian Institute for Nature Research 

(NINA), was set up to monitor the recovering Eurasian lynx (Lynx lynx). Cameras were placed 

in lynx habitat, which is primarily boreal forest, spanning a latitude gradient of 57°N – 67°N 

and a maritime-continental climate gradient (Fig. 5.1). Boreal forests are mostly Norway 

spruce (Picea abies) and Scots pine (Pinus sylvestris) and subject to clear-cut forestry 

practices, which can strongly affect tree canopy cover. Elevations in these regions range from 0 

to 1500 m (Carricondo-Sanchez et al., 2017; Iannino et al., 2024). About 5% of mainland 

Norway is water, including many small lakes and rivers (Schartau et al. 2010).   

 

5.2.2 Weather Station Data    

We downloaded the locations of all weather stations in Norway (n = 1011) using the 

Norwegian Meteorological Institute’s online weather station archive (https://frost.met.no). We 

then downloaded data from all stations with hourly temperature and precipitation 

https://frost.met.no/


 140 

measurements located within 30 km of a ScandCam camera (n = 183 weather stations; Fig. 

5.1). We opted for hourly rather than daily temperature and precipitation observations as this 

allowed for matching with camera timestamps, and weather stations with daily temperature and 

precipitation observations aggregated hourly observations. We selected 30 km to balance trade-

offs between sample size and overlap with weather events. The weather stations were within 30 

km of 253 cameras (see Fig. 5.1).  

We pulled all weather station data for our study period, January 2018 to March 2020, 

matching the availability of our camera imagery data from the Scandcam network. We 

consolidated the hourly observations from weather stations to daily rain events using the 

temperature and precipitation criteria for a ROS event from Mooney et al. (2019) and 

Lundquist et al. (2008): average temperature ≥	3°C, precipitation ≥	5 mm/day. Rain events 

were then filtered to those occurring on snow using the MODIS/Terra Cloud-Gap Filled Snow 

Cover Daily L3 Global product at 500-m resolution (Hall & Riggs, 2020) and a snow cover 

index value equal to 40 for the threshold for snow/no snow pixels (Breen et al. 2023). All 

buffer analyses and geoprocessing were conducted using python’s rasterio and geopandas 

packages.  
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Figure 5.1. Weather stations used for AMSR2 validation (n = 183, purple dots). We selected 

weather stations within 30 km of camera traps (n = 253, orange dots) from the Scandcam 

wildlife camera network. We added an inset map to facilitate visualization in southern Norway, 

the region with the highest density of camera traps near weather stations.  

 

5.2.3 Passive Microwave Satellite Data 

We used the Calibrated, Enhanced-Resolution Brightness Temperature product obtained 

from the JAXA GCOM-W satellite’s AMSR2 sensor (Du et al. 2014). Rain-on-snow events 

can be identified by examining the Gradient Ratio Polarization (GRP), or the ratio between the 
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vertical polarizations and the horizontal polarizations of the temperature brightness (Tb) 

retrievals at frequencies 18.7 GHz and 36.5 GHz (Dolant et al, 2016, Du et al. 2016, Pan et al 

2018, Prugh et al. 2024). The temperature brightness values change as snow wetness changes 

(Vuyovich et al. 2017), and the GRP exploits the differences in the vertical and horizontal 

polarizations during a ROS event, whereby horizontal polarizations return negative values and 

vertical polarizations return positive values (Langlois et al. 2017, Dolant et al. 2016). We 

followed processing steps described in Pan et al. (2018) and resampled the ~12.5 km AMSR2 

Tb observations to a 3 km resolution in the polar EASE-Grid (version 2) geographic projection 

using bilinear interpolation. Pan et al. (2018) used a 6 km grid, but more recent studies have 

used resampling methods at 3.125 km resolution (Prugh et al. 2024). After resampling, we 

identified the gradient ratio between 18.7 GHz and 36.5 GHz frequencies for both the vertical 

and horizontal polarizations, then calculated the GRP. We classified rain as GRP values < 1 at 

elevations ≤900 m and < -5 for elevations greater than 900 m (Pan et al. 2018) using the 

elevation layer from the Copernicus Digital Elevation Model at 30-m resolution (European 

Space Agency & Airbus, 2022). As with the weather stations, we masked for snow or no snow 

pixels using the MODIS/Terra Cloud-Gap Filled Snow Cover Daily L3 Global product at 500-

m resolution (Hall & Riggs, 2020) and a snow cover index value equal to 40 for the threshold 

for snow/no snow pixels (Breen et al. 2023). The result was a time-series of ROS events for all 

days across our study period.  

 

5.2.4 Comparing Weather Stations and Passive Microwave Satellites for ROS Events 

We compared ROS events detected at weather stations to ROS events derived from the 

AMSR2 product, considering it a match if the AMSR2 record detected a ROS event the same 
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day as the weather station or the day after (Pan et al. 2018). We used accuracy, the true positive 

rate, and the true negative rate to evaluate overall AMSR2 performance. Accuracy provides the 

overall performance, while the true positive rate and true negative rate provide an indication for 

likelihood of true positives and true negatives when equal weight is assigned to both classes. 

These metrics have been used in previous studies for validating remote sensing maps (Comber 

et al., 2012). Accuracy was defined as the total number of correct predictions divided by the 

total number of predictions, ranging from 0% (weak performance) to 100% (perfect 

performance). The true positive rate, sometimes referred to as sensitivity, was defined as the 

number of true ROS detections while ignoring false positive detections. The true negative rate, 

sometimes referred to as the specificity, was defined as the sensor’s ability to predict true 

negatives, reflecting the number of false positives. The perfect model would have 100% 

accuracy, and a true positive rate and true negative rate equal to 1 (Tabak et al., 2019). 

Accuracy was calculated using the accuracy_score function in python’s ‘sklearn’ package. The 

true positive and true negative rates were calculated using the equations for sensitivity and 

specificity, respectively (eqns. 1 and 2).  

 

;&@'	=<F6*6>'	&0*'	(F')F6*6>6*8) = 	 /01#	234-&-5#4	
(/01#	234-&-5#4	6	78"4#	9#%8&-5#4)     (Eqn. 5.1) 

;&@'	)'%0*6>'	&0*'	(F='K6J6K6*8) = 	 /01#	9#%8&-5#4	
(/01#	9#%8&-5#4	6	78"4#	234-&-5#4)     (Eqn. 5.2) 

 

We constrained our analysis to Norwegian winter months, October to April (and March for 

year 2020) for each year. 
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5.2.5 Threshold Adjustment  

ROS detection from AMSR2 is sensitive to the GRP threshold, with recommendation that 

thresholds might need to be adjusted based on environmental factors or snowpack type 

(Langlois et al. 2018). We repeated the accuracy metrics (accuracy, true positive rate, and true 

negative) after identifying the optimal GRP threshold using a receiver operating curve (ROC) 

analysis, whereby we counted the number of true positives and true negatives from the weather 

stations at every GRP threshold, and selected the threshold that optimized for both ROS days 

and non-ROS days (Robin et al., 2011). This approach represents the best threshold for this 

region if the threshold is region dependent. We did not adjust the threshold for higher 

elevations (GRP < -5) because only one of our weather stations had an elevation greater than 

900 m. Other studies have added a criterion that the snow had to be dry the day before a ROS 

event (Du et al. 2016), which can avoid inflated false positive detections during intermittent 

melting events. For both the GRP threshold < 1 and the GRP threshold identified by the ROC 

analysis, we tested whether a “dry snow check” on the day before a ROS event improved 

performance. In addition to investigating overall accuracy, the true positive rate, and the true 

negatives rate after changes to the GRP, we also investigated the top three locations where we 

had the greatest number of ROS events detected at the weather station, inspecting a timeseries 

of GRP value throughout the winter season.  

 

5.2.6 Factors that Impact AMSR2 Accuracy when Compared to Weather Stations  

Passive microwave retrievals are sensitive to tree cover, elevation, and soil moisture 

content (Derksen et al., 2012; Derksen, 2008; Du et al., 2016). We evaluated the effect of 

percent tree cover, elevation, precipitation, air temperature, and proximity to water body on the 
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ability for the AMSR2 retrievals to detect a true positive event using a logistic regression. We 

used the best-performing threshold from 5.2.5 (highest overall accuracy), and classified all 

detections when AMSR2 retrievals indicated a ROS event (i.e., positive detections only) as true 

positives (1) or false positives (0). We then fit a logistic model to determine the effect of these 

factors on the true positive probability, ensuring correlations were below 0.4 (Dormann et al., 

2013) and that variables were normalized prior to inclusion (eqn. 5.3): 

 

p(True Positive) ~ precipitation + air temperature + tree cover + elevation + proximity to 

water (eqn. 5.3) 

 

Precipitation represented the daily sum of precipitation from the weather stations. Air 

temperature represented the daily maximum air temperature. Tree cover represented the percent 

tree cover at the weather station and was derived using the MODIS/Terra Vegetation 

Continuous Fields Yearly L3 Global at 250 m resolution (DiMiceli et al., 2015). Elevation 

represented the elevation of the site above sea level derived from the Copernicus Digital 

Surface Model at 30 m resolution (European Space Agency & Airbus, 2022). Proximity to 

water was defined as 1 (< 500 m from water), 0.5 (500 m < x < 4 km from water), or 0 (> 4km 

from water), matching previous approaches for flagging pixels near water (Pan et al. 2018). 

Water information was derived from the European Space Agency’s GlobCover: Global Land 

Cover Map at 300 m resolution (ESA 2010 and UCLouvain). We fit the model using the Logit 

model class from the statsmodels package in python.  
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5.2.7 Adding camera station information to passive microwave ROS record 

5.2.7.1 Machine Learning to Label Images   

We used cameras images from the Scandcam camera network, managed by the Norwegian 

Institute for Nature Research (Carricondo-Sanchez et al., 2017; Iannino et al., 2024) to assess 

improvement in the AMSR2 retrievals with on-the-ground information. Cameras were 

optimized for lynx detection, but prior studies have indicated success for remote sensing 

validation (Breen et al. 2023). We obtained camera images from years 2018, 2019, and 2020 

(2020 only had images from January to March due to data limitations as result of the 2020 

covid pandemic).  

To detect images of rain, we trained a machine learning model (hereafter, “ML model”) 

using the Scandcam images labeled as “rain” or “not rain.” We divided the Scandcam images 

into three distinct sets: training, validating, and testing. The training and validating set were 

used during model development, allowing the model to fit and adjust parameters over the 

course of several iterations through the data. The test set, however, was not used for model 

fitting, but instead was held separate to evaluate the model’s performance on data that it did not 

see during model fitting. A three-way data split with a test set allows for consistent comparison 

across models if the training protocol is adjusted, and this approach provides insight into how 

the model may perform on novel datasets given that no information in the test set is provided 

during model development (Bothmann et al., 2023). For the training dataset, we first attempted 

to manually identify rain in Scandcam images across the network, but we found manual 

labeling was too time intensive and difficult to detect visually. We achieved some labeling 

using images that had a clear visual signature for rain or no rain (e.g., sunny) across 370 

cameras, but there was a 70:1 class imbalance of detections and non-detections for rain images 
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(nrain = 131 images, nnone = 9,382 images). We included these images in the training set, then 

added images from a random subset of 75 of the 253 cameras near weather stations to improve 

class balance in the training set. We labeled these images using the hourly precipitation 

weather station information. Rain was defined as any event where hourly temperature was > 

3°C and precipitation was 0.5 mm/hr (Lundquist et al. 2008). In places when a camera was near 

to multiple weather stations within 30 km, we used the nearest station. For the validation set, 

we used another random 75 cameras labeled by the weather stations. The result was 445 

individual cameras sites in training and 75 cameras in validation (ntraining  = 12,350 images and 

nvalidation = 3,745 images; Table 5.1). This breakdown for training and validation roughly 

mimics a 80/20 split for both independent cameras sites and images, which is a common 

breakdown for traditional machine learning data splits (Gholamy et al., 2018).  

Using the training and validation datasets, we trained a model using a ResNet-50 model 

architecture (He et al., 2015). During training, we applied a model weight of 2 to the “rain” 

class to correct for the 2:1 ratio of “no rain” to “rain” images across our dataset (Kellenberger 

et al., 2018). We also added a data augmentation step to vary the lighting, as changing lighting 

conditions has proven an effective strategy to improve models on unseen data in machine 

learning for ecological studies (James & Bradshaw, 2020). Lighting adjustments in the data 

augmentation step was done by changing the brightness parameter in the ColorJitter function 

of the ‘torch’ transforms class (Paszke et al., 2017). The model was trained using a batch size 

of 64, learning rate of 0.001, and 2000 epochs with the option for early stopping. Model 

training was done using the torch package in python on an Azure NC6s v3 virtual machine 

(VM) with a Tesla V100‐PCIE‐16GB GPU. 
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We used the remaining 103 of the 253 cameras near weather stations to operate as a 

“test set” or hold out set, which the model did not see during model fitting. We deployed the 

trained model on these images and compared the predicted ML-labels to the weather station-

assigned labels. We evaluated the model on the ability to perform on the test set, using 

accuracy, precision, recall, and f1-score metrics. Accuracy was defined as the number of 

overall correct predictions out of all predictions. Precision was defined as the proportion of 

identified rain images out of all rain predictions. Recall was defined as the model’s ability to 

identify rain events out of all rain occurrences. The f1-score is the harmonic mean between 

precision and recall, ranging from 0 to 1, providing a balanced insight to overall model 

performance (Alshahrani et al., 2021; Sidumo et al., 2022). An f1-score of around 0.80 is 

considered acceptable for real-world data, with f1-scores as low as 0.60 considered acceptable 

for image processing for ecological analysis (James & Bradshaw, 2020; Kellenberger et al., 

2018). We calculated the metrics using the accuracy_score, precision_score, recall_score, and 

f1_score functions in python’s ‘sklearn’ package. We deferred to the machine learning labels 

for all images in the test set to assess how machine learning can facilitate image labeling. 
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Table 5.1 Scandcam cameras used for ML model training, validation, and testing for labeling 

rain in wildlife camera trap imagery. “Far from weather stations” corresponds to > 30 km; 

“near weather stations” corresponds to ≤30 km from weather stations.  

Dataset Use # of Non-Rain 
Images 

# of Rain 
images 

Images far from weather stations (n = 

370 cameras) 

Training 9,382 131 

Images near weather stations (n = 75 

cameras) 

Training 1,448 1,389 

Images near weather stations (n = 75 

cameras) 

Validation 2,273 1,472 

Images near weather stations (n = 103 

cameras) 

Testing 3,589 4,838 

Total 16,692 7,830 

 

5.2.7.2 Supplementing AMSR2 with camera station information  

For each day of each weather station observation, we aggregated all ML-labeled images 

from cameras within 30 km. On days and locations where we had multiple images captured 

from cameras ≤ 30 km from the weather station, we averaged the labels assigned by the model 

and rounded to the nearest integer. We then updated the AMSR2 record based on the averaged 

label for rain or no rain. We continued to screen for snow/no-snow using the daily MODIS 

CGF snow layer after applying the update from the camera record. We evaluated the 

improvement in accuracy, true positive rate, and true negative rate, across all weather stations. 

We also inspected improvement in accuracy at the top three stations with the most 

supplementation from the camera traps.  

  

5.3 Results 

5.3.1 Comparing weather stations to AMSR2  
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We found that when using a GRP threshold of < 1 to indicate rain-on-snow (ROS), AMSR2 

overestimated the frequency of ROS events, performing with a near-perfect true positive rate of 

99%, but a low true negative rate (27%; Table 5.2). When aggregating all weather stations 

together, AMSR2 detected a ROS event on 80% of the days of the winter season, 68% of 

which were false positives (n = 46,133 false positives). The mean GRP for days that 

corresponded to ROS at the weather station was below 1, but the standard deviation suggested 

that it could oscillate far above and below 1 (X = 0.02 ± 3.35). Upon inspection of the three 

stations with the most weather station-detected ROS events, AMSR2 detected ROS almost 

every day of the winter season across all three water years (Appendix D, Figure D1). The 

threshold derived by the ROC analysis (GRP < 0.02), calculated to optimize the number of true 

positives for both classes, increased the accuracy to 58%. It also reduced the likelihood of a 

false positive, increasing the true negative rate to 60%. However, it increased the likelihood of 

missing a ROS event, dropping the true positive rate to 30% (Table 5.2). Including a criterion 

that the day before had to meet conditions for dry snow increased accuracy for both the GRP < 

1 and the GRP < 0.02 thresholds, with the GRP < 0.02 threshold plus a dry snow check 

performing with the best accuracy of 88%. It reduced the number of false positive detections 

from 40% (GRP < 0.02) to 7% (GRP < 0.02 plus a dry snow check), but some caution should 

be used, as the dry snow check also reduced the true positive rate to 10% (Table 5.2). 

Inspection of the three weather stations with the most weather-station detected events shows 

that even at stations with low to intermediate tree cover, the GRP threshold of < 0.02 plus a dry 

snow check detects some, but not all, of the ROS events (Fig. 5.2).  
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Table 5.2 Performance of AMSR2 for detecting rain on snow events in Norway when 

compared to weather stations (n = 183 weather stations) using the gradient ratio polarization 

(GRP) from thresholds set in Pan et al. (2018), as well as a custom GRP identified using a 

receiver operating curve (ROC) analysis (GRP < 0.02). We evaluated accuracy for both 

thresholds after a conducting a check for dry snow the day before. We report overall accuracy, 

as well as the true negative rate and true positive rate for all thresholds.  

 GRP < 1 (Pan et al. 2018) GRP < 0.02 (ROC analysis) 

 All days Day before 
dry snow 

All days Day before 
dry snow 

Accuracy (%) 31 86 58 88 
True Positive Rate 0.99 0.08 0.30 0.10 

True Negative Rate 0.27 0.92 0.60 0.94 
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Figure 5.2. GRP values for three sample stations with the highest number of ROS events 

recorded from the weather station identified using a GRP threshold of < 0.02 (purple dashed 

line) plus a dry snow check. Stations from top to bottom include, SN37070 (58.9°N 8.6°E; n = 

66 events), SN37070 (65.8°N 13.2°E; n = 56 events), and SN88100 (68.6°N 18.2°E; n = 50 

events). We focus on 2 months from our study period, February 1, 2019, to April 1, 2019, to 

facilitate visualization. Blue bars indicate AMSR2 detected using a GRP < 0.02 with a check 

for dry snow, cream bars indicate a weather station detected a ROS event, and brown indicates 

both detected an ROS event. The blue line shows the daily GRP value, and the green line 

shows the snow cover index derived from the daily MODIS cloud-gap-filled product.  

 

5.3.2 Factors Impacting AMSR2 Accuracy  

We selected the GRP threshold of < 0.02 plus a dry snow check as the best threshold for 

detecting ROS events from AMSR2 because it reported with the highest accuracy. Using a 

logistic regression to predict the probability of a true positive detection using that threshold 

suggested that, unsurprisingly, higher precipitation and temperature were less likely to lead to a 
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false positive event (i.e., AMSR accurately detects severe ROS events). However, water and 

canopy cover also affected accuracy. Higher canopy cover and proximity to water both 

decreased the true positive likelihood (and subsequently increasing the false positive 

likelihood). Elevation had no significant effect on the true positive probability (Table 5.3).  

 

Table 5.3. Coefficient estimates, standard error (SE), t-values, and p-values from a logistic 

model assessing factors that affect AMSR2 and weather station agreement (n = 26,097 

observations) for three winter seasons: 1) January – April 2018, 2) October 2019 – April 2019, 

and 3) October 2019 – March 2020. We used a GRP threshold of < 0.02 plus a dry snow check 

to identify ROS from AMSR2. All variables were normalized and checked for correlation prior 

to inclusion in the model.  

Parameter Estimate SE t-value p-value 

Intercept -3.01 0.078 -38.79 <0.001 
Precipitation 0.74 0.125 5.87 <0.001 

Temperature 0.67 0.063 10.54 <0.001 
% Tree Cover -0.14 0.073 -1.97 <0.05 

Elevation -0.11 0.078 -1.49 0.14 
Proximity to 

Water 

-0.24 0.069 -3.39 <0.01 

 

 

5.3.3 Supplementing AMSR2 with Camera Information 

5.3.3.1 Machine Learning Model 

We compared the ML-predicted labels with the weather station labels for 103 cameras in 

the test set (n = 8,427 images) and found an overall accuracy of 70% for rain or no rain, with 

precision and recall for rain equal to 0.64 and 0.94, respectively. The f1-score, which is the 

weighted accuracy between the precision and recall, was equal to 0.76. Upon inspection, the 
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model made reasonable assessments for rain, with some instances demonstrating that it out-

performed weather station labels likely due to the distance mismatch between the sources (Fig. 

5.3). We deferred to the machine learning labels for all images.  

 

Figure 5.3 We used a deep learning neural network (f1-score = 0.76) to label images cameras 

from a wildlife camera network (Scandcam) for either “rain” or “not rain”. Above each row, 

we indicate the labeled value from nearby (< 30 km) weather stations (“true”) and the ML-

model predicted value (“pred”). The top row represents images classified as rain from the 

model. The middle row represents instances when the model missed images that the nearby 

weather station recorded as rain. The bottom row represents instances when the model detected 

rain, but the nearby weather station did not.  
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5.3.3.2  Improvement in AMSR2 from camera supplementation 

When the AMSR2 ROS retrievals were updated using the labels from the 103 cameras 

labeled by the machine learning model, we found 61 weather stations had at least one 

observation day updated by a camera. In total, we updated 1,909 observations (3% of total 

dataset), with 37% of the updates for a rain detection. When inspecting for changes in accuracy 

using the best threshold from 3.1 (GRP < 0.02 with a dry snow check), we found that it 

increased the accuracy from 88% to 89%, the true positive rate from 10% to 11% and the true 

negative rate stayed the same (93%). The supplementation increased the likelihood of a true 

positive detection by the updated record. The results were consistent for the other thresholds 

presented in 3.1 (Appendix D, Table D1) 

When focusing on the top three stations with the most retrievals updated by camera labels 

(i.e., the most supplementation), we saw a 1-2% decrease in accuracy depending on the station. 

These stations had roughly one third of their observation days supplemented by camera images 

(Table 5.4). Across all three stations, it reduced the likelihood of a false positive (0.1 – 2% 

decrease in false positives across the three stations). In the case of stations SN3720 and 

SN17550, the added cameras resulted in 2 more ROS events detected (0.5% increase in true 

positives).  Figure 5.4 shows that camera supplementation for AMSR2 increased true positive 

detection for ROS events such as on December 30, 2018, and March 2, 2019.  
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Figure 5.4. Timeseries plots for water year 2018-2019 for three weather stations with the most 

supplementation from camera trap images, station SN3810 (30% of observations 

supplemented), station SN4460 (29% of observations supplemented), and station SN3720 (35% 

of observations supplemented). AMSR2 accuracy improved with camera supplementation, by 

reducing some false positive detections (0.1-2%) and increasing some true positive detections 

(i.e., 2 events for stations SN4460 and SN3720). Grey bars indicate AMSR2-detected ROS 

using a GRP < 0.02 plus a dry snow check, blue indicate the record after updates with available 

camera values. Orange bars indicate ROS events detected at a weather station. 
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Table 5.4. The top three stations with the most supplementation of camera trap labels to the 

AMSR2 record for rain on snow events, stations SN3810 ((n = 164), SN3720 (n = 160), 

SN17550 (n = 143). We evaluated performance using accuracy, the true positive rate (TPR), 

and the true negative rate (TNR). “Before” indicates the performance without supplementation 

from camera traps, and “after” indicates supplementation from camera traps.  

 SN3810 SN3720 SN17550 

 Before After Before After Before After 

Accuracy 0.88 0.89 0.88 0.90 0.91 0.92 
TPR  0.15 0.15 0.26 0.26 0.05 0.15 

TNR 0.92 0.93 0.93 0.95 0.95 0.96 

 

 

5.4 Discussion  

Detecting ROS events is important for calibrating hydrology models and understanding the 

impacts of changing winter conditions on wildlife. Weather stations provide some of the most 

accurate record of ROS events, but weather stations networks are often not at the appropriate 

scale for monitoring weather conditions in mountain watersheds and wildlife habitats. Passive 

microwave remote sensing, such as from the AMSR2 sensor, offers insight to ROS events by 

measuring on-the-ground moisture and temperature conditions at broad spatial scales (> 5 km) 

and up to daily observations (Askne & Westwater, 1986). AMSR2 has had success for ROS 

detections in the Arctic (Pan et al., 2018), but our results suggested that with current processing 

protocol, AMSR2 reports many false positives in maritime climates unless a check for dry 

snow conditions the day before is implemented. Machine learning offered capabilities to scale 

up ground-observations for data supplementation, and supplementing AMSR2 retrievals with 

information detected from cameras images provided a 1% improvement in accuracy by 

increasing true positive detection and reducing false positives. Snowpack in maritime, montane 
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forest regions present a major challenge for ROS monitoring, and this study advances 

understanding of the methods to integrate remote sensing and on-the-ground approaches for 

improved ROS monitoring.   

Changes to the GRP threshold used to identify rain substantially improved ROS detection. 

Norway has complex topography, and southern regions have wet winters and dense forests 

(Pall et al., 2019; Rizzi et al., 2018). The environmental conditions in Norway present new 

opportunities to evaluate region-specific protocols for AMSR2 processing, and we found that 

the threshold used for low elevations in the Arctic (GRP < 1) performed poorly in this 

maritime, montane forest system. A region-specific threshold, identified for this region as GRP 

< 0.02, increased accuracy from 26% to 55%, supporting findings from Langlois et al. (2017) 

that ROS detection accuracy is higher when the GRP threshold is set to lower values for 

regions with denser snow. The assumption is that the signal must be more saturated (more 

negative) to trigger a positive ROS detection. In the boreal, maritime regions of Norway, 

average snow is denser than in Alaska due to increased air moisture, intermittent wetting 

events, and wind compaction (Bruland et al., 2015). A dry snow check for the region-specific 

threshold increased accuracy even more, to 88%, although it resulted in missed rain events as 

well (i.e., the true positive rate lowered from 30% to 10%). These findings suggest that other 

checks may be important to identify rain-on-snow events in this region. For example, we found 

that tree cover and proximity to water decreased the chances for a true positive AMSR2 ROS 

detection. Hence, tree cover or vegetation-based threshold adjustments may improve the 

accuracy of AMSR2 retrievals, similar to elevation-based adjustments in Alaska (Pan et al. 

2018). During analysis, we assessed accuracy improvement with a tree cover unique threshold, 

using the average GRP at low tree cover (< 50%; X:;2 = -0.02) and the average GRP at high 
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tree cover (>50%; X:;2 = -0.06) as the thresholds for areas of low tree cover and high tree 

cover, respectively. Accuracy was similar to the GRP < 0.02 (accuracy = 63%, true positive 

rate= 0.18, true negative rate = 0.67), but not better than the dry snow check, so we did not 

present the results in the formal analysis. The low performance across the various thresholds 

demonstrates the complexity of detecting ROS events in a maritime climate, and the need for 

future work to further assess regional adjustments based on snowpack properties and 

environmental conditions.   

Supplementing the AMSR2 record with rain detected from camera traps provided some 

improvement. We were able to supplement almost 1,200 AMSR2 observations, increasing 

accuracy depending on the threshold process by 1%. Our work demonstrates that networks 

installed for wildlife application present an additional source of environmental information for 

remote sensing applications, especially where on-the-ground sources are limited. However, one 

drawback to utilizing camera networks is that there is bias in the sampling depending on animal 

activity and when the camera is triggered. We used images from both the network’s daily 

timelapse image (1 image daily at each camera at 8AM or 12PM) as well as the images that 

were motion triggered. The result is that we found we had more camera images that 

corresponded to rain-free days (n = 1077 images) than days with rain (n = 100 images), likely 

due to the relative infrequency of rain in this climate. This imbalance limited our ability to 

assess how cameras can supplement AMSR2 spatially, because days when we had the most 

detections from cameras coincided with days with smaller extent of ROS (see example in 

Appendix D2). Multiple daily timelapse images would substantially broaden the weather events 

sampled.  
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By leveraging machine learning to label the camera images, we present a novel model to 

detect precipitation from camera trap imagery, establishing a foundation for future work to 

build upon. The accuracy of our held-out test set (f1-score = 0.76) suggests that the model 

works reasonably well on Scandcam wildlife cameras it did not see during training, and future 

work should continue to add to the training data and test it on wildlife camera images from 

other networks. We found manually labeling for precipitation difficult due to the transparency 

of rain, and we recommend that future studies set up cameras near weather stations and 

disdrometers to build a robust dataset of validated images for model training. Additionally, 

other tools, such as passive acoustic recording devices typically used for recording bird calls 

and ambient sounds in an ecosystem (Hill et al., 2018), can identify rain (Bedoya et al., 2017), 

suggesting a promising source of supplementary data for identifying rain if deployed in the 

vicinity of the camera trap.  

 

5.5 Conclusion  

We present the first attempt at connecting wildlife cameras with AMSR2 to supplement 

ROS detections, using machine learning to extract the environmental information from the 

camera image.  The current processing protocol for AMSR2 was not sufficient for ROS 

detection in a montane forest with maritime snow conditions, but we found that regional 

adjustments and checks for dry snow increased accuracy to an acceptable level (88%), although 

there were many missed ROS events. Further work on ways to account for the maritime and 

boreal impacts on AMSR2 temperature brightness signals will continue to improve ROS 

monitoring and highlights the urgent need to improve ROS monitoring across the multiple 

snow classifications identified globally (Sturm et al. 2021). Rain and snow events are expected 
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to increase in high latitude regions across the world, and improving remote sensing techniques 

to detect and monitor events remains a crucial problem. 
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Chapter 6. FINE-GRAIN WINTER PRECIPITATION 

CLASSIFICATION USING VISUAL AND AUDIO INFORMATION  

 

Publication history: This study was co-authored with Laura Prugh. It was accepted as a paper 

on the non-archival track to the 11th Workshop on Fine-grain Visual Categorization as part of the 

2024 Conference on Computer Vision and Pattern Recognition (available at: 

https://sites.google.com/view/fgvc11/papers?authuser=0) . At the time this dissertation was 

submitted, no version of this manuscript was in review, accepted or published elsewhere. 

 

Abstract: Differentiating rain from snow is important for snow modeling and wildlife 

monitoring, but limited on-the-ground sources are available. We present the first dataset for fine-

grained winter precipitation classification from camera trap images using combined visual and 

audio information. Using images from camera traps and audio signatures from passive acoustic 

recorders (AudioMoths), we present a library of 872 annotated images for rain, snow, sleet, and 

no precipitation. When validated using nearby weather stations, we show that this method can 

distinguish between rain and snow, especially for moderate to high-intensity events (> 0.8 

mm/hr). Furthermore, we demonstrate how this library can be used to develop three baseline 

models trained on image-only information, audio-only information, and combined image and 

audio information. We show that models can better detect winter weather precipitation events 

using combined audio and image inputs than with either signal alone, obtaining a final balanced 

accuracy of 72%. 

Keywords: camera traps, rain, snow, acoustics, AudioMoth, machine learning 

 

https://sites.google.com/view/fgvc11/papers?authuser=0
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6.1 Introduction  

Differentiating between active winter rainfall and snowfall is essential for accurate snow 

modeling and predicting ecological impacts on animal movement, foraging, and survival. 

Incorrect precipitation type in snow models during the early winter season decreases model 

accuracy for the remaining winter (Wayand et al., 2017). Notably, winter rain followed by 

refreezing can create an icy layer and restrict vegetation access for grazing animals, leading to 

catastrophic die-offs in case studies (Dolant et al., 2016; Hansen et al., 2019; Stien et al., 2010). 

Weather stations are the primary mode for winter weather monitoring, but stations often do not 

differentiate precipitation type and locations are not always optimized for regional studies or in 

rugged terrain (Lundquist et al., 2008; Boelman et al., 2019). Specific precipitation detection 

devices, called “disdrometers,” can differentiate between rain and snow (Wayand et al., 2016), 

but these devices are expensive and large, and therefore difficult to scale up. Additionally, winter 

precipitation is spatially variable, switching between rain, snow, hail, or sleet depending on 

micro-climate factors such as forest canopy, elevation, and humidity. Thus, at present, no low-

cost, easy-to-install solution exists for fine-scale observation of winter weather events. 

Especially as warming temperatures increase winter weather variability at fine spatial- and 

temporal- scales (Cohen et al., 2015), new tools are urgently needed to monitor for and 

differentiate among rain and snow events.  

Camera traps provide a solution for fine-scale weather observation, because they can be 

set up in networks in hard-to-reach places and scheduled to take images at regular intervals 

(Burton et al., 2015). Previous work has demonstrated the ability of camera traps to record 

meteorological variables, such as overcast, sunshine, snow, and hail, based on ground conditions 

(Alison et al., 2024). Other work has documented the presence of precipitation in camera traps 
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without differentiating among precipitation types (Dertien et al., 2017). However, to the best of 

our knowledge, no dataset or model exists for detecting active rainfall or snowfall in camera 

traps. Computer vision models, such as those using images from traffic cameras and in-vehicle 

cameras, have detected both rainfall and snowfall (Bossu et al., 2011; Khan & Ahmed, 2019), 

but success can depend on camera parameters (Garg & Nayar, 2007). Camera traps present a 

new domain for rain and snow detection, as camera traps take photos with infrared flash, 

resulting in low-light and grey-scale images, which can make information extraction more 

difficult (Fig. 6.1; Beery et al., 2018). Additionally, in forests and varied terrain, there can be 

additional obstacles, such as rocks or trees, that prevent visual cues from reaching the camera, 

leading to incorrect weather detection.  

Given difficulties in detecting precipitation from camera traps, additional data may be 

useful to ensure detection and differentiation between rain and snow. Passive acoustic recorders 

are a suite of tools designed to measure ambient sound to monitor wildlife, but they have been 

increasingly used to monitor biodiversity and surrounding environmental variables (Buxton et 

al., 2018; Hill et al., 2018). One recording device, the AudioMoth (from Open Acoustic 

Devices), has supplemented camera trap data for detecting external variables (Hill et al., 2019), 

and pre-existing models demonstrate the ability to detect rain from AudioMoth signatures 

(Metcalf et al., 2020). However, no study has yet to analyze the improvement in winter 

precipitation detection when using AudioMoths and camera traps together. For precipitation 

detection, AudioMoths and camera traps may supplement each other where the other is limited. 

Specifically, camera traps may better detect snow due to the bright and white appearance of 

snow droplets, but fail to detect rain, which is often transparent and hard to see. Conversely, 

AudioMoths may better detect rain, which is loud when interacting with ground objects, but fail 
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to detect to snow, which has a dampening effect. The two tools combined may also better 

identify sleet events, which are tricky to classify using current methods from the field and have 

characteristics of both rain and snow (Lundquist et al., 2008). Hence, we provide the first 

annotated dataset containing rain, snow, and sleet information from camera traps and 

AudioMoths, validated with nearby weather station data. We demonstrate that this dataset can 

train and test convolutional neural network models, establishing a baseline accuracy for future 

model development.   

 

Figure 6.1 Camera trap images A) and B) both indicate precipitation, but additional information 

is necessary for fine-grain differentiation (i.e., identifying rain, snow, or sleet). 

 

6.2 Methods 

6.2.1 Data Collection 

Between February and April 2023, we deployed an AudioMoth (Open Acoustic Devices 

model v1.1.0) alongside two camera traps (Reconyx model PC900) in two different sites in 

boreal Norway (Table 6.1). The southern site (latitude: 61.4º, longitude: 11.1 º, elevation: 318 m 

a.s.l.) and the northern site (latitude: 63.4º, longitude: 10.3º, elevation: 286 m a.s.l.) represent 

contrasting winter conditions. The southern site, in Inland county, Norway, experiences dry, 
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continental winters, with temperatures often well below freezing. Snowfall is common, but 

intense rainfall events are becoming more frequent. The northern site, in Trondelag county, 

Norway, experiences maritime winter conditions, with temperatures hovering around freezing, 

and precipitation often switching between rain and snow in the same storm (Pall et al., 2019). 

Dates were non-continuous as we had access to only one AudioMoth, and we switched locations 

to broaden weather events collected. The cameras were installed near each other but facing 

opposite directions to reduce field deployment efforts while diversifying image background 

conditions. Both cameras and AudioMoths were set to an hourly timelapse at the top of each 

hour, so that each hour had an image and a corresponding audio file. AudioMoths recorded for 

30 seconds every hour and were programmed to a sampling rate of 32 kHz, matching previous 

studies for the mean frequency of rain (Metcalf et al., 2020). 

 

Table 6.1 Audio and camera deployment dates and sample sizes. 

County Dates Audio Samples Image Samples 

Inland February 2-13 270 537 

Trondelag February 22-24 35 70 

Trondelag March 26-27 13 26 

Inland April 19-24 120 239 

 

6.2.2 Labeling and Validation 

Images and audio signatures were manually labeled by one person (KB). The image and 

the corresponding audio file were displayed at the same time, and the image was plotted in RGB 

and the audio file was plotted using the raw intensity values from the audio waveform relative to 
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time using Python’s scipy package (Virtanen et al., 2020). The categories for precipitation 

matched categories used by processed disdrometer observations (e.g., snow, rain, sleet, or no 

precipitation) (Wayand et al., 2017). Following labeling, we summarized average temperature, 

decibel value, and pitch. Temperature was extracted from camera metadata, and decibel value 

and pitch were extracted using Python’s torchaudio package (Yang et al. 2021). We selected 

decibels to mimic the scale of the human ear, and because it is recommended best practice for 

AudioMoth processing (Hill et al., 2019). For digital audio signals, loud decibel values start at 0 

dB, with quieter values in the negatives. We selected pitch to assess any differences in perceived 

frequencies, after converting from the sample rate.   

As an external source of validation, we compared our labels to precipitation detected 

from nearby weather stations. The weather station near the southern site was 4.1 km away and at 

the same elevation (i.e., 262 m versus 260 m). The weather station near the northern site was 3.2 

km away and at a near-similar elevation (i.e., 283 m versus 290 m). The distance of our camera 

and AudioMoth sites represented the closest possible distance to the weather station while also 

adhering to land permissions in both areas. The weather stations did not record precipitation 

type, but instead recorded hourly precipitation (in mm/hr) and temperature (in Celsius). 

Following approaches used in regional and national Norway models (Saloranta, 2012), we 

classified precipitation as rain when temperature was >1ºC, and snow when temperature was < 

1ºC. We combined our sleet and snow classifications to simply “snow” for dataset validation. 

We calculated overall accuracy (number of correct predictions / total number of predictions) of 

our labeling compared to weather station observations. We calculated precision, recall, and f-1 

score (the harmonic mean for precision and recall) for each class. We also used a normalized 

confusion matrix to inspect for instances when we labeled images for rain or snow but the 
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weather station observed no precipitation (i.e., false positives), instances when we labeled for no 

precipitation, but the weather station observed rain or snow (i.e., false negatives), and instances 

when we mixed rain or snow labels. A normalized confusion matrix shows overall distribution of 

class labels after dividing by number of true instances for each label and allows for easier 

interpretation when classes are imbalanced (Fawcett, 2006).  

Given the difficulty and importance of detecting winter rain (Harpold et al., 2017), we 

evaluated our ability to label for rain events with the combined audio and visual signal. To do so, 

we took all the instances when the weather station observed rain and identified whether we also 

labeled for rain. This metric is referred to as the “sensitivity” of our rain labeling. We counted a 

value as a true positive (1) if we labeled the combined image and audio signature for rain and 

counted a value as false negative (0) if we did not label for rain. We then fit a logistic regression 

model with the true positive or false negative value as the response and the corresponding 

precipitation, as measured by the weather station, as the predictor using Python's sklearn package 

(Pedregosa et al., 2011). We inspected the model output to determine if there was increasing 

sensitivity in our labeling with increasing precipitation amount. We used the Youden’s Index, or 

the maximum difference between the true positive and false negative rate (i.e., top left corner of 

logistic regression model; Youden, 1950), to identify the precipitation threshold after which we 

are likely to label a combined image and audio signature correctly.  

 

6.2.3 Model Training  

After correcting for the misidentified labels identified by the weather stations from 6.4 (n 

= 9 misidentifications), we prepared three convolutional neural network (CNN) models using 

our library to assess improvement in model predictions when combining image and audio 
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information to improve model prediction abilities. The models represented the three 

combinations of image and audio information, including a model trained on only images, only 

audio signals, or combined image and audio information. The image-only model used the images 

downsized to 224 x 224 pixels and converted to grey-scale as the input data. The audio-only 

model used all audio samples downsampled to 16 kHz and converted to normalized 224 x 224 

Mel-frequency spectrograms. A Mel-frequency spectrogram composes both the frequency and 

amplitude information as a matrix and is a common way to pre-process audio information for 

machine learning inputs (Chalmers et al., 2021; Vargas-Masis et al., 2021). To fit the required 3-

channel input for the CNN model architecture, we repeated the spectrogram three times, or the 

same spectrogram in each input channel. Finally, the image + audio model combined image and 

audio information as input. We conducted the same pre-processing as the image-only model and 

audio-only model, but we replaced the last channel (i.e., third channel) of the input with the Mel-

frequency spectrogram of the audio signature (see example in Fig. 6.2). We conducted an 

80/10/10 training, validation, and testing split across models. We ensured that the testing split 

was the same across all three models for consistent performance comparison. All models were 

trained using a ResNet50 model, pre-trained on ImageNet, using Python’s pytorch package 

(Paszke et al., 2019). We trained all models on 300 epochs, with the option for early stopping if 

validation accuracy did not increase after five epochs. We used a batch size of 12, a stochastic 

gradient descent optimizer, learning rate of 0.001, and a weight decay of 0.001. We also 

weighted classes due to the class imbalance, reflecting the inverse proportions of the classes 

normalized between 0 and 1 (i.e., no precipitation: 0.04; rain: 0.94; and snow: 0.31). We 

compared precision, recall, and f-1 score across all classes for each model. To determine the best 
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model, we calculated balanced accuracy, or the average of the recalls, which is a better metric for 

accuracy with imbalanced datasets (Whytock et al., 2021).  

 

 

Figure 6.2 Example input data for our image+audio model. The ResNet-50 model architecture 

requires input data to have 3 channels, so we used the first two channels for the red and green 

channels of the RGB camera image, and for the third channel, we used the spectrograph from the 

AudioMoth recording.  

 

6.3 Results 

6.3.1 Agreement with Weather Stations  

Overall, snow, rain, sleet, and no precipitation events demonstrated different visual and 

audio signatures (Fig. 6.3, Table 6.2). As expected, snow was brighter, quieter (i.e., lower 

decibel value), and occurred at colder temperatures. Rain was louder (i.e., higher decibel value), 

occurred at higher temperatures, and droplets appeared transparent. “No precipitation” images 

had audio information similar to snow, and visual information similar to rain. Interestingly, the 

minimum temperature for rain (0.6°C) closely matched, although was slightly higher than, the 

1ºC temperature threshold for rain used by regional snow models in Norway (Saloranta, 2012). 

Although our sample size was small, a slightly higher average temperature for rain matched 
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findings that temperature thresholds for rain can depend on micro-climates (Lundquist et al., 

2008). We calculated pitch information but found no clear pattern and large standard deviations 

across classes (Appendix E1). This finding might indicate that pitch depends on other weather 

characteristics, such as wind, that would be separate from precipitation events. Sleet information 

contained characteristics in between rain and snow for both temperature and loudness (Appendix 

E1). 

 

Table 6.2 Summary information of winter precipitation from combined AudioMoths and camera 

trap observations, including number of samples, average temperature in Celsius reported from 

the camera trap, and average loudness in decibels reported from the AudioMoth. Snow and sleet 

samples are combined as snow. 

 No Precipitation Rain Snow 

Samples 732 35 87 

Temperature ºC -2.2 ± 9.4 2.0 ± 1.4 -5.0 ± 5.7 

Decibels (dB) -82.2 ± 7.1 -73.0 ± 6.6 -82.3 ± 7.6 
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Figure 6.3 Example labels for A) no precipitation, B) rain, C) snow, and D) sleet with raw 

intensity sound values plotted against time (i.e., 30 seconds for each audio sample). We 

combined snow and sleet into one classification for dataset validation. 

 

We found an overall accuracy of 93% when comparing manually labelled images to 

weather station information. For each class, we found f-1 scores of 95% for no precipitation, 

72% for rain, and 74% for snow (Table 6.3). Inspection of the confusion matrix reveals that we 

labeled 5% of the images (n = 39; top row of Fig. 6.3A) as rain or snow, but the weather station 

detected no precipitation (i.e., false positives). Upon second inspection, in 3 cases, we confused 

no sound for falling snow although there was no visual information to suggest snow. In 6 cases, 

we confused drippings as rain. In 30 cases, however, second inspection confirmed the presence 

of rain and snow, either by observing bright, white snow droplets (i.e., snow) or hearing rain in 

the image. The discrepancy between our labels and weather station observations for these images 

suggest that, as stated in 6.1, precipitation is spatially variable, and a 3 to 4 km distance between 
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weather station and observation site was likely too far during some storm systems for the sites to 

always match. 

In contrast to the false positives, we had 19 instances when we missed precipitation in 

labeling, but the weather station detected precipitation (i.e., false negatives). These false 

negatives corresponded to 12% of rain images and 17% of snow images (furthest left column of 

Fig. 6.4A). Precipitation was lower than 0.5 mm/hr in all cases (µ = 0.18 ± 0.09 mm/hr). Upon 

second inspection, we could not discern visually or with audio cues the presence of rain or snow. 

Rain < 0.7 mm/hr is categorized as light precipitation (National Meteorological Library and 

Archive 2023), suggesting that low intensity precipitation may not be detected by this method. 

Alternatively, as with the false positives, the weather may have been different between the 

weather station and the camera. We had 5 instances where we misclassified rain as snow (15% of 

rain images, see Fig. 6.4A), and 0 instances where we misclassified snow as rain. Inspecting 

these misclassifications revealed that the weather station reported temperatures ranging from 1.3 

to 2.5 ºC, suggesting that the conditions at the camera and audio were possibly mixed, and 

separating between rain and snow is difficult.  

Fitting a logistic regression for all true rain events using sensitivity as the response and 

precipitation amount as the predictor variable indicated that weather stations and our assigned 

labels were more likely to agree with more intense rain events (Fig. 6.4B). The Youden's Index 

suggested that we detected rain when intensity was > 0.8 mm/hr. This finding is advantageous 

for wildlife ecologists and snow hydrologists, as it suggests that this method can detect more 

intense rain events, which is the priority for snow and wildlife monitoring (Hansen et al., 2019; 

Yang et al., 2023). 
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Table 6.3 Precision, recall, f-1 scores, and sample sizes for winter weather events when validated 

using nearby weather stations. Overall accuracy between weather stations and manual labels was 

93%.  

Class Precision Recall f-1 score Samples 

No Weather 0.95 0.97 0.96 732 

Rain 0.74 0.71 0.72 35 

Snow 0.83 0.68 0.74 105 

 

 

A)                                                         B) 

      
 

Figure 6.4 A) Normalized confusion matrix for validation using nearby weather station data. We 

divided row by the total number of samples (None = 732 samples, Rain = 35 samples, Snow = 

105 samples) to ease interpretation of percent of correct predictions.  B) There was some 

discrepancy between weather station and manually labeled data for detecting rain but increasing 

agreement for with precipitation intensity. The Youden index of a logistic regression suggests 

that we can detect rain above 0.8 mm/hr (dashed line). 
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6.3.2 Baseline Models 

Only the image-only and the image + audio models were able to distinguish among 

precipitation classes (Table 6.4), and the image + audio model performed with a better overall 

balanced accuracy (72%). The model performed reasonably well across all three classes with f1-

scores for no precipitation, rain, and snow equal to 0.93, 0.75, and 0.5, respectively. Surprisingly, 

the audio-only model failed to detect rain in all test cases, despite weighted classes and the 

distinct signature of rain. It is possible the failed predictions was due to few examples in the 

training set (n = 17 instances). 

The image + audio model predicted five images as snow or rain when in fact there was 

no precipitation (see examples in Fig. 6.5A). In three of the five cases, the audio indicates the 

presence of wind, which the model may have learned is associated with storms. Additionally, in 

one image the snow "sparkles," which can occur under cold temperatures and after fresh snowfall 

(Horton & Jamieson, 2017). The model may have learned that the light refraction on the snow 

surface indicates snowfall, rather than the precipitation droplets themselves. Of the four samples 

of rain in the test set, the image + audio model predicted two incorrectly as snow (Fig. 6.5B). 

The temperature at the camera at both incorrect images was 1 ºC, a boundary condition, which is  

difficult to correctly differentiate even with current methods (Lundquist et al., 2008). There were 

no instances when the model misclassified rain for snow. There were eight cases when the model 

predicted no precipitation when in fact there was snow (Fig. 6.5C). In five of the eight cases, the 

weather station reported precipitation < 0.3 mm/hr during this event, so it is possible there were 

not enough droplets in the image for the model to detect. We hope that with more training 

examples, the image + audio model will continue to improve and reduce these errors.  
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Table 6.4 Baseline image-only, audio-only, image+audio models. We present the balanced 

accuracy (BA), and precision (P), recall (R), and f-1 score for all three classes. Bold indicates 

best model. 

Model Class Precision Recall f-1 score Samples 

Image-only None 0.97 0.96 0.95 73 
 Rain 1.0 0.6 0.75 5 

 Snow 0.57 0.44 0.5 9 
 B.A, -- -- 0.67 87 

Audio-only None 0.85 0.99 0.91 36 
 Rain 0 0 0 3 

 Snow 0 0 0 5 
 B.A. -- -- 0.67 44 

Image+Audio None 0.96 0.90 0.93 73 
 Rain 1.0 0.6 0.75 5 

 Snow 0.4 0.66 0.5 9 
 B.A. -- -- 0.72 87 
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Figure 6.5 Error detections from image+audio model for A) no precipitation, B) rain, and C) 

snow. 

 

6.4 Conclusion and Future Work 

We provide a validated dataset and initial models for fine-grained winter precipitation 

using a novel bi-modal approach. We found that snow, rain, and “no precipitation” events have 

different profiles when audio and visual information are combined. Specifically, snow is bright 

and white, but quiet. Rain is transparent and creates loud decibel values when hitting surrounding 

surfaces. “No precipitation” events are both quiet and precipitation droplets are absent. While we 
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may miss smaller precipitation events, we can detect precipitation events above 0.8 mm/hr, and 

with a more direct approach than relying on temperature thresholds. We occasionally confused 

drippings for rain, and no snow for snow, but our baseline models suggest that combined image 

and audio information improves prediction, with an overall balanced accuracy of 72%.  Future 

work should continue to grow both the training and testing set for further experimentation with 

larger sample sizes. The models and dataset presented here demonstrate that combining 

AudioMoth and camera trap data offers a new solution for differentiating between rain and snow 

using tools that wildlife ecologists and snow hydrologists already employ. 
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Chapter 7. CONCLUSIONS 

 This dissertation analyzed the ability of remote cameras to operate as snow and rain 

monitoring devices, connecting the snow information from cameras to satellites and wildlife activity 

models. Chapter 2 established the utility of cameras to supplement satellites on cloudy days and for 

customizing satellite products for regional applications. Chapter 3 identified the use of machine 

learning to extract snow information, specifically snow depth, providing an efficient approach for 

scaling up remote cameras for snow depth monitoring in the future. Chapters 4 and 5 presented 

applications of how snow information and environmental metadata extracted from the camera image 

can improve wildlife activity models (Chapter 4) or remote sensing (Chapter 5), highlighting new 

insights into changes in wildlife diel activity due to snow conditions and passive microwave accuracy 

for rain-on-snow events. Chapter 6 set a new direction for cameras by integrating camera traps with 

another novel wildlife tool, the AudioMoth, finding improved rain and snow differentiation when 

using both tools together compared to with cameras alone. Recurring themes emerged from these 

chapters regarding the ability of camera traps to observe snow. First, as described in Chapters 2 and 

5, cameras can supplement satellite observations, especially in dense forest regions, despite 

differences in scale. Cameras have a field-of-view of ~20-30 m, and the camera’s small field-of-view 

can be an asset if the user is interested in information at fine-scale resolutions. Second, as 

demonstrated in Chapters 3, 5, and 6, machine learning will be essential to extract environmental 

information from images. Creative train/test splits, such as the split by state (Washington or 

Colorado) I performed in Chapter 3, allowed for insight into the model performance for new datasets, 

and set an example of adjusting machine learning development pipelines for ecological applications. 

Third, and lastly, snow presents a complex phenomenon both to measure with on-the-ground and 

remote sensing tools (Chapters 2, 3, 5, and 6) and to interpret as a driver of animal activity (Chapter 
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4), and monitoring snow will continue to be important to uncover novel wildlife behavior patterns 

and the trade-offs animals must make during winter.   

 This study set out to extract snow properties from cameras in an extensive Norwegian 

wildlife network, and I was successful when leveraging manual inspection, computer vision, and 

machine learning techniques. As demonstrated in Chapter 2, manual inspection for snow cover 

provided success, however, given the over 2,000 camera trap studies worldwide (Steenweg et al., 

2017), successful snow information extraction will hinge on consistent, robust approaches. I achieved 

adequate accuracy in models for snow depth (Chapter 3), rain detection (Chapter 5), and rain vs. 

snow detection (Chapter 6), demonstrating that machine learning approaches offer advantages for 

labeling camera imagery. For Chapter 3, I also processed and published two datasets for snow depth, 

totally over 20,000 labeled images. The first dataset is for the snow poles in Washington state, hosted 

on the University of Washington data archive, and the second dataset is for the NASA snow poles in 

Colorado state, hosted on the National Snow and Ice Data Center archive. For Chapter 5, I developed 

a dataset of over 20,000 images for rain or not rain. For Chapter 6, I developed a dataset of almost 

1,000 images labeled for rain, snow, or no weather. The datasets can contribute to future models, and 

the models and datasets presented here will lower the training and labeling time for future 

researchers.  

I developed models that were sufficiently accurate, but I found that developing machine 

learning models was time-intensive. In Chapters 3 and 5, I invested years of effort to assemble 

training sets, and in some cases, as I demonstrated in Chapter 6, confidently differentiating between 

rain and snow required the addition of an AudioMoth to improve performance in both labeling by 

humans and predictions from the model. Labeling and training time will likely decrease as more 

ecologists and hydrologists adopt machine learning pipelines. However, new models from the 

computer science community may benefit ecology and hydrology as well. As of dissertation 

submission, recent developments in large language models (LLMs) present the ability to identify 
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features of an image using a prompt without the need for additional labeling (Farrell et al., 2024). 

These “foundational” models trained to conduct various tasks may replace smaller models trained to 

perform one task, such as those presented here. However, current LLM models cost ~$0.17 per 

image, which may be unfeasible for processing thousands of images for academic, government, and 

non-profit research groups. Smaller models, such as the ones in this study that can be fine-tuned on 

one’s desktop or laptop, will likely play an important role in achieving scalability in ecology. In 

addition, some information from wildlife camera imagery may be difficult to perceive from visual 

data alone, as we demonstrated in Chapter 6 with the combined AudioMoth plus camera approach, 

and custom models that combine signals will ensure trustworthiness moving forward.  

Besides the contributions to machine learning, utilizing a wildlife camera network for remote 

sensing supplementation was the first of its kind. It provided new insights into remote sensing 

accuracy in Norway, a densely forested and cloudy region that presents one of the most challenging 

landscapes for remote sensing products. Using cameras as a source of validation, I showed the 

decrease in MODIS Cloud Gap Filled products after 3 days and the limited abilities of AMSR2 for 

detecting rain. I then showed how cameras can be a source of supplementation. For example, 

cameras can be used to customize MODIS snow cover products to create binary snow/no snow maps 

and combined with passive microwave satellite observations to improve accuracy for winter rain 

detection. The study demonstrates the untapped potential of other wildlife camera networks (i.e., 

wildlifeinsights.org) for environmental monitoring, and future work should continue to utilize 

cameras in hard-to-reach places with a critical need for observation.  

Utilizing a wildlife network for environmental monitoring also achieved new insights into 

animal activity. I connected information derived from the camera, including time of day, time of 

year, and location to estimate hourly snow hardness, an important and understudied snow property in 

wildlife studies. I was able to connect patterns in roe deer diel activity with freeze-thaw conditions 

and demonstrate increased morning activity on harder snow in deep snow areas. Recent work has 
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highlighted the need to understand animal diel activity in response to environmental conditions, and 

this study provides evidence for the role of cameras in measuring environmental variables as well.  

The work presented in this dissertation confirmed that cameras can operate as weather 

stations for snow detection, and opportunities for future work demonstrate a potential for even more 

applications. I recommend future work extract snow information from camera images using global, 

publicly available datasets (e.g., wildlifeinsights.org) to validate satellites and monitor snow in places 

where we have not been able to before. I also recommend future work identify the feasibility of 

extracting other snow properties from cameras, beyond the properties of snow cover, depth, hardness, 

and precipitation presented here. For example, camera images may indicate the presence or absence 

of snow surface impurities (e.g., small organic matter) and age of snow (e.g., fresh fallen snow or 

aged snow), both of which are driving factors in snow surface albedo. Accurate account of snow 

interception by trees improves hydrology modeling, and previous work has documented the ability to 

identify snow-canopy interception in timelapse images (Lumbrazo et al. 2022). Given the abundance 

of animals that inhabit in forested areas, wildlife cameras may provide a rich dataset to identify 

snow-canopy interception information.   

With the ability to report visual signatures of snow and weather, cameras provide important 

environmental information for ecologists and hydrologists to measure winter conditions and assess 

the impacts of snow on wildlife. Researchers can use the framework presented here for connecting 

cameras with satellite validation and wildlife studies in other regions, and they can use the models 

presented here towards future, larger models to extract snow information from camera imagery. 

Evaluating camera traps as ground-based remote sensing devices showed that a tool, traditionally 

from ecology, yielded new insights into multiple disciplines, including wildlife science, machine 

learning, remote sensing, and snow science.  
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APPENDIX A 

Supplemental Information for Chapter 2 
 
Evaluating MODIS snow products using an extensive wildlife camera network 

 

 

Appendix A1: 12 tiles from MOD10A1F were processed for cloud-gap filled analysis: h18v00, 

h18v01, h18v02, h18v03, h18v04, h19v00, h19v01, h19v02, h19v03, and h19v04. All tiles were 

downloaded in the default projection, SR:ORG 6974. 
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Figure A2:  Histogram of cloud persistence values from the (A) MOD10A1F product and (B) our 

dataset. The MOD10A1F represents cloud persistence values from 1,181 cameras for three 

winter seasons: 1) January 1 – March 2018, 2) October 1 2018 – March 2019, and 3) October 

2019 – March 2020. The histogram below represents the datapoints used in the analysis for the 

effect of cloud persistence on agreement. While there are many more values on clear sky days 

(Cloud Persistence = 0), we included these values to assess agreement on clear and cloudy days.  
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Table A3: Correlation among covariates used in the general linear mixed model to assess factors 

that affect agreement between snow cover values from camera images and MODIS. All 

continuous variables (i.e., latitude, tree canopy cover, daily NDVI) were scaled by subtracting 

the mean and dividing by the standard deviation. Image color mode refers to color images (1) or 

grey-scale images (0).  

 Latitude Tree canopy cover Daily NDVI 

Tree canopy cover -0.404 -- -- 

Daily NDVI -0.281 0.0951 -- 

Image brightness 0.0780 -0.0267 -0.0524 

 

 

 
 

 

Table A4: Variance inflation factors among covariates used in the general linear mixed model to 

assess factors that affect agreement between snow cover values from camera images and 

MODIS. All continuous variables (i.e., latitude, tree canopy cover, daily NDVI) were scaled by 

subtracting the mean and dividing by the standard deviation. Image color mode refers to color 

images (1) or grey-scale images (0).  

 Latitude Tree canopy 

cover 

Daily NDVI Image color 

mode 

Variance 

inflation factor 

1.19 1.02 1.16 1.01 
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Table A5: Histogram depicting average saturation values of camera trap images. Images with an 

average saturation >0.02 were images taken with white flash or in daytime (i.e. color image). 

Images with an average saturation below <0.02 were images taken with infrared flash (i.e., grey-

scale image).  
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Table A6: Table: Average monthly MODIS NDVI for all cameras (n = 665) for our study period 

(2018 – 2020). NDVI ranges between 0 and 1.  

Figure A3: Average MODIS NDVI maps for each month of the study period: A) October, B), 

November, C) December, D) January, E) February, and F) March. For each month, NDVI was 

averaged for the years included in our study period. Thus, January, February and March included 

three years (2018-2020), and October, November and December included two years (2018 and 

2019).  

 

 

 

 

 

 

 

 

 

 

 

Month Average NDVI 

October 0.64 

November 0.34 

December 0.24 

January 0.24 

February 0.10 

March 0.16 

April 0.15 
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Table A7. Coefficient estimates, standard error (SE), t-values, and p-values from a general linear 

mixed model assessing factors that affect MODIS and camera agreement (n = 4,355) for months 

between November to March (excluding October). Continuous variables were normalized by 

subtracting the mean and dividing by the standard deviation prior to analysis. Image color mode 

is a categorical variable (1: color image; 0: grey-scale image). Camera identification was 

included as a random effect (n = 658).  

 Estimate SE t-value p-value 

Intercept 73.12 0.46 159.43 <0.05 
Latitude -1.08 0.42 -2.54 <0.05 

Daily NDVI -0.075 0.25 -0.30 0.76 

Tree canopy cover -1.09 0.40 -2.75 <0.05 

Image color mode 
(color image) 

0.63 0.51 1.23 0.21 

 

Table A8.  Coefficient estimates, standard error (SE), t-values, and p-values from a general linear 

mixed model assessing factors that affect MODIS and camera agreement (n = 8,808). Max 

annual NDVI, calculated by taking the max NDVI for each of the three winter seasons (i.e., 

January 1 – March 2018, October 1, 2018 – March 2019, and October 2019 – March 2020) was 

included instead of daily NDVI. Continuous variables were normalized by subtracting the mean 

and dividing by the standard deviation prior to analysis. Image color mode is a categorical 

variable (1: color image; 0: grey-scale image). Camera identification was included as a random 

effect (n = 658).  

 Estimate SE t-value p-value 

Intercept 76.27 0.44 174.46 <0.05 

Latitude -1.57 0.38 -4.081 <0.05 
Max annual NDVI 6.18 0.23 27.00 <0.05 

Tree canopy cover -0.73 0.38 -1.90 0.058 
Image color mode 

(color image) 

7.66 0.45 17.02 <0.05 
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Table A9: Alternative options for thresholds to create a binary map from the MOD10A1 product 

and the corresponding True Positive Rate (TPR) and False Positive Rate (FPR). Users can 

specify different thresholds with subsequent changes in TPR and FPR.  

 
Threshold True Positive Rate 

(Sensitivity) 
False Positive Rate 

(Specificity) 

5 0.97 0.69 
10 0.97 0.69 

15 0.96 0.74 
20 0.95 0.77 
25 0.94 0.80 
30 0.93 0.83 

35 0.91 0.86 
40 0.89 0.88 
45 0.86 0.91 
50 0.80 0.94 

55 0.72 0.96 
60 0.61 0.97 
65 0.48 0.98 
70 0.32 0.99 

75 0.19 1.00 
80 0.09 1.00 
85 0.04 1.00 
90 0.01 1.00 
95 0.00 1.00 
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A) 

 
 
B) 

 
 
C) 

 
 
Figure A4: Simulated model residuals using the DHARMa package in R indicated non-

significant dispersion, but a total of 106 outliers out of 8,808 images (< 2%) were identified 

(Hartig, 2022). Outliers were defined as observations that either had extremely high or low 

agreement compared to the simulated range. Upon inspection, examples of outliers included 

images with A) narrow field of view, B) active weather, and C) low snow depths.  
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APPENDIX B 

Supplemental Information for Chapter 3 

 
Snow depth extraction from time-lapse imagery using a keypoint deep learning model 

 

 

Figure B1. Locations of 20 sites in Grand Mesa, CO, (top) and 12 sites in Okanogan, WA, 

(bottom) used to train and test a keypoint detection model. The Grand Mesa, CO study area 

covers 470 km2 and the Okanagan County, WA, study area comprises approximately 11,000 km2. 

Aerial imagery is from the National Agriculture Imagery Program (NAIP). 
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A) 

 

B)  

 

Figure B2. A) Example set-up on Grand Mesa, Colorado. Wingscape cameras (WCT-00126 

TimeLapseCam Pro were installed on t-post driven into the ground. B) Example set-up in Okanogan 

County, Washington. Reconyx cameras were set up on trees using a cable lock to secure the camera in 

place.  
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Table B1. Pole heights (cm) and pixel to centimeter conversion using either the yellow band on 

the top 10 cm of pole or the full pole height. Pole height varied depending on installation design 

and local snow conditions. Camera sites in Colorado (i.e., cameras with naming convention E** 

or W**) were all 304.8 cm tall. Camera sites in Washington (i.e., cameras with naming 

conventions CHE*, TWISP-*-**, or CUB-*-**) varied between 1-2 m depending on local snow 

conditions. Average and standard deviation (SD) of the length in pixels of the yellow band on the 

top 10 cm of the pole and full length of the pole show that the standard deviation for the full pole 

was consistently smaller.   

 
Camera Pole Height (cm) Top 10-cm (cm/pixels) Full Pole (cm/pixels) 

Mean SD Mean SD 
E6A 304.8 0.108 0.00570 0.110 0.000225 
E6B 304.8 0.132 0.0117 0.126 0.000303 
E9A 304.8 0.120 0.0101 0.122 0.000472 
E9E 304.8 0.135 0.0126 0.137 0.000459 
E9F 304.8 0.137 0.0130 0.137 0.00608 
W1A 304.8 0.151 0.00813 0.149 0.000660 
W2A 304.8 0.147 0.00878 0.136 0.000552 
W2B 304.8 0.187 0.0234 0.177 0.001902 
W5A 304.8 0.130 0.00998 0.128 0.000737 
W6A 304.8 0.148 0.01185 0.144 0.000814 
W6B 304.8 0.165 0.0158 0.158 0.00112 
W6C 304.8 0.203 0.0237 0.187 0.000662 
W8A 304.8 0.185 0.0162 0.164 0.000611 
W8C 304.8 0.433 0.0620 0.228 0.00196 
W9A 304.8 0.115 0.00897 0.114 0.000267 
W9B 304.8 0.125 0.00738 0.130 0.000619 
W9C 304.8 0.145 0.0143 0.138 0.00133 
W9D 304.8 0.139 0.00847 0.126 0.000462 
W9E 304.8 0.135 0.0128 0.130 0.00037 
W9G 304.8 0.1401 0.0146 0.131 0.000634 
BUNKHOUSE-
01 151.5 

0.294 0.0405 0.269 0.00161 

CEDAR-H-01 125 0.2009 0.0208 0.195 0.000646 
CEDAR-L-01 125 0.17139 0.0140 0.194 0.00188 
CEDAR-M-01 125 0.1666 0.0234 0.168 0.000938 
CUB-H-01 126 0.2565 0.0110 0.253 0.00125 
CUB-H-02 154 0.225 0.0230 0.212 0.000861 
CUB-L-02 122.1 0.221 0.0153 0.224 0.00103 
CUB-M-01 121.7 0.2736 0.0159 0.281 0.00115 
CUB-M-02 151.5 0.186 0.0180 0.224 0.00560 
CUB-U-01 151 0.234 0.0670 0.203 0.000946 
TWISP-R-01 120.7 0.182 0.0107 0.202 0.00120 
TWISP-U-01 121.5 0.215 0.0345 0.222 0.000783 
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Table B2. Error and difference in snow depth in centimeters for automated estimation of depth 

from snow poles for each camera. Error was defined as the Euclidean distance between the target 

point and the predicted point. The difference in snow depth was defined as the snow depth 

calculated from the manual labels minus the snow depth calculated from the automated labels.   

 
Camera Top Error (pixels) Bottom Error (pixels) Residual Error (cm) 
E6A 1.17 ± 0.82 2.01 ± 1.34 -2.46 ± 2.49 
E6B 1.44 ± 0.57 2.39 ± 0.43 -1.01 ± 2.74 
E9A 1.18 ± 0.47 1.73 ± 0.88 -2.05 ± 1.95 
E9E 1.14 ± 0.41 1.96 ± 0.69 -3.57 ± 2.12 
E9F 1.58 ± 0.46 1.85 ± 0.72 -1.62 ± 1.69 
W1A 0.81 ± 0.75 0.89 ± 0.57 -0.95 ± 2.38 
W2A 0.79 ± 0.37 1.60 ± 0.69 -2.91 ± 2.41 
W2B 0.86 ± 0.33 1.77 ± 0.85 -4.54 ± 2.84 
W5A 1.00 ± 1.18 1.22 ± 1.21 -0.76 ± 2.48 
W6A 0.89 ± 0.35 1.18 ± 0.66 -1.10 ± 2.87 
W6B 0.62 ± 0.44 0.90 ± 0.57 -0.99 ± 1.85 
W6C 1.41 ± 0.37 1.92 ± 0.55 -3.40 ± 2.47 
W8A 0.65 ± 0.28 1.10 ± 0.74 -0.55 ± 2.71 
W8C 1.18 ± 1.26 1.83 ± 0.73 -4.66 ± 8.18 
W9A 1.03 ± 0.43 1.73 ± 0.89 -2.22 ± 2.37 
W9B 0.79 ± 0.45 1.70 ±1.15 -1.31 ± 3.31 
W9C 1.10 ± 0.43 1.75 ±0.83 -2.23 ± 2.45 
W9D 0.90 ± 0.70 1.28 ± 0.99 -1.15 ± 2.45 
W9E 0.88 ± 0.65 1.42 ± 0.82 -1.57 ± 2.50 
W9G 1.62 ± 0.59 2.88 ± 1.06 -3.74 ± 2.78 
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Figure B3. Workflow for experiment for the CO-only model and the fine-tuned model, as well as 

proposed workflow for user. The WA-only model would be derived from training the Washington images 

without using the CO-only model weights. The CO+WA model would be to combine both sets of images 

during training. 
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Table B3. To identify the reprojection error we found the downscaling factor for the width and 

height of each camera to convert from the native resolution to the resolution at 224x224. We list 

the width and height of all the images for each camera (i.e., width and height columns). We then 

multiplied that factor by the cm/pixels for each pole (i.e., cm/pixels conversion column) to get 

the error in both the x and y direction (i.e., X and Y columns). We then took the hypotenuse of 

those numbers by calculating h = sqrt(x^2 + y^2), so that the final reprojection error for each 

camera is listed in the hypotenuse column.   

 
Camera Size  cm/pixels conversion Error (cm) Hypotenuse 

(cm) width height Mean SD X Y 
E6A 6080 3420 0.110 0.000225 1.49 0.84 1.71 
E6B 6080 3420 0.126 0.000303 1.71 0.96 1.96 
E9A 6080 3420 0.122 0.000472 1.66 0.93 1.9 
E9E 6080 3420 0.137 0.000459 1.86 1.05 2.13 
E9F 6080 3420 0.137 0.00608 1.86 1.05 2.13 
W1A 6080 3420 0.149 0.000660 2.02 1.14 2.32 
W2A 6080 3420 0.136 0.000552 1.85 1.04 2.12 
W2B 6080 3420 0.177 0.001902 2.40 1.35 2.76 
W5A 6080 3420 0.128 0.000737 1.74 0.98 1.99 
W6A 6080 3420 0.144 0.000814 1.95 1.10 2.24 
W6B 6080 3420 0.158 0.00112 2.14 1.21 2.46 
W6C 6080 3420 0.187 0.000662 2.53 1.43 2.91 
W8A 6080 3420 0.164 0.000611 2.22 1.25 2.55 
W8C 6080 3420 0.228 0.00196 3.09 1.74 3.55 
W9A 6080 3420 0.114 0.000267 1.55 0.87 1.78 
W9B 6080 3420 0.130 0.000619 1.76 0.99 2.02 
W9C 6080 3420 0.138 0.00133 1.87 1.05 2.15 
W9D 6080 3420 0.126 0.000462 1.71 0.96 1.96 
W9E 6080 3420 0.130 0.00037 1.76 0.99 2.02 
W9G 6080 3420 0.131 0.000634 1.78 1.00 2.04 
BUNKHOUSE-
01 

2048 1440 0.269 0.00161 1.22 0.86 1.5 

CEDAR-H-01 2048 1536 0.195 0.000646 0.89 0.67 1.11 
CEDAR-L-01 2048 1536 0.194 0.00188 0.89 0.67 1.11 
CEDAR-M-01 2048 1536 0.168 0.000938 0.77 0.58 0.96 
CUB-H-01 1920 1080 0.253 0.00125 1.08 0.61 1.24 
CUB-H-02 2048 1536 0.212 0.000861 0.97 0.73 1.21 
CUB-L-02 2048 1536 0.224 0.00103 1.024 0.77 1.28 
CUB-M-01 1920 1080 0.281 0.00115 1.20 0.68 1.38 
CUB-M-02 1920 1080 0.224 0.00560 0.96 0.54 1.1 
CUB-U-01 2048 1536 0.203 0.000946 0.93 0.70 1.16 
TWISP-R-01 1920 1080 0.202 0.00120 0.87 0.49 1.99 
TWISP-U-01 2048 1536 0.222 0.000783 1.01 0.76 1.27 
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Figure B4. Measurement error (y-axis) was not significantly related to the pixel/cm conversion 

factor (x-axis), suggesting that the model performed well on poles both close and far from the 

camera (slope = -0.45, F1, 20 = 3.09, p = 0.09). The measurement error was calculated by 

subtracting the actual snow depth by the predicted snow depth. The pixel/cm conversion was 

found by identifying the number of pixels of a snow-free pole that represented the full length of 

the pole in centimeters. 
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Figure B5. ANOVA and t-test results showed no differences among error means for multiple 

comparisons: A) sunny vs. cloudy (t(890) = 0.89, p = 0.37), B) closed vs. open canopy (t(890) = 

-0.37, p = 0.71), and C) no precipitation vs. precipitation (t(890) = 1.60, p = 0.11).  
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Figure B6. ANOVA results returned several significant groups, marked with an “*” to indicate significant 

differences from the error mean for A) month of year (F = 12.8, df = 890, SS = 73.8, p < 0.05) and B) 

binned snow depth values (F = 5.5, df = 890, SS = 277.5, p < 0.05). 
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A) 

 
 

B) 

 
C) 

 
 

Figure B7. A) The “fine-tuned” model over-estimated snow depth in multiple cases during the 

early season at site CEDAR-M-01. Upon inspection, the pole tilted slightly on a slope. The slope 

and the pole tilt together may affect model performance before the model learned the new 

placement of the pole.  B) High-contrast shadows at the CUB-M-02 site may have affected 

model performance during the early and melt season. The left image shows the model predicting 

the snow line where the shadow meets the pole. The right image shows the model’s ability to 

predict the snow depth correctly in the absence of the high-contrast shadows. C) Snow 

occasionally loads at the base of the pole, forming a small mound. These mounds can be up to a 

couple centimeters along the pole. This image suggests the fine-tuned model was able to predict 

snow depth in the presence of snow mounds (yellow points), but there is some discrepancy 

between the manually-labelled and predicted points.  
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Figure B8. The fine-tuned model trained on Washington data lowers the accuracy of the model’s 

performance on Colorado data, shown here. The predicted line shows a consistent offset with the 

manually labelled data and overestimation at high snow depth values.  
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Table B4. Performance of the fine-tuned model improved with more training data. The data 

subset indicates how many images from each of the 12 Washington cameras we used. We tested 

the fine-tuned model on the test dataset for each state (Colorado = 802 images, Washington = 

892 images).  

Data Subset Dataset Training 
time (min) 

Epochs Res. Error  
(cm) 

MAE  
(cm) 

R2 

1 Washington 5.7 63 27.7 ± 23.7 29.0 0.33 
 Colorado   -38.1 ± 37.9 47.9 0.48 
2 Washington 6.3 60 -0.8 ± 12.6 9.6 0.80 
 Colorado   -70.8 ± 37.6 72.5 0.52 
5 Washington 7.3 43 -2.9 ± 9.2 7.1 0.89 
 Colorado   -72.3 ± 36.0 72.9 0.59 

10 Washington 10.2 42 -1.4 ± 5.1 4.0 0.96 
 Colorado   -67.2 ± 36.6  67.7 0.61 

15 Washington 17.6 40 -4.7 ± 4.9 3.9 0.97 
 Colorado   -78.0 ± 39.8 78.1 0.53 

20 Washington 14.3 31 -2.6 ± 4.2 3.5 0.98 
 Colorado   -67.8 ± 35.9 68.0 0.61 

25 Washington 19.8 62 -2.0 ± 3.3 2.8 0.99 
 Colorado   -55.5 ± 36.0 56.3 0.62 

30 Washington 22.9 36 -1.9 ± 2.8 2.5 0.99 
 Colorado   -60.1 ± 34.9 60.4 0.62 

 
 
 
 

Table B5. Residual error (Res. Error), root mean square error (RMSE), mean absolute percent 

error (MAPE), and mean absolute error (MAE) for model when WA and CO data are combined 

in training. All poles were included during training except for the two poles listed for testing.  

Poles for training Poles for testing Res. Error  
(cm)  

RMSE  
(cm) 

MAPE 
(%) 

MAE  
(cm) 

18 poles from CO dataset and  
11 poles from WA dataset  

E9E, TWISP-U-01 15.37 27.49 2281.7 20.35 
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Figure B9. Predicted snow depth from model when including a maximum snow depth value from 

each camera into the training set in addition 10 images for every camera.  
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APPENDIX C 
 

Supplemental Information for Chapter 4 
 

Diel and seasonal cycles of snow hardness predict changes in activity patterns for roe deer but 

not mountain hares 

 

 

 

 
 

Figure C1. Correlation plot for all predictor and response variables used in the models. Sun time, 

canopy cover, and season were derived from field metadata. Modeled snow density was derived 

from Norway’s daily snow model run at 1-km resolution (Saloranta et al. 2012). All variables 

were below the threshold of 0.5. 
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Figure C2. Distribution of snow hardness data collected from the penetrometer for snow 

hardness modeling. We used a Tweedie distribution to reflect the continuous, non-zero 

distribution of our snow hardness data.  
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Figure C3. Hourly snow hardness index values obtained from 13 visits across three sites (n = 

247 observations total). Snow surface hardness was indexed by dropping a 200 g penetrometer 

(tuna can) from a height of 50 cm and measuring the depth it sank into the snow. Higher values 

indicate softer snow and lower values indicate harder snow. Colors indicate whether the 

observation occurred in open (blue) or closed (green) canopy. Closed canopy had fewer 

observations due to no snow at later measurements in the spring. Visits 1, 2, 5, 9 were only 

daytime observations due to lack of lodging to conduct overnight observations. All times were 

converted to times relative to sunrise/sunset, i.e., ‘sun time,’ using the suntime package in R.  
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Table C1. AIC comparison table for generalized additive models predicting snow hardness with 

∆AIC values < 4 from the top model. Models with interactions also include main effects.  

Model k AIC ∆AIC 

canopy * cos(sun time) + canopy * density + cos(sun time) * 

season + sin(sun time) * season 11 835.7 0.00 

canopy * cos(sun time) + canopy * density + canopy * sin(sun 

time) + cos(sun time) * season + season * sin(sun time) 12 835.8 0.03 

canopy * cos(sun time) + canopy * density + cos(sun time) * 

season + density * season + season * sin(sun time) 12 836.3 0.61 

canopy * cos(sun time) + canopy * density + canopy * sin(sun 

time) + density * season + season * sin(sun time) + canopy * 
sin(sun time) 12 836.7 1.02 

canopy * cos(sun time) + canopy * density + canopy * season 
+ cos(sun time) * season + season * sin(sun time) 12 836.8 1.03 

canopy * cos(sun time) + canopy * density + canopy * season 
+ canopy * sin(sun time) + cos(sun time) * season + season * 

sin(sun time) 12 837.7 1.95 

canopy * cos(sun time) + canopy * density + canopy * season 

+ cos(sun time) * season + density * season + season * sin(sun 
time) 13 838.2 2.49 

canopy * density + canopy * sin(sun time) + cos(sun 

time)*season + season * sin(sun time) 11 838.5 2.77 

canopy * cos(sun time) + canopy * density + canopy * season 

+ cos(sun time) * season + season * sin(sun time) + canopy * 
cos(sun time) * season 12 838.8 3.07 

canopy * density + cos(sun time) * season + season * sin(sun 
time) 10 838.9 3.13 

canopy * cos(sun time) + canopy * density + canopy * season 
+ canopy * sin(sun time) + cos(sun time) * season + density * 

season + season * sin(sun time) 14 839.2 3.46 

canopy * density + canopy * sin(sun time) + cos(sun time) * 

season + density * season + season * sin(sun time)  11 839.6 3.87 

canopy * density + cos(sun time) * season) + density * season 
+ season * sin(sun time)  11 839.6 3.90 

full model 17 842.6 7.30 

null model  1 1259.3 423.6 
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Table C2. Model output summary from a generalized additive model predicting snow hardness 

using sun time (transformed using cosine and sine), snow density, and interactions with canopy 

class and season. Canopy was defined as either “open” or “closed,” and season was defined as 

either “winter” (February and March observations) or “spring” (April and May observations). 

We transformed sun time using sine and cosine transformations to account for circularity. 

Combining sine and cosine allowed for flexible horizontal shifts along the x-axis (i.e., phase 

shifts) and changes in amplitude.  

Coefficient Estimate Std. Error T value P value 

Intercept 0.22 0.088 2.55 0.01 

canopy (open) 1.23 0.10 13.12 < 0.05 

cos(sun time) -0.45 0.13 -3.37 < 0.05 

density  0.16 0.08 1.9 < 0.05 

season (late) -2.90 0.52 -5.51 < 0.05 

sin(sun time) -0.21 0.05 -4.10 < 0.05 

canopy (open) * cos(sun time) 0.31 0.15 2.11 < 0.05 

canopy (open) * density -0.31 0.09 -3.26 < 0.05 

cos(sun time) * season (late) -1.14 0.50 -2.27 < 0.05 

season (late) * sin(sun time) -2.58 0.50 -5.17 < 0.05 
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Figure C4. Observations of our tuna can sinking depth with snow density outputs from Norway’s 

daily snow model in the open canopy for A) winter and B) spring and closed canopy for C) 

winter and D) spring. In all panels, lower sinking depth values correspond to harder snow, and 

higher values correspond to softer snow. Points represent observations, lines represent predicted 

values with corresponding 95% confidence intervals from the top model predicting snow 

hardness when sun time is held constant at either midnight, sunrise, noon, or sunset.  
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Figure C5. Partial effects from the interaction terms for both the roe deer (top row) and hare 

(bottom) GAM models, which regressed animal occurrence with sun time, snow depth, snow 

hardness, an interaction for snow hardness, sun time, and snow depth. Yellow values are 

associated with higher occurrence and purple values are associated with lower occurrence. 

Predicted tuna can sinking depth was derived from our snow hardness model, with higher values 

associated with softer snow. 
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Table C6. Statistics from the generalized additive models predicting weekly hourly occurrence of 

roe deer and mountain hares. All variables for both models were found significant (p < 0.05). 

EDF represents effective degrees of freedom.  

 

Species Variable EDF p-value Deviance Explained 

Roe Deer Sun time 6.30 < 2e-16 12.2% 

Snow Hardness 1.00 0.07 

Snow Depth 5.72 < 2e-16 

Sun time * Snow 
Hardness * Snow Depth 

32.78 < 2e-16 

Hare Sun time 7.37 < 2e-16 13.7% 

Snow Hardness 6.80 < 0.001 

Snow Depth 6.94 < 0.001 

Sun time * Snow 
Hardness * Snow Depth 

33.85 < 2e-16 
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Figure C6. Distribution of A) roe deer detections (n= 417) and non-detections (n = 113,583), 

and B) hare detections (n = 1012) and non-detections (n = 112,988) for our diel activity GAM 

model, where each point represents the sum of detections for one of hour of each week for a 

camera. The y-axis represents the number of roe deer that was detected in each hour for a camera 

week, and the x-axis represents the corresponding estimated snow hardness value from our snow 

hardness model. Higher sinking depth values are associated with softer snow. A jitter was 

applied (height = 0.1) to show data more easily.  
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APPENDIX D 
 

Supplemental Information for Chapter 5 
 

Rain-on-snow detection from passive microwave remote sensing, weather stations, and wildlife 

cameras 

 

 
 
Figure D1. A) ROS time-series for three weather stations using the gradient ratio polarization < 

1 from Pan et al. (2018) for 2 months from our study period, February 1, 2019, to April 1, 

2019. Stations from top to bottom include, SN38140 (58.3°N 8.5°E; n = 50 events), SN37070 

(58.9°N 8.6°E; n = 47 events), and SN77230 (65.8°N 13.2°E; n = 41 events). We focus on 2 

months from our study period, February 1, 2019, to April 1, 2019, to facilitate visualization. 

Blue bars indicate AMSR2 detected using a GRP < 0.02 with a check for dry snow, cream bars 

indicate a weather station detected a ROS event, and brown indicates both detected an ROS 

event. The blue line shows the daily GRP value, and the green line shows the snow cover index 
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derived from the daily MODIS cloud-gap-filled product. The purple dashed line shows the 

threshold value used, GRP < 0.02, identified using an ROC analysis. 

 
 

Table D1. Accuracy for various GRP thresholds for identifying ROS from AMSR2 when 

supplemented using camera image information. Cameras were labeled using a machine learning 

model trained to detect rain or no rain.  

 GRP < 1 GRP < 1 plus dry 

snow check 

GRP < 0.02 GRP < 0.02 plus 

dry snow check 

 Before After Before After Before After Before After 

Accuracy 31 27 86 87 58 55 88 89 

TPR 0.99 0.99 0.08 0.10 0.30 0.30 0.10 0.11 

TNR 0.27 0.21 0.92 0.93 0.60 0.56 0.93 0.93 

 

 

 
 

Appendix D2. Spatial Analysis: Rain on snow event on December 5, 2018 

On December 5, 2018, we identified 19 cameras with ML-labeled detections. Of the 

cameras, 2 detected a rain-on-snow event, and 17 detected no rain. For the weather stations, no 

weather stations recorded positive ROS detections, but AMSR2 detected events at XX stations. 

Upon inspection of the AMSR2 record using a GRP < 0.02 threshold with a dry snow check 

shows how cameras can further validate and supplement the AMSR2 record, but more work is 

needed to broaden sample size for days with ROS events (Figure D2).  
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Figure D2. Map of example ROS event on December 5, 2018. Purple indicates the pixel was 

detected as ROS by AMSR2, white indicates non-detection. No weather stations reported a 

ROS event. Our ML model detected a ROS event at 2 cameras, and no rain at 17 cameras. 

When mapped over the region, AMSR likely overestimated the spatial extent, and cameras can 

provide additional information on AMSR extent.   
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APPENDIX E 
 

Supplemental Information for Chapter 6 

 

Appendix E1. Additional Library Information 

Additional library information for pitch across all classes and specific information for the sleet 

class: 

- Pitch information for each classification (Hz). No weather: 1244.5 ± 847.1; rain: 562.0 

± 577.0; snow: 1523.7 ± 736.8; sleet 1004.2 ± 738.7. 

- Sleet information. n = 18 samples; avg temp: -0.39 ± 2.83 ºC. Avg. decibels -75.9 ± 9.1 

dB. 
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