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Abstract
Advances in video technology enable new strategies for stream fish research. We compared juvenile (age-0) and

adult (age-1 and older) Brook Trout Salvelinus fontinalis abundance estimates from underwater video with those from
backpack electrofishing and dive count methods across a series of stream pools in Shenandoah National Park, Vir-
ginia (n= 41). Video methods estimated greater mean abundance of adult trout than did one-pass electrofishing, but
video estimates of adult abundance were not different than estimates from three-pass electrofishing or dive count meth-
ods. In contrast, videos underestimated the abundance of juvenile trout; we suggest that this is because predator avoid-
ance behaviors by juvenile trout limit their use of microhabitat locations visible to cameras. Integrated abundance
estimates from two cameras increased correspondence to comparison methods relative to estimates from single cam-
eras, demonstrating the importance of an expanded field of view for video sampling in streams. Geomorphic features
helped to explain methodwise differences: more adult Brook Trout were estimated with video than with three-pass
electrofishing as riffle crest depth and boulder composition increased, indicating habitat associations with trout escape-
ment from electrofishing. Our results demonstrated that video techniques can provide a robust alternative or supple-
ment to traditional methods for estimating adult trout abundance in stream pools.

Stream fish research and management often require
abundance estimation, and advances in video technology
provide new strategies to achieve this goal (Struthers et al.
2015). Prior research has utilized video techniques in mar-
ine and estuarine environments to study fish species rich-
ness and abundance (Moser et al. 1998; Willis and
Babcock 2000; Ebner and Morgan 2013; Holmes et al.
2013; Mallet and Pelletier 2014; Schobernd et al. 2014)
and fish behavior (Brawn 1960; Myrberg et al. 1969; Tru-
del and Boisclair 1996; Becker et al. 2010; Coghlan et al.
2017). Video techniques also have been used in labora-
tory-based studies of fish behavior, habitat use, and com-
petitive interactions (Valentin et al. 1994; Rowland et al.

1995; Castro-Santos 2005; Hitt et al. 2017; White et al.
2019) as well as to monitor movement through fish pas-
sage structures (Hatch et al. 1998; Morán-López and
Tolosa 2017; Hawkins et al. 2018). By comparison, video
techniques for stream fish research in situ are in their nas-
cent stage.

Electrofishing and dive count methods are commonly
used to estimate stream fish abundance (Dunham et al.
2009; Reynolds and Kolz 2012; Thurow et al. 2012), but
video methods offer several potential advantages. First,
electrofishing can cause fish injury or death (Snyder 2003)
and can alter fish reproductive behaviors (Stewart and
Lutnesky 2014), whereas video sampling has a negligible
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impact and has been used to study imperiled species
(Ellender et al. 2012; Feyrer et al. 2013; Chaudoin et al.
2015). Second, electrofishing materials and labor are more
costly than video sampling methods (Frezza et al. 2003;
Struthers et al. 2015). Third, variation in electrofishing
gear performance and waveform settings (Dean et al.
2019) and netting protocols (Peterson et al. 2005) intro-
duces uncertainty in comparisons across studies, whereas
video samples provide empirical records for independent
analysis. Fourth, electrofishing and dive count methods
present some risk of investigator injury that is not a con-
cern in video sampling. Moreover, video techniques can
be deployed in locations where electrofishing or dive
counts are not practical (Mueller et al. 2006; Weyl et al.
2013; Ebner et al. 2015; King et al. 2018).

Prior studies have shown that stream fish abundance
can be estimated from video data (Frezza et al. 2003;
Ellender et al. 2012; Weyl et al. 2013; Ebner et al. 2015)
but that video performance will depend in part on fish
body size, behavior, and environmental conditions. Frezza
et al. (2003) estimated more salmonid fishes by using
video than backpack electrofishing, but they found that
videos were biased against detection of smaller fish. Like-
wise, Ellender et al. (2012) found that video-derived abun-
dances in stream pools were more closely related to
electrofishing results for a larger fish species (Eastern Cape
Redfin Pseudobarbus afer) than for a smaller one (Cape
Kurper Sandelia capensis). Other studies have reported
that video sampling in streams underestimates abundance
of nocturnal stream fishes relative to electrofishing and
dive count methods (Weyl et al. 2013; Ebner et al. 2015).
Limitations of video sampling in turbulent flows and
structurally complex habitats have also been recognized
(Frezza et al. 2003; Struthers et al. 2015; Morán-López
and Tolosa 2017).

We hypothesize that limitations reported in prior
research may be addressed in part by expanding the field
of view in video samples. For instance, Ellender et al.
(2012) used a single camera at the downstream edge of
stream pools, and this may have obscured the view of fish
within the upstream portions of the pool (see Frezza et al.
2003). Alternatively, cameras that are limited to the
upstream portions of pools may observe energetically
profitable locations for fish (Fausch 1984) but may not
capture fish that are displaced further downstream in the
pools (Cullen and Grossman 2019), thus leading to under-
estimates of total abundance. Likewise, stream habitats
with complex fish cover (e.g., boulders and large woody
debris) may require larger fields of view—just as addi-
tional snorkeling observers are recommended when sam-
pling more complex stream habitats (Thurow et al. 2012).
In this study, we compared fish abundance estimates
between sampling methods and compared video data from
single cameras against data integrated from two cameras

to evaluate the effect of field of view. Our objectives were
to understand the capacity for video methods to estimate
Brook Trout Salvelinus fontinalis abundance and to assess
the effects of physical habitat features and field of view on
video performance in this regard.

METHODS
We used video, backpack electrofishing, and dive count

methods to estimate juvenile (age-0) and adult (age-1 and
older) Brook Trout abundance within 41 stream pools in
Shenandoah National Park, Virginia (Figure 1). The study
area is located within the Blue Ridge physiographic pro-
vince of eastern North America and ranges in elevation
from 320 to 1,230 m. Dominant vegetation is character-
ized by a mix of deciduous and coniferous forest cover.
Both streams are located within the Chesapeake Bay
watershed.

We sampled pools within the Staunton River (n= 21)
and Paine Run (n= 20; Figure 1). Both streams are
wadeable within the sample areas (i.e., maximum
upstream basin size= 1,069 ha; Table 1), and geological
parent material was primarily granitic (Staunton River)
and siliciclastic (Paine Run; Jastram et al. 2013). The
Staunton River was influenced by a major storm and
debris flow event in 1995, resulting in short-term reduc-
tions in Brook Trout abundance (Roghair and Dolloff
2005) and alterations in benthic macroinvertebrate
assemblage structure (Snyder and Johnson 2006). Both
watersheds support spatially heterogeneous patterns of
groundwater influence on stream temperature (Snyder
et al. 2015) associated with landform features regulating
groundwater–surface water interactions (Johnson et al.
2017, 2020).

We collected fish abundance data between September
25 and October 10, 2018, during base flow conditions.
We selected sample sites following a systematic random
design developed to characterize basinwide conditions
(Hankin and Reeves 1988; Dolloff et al. 1993) such
that we sampled every 10th pool from a randomized
initial pool selection. We sampled sites in an upstream
direction and conducted dive counts first, video sam-
pling second, and electrofishing third. The interval
between sampling methods typically exceeded 15 min.
Pool density is lower in Paine Run than in the Staun-
ton River (Newman 1995), and sample sites were more
spread out in Paine Run as a result (Figure 1).
Although Rainbow Trout Oncorhynchus mykiss and
Brown Trout Salmo trutta occur in the study area (Jas-
tram et al. 2013), Brook Trout were the only salmo-
nids observed in sample sites.

Dive count surveys were conducted by a single observer
moving upstream in each sample pool (Dolloff et al. 1993;
Dunham et al. 2009; Thurow et al. 2012). Juvenile and
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adult Brook Trout were counted separately based on attri-
butes of body size, parr marks, and behavior. Blacknose
Dace Rhinichthys atratulus commonly co-occur with
Brook Trout in the study area (Jastram et al. 2013) but

can be readily separated from trout based on body size,
body shape, lateral pigmentation, and behavior (Jenkins
and Burkhead 1994). The diver slowly moved upstream in
the approximate center of each pool because conditions

FIGURE 1. Study site locations in Shenandoah National Park, Virginia, USA (n= 41 pools). Study streams are abbreviated (SR= Staunton River;
PR= Paine Run).

TABLE 1. Summary of environmental covariates among sample sites in Shenandoah National Park, Virginia (n= 41 pools). Pairwise correlations are
given in the Supplemental Material (Table S1 available in the online version of this article).

Category Environmental covariate Units Mean SD Range

Fish cover Boulders % 25.4 25.8 0.0–90.0
Large woody debris % 4.1 7.9 0.0–35.0
Undercut banks % 3.8 8.4 0.0–40.0

Geomorphology Elevation m 471.8 68.2 311–546
Pool volume m3 21.7 18.8 1.7–85.3
Riffle crest depth cm 26.6 9.2 14.0–50.0
Stream wetted width m 6.1 2.0 3.2–10.7
Upstream basin area ha 599.9 281.7 83–1,069

Solar incidence Canopy density % 91.3 5.9 70.6–97.2
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enabled bank-to-bank observations underwater and prior
research has demonstrated the utility of this method for
sampling stream pools (Rodgers et al. 1992). Different
divers sampled the Staunton River and Paine Run, and
dive count relationships to electrofishing data for both
observers were within the range observed from prior years
of sampling (C. Krause, U.S. Forest Service [USFS], per-
sonal communication), thus minimizing potential obser-
ver-level effects. Both divers had prior experience
conducting dive count surveys and were certified through
USFS training. Although it can be difficult to identify spe-
cies of juvenile trout during dive count surveys (Thurow
1994), this was not a concern in our study because only
Brook Trout were present.

We collected video samples using “360°” waterproof
cameras (360fly, New York) mounted on small tripods
(Figure 2). The actual field of view encompassed 240°, but
such cameras provide considerably larger views than
others of similar size and cost (see Struthers et al. 2015).
We also viewed video samples in “flat” mode to maximize
field of view while reviewing videos for abundance esti-
mates (see below). Cameras recorded 4K video resolution
at rate of 50 Mbps with an aperture of F2.5 and a focal
length of 0.88 mm. The cameras supported 64GB of inter-
nal memory and approximately 1.5 h of recording time.
Figure 3 provides a representative example of the video
imagery we collected.

In each pool, we deployed two cameras simultaneously
for 15 min. Cameras were positioned facing the thalweg
on opposite sides of the sample area (Figure 2). We arbi-
trarily assigned camera 1 as the camera facing stream-
right (i.e., located on stream-left) and camera 2 as the
camera facing stream-left (i.e., located on stream-right)
without respect to upstream or downstream location
within pools. We did not incorporate an acclimation per-
iod (sensu Weyl et al. 2013) but instead used all video
data to estimate fish abundance. Camera memory failure
in one instance limited video samples to a single camera
for four sites in Paine Run, yielding a total of 78 video
samples for analysis. Of the 37 sites with video data from
two cameras, 14 (38%) were small pools (i.e., mutually vis-
ible cameras) and 23 (62%) were large pools (i.e., cameras
lacked mutual visibility).

We estimated fish abundance from each camera as the
maximum count of individuals observed simultaneously
in a video frame (MaxN). This method has been used
previously in marine ecosystems (Ellis and DeMartini
1995; Cappo et al. 2007; Stoner et al. 2008; Gladstone
et al. 2012; Campbell et al. 2018) and freshwater ecosys-
tems (Ellender et al. 2012; Ebner and Morgan 2013;
Weyl et al. 2013; Wilson et al. 2013; King et al. 2018).
We also estimated juvenile and adult fish abundance for
each pool with an integrated index between cameras
(MaxNi) as

MaxNi ¼ MaxN1 þMaxN2ð Þ �Nshared ;

where MaxN1 and MaxN2 are the camera-level MaxN
values, and Nshared is the count of individuals shared
between camera-level MaxN values. We quantified Nshared

based on the timing of fish movements, fish body size, and
the location of common geomorphic features that were
visible to both cameras. For example, we used boulder
locations to infer fish movements from one camera to the
other when the cameras were not mutually visible. We
compared MaxN and MaxNi values against comparison
methods to investigate the role of field of view in video
sampling (i.e., larger for MaxNi than MaxN). One obser-
ver recorded all MaxN and Nshared values over a total of
approximately 30 h (i.e., 45 min/site) by sequential viewing
of camera 1 and camera 2 videos for each pool followed
by time-specific comparisons to assess movement. Video
analysis was conducted using a high-speed computing pro-
cessor (Intel Xeon Gold 6140) and video card (NVIDIA
Quadro P5000 with 16 GB).

After video sampling, USFS personnel conducted three-
pass depletion sampling with a single backpack unit
(Model AS2; Aqua Shock Solutions, Sevierville, Ten-
nessee) and three dipnetters. Voltage ranged from 400 to
450 V, and duty cycle was 75% with 120 pulses/s. Stream
conductivity was low, ranging from 7.5 to 19.0 μS/cm in
the study area during summer 2018 (N. P. Hitt, unpub-
lished data). Juvenile and adult Brook Trout were col-
lected and counted for each pass, retained in buckets, and
returned to the pool after the third pass. No mortalities
were observed. We used pass-level counts to estimate
latent abundance for both age-classes by using Carle and
Strub (1978) depletion methods in the R package FSA
version 0.8.23. Block nets were not used, but all available
microhabitats were sampled with electricity during each
pass. We evaluated electrofishing data as one-pass counts
as well as three-pass estimates for comparison with video
methods because both electrofishing methods are com-
monly used in stream fish research (Reynolds and Kolz
2012).

We measured environmental covariates in each pool to
characterize fish cover, geomorphology, and canopy den-
sity (Table 1) after video sampling and before electrofish-
ing. We assessed fish cover by visually estimating the
percentage of pool area as undercut banks, submerged
boulders, and submerged large woody debris (minimum
diameter > 10 cm; Lazorchak et al. 1998). Stream wetted
width, pool width, and pool length were measured to the
nearest 0.1 m, and maximum pool depth and riffle crest
depth were measured to the nearest centimeter. We esti-
mated maximum pool volume by multiplying pool width,
depth, and length values. Percent canopy density was esti-
mated using spherical densiometers in accordance with
Lemmon (1956). We used ArcHydro Tools (ESRI ArcGIS
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Desktop version 10.6.1) to calculate elevation and
upstream basin area for each site from a 10-m digital ele-
vation map (USGS 2017).

We evaluated methodwise differences in trout abundance
with two-sided t-tests assuming unequal group variance. We

also evaluated 95% CIs from linear regression models and
nonparametric locally weighted regression models (Cleve-
land 1979) to compare methods. We then calculated non-
parametric correlations between linear model residuals and
environmental covariates to evaluate the environmental
basis of methodwise differences. All calculations were per-
formed in R version 3.5.3 (R Core Team 2019).

RESULTS
Sampled pools encompassed elevations from 311 to 546

m and exhibited substantial variation in geomorphology
and fish cover (Table 1). Pool volume ranged from 1.7 to
85.3 m3, and stream wetted width ranged from 3.2 to 10.7
m. Riffle crest depth averaged 26.6 cm and ranged from 14
to 50 cm. Sample sites included pools with and without
boulders, large woody debris, and undercut banks (Table 1).
Sites were highly forested, with an average of 91% canopy
density. Several environmental covariates were correlated
with basin area and elevation (see Table S1).

Estimates of juvenile Brook Trout abundance varied
substantially among methods (Table 2; Figure 4). Elec-
trofishing and dive counts estimated more juvenile fish

FIGURE 2. Camera placement schematic. Two cameras were placed along the lateral margin of each pool, facing the center of the stream. Cameras
were mounted on small tripods to provide level imagery and to stabilize placement. [Color figure can viewed at afsjournals.org.]

FIGURE 3. Example of video imagery showing an adult Brook Trout in
representative habitat conditions. Note the visibility of lateral fin margins
for taxonomic identification.
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than video methods on average (P< 0.03; Table 2). In
contrast, integrated video methods (MaxNi) estimated
greater mean abundance of adult Brook Trout than did
one-pass electrofishing counts (P = 0.02), and video results
were not different from three-pass electrofishing in this
regard (P > 0.40). Mean adult abundance was lower from
camera-level estimates (MaxN) than from dive counts (P
< 0.10; Table 2), but camera-level estimates of adult abun-
dance were not significantly different from electrofishing
results (P≥ 0.10; Table 2).

Regression models also showed that video methods
underestimated juvenile Brook Trout abundance relative
to other methods (Table 2). Linear model slopes for juve-
nile abundance ranged from 0.00 to 0.18 (Table 2), and
95% CIs for linear and locally weighted regression model
predictions largely excluded the 1:1 relationships that
define equal performance (Figure 5). Integrated video esti-
mates for juvenile abundance (MaxNi) increased corre-
spondence to comparison methods relative to camera-level
estimates (MaxN), but methodwise linear model fit was
low in all scenarios (R2≤ 0.19; Table 2). Results from indi-
vidual cameras varied in their relationship to dive counts:
the linear model slope for dive counts versus camera 2
was less than one-third that of dive counts versus camera
1 (Table 2).

In contrast, estimates of adult Brook Trout abundance
were similar among methods (Table 2; Figure 4). Linear

model slopes for adult abundance ranged from 0.13 to
1.44, and R2 values ranged from 0.22 (MaxN for camera
2 versus one-pass electrofishing) to 0.75 (MaxNi versus
dive counts; Table 2). Predicted 95% CIs for linear and
locally weighted regression models of adult abundance
approximated the 1:1 relationship for some video and elec-
trofishing comparisons, but 95% CIs consistently excluded
the 1:1 relationship between video methods and dive
counts, as video counts were consistently lower (Figure 6).
Conversely, 95% CIs exceeded the 1:1 relationship for
adult abundance from video (MaxNi) versus one-pass elec-
trofishing counts (Figure 6). Effects of influential points
were apparent because 95% CIs for locally weighted
regression predictions expanded across some high-abun-
dance observations (Figure 6).

Integrated two-camera abundance estimates (MaxNi)
showed closer correspondence to dive counts and elec-
trofishing results than did single-camera estimates (MaxN;
Table 2). For example, camera 1 and camera 2 slopes ver-
sus one-pass electrofishing counts were 1.09 and 0.42,
respectively (Table 2). Of the 37 sites with video samples
from two cameras, adult MaxNi values equaled the sum
of camera-level MaxN values for 20 sites (54%), indicating
no effect of fish movement in those sites (i.e., Nshared = 0).
Conversely, adult MaxNi values were less than the sum of
camera-level MaxN values for 17 sites (46%) by an aver-
age of 1.9 fish/site, indicating that integrated video

TABLE 2. Brook Trout abundance comparisons between video (MaxN=maximum count of individuals observed simultaneously in a video frame
from camera 1 or camera 2; MaxNi= abundance index integrated between cameras) and electrofishing (EF; one pass or three passes) or dive count
methods (n= 41 pools). Positive t-values indicate that abundance was greater in the video than in the comparison method and vice versa. Figures 5
and 6 plot the linear regression models.

Age-class Video method Comparison method

t-tests Linear regression models

t P Intercept Slope R2

Juvenile MaxN: camera 1 EF, one pass −2.29 0.026 0.38 0.03 <0.01
MaxN: camera 2 −3.00 0.004 0.22 0.01 <0.01
MaxNi −2.51 0.015 0.23 0.13 0.12
MaxN: camera 1 EF, three passes −2.77 0.008 0.38 0.02 0.01
MaxN: camera 2 −3.14 0.003 0.24 0.00 <0.01
MaxNi −2.87 0.006 0.26 0.06 0.10
MaxN: camera 1 Dive count −3.65 0.001 0.12 0.18 0.13
MaxN: camera 2 −4.45 <0.001 0.14 0.05 0.03
MaxNi −3.94 <0.001 0.12 0.16 0.19

Adult MaxN: camera 1 EF, one pass 1.07 0.289 0.45 1.09 0.38
MaxN: camera 2 0.20 0.844 1.22 0.42 0.26
MaxNi 2.49 0.016 0.86 1.44 0.50
MaxN: camera 1 EF, three passes −0.52 0.604 0.19 0.80 0.61
MaxN: camera 2 −1.67 0.100 1.22 0.27 0.31
MaxNi 0.83 0.410 0.77 0.97 0.66
MaxN: camera 1 Dive count −1.73 0.088 0.49 0.47 0.69
MaxN: camera 2 −2.52 0.015 1.48 0.13 0.22
MaxNi −0.72 0.472 1.14 0.57 0.75
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methods accounted for movement of individuals between
camera locations in these cases. Adult Nshared values ran-
ged from 0 to 5 (mean = 0.9), and juvenile Nshared values
ranged from 0 to 7 (mean = 0.2).

Environmental attributes of pool geomorphology, fish
cover, and solar incidence were correlated with method-
wise differences in adult Brook Trout abundance (Table
3). Linear model residuals for video methods versus one-
pass electrofishing counts were positively correlated to
boulder cover, riffle crest depth, stream wetted width, and
upstream basin area (P < 0.10; Table 3). In contrast, resid-
uals from the MaxNi video versus one-pass electrofishing
model were negatively associated with the percentage of
undercut banks in sample pools (P< 0.05). Residuals from
video versus three-pass electrofishing models also were
positively associated with boulder percent, riffle crest
depth, and stream wetted width (P < 0.10), but residuals
were negatively associated with canopy density (P< 0.10;
Table 3). In contrast, video versus dive count model resid-
uals were unrelated to environmental covariates (P> 0.10;
Table 3).

The relationship between stream wetted width and lin-
ear model residuals varied between cameras (Table 3). For
both one-pass and three-pass models, the camera facing
stream-right (camera 1) showed a positive association with
linear model residuals (P< 0.10), whereas the camera fac-
ing stream-left (camera 2) did not (P > 0.10; Table 3).
Likewise, regression residuals showed a negative associa-
tion with canopy density for one camera but not the other

(Table 3). Integrated video (MaxNi) model residuals
showed stronger associations with boulder percent, riffle
crest depth, and upstream basin area than single-camera
abundance estimates (MaxN; Table 3). Environmental
conditions explained absolute differences in adult Brook
Trout abundance between integrated videos (MaxNi) and
three-pass electrofishing (Table 3) because linear model
residuals represented variation from a nearly 1:1 relation-
ship (i.e., slope = 0.97; Table 2).

DISCUSSION
Our results demonstrated that underwater video sam-

ples can provide robust estimates of adult trout abundance
in stream pools but may not effectively estimate juvenile
trout abundance. We also showed an improvement in
video performance with integrated two-camera estimates
relative to single cameras, indicating the importance of an
expanded field of view for fish abundance estimation in
pools. Here, we discuss the ecological mechanisms under-
lying our results, recommendations and limitations for
video sampling in stream pools, and potential future appli-
cations of video techniques in stream fish ecology.

Video techniques underestimated juvenile Brook Trout
abundance relative to other methods, and we attribute this
to predator avoidance behaviors by juvenile fish, limiting
their use of camera-visible locations. Juvenile fish often
move from deeper pool habitats to shallower riffle habitats
with the introduction of predatory fish (Schlosser 1987).

FIGURE 4. Box plots for observed abundance of juvenile (age-0) and adult (age-1 and older) Brook Trout from video (MaxN=maximum count of
individuals observed simultaneously in a video frame from camera 1 or camera 2; MaxNi= abundance index integrated between cameras), backpack
electrofishing (EF; one pass or three passes), and dive count methods within stream pools.
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For instance, juvenile Bull Trout Salvelinus confluentus
shifted their position into shallower habitats at the lateral
margin of streams when adult Bull Trout immigrated into
sites; juveniles then shifted back into deeper positions

when adult trout emigrated (Pinto et al. 2013). Similarly,
juvenile Brown Trout and Rainbow Trout tend to use
shallow stream margins more often when predatory fish
are present than when they are absent (Roussel and

FIGURE 5. Comparison of juvenile (age-0) Brook Trout abundance estimates between video (MaxN=maximum count of individuals observed
simultaneously in a video frame from camera 1 or camera 2; MaxNi= abundance index integrated between cameras) and backpack electrofishing (EF;
one pass or three passes) or dive count methods within stream pools (n= 41). Gray lines show 1:1 relationships, black solid lines show linear model fits,
and black dashed lines show locally weighted regression fits. Predicted 95% CIs are shown for linear models (blue) and locally weighted regression models
(red). Note that points are jittered to reveal sample size (including some unobserved negative values). [Color figure can viewed at afsjournals.org.]
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Bardonnet 1999; Biro et al. 2003). Moreover, our video
samples captured a period of high predation risk for juve-
nile trout because adult Brook Trout feed primarily during
daylight hours (Allan 1981), their diet includes small fishes

(Jenkins and Burkhead 1994), and adult trout were
observed in all of our sample pools. This observation may
also explain why Frezza et al. (2003) and Ebner et al.
(2015) found that video samples underestimated the

FIGURE 6. Comparison of adult (age-1 and older) Brook Trout abundance estimates between video (MaxN=maximum count of individuals
observed simultaneously in a video frame from camera 1 or camera 2; MaxNi= abundance index integrated between cameras) and backpack
electrofishing (EF; one pass or three passes) or dive count methods within stream pools (n= 41). Gray lines show 1:1 relationships, black solid lines
show linear model fits, and black dashed lines show locally weighted regression fits. Predicted 95% CIs are shown for linear models (blue) and locally
weighted regression models (red). Note that points are jittered to reveal sample size (including some unobserved negative values). [Color figure can
viewed at afsjournals.org.]
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abundance of small-bodied fish in streams. However, our
results in this regard may be limited to freshwater ecosys-
tems given the lack of this effect reported from marine
ecosystems (Coghlan et al. 2017) as well as the inherent
difficulty in observing small fish via visual sampling meth-
ods (Thurow et al. 2012). Although our sampling design
directed cameras toward the thalweg, additional cameras
capturing stream margins may be better suited to detect
juvenile trout for these reasons.

We found that integrated video data from two cameras
(MaxNi) outperformed the data from single cameras
(MaxN), and this may be due to competitive displace-
ments from energetically profitable microhabitat locations.
Pool locations that maximize access to incoming drift (i.e.,
food source) and minimize energetic requirements to hold
a position in the water column are energetically profitable
for fish (Fausch 1984). Competitive displacements from
such energetically profitable microhabitats are common in
salmonid fishes (Hitt et al. 2017; Cullen and Grossman
2019); therefore, competing fish may occupy a larger por-
tion of the pool than would be visible to a single camera.
Furthermore, because MaxN values are based on the
simultaneous observation of aggregations of fish, competi-
tive displacements may lead to underestimates of abun-
dance if fish are displaced from energetically profitable
locations, whereas the use of integrated multi-camera data
may account for these effects. Campbell et al. (2018)
demonstrated a similar result in marine ecosystems and
recommended the use of 360° video systems for this pur-
pose. Moreover, we demonstrated a method to avoid dou-
ble-counting fish among cameras by accounting for shared
individuals (Nshared) based on timing of movements, fish
size, and the locations of natural landmarks that were visi-
ble to both cameras (e.g., boulders), thus addressing a

common pitfall in dive count methods (Thurow et al.
2012).

Our results further indicated that two cameras can pro-
vide sufficient coverage for the range of pool volumes we
sampled (Table 1), in contrast to the four-camera method
of Campbell et al. (2018) in marine ecosystems. Although
marine environments may require averaging MaxN values
over time to account for fish emigration and immigration
(e.g., “MeanCount” sensu Schobernd et al. 2014), our
results suggest that this is less of a concern for stream
pools given their relatively small volume and the observed
concordance between video and comparison methods for
adult trout (Table 2). Although we cannot reject the possi-
bility that fish moved into and out of sampled pools (i.e.,
block nets were not used), this is an unlikely explanation
for our results because the time period between sampling
methods in each pool typically exceeded the 5-min accli-
mation period applied elsewhere to estimate baseline con-
ditions with video sampling (Weyl et al. 2013). Moreover,
we demonstrated that methodwise differences in adult
abundance were unrelated to pool volume (Table 3), indi-
cating the utility of video methods across the observed
range of pool sizes (Table 1).

We found that geomorphic attributes of pools can
explain differences in method performance. Videos esti-
mated more adult Brook Trout than electrofishing in sev-
eral sites (Figure 6), and the magnitude of these
differences (i.e., linear model residuals) increased with
boulder composition and riffle crest depth (Table 3). This
suggests that electrofishing capture efficiency decreases
under these conditions due to fish escapement. Such
imperfect detection is well known in abundance modeling
(Kellner and Swihart 2014), and our results indicate that
riffle crest depth and boulder composition could provide

TABLE 3. Environmental associations with methodwise differences in adult Brook Trout abundance estimates (EF= electrofishing [one pass or three
passes]; MaxN=maximum count of individuals observed simultaneously in a video frame from camera 1 or camera 2; MaxNi= abundance index inte-
grated between cameras). Values are Spearman’s rank correlation coefficients between environmental covariates (Table 1) and linear model residuals
(see Table 2). Positive residuals indicate above-predicted abundance from video samples. Asterisks indicate the significance level of coefficients (*P<
0.10; **P< 0.05). Variables with P-values greater than 0.10 are excluded.

Comparison method Environmental covariate

Video method

MaxN:
camera 1

MaxN:
camera 2 MaxNi

EF, one pass Boulders 0.17 0.10 0.37**
Undercut banks −0.24 −0.21 −0.32**
Riffle crest depth 0.31* 0.18 0.28*
Stream wetted width 0.28* 0.04 0.25
Upstream basin area 0.18 0.12 0.34**

EF, three passes Boulders 0.06 0.08 0.32**
Riffle crest depth 0.23 0.25 0.29*
Stream wetted width 0.31* −0.05 0.16
Canopy density −0.29* −0.20 −0.11
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useful covariates for modeling the fish detection process in
a hierarchical framework (e.g., N-mixture models).
Because backpack electrofishing typically is conducted at
the reach scale (i.e., 100–1,000 m) rather than the pool
scale (i.e., 1–10 m; Reynolds and Kolz 2012), upstream
fish escapement (Peterson et al. 2005) may not hinder
abundance estimates if fish are chased to a confining fea-
ture in the sample area where they are captured. However,
riffle crest depth measures the depth of flow from the sam-
ple pool into the next downstream feature, suggesting
downstream rather than upstream escapement in this case.
This effect could bias electrofishing toward the underesti-
mation of trout abundance if such geomorphic features
were prevalent within the sampling reach.

In contrast to electrofishing, environmental conditions
did not explain differences between dive counts and video
methods. Water clarity and physical obstructions are well-
known limitations for dive counts in assessing fish abun-
dance (Northcote and Wilkie 1963; Young and Hayes
2001; Hayes et al. 2015); therefore, such environmental
features may limit video methods in a similar fashion.
Additionally, although we did not quantify water turbidity
in sample sites, we would expect its effects to be equiva-
lent between dive count and video methods because sam-
pling was conducted without intervening rainfall events.
However, we cannot reject the possibility that physical
habitat disturbance from dive counts displaced some fish
from the sample area, rendering them unavailable for sub-
sequent video or electrofishing samples.

Our results indicate the utility of video techniques for a
spatially intensive perspective on fish abundance within
stream networks. Spatially intensive sampling may be par-
ticularly important in stream ecosystems that exhibit sharp
gradients or discontinuities in local habitat characteristics
influencing population structure and viability (Fausch
et al. 2002). For instance, patchy groundwater–surface
water interactions may affect stream thermal habitat (Sny-
der et al. 2015) based on spatially complex landform fea-
tures regulating groundwater depth and flow paths
(Johnson et al. 2017, 2020). Moreover, drought conditions
can create fragmented stream networks that require inten-
sive spatial sampling to understand fish population
responses (Kovach et al. 2019). Spatially intensive sam-
pling approaches have been used to assess fish abundance
and fish habitat at the basin scale (Hankin and Reeves
1988; Dolloff et al. 1993), and our results further indicate
the utility for video techniques at the stream network
scale.

Our results also indicated some important limitations
of video sampling. We found that video data were not
useful for estimating juvenile trout abundance, likely due
to predator avoidance behaviors, and we expect similar
limitations for other small-bodied fishes in the presence of
predatory trout. We also demonstrated the importance of

field of view for video data, and by extension we expect
that video may not be useful for sampling riffle habitats
with a restricted field of view due to shallow water and
turbulence. In addition, video methods will be most effec-
tive for species with obvious coloration and body shape
patterns, and we expect that video would be less useful for
cryptic or nocturnal species, as reported by Ebner et al.
(2015) and others. For example, American Eel Anguilla
rostrata are present in the study streams (Hitt et al. 2012)
but were not observed in any of our video samples. Simi-
larly, we do not expect that video methods could reliably
distinguish between closely related species that require
detailed examinations or dissection for positive species
identification (e.g., shiners Notropis spp.), as shown by
others (Holmes et al. 2013; Branigan et al. 2018). Video
methods also are subject to digital data loss, which was
experienced here and was reported by Ebner et al. (2015).
Moreover, video methods require substantial analysis time
and computing capacity (see Methods), whereas dive and
electrofishing methods yield immediate inferences on fish
abundance.

Digital imagery shows great utility for fish species iden-
tification from artificial intelligence and machine learning
algorithms (Boussarie et al. 2016; Salman et al. 2016,
2019; Qin et al. 2016; dos Santos and Gonçalves 2019;
Willi et al. 2019), and our results further indicate its
potential for estimating stream fish abundance and model-
ing population dynamics. For example, a recent study of
estuarine fish populations found that computer-generated
MaxN values were 7% more accurate than those provided
by human observers (E. Ditria, Australian Rivers Insti-
tute, Southport, Queensland, personal communication),
and machine learning models for species identification
from imagery have recently achieved lower error rates
than human observers (Wäldchen and Mäder 2018).
Moreover, video techniques can enable citizen science and
crowdsourcing methods to collect and analyze large eco-
logical data sets (Marvin et al. 2016), such as those neces-
sary to detect trends in Brook Trout abundance (Pregler
et al. 2019). We anticipate that the integration of video
methods with citizen science and machine learning models
will facilitate powerful new directions in stream fish
research, management, and conservation.
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