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ABSTRACT

Automated matching algorithms are an increasingly valuable tool in marine mammal research. A multispecies matching al-

gorithm, originally described in Patton et al. analyzes distinctive morphological characteristics on cetaceans using scarring,

pigmentation patterns, and notches along the trailing edge of the dorsal fin, which can pose challenges in traditional eye-based

matching due to individual variation over time. While the algorithm was trained on 24 different cetacean species, Risso's dol-
phins were not included. Here, we assess its effectiveness using Cascadia Research's Risso's dolphin photo-identification catalog,
which consists of 1165 unique individuals from Southern California documented across 701 sightings from 2010 to 2021. The
multispecies algorithm identified 90 missed matches within the catalog and was subsequently used to update the Cascadia
Research catalog more efficiently with sightings collected through 2024. Our results indicate that the algorithm outperformed

experienced human matchers, particularly for individuals with less distinctive features, streamlining the identification process

and supporting the long-term monitoring of Risso's dolphins while showing strong potential for application to other species with

similar identification challenges.

1 | Introduction

Photo-identification (photo-ID) is a foundational tool in marine
mammal research, enabling researchers to track individual
animals and study population trends, distribution, and move-
ment patterns across various species (Wells and Scott 1990;
Karczmarski et al. 2022). By analyzing distinct markings, dor-
sal fin morphology, and scar patterns, individuals can be moni-
tored noninvasively over time, providing valuable data to inform
conservation measures and management strategies (Hammond
1990; Parra et al. 2006, Robinson et al. 2012). Traditional pho-
to-ID methods of identifying marine mammals, such as dolphins
and whales, have relied on manual analysis of photographs, a
process that can be both time-consuming and expensive, and
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subject to human error, especially in large populations with
extensive datasets (Fuller et al. 2025; Tyson Moore et al. 2022;
Bouma et al. 2018).

In recent years, the use of algorithm-based matching has
emerged as a transformative tool in marine mammal research
by automating the process of matching individuals within a
catalog, offering solutions to the limitations of traditional pho-
to-ID methods (Cheeseman et al. 2022; Patton et al. 2023; Blount
et al. 2022; Maglietta et al. 2018). Recent studies have demon-
strated the potential of machine learning to reliably recognize
individual marine mammals across vast datasets, facilitating
large-scale collaboration among researchers and citizen scien-
tists (Cheeseman et al. 2022, Patton et al. 2023). By automating
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FIGURE1 | Map showing the Southern California Bight, where the images in this study were collected.

the matching process, these tools have the potential to improve
data processing speeds, reduce error rates, and provide a more
cost-effective approach to photo-ID.

Risso's dolphins (Grampus griseus), a gregarious, deep-diving
odontocete species, are widely distributed in the waters of the
Southern California Bight. Manual photo-ID methods have
been successfully applied to Risso's dolphin in regions such as
the Azores to quantify individual residency patterns and site
fidelity (Hartman et al. 2015) and at Catalina Island to study
marine mammal distribution (Shane 1994). Each Risso's dol-
phin has a unique pattern of scarring, coloration, and dorsal
fin shape, making them ideal candidates for individual iden-
tification (Hartman et al. 2015). Subadults have much darker
skin that lightens as they mature, and adult males can become
almost completely white, partly due to the scarification caused
by the teeth of other Risso's dolphins, markings from preda-
tion and prey interaction, and loss of pigment (Hartman et al.
2008, Hartman et al. 2015, 2016). This can make them a chal-
lenging species to match, as rapid accumulation of new scars
and dorsal fin notches over time may limit the ability to reliably
identify individuals across long timeframes, particularly in
the case of juveniles, which accrue scars and marks at a faster
rate than adults (Hartman et al. 2008, Mariani et al. 2016). In
spite of rapid accumulation, Risso's dolphin scars are notably
persistent over time; Fadda and Airoldi (2000) documented
the longevity of individual markings over a 9-year period,
while Mariani et al. (2016) found that distinct mark types de-
fining the fin outline remained recognizable across their 11-
year study.

A multispecies algorithm tool described by Patton et al. (2023)
had been tested on 24 different species of cetaceans, though
Risso's dolphins were not included in that initial test set. In this
study, we evaluate the effectiveness of the multispecies match-
ing algorithm described by Patton et al. (2023) in identifying

individual Risso's dolphins in the Southern California Bight,
using an established photo-ID catalog developed by Cascadia
Research through traditional eye-based matching. The data
and photographs that are part of this study were derived inci-
dentally from two multiyear interdisciplinary research projects:
the Southern California Behavioral Response Study (SOCAL-
BRS), and the Tagless Behavioral and Physiological Response
Study (BPRS). These projects were conducted in the Southern
California Bight, primarily in the summer months of 2010-2015
(SOCAL-BRS) and from 2017 to 2021 (BPRS) to evaluate ma-
rine mammal response to mid-frequency active sonar (Southall
et al. 2012; Durban et al. 2021). By analyzing the results from
the multispecies algorithm, we assess the precision and poten-
tial of the algorithm to enhance traditional eye-based methods
of photo identification for this species, and thus contribute to
more efficient long-term monitoring of Risso’s dolphins in the
Southern California Bight.

2 | Methods

Most surveys, sightings, and photo-ID work were conducted
from 5.9 to 6.4m Rigid Hull Inflatable Boats (RHIBs). Larger
research vessels were used occasionally, including the 20m
dive boats the R/V Truth and the R/V Magician, the 20 m motor
yacht R/V Valkyrie, and a dedicated passive acoustic mon-
itoring (PAM) vessel, the R/V Bayliss. Up to four boats oper-
ated on a single day. We conducted 499 days of nonsystematic
small boat surveys over 179 different days during the months
of July-October in the Southern California Bight (Figure 1)
during the 2010-2014 period (Southall et al. 2012). This meant
that survey effort varied due to a number of factors, including
the availability of coordination with the Navy, weather, and the
presence of priority species, which included toothed cetaceans
and baleen whales (Southall et al. 2012). We conducted 73 days
of nonsystematic small boat surveys over 27 different days
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during the months of October-December in the 2019-2021 pe-
riod, of which the basis of operations was out of Catalina Island
(Durban et al. 2021).

A single sighting of Risso's dolphins was defined as one vessel
encountering a group of animals, where a group was defined
as one or more individuals traveling in association with each

Ptrer s

1- Parallel to camera, dorsal insertions visible, clear exposure and sharpness
showing fin notches and scarring

Lo e s

2 - Off angle, some fin notches and scaring obscured, exposure
and/or slightly i

3 - Off angle, one or more dorsal insertions not visible, fin notches andlor
scars largely , exp and/or poor

FIGURE 2 | Examples of key identification features used to compile
unique IDs in the Risso's dolphin catalog, representing overall quality
scores of 1, 2, and 3.

other and exhibiting a common behavior. We tallied our effort
each year by computing different vessel days of effort, since
we had up to four vessels operating on a single day and each
vessel could encounter a different group of animals. If multi-
ple vessels encountered the same group of animals, these were
counted as different sightings for each vessel, and if each vessel
took photographs, these were compiled and the best images of
each individual from that day were chosen to build the cata-
log. For photo identification, we used distinguishing marks
and notches on either side of the dorsal region and trailing
edge of each animal to identify unique individuals and track
re-sightings over time. Photography for identification was typ-
ically a second priority to tagging and surface behavior moni-
toring. Where possible, ID photos were taken at multiple points
in time while tracking a group of Risso's dolphins.

For individual photo-ID, we used high-resolution, parallel, in-
focus images that showed the dorsal fin and a portion of the
body around the dorsal fin. The best available image of each
individual from each surfacing sequence photographed was se-
lected and cropped into a square shape, keeping both dorsal fin
insertion points visible (Figure 2). These images were imported
into a database designed to reconcile large collections of dor-
sal fin photos into individuals that were then scored for image
quality and distinctiveness. Image quality scoring consisted of
assigning several categories to each image presented (Table 1).
Images assigned with 1's typically represented the best, or ex-
cellent qualities of each of the categories, 2's were considered
medium quality, and 3's were considered fair quality (Figure 2).
Images that had multiple scores of three, or where the dorsal
fin was significantly off angle, exposure dark, blurry, or the key
parts of the body were obscured, were given a “poor quality”
designation and not added to the catalog. Once the image quality
categories were assigned, an overall mean “Image Quality” from
1 to 3 was generated for each image that reflected the scores

TABLE1 | Image quality and distinctiveness scoring criteria.

Category Score Description

Image quality
Side Right/left Side of animal photographed
View Ahead/lateral/behind Position of the animal relative to the camera
Angle 1-3 1 =parallel, 2 =slightly off angle, 3=very off angle
ProVis 1-3 1=both dorsal fin insertion points visible,

2=one visible, 3=none visible
Exposure 1-3 1=excellent, 2=medium, 3 =fair
Sharpness 1-3 1 =excellent, 2=medium, 3 =fair
Overall image quality 1-3 Generated by the database based on scores above.
Images scoring > 2.5 were excluded from the catalog.

Distinctiveness

Fincat; notches in dorsal fin 1-5 1 =clean fin (no notches), 2 =1-2 notches, 3 =3 notches,
4 =4+ notches, 5=disfigured fin (missing or bent)

ScarScore 1-6 1=minimal scarring, 0%-10%, 2 =low scarring, 10%-25%,

3 =moderate scarring, 25%-50%, 4 =high scarring, 50%-75%,
5=heavily scarred, 75%+, 6 = abnormal pigment or disfigured
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(a) DorsalFin Categories for Risso’s Dolphins

2-1-2 notches

3-3notches

4 - 4 or more notches

5- Disfigured

(b) Scarification Categories for Risso’s Dolphins

N 2 - Low - Limited scars, 10-25%
1-Clean- Little to no scars, 0-10%

3 - Moderate - Medium, 25-50% 4 - High - Severe scars, 50-75%

5 - Very high - Very severe, 75%+
6 - Disfigured or unusual

FIGURE3 | (aand b) Distinctiveness categories for Risso's dolphins based on number of dorsal fin notches and degree of scarification.

given. No images made it into the historical catalog that scored
higher than a 2.5 in overall image quality.

Distinctiveness was scored based on the number of notches in the
trailing edge of the dorsal fin (“Fincat,” as described in Table 1),
and given a category of 1-5 (Figure 3a). Similar to Hartman
et al. (2008), Risso's were also assigned to categories based on
dorsal fin scarification. This scoring system ranged from 1 to
6 and categorized animals based on the amount of scarring on
their dorsal fins and on the portion of the body visible around
the dorsal fin (Table 1, Figure 3b). These distinctiveness desig-
nations could be subjective due to both image quality and the
individual assigning the categories, depending on the angle,
exposure, and sharpness of an image; some smaller notches or
scars could be harder to see than others, which is why multiple
images of each individual from a variety of angles were scored
and compiled when possible.

The full manual and algorithm-assisted photo-ID workflows
used to process these images, as well as the tests conducted as
part of this study, are summarized in Figure 4. For the manual
process, we used Image J to expedite the eye-based matching
process, obtaining proportional measurements of dorsal fin
height and width (Rasband 1997-2016) to categorize fin shape.
This system was formalized after the initial catalog (spanning
2010-2014) was constructed through eye-based matching, and
its performance was evaluated before integration. Accuracy
tests of the measurement system, based on 836 measured images
representing 46 individuals, showed that 90% of correct matches
were retrieved within the first 10% of possible candidates, and
nearly all correct matches were retrieved within the first 30%
of possible candidates. Based on these results, catalog verifica-
tion and subsequent matching efforts were streamlined by re-
stricting searches to the top 30% of ranked potential matches to
the historical catalog, substantially reducing search effort while
maintaining high accuracy.

Right and left sides of images of individuals with distinctive
notches were matched when possible using the trailing edge
of the dorsal fin; however, right and left sides of animals with
distinct scarring but no notches were counted as unique indi-
viduals since they could not be accurately paired together. Each
unique individual could have between 1 and 12 images associ-
ated with that animal, in order to give the matcher a variety of
angles showing different portions of the body and dorsal fin to
enhance the chance of finding a match. Matching was first con-
ducted within the same day to reconcile duplicate detections of
the same individual and these reconciled individuals were then
compared to an overall catalog of individuals sighted during
SOCAL-BRS and BPRS. A second person would verify whether
the matches made by the first person were correct, and then take
any individuals not found by the first person through the catalog
again to check for any missed matches.

The algorithm-assisted process involved uploading images into
the dorsal fin matching algorithm platform (through happy
whale.com), selecting “dorsal fin” and clicking the button “iden-
tify” to run the images against the historical catalog. The plat-
form returned a ranked queue of potential matches for each
uploaded image. Each candidate match was accompanied by
a catalog ID, an algorithm-generated similarity score, and the
total number of matches presented. Algorithm similarity scores
for each test image were scored on a unitless 0.0-1.0 match con-
fidence scale, where scores represent the cosine similarity be-
tween extracted feature vectors from dorsal fin regions, with 0.0
being no correlation and 1.0 being a perfect match (Cheeseman
et al. 2022). The queue was ordered in descending similarity
score, with the highest-ranking candidates appearing first.

Review of the results was conducted manually. Each uploaded
image was compared to its corresponding list of candidate
matches, and the full queue of options presented was reviewed
regardless of where the correct match appeared. There was not
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FIGURE 4 |
workflow.

a method to assign a match to a photo within the platform, so
the results were recorded in a separate excel file, which detailed
the match ID, filename of the image, the number the match
appeared in the queue, the algorithm similarity score, and the
number of matches presented. Any possible missed matches,
defined as images that were assigned the same catalog ID by
the human cataloger but where actually two distinct individu-
als, were also recorded, including the ID number of the missed
match, the number the missed match appeared in the queue,
and the corresponding algorithm similarity score.

To evaluate overall algorithm performance, the mean average
precision (MAP) score was computed following the method de-
scribed in Patton et al. (2023). MAP summarizes how well the
algorithm ranks the correct match among the list of candidate
images, where a score of 1.0 indicates that the correct match is
always returned as the top-ranked candidate, while lower scores
reflect cases where the correct match appears further down the
ranked queue or is missed entirely (Patton et al. 2023). For each
query image, a precision score was assigned based on the rank-
ing position of its correct match (1.0 if first, 0.5 if second, down
to 0 if not within the top five), and these precision scores were
then averaged to calculate the MAP for that dataset. MAP pro-
vides a single, intuitive measure of how effectively the algorithm
prioritizes a correct match and higher MAP values indicate that
fewer images need to be reviewed to reliably identify individu-
als, reducing human effort while maintaining confidence in the
match results.

To assess whether image characteristics influenced algorithm
performance, a series of statistical tests were conducted in R ver-
sion 4.3.2. One-way analyses of variance (ANOVA) were used
to compare similarity scores across levels of categorical image

Schematic overview of both the historical manual photo-identification workflow, the tests conducted, and the algorithm-assisted

quality and distinctiveness metrics. Assumptions of one-way
ANOVA were evaluated using Shapiro-Wilk tests for normal-
ity of residuals and Levene's tests for homogeneity of variance.
Where mild departures from normality were detected, results
were confirmed using nonparametric Kruskal-Wallis tests,
these are reported in Data S1. Linear regressions were also per-
formed to examine the relationship between similarity score and
individual image characteristics. Image metrics evaluated are
detailed above in Table 1, though the count of distinct notches
on the trailing edge of the fin was added (called “Fincat_Count”)
as an additional distinctiveness metric, and was recorded inde-
pendent of the general Fincat category.

3 | Results

A total of 701 sightings of Risso's dolphins yielded 2421 images
of 1165 uniquely identified animals during the 7years of effort
from 2010 to 2014, 2019, and 2021. This catalog of Risso's dol-
phins that was compiled from eye-based matching from 2010
to 2021 effort was given to the multispecies matching platform
to serve as the basis for the tests detailed below; key results are
summarized in Table 2.

3.1 | Test1—Novel Image Matching for Known
Individuals

In the first test, which involved 100 images of known individ-
uals that were not the same image of that individual, the mul-
tispecies matching algorithm successfully identified all 100
Risso's dolphin images. Of these, 99 individuals were returned
as the top-ranked match (position 1 in the queue), while one

Marine Mammal Science, 2026
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ID CRC-500 matches opposite side ID CRC-158

FIGURE 5 | Examples of opposite side matches found by the algorithm that humans had missed.

individual appeared seventh out of seven candidates. The out-
lier corresponded with an uncropped, unedited image, which
also received the lowest similarity score in the dataset. The
remaining four uncropped images all matched successfully as
the top-ranked candidate. Among this dataset, four represented
opposite-side matches (i.e., a left side image matched to a his-
torical right-side image, or vice versa), yet the algorithm was
still able to return the correct individual due to distinct features
(Figure 5). These opposite side matches were only confirmed
when there was absolute certainty in the match, meaning the
shape of the dorsal fin and number of notches aligned, and there
was supporting evidence of the match confirmation, such as the
images being taken on the same day from the same vessel and
sighting (Figure 5).

The test also identified nine missed matches. Four of these
missed matches were identified directly by the algorithm, and
in each case, the missed match appeared second in the queue,
immediately after the correct catalog match. These four had
a mean similarity score of 0.66, and exhibited mark changes,
defined as changes in dorsal fin appearance over time, such
as development of new notches or scars not present in earlier

encounters. An additional five missed matches were identified
incidentally by the human matcher during manual review of the
candidate queues. One of the nine cases involved an opposite-
side comparison, however, consistent dorsal ridging enabled
confident identification. Overall, the missed match rate was 9%,
based on the nine cases identified during the review of 100 ran-
domly chosen individuals.

Both the categorical variable Fincat (fin distinctiveness grouped
into category) and the continuous variable Fincat_Count (the
total number of notches per individual) were statistically sig-
nificant predictors of similarity score (Table 2), indicating that
individuals with more dorsal fin notches tended to yield higher
similarity scores (Figure 6). See Supporting Information for de-
tails on methods for Test 1.

3.2 | Test 2a—Full Historical Catalog

The second test involved comparing all 2421 images in the
historical catalog against the catalog itself. As expected, each
image returned itself as the top-ranked match, representing

Marine Mammal Science, 2026
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FIGURE 6 | The relationship between FinCat_Count (the number
of notches in a dorsal fin) and Similarity Score with a regression line to
show the trend in the data from the linear regression model.

1165 unique individuals. Within this dataset, 90 missed matches
were identified, comprising a total of 203 images. The majority
of these missed matches (n =78 unique IDs) appeared as the sec-
ond option in the queue. An additional eight unique IDs were
third in the queue, two appeared fourth in the queue, and two
appeared fifth in the queue.

In one case, the match was asymmetric, meaning one unique
ID matched and appeared within the first five options, but the
reciprocal comparison did not return the corresponding unique
ID within the first five results. When the search was extended
beyond the top five candidates, this match was identified at the
eighth position. See Supporting Information for details on meth-
ods for Test 2a.

3.3 | Test2b—Missed Match Rank Analysis

Test 2b focused on the ranking behavior of the missed
matches identified in Test 2a. For this analysis, the 203 im-
ages associated with the 90 unique individuals were examined
by reviewing the full queue of options presented by the algo-
rithm, and recording both the position at which the missed
match appeared and its corresponding similarity score. The
mean algorithm similarity score for these missed matches
was 0.67 (range 0.39-0.89) (Table 2), with the distribution of
scores shown in Figure 7. Across these images, 71% of missed
matches appeared as the second-ranked result in the algo-
rithm queue, 8% ranked third, and 2% or fewer ranked higher
in the queue (Table 3, Figure 8). The mean CRC quality score
for this test was 1.39 (range 1-2.25), similar to the average
quality score of the overall historical catalog (mean=1.42,
range 1-2.5) (Figure 6). Not shown in Table 3 are the handful
of missed matches that came up higher than the 11th choice
in the queue, totaling nine photos that matched at positions
ranging from 17th to 90th. Each of these outliers occurred
only once and typically corresponded with images that were
off-angle, of lower quality, or were the opposite side. These
had a markedly lower mean similarity score of 0.4267. To

Internal Score Distribution

25

Frequency
15

| | | | I |
04 05 06 07 08 09

Internal Scores

FIGURE 7 | Distribution of missed match (noted here as internals)
similarity scores for 203 images.

calculate the MAP score, the self-match was excluded and
the first nonsame-image match was treated as the top-ranked
candidate.

Analysis indicated several factors significantly influenced the
algorithm similarity scores within this missed match dataset.
ProVis (as defined in Table 1) had a significant effect on sim-
ilarity score, indicating that as visibility decreased, similar-
ity scores also declined. Mean image quality, calculated from
the average of four image quality components (angle, ProVis,
sharpness, and exposure), had a significant effect on similar-
ity score, with lower image quality associated with reduced
similarity scores (Figure 9). Similar to Test 1, Fincat showed
a significant effect in ANOVA but was not significant in lin-
ear regression suggesting group-level differences without a
clear trend. Unlike Test 1, Fincat_Count was not significant
in this test.

Additionally, of the 203 images corresponding to missed
matches identified, 46 exhibited mark changes that may have
contributed to the human matcher initially missing the correct
matches. 58 of these missed matches involved opposite side
matches, 31 of which were of lower quality, potentially reduc-
ing detectability. Forty of the 203 images were of animals for
which only a single photo was available, limiting the oppor-
tunity for the human matchers to compare multiple angles or
lighting conditions during eye based matching. See Supporting
Information for details on methods for Test 2b.

3.4 | Test3—Updating Risso's Dolphin Catalog

In Test 3, CRC's survey efforts in 2022-2024 yielded 185
unique Risso's dolphin IDs across 259 images. The multispe-
cies matching algorithm identified 50 matches, comprised of
67 images, to individuals already in the historical catalog.
Of these, 58 of the matches appeared first in the queue of op-
tions presented by the algorithm, two appeared second, two
appeared third, one fourth, one fifth, two in the sixth, and
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Third queue Fourth queue Fifth queue Sixth queue Seventh queue Eighth queue 11th queue

| Missed matches of the 203 images analyzed per location in the queue.
Second queue

TABLE 3

145 17

Missed match

photos

0.5045
(0.4860-0.5230)

0.5450
(0.5450-0.5450)

0.4520
(0.4520-0.4520)

0.4777
(0.466-0.4960)

0.5224 0.5273
(0.5050-0.5400)

(0.4290-0.6610)

0.5954
(0.4870-0.6680)

0.7157
(0.4830-0.8900)

Mean quality

score

1.5
(1.25-1.75)

1.75
(1.75-1.75)

1.3676 1.15 1.25 1.4167
(1-1.5) (1.25-1.25) (1-1.75)

(1-1.75)

1.4045
(1-2.25)

CRC mean
quality

(1-1

Internal Matches by Queue Position

80 A

60 -

40 A

Percentage

20 A

0 L

2 4 6 9 11 17 25

Queue Position

FIGURE 8 | Missed matches by queue position (shown here as in-
ternal matches).

one in the eighth position. Of the 50 matches, 27 were noted
to show mark changes, such as new scratches, notches, or
pigmentation marks, when compared to the historical image.
Algorithm performance metrics for this test are summarized
in Table 2, with detailed results below. While the MAP score
for these matches is 0.9041, when recalculated across all 259
images with the inclusion of the dummy “new individual”
prediction, the MAP score decreased to 0.6691, reflecting the
algorithm's overall performance when both matched and un-
matched cases were considered.

Linear regression analysis indicated that the number of dor-
sal fin notches (“Fincat_Count”) was a significant predictor of
similarity score (Figure 10), and ANOVA results supported this
association. No other image quality or distinctiveness metrics
were significantly related to the similarity score in this test. The
results of Test 3 allowed Cascadia’s Risso's dolphin catalog to be
fully updated through 2024. Excitingly, the algorithm was able
to correctly link images with year gaps as large as 14 years, even
when 48 out of the 67 images involved mark changes in dorsal
fin appearance. See Supporting Information for details on meth-
ods for Test 3.

3.5 | Test 4—Poor Quality Images

In Test 4, which took images of Risso's that were previously
determined to be too poor quality for eye based matching, the
multispecies algorithm successfully identified matches to 50
out of 145 of these images, representing 42 unique individu-
als. Of these, 48 appeared first in the queue of match options
presented, while two of them appeared eighth in the queue of
options presented. One of the matched images was noted to
have undergone mark changes, and three were opposite side
matches. Linear regression and ANOVA analysis did not iden-
tify any significant relationships between image quality and
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FIGURE 10 | The relationship between FinCat_Count and Score
with a regression line to show the trend in the data from the linear re-
gression model for the Updating CRC Catalog dataset.

distinctiveness metrics as related to the algorithm similarity
score. See Supporting Information for details on methods for
Test 4.

3.6 | Match Type Assessment Results

Overall, the algorithm and the humans performed similarly
across most image types. However, the algorithm showed a slight
advantage in detecting matches in images with lower similar-
ity scores, or suboptimal quality, particularly for animals with
cleaner fins and more frontal or suboptimal angles (the algo-
rithm found 48% of images previously missed by a human at
angle 2). Images missed by both the human and the algorithm
(N/N) tended to have lower average quality scores, although dif-
ferences were subtle and not strongly diagnostic (Table 4).

Animals with moderate to high levels of fin damage or scarring
(Fincat 4+, ScarScore 3-4) were more likely to be successfully

TABLE 4 | Comparison of algorithm similarity scores between three
categories of match type, where both humans and the algorithm found a
match, only the algorithm found a match but humans did not, or neither
humans nor the algorithm found a match.

Algorithm Human Median
match match Count Mean score score
Y Y 161 0.6884 0.694
Y N 237 0.6725 0.670
N N 284 0.5324 0.530

matched by both the algorithm and human, indicating distinc-
tiveness facilitates accurate identification. Conversely, cleaner
fins (Fincat or ScarScore 1-2) were more often missed by the
human, with the algorithm outperforming human matchers in
some of these cases. The algorithm detected 35% of clean fins
that had been previously missed by humans, and 53% of animals
that had a medium ScarScore but were missed by humans. The
algorithm was also more successful in identifying high-quality
matches (Sharpness or Exposure=1) than human review-
ers, as well as a small number of cases involving opposite side
matches or marked changes not originally matched by eye. See
Supporting Information for details on methods for Match Type
Assessment.

4 | Discussion

The datasets compared from Cascadia's Risso's dolphin pho-
to-ID catalog demonstrated that the multispecies algorithm
was not only effective at detecting matches to known indi-
viduals already present in the catalog, but it also identified
additional matches that had been missed from human match-
ers. This is particularly notable for Risso's dolphins given
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their unique morphology and progressive development of scar
and pigmentation patterns over their lifetime (Hartman et al.
2008). As one of the most heavily scarred delphinids, identi-
fication depends on accurately distinguishing these dynamic
and often prominent natural markings, which can change
over time as animals acquire new scars and marks (Mariani
et al. 2016). The algorithm's strong performance suggests
positive potential for the use of this technology with Risso's
dolphins over long timeframes, particularly in cases where
human matchers may be challenged by cleaner fins, subopti-
mal angles, or image quality limitations.

Across all datasets, most correct matches appeared early in the
queue of options presented, most frequently as the first or second
option, while later matches typically corresponded with lower
quality or off-angle images. MAP scores further confirmed the
algorithm's reliability in prioritizing true matches, with an over-
all MAP of 0.927. For comparison, Patton et al. (2023) reported a
mean MAP of 0.869 across 24 species and 39 catalogs, suggest-
ing the algorithm's performance for Risso's dolphins is above
average relative to other species. When adjusted to include a
dummy “new individual” prediction for the tests that contained
not found animals, MAP values decreased slightly, though it is
likely not a reflection of algorithm performance, but because un-
matched images were treated as potential new individuals, low-
ering the average precision metric. The dummy-adjusted MAP
therefore provides a conservative measure of overall algorithm
performance and supports the conclusion that correct matches
were consistently ranked near the top of the queue. While the
current dataset tested includes 1165 identified individuals, these
results suggest that the algorithm is likely to remain robust as
additional individuals are added, though performance for sub-
stantially larger catalogs may be influenced by image quality
and fin distinctiveness.

Distinctiveness of the dorsal fin was a key determinant of al-
gorithm similarity scores and match success across multiple
tests (Test 1, Test 2b, Test 3). Individuals with more pronounced
notches or irregular trailing edges achieved higher similarity
scores and were more likely to be correctly matched. Both dor-
sal fin notches and scarification patterns were evaluated as dis-
tinctiveness metrics, but only fin notches consistently predicted
algorithm success, whereas scarification was not a significant
factor across tests. This trend mirrors the inherent bias seen in
human-based matching, where animals with distinctive fins are
more likely to be detected and re-identified, while individuals
with cleaner fins may be underrepresented. This unequal de-
tection probability is an important consideration when applying
photo-ID data to downstream analysis such as mark-recapture
models, where assumptions of equal capture probability can
strongly influence population estimates (Rosel et al. 2011; Urian
et al. 2015). Recognizing and accounting for this bias will be
important for interpreting catalog-based analysis.

Image quality and fin visibility also influenced algorithm per-
formance. The visibility of the trailing edge notches (ProVis) was
a particularly strong predictor of similarity score, in addition to
overall image quality, though to a lesser extent (Test 2b). These
findings indicate that while general image quality matters, the
visibility of the fin plays a greater role in algorithm performance.
Notably, the algorithm was able to extract reliable matches from

images that would typically fall below the acceptable threshold
for human eye-based matching (Test 4). This ability to utilize
lower quality photographs expands the pool of usable data, po-
tentially increasing catalog completeness and the efficiency of
long-term monitoring.

The comparison of algorithm and human performance high-
lights the potential for algorithm-based matching to both sup-
port and, in some cases, surpass traditional eye-based matching
methods. While overall matching rates were similar, the algo-
rithm demonstrated particular strengths in areas where hu-
mans missed matches, such as in cases of lower-quality images,
at suboptimal angles, and with less distinctive individuals.
Interestingly, the algorithm was also able to identify high-quality
matches that humans missed, as well as opposite side matches
and marked changes between individuals. These patterns sug-
gest that while humans and algorithmic matching may largely
overlap in performance for this species, the algorithm may be
more sensitive to subtle patterns or changes, especially in indi-
viduals that may be less distinctive.

Also notable within these tests was a deviation from previous
methodology used to compile images and verify matches. Prior
to the algorithm's adoption, each image of a dorsal fin had to
be measured manually in ImageJ to prioritize likely matches.
With the algorithm's demonstrated accuracy, this step is no
longer required, streamlining the data preparation process.
Likewise, match verification previously relied on two people:
one person to compile and match images and a second to re-
view both matches and match “not found” animals again to en-
sure nothing was missed. Despite these efforts, the algorithm
identified several matches that humans had missed, demon-
strating that even the two-person verification process was
not infallible. The results from these tests suggest sufficient
confidence in the algorithm to reduce this process to a single
reviewer, as a second round of manual matching no longer ap-
pears necessary.

While our evaluation focused primarily on missed matches
and the image quality and distinctiveness metrics, the detec-
tion of false positives, or instances where the algorithm ranks
an incorrect individual as a top match, relies on manual com-
parison by experienced human matchers. Consequently, users
of the algorithm should be aware that while it effectively pri-
oritizes likely matches, incorrect top-ranked assignments re-
main possible, particularly when adding new individuals to
the catalog or when image quality is poor. An important con-
sideration with this is the potential for bias between algorithm
outputs and human decision-making. Utilizing lower quality
photographs may increase false positive errors, as human re-
viewers may be more inclined to accept a suggested match de-
spite low visual confidence. This underscores the importance
of experienced reviewers and utilizing conservative accep-
tance criteria when integrating automated tools into long-term
photo-ID efforts.

In the broader context of photo-ID methods, several tools have
been developed to support or automate parts of the match-
ing workflow. Cloud-based platforms such as Flukebook inte-
grate multiple computer vision algorithms to rank candidate
matches for cetacean images and manage large digital catalogs,
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providing ranked similarity outputs that can be reviewed man-
ually by experts (Blount et al. 2022, Wild Me 2024). Species-
targeted systems such as Dolfin, developed for Risso's dolphins,
include automated photo-ID modules tuned to the characteris-
tic features of this species’ dorsal fin morphology and scarring
patterns (Maglietta et al. 2018). Other tools, including R-based
applications like finFindR, leverage deep learning to charac-
terize fin edges and assist in dorsal fin matching (Thompson
et al. 2021). While these platforms vary in their species scope
and degree of automation, they share the goal of reducing man-
ual effort and improving consistency in photo-ID workflows.
Our evaluation demonstrates that the multispecies dorsal fin
algorithm can achieve robust automated matching for a com-
plex species like Risso's dolphins, which exhibit highly variable
and progressive marking patterns. For research programs main-
taining catalogs across multiple species, a unified multispecies
framework offers practical advantages, including standardized
data processing and consistency in matching procedures across
projects and years.

This study highlights the success of the multispecies match-
ing algorithm in both error-checking and updating Cascadia'’s
Risso's dolphin catalog, as well as streamlining data prepara-
tion methods. By reducing the need for manual image mea-
surements and secondary human verification, the algorithm
improves the efficiency of the matching process. The results
also suggest that individuals with more distinctive fins may be
more likely to be matched successfully, underscoring a poten-
tial detection bias that should be considered in future applica-
tions. While human oversight remains essential, the findings
indicate that a single trained matcher, supported by the algo-
rithm, can be sufficient for catalog updates and maintenance.
This shift not only improves efficiency but also strengthens
confidence in the catalog's accuracy. By continuing to build
on these efforts, researchers will be better equipped to track
individual Risso's dolphins and enhance our understanding of
their site fidelity, movement patterns, and population structure
within areas like the Southern California Bight and elsewhere,
which will be critical information for ongoing conservation
and management efforts.
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