
Appendix B

Supplementary Material for Chapter 4

B.1 Model Performance Details

B.1.1 SSL Incidence Model (Model A — XGBoost)

Table B.1: SSL incidence model performance comparison: v1 (lat/lon included) vs v2 (env-only).

Model version Features AUC (mean ± SD) Notes

v1 (lat/lon included) env + lat + lon 0.840 ± 0.044 Geographic proximity leakage; lat top feature (gain 0.183)
v2 (env-only) env only 0.880 ± 0.039 Production model; no spatial leakage

The v1 model is retained as an upper-bound benchmark reflecting the strength of spatial autocorrela-
tion in the training data. The 5–7% lower AUC of the env-only model reflects genuine held-out
predictive performance without the benefit of proximate training echograms inflating the score.

B.1.2 SSL Subtype Model (Model B — XGBoost)

Table B.2: SSL subtype model performance (k=3).

Metric Value

Cross-validated accuracy 0.682 ± 0.025
n training labels 504
k (clusters) 3
Silhouette score (k=3) 0.216
Silhouette score (k=2) 0.214
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k=3 was selected over k=2 for ecological interpretability. The silhouette scores are comparable at
k=2 and k=3 (0.214 vs. 0.216), and both improve substantially over k=4 (0.161). The k=2 solution
merges the warm mesotrophic (C1) and warm oligotrophic (C2) subtypes into a single warm-water
cluster (n=449), collapsing the distinction between strong-DVM and diffuse, largely non-migratory
aggregations.

B.1.3 U-Net Segmentation

Table B.3: U-Net SSL segmentation model versions.

Version Training masks Val masks Validation Dice Notes

v1 52 — 0.68 Pilot; masks archived
v5 (production) 88 15 0.685 All v2 analysis uses v5; 7.77M

parameters

The production U-Net (v005) was trained on 88 manually drawn masks and validated on 15 held-out
masks. The architecture follows the standard encoder–decoder U-Net (Ronneberger et al. 2015) with
input shape (B, 1, 160, 1440), representing normalised 𝑆𝑣 (dB) in the 0–800 m depth window at 5 m
× 1 min resolution. Output is a per-pixel probability map of the same shape; masks are binarised at
a threshold of 0.5.

B.1.4 Label Audit and Mask Consolidation

After initial labeling of 1,451 echograms (563 SSL-positive), all SSL-positive echograms were
subject to a systematic quality audit:

Label audit. All 563 initially SSL-positive echograms were reviewed against the trained U-Net
predictions. Echograms where the U-Net confidently detected no SSL-like structure — and where
re-inspection confirmed the original label was incorrect — were reclassified as SSL-absent. A total
of 59 echograms were flagged as false positives and removed from the SSL-positive set, yielding a
final label count of 504 SSL-positive echograms (34.7% of 1,451).

Mask audit and revision. All U-Net–predicted masks for SSL-positive echograms were reviewed
in a Flask-based visual audit tool. Masks were assessed for boundary accuracy, depth alignment,
and spurious segmentation. Of 606 echograms for which U-Net predictions were available, 53
required manual correction; these were re-drawn using a canvas-based mask editor and saved as
revised masks. Two additional SSL-positive echograms had no U-Net prediction and no human
mask and were excluded from feature extraction.
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Mask consolidation. A single consolidated mask was assembled for each of the 502 SSL-positive
echograms with available masks, using the following priority hierarchy:

1. Revised masks (53 manually corrected; highest priority)

2. Original human masks (99 hand-drawn masks not requiring revision)

3. U-Net predictions binarised at 0.5 (350 echograms)

Table B.4: Consolidated mask source summary.

Source n echograms Notes

Revised (manual correction) 53 Overrides human and U-Net
Original human mask 99 Unchanged from original drawing
U-Net prediction (0.5 threshold) 350 Binarised probability map
Total 502 2 SSL-positive echograms excluded

(no mask available)

B.1.5 SSL Mask Examples

Figure B.1: Representative SSL mask examples. Top row: human-drawn mask boundaries (yellow
contours) used for U-Net training. Bottom row: U-Net predicted mask boundaries (cerulean
contours) from the production model (v005, Dice = 0.685). All echograms displayed over the
0–800 m depth range.
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Table B.5: Environmental covariates co-located with each echogram. The V2 incidence model uses
9 features (marked ✓); additional covariates are retained for descriptive analysis but excluded from
the model to avoid redundancy or spatial leakage.

Variable Source Resolution In V2 model Description

o2_surf (𝜇mol kg−1) WOA18 annual 1◦ ✓ Surface dissolved oxygen
omz_top_60_m (m) WOA18 annual 1◦ ✓ Depth to 60 𝜇mol kg−1 oxygen

isoline
log(Chl-a) MODIS-Aqua 4 km, 2018–2022 mean ✓ Log-transformed chlorophyll-

a
SST (◦C) WOA18 annual 1◦ ✓ Sea surface temperature
Bathymetry (m) ETOPO1 1′ ✓ Seafloor depth
z_eu (m) Derived — ✓ Euphotic zone depth =

− ln(0.01)/𝐾𝑑490
Lunar phase Astronomical — ✓ Phase (0–1) at date and longi-

tude
MLD (m) WOA18 annual 1◦ ✓ Mixed layer depth (0.5◦C

threshold)
𝐾𝑑490 (m−1) MODIS-Aqua 4 km, 2018–2022 mean ✓ Diffuse attenuation coefficient
o2_200m (𝜇mol kg−1) WOA18 annual 1◦ — Dissolved oxygen at 200 m
Day length (h) Astronomical — — Excluded: deterministic func-

tion of latitude
predicted_dsl_wmd (m) Aksnes 2017 — — Excluded: deterministic trans-

form of 𝐾𝑑490
niche_gap_m (m) Derived — — Excluded: derived from z_eu

and predicted_dsl_wmd
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B.2 Environmental Covariate Table

Lat/lon were excluded from all model versions to avoid geographic proximity leakage (see Sec-
tion B.1.1). Features ranked by V2 model importance (gain); see Fig. 4.3.

B.3 SSL Feature Extraction

A total of 18 acoustic and morphometric features were extracted from each consolidated mask and
the corresponding echogram 𝑆𝑣 field, spanning four functional categories. The 11 features used for
clustering (Table 4.1) are a subset selected to remove highly correlated pairs (see Section 4.2.3). All
18 features and their computation are listed below for completeness. Features were standardized to
zero mean and unit variance before clustering.

Notation. Let 𝑀𝑑𝑡 be the binary mask (1 = SSL, 0 = outside) at depth bin 𝑑 and time column 𝑡.
Let 𝑆𝑑𝑡 be 𝑆𝑣 (dB) at (𝑑, 𝑡). Let 𝐿𝑡 = {𝑑 : 𝑀𝑑𝑡 = 1} be the set of mask depth bins at column 𝑡. Let
𝑆lin
𝑑𝑡

= 10𝑆𝑑𝑡/10 be linear 𝑆𝑣.

Δ𝑧 = 5 m (vertical bin size). 𝑇 = total number of time columns.

B.4 SSL Cluster Feature Statistics

B.5 Multi-frequency Differencing

Multi-frequency Δ𝑆𝑣 was computed within the SSL mask for all SSL-positive echograms with paired
multi-frequency data: Δ𝑆𝑣(38–18 kHz) (n=59), Δ𝑆𝑣(38–70 kHz) (n=57), and Δ𝑆𝑣(38–120 kHz)
(n=90), spanning 8 vessels (Fig. B.2). Δ𝑆𝑣(38–18) is the only pair that discriminates among clusters
(Fig. 4.8 and Section 4.3.7). Δ𝑆𝑣(38–70) and Δ𝑆𝑣(38–120) are uniformly positive across all three
clusters (+2.4 to +3.2 dB), confirming that gas-bearing scatterers contribute to SSL backscatter in
all subtypes.
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Table B.6: Feature definitions and computation.

Feature Computation

mean_depth_m 𝑧 =
∑︁
𝑑,𝑡 𝑧𝑑 · 𝑆lin

𝑑𝑡
𝑀𝑑𝑡 /

∑︁
𝑑,𝑡 𝑆

lin
𝑑𝑡
𝑀𝑑𝑡

vertical_extent_m mean𝑡
(︁
max 𝐿𝑡 − min 𝐿𝑡

)︁
peak_sv_db max𝑑,𝑡 𝑆𝑑𝑡 𝑀𝑑𝑡

nasc_mean mean𝑡
∑︁
𝑑∈𝐿𝑡 𝑆

lin
𝑑𝑡

· Δ𝑧 (proportional to NASC)
temporal_coverage |{𝑡 : 𝐿𝑡 ≠ ∅}| / 𝑇
boundary_depth_range_m max𝑡 min 𝐿𝑡 − min𝑡 min 𝐿𝑡
maxsv_depth_range_m max𝑡 𝑧★𝑡 − min𝑡 𝑧★𝑡 , where 𝑧★𝑡 = 𝑧arg max𝑑 𝑆𝑑𝑡 𝑀𝑑𝑡

maxsv_depth_iqr_m 𝑄75(𝑧★𝑡 ) −𝑄25(𝑧★𝑡 )
parabolic_curvature Curvature of quadratic fit to 𝑧★𝑡
parabolic_r2 𝑅2 of that quadratic fit
energy_conc_20m mean𝑡

∑︁
𝑑 : mean𝑡

(︁∑︁
𝑑∈𝐿𝑡 𝑆

lin
𝑑𝑡

)︁
within 20 m of peak

erb_m mean𝑡
(︁∑︁

𝑑∈𝐿𝑡 𝑆
lin
𝑑𝑡

)︁
/max𝑑∈𝐿𝑡 𝑆lin

𝑑𝑡
(equivalent rectangu-

lar bandwidth)
bright_core_thickness_m mean𝑡

��{𝑑 ∈ 𝐿𝑡 : 𝑆𝑑𝑡 ≥ max𝑑′∈𝐿𝑡 𝑆𝑑′𝑡 − 3}
�� · Δ𝑧

peak_prominence_mean_db mean𝑡
(︁
max𝑑∈𝐿𝑡 𝑆𝑑𝑡 − mean𝑑∈𝐿𝑡𝑆𝑑𝑡

)︁
peak_depth_autocorr_lag1 Corr(𝑧★𝑡 , 𝑧★𝑡+1) (Pearson, lag 1 ping ≈ 1 min)
peak_depth_autocorr_lag10 Corr(𝑧★𝑡 , 𝑧★𝑡+10) (lag 10 pings ≈ 10 min)
peak_sv_autocorr_lag1 Corr

(︁
max𝑑∈𝐿𝑡 𝑆𝑑𝑡 , max𝑑∈𝐿𝑡+1 𝑆𝑑,𝑡+1

)︁
peak_streak_max max length of consecutive run with peak 𝑆𝑣 within 5 m

of mode

Table B.7: Full feature statistics by SSL cluster (k=3), SSL-present echograms only. Values are
means unless otherwise noted.

Feature All SSL+ C0 subpolar C1 mesotrophic C2 oligotrophic

n 504 53 179 270
SSL depth (m) 245 ± 38 209 276 232
NASC_ssl (m2 nmi−2) — 196 35 58
SST (◦C) 21.8 11.9 23.4 22.6
o2_surf (𝜇mol kg−1) 225 — — —
Δ𝑆𝑣 (38–18 kHz, dB) — −1.8 +2.17 −0.7
DSL depth (m) 595 — — —
f_ssl (%) 4.3 11.6 2.9 3.7
MP_ssl (%) 18.3 34.4 22.6 12.2
Thermal savings (%) 37.6 16.3 35.0 43.2
Combined energetic benefit (%) 47.3 40.8 44.0 51.0
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Figure B.2: Multi-frequency differencing (Δ𝑆𝑣) within SSL masks by cluster for three frequency
pairs. Violin plots show per-echogram distributions; horizontal bars indicate cluster means with
95% CI. Cluster colours: orange = C0 subpolar, blue = C1 mesotrophic, green = C2 oligotrophic.

B.6 Migration Fraction Methods

B.6.1 Per-echogram computation (this study)

For each SSL-positive echogram with a consolidated mask, the migration proportion (MP) framework
of Klevjer et al. (Klevjer et al. 2016) was applied directly to the acoustic time series. All computations
use the single-frequency 38 kHz echogram; NASC is computed by integrating 𝑆𝑣 (linear units) over
depth and averaging across pings within each time window.

Full mesopelagic MP. Daytime (08:00–16:00 local) and nighttime (22:00–04:00 local) NASC were
computed over the full mesopelagic depth range (200–800 m). A diel normalisation ratio (DNR) —
the median ratio of total water column 𝑆𝑣 between day and night in SSL-absent echograms — was
used to correct for diel changes in background scattering efficiency:

MP = 1 −
NASCmeso,night × DNR

NASCmeso,day
(B.1)

SSL-specific MP (MP_ssl). An SSL-specific migration proportion was computed using NASC
within the SSL mask depth footprint, with peak-day (09:00–15:00) and peak-night (21:00–03:00)
windows:
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MPssl = 1 −
NASCmask,night

NASCmask,day
(B.2)

SSL fraction of mesopelagic NASC ( 𝑓 _ssl). The fractional contribution of SSL backscatter to
total mesopelagic backscatter was computed during peak daytime:

𝑓 _ssl =
NASCmask,day

NASCmeso,day
(B.3)

SSL center of mass. The 𝑆𝑣-weighted mean depth within the mask during peak daytime provides
the effective carbon injection depth.

B.6.2 Carbon sequestration efficiency

Sequestration efficiency was evaluated using the Martin et al. (Martin et al. 1987) power-law flux
attenuation, with exponent 𝑏 = 0.86 and euphotic zone depth 𝑧eu = 160 m (mean over SSL-positive
echograms):

𝐹 (𝑧) ∝
(︃
𝑧

𝑧eu

)︃−0.86
(B.4)

Relative sequestration efficiency at the SSL injection depth (𝑧ssl) versus DSL injection depth (𝑧dsl) is:

𝜂rel =
𝐹 (𝑧ssl)
𝐹 (𝑧dsl)

=

(︃
𝑧ssl

𝑧dsl

)︃−0.86
(B.5)

A value > 1 indicates that SSL-injected carbon is more efficiently returned to the atmosphere (less
efficiently sequestered) relative to DSL-injected carbon.

B.6.3 Methods comparison

Key bias in prior methods. All prior methods underestimate the shallow-migrant fraction because
they either ignore the SSL entirely or merge it with the DSL. The WMD method is negatively biased
in SSL-present echograms: the SSL pulls daytime WMD shallower, reducing the apparent amplitude
of the day–night centroid shift and underestimating DSL migration.

Limitations of this study’s approach. The DNR correction assumes diel changes in total water
column backscatter reflect calibration or behavioral efficiency effects rather than true biomass
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Table B.8: Literature methods for estimating migrating proportion (MP) and their treatment of the
SSL.

Method Source Metric SSL treatment

Day/night NASC shift Klevjer et al. 2016 MP = 1 − (NASC_night ×
DNR) / NASC_day

SSL not separated; in-
cluded in total daytime
NASC

WMD centroid shift Bianchi et al. 2013 NGeo MP ≈ 1 − WMD_night /
WMD_day

SSL pulls WMD shallow
→ underestimates DSL mi-
gration

Isolume binary model Bianchi et al. 2013 GBC All below 10−3 W m−2 isol-
ume migrate

SSL below isolume treated
as migrants; no depth dis-
tinction

Trait-based MCE Thibault et al. 2025 MCE = 0.5–1.25 × 10−2 Crustacean group (100–
500 m) overlaps SSL range
but not distinguished

This study — Per-echogram MP_ssl
(mask-bounded day/night
NASC shift); f_ssl sepa-
rately quantified

SSL explicitly resolved;
MP_ssl and f_ssl computed
per-echogram from consol-
idated masks

changes; this assumption may not hold in regions with strong advection. The SSL mask defines
a depth footprint that may include non-SSL background scattering within the mask boundary,
potentially inflating f_ssl and diluting MP_ssl estimates. The approach is limited to 38 kHz;
multi-frequency methods would improve taxa-specific resolution of the migrant signal.

B.7 Carbon Flux Analysis: Computational Details

This section provides the equations underlying the exploratory carbon flux analysis presented in
Section 4.3.7. Results and discussion are in the main text; only computational details are given here.

Full mesopelagic MP. Following Klevjer et al. (Klevjer et al. 2016):

MP = 1 −
𝑠𝐴-M,night × DNR

𝑠𝐴-M,day
(B.6)

where mesopelagic NASC (𝑠𝐴-M) is integrated over 200–800 m, and the day-night ratio DNR =
𝑠𝐴-T,day / 𝑠𝐴-T,night normalizes for diel changes in total water column backscatter unrelated to vertical
redistribution. Daytime and nighttime windows were defined as 08:00–16:00 and 22:00–04:00 local
time respectively.

SSL-specific MP. MP_ssl was computed analogously using NASC within the SSL mask depth
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footprint.

SSL fraction. 𝑓 _ssl = NASCssl,day/NASCmeso,day.

SSL injection depth. The Sv-weighted center-of-mass depth within the mask during peak daytime.

Sequestration efficiency. Evaluated using the Martin et al. (Martin et al. 1987) power-law:

𝐹 (𝑧) ∝
(︃
𝑧

𝑧eu

)︃−0.86
(B.7)

where 𝑧eu = 160 m (mean euphotic depth for SSL-positive echograms).

Assumptions. This analysis uses NASC as a linear biomass proxy without taxon-specific target
strength corrections, fixed day/night windows that do not account for latitude-dependent photoperiod,
and assumes DNR conservation of total water column NASC between day and night.

B.8 Annotation Application

All manual annotation tasks — binary SSL labeling, pixel-wise mask drawing, mask quality audit,
and mask revision — were performed using a consolidated web-based application built in Python
(Flask). The application integrates four functional modes into a single interface with shared label
persistence and mask versioning:

1. Binary labeling mode (Fig. B.4): Displays each echogram full-screen with an EK500 color
scale. A gradient boosting machine (GBM) classifier trained at startup on existing labels
provides real-time model predictions and confidence estimates, and prioritises the review
queue toward echograms where the model disagrees with existing labels or has low confidence
(active learning). Labels are persisted to a master CSV with source tracking and review
timestamps.

2. Mask drawing mode (Fig. B.5): Provides a dual-canvas overlay for pixel-wise SSL boundary
delineation. Tools include adjustable brush/eraser, rectangular selection, horizontal band fill,
and depth-range clipping. Masks are saved as single-channel PNGs at grid resolution (1440 ×
160 pixels) with automatic backup of previous versions.

3. Batch audit mode: Displays echograms in paginated 8×8 mosaic grids with U-Net prediction
contours overlaid. Reviewers flag false-positive labels or poor-quality masks with a single
click. Flagged items are logged to separate audit CSVs.
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4. Mask revision editor: Loads existing masks (checking revised → human → U-Net prediction
in priority order) and allows redrawing with the same canvas tools as the mask drawing mode.
Revised masks are saved to a dedicated directory without overwriting originals.

A standalone version of the binary labeling mode was packaged for distribution to external subject-
matter experts for inter-rater reliability assessment (Section 4.2.2). This version serves pre-rendered
PNG echograms and requires only Python and Flask (no raw acoustic data or model dependencies).

Figure B.3: Architecture of the consolidated annotation application showing data flow between the
four functional modes, shared utilities, and annotation artifacts.

B.9 Seasonal SSL Habitat Predictions

To assess the sensitivity of SSL habitat predictions to seasonal variation in environmental covariates,
we generated P(SSL) predictions using WOA18 seasonal climatologies (JFM, AMJ, JAS, OND) for
SST, MLD, surface O2, and OMZ depth, while retaining annual-mean values for Kd490, bathymetry,
and lunar phase (which exhibit less seasonal variation). Seasonal predictions were generated using
the V2 XGBoost incidence model (9 environmental features; Section 4.2.4).

Mean predicted P(SSL) across the Indo-Pacific grid varies modestly by season (AMJ: 0.434; JAS:
0.429; OND: 0.451; JFM: 0.459), reflecting the dominance of oxygen and OMZ structure — which

165



Figure B.4: Binary SSL labeling interface showing an echogram displayed in the EK500 color scale
with model prediction confidence bar, label action buttons (Yes / No / Uncertain / Bad Data), and
review queue sidebar.

Figure B.5: Mask drawing interface showing an SSL-positive echogram with the annotation canvas
overlay. The yellow contour indicates the hand-drawn SSL mask boundary.
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are relatively stable seasonally — in the incidence model. The most pronounced seasonal differences
occur at the poleward margins of the SSL habitat envelope, where SST and MLD vary strongly
between summer and winter (Fig. B.6). This seasonal variation is consistent with the observation
that SSL detections south of 40◦S occur exclusively during the warmer months (Section 4.3.2), and
provides context for the seasonal aliasing effect described in the main text.
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Figure B.6: Seasonal SSL subtype distribution and incidence predictions. Top panel: annual
climatological mean (same as Fig. 4.1). Bottom four panels: seasonal predictions using WOA18
seasonal climatologies for SST, MLD, O2, and OMZ depth. Colour indicates dominant predicted
SSL subtype (green = oligotrophic; blue = mesotrophic; red = subpolar). Black contour: P(SSL) =
0.75.
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Appendix C

Supplementary Material for Chapter 5

C.1 Hydrophone Recordings

Hydrophone recordings captured by the SoundTrap 600 during each comparison group’s test runs
confirmed the timing, repetition rate, and spectral content of both instruments’ transmissions.
Figure C.1 covers the A1 baseline comparison group, where the calibration sphere occupied the
target position. Figure C.2 covers the dedicated hydrophone-as-target runs, where the hydrophone
was moved to the target position for direct observation of each instrument’s transmitted waveform.

C.2 Environmental Noise Floor Details

Low-frequency noise (< 10 kHz) was higher during daytime, as expected from mechanical and
electrical sources, but sonar-band noise was unaffected.

C.3 Per-Group SNR Statistics (Empty-Region Method)

Table C.1 summarises per-ping SNR statistics using the within-ping empty-region noise gate
(2.1–2.6 m). Figure C.6 shows the corresponding per-group SNR distributions.
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Figure C.1: A1 baseline — SoundTrap 600 hydrophone recordings during the A1 comparison group.
EchoBot downsweep (left) and upsweep (right) pressure time series and spectrograms.

Figure C.2: Hydrophone as target — SoundTrap 600 recordings with the hydrophone at the target
position. EchoBot downsweep, EchoBot upsweep, and EK80 pressure time series and spectrograms.
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Figure C.3: Pressure time series and spectrograms.

Figure C.4: PSD overlay with sonar band highlighted.

Figure C.5: Overnight versus daytime ambient noise comparison. (a) Pressure time series and
spectrograms. (b) PSD overlay with sonar band highlighted.
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Table C.1: Per-ping SNR statistics (mean ± std, in dB) using the within-ping empty-region noise
gate (2.1–2.6 m).

Group EK80 Target SNR EB Down Target SNR EB Up Target SNR

A1 (Baseline) 42.7 ± 0.20 46.7 ± 0.42 46.6 ± 0.49
A1-dup (Duplicate) 42.7 ± 0.20 46.8 ± 0.51 —
A1-rep (Late repeat) 42.7 ± 0.20 46.6 ± 0.45 46.6 ± 0.44
B1 (1.0 ms pulse) 34.6 ± 0.10 45.3 ± 0.27 38.8 ± 0.12
C1 (100–140 kHz) 39.0 ± 0.11 43.4 ± 0.40 43.3 ± 0.35
D1 (No target) 13.8 ± 3.69 17.7 ± 2.55 17.9 ± 2.29
P1-lo (Low power) 42.7 ± 0.20 45.3 ± 1.17 45.5 ± 1.02
P1-mid (Medium power) 42.7 ± 0.18 46.6 ± 0.45 46.6 ± 0.44
P1-hi (High power) 42.7 ± 0.15 47.0 ± 1.18 43.0 ± 0.58

Figure C.6: Per-group SNR distributions using the empty water-column region (2.1–2.6 m) as
within-ping noise reference.
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C.4 Absolute TS(f ) Comparison and Calibration Validation

The EK80 calibration pipeline was validated against the Simrad EK80 desktop software. For 15-ping
TS@120 kHz comparison, the pipeline tracked the software read-by-read with a residual standard
deviation of 0.013 dB and a mean offset of −0.54 dB. For 5-ping detailed TS( 𝑓 ) comparison across
9 frequencies, the mean residual was +0.02 dB (std 2.56 dB).

The calibrated EK80 TS( 𝑓 ) agrees with the NOAA theoretical curve to+2.4 dB at 120 kHz. EchoBot’s
uncalibrated TS( 𝑓 ) is offset by approximately +37 dB, representing the unknown electronics gain
constant.

Figure C.7: EK80 pipeline calibration validated against the EK80 desktop software. (a) TS at
120 kHz for 15 pings. (b) Per-ping TS( 𝑓 ) at 10 frequencies.

C.5 EK80 Spectral TS(f ) Pipeline: Detailed Implementation

The chirp replica was constructed by generating a linear FM sweep at the receiver sample rate
(1500 kHz), applying a Hanning edge taper, and passing through the WBT (47-tap, 8× decimation)
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Figure C.8: A1 baseline TS( 𝑓 ) for EchoBot (uncalibrated, blue), EK80 (calibrated, red), and NOAA
theoretical reference (black dashed). The ∼37 dB offset represents the unknown EchoBot electronics
gain constant.

and PC (91-tap, 2× decimation) filter chains extracted from the raw file, yielding a 96-sample
complex baseband chirp replica at 93.75 kHz.

Pulse compression was performed by convolving each ping’s mean-beam I/Q data with the time-
reversed complex conjugate of the chirp replica, normalised by the chirp energy:

pc[𝑛] = 1
∥txfilt∥2

∑︁
𝑚

𝑥beam [𝑚] conj
(︁
mf [𝑚 − 𝑛]

)︁
(C.1)

where ∥txfilt∥2 = 44.24. An aliasing-aware frequency mapping was applied:

𝑓actual = 𝑓baseband + 𝑘 𝑓𝑠,eff (C.2)

The absolute TS( 𝑓 ) was computed via the full sonar equation:

TS( 𝑓 ) = 10 log10
��𝐻 ( 𝑓 )

��2 + 20 log10
(︁
∥txfilt∥2)︁ + 𝑍dB

+ 40 log10(𝑅) + 2𝛼𝑅 − 10 log10

(︃
𝜆( 𝑓 )2 𝑃tx

16𝜋2

)︃ (C.3)

where the impedance/beam correction is

𝑍dB = 10 log10

(︃
𝑁beams

8

)︃
+ 20 log10

(︃
|𝑧𝑒𝑟 + 𝑧𝑒𝑡 |

𝑧𝑒𝑟

)︃
− 10 log10(𝑧𝑒𝑡) (C.4)
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𝑅 is range, 𝛼 = 0.04 dB/m is the absorption coefficient, 𝜆( 𝑓 ) = 𝑐/ 𝑓 is the wavelength, 𝑃tx = 60 W
is the transmit power, and 𝐺 = 18.0 dB is the transducer gain.
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