
       
    
     
    

   

             
            

           
             

           
             

               
 

  

              
            

               
            

           
            

               
              

                
            

           
              

           
           
           

               
            

             
           

            
             

 

A predictive model of discarded catch that 
leverages self-reporting and electronic 

monitoring on commercial fshing vessels 
Daniel W. Linden, NOAA/NMFS/GARFO 

9 September 2021 

Summary: Here we present a modeling framework to correct for biases in self-reporting 
and leverage electronic monitoring to generate accurate estimation of discarded catch. Using 
video-reviewed data collected from vessels in the Northeast Multispecies (groundfsh) fshery 
equipped with electronic monitoring (EM) systems, we ft generalized linear mixed models to 
leverage the strong covariance between self-reported and EM-reviewed discards to estimate 
total discarded catch of 12 species during 4 fshing seasons (2017–2020). The framework 
presented could be used as a basis for determining minimum review rates in EM monitoring 
programs. 

1. Introduction 

Estimation of total catch in a commercial fshery is important for stock assessment and 
efective management decision-making. A primary challenge of catch estimation lies in the 
largely unknown portion of catch that is discarded at sea rather than retained. Catch can 
be discarded for multiple reasons related to regulatory compliance (e.g., species and/or 
size retention prohibited) and non-compliance (e.g., illegal actions incentivized by quota 
limitations). While the retained portion is recorded by multiple information streams, discard 
estimation typically relies on a sampling of trips that carry a human at-sea observer. Low 
sampling rates may still achieve adequate precision (e.g., coefcients of variation < 30%) but 
rely on a random selection to ensure a representative sample, as with any survey design. In 
the absence of representative samples, estimators of discarded catch will be biased. 

Amendment 23 of the Northeast Multispecies (i.e., groundfsh) Fishery Management Plan 
(FMP) seeks to improve the reliability and accountability of catch reporting in the commercial 
groundfsh industry. Justifcation for the amendment came from evidence that current 
monitoring approaches fail to adequately ensure compliance with regulations and may 
incentivize behavior that degrades the accuracy of catch estimation; evidence included 
diferences in vessel fshing activity related to the presence/absence of a human observer on a 
given trip (i.e., observer bias). The proposed solutions involve increased and/or enhanced 
monitoring that maximizes the value of collected information while minimizing costs to the 
industry and the National Marine Fisheries Service (NMFS). Electronic monitoring (EM) 
systems provide opportunities for unbiased estimation of catch by combining 100% video 
surveillance of vessel fshing efort with a random selection of video reviewing, removing 
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the opportunity for observer bias. Pilot programs in the Northeast have suggested that 
consistent catch handling and self-reporting by vessels can allow for low (~20%) video review 
rates, enabling a framework of monitoring that achieves the intended goals and objectives of 
Amendment 23. 

Here, we explore a modeling approach that leverages Vessel Trip Reports (VTRs) with EM 
video review to generate accurate estimation of groundfsh discards on EM vessels. We ft 
and compared multiple generalized linear mixed and delta/hurdle models to estimate the 
relationship between EM-reviewed discards and VTR-reported discards: 

E(dEM) = f(dVTR + . . . ) 

The models accommodated nuances of the data in several ways (e.g., zero infation) and 
variation according to groundfsh species, vessel attributes, and changes in data availability 
across the fshing seasons. We used data from 4 fshing seasons (2017–2020) on EM trips that 
were fully reviewed with discards quantifed by both sources. The data were sub-sampled 
to explore review rates <100% and to identify thresholds of reasonable precision, which 
depended on the model structure used. This modeling framework could be used for setting 
review rates and estimating accurate discards for groundfsh EM vessels during FY2021 and 
beyond. 

2. Data 

The data come from a collection of commercial groundfsh vessels that voluntarily participated 
under exempted fshing permits from as early as 2016. The vessels were equipped with 
electronic monitoring systems that provided video from multiple cameras positioned to record 
relevant fshing activity on-board, including a clear and direct view of a measuring strip for 
discarded groundfsh species. While the full details of discard estimation using EM systems 
are beyond the scope of this analysis, previous work has indicated a close correspondence 
between measurements taken by human at-sea observers and EM system reviews when vessels 
follow approved catch-handling protocols. We assumed EM-reviewed discard estimates were 
representative of actual discard quantities. Simultaneously, vessel captains were tasked with 
recording their own independent estimates of the pounds discarded per species and unit of 
efort recorded. While units of efort were gear specifc in defnition (i.e., hauls), for the 
purposes of this analysis discard quantities were compared at the unit of sub-trips: efort by 
a single gear/mesh combination in a single NMFS statistical area (i.e., grouped locations 
in the ocean used for stock delineation). Sub-trip level reporting is a common practice for 
fsheries in the Greater Atlantic region of the United States. 

For this analysis, we used data from 2,593 hauls across 801 sub-trips by 23 vessels during 
2017–2021. More than half of the efort came from bottom otter trawls (59%), a quarter from 
sink gillnets (25%) and the remaining efort was split between bottom longlines (8%) and 
handlines (8%). Efort from participants was variable across the 4 fshing seasons (1 May to 
30 April), and review rates decreased from 100% to 50% of trips in 2019, resulting in the 
most sub-trips and hauls coming from the 2018 season (Table 1). 

We assessed discard reporting for 12 of the 13 species in the FMP (Table 2), leaving out 
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Table 1: Efort from groundfsh EM vessels that was fully video reviewed 
during fshing years 2017–2020, with resulting total quantities (mt) of 
discards reported by video review and Vessel Trip Reports. 

FY n.vessels n.subtrips n.haul d_EM d_VTR 

2017 11 173 565 14.35 11.67 
2018 15 298 865 12.29 10.15 
2019 15 143 486 7.19 6.82 
2020 14 187 677 11.11 10.47 

Table 2: Species from the Northeast Multispecies (groundfsh) Fishery 
Management Plan used to compare EM to VTR reporting. Species 
codes are used on VTRs, with some species using abbrevations derived 
by other names. 

Species code Common name Genus species Other name 

CAT Atlantic wolfsh Anarhichas lupus catfsh 
COD Atlantic cod Gadus morhua 
FLBB Winter founder Pseudopleuronectes americanus black back 
FLDAB American plaice Hippoglossoides platessoides dab 
FLGS Witch founder Glyptocephalus cynoglossus grey sole 
FLSD Windowpane founder Scophthalmus aquosus sand dab 
FLYT Yellowtail founder Limanda ferruginea 
HADD Haddock Melanogrammus aeglefnus 
HAL Atlantic halibut Hippoglossus hippoglossus 
POLL Atlantic pollock Pollachius virens 
POUT Ocean pout Zoarces americanus 
RED Acadian redfsh Sebastes fasciatus 

white hake (Urophycis tenuis) due to challenges with identifcation between this and other 
hake species on cameras. For each unit of efort, there existed a value in pounds for all 12 
species as reported by each source, whether EM or VTR. Comparisons of the total cumulative 
discards by each source indicated variable correspondence across species and fshing years 
(Fig. 1). The relationship between VTR and EM was strong for most species (Fig. 2) and 
vessels (Fig. 3), with variable rates of omission and commission. Assuming EM values were 
“truth,” omission occurred when vessels reported 0 for a species that had values >0 according 
to EM; commission occurred when vessels reported >0 for a species that had values = 0 
according to EM. 
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3. Modeling 

3.1 Model ftting to the full data 

We built several versions of generalized linear mixed models (GLMMs) (Venables and 
Dichmont 2004) to estimate the relationship between self-reported VTR values and EM 
estimates of discards per species while capturing relevant variation during the full time period 
(2017–2020) to facilitate accurate prediction. One challenge with these data was the presence 
of many zeros, most of which were warranted under conditions where no fsh of a given species 
were caught. Omissions make it difcult to separate trip records into defnitive categories 
of “caught” vs. “not caught” for a given species using only the VTR (i.e., trips without 
EM review), thus requiring models to accommodate the uncertainty for predictions under 
monitoring designs with <100% EM review. 

The frst model we ft was a gamma hurdle model, or delta-model (Thorson 2018), com-
monly used in fsheries applications to separate the process of encountering a species (i.e., 
presence/absence) from the expected biomass given encounter: 

I(dEM,i > 0) ∼ Bernoulli(pi) 

logit(pi) = αt,s + βv[i]I(dV T R,i > 0) 

dEM,i|(dEM,i > 0) ∼ Gamma(k, 1/θi) 
∗ log(1/θi) = α ∗ 

s + βv[i]log(dV T R,i + 1) 

Here, the α terms refer to the year-specifc species-level random efects, while the β terms refer 
to vessel-level random intercepts and slopes for each discard observation i. We distinguish 
model coefcients for encounter probability (α, β) from those for positive pounds of discards 
(α∗, β∗) noting that each set uses the same covariates. The Gamma likelihood estimates a 
shape (k) and a rate or scale (1/rate); here we denote the rate 1/θi to avoid confusion with 
the β terms in the linear models. 

The second model was a zero-infated Poisson (ZIP) regression which was intended to model 
the excess zeros but with a diferent probability structure than the gamma hurdle model. 
Note also that for the ZIP model, integer values for pounds of discarded fsh were required 
for modeling the dependent variable as a discrete random variable. We do not reproduce the 
mixture distribution of a standard ZIP model here but simply illustrate the GLMMs for each 
component: 

Pr(Y = 0) = πi + (1 − πi)e −λi 

Pr(Y = dEM,i) = (1 − πi)
λdEM,i e−λi 

, dEM,i = 1, 2, 3, ... 
dEM,i! 

logit(πi) = αt,s + βv[i]I(dV T R,i > 0) 
∗ log(λi) = α ∗ 

s + βv[i]log(dV T R,i + 1) 
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Here, the probability of extra zeros (πi) and expected count (λi) for each discard observation i 
are a function of covariates similar to the gamma hurdle model, with year-specifc species-level 
random efects (α) and vessel-level random intercepts and slopes (β). 

Finally, we proposed a simpler Poisson regression recognizing that most zeros would be 
structural in the sense that if dV T R,i = 0 then E(dEM,i) ≈ 0. This model was identical to 
ZIP model for rate parameter λ, the expected count: 

dEM,i ∼ P oisson(λi) 
∗ log(λi) = α ∗ 

s + βv[i]log(dV T R,i + 1) 

We ft the models in R (R Core Team 2021) using brms (Bürkner 2017), which fts the models 
using Markov-chain Monte Carlo methods with Stan (Stan Development Team 2021). We 
also evaluated model ft using DHARMa (Hartig 2021) and compared models with Bayesian R2 

values (Vehtari, Gelman, and Gabry 2017; Gelman et al. 2019). All models were ft using 
default vague prior distributions and 3 chains of 2,000 iterations, which was sufcient for 
model convergence. 

3.2 Model ftting results 

Full results of the models can be found in Supplement 1. Model comparisons indicated 
the simpler Poisson regression had the most explanatory power of the 3 models (Table 3). 
Diagnostics suggested some lack of ft for every model, including over-dispersion; both the 
Gamma hurdle and ZIP models adequately accommodated zero-infation while the Poisson 
model did not. We chose to further explore the Poisson model given its potential predictive 
power and simpler structure. 

Table 3: Measures of model ft, including Bayesian R2 and Leave-one-out 
(LOO) adjusted R2 for each of the 3 models ft to groundfsh discard 
data from EM vessels during 2017–2020. 

Model R2 type Estimate Error Q2.5 Q97.5 

hurdle Gamma 
hurdle Gamma 

Bayesian 
LOO 

0.7141 
0.5782 

0.0296 
0.0589 

0.6551 
0.4462 

0.7648 
0.6759 

ZIP 
ZIP 

Bayesian 
LOO 

0.8728 
0.8768 

0.0032 
0.0180 

0.8657 
0.8359 

0.8783 
0.9072 

Poisson 
Poisson 

Bayesian 
LOO 

0.9121 
0.8967 

0.0007 
0.0178 

0.9106 
0.8570 

0.9134 
0.9272 

3.3 Review rates and bias/variance tradeofs across fshing years 

To examine how a predictive model would work during a given fshing year under <100% 
video review, we split the observations in each year between training and test sets. The 
training set represented those trips that were randomly selected for review and upon which a 
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Poisson model of discards would be estimated, while the testing set allowed a comparison of 
predictions to truth. 

We tested two formulations of the Poisson discard model: 1) random intercepts for both 
species and vessels, and 2) random intercepts for species only. More complicated models could 
not be adequately ft at low review rates and/or resulted in high variances. The review rates 
ranged from 10% to 50% and we examined 1,000 replications of random trip selection for 
each rate in each fshing year. For each combination, GLMMs were ft in R using maximum 
likelihood estimation. We calculated the relative bias and the coefcients of variation (CV) 
across replications; the former was also calculated for VTR-based estimates where EM discard 
values simply replaced VTR discard values for those trips that were reviewed. 

Simulation results indicated unbiased estimation for most species and years, particularly for 
review rates >25%, with higher uncertainty for the “species + vessel” efects model (Fig. 7) 
compared to the species efects only model (Fig. 8). Both models exhibited less bias overall 
than the VTR-based estimates (Fig. 9), though some species and year combinations achieved 
low bias even at relatively low review rates. The CVs for each species were variable across 
years and higher on average for the “species + vessel” efects model (Fig. 10) compared to 
the species efects only model (Fig. 11). The lowest review rate that could achieve a CV of 
30% for all species (a common NMFS standard) was 35% in FY2020. 

4. Discussion 

The analyses presented here indicate that bias in self-reporting could potentially be corrected 
using a model-based framework to facilitate EM review rates lower than 50%. Further eforts 
are required to understand whether additional modeling structure is necessary or preferred 
to optimize review rate selection, how models can be chosen to accommodate all groundfsh 
species, and what role vessel-level variability may play in model performance. 

The primary challenge in the modeling efort is accommodating errors of omission, where a 
vessel fails to report discards for a given species despite >0 catch estimated by EM review. 
Given the voluntary participation by vessels in the EM programs and the generally excellent 
reporting accuracy, these omissions are likely unintentional mistakes. In some cases, a species 
was completely unreported (e.g., F/V DIPPER and halibut; Fig. 3), which may represent 
an easy to fx misunderstanding. Likewise, a vessel that normally reports accurately but 
was observed to have several large omissions (e.g., F/V PELICAN and sand dabs; Fig. 
3) can result in high model uncertainty at low review rates (e.g., sand dabs in 2018; Fig. 
10). One attraction of the EM program to participants is the high level of self control over 
the estimation of discarded groundfsh catch (as opposed to naive ratio estimators applied 
to landed catch), making vessel-specifc estimation an important objective. Model results 
indicated higher uncertainty when vessel efects were included, but opportunities to drive 
review rates by vessel performance could be a solution to incentivize participation. 

Other approaches to estimation could involve using previous year’s performance to guide 
a current year’s estimation, particularly in-season when sample sizes are low. Preliminary 
examination into such techniques did not appear to improve estimation uncertainty (results 
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not shown). Further work is necessary to determine how best to improve in-season estimation 
using available data. 
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Figure 1: Cumulative discarded catch of 12 groundfsh species during 
fshing years 2017–2020, as recorded by electronic monitoring (EM) 
review and vessel trip reports (VTRs). Species codes: Table 2. 
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Figure 2: Estimated values of discarded catch (log10 transformed after 
adding 1) for 12 groundfsh species during fshing years 2017–2020, as 
recorded by electronic monitoring (EM) review and vessel trip reports 
(VTRs). Note: 75% of total data points are at the origins (i.e., no 
discards reported by either source). Species codes: Table 2. 
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Figure 3: Estimated values of discarded catch (log10 transformed after 
adding 1) for 12 groundfsh species during fshing years 2017–2020 across 
23 vessels, as recorded by electronic monitoring (EM) review and vessel 
trip reports (VTRs). Note: 75% of total data points are at the origins 
(i.e., no discards reported by either source). Vessel names randomly 
assigned to protect identity. Species codes: Table 2. 
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Figure 4: Model predictions of discards vs. observed values from EM 
(log10 transformed after adding 1) from the Gamma hurdle model. 
Predictions represent median of the posterior distribution. 
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Figure 5: Model predictions of discards vs. observed values from EM 
(log10 transformed after adding 1) from the zero-infated Poisson model. 
Predictions represent median of the posterior distribution. 
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Figure 6: Model predictions of discards vs. observed values from EM 
(log10 transformed after adding 1) from the Poisson model. Predictions 
represent median of the posterior distribution. 
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Figure 7: Relative bias from predictions using the Poisson discard model 
with species and vessel random efects. Species codes: Table 2. 
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Figure 8: Relative bias from predictions using the Poisson discard model 
with species random efects (no vessel). Species codes: Table 2. 
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Figure 9: Relative bias from using VTR-based estimates and no model 
for discard estimation. Species codes: Table 2. 
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Figure 10: Coefcients of variation from predictions using the Poisson 
discard model with species and vessel random efects. Species codes: 
Table 2. Gray dashed line represents 30% CV performance standard. 
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Figure 11: Coefcients of variation from predictions using the Poisson 
discard model with species random efects (no vessel). Species codes: 
Table 2. Gray dashed line represents 30% CV performance standard. 
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Supplement 1 - Parameter estimates from the models used to pre-
dicting discards from VTR records 

Estimates presented from the parameters package (Lüdecke et al. 2020). 

1) Gamma hurdle model 

## # Fixed effects 
## 
## Parameter | Median | 89% CI 
## -------------------------------------------
## (Intercept) | 0.70 | [ 0.22, 1.12] 
## hu_Intercept | 2.51 | [ 1.97, 3.01] 
## log_EVTR_DISCARD | 0.78 | [ 0.69, 0.88] 
## hu_EVTR_DISCARD01 | -5.87 | [-6.54, -5.23] 
## 
## # Fixed effects distributional 
## 
## Parameter | Median | 89% CI 
## ---------------------------------
## shape | 0.81 | [0.78, 0.85] 
## 
## # Random effects SD/Cor: PERMIT 
## 
## Parameter | Median | 89% CI 
## ----------------------------------------------------------
## (Intercept) | 0.61 | [ 0.44, 0.80] 
## log_EVTR_DISCARD | 0.23 | [ 0.17, 0.31] 
## hu_Intercept | 1.08 | [ 0.78, 1.40] 
## hu_EVTR_DISCARD01 | 1.55 | [ 1.05, 2.11] 
## Intercept ~ log_EVTR_DISCARD | -0.86 | [-0.96, -0.72] 
## hu_Intercept ~ hu_EVTR_DISCARD01 | -0.68 | [-0.92, -0.38] 
## 
## # Random effects SD/Cor: SPECIES_ID 
## 
## Parameter | Median | 89% CI 
## ------------------------------------------------------------------
## (Intercept) | 0.77 | [ 0.51, 1.07] 
## hu_Intercept | 0.51 | [ 0.23, 0.83] 
## hu_FISHING_YEAR2018 | 0.43 | [ 0.06, 0.74] 
## hu_FISHING_YEAR2019 | 0.70 | [ 0.33, 1.10] 
## hu_FISHING_YEAR2020 | 0.85 | [ 0.39, 1.42] 
## hu_Intercept ~ hu_FISHING_YEAR2018 | -0.56 | [-0.97, 0.04] 
## hu_Intercept ~ hu_FISHING_YEAR2019 | 0.20 | [-0.37, 0.75] 
## hu_FISHING_YEAR2018 ~ hu_FISHING_YEAR2019 | 0.11 | [-0.50, 0.69] 
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## hu_Intercept ~ hu_FISHING_YEAR2020 | 0.05 | [-0.53, 0.62] 
## hu_FISHING_YEAR2018 ~ hu_FISHING_YEAR2020 | -0.33 | [-0.87, 0.22] 
## hu_FISHING_YEAR2019 ~ hu_FISHING_YEAR2020 | -0.22 | [-0.75, 0.29] 

2) Zero-infated Poisson model 

## # Fixed effects (conditional) 
## 
## Parameter | Median | 89% CI 
## ----------------------------------------
## (Intercept) | 0.84 | [0.53, 1.23] 
## log_EVTR_DISCARD | 0.78 | [0.71, 0.86] 
## 
## # Fixed effects (zero-inflated) 
## 
## Parameter | Median | 89% CI 
## ----------------------------------------
## (Intercept) | 3.18 | [ 2.60, 3.75] 
## EVTR_DISCARD01 | -6.14 | [-6.91, -5.37] 
## 
## # Random effects (conditional) SD/Cor: PERMIT 
## 
## Parameter | Median | 89% CI 
## ------------------------------------------------------
## (Intercept) | 0.87 | [ 0.67, 1.13] 
## log_EVTR_DISCARD | 0.20 | [ 0.15, 0.26] 
## Intercept ~ log_EVTR_DISCARD | -0.86 | [-0.95, -0.75] 
## 
## # Random effects (zero-inflated) SD/Cor: PERMIT 
## 
## Parameter | Median | 89% CI 
## ----------------------------------------------------------
## (Intercept) | 0.83 | [ 0.60, 1.12] 
## zi_EVTR_DISCARD01 | 1.71 | [ 1.15, 2.37] 
## zi_Intercept ~ zi_EVTR_DISCARD01 | -0.47 | [-0.81, -0.10] 
## 
## # Random effects (conditional) SD/Cor: SPECIES_ID 
## 
## Parameter | Median | 89% CI 
## -----------------------------------
## (Intercept) | 0.31 | [0.20, 0.42] 
## 
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## # Random effects (zero-inflated) SD/Cor: SPECIES_ID 
## 
## Parameter | Median | 89% CI 
## ---------------------------------------------------------------------
## (Intercept) | 0.90 | [ 0.55, 1.30] 
## zi_FISHING_YEAR2018 | 0.17 | [ 0.00, 0.41] 
## zi_FISHING_YEAR2019 | 0.87 | [ 0.37, 1.39] 
## zi_FISHING_YEAR2020 | 0.40 | [ 0.00, 0.79] 
## zi_Intercept ~ zi_FISHING_YEAR2018 | -0.20 | [-0.89, 0.52] 
## zi_Intercept ~ zi_FISHING_YEAR2019 | 0.05 | [-0.48, 0.53] 
## zi_FISHING_YEAR2018 ~ zi_FISHING_YEAR2019 | -8.52e-03 | [-0.73, 0.66] 
## zi_Intercept ~ zi_FISHING_YEAR2020 | -0.16 | [-0.75, 0.46] 
## zi_FISHING_YEAR2018 ~ zi_FISHING_YEAR2020 | 0.06 | [-0.65, 0.75] 
## zi_FISHING_YEAR2019 ~ zi_FISHING_YEAR2020 | 0.11 | [-0.53, 0.76] 

3) Poisson model 

## # Fixed effects 
## 
## Parameter | Median | 89% CI 
## ------------------------------------------
## (Intercept) | -1.23 | [-1.78, -0.63] 
## log_EVTR_DISCARD | 1.22 | [ 1.09, 1.37] 
## FISHING_YEAR2018 | 0.39 | [ 0.10, 0.65] 
## FISHING_YEAR2019 | 0.11 | [-0.08, 0.30] 
## FISHING_YEAR2020 | 0.57 | [ 0.16, 1.02] 
## 
## # Random effects SD/Cor: PERMIT 
## 
## Parameter | Median | 89% CI 
## ------------------------------------------------------
## (Intercept) | 1.07 | [ 0.79, 1.38] 
## log_EVTR_DISCARD | 0.37 | [ 0.27, 0.48] 
## Intercept ~ log_EVTR_DISCARD | -0.87 | [-0.95, -0.76] 
## 
## # Random effects SD/Cor: SPECIES_ID 
## 
## Parameter | Median | 89% CI 
## -------------------------------------------------------------
## (Intercept) | 0.96 | [ 0.71, 1.28] 
## FISHING_YEAR2018 | 0.58 | [ 0.39, 0.81] 
## FISHING_YEAR2019 | 0.38 | [ 0.24, 0.55] 
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## FISHING_YEAR2020 | 
## Intercept ~ FISHING_YEAR2018 | 
## Intercept ~ FISHING_YEAR2019 | 
## FISHING_YEAR2018 ~ FISHING_YEAR2019 | 
## Intercept ~ FISHING_YEAR2020 | 
## FISHING_YEAR2018 ~ FISHING_YEAR2020 | 
## FISHING_YEAR2019 ~ FISHING_YEAR2020 | 

0.92 | [ 0.67, 1.22] 
-0.87 | [-0.98, -0.72] 
-0.41 | [-0.80, -0.03] 
0.36 | [-0.08, 0.78] 

-0.88 | [-0.98, -0.72] 
0.80 | [ 0.59, 0.95] 
0.41 | [ 0.01, 0.79] 
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