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1.0 EXECUTIVE SUMMARY  

Project title: Improving automated detection of scallops and flounder in optical surveys with 

stereo detection methods 

Year awarded: 2019 

RSA priorities addressed by this research: Scallop RSA High Priority #1 – Survey Related 

Research and Scallop RSA General Research Priority #5 – Bycatch Research 

Industry partners: F/V Kathy Marie (HabCam surveys) 

This goal of this project is to improve automated detection of scallops and flounder using depth 

disparity information available from the stereo image pairs taken during optical surveys. It 

contributes to a broader NOAA Automated Image Analysis Strategic Initiative to support 

development of the Video and Image Analytics for Marine Environments (VIAME), an open-

source system for analysis of underwater imagery that is being developed by Kitware, Inc.  

Annotating images is the most time-consuming 

part of generating reliable biomass estimates from 

optical surveys. To count live scallops or flounder, 

human or automated annotators must differentiate 

between live vs dead scallops and identify 

camouflaged or partially buried flounder. To 

accurately measure animals that could be resting 

or swimming off bottom, determining their height 

off the seafloor is critical. Use of stereo imagery, 

commonly collected during optical surveys, might 

address all of these issues and could significantly 

improve automated detection.  

All annotated scallop and flounder imagery 

collected during the 2017-2019 HabCam surveys 

conducted by Coonamessett Farm Foundation 

(CFF) were sent to Kitware. In addition, images 

from the 2019 survey with flounder, dead scallops, 

clappers, or swimming scallops were aggregated 

and annotated specifically for this project. In total, 

we sent 8,048 jpgs and 8,048 paired stereo image 

tifs with accompanying annotation data for all the 

images. This CFF image data was combined with 

data from the NEFSC 2015 HabCam survey. 

To date, Kitware has tested a range of detectors for 

scallops and flounders using three-channel Red Green Blue (RGB) images and images with 

depth disparity information incorporated (RGBD images) including:  

Figure 1. (A) Early vs late fusion of depth 

disparity information. Adapted from Li et 

al. 2017. (B) Example of improved 

flounder detection with late depth fusion.  
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1) Cascade Faster - Region Convolutional Neural Networks (RCNN) 

2) Cascade Mask Faster-RCNN (pixel-level classification) 

3) You-Only-Look-Once (YOLO) v2, v3, and v4 

4) Low-shot Support Vector Machine (SVM) learning on deep features 

5) Early fusion Cascade Faster-RCNN classifiers combining RGB and depth information 

6) Late fusion Cascade Faster-RCNN classifiers combining RGB and depth information 

(Figure 1) 

7) Fine-tuning of Cascade Faster-RCNN classifiers (RGB) with secondary chips 

8) Secondary training of multi-class Cascade Faster-RCNN classifiers (RGB) to a single 

class  

The work funded by the 2019 RSA project focused on models developed using the last four types 

of detectors, specifically models that incorporated depth disparity information and models that 

were tested as alternative methods for improving scallop category classifications and flounder 

detections.  

2.0 PRELIMINARY RESULTS AND DISCUSSION 

(1) Objective 1:  improve detection of scallops and differentiate between live, dead, and 

swimming scallops.  

Scallop subcategory classification (live, dead, swimming, and clapper) still needs improvement, 

and inclusion of stereo depth disparity information did not result in significantly more accurate 

classifications as expected (Table 1 and Figure 2). We hypothesize that there were only slight 

improvements in swimming scallop vs live on-bottom scallop classifications because automated 

detectors may effectively utilize the same visual cues, like shadows, that human annotators use to 

identify swimming scallops vs live scallops on the bottom in single images. Even though 

clappers have wider gape distances than live scallops, clapper vs live scallop classifications may 

not have improved because other characteristics like orientation in the sediment may vary 

significantly and the gape may not be visible. This issue is compounded by small sample sizes 

for swimming scallops and clapper annotations relative to live scallops. 

Table 1. Summary of model average precision (mAP) results (model type as indicated vs models 

using just RGB images with no fine tuning). Maximum increases in mAP values are shown in 

bold red. 

Model type Live scallops 
Swimming 

scallops 
Clappers Flounder 

Early fusion of depth 

information 
-0.004 0.04 -0.02 -0.04 

Late fusion of depth 

information 
0.04 0.05 NA 0.03 

Fine tuning with secondary 

chips 
-0.05 0.10 0.20 0.04 

Secondary training multi- to 

single class 
-0.002 NA NA 0.09 
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2) Objective 2: detect and count flounder, fish that 

are difficult to reliably distinguish due to their 

camouflage abilities, changing body patterns, and 

tendency to bury themselves in sandy substrates. 

Including depth disparity information from stereo 

images did not improve detection of flounder as 

much as expected (Table 1 and Figure 2). We 

hypothesize that inclusion of depth map 

characteristics did not improve flounder detection 

models more than fine tuning because the location 

of flounder relative to the sediment surface is not 

consistent. This issue is compounded by small 

sample sizes for flounder annotations relative to 

live scallops.  

3.0 SPECIAL COMMENTS 

Background regions were often mistaken for both scallops and flounder (Figure 2). One 

objective of our new 2021-2022 Scallop RSA grant focuses on improving automated 

classification of benthic habitats in HabCam imagery. This should reduce the number of 

mistaken classifications of background regions as target organisms. It will also lead to better use 

of image databases for delving into questions about ecology and habitat changes.  
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Figure 2. Confusion matrices showing 

the performance of the RGB vs. RGBD 

early fusion detectors for classifying (A) 

live scallops, swimming scallops, and 

clappers and (B) flounder, background 

regions, and live scallops. 


